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Abstract- Electricity plays an important role in our daily life
activity. Power load (power consumption) and electricity
generation in a balanced manner is very important to
minimize load shedding, and regular electricity supply
specially at the time of peak demand of electricity which is
possible only when electricity power plant should be
established in a planned way. Long-term demand forecasting
in electricity have a vital role in planning of any power plant
for regular power supply and it depends upon many factors
such as population growth, technology evolution, economic
growth, season, weather conditions and the general
randomness inherent in individual usage. It is also depends
upon the time of day, day of week, time of year, and holidays.
Overestimate of long-term demand of electricity leads to
financial wastage of investment in the generation of extra
power, and underestimate of demand leads to insufficient
power generation to fulfill the demand. To overcome from
these kinds of problem, in this paper we proposed a novel
hybrid long-term forecasting statistical approach for the
planning of hybrid power plant based smart grid. Multiple
standard long-term forecasting models have been used such as
Moving Average (MA), AutoRegressive (AR) and
AutoRegressive Moving Average (ARMA) to make a hybrid
technique without depending upon single forecasting model
which is applies in traditional long-term forecasting. We have
assumed that wind turbines, battery storage and diesel-
engines as fundamental components of the hybrid power plant.
We have considered power load and weather which can affect
performance of wind-turbine in the forecasting calculation.

Keywords- long-term  forecasting, statistical approach,
planning, smart grid, MA, AR, ARMA, hybrid power plant,
wind turbine, wind energy.

I. INTRODUCTION

Modern world fully depends upon electrical
machines and electronic gadgets and their main source of
energy is electricity. We use these devices 24x7 in the form of
electric bulb, computer, mobile phone, mixer, washing
machine, generator, motor etc. from home to office, office to
factories everywhere. Power load (power consumption) and
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electricity generation in a balance manner is very important to
minimize load shedding and smooth and regular electricity
supply. This can be possible only when electricity power
plant/grid should be established in a planned way, which is
applicable in both traditional as well as hybrid electricity
power plant/grid. Good long-term forecasting plays an vital
role for better planning to achieve smooth and efficient
electricity generation and power load balancing both in
traditional and hybrid power plants/grid.

Traditional power plants have only one kind of power
source whereas, hybrid power plants consist of multiple kinds
of power sources such as wind turbines (as shown in Fig. 1),
solar panels, tidal, wave power devices (i.e. Shoreline devices,
Nearshore devices or Offshore devices), diesel engines, power
storage etc. In planning of traditional power plant, electricity
demand forecasting is only important because it doesn’t
depend upon other factors such as climate and weather etc.
and it produces power constantly w. r. t. power load. But the
planning of hybrid power plant is difficult since we have to do
electricity demand forecasting as well as power generation
forecasting which depends upon weather; hybrid power plant
doesn’t produce power constantly w. r. t. power load as well
as it depends on other factors such as climate and weather etc.
Long-term forecasting means forecasting for long duration i.e.
several months to several years.

Long-term peak electricity demand forecasting
depends upon many factors such as population growth,
technology evolution, economic growth, season, weather
conditions and the general randomness inherent in individual
usage. It is also depends upon the time of day, day of week,
time of year, and holidays.
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Wind Plant

Fig. 1.

Long term forecasting [1], [3]-[6] has higher risk in
comparison to short-term planning and forecasting because
huge resources, capital and time is invested. Overestimate of
long-term demand of electricity leads to financial wastage of
investment in the generation of extra power, and
underestimate of demand leads to insufficient power
generation to fulfill the demand.

To overcome from these kinds of problem in this
paper, we are going to propose a hybrid long-term forecasting
statistical approach for the planning of hybrid power plant
based smart grid.

George Edward Pelham Box (British statistician) said
“Essentially, all models are wrong, but some are useful” i.e. a
model is not always best for different kind of data for
forecasting. But in our research and literature survey we found
that research scholars are focusing on a specific forecasting
model for long-term forecasting. And we also found that
mostly in research papers performance and accuracy of the
proposed long-forecasting techniques are evaluated by mean
error w. r. t. collected historical data and forecasted data but
does not focus on predicted output data accuracy which is the
main objective of any kind of forecasting.

