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Abstract

Power generation from renewable resources is now-a-days recognized as an necessary
basic skill to improve the operation of power system. Forecasting of the renewable energy
is the important factor. This study on renewable energy forecasting Techniques gives the
more knowledge about how the renewable energy is forecasted and how the renewable
energy is converted to the electrical power. And it tells various techniques and methods for
the forecasting of renewable energy resources. India is geographically diversified due to its
different climatic conditions and we have collected data from solar energy sources from 6
different locations.

It comprises the data collected over a period of around one year solar plant output,
solar irradiations and temperature of the PV plant. The datasets are considered for training
to supervised learning algorithms with linear and logistic regressions by considering short
term forecasting and predict immediate next day by using last 28 days data.
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1. Introduction

In this present scenario the necessity of affordable clean energy is
increasing and the source for producing this energy is can be achieved
from non-conventional resources. Because, these non-conventional sources
are becoming extinct we can see a shift towards use of these resources for
the generating the power.

Fossil fuel reserves are diminishing due to deforesting and rapid
urban planning with taking any sustainable measures and this leads to
environmental emissions and further cause’s renewable energy, climate
change, holds an growing share of the energy mix. Solar , wind, wave, and
hydro energy are dependent on the extremely unpredictable weather
patterns, so their increased penetration would result in major variations in
the power pumped into the grid that needs to be regulated. For the smooth
integration of large amounts of solar , wind, wave, and hydropower into
the grid as well as the smooth integration of large amounts of solar , wind,
wave, and hydropower into the grid, accurate, high-quality forecasts of
renewable power generation are therefore important

There is an rising global demand for oil, but also for a reduction in
environmental stress. Recently, large investments have been made in
renewable energy research worldwide. The growing demand for
environmentally-friendly energy makes the growth and production of
renewable energy a sound investment for the future.

Solar power is the form of an energy derived from the sun that is non-
conventional sources. The sun’s energy is transferred to the energy’s
thermal form. Solar energy is spread over a broad geographical area and
the cost of this energy is constant with low maintenance costs for the long-
term in the future. A detailed study is therefore very important for specific
model suitability for a specific location and climatic conditions of different
time periods.

It is explaining about the logistic regression in machine learning and
applying the statistical applications and its interpretation in machine
learning [7].

Renewable energy datasets are available in this ninja for geographical
locations parameters i.e weather, energy sources and climate [8].

It explains about the United Nations sustainable development
framework for 17 objectives and clean energy and responsible production
and consumption objectives are applicable for sustainable energy
implementation [9][10].
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This comprises of logistic regression machine learning steps and
exercise [11].

In this article, the author explained about solving big scale non linear
Continuous equations and proposed the hybrid conjugate methods that
fulfil the descent property for global convergence [13, 15].

2. Literature

Environmental emission control is due to release of harmful gasses
NOx into atmosphere becoming a major concern and an alternative source
of energy generation has become feasible solution to fulfill the energy
demand. Renewable energy (Solar and wind energy) is free and abundant
in nature [1]. The utilization of renewable sources increasing rapidly to
fulfill the global energy demand. Photo-voltaic (PV) for electricity
generation is the fastest growing energy technology since 2002,
experiencing an average annual increase of 48% [2].

The authors discussed power forecasting techniques for power plants
works on non-conventional sources and based on statistical techniques for
time series analysis and artificial neural networks and deep learning
techniques for minimizing the total operational costs of the energy sources
[3].

The authors mentioned about a day head accurate power forecasting
based on the non-conventional energy data accumulated on the utility
grids. Predicting alternative resource like solar and wind on their time
horizons requires better prediction of weather prediction variables. It is
difficult to extract the data from different relevant sources and different
models with different time horizons [4]

This article describes the hierarchical model methodology and
obtained the forecast for PV plant by using machine learning algorithms
and compared with SVR and artificial neural network techniques and also
calculated the different types of forecasting errors by using statistical
methods [5].

This article is about forecasting for wind firms extend over a region
and the authors mentioned about aggregate prediction method based on
the search similarities among present wind speed predictions for set of
locations by using its past historical data [6].

