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Abstract

Load forecasting is an important component for power system energy management system. Precise load forecasting helps the electric
utility to make unit commitment decisions, reduce spinning reserve capacity and schedule device maintenance plan properly and it
also reduces the generation cost and increases reliability of power systems. In this work, a fuzzy logic as well as artificial neural
network approach for short term load forecasting is attempted. Time, temperature and similar previous day load are used as the
independent variables for short term load forecasting. Based on the time, temperature and similar previous day load, fuzzy rule base
are prepared using mamdani implication, which are eventually used for the short term load forecasting. Similarly, monthly load data
along with forecasted temperature are used to train the neural network. MATLAB SIMULINK software is used here in this work. For
the short term load forecasting, load data from the specific area load dispatch center is considered.
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1. INTRODUCTION

Short term load forecasting is basically is a load predicting
system with a leading time of one hour to seven days, which is
necessary for adequate scheduling and operation of power
systems. For proper and profitable management in electrical
utilities, short-term load forecasting has lot of importance [1].

High forecasting accuracy as well as speed is the two most
vital requirements of short-term load forecasting and it is of
utmost importance to analyze the load characteristics and
identify the main factors affecting the load. In electricity
markets, the traditional load affecting factors such as season,
day type and weather, electricity price have a complicated
relationship with system load [1].

2. ARTIFICIAL INTELLEGENCE METHODS OF
SHORT TERM LOAD FORECASTING
2.1 Fuzzy Logic

Fuzzy logic based on the Boolean logic which is used for
digital circuit design and operation. In Boolean logic, the input
may be the truth value in the form of “0” and “1”. In case of
fuzzy logic, the input is related to the comparison based on
qualities. For example, we can say that a transformer load may
be “low” and “high”. Fuzzy logic allows us to deduce outputs
form inputs logically. In this sense, the fuzzy logic gives
facility to map between inputs and outputs like curve fitting.

The advantage of fuzzy logic is that there is no need of
mathematical models for mapping between inputs and outputs
and also there is no need of precise or even noise free inputs.
Based on the general rules, properly designed fuzzy logic
systems are very strong for the electrical load forecasting.
There are many situations where we require the precise
outputs. After the whole processing is done using the fuzzy
logic, the “defuzzification” is done to get the crisp outputs.
We know that power system load is influenced by many load
factors such weather, economic, social activities, and day type.
By the analysis of historical load data it is not easy to make
the accurate forecast. The use of these intelligent methods like
fuzzy logic and expert systems provide advantage on other
conventional methods. The numerical aspects and
uncertainties are suitable for the fuzzy methodology.

2.2 Artificial Neural Network

Artificial Neural Network (ANN) based on the working of our
brain. Brain basically learns from the experience. This
biological inspired method is thought to be the major
development in the computational industry. In a neural
network, the basic element which does all the process is the
neuron. These neurons get input from some source, combine
them, perform all necessary operations and put the final results
on the output.

Forecasting is based on the pattern observed from the past
event and estimates the values for the future. ANN is suitable
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for load forecasting for two reasons. First, it has been proved
that ANN is able to approximate numerically any continuous
function to be desired accuracy. In this case the ANN is seen
as multivariate, nonlinear and nonparametric methods.
Secondly, ANNs are date-driven methods, in the sense that it
is not necessary for the researcher to use tentative models and
then estimate their parameters. ANNSs are able to automatically
map the relationship between input and output; they learn this
relationship and store this learning into their parameters. [1]

3. FUZZY LOGIC METHODOLOGY FOR SHORT
TERM LOAD FORECASTING
3.1 Fuzzification

Fuzzification is the process of converting crisp numerical
values into the degrees of membership related to the
corresponding fuzzy sets. A MF will accept as its argument a
crisp value and return the degree to which that value belongs
to the fuzzy set the MF represents. In order to express the
fuzziness of data, this paper makes an arrangement of fuzzy
subsets for different inputs and outputs in complete universe
of discourse as membership functions. The relationship
between several inputs and output may be nonlinear but linear
membership functions have been used for simplicity. A
rectangular membership function is used for the inputs as well
as the output.

