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Abstract- Photo Voltaic (PV) generation is intermittent which cannot carry out the constant electric power. The amount of
solar irradiance received for a particular area is one of the most important climatic conditions for forecasting PV generation.
The solar irradiance data used for analysis is collected from Koneru Lakshmaiah Education Foundation (KLEF) and the data is
collected for the year (2017-18). In this paper, four Probability Distribution Functions (PDFs) such as Normal, Weibull,
Rayleigh, Log normal are used to investigate the best fit probability distribution of the collected solar irradiance data. Root
Mean Square Error (RMSE) method is used as a goodness of fit test for identifying the best suited probability distribution
function for the collected solar irradiance data. With this analysis, solar irradiance and PV power generation can be predicted
for the next year. The efficacy of the proposed method is validated using MATLAB.
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1. Introduction

In the past years, the smart grid has pulled in increasing
consideration in the power sector. The smart grid includes
Advanced Metering Infrastructure (AMI), communication
facilities, smart energy management methodologies, as well
as distributed power generation using sustainable power
sources [8]. Sustainable power sources are used to reduce the
usage of fossil fuels and to reduce carbon footprint on
environment. PV system is one of the quick-developing
green power generations among the available renewable
power sources [22]. A PV system generates electricity by
direct transformation of solar energy into electric power. PV
based power stations are very useful for the selection of
substitution of conventional electrical energy generation as it
is less unending and less pollutant. However, PV generation
cannot carry out constant electrical power output. The PV
output power is hard to anticipate precisely on the grounds
that it emphatically connects with the atmosphere,
surrounding temperature, geography and time [4]. Hence, a
probabilistic model of PV output is required to reenact the
genuine conduct of these stations.

Models that consider the stochastic behavior of PV
power can be characterized using analytical methods [2], [7],
[9], [12-14] [19], [21],Monte Carlo based methods [5], [10],

[11], [15],[18] and Artificial Neural Networks.
Unsymmetrical two-factor estimation method is used to
predict the undetermined nature of the PV system was
presented in [7]. A Monte Carlo based method was proposed
in [15] for modeling PV based power generation in
consideration of their dependency on other sustainable power
sources, but not with atmospheric factors. In [23], a
probabilistic power flow analysis was developed by
modelling wind speed as Weibull PDF, load demand as
Gaussian PDF, solar irradiance as single discrete PDF i.e.
without categorizing into different seasons. In [3] solar
irradiance was forecasted for a day using Multilayer
Perceptron Model. But this method has difficulty in selection
of best suited activation function for each model and
selecting number of hidden nodes. This model is suitable for
forecasting solar irradiance in sunny days than that of cloudy
days. ANN-SFP model was proposed in [6] to forecast solar
irradiance. in [16] Back Propagation algorithm to forecast
irradiance is presented. But it requires other metrological
data i.e. mean temperature, mean humidity, mean rainfall
also in addition to half-hourly solar irradiance as input data.
Solar irradiance ramps were forecasted using image-based
Integrated Solar Forecasting Platform [17]. But this method
requires sky imaging data. Accuracy of cloud detection
system need to be improved particularly for thin clouds.
Analytical techniques represent the unpredictable PV system
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behavior which is completely dependent on meteorological
parameters with the aid of mathematical model and forecast
the solar irradiance by using mathematical analysis by
considering some simplifications which causes some
unrealistic nature. Monte Carlo based techniques are used so
far to predict single probability model for solar irradiance or
PV output power i.e. without considering weather effects
which causes unrealistic PV output power. ANN based
techniques require other meteorological parameters data i.e.
temperature, humidity, rainfall, cloud cover also in addition
to solar irradiance to forecast irradiance data for the next year
which is always not possible to get all parameters. Moreover,
forecasted solar irradiance data depend on the selection of
initial parameters for training the ANN model. Another
drawback of some of the existing ANN based techniques is
forecasting of solar irradiance is effectively done in sunny
days than that of in rainy days because of cloud cover [20].

From the literature, it is obsreved that, no work has been
carried out to predict solar irradiance using probability
distributions by  considering different atmospheric
conditions. In this paper, as an extension to fill the gaps in
the existing literature, Inverse Transform based Monte Carlo
simulation algorithm [1] is proposed by considering different
weather conditions for forecasting solar irradiance data of
next year. So, this suggested algorithm forecast the solar
irradiance data without any assumptions and without the
need of other meteorological parameters. The suggested
algorithm is validated using MATLAB and the effects,
resultant discussions show the efficiency of the proposed
algorithm. This simulation results can be used to forecast PV
power generation accurately.

This paper is arranged as follows: In Section II, different
probability distribution functions, Monte Carlo Simulation
(MCS) which were used to identify the best fit of solar
irradiance data and Root Mean Square Error (RMSE) have
been discussed. Flow chart for the proposed method has been
presented in Section III. The Simulation results of solar
irradiance data collected from KLEF and forecasted solar
irradiance data with various PDFs are analyzed in Section
IV. Conclusions are discussed in Section V.