Aim of this research is to propose a high accuracy
and high performance hybrid long-term forecasting statistical
approach for the planning of hybrid power plant based smart
grid without depending upon single forecasting model which
generally applies in traditional long-term forecasting to
achieve the goal of producing sufficient power to fulfill peak
electricity demand within the planned duration without
overestimation and underestimate.

For the achievement of the aim, our objective is to
develop/propose a hybrid long-term forecasting statistical
approach for the planning of hybrid power plant based smart
grid. We are going to use Moving Average (MA),
AutoRegressive (AR) and AutoRegressive Moving Average
(ARMA) standard and popular long-term forecasting
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techniques with double checking policy for the predicted
output data accuracy evaluation. Here, we are assuming that
wind turbines, battery storage and diesel engine as
fundamental components of the hybrid power plant. We are
considering power load and weather which can affect
performance of wind-turbine in long term forecasting
calculation.

In this paper, in we will discuss hybrid power systems
in section I, literature survey of different of research papers,
in section Il we will focus on limitations of the papers and
their solution, further in section IV we will discuss about
different methodologies and formulas which are used in the
proposed system and old standard systems. In section V
problem formulation and proposed system/technique is
discussed. After that in section VI experimental result &
discussion has been discussed then conclusion and future
scope is discussed in section VII. After that literature
references are mentioned.

Il. HYBRID POWER SYSTEMS

Hybrid Power Systems
Combine multiple sources to deliver non-intermittent
electric power

N\ Generator
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Fig.2.  Hybrid Power Systems

Hybrid power systems/plants (as shown in Fig. 2) use
a fossil fuel i.e. diesel or gas as well as renewable energy
source as a supplement such as hydro, solar, tidal, wind, wave.
Some of them combine renewable sources and battery storage
in order to achieve minimum consumption of expensive diesel
or oil. However, there is a worldwide trend for natural gas to
replace diesel and, with the substantial decline in the cost of
batteries, to employ batteries to store surplus power for later
use. PV diesel system combines a photovoltaic system with a
diesel generator. Combinations with other renewable are
possible and include wind turbines.
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I11. LITERATURE REVIEW

In literature survey we found many research scholars
are working on sustainable energy/renewable energy and long
term forecasting for the planning of electricity power plant
based on hybrid power plant.

[9] Eisa et al. in this paper we studied about lots of
statistical analyses are concerned to study the load features
and forecasting precision i.e. moving average (MA) and
probability plots of load noise. Kuwaiti electric network real
daily load data have been taken for the experiment.

[2] Gheisa et al. in this is based on understanding and
analyzing the state of art of models applied to electricity long-
term forecasts, which is to describe and concern a concise
methodology to make a systematic review on academic
articles from indexed journals.

[10] Hossein et al. in this paper, two approaches are
used for long-term load forecast which are regression method
and artificial neural network (ANN). Fuzzy sets are applied to
ANN for modeling long-term uncertainties and compared the
forecasting results with traditional methods. ISO New England
market data have been taken for the experiment.

In the literature review we observed that all research
scholars are focusing on a specific forecasting method for
long-term forecasting but the reality is "Essentially, all models
are wrong, but some are useful" said by George Edward
Pelham Box (British statistician) i.e. a model is not always
best for different kind of data and for different kind (i.e. short-
term, medium-term and long term) of forecasting. In all the
above research papers performance and accuracy of the
proposed long-term forecasting techniques are evaluated by
percentage error i.e. Mean squared error (MSE) w. r. t.
gathered historical data and forecasted data but don’t focusing
on predicted output data which the main objective of any
forecasting.

So, in this paper we are going to use multiple standard
long-term forecasting models such as Moving Average (MA),
AutoRegressive (AR) and AutoRegressive Moving Average
(ARMA) as a hybrid long-term forecasting technique without
depending upon single forecasting model which is generally
applies in traditional long-term forecasting with double
checking policy for the predicted output data accuracy
evaluation. We have considered power load and weather
which can affect performance of wind-turbine.
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IV. METHODOLOGIES

A. Calculate the dailyy wind energy output of a wind turbine
system

The wind energy (in W i.e. watt),

ie.P= pAV® 1)
Where,
P = power (in W i.e. Watt),
p = air density (in kg/m?),
A = swept area of blades (in m® given by A

= mur? where r is the radius of the blades (in m) and 7 = 3.1416
or 22/7,

V = velocity of the wind (in m/s).