The data from a PV plant comprises of hourly data on solar power
generation, temperature, and diffuse and direct irradiance over a long
year[8]. These work renewable sources forecasting objectives are based on
the sustainable development goals framework [9].
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This paper is about predict the forecasting accuracy and probability
for expected solar output generation by using the logistic regression
machine learning algorithm with reference to Indian geographical
locations PV data for short-term/ a day head forecasting [12].

3. Methodology and Experimentation:

We have used the logistic regression binary classification algorithm
for predicting the short term forecast for 29" day by using previous four
weeks data and assess and compare the forecast for six locations for all the
seasons and presented the comparative and graphical analysis for all
Indian six geographical locations with different latitude and climatic
conditions

Logistic Regression: It is considered as one of the machine learning
type supervised algorithm. It will take binary values either 0 or 1. It will
be useful for binary classification problems and here it can be more or less
applicable for power release function. If we keep the threshold limit value
as 0.5 then if the probability exceeds 0.5 then the plant can release power
based on the demand else it cannot release power. Linear regression does
not have any decision boundary values but logistic regression lies between
Oand 1.

Logistic regression uses an equation as the representation, very much
like linear regression Input values (x) are combined linearly using weights
or coefficient values (referred to as the Greek capital letter Beta) to predict
an output value (y). A key difference from linear regression is that the
output value being expressed in binary values which takes 0 and 1 and lies
between this interval rather than a numeric value and follows sigmoid
curve [7].

We have used Origin 7.0, data analysis software, Origin Lab Pro
(2017) for the graphical and data analysis purpose and Octave m interface
of Matlab in order to determine the forecast accuracy.

Our methodology is based on applying all the methods feasible for
the specified/particular location by using the past 28 days solar energy
data from the PV plants of various Indian geographical locations and
predicting the demand for 29" day for short term hourly basis forecast. We
have applied the statistical modelling and determined the errors for the
metrics below mentioned and the forecast assessment for the following
and choose the supervised machine learning algorithm for the solar
output prediction probability. This process can be also automated with
highest accuracy for the specified location.
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Most of the cases the existing literature discuss about the one
particular method applied to different locations with different context by
applying Artificial Neural Networks and provides some comparative
analysis by using Machine Learning/Artificial Intelligence techniques
and not specified exactly applying prediction of probability and applying
all the methods at a time for different Indian geographical locations with
North West East and South locations [14].

Initially PV plant data collected and cleaned manually and separated
into specific data with labels for input and output variables. The above
data was plotted to choose the variables the machine learning algorithm is
the called logistic regression. The relationship between the variable power
output-irradiance and other variables are carefully studied and calculated
the gradient as per the slope of line separation.

Model is developed and fit with data accordingly after the data
collection. Model trained and determined the forecast accuracy and finally
test the optimized algorithm.

3.1 Experimentation
Work requirements:

In this work, solar PV plant data collected from the below mentioned
website.

1. The following parameters considered for short term forecasting
analysis for solar power such as PV plant hourly data comprising
irradiance, plant power output, and local temperature and other weather
conditions. The solar power PV plant data is collected from the below
given website which provides information from satellite [8].

The above required data is collected from the following website:
https://www.renewables.ninja [8]

In this case the data for a total of six locations which include Bangalore,
Kanyakumari, Mumbai Chennai, Delhi, Kolkata in order to study the
topology of India and applicability of various methods in various terrains.

4. Discussion and Analysis of Results

This algorithm program is used to check the accuracies for the method
which include simple average method, moving average method, moving
weight method, exponential smoothing method, linear trend regression.

The accuracy checks for the forecasting include mean absolute
deviation, bias, running sum average method, tracking signal which help
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us understand the level of forecasting i.e. over forecasting and under
forecasting and help us improve the final code model to attain high level
of precision in forecasting for a short term using time series analysis.

If the forecast is more than the actual value, i.e. high positive deviation
from the actual value then it is called over forecast else it is called as under
forecast.