The two inputs taken for STLF are Time and Temperature. As
shown in figure (Fig -1) time is divided into seven triangular
membership functions which are as follows:
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Fig -1: Triangular membership function for time

Figure (Fig -2) shows temperature divided into seven
triangular membership functions which are as follows:
e Very Very Low (VVL)
Very Low (VL)
Low (L)
Normal (N)
High (H)
Very High (VH)
Very Very High (VVH)
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Fig -2: Triangular membership function for forecasted
temperature

Figure (Fig -3) shows similar pervious day load divided into
seventeen triangular membership functions which are from L8
to H8.

= [ [

input variable "simiar-day-oad"

Fig -3: Triangular membership function for similar pervious
day load

Figure (Fig -4) shows forecasted load (output) divided into
seventeen triangular membership functions which are from L8
to H8.
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Fig -4: Triangular membership function for forecasted load

3.2 Fuzzy Rule Base

This part is the heart of the fuzzy system. The heuristic
knowledge of the forecasted is stored in terms of “IF-THEN”
rules. It sends information to fuzzy inference system, which
evaluates the gained information to get the load forecasted
output. Some of the rules are as follows:
e If (time is MID.NIG) and (forecasted-Temperature is
VL) and (similar-day-load is H1) then (forecasted-
load is H1) (1)
o If (time is MID.NIG) and (forecasted-Temperature is
VL) and (similar-day-load is H2) then (forecasted-
load is H2) (1)
o If (time is MID.NIG) and (forecasted-Temperature is
VL) and (similar-day-load is H3) then (forecasted-
load is H3) (1)
e If (time is MID.NIG) and (forecasted-Temperature is
VL) and (similar-day-load is H4) then (forecasted-
load is H4) (1)
o If (time is MID.NIG) and (forecasted-Temperature is
L) and (similar-day-load is H1) then (forecasted-load
is H1) (1)

Similarly, 381 fuzzy rules are prepared based on the data
obtained from ALDC, Jambuva, VVadodara.

3.3 Simulation Work

H?wen’w Do

Fig -5: Simulation of short term load forecasting using fuzzy
logic in MATLAB

Figure (Fig -5) shows the simulation of fuzzy logic
methodology short term load forecasting. MATLAB is used
for the simulation purpose. As shown in the figure (Fig -5) the
input data’s as well as actual load occurred are loaded. The
input data are given to fuzzy logic controller block. In fuzzy
logic controller block “.fis” of fuzzy inference system is
loaded. Based on the rules prepared the fuzzy logic controller
give forecasted output corresponding to the input data. Then
the permanent shut down block is added. If a substation is in
working state for pervious similar day and there is a
permanent shutdown for the forecasted day, then the
megawatts supplied by the substation need to be subtracted
from the forecasted load and vice versa. Thus, final forecast of
the day is obtained. Also, the error is calculated along with the
forecasting as shown in figure (Fig -5).

Table 1 and Table 2 show the actual load, fuzzy forecasted
load and also the percentage error in the fuzzy forecasted load.
The load forecast is done for the day 8th May 2013 and 9th
May 2013 respectively.