Note: The amount of energy in the wind varies with
the cube of the wind speed, in other words, if the wind speed
doubles, there is eight times more energy in the wind (2°=8).
Small changes in wind speed have a large impact on the
amount of power available in the wind.

PR = Performance ratio, coefficient for losses (range
between 0.5 and 0.9, default wvalue = 0.75)
PR: PR (Performance Ratio) .

B. Calculate The Air Density

Calculate the saturation vapor pressure at dew point T, using
the formula

ie.p=6.1078* 1075T (T +237.3)] (2)

Saturation vapor pressure means that the relative humidity is
equal to 100%.

Find the actual vapor pressure, multiplying this value by the
relative humidity

ie.pv=p*RH 3)

Subtract the vapor pressure from the total air pressure to find
the pressure of dry air:

i.e.pd=p-pv 4
Input the calculated values into the following formula:

ie.p=(d/(RA*T)+@v/(Rv*T)  (5)
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Where,

pd is the pressure of dry air in hPa,

pv is the water vapor pressure in hPa,

T is the air temperature in Kelvins,

Rd is the specific gas constant for dry air equal to 287.058
J/(kg-K), and

Rvis the specific gas constant for water vapor equal to
461.495 J/(kg-K).

C. Forecasting Models

1) AR(p):Autoregressive model of order p

The default AR(#) model,

Yt:C+(D1Yt.1+. .. ..+q)th.p+St (6)
By default, all parameters in the created model object have
unknown values, and the innovation distribution is Gaussian
with constant variance.
2) MA(g):Moving Average model of order g
The default MA

Yt:CJFelSt_lJF ...... +9qst_q+st (7)

By default, all parameters in the created model object have
unknown values, and the innovation distribution is Gaussian

with constant variance.

3) ARMA (p, q):Autoregressive Moving Average model of
order (p, 9).

The ARMA(p,q) model is

yt=c+dlyt—1+...+opyt—p+et+0let—1+...+6qet-q,
(8)

where ¢t is an uncorrelated innovation process with
mean zero.
In lag operator polynomial notation, Liyt=yt—i. Define the
degree p, AR  lag  operator  polynomial ¢(L)=(1—¢1L-
....—¢pLy). Define the degreeqMA lag operator
polynomial 8(L)=(1+61L+...+6qLy). You can write the
ARMA(p,q) model as

o(L)yt=c+6(L)et. 9)
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The signs of the coefficients in the AR lag operator
polynomial, ¢(L), are opposite to the right side of Equation 1.
Fractional ARIMA: This type of models is employed when
time series exhibits long memory.

Mean squared error (MSE) or mean squared prediction error
(MSPE):

Y B
.o MSE=MSPE=="—"— (10)

V. PROPOSED SYSTEM

Long-term demand forecasting [7] in electricity have
a vital role in the planning of any power plant for regular
power supply. Long-term peak electricity demand forecasting
[8], [9] depends upon many factors such as population growth,
technology evolution, economic growth, season, weather
conditions and the general randomness inherent in individual
usage. It is also depends upon the time of day, day of week,
time of year, and holidays.

In this research we have studied about hybrid power
plant and observed its dynamic behaviour towards the nature
such as effect of the wind pressure, density, velocity etc.

So, it don’t produce electricity in constant manner
therefore additions power resources (i.e. diesel engine, power
storage or other mean of electricity etc.) are required to fulfil
shortage of electricity at night, cloudy weather and rainy
season for constant and regular power supply to prevent load-
shedding.

The uniqueness of the work is it doesn’t favour any

model in advance and its’ double accuracy checking policy in
two steps.
We have considering power load and weather which can affect
performance of wind-turbine in long term forecasting
calculation. We have assumed that wind turbines, battery
storage and diesel engine as fundamental components of the
hybrid power plant.