In order to get a better accuracy of logistical regression-trained data
algorithms, the data cleaned and segregated to be fed for prediction must
be previously optimized for highly accurate range.

The accuracy of the train is different for certain seasonal dates, i.e. 100
percent accuracy can be achieved for a few dates, whereas about 95 percent
accuracy is the limit that can be archived for a Table 1. But, for this logistic
regression algorithm, the minimum predicted precision for any date is 90
percent. Since the method chosen is Analysis of statistical data, the essence
of the probabilistic prediction is and accurate.

The plots below show that there is a linear Figure-1, unlike cyclic
fashion, between the two variables, i.e. power output and irradiance for
each day shown in the previous variable. To feed the prediction algorithm,
these variables can then be used.

The prediction accuracy:

Table 1
(date: 21-12)/Winter:
I\SI;) Location Latitude P::ii:;ic(;n hlzzz'ls Irradiance
1 | Chennai 13.0683 99.72 11.2 1.398
2 | Kanyakumari 8.0857 100 11.53 1.531
3 | Bangalore 12.9457 99.72 11.24 1.705
4 | Mumbai 18.8543 100 10.89 1.622
5 | Delhi 28.6585 99.5842 10.16 0.661
6 | Kolkata 22.5126 91.47 10.61 1.178
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= |rradiance
Linear Fit of Irradiance
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Figure 1
Graph for first week of winter Irradiance vs output
Table 2
(date: 22-05)/Summer
S.No Location Latitude Prediction Day Irradiance
accuracy hours
1 Chennai 13.0683 100 13.18 0.811
2 | Kanyakumari 8.0857 100 12.69 0.571
3 Bangalore 12.9457 100 12.65 1.117
4 Mumbai 18.8543 99.792 13.57 1.147
5 Delhi 28.6585 99.794 12.95 0.662
6 Kolkata 22.5126 99.794 12.40 0.660
= |rradiance (W. m-2) ® Irradiance (W. m-2)
——— Linear Fit of Irradiance —— Linear Fit of Irradiance
o . a ) 35 . = -

g - (’g -

E 124 % 124

g 2

Prediction accurcy (%)

Figure 2

Prediction accurcy (%)

Graph for first week of Spring Irradiance vs output
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Table 3
(date: 15-08)/Rainy
S.No Location Latitude Prediction Day Irradiance
accuracy hours
1 Chennai 13.0683 99.7525 12.78 0.371
2 | Kanyakumari 8.0857 100 12.45 0.377
3 | Bangalore 12.9457 100 12.43 0.421
4 | Mumbai 18.8543 99.7921 13.04 1.155
5 | Delhi 28.6585 100 12.63 0.626
6 | Kolkata 22.5126 100 12.27 0.356
= |rradiance (kw/m2)
1.5+ Linear Fit of Irradiance
§ 104
Z
8
g 0.5+
- . :
0.0 T . . .
297 298 29.9 100.0 100.1
accuracy (Percentage)
Figure 3
Graph for first week of Summer Irradiance vs output
Table 4
(date: 25-02)/Spring
S.No Location Latitude Prediction Day Irradlanzce
accuracy hours (kw/m”)
1 Chennai 13.0683 99.2972 11.45 1.365
2 | Kanyakumari 8.0857 99.5842 11.68 1.605
3 | Bangalore 12.9457 99.3762 11.70 1.489
4 | Mumbai 18.8543 99.3762 11.27 1.464
5 | Delhi 28.6585 100 11.56 0.736
6 | Kolkata 22.5126 100 11.81 1.488
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Figure 4

Irradiance vs. output plot for the month of August/Rainy season

Table 5

Bangalore : Latitude :12.9457

S.No Season Predictionaccuracy Irradiance Day hours
1 Winter 99.72 1.398 11.2
2 Spring 99.3762 1.489 11.70
3 Summer 100 1.117 12.65
4 Rainy 100 0.421 12.43

Prediction accuracy (Percentage)

9994

= Prediction accuracy (Percentage)
—— Linear Fit of Prediction accuracy

Irradiance (W-m-2)
5

= |rradiance (W-m-2)
Linear Fit of Irradiance

T T T -
12 19 126 12
Day hours (Hours)