Volume: 03 Issue: 04 | Apr-2014, Available @ http://www.ijret.org 450




IJRET: International Journal of Research in Engineering and Technology

elSSN: 2319-1163 | pISSN: 2321-7308

Table -1: Fuzzy load forecast of 8" May 2013

Table -2: Fuzzy load forecast of 9" May 2013

Time | Forecasted | Pervious | Actual Fuzzy | %Error Time | Forecasted | Pervious | Actual Fuzzy %Error
(Hrs.) | Temp. (°C) | Similar Load | Forecast (Hrs.) | Temp. (°C) Similar Load | Forecast
Day (MW) | ed Load Day Load | (MW) | ed Load
Load (MW) (MW) (MW)
(MW)
1 32 2058 1 3l 2015
2035 | 205012 | -0.714 2056 | 906068 | -0.2411
2 3l 2013 2 30 1088
2006 | 501273 | -0.316 2020 | 903306 | -0.6512
3 30 1983 3 29 1047
1989 | 198240 | 0.329 1981 | 199168 | -0.5396
4 30 1963 4 28 1023
1938 | 196311 | -1.282 1970 | 196852 | 0.0563
5 30 1933 5 27 1880
1935 | 193260 | 0.136 1945 | 192543 | 1.01495
6 29 1959 6 26 1042
1942 1 194650 | -0.252 1959 | 1986.72 | -1.4300
7 29 1902 7 27 1885
1900 | 190186 | -0.098 1928 | 192983 | -0.0797
8 31 1854 8 28 1838
1888 | 185538 | 1.754 1880 | 188322 | -0.1819
9 32 2018 9 31 2034
2013 | 9501804 | -0.282 2077 | 2077.99 | -0.0295
10 35 2077 10 34 2113
2050 | 507522 | -1.238 2159 1 914108 | 0.8151
11 37 2104 11 36 2136
2094 | »088.68 | 0.277 2145 | 917010 | -1.1640
12 39 2131 12 39 2133
2076 | 2106.62 | -1.476 2165 | 915437 | 0.4680
13 a1 2062 13 40 2036
2002 | 9039.04 | -1.884 2088 | 906540 | 1.0629
14 22 2079 14 22 2105
2050 | 9506100 | -0513 2141 | 5118:66 | 1.0650
15 43 2128 15 43 2122
2091 | 511156 | -0.960 2187 | 914467 | 1.9187
16 a4 2060 16 43 2090
2076 | 504373 | 1.5% 2160 | 919587 | 15781
17 43 2005 17 43 2030
1959 | 198310 | -1.204 2062 | 504328 | 0.9307
18 22 1980 18 42 1071
1929 | 1964.19 | -1.779 2043 | 900562 | 1.8454
19 39 1914 19 39 1957
1930 | 191587 | 0.745 2010 | 900295 | 0.3383
20 37 2014 20 36 2014 | 105
2019 | 2027.16 | -0.402 2075.03 | 1.4449
21 37 2021 21 34 205 | o7
2038.8 | 2029.61 | 0.456 2094.16 | -1.0611
22 36 1967 22 33 1989 | 107
1975 | 1999.26 | -1.213 2045.00 | 2.6956
23 34 2006 23 33 2024
2020 | 901622 | 0.187 2093 | 508589 | 0.3560
24 33 2066 24 31 2050
2100 | 508633 | 0.655 2168 | 512164 | 2.1436
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4. ANN BASED METHODOLOGY FOR SHORT
TERM LOAD FORECASTING

The basic structure of artificial neural network is show in
figure (Fig -6). As seen from the figure (Fig -6), there are
three layers: input layer, hidden layer and output layer. There
are three inputs used for short term load forecasting: time,
forecasted temperature and previous similar day load. The
number of neurons used in hidden layer is 200. The output
layer gives one output i.e. forecasted load.

Hidden Output

Fig -6: Basic structure of ANN for short term load forecasting.

Diserte,
5= 5e-03 g

ponergui

A

u
TR
L4

St it X FRRETE]
Diide
M Mulipliesion

=5 ><|

Conent % Ener

outpuf thu 9,513 mef

Actus Load
forecst hu 9.5 13 mat

AN Forecsted Load

rﬁ'

Load Cune

- -

input hu 2.5 13 mt

Input Datg

Newrl Netvot Blook

Fig -7: Simulation of short term load forecasting using ANN
in MATLAB.

Now, for the training of NN, 15 days data are used. The data
consists of time for which forecast is to be done, forecasted
temperature for that day and previous similar day load. After
the training of neural network, MATLAB simulation is
prepared as shown in figure (Fig -7). The input data are loaded

and is given to neural network block, which is trained using 15
days data of May 2013. The forecasted load using ANN can
be seen in the scope. The error is also generated and displayed
on the display.

Table 3 and Table 4 show the actual load, ANN forecasted
load and also the percentage error in the ANN forecasted load.
The load forecast is done for the day 8th May 2013 and 9th
May 2013 respectively.