2. Forecasting of Solar Irradiance
2.1. Monte Carlo Simulation

Monte Carlo Simulation (MCS) is an approach used for
forecasting models. Monte Carlo methods are useful within
the conditions where direct experimentation is not possible.
Similarly, Monte Carlo techniques can also be applied to the
mathematical problems which can't be solved via direct way,
or where an instantaneous solution is simply too expensive or
requires too much time. It is a treasured device when
forecasting an unknown future. It is a method to simulate the
actual process, random nature of the system and to forecast
the future behavior of the system with the help of random
variable. A random variable is one whose probable values
are outcomes of a random phenomenon. It is not unusual that
these outcomes rely upon some physical variables that aren't
properly understood. It is described as a function that maps
the outcomes of uncertain processes to numerical quantities,

generally real numbers. The uniform random numbers
generated between [0 1] can be converted to other non-
uniform distributions using inverse transform method.

2.2. Probability Distribution Functions

It is impractical to report all the statistical distribution
functions as there are many to be accommodated. Hence four
distribution functions like., normal, Rayleigh, Weibull, log
normal are used to identify the best fit.

Normal distribution:

The normal distribution is the significant and broadly
used distribution in statistics. It is also referred to as "bell
curve". The PDF of normal distribution can be expressed as

(g—u)®

, 1
£(s) = —=exp[ - =2 1)

The parameter p represents mean, ¢ represents standard
deviation and s is the solar irradiance.

Rayleigh distribution:

The Rayleigh distribution is a continuous PDF and is
extensively used in communications theory, physical
sciences, in engineering, to measure the lifetime of an object.
It is a special case of Weibull distribution.

The Rayleigh distribution’s PDF is

fs) = Zexp(-) )

Where b is the parameter of Rayleigh distribution
Weibull distribution:
The PDF of Weibull distribution is

fon K
, s
{ =1—e —|-
f(s) =1—exp [ ) ] (3)
where, s is the solar irradiance, k is the shape parameter and
c is the scale parameter.

Log normal:

It is also a continuous PDF of a random variable whose
logarithm is normally distributed. The PDF of Log Normal
distribution is

1 [In(s)-1]%

where, A represents mean, [ represents standard
deviation of the variable’s natural logarithm.

2.3. Goodness of Fit:

The goodness of fit explicates how properly a
probability distribution function suits a group of
observations. Goodness of fit commonly summarize the
variation between observed values and values predicted by
the model. Such measures can be used in statistical
hypothesis testing. Here RMSE is considered to determine
the best PDF. RMSE is the standard deviation of
the predicted errors which are also called as residuals.
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Fig. 1. Flowchart of proposed method
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Table 1. Average hourly Solar Irradiance

Season/ Solar Irradiance (Watt/m?)
Time 7:00 | 8:00 | 9:00 | 10:00 | 11:00 | 12:00 | 13:00 | 14:00 | 15:00 | 16:00 | 17:00 | 18:00 | 19:00
Summer | 7.9 | 68.6 | 169 | 351.4 | 538.2 | 693.6 | 831 859 830 700 | 493.1 | 230.2 | 24.97
Rainy 33 | 86.6 | 114 | 252.2 | 390.4 | 487.7 | 567.2 | 581 539 442 336 | 179.6 | 47.47
Winter | 26 | 94.1 | 222 | 401.1 | 577.5 | 694.8 | 739.1 | 687 536 301 | 77.63 0 0

Residuals are an indication of deviation of data points from
the regression line. Hence it indicates the concentration of
data points around the best fitted line

RMSE is calculated as
»
1 2
2
RMSE- —E(SJ—SJ-C) - O
n 53

where, s; are the observed values at time stage j, sj. are the
values computed from the probability distribution for the
same stage, n is the number of data points. Smaller the
deviations, better the fit is.

3. Flowchart for Proposed Method

The flow chart of the proposed method is shown in Fig. 1

and the steps are as follows:

Step 1: Assign Season No. S=1 (1 for summer, 2 for rainy
and 3 for winter season) and € = 0.001 (error)

Step 2: Collect the solar irradiance data of KLEF 160 kW
plant from 7:00 A.M. to 7:00 P.M. for each season
and calculate average value for each hour.

Step 3: Fit the collected solar irradiance data of each season
to 4 probability distributions (Normal, Weibull,
Lognormal, Rayleigh individually).

Step 4: Assign i=1 and p=1

Step 5: Conduct RMSE test to find deviation from the
continuous probability distribution function for all
the 4 distributions.

Step 6: Check whether RMSE of i distribution is less than &
or not. If yes Move to Step 8, else Move to Step 6.

Step 7: Increment i and check whether i>4 or not. If yes
Move to Step 7, else Move to Step 4.

Step 8: Find the least RMSE; (i=1 for Normal, 2 for Weibull,
3 for Rayleigh, 4 for Lognormal) by comparing the
4 Root Mean Square Errors to identify the best fit
probability distribution function.

Step 9: Forecast solar irradiance data for the next year using
Monte Carlo Simulation Technique for the best
suited probability distribution.

Step 10: Increase the Season No. and check whether all the 3
seasons are completed or not. If yes stop the
procedure, else Move to Step 2.