We have wused multiple standard long-term
forecasting models such as Moving Average (MA),
AutoRegressive (AR) and AutoRegressive Moving Average
(ARMA) as a hybrid technique without depending upon single
forecasting model which is generally applies in traditional
long-term forecasting.

A. DATA GATHERING

www.ijsart.com



1JSART - Volume 5 Issue 3 -MARCH 2019

We have gathered historical power load data in
hourly basis of Patna from “Central Load Dispatch, Bihar
State Power Holding Company Limited (or BSPHCL), also
known as Bihar State Electricity Board (BSEB), Patna, Bihar”
and historical weather data in hourly basis of Patna from
“National Renewable Energy Laboratory (NREL) website
https://maps.nrel.gov/gst-india/” of 01-Jan-2005 to 31-Dec-
2014,

B. PRE-PROCESSING

We applied pre-processing in the collected historical
data (X) for retrieving relevant data in right format for long-
term forecasting and converted the hourly historical data into
historical daily data by summation. Then divide the historical
data is into two parts for the propose technique into last 5
years i.e. 5*365+1(1 leap year in 5 years) days = 1826 days
(X12) data and remaining data from starting (X11).

Here, X=X11+X12 (no. of hours or period difference)
C. MODEL FITTING

we have applied Moving Average (MA),
AutoRegressive (AR) and AutoRegressive Moving Average
(ARMA) model one by one on pre-processed historical data
(X11) of daily weather (which effects wind turbine
performance) and power load for long-term (5 year data X11)
forecasting and estimated accuracy of the model by
calculating percentage error i.e. MEAN SQUARED ERROR
(MSE) by using equation 10 w. r. t. the predicted data of seven
days (F11) and last seven days data (X12) from historical data
which has been taken before.

D. BEST MODEL SELECTION AND FORECASTING

Select the model which has minimum Avg. of Errors
(E) and use the forecasting model to prediction the next 5
years i.e. 5*365+1(1 leap year in 5 years) days = 1826 days
(X12).

E. ESTIMATE POWER REQUIRED

Use predicted daily weather parameters (F22) for
calculating daily energy (P) which will be produce by one
wind turbine then find out, median (PMedian) and minimum
(PMin) of the daily energy (P). And assume predicted power
load daily data as daily power consumption.

Calculate the maximum of forecasted (predicted)
power load with outlier (MP1) and without (MP2) outliers
(replace values by median (PMax) which is above median
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(PMax)) and (ii) is equal to the electricity power required/peak
power load next 5 years, which is proportional to required
resources for generating sufficient power to fulfil the
electricity peak power demand.

F. RESOURCE ESTIMATION

To estimate the resources in next 5 years, divide the
MP2 by PMedian and calculate ceiling of the output to find
out Number of Wind Turbine (NWT) required in normal
condition. Subtract NWT * PMin by MP1 to find out extra
power (PExtra) will be required by generators (of capacity
PH) or other source of electricity in worse condition. For
getting the Number of Generator (NG) required is calculated
by dividing the PExtra by PH and calculate ceiling of the
output. Block diagram of the proposed technique is shown in

Fig. 3.

Fig.3.  Block diagram of the proposed technique
VI. EXPERIMENTAL RESULT AND
DISCUSSION

A. EXPERIMENTAL SETUP

For the performance and accuracy evaluation of the
proposed technique we have gathered historical power load
data in hourly basis of Patna (as shown in Table I1l) from
“Central Load Dispatch, Bihar State Power Holding Company
Limited (or BSPHCL), also known as Bihar State Electricity
Board (BSEB), Patna, Bihar” and historical weather data in
hourly basis of Patna from ‘“National Renewable Energy
Laboratory (NREL) website https://maps.nrel.gov/gst-india/”
of 01-Jan-2005 to 31-Dec-2014 (as shown in Fig. 3, Fig. 8 and
Table Il). After that the pre-processing procedure has been
applied in the collected historical data (X) for retrieving
relevant data in right format for long-term forecasting after
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that converted the hourly historical data into historical daily
data by summation. Here, it is assumed that wind turbines,
battery storage and diesel engine as fundamental components
of the hybrid power plant. Multiple standard long-term
forecasting techniques have been used in the proposed
technique such as Moving Average (MA), AutoRegressive
(AR) and AutoRegressive Moving Average (ARMA). We
have used formula (mention in equation 1) for wind energy
measurement which is produced by wind and formula
(mention in section 4.1.5 and 4.1.6) has been for estimating
power required and resource estimation respectively.