Table -3: ANN Load Forecast of 8" May 2013

Time | Forecasted | Pervious | Actual ANN %Error
(Hrs.) | Temp. (°C) | Similar Load | Forecast
Day (MW) | ed Load
Load (MW)
(MwW)
1 32 2058 2035 | 1989.55 | 2.2564
2 31 2013 | 5006 | 1986.25 | 1.0025
3 30 1983 | 1g9g9 | 1973.29 | 0.7866
4 30 1963 | 1935 | 1946.63 | -0.448
5 30 1933 1935 | 1909.48 | 1.3307
6 29 1959 | q1gap | 191253 | 1.4961
7 29 1902 | 19pp | 1890.82 | 0.4818
8 31 1854 | 1ggg | 1882.93 | 0.2653
9 32 2018 2013 | 201556 | -0.150
10 35 2077 | ogsg | 2091.12 | -2.029
11 37 2104 2094 | 2110.80 | -0.778
12 39 2131 2076 | 2120.25 | -2.155
13 41 2062 | ogop | 2076.71 | -3.758
14 42 2079 | 5050 | 2079.48 | -1.417
15 43 2128 2091 | 2105.97 | -0.702
16 44 2060 2076 | 2048.30 | 1.3509
17 43 2005 | 1959 | 1996.55 | -1.905
18 42 1980 | q19p9 | 198143 | -2.704
19 39 1914 | 1939 | 1967.64 | -1.942
20 37 2014 2019 2005.89 | 0.6490
21 37 2021 2038 2004.50 | 1.6859
22 36 1967 1975 1990.80 | -0.800
23 34 2006 2020 | 2008.22 | 0.5827
24 33 2066 2100 | 2020.39 | 3.7906
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Table 4: ANN Load Forecast of 9™ May 2013

Time | Forecasted | Pervious | Actual ANN %Error
(Hrs.) | Temp. (°C) | Similar Load | Forecast
Day (MW) | ed Load
Load (MW)
(MW)

1 31 2015 2056 | 1987.43 | 3.3223
2 30 1988 2020 | 1980.90 | 1.9309
3 29 1947 1981 | 1946.05 | 1.7632
4 28 1923 1970 | 191341 | 2.8540
5 27 1880 1945 | 1906.98 | 1.9637
6 26 1942 1959 192751 | 1.5929
7 27 1885 1928 | 1912.85 | 0.8010
8 28 1838 1880 | 1901.02 | -1.1288
9 31 2034 2077 | 2036.16 | 1.9838
10 34 2113 2159 | 2110.86 | 2.2151
11 36 2136 2145 | 2120.70 | 1.1388
12 39 2133 2165 | 2120.77 | 2.0207
13 40 2036 2088 | 2046.63 | 1.9617
14 42 2105 2141 | 2098.19 | 2.0209
15 43 2122 2187 | 2104.67 | 3.7482
16 43 2090 2160 | 2070.70 | 4.1324
17 43 2030 2062 | 2011.70 | 2.4619
18 42 1971 2043 | 1981.00 | 3.0503
19 39 1957 2010 | 1986.13 | 1.1747
20 36 2014 2105 | 2009.46 | 4.5592
21 34 2025 2072 | 2013.67 | 2.8235
22 33 1989 2102 | 2008.34 | 4.4401
23 33 2024 2093 | 2014.83 | 3.7509
24 31 2050 2168 | 2023.16 | 6.6855

5. RESULTS

The results obtained from the fuzzy logic are compared with
the conventional method as well as artificial neural network of
short term load forecasting and the error is in the range of -
1.884780% to +2.695659 for fuzzy logic and in the range of -
3.7580145 to +2.552835. The load curve is plotted which is
the comparison between the actual load, fuzzy forecasted load
and artificial neural network forecasted load. Figure (Fig -8)

and figure (Fig -9) shows the load curve plot for 8th May 2013
and 9th May 2013 respectively. From the curve it is observed
that fuzzy forecasted load curve is very close to the actual load
curve.

Hourly Load Curve of 8-5-2013
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Fig -8: Hourly load curve of 8th May 2013

Hourly Load Curve of 9-5-2013
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Fig -9: Hourly load curve of 9th May 2013

6. CONCLUSIONS

In this paper fuzzy and ANN methodology for short term load
forecasting is discussed. It is concluded that using time,
temperature and similar previous day load as the inputs and by
formulating rule base of fuzzy logic using available data, load
forecasting is done with an error margin of -1.884780% to
+2.695659%, whereas in case of artificial neural network the
error margin is of -3.758015 to +2.552835. It is seen that
fuzzy logic approach gives better results as compared to
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artificial neural network. Moreover, it is also concluded that
fuzzy logic approach is very easy for the forecaster to
understand as it works on simple “IF-THEN” statements.
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