4. Simulation Results and Discussion
4.1.Solar Irradiance Probabilistic Model
The hourly solar irradiance data of 2016-17 for 12 hours

is collected for summer, rainy and winter seasons from
KLEF. The average hourly solar irradiance is calculated for

these seasons and are furnished in Table 1. From Table. 1 it
is noticed that highest solar irradiance occurred in summer
season mid-day and solar irradiance in winter season is
nearly zero because of early sunset.

The continuous Normal, Weibull, Rayleigh, Lognormal
PDFs are compared with discrete actual PDFs of each season
separately using MATLAB as shown in Figs.2 (a) to (d) for
summer season, Figs. 3 (a) to (d) for rainy season and Figs. 4
(a) to (d) for winter season respectively. Continuous PDFs
are represented with solid line and actual discrete PDFs are
represented with dotted line. From Fig. 2, it is observed that
solar irradiance of summer season from 200 W/m® to 800
W/m® is following Normal and Rayleigh distributions, i.e
most of the solar irradiance data is following Normal and
Rayleigh PDFs and the data is very much deviated from
Weibull and Lognormal distributions for the initial values.
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Figure 4. Probability Plots of Solar Irradiance for winter
season

Hence, to determine the most suitable PDF of each
season for forecasting solar irradiance for the next year,
goodness of fit test is conducted for Normal, Weibull,
Rayleigh and Log normal PDFs’ plots by finding RMSE
using Eq. (5). The RMSE values of each PDF can be
observed as presented in Table 2.

From Table 2 it can be observed that RMSE is slightly less
for Normal PDF in Summer and Rainy seasons and for
Rayleigh PDF in winter season. Hence, it can be clearly
concluded that best suited PDF for summer and rainy seasons
is Normal and Rayleigh for winter season.

Table 2. Root Mean Square Error Values

Root Mean Square Error
S
4500 | Normal | Weibull | Rayleigh | 108
normal
Summer | 0.0604 | 0.0926 0.0625 0.0825
Rainy 0.0591 0.0746 0.0601 0.0646
Winter | 0.0771 0.0936 0.073 0.0849

Mean and Standard Deviation of Normal PDF are
calculated for summer and rainy seasons. Similarly,
parameter ‘b’ of Rayleigh distribution also calculated and is
shown in Table-3.

Table 3. Parameters of Probabilistic model

Season Probabilistic Model Parameters
Summer Normal p=446.0; ¢ =309.7
Rainy Normal p=309.6; ¢ =200.0
Winter Rayleigh b=306.2

4.2 Forecasted Solar Irradiance Data

A uniformly distributed random vector between 0 and 1
is generated. Solar irradiance random variable for every one-
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hour duration is generated for every random number using
Monte Carlo Simulation for the best suited PDF using the
parameter values listed in Table 3. So, the simulated solar
irradiance is generated at each hour considering only day
time for all the three seasons (i.e., a total of 4320 random
variables are generated) and are compared with the
continuous PDFs for three seasons.

The forecasted solar irradiance data obtained for
summer, rainy and winter seasons have been obtained and
compared with the actual data and are shown in Figs. 5 to 7
respectively. Solar irradiance data for summer season of next
year is forecasted and from Fig.5, it is concluded that the
forecasted data is following normal distribution. It is
observed that probability of occurrence of solar irradiance
>600 W/m® is more in summer season.

Normal distribution
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(=]
[9)]
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0.25 |-

Standard Probability Distribution
0.1 - ® Forecasted solar irradiance
0.05

0 500 1000 1500
solar irradiance
Fig.5. Probability plot of forecasted Solar irradiance for

summer season

From Fig.6, it is inferred that forecasted solar irradiance
for rainy season is same as that of Normal distribution and
probability density of solar irradiance >800 W/m’ is less
when compared to that in summer season.
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Fig. 6. Probability plot of forecasted Solar irradiance for
rainy season

Forecasted Solar irradiance for winter season follow
Rayleigh distribution as shown in Fig.7 and it is observed
that there is a probability of occurrence of zero solar
irradiance in winter season because of early sunset. It is
verified with the 2016-17 solar irradiance average value data
tabulated in Table 1.

Rayleigh distribution
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Fig. 7. Probability plot of forecasted Solar irradiance for
winter season

5. Conclusions

In this paper, the most suitable probability distribution
function for forecasting the solar irradiance of K L E F
campus has been determined and the parameters of each
fitted distribution have been calculated. From the results
obtained by conducting RMSE test, it is concluded that
normal distribution is the most suitable distribution function
for summer and Rainy seasons and Rayleigh distribution is
the most appropriate distribution function for winter season.
From the forecasted solar irradiance plots, i.e. from
Figs.5,6,7, it is observed that probability of occurrence of
higher values of solar irradiance is more in summer season
than that of in winter and rainy seasons.

From the results and analysis, it is observed that the
proposed method of forecasting solar irradiance is very much
useful with the following advantages; i) Prediction of
realistic and accurate solar irradiance for each and every
season individually by fitting data into different PDFs. ii)
Improved accuracy without any assumptions and without
considering other meteorological parameters.
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