The proposed technique performance and accuracy
have been compared with other long-term forecasting
techniques i.e. AutoRegressive Integrated Moving Average
(ARMA) and Seasonal ARIMA (SARIMA) which are
proposed in MA, AR, ARMA. For the performance and
accuracy evaluation of the proposed technique data of the last
5 years (assumed as unknown data) (X12) have been taken
from historical data; and compared the data with final
predicted data (F11) which have come after the forecasting
using proposed techniqgue and MA, AR, ARMA using
percentage error i.e. MEAN SQUARED ERROR (MSE) from
equation. 10.

Here, X=X11+X12 (no. of daily or period difference). Where,
X12=F11

B. EXPERIMENTAL EVALUATION

In the literature review we observed that all research
scholars are focusing on a specific forecasting method for
long-term forecasting but the reality is "Essentially, all models
are wrong, but some are useful" said by George Edward
Pelham Box (British statistician) i.e. a model is not always
best for different kind of data and for different kind (i.e. short-
term, medium-term and long term) of forecasting. In all the
above mentioned literature review (in Chapter 2) research
papers performance and accuracy of the proposed long-
forecasting techniques are evaluated by mean error w. r. t.
gathered historical data and forecasted data but don’t focusing
on predicted output data which the main objective of any
forecasting. So, in this paper we are going to use multiple
long-term forecasting techniques such as Moving Average
(MA), AutoRegressive (AR) and AutoRegressive Moving
Average (ARMA) as a hybrid long-term forecasting technique
with double checking technique for predicted output data
accuracy evaluation.

For the purpose of comparing performance evolution
and accuracy of the proposed technique and MA, AR, ARMA
we have applied Moving Average (MA), AutoRegressive
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(AR) and AutoRegressive Moving Average (ARMA) model
one by one on pre-processed historical data (X12) of daily
weather which effects the performance of the wind turbine (as
shown in Fig. 5.3 to Fig. 5.8) and power load for long-term (5
years, F11=F12) forecasting, and estimated accuracy of the
model by calculating percentage error i.e. MEAN SQUARED
ERROR (MSE) between predicted data (F11) of seven days
and last seven days data (X12) from historical data which has
been taken before and the output is noted down.

step 1: we have applied Moving Average (MA),
AutoRegressive (AR) and AutoRegressive Moving Average
(ARMA) model one by one on pre-processed historical data
(X12) of the daily weather and power load for long-term (5
years, X12) forecasting, and estimated accuracy of the model
by calculating percentage error i.e. MEAN SQUARED
ERROR (MSE) w. r. t. the predicted data of seven days and
last seven days data (F11) from historical data which has been
taken before. (step 2) Select the model which has minimum
error and use the forecasting model to prediction the next
seven days (F22) and estimated accuracy of the model by
calculating percentage error i.e. Mean Squared Error (MSE)
w. r. t the predicted data of seven days and last seven days
data (X2) from historical data which has been taken before
and the output is noted down.

Table | results are showing that the proposed system
is giving better accuracy and performance in comparison to
MA, AR and ARMA and its showing that AR and MA model
is best Power Load and Single Wind Turbine Load data
respectively among MA, AR and ARMA.

We have used predicted daily weather parameters
(F22) for calculating daily energy (P) which will be produce
by one wind turbine then find out, median (PMedian) and
minimum (PMin) of the daily energy (P). And assume
predicted power load daily data as daily power consumption.