T T
19 126
Day hours (Hours)
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Table 6
Chennai : Latitude : 13.0683
S.No | Season Prediction accuracy Irradiance Day hours
1 Winter 99.72 1.398 11.2
2 Spring 99.2972 1.365 11.45
3 Summer 100 0.811 13.18
4 Rainy 99.7525 0.371 12.78
- Efs:’:(::\ ;c;g:‘cdy“(’:eggrt:g;) iod . - :_T:::n;fo(:ﬂllr-rr:éiza)nce
9994 g .
¢ 3 1o
996 4 E
p 054
s g T i 112 e 126
Day hours (Hours) Day hours (Hours)
Table 7
Kanyakumari : Latitude : 8.0857
S.No Season Prediction accuracy Irradiance Day hours
1 Winter 100 1.531 11.53
2 Spring 99.5842 1.605 11.68
3 Summer 100 0.571 12.69
4 Rainy 100 0.377 12.43
= Prediction accuracy (Percentage)
Linear Fit of Prediction accuracy
= = |rradiance (W-m-2)
Gé, 100.0 - - - a Linear Fit of Irradiance
® 998 4 5
E =2 - 05 =

Day hours (Hours)

T T
120 126

Day hours (Hours)
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Table 8
Mumbai : Latitude : 13.0683
S.No | Season Prediction accuracy Irradiance Day hours
1 Winter 100 1.622 10.89
2 Spring 99.3762 1.489 11.27
3 Summer 99.792 1.464 13.57
4 Rainy 99.7921 1.155 13.04
= Prediction accuracy (Percentage)
. — Linear Fit of Prediction accuracy
% )
T 9994
8
[
9-_, [ -
> =
g
3
G 9964
&
B
el
o
o
-
99.3 T T T 1
1 12 13 14

Day hours (Hours)

5. Conclusion

In this article, we have analyzed the forecasting accuracy for different
Indian geographical locations and presented the graphical comparisons
for Table 5, Table 6, Table 7 and Table 8, Delhi and Kolkata locations
throughout the seasons.

We have calculated the likelihood of power released output in this
article and performed comparative analysis for prediction accuracy
throughout all the seasons in different geographical Indian locations with
different latitude and longitudinal axis for different Indian metro cities
and the power output and temperature plots were collected during the
years.

We have applied the supervised machine learning algorithm for
predicting the probability of solar power output by using logistic
regression. This process can be also automated with highest accuracy for
the specified location. Multinomial logistic regression is applicable in



1196 S. WADEHRA, J. VARANASI AND A. ANAND

order determine seasonal forecasting accuracy for the Table 4, Table 2,
Table 1 and Table 3 seasons and binomial logistic regression suits for
checking the power release probability.

Unlike linear fashion, the above plots demonstrate that there is a non-
linear relationship between the two variables, i.e. months and forecasting
errors. for every month as shown in the figure.

Based on the above analysis the conclusion can be drawn as follows
Bangalore

1. Irradiance is Figure 2

2. Irradiance is Figure 4

3. Prediction accuracy is high in winter
4

Day light hours is high in Summer Chennai

Irradiance is Figure 1
Irradiance is Figure 4

Prediction accuracy is high in Rainy

L hdh =

Day light hours is high in Summer Kanyakumari :

—_—

Irradiance is high in spring

2. Irradiance is low in Rainy
Prediction accuracy is up to maximum 100% in all the seasons except
spring

4. Day light hours is high in Summer Mumbeai:

1. Irradiance is high in winter
2. Irradiance is low in Rainy

Prediction accuracy is up to maximum 100% in winter and little
above in other seasons

4. Day light hours is high in Figure 3 Delhi:

1. Irradiance is high in spring

2. Prediction accuracy is up to maximum 100% in spring and rainy
seasons

3. Day light hours is high in Summer Kolkata:
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1. Irradiance is high in spring
2. Irradiance is low in Rainy
3. Prediction accuracy is up to maximum 100% in spring and rainy
seasons
4. Day light hours is high in Summer
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