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Abstract Accuracy in prediction of global horizontal irradiance is vitally important
for photovoltaic energy prediction, its installation and pre-sizing studies. A change
in the solar radiation directly impacts the electricity production and in turn, the plant
economics. Hence employing a model possessing improved prediction accuracy
significantly affects the photovoltaic energy prediction. Furthermore, monthly mean
data is required for prediction of long-term performance of solar photovoltaic
systems, making the same to be concentrated for the present contribution. The
available models for prediction of irradiance and energy unlike physical and sta-
tistical models depend on input parameters whose availability, assumption and
determination is difficult. This finally creates complexity in predicting the desired
response. Hence empirical models are chosen preferable over physical and
statistical-based models. Empirical models correlate only the available input
atmospheric parameters affecting solar irradiance and energy, thereby reducing the
complexity experienced by physical and statistical models. Yet, the reliability or
accuracy of model varies with location. The reliability of an empirical model
depends on the incorporation of input’s and data set (training set) for its formula-
tion. Thus the consideration of significant input factors lies to be a persistently
prevailing challenge, driving the need for an improved prediction model delivering
irradiance and energy. In this chapter, an empirical model is proposed for prediction
of irradiance and energy. The incorporated input factors for the formulation of
energy prediction model is emphasized by performance and exergy analysis of solar
photovoltaic systems. The proposed model hence combines the thermal and elec-
trical aspects of photovoltaic systems gaining reliability and limiting the depen-
dence towards real-time measured input factors.
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1 Introduction

The advantages of solar with respect to its availability and environmental friendly
nature cause increasing penetration of the same into electrical grid. But despite the
advantages, the inherent nature of solar irradiation causes intermittency in the
production of energy generated by a solar photovoltaic system posing potential
challenges for power system operation or grid operators. Moreover, the main task of
the power system is to ensure a reliable state-of-the-art supply-on-demand system.
Thus reliability can be achieved only if the deliverable amount of energy from a
photovoltaic system to the grid is known. This can be reinforced through predictive
technologies or models employed for the prediction of energy generated by a solar
power plant over a time-based horizon. The performance ratio or plant capacity
factor of a solar photovoltaic power plant is always evaluated over a long-term
horizon. Also, a performance comparison among solar PV plants is always made
based on the annual long term (monthly average daily) monitored or evaluated
response. Hence long-term prediction over an annual horizon is practically required
for moving towards smarter grid or making reliability a reality.

The necessity of solar resource assessment for prediction of energy generated by a
typical solar photovoltaic distribution system is made clear. This necessity creates a
dependence on theoretical modelling of global solar irradiance and energy genera-
tion. There currently occur three modelling aspects for prediction of global irradi-
ance and energy. These include physical or mathematical models, statistical models
and empirical models. Physical or parameterized models of kind included for pre-
diction of irradiance and energy were reported by researchers as seen in [1-8]. The
physics-based models for irradiance rely on the physics of interaction between the
extraterrestrial irradiance and constituents of atmosphere. The disadvantage of
physics-based models for irradiance and energy include complex structure and
dependence of it towards more number of input parameters such as station pressure,
temperature, Rayleigh scattering, ozone reduced path, perceptible water, aerosol
scattering albedo, aerosol optical thickness, temperature coefficient of modules, solar
irradiance at plane of array and PV characteristic parameters. Hence models based on
statistical approach were also reported to exist for prediction of irradiance.
Statistical-based models employing time series based modelling strategies such as
moving average, support vector regression and auto regression integrated moving
average (ARIMA) [9, 10] are commonly employed for minutely or hourly based
forecasting. These techniques are too complex to be employed for monthly
average-based prediction. This further resulted in empirical-based approach for
prediction of solar potential in a desired location of interest. Empirical models
correlate the desired response (global horizontal irradiance and energy) to the
available and accessible inputs. This reduces the dependence of the model towards
more number of input parameters (as in case of physical models). Furthermore, the
empirical constants are derived employing simple regression-based methodology
limiting the complexity experienced with statistical models.
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Though empirical models possess advantages as compared to physical and
statistical-based approach, there remain certain research investigations among the
prevailing empirical structures. These include the opportunity for improving accu-
racy by incorporation of significant input factors, which are absent in the existing
models, proper validation check and limiting its dependency towards real-time
measurable input parameters. This drives or motivates towards the formulation of an
empirical model addressing the challenges as stated above. Before stepping into the
formulation of an improved empirical model, the existing empirical models for
prediction of irradiance and energy have to be known. There exist two basic clas-
sifications of empirical model for irradiance based on the incorporation of input
parameters such as single parametric model and multi-parametric or hybrid models.
Whereas, only a few polynomial regressive-based empirical models are found to be
reported for energy prediction [11-13]. Hence, this chapter contributes to the for-
mulation of empirical model for prediction of global irradiance and energy gener-
ation for solar photovoltaic system. The location of interest for the formulation of
proposed empirical model was selected based on the accessibility of testing data set
required for its validation. Moreover, the proposed model can further be used for
other locations on altering the empirical constants embedded in the model.
A schematic showing the classification of empirical model for irradiance and energy
prediction is presented in Fig. 1.