Calculate the maximum of forecasted (predicted)
power load with (MP1) and without (MP2) outliers (replace
values by median (PMax) which is above median (PMax)) and
(ii) is equal to the electricity power required/peak power load
next 5 years, which is proportional to required resources for
generating sufficient power to fulfil the electricity peak power
demand.
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TABLE L. MEAN SQUARED ERROR (MSE)
RESULTS
Technigues Paramstars Nl=an Squarad
Emor (MEE)

LIA PowarLoad 1.350BB7=—08
Singls Wind Turbine Load | 1.17BBET2-15

AR PowarLoad 1.352812=-08
Singla Wind TurbinaLoad | 1.1781832-15

AFMIA PowaerLoad 1.1TBRET==15
5ingls Wind Turbine Load | 1.178800=-15

Proposad tachmigua Pomwar Load Bazt | 1.352812=~08
hlodsl=AF)
5ingls Wind Turbine Load | 1.17BB672-15
(Bast hlodal=N14)

For the estimation of the resources in next 5 years,
we divided the MP2 by PMedian and calculated ceiling of the
output to find out Number of Wind Turbine (NWT) required
in normal condition. And we subtracted NWT * PMin by MP1
to find out extra power (PExtra) will be required by generators
(of capacity PH) or other source of electricity in worse
condition.  For getting the Number of Generator (NG)
required is calculated by dividing the PExtra by PH and
calculate ceiling of the output.

C. UNIQUENESS OF THE WORK

The uniqueness of the work is that it doesn’t favour any model
in advance.

D. EXPERIMENTAL RESULTS
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TABLE 1l. DAILY WEATHER DATA 2005-2014

1 10

TABLE Il1. DAILY POWER LOAD DATA
2005-2014 IN MW

1 2 3 4 5
Year Month Day PowerlLoad
1 1 1 44028e+04
2 2005 1 2 5.3466e+04
3 2005 1 3 5.4208e+04
4 2005 1 4 54264e+04
5 2005 1 5 5.4081e+04
6 2005 1 6  4.6661e+04
7 2005 1 7 47235e+04
8 2005 1 8 45511e+04
9 2005 1 9 55184e+04
10 2005 1 10 5.7307e+04
11 2005 1 11 5.8560e+04
12 2005 1 120 5.8474e+04
13 2005 1 13 5.8566e+04
14 2005 1 14 5.2355e+04
15 2005 1 15 4.8245e+04
16 2005 1 16 5.8467e+04
17 2005 1 17 5.9948e+04
18 2005 1 18  5.8795e+04
19 2005 1 19 5.7755e+04
20 2005 1 200 5.7055e+04
21 2005 1 21 5.0759e+04
22 2005 1 22 4.7386e+04
23 2005 1 23 5.8278e+04
24 2005 1 24/ 59675e+04

We have applied pre-processing to gather relevant data in right
format for long-term forecasting using ‘Matlab’.

MA
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«104 MA Forecasting
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2. Result of MA Forecasting for Power Load
3. ARIMA(0,0,80) Model (Gaussian Distribution):

Value StandardError TStatistic  PValue
Constant 47989 75.434 636.17 0
MA{80} -0.50736 0.02268 -22.371
7.6143e-111
Variance 3.6743e+07 0.00012773 2.8766e+11 O

Mean squared error (MSE) = 1.359887e+08
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Fig.4.  Result of AR Forecasting for Power Load
ARIMA(80,0,0) Model (Gaussian Distribution):

Value StandardError TStatistic
PValue
Constant 58034 1188.7 48.824 0
AR{80} -0.20903 0.024307 -8.5994
8.0111e-18
Variance  3.5687e+07 0.036631 9.7424e+08 0
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Mean squared error (MSE) = 1.352812e+08
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Fig.5.  Result of ARMA Forecasting for Power Load

ARIMA(80,0,80) Model (Gaussian Distribution):

Value StandardError TStatistic PValue
Constant 79166 2659.5 29.767
1.0298e-194
AR{80} -0.65092 0.055737 -11.678
1.6439¢e-31
MA{80} 0.54545 0.069644 7.832
4.8007e-15

Variance 4.9012e+07 0.49159 9.9701e+07 O

Mean squared error (MSE) = 1.358628e+08
BestModel = AR
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Result of MA Forecasting for Single Wind Turbine
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Fig. 6.
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ARIMA(0,0,80) Model (Gaussian Distribution):

Value StandardError TStatistic
PValue
Constant 1.4012e+07 2.8769e-11  4.8707e+17 O
MA{80} 0.12494 0.0095866 13.032
8.0156e-39
Variance 1.3536e+15 2.6106e-18 5.185e+32 0

Mean squared error (MSE) = 1.178867e+15
AR

5 %108 AR Forecasting
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Fig. 7.

ARIMA(80,0,0) Model (Gaussian Distribution):

Value StandardError TStatistic  PValue

1.3095e+07  3.9992e-11
0.095338

Constant
AR{80}
1.4103e-24
Variance

3.2743e+17 0
0.0093167 10.233

1.4095e+15 3.1479e-18 4.4776e+32 0

Mean squared error (MSE) = 1.179193e+15
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ARIMA(80,0,80) Model (Gaussian Distribution):

Value StandardError TStatistic
PValue
Constant  1.7559e+07 1.1194e-08 1.5687e+15 O
AR{80} -0.26558 0.087035 -3.0514
0.0022779
MA{80} 0.38781 0.090293 4.295
1.747e-05
Variance 1.3833e+15 1.0741e-15 1.2879e+30 0

Mean squared error (MSE) = 1.179809e+15
BestModel = MA

No.of WT =1
Extra Power Required = 72657.144622 MW
No. of Generator = 72658

VII. CONCLUSION AND UPCOMING WORK

In this paper we have studied about the value of
electricity, what is wind turbine, kinds of wind turbine,
utilisations and, its pros and cons. We also studied about
hybrid power grid, it architecture and working system. In our
study we found that long-term demand forecasting in
electricity have a vital role in good planning of hybrid power
plant for smooth and regular electricity supply especially at
the time of peak electricity demand. We have studied about
factors that affect long-term peak electricity demand
forecasting. These factors are population growth, technology
evolution, economic growth, season, weather conditions and
the general randomness inherent in individual usage. It is also
depends upon the time of day, day of week, time of year, and
holidays.
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We have seen result of wrong long-term forecasting
which may be cause of overestimate of long-term electricity
demand which will cause of substantial wasted investment in
the generation of surplus power, while an underestimate of
demand will cause of insufficient power generation and unmet
demand. For the prevention, we proposed a novel hybrid long-
term forecasting statistical approach for the planning of hybrid
power plant based smart grid.

We have wused multiple standard long-term
forecasting models such as Moving Average (MA),
AutoRegressive (AR) and AutoRegressive Moving Average
(ARMA) as a hybrid long-term forecasting technique without
depending upon single forecasting model which is generally
applies in traditional long-term forecasting. In our study we
found that the sustainable energy is a very good option for
pollution free efficient electricity production and we studied
its limitations. We have assumed that wind turbines, battery
storage and diesel engine as fundamental components of the
hybrid power plant. The proposed technique will be useful to
produce sufficient power to fulfil peak electricity demand
within planned duration. We have considered power load and
weather which can affect performance of wind-turbine in long
term forecasting calculation. In performance evaluation we
found the proposed system having better accuracy. The
proposed technique will be useful for better planning of hybrid
power plant for regular power supply within the planned
duration without overestimation and underestimate.

We have used predicted daily weather parameters
(F22) for calculating daily energy (P) which will be produce
by one wind turbine then find out, median (PMedian) and
minimum (PMin) of the daily energy (P). And assume
predicted power load daily data as daily power consumption.
Calculate the maximum of forecasted (predicted) power load
with (MP1) and without (MP2) outliers (replace values by
median (PMax) which is above median (PMax)) and (ii) is
equal to the electricity power required/peak power load next 5
years, which is proportional to required resources for
generating sufficient power to fulfil the electricity peak power
demand. For the estimation of the resources in next 5 years,
we divided the MP2 by PMedian and calculate ceiling of the
output to find out Number of Wind Turbine (NWT) required
in normal condition. And we subtracted NWT * PMin by MP1
to find out extra power (PExtra) will be required by generators
(of capacity PH) or other source of electricity in worse
condition.  For getting the Number of Generator (NG)
required is calculated by dividing the PExtra by PH and
calculate ceiling of the output.

This research work can be enhanced by taking on
other factors which can effect long-term forecasting, and by
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adding other existing and new forecasting techniques in the
proposed system.
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