1.1 Single Parametric Models for Prediction of Solar
Irradiance

The single parametric models include only a single significant factor affecting
irradiance which is reported to be practically measured. The commonly existing
single parametric models include the sunshine-based and ambient temperature-based
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Fig. 1 Classification of empirical irradiance and energy prediction models
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model. The section below describes the single parametric sunshine and temperature-
based model.

1.1.1 Single Parametric Sunshine-Based Model

The sunshine-based model was first introduced by Angstrom in 1940 [14], who
suggested a linear relationship between the clearness index (ratio of global hori-
zontal irradiance to the extraterrestrial global irradiance) and the relative sunshine
hour (ratio of sunshine hour to maximum possible bright sunshine hour). This was
further modified by Presscott [15] to deliver Angstrom-Presscott model which
supported the addition of an empirical constant to the Angstrom model. The
equation of form reported by Presscott [15] is given by

e

where H represents the monthly average daily global irradiance, H, represents the
extraterrestrial global irradiance; S represents the monthly average daily sunshine
hour and S, represents the maximum possible bright sunshine hour.

Having Angstrom-Prescott model as the basis several other researchers devel-
oped linear order-based sunshine model with the change in empirical constants ‘a’
and ‘b’ for certain locations of US, Zimbabwe and India [16-20]. In 1984, Benson
et al. [21] proposed a seasonal specific linear order-based model for 46 stations,
which experiences improved prediction accuracy than yearly based models as
described in [16, 17].

Ogelmann in 1984 [22] proposed a yearly based monthly average daily quadratic
model for Andana and Ankara in Turkey with a training data set of 3 years. The
prediction agreement was found better than the linear based sunshine model. This
occurred due to the addition of quadratic order based factor to the linear order,
increasing accuracy. The regression coefficient representing closeness between the
response and the input is high for a quadratic order than for a linear order factor.
The basic form of quadratic order based model [22] is given by

H S S\?
—= bl — — 2
7 a+ <So> +C(SO) (2)
Furthermore, Samuel in 1991 [23] proposed a cubic model for a location with
latitude 5.55°N. The MPE reflecting accuracy was reported to be 2.6 %. Thus a
cubic order based empirical model would deliver better closeness between the

predicted and actual value of irradiance than a quadratic and linear order. The basic
form of cubic order-based model [23] is given by
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H S S\’ s\*
w0 (5) +<(5) +4(5) ®)
Ampratwum et al. in 1999 [24] compared models of linear, quadratic and log-
arithmic sunshine-based models. The author finally reported the usage of quadratic
and logarithmic sunshine-based models for prediction of global irradiance. Further,
a monthly specific quadratic order-based model for prediction of global irradiance
in Sudan was proposed as in [25]. A least MPE of 0.36 % on training was observed.
This occurs due to the nature of reported empirical constants, being monthly spe-
cific. Haydar et al. in 2006 [26] also experienced highly acceptable accuracy for the
cubic model than the developed linear and quadratic-based sunshine models for
certain provinces in Anatolia such as Afyon, Cankiri and Corum. A non-linear
curve fitting model for prediction of monthly average daily global irradiance for
Jeddah was reported in [27]. An acceptable prediction performance was observed
due to the fact of deriving the empirical constants through curve fitting method-
ology than regression-based method [27]. A similar curve fitting-based methodol-
ogy for gaining improved prediction accuracy, in formulation of empirical model
was followed by Wanxiang et al. [28].
Finally summarizing, the single parametric-based sunshine model, improved
accuracy would be rendered on employing monthly specific cubic models or curve
fitting-based methodology for obtaining the empirical constants.

1.1.2 Single Parametric-Based Temperature Model

As already cited, ambient temperature also occur as a significant single parametric
factor affecting global irradiance. This section cites the reported temperature-based
global irradiance model with its performance comparison among sunshine-based
model.

Similar to [15] which describes the basic form of sunshine model, an attempt
was made in 1982 by Hargreaves and Sammi [29] to report a basic form of
temperature-based model. The model reported by Hargreaves and Sammi [29] is
given by Eq. (4) as follows:

H
—=a+ b(Tmax - Tmin)o.5 (4)
Hy

Further modifications to the basic form of temperature model as reported in [29]
model was described by few researchers as seen in literatures [30-36]. Though
temperature-based models exist for prediction of global irradiance, it lies less
accurate on comparison to sunshine-based models [37, 38]. Ultimately, a factor of
temperature which is proven to affect the solar radiation cannot be neglected
though. Hence, a hybrid model would form a better solution encompassing factors
implicitly and explicitly affecting global horizontal irradiance.
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1.2 Multi-Parametric or Hybrid Models for Prediction of
Solar Irradiance

The hybrid parametric model evolved as the methodology for experiencing further
improved accuracy than the reported sunshine and temperature-based models. The
available input factors which are proved to affect the intensity of solar radiation for
a desired location are considered for its prediction. The models in line with the
consideration of available input factors are seen in literatures [38—43]. The reported
models constitute metrological input factors such as ambient temperature (77,), soil
temperature (7,), relative humidity (RH), sine of declination angle (6), mean sea
level, ambient temperature, water vapour pressure (P,), and mean cloud cover (C,).
The basic form of the existing hybrid models as reported by cited researchers
include

Hﬁo = a((AT) (1 +cP+ar?)) 39 (5)

S
H =4.591 —0.1135H, +-2.522 (S_> +6.1589(sin 0)
0

—0.0124(RH) +0.0187(T,,) — 0.052(7,) [40]

(6)

H S

— =a+b| <) +cT+dV+eRH+fP, [41] (7)
Hy So

H S\¢

= aln(Tyowg ~ Tuin) +5(3) +d 42 )

The regression coefficient marking the closeness between the desired irradiance
and the input factor increases on addition of input factors affecting irradiance [38—
43]. Furthermore, an exhaustive review as seen in [44] for empirical models on
solar radiation prediction, reported non-linear model to be the best predictor on
comparison with linear, ANN and fuzzy (complex methods) with least MPE of
0.11 %, RMSE of 0.0181 % and MBE of 0.0001 %.

Summarizing the facts delivered by hybrid model, the prediction accuracy is
proved to increase on addition of significant available factors towards irradiance.
The hybrid model can necessarily include the incorporation of proved significant
factors of sunshine and ambient temperature towards global irradiance.

The hybrid models perform acceptably well in comparison with the single
parametric model. But the prevailing challenge occurring in the present multi-
parametric model is its dependence towards more number of real-time monitored
input factors. These could be unavailable for stations other than its formulation or
training. More simply, its reliability varies with location. Furthermore, the cost
incurred in measuring the input model parameters aiding prediction of global irra-
diance (response) should be less than measuring the response directly. Hence



Empirical-Based Approach for Prediction ... 145

formulating a model for prediction of irradiance, whose input factor limits its
dependence towards realistic measurement, is required. Similar is the case with the
prediction of energy generation for a photovoltaic system.

1.3 Multi-parametric Model for Prediction
of Energy Generation

The multi-parametric model for prediction of energy delivered by a typical solar
photovoltaic system is given by models of kind [11-13] and [45]. These include
either of the input parameters such as global irradiance, ambient temperature,
module temperature and wind speed. The basic form of the reported models is given
as follows:

P, = aH +bH? +¢c In(H) [11] 9)
H 2
Py = aH+b( ) + T [12] (10)
max
Py = H(a+bH +cT, +d(WS)) [13] (11)
P, = a+bHTy +cH +dH*  [45) (12)

The performance of the prevailing models marked by absolute mean relative
error varied from a minimum of 2 % to a maximum of 17 %, for the models
reported as in Egs. (9)—(12) on its application to a typical case study [13]. The
prediction accuracy of the model depends on the nature of significant factors
incorporated for its formulation as already cited. The generation of heat loss on
power generation from a photovoltaic cell is well evident from the nature of pho-
tovoltaic effect [46] and reported research investigations [47, 48]. This significantly
affects the yield or the energy generation. Hence the empirical model to be for-
mulated for energy generation should account for the heat loss dissipated on power
generation. This chapter further contributes to the evaluation of improved model for
prediction of energy, generated by a typical PV system.

2 Formulation of Multi-parametric Global
Irradiance Prediction Model

The formulation of an empirical multi-parametric model for prediction of global
irradiance and energy involves the following sequential schematic as represented in
Fig. 2. As seen, the formulation is assisted with the measured response (be it either
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irradiance or energy) during the training period. The significant atmospheric factors
affecting the spectral properties of solar irradiance or energy are related through
justified or proven facts (requiring prior knowledge). The proposed model is then
evaluated for its coefficients employing simpler regression methodology for a
desired location, making the same to be applicable on reality.

The measured global irradiance (considering solar irradiance as the first
response) for the formulation of the prediction model is inherited from the solar
radiation database provided by RETscreen plus [49]. RETscreen plus provides the
complied monthly average daily global irradiation data from NASA and WRDC.
As the accuracy of the proposed model depends on the accuracy of the training data,
a compiled input data set is preferred. The training period occurs for the duration of
1961-1990 where the monthly average daily global irradiance input set is available.
The desired locations were selected based on the availability or accessibility of the
validation data set. Furthermore, merely basic sunshine-based models occur for
certain locations of India such as Mumbai, Kolkata, Jodhpur, Kodaikanal and
Chennai, where the need for improved prediction accuracy lies important. The
formulation of multi-parametric model which is believed to exhibit improved
accuracy remains untested. Most particularly the state of Tamil Nadu shares about
35 % of its installed capacity from renewable source of energy [50]. The state also
experiences around 300 sunny days which makes it to rely on solar power for
supporting the created demand. As solar installations increase, the intermittency of
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energy generation increases, ultimately creating a need for reliability. This further
can be made a reality, on existence of predictive technologies. Thus certain loca-
tions of Tamil Nadu were considered in the present chapter for training and
validation.

2.1 Input Factors Considered Affecting Global
Solar Irradiance

The atmospheric input factors affecting the clearness index (ratio of measured
global irradiance to extraterrestrial global irradiance) includes the relative sunshine
hour, temperature ratio and the air mass at solar noon which are briefly described as
follows.

2.1.1 Relative Sunshine Hour

The sunshine duration is defined as the length of time during which the ground is
irradiated with direct solar irradiance [51]. The duration during which the ground is
irradiated or the amount of daylight implicitly marks the intensity of global irra-
diance received by it. This duration is recommended to rely on the measurement
from the sunshine recorder as suggested by several researchers, who reported
sunshine-based empirical models for prediction of global irradiance. Instead of
relying on real-time measurement, it can be suggested to limit the real-time
dependency by theoretical assessment of sunshine hour. Thus, the equation reported
as in [52] is suggested for calculation of sunshine hour duration. This reduces one
of the prevailing challenges of empirical-based models. Equation (13) gives the
theoretical estimation of sunshine hour [52]

S= Larc cos(tan(L) tan(23.5) cos( (13)

360D,
© 360

365.25

where h represents hours per day; L corresponds to the latitude of the monitored
site; the daily sunshine is averaged over a month to obtain monthly average daily
sunshine hour (S). The maximum possible sunshine hour can be calculated by
Eq. (14) as

2
S(): B [ON ( 14)
where wg represents the hour angle in degrees. The hour angle is defined as the
angular displacement of sun towards the east or west of the local meridian due to
rotation of the earth on its axis at 15°h. It is mathematically derived from decli-
nation and latitudinal angle as seen in Eq. (15).
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s = cos”'(—tan 6 tan L) (15)

The declination angle represented by ¢ is defined as the angular position of the
sun with respect to the equatorial plane. This varies with the value of +23.45°. The
declination angle can be found from the approximate equation given by Cooper [53]

(16)

0 = 23.45sin (360 M)

365.25

The higher the sunshine duration, the more is the intensity of global irradiance
received by a horizontal surface. The direct dependence of global irradiance
towards sunshine hour or clearness index towards relative sunshine hour is further
justified by Rahman [54]. Figure 3 shows the annual average values of clearness
index for various locations such as Buenos Aries, Penang, New Delhi, Ibadan,
Venezia, El Fasher, Port Sudan, Bhavnagar, Alicante, Lucknow, Abu Namma and
certain other regions.

Figure 3 represents the closeness or the significance between the clearness index
and relative sunshine hour, reflected through the value of regression coefficient
between the same. Higher the value of regression coefficient, higher is the signif-
icance of the input factor with respect to the desired response. As the percentage
contribution of relative sunshine hour towards clearness index is high as 82.9 %,
the same is termed significant.

2.1.2 Temperature Ratio

The fact of sunshine duration implicitly alters the temperature of the ambient, which
is incident to the radiation from the sun. This phenomenon occurs naturally and is
self-evident [55]. Thus inclusion of ambient temperature towards global horizontal
irradiance serves justified. Furthermore, the latitude of the location influences the
amount of solar radiation. However, the pattern of temperature distribution across

Fig. 3 Variation of clearness 1
index with respect to relative 0.9
sunshine hour as reported in 0.8
[54] 0.7
06
0.5
0.4
0.3
0.2
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Clearness index
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the globe is also latitudinal. Thus incorporation of ambient temperature indirectly
marks the inclusion of latitudinal variation across the location, making the proposed
model more significant.

Besides, the consideration of ambient temperature the physical reason behind its
occurrence or source of origin should also be incorporated. The source of origin is
none other than the black body or the sun. Hence consideration of sun’s temperature
in addition to the ambient makes an empirical model physically significant. The
physical significance of sun’s temperature towards the intensity of radiant flux is
justified by physical laws of radiation defined by Stefan-Boltzmann [56] and Planck
[57].

As a ratio of measured global irradiance (H) to the maximum extraterrestrial
irradiance (Hy) is found to vary linearly with a ratio of sunshine hour to maximum
possible sunshine hour, the same (H/H,) is considered to vary with the ratio of
minimum temperature (ambient temperature) to the maximum temperature (sun’s
temperature).

2.1.3 Air Mass at Solar Noon

The solar irradiance passes through an atmospheric column of air surrounding the
earth. This varies depending on the apparent position of the sun in the sky [58]. The
path length of the column of air is minimum when the sun is exactly overhead
(at zenith position) or at solar noon. For the instant other than solar noon, the rays
have to pass through a long atmospheric air column preferably termed as optical air
mass. Hence the distance between the earth and the sun decreases at solar noon
increasing the magnitude of solar radiation received over the ground. Air mass is
often approximated for a constant density atmosphere and is given by

AM (at solar noon) = (17)

cosZ’
Z is the Zenith angle at solar noon.

Z =90 — a. Where o = 90+ 0 — ¢ for Northern Hemisphere, as India lies in
the Northern hemisphere.

0, @ and « are the declination angle, latitudinal angle and altitude angle of the
site respectively.

Hence the proposed model for prediction of monthly average daily global irra-
diance includes the input model parameters such as relative sunshine hour, tem-
perature ratio and air mass at solar noon. The significance of the incorporated input
factor is justified by the value of regression coefficient (R*) generated between the
same and the desired global horizontal irradiance. Figure 4a—c shows or justifies the
significance of the incorporated input parameters such as sunshine hour, tempera-
ture ratio and air mass towards global irradiance respectively. The value of R?
varied from 0.71 to 0.89 marking significant contribution of input factors such as
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sunshine hour, temperature ratio and air mass at solar noon in prediction of global

irradiance.

Thus, the section has briefly described the factors considered for modelling
global horizontal irradiance with its justification towards the same. The next section
follows, relating the input parameters to the response leading to the formulation of a
modified multi-parametric model for global irradiance.
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3 Modified Multi-parametric Empirical Model

The next step under the process of formulating an empirical model is to relate the
considered input parameters towards prediction of desired response. Hence sum-
marizing the observed relationship between the global horizontal irradiance and the
input parameters, a modified multi-parametric model is formulated. The intensity of
global horizontal irradiance increases for increase in sunshine hour, ambient tem-
perature and air mass at solar noon. Hence, the form as proposed in Eq. (18) is
rightly employed for the prediction of monthly average daily global irradiance.

Hﬂoza—kb(%)+C<S£0>2+d(s%>3+e(%> +F(AM)  (18)

where a, b, ¢, d, e and frepresents the empirical constants pertaining to a location of
interest for which the model is formulated.

The proposed model incorporates explicitly the effect of sunshine, ambient
temperature and air mass at solar noon. These factors implicitly mark the account of
variation in latitude of the location, declination angle, altitude angle and hour angle.
Thus the incorporation of more number of input parameters (multi-parametric
model) either implicitly or explicitly refers to the strength of the model. The
addition of significant factors also makes the model to exhibit improved prediction
accuracy.

3.1 Case Studies for the Prediction of Global Horizontal
Irradiance

The case studies for the applicability of the proposed irradiance model falls where
the validation data set encompassing the measured global irradiance was accessible
or made available. Hence the locations of Madurai/Sivagangai and Chennai were
selected as case study for testing the prediction accuracy of the modified
multi-parametric model. The validation data set for Madurai for which the model
was formulated or trained was not available appropriately. Hence the nearest
monitoring station of Sivagangai was considered for testing the model, as its val-
idation data set was available for the duration of (2011-2013). The validation data
set for Chennai was obtained from [59], who reported a basic sunshine-based model
for Chennai. The validation data set for Chennai ranges from a duration of
1980-2009. The training data set for the region of Madurai is tabulated in Table 1.

The empirical constants were formulated from the training data set of model
parameters covering monthly average daily data ranging for duration of 1961-1990.
The least square regression-based methodology [60] was adopted for evaluation of
empirical constants. The empirical constants of the proposed model for the loca-
tions of Madurai/Sivagangai are tabulated in Table 2.
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Table 1 Training data set of proposed model parameters (comprising the measured and evaluated
input parameters) for Madurai/Sivagangai during (1961-1990)

Training period H/H, S/So T/ T AM
January 0.408485 0.4981 0.004594 1.1647
February 0.475178 0.4962 0.004758 1.089
March 0.559899 0.4957 0.004957 1.0244
April 0.587719 0.4966 0.004921 1.0015
May 0.69554 0.4927 0.004939 1.0127
June 0.722052 0.4992 0.004939 1.027
July 0.695404 0.5015 0.004921 1.0199
August 0.634385 0.5035 0.004921 1.0032
September 0.562624 0.504 0.004867 1.0114
October 0.440609 0.5037 0.004758 1.0637
November 0.377241 0.5022 0.004667 1.1428
December 0.376478 0.5007 0.004594 1.1922

Table 2 Empirical constants for the proposed model for Madurai/Sivagangai

Training period | Empirical constants for Madurai/Sivagangai
a b c d e f

January 0.3284 —0.7469 0.1224 0.6445 1.043 0.2896
February 1.6781 —1.4378 1.3805 —0.0744 | -2.1012 —0.744
March 10.8872 | —13.4546 |—8.5434 —1.5638 | —8.9353 —1.2921
April 0.6676 —0.6244 | —0.1145 0.1751 1.1518 0.2310
May —0.8909 1.2945 2.8468 —3.0847 4.4550 0.5969
June —11.0506 5.7176 6.4529 | —12.3908 | —3.2989 8.6333
July 0.5529 —0.5874 0.5659 0.6156 1.1353 0.207
August —0.6611 —0.0010 0.8371 —1.8810 | —1.6701 1.3361
September 1.3152 0.2649 | —0.9630 —0.8408 | —0.0895 —0.5272
October 0.6667 1.0000 | —0.5000 0.8333 [9.07e—11 |—0.6667
November 0.8113 0.2286 0.0053 0.5319 | —1.3049 —0.5357
December —0.1683 0.3910 0.0153 —0.2364 0.1970 0.3136

Similarly, the training data set for Chennai were employed in determining the
empirical constants of the modified multi-parametric model. The training data set
for Chennai is tabulated in Table 3 and the associated empirical constants are made
available in Table 4.

The basic Angstrom-based sunshine models such as linear, quadratic and cubic
were also formulated for the locations of Madurai/Sivagangai and Chennai to
compare the performance accuracy of the same and the proposed multi-parametric
model. The proposed Angstrom-based constants of linear, quadratic and cubic
models for Madurai/Sivagangai and Chennai are tabulated in Tables 5 and 6
respectively.
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Table 3 Training data set of proposed model parameters (comprising the measured and evaluated
input parameters) for Chennai during (1961-1990)

Training period H/H, S/So T/ T AM
January 0.458509 0.4975 0.004576 1.2054
February 0.541023 0.4948 0.004812 1.1167
March 0.607537 0.4944 0.005302 1.038
April 0.683374 0.4955 0.005666 1.0031
May 0.767807 0.492 0.006083 1.0057
June 0.779793 0.4991 0.005902 1.0157
July 0.730715 0.502 0.005684 1.0105
August 0.659156 0.5046 0.005484 1.0013
September 0.584128 0.5054 0.00543 1.0202
October 0.457592 0.5045 0.005085 1.0864
November 0.394036 0.503 0.004721 1.1798
December 0.396513 0.5008 0.004576 1.2374

Table 4 Empirical constants for the proposed model for Chennai

Training period Empirical constants for Chennai
a b c d e f

January —0.226 1.364 0.997 —0.035 —1.047 —0.192
February 0.841 —0.681 —0.180 —0.459 0.596 0.119
March 2.810 1.510 —-1.070 —2.900 2.490 —2.270
April 0.080 —-1.120 0.200 —1.600 1.260 1.290
May 1.560 —1.070 —0.980 0.140 —1.010 —0.040
June 1.130 —0.400 0.630 0.590 —0.270 —0.370
July —0.080 —0.990 0.490 1.310 0.360 1.000
August 1.340 —0.890 0.040 —0.530 —-0.320 —-0.170
September 0.310 0.530 0.430 —0.790 —0.230 —0.010
October 2.550 —0.100 0.510 2.280 0.410 —2.280
November 0.100 1.391 0.728 —0.154 —0.037 —0.4842
December 0.126 —0.006 —-0.510 2.990 6.9290 —0.0080

The proposed models are compared for suggesting the highly acceptable model
suited for prediction of monthly average daily global irradiance tested for locations
of Madurai/Sivagangai and Chennai.

3.2 Performance Study of Irradiance Prediction Models

There exist certain performance indicators for prediction models indicating its
prediction accuracy. These include mean bias error (MBE), root mean square error
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(RMSE), mean percentage error (MPE), mean absolute bias error (MABE) and
mean absolute percentage error (MAPE). The mean bias error gives accurate
information on the long-term performance of the model. This allows term by term
comparison of actual deviation between the predicted and actual response [25].
A low value of MBE is always desired for better accuracy of the proposed model.
A positive value of MBE shows an overestimate, while a negative value an
underestimate by the model. The RMSE test gives the information on the short-term
performance of the proposed model [61]. The value of RMSE is always positive.
The following equations deliver the statistical performance indicators for a pre-
diction model.

MBE = G) > (Hprea — Hineas) (19)

RMSE = ((%) > (Hprea — Hmeas)z) v (20)

MPE — G) S ((Hprot — Hineas)/Hinas) % 100 (21)

On reality, prediction models usually possess low values of MBE, RMSE and
MPE indicating acceptable prediction limits. The maximum deviation between the
actual and the predicted response values (mean percentage error) should lie between
+10 % for a model to satisfy predictive nature. If the mean absolute percentage
error (MAPE) is <10 %, then the model has higher prediction accuracy and if
10 < MAPE < 20 means good prediction. MPE > 20 indicates inaccurate
prediction [62].

The values of statistical indicators are evaluated during validation and are
compared for the suggested multi-parametric and sunshine-based models. The
evaluated statistical indicators are compared for Madurai/Sivagangai during vali-
dation (2011-2013). The performance comparison is tabulated in Table 7.

The modified multi-parametric model encompassing significant factors proves to
be better accurate and acceptable than basic sunshine based models for prediction of
monthly average daily global horizontal irradiance for Madurai/Sivagangai. This is
justified from Table 7, where a least MAPE of 2.29 % occurs for the modified
multi-parametric model. A similar comparison of percentage error or deviation is
made among the modified multi-parametric model and the existing multi-parametric
models for the case of Sivagangai during training or model formulation. Selected
multi-parametric models whose input parameters were found available was con-
sidered. The models which fall in this line were reported by literatures as seen in
[63—65]. A performance comparison of deviation among the actual and predicted
values of global irradiance obtained through the existing and the proposed
multi-parametric model is made for the location of Sivagangai and is tabulated in
Table 8.
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Table 6 Sunshine based empirical constants for Chennai

Training period | Linear model Quadratic model Cubic model
a b a b c a b c d

January 0.16 0.6 0.608 —0.400 0.200 0.055 0.446 0.58 0.29
February 0.7825 —0.488 2.560 —4.450 0.750 0.754 | —0.21 —-0.77 0.66
March 1.427 —1.658 1.107 —0.612 | —0.806 0.757 | —0.15 0.38 | —-1.41
April 0.079 1.2197 | 0.449 0.589 |-0.233 0.87 —-1.30 -0.71 5.21
May 0.1883 1.1778 | 0.951 0.515 | —1.806 | —0.01 1.57 0.76 | —1.53
June 1.901 —2.246 —5.6e—3 1.63 —-0.12 0.98 —0.28 —-0.29 0.04
July -0.7 2.85 0.96 —-0.50 0.072 | -1.2 4.6 -1.0 -1.0
August —0.1115 1.5274 | 3.854 —4.208 | —4.208 0.57 -0.27 0.29 1.13
September 0.5123 0.1419 | 1.286 —0.754 | —1.254 0.50 0.277 | -0.14 | -0.14
October 1.4740 —2.014 0.865 —1.632 1.632 | —0.28 1.28 -1.28 3.28
November 1.4000 —2.000 —0.031 0.562 0.562 | —0.82 1.105 1.86 1.52
December 26.06 —51.25 0.688 —0.488 | —0.188 0.284 0.50 —-0.20 |-0.70

Table 7 Performance comparison for the proposed models during validation for Sivagangai

Statistical performance Linear Quadratic | Cubic Modified
indicators multi-parametric model
MBE (kWh/m?*/day) —0.106 —0.1082 —0.1032 | —0.1059
RMSE (kWh/m?*/day) 0.2533 0.2577 0.2566 0.2420
MPE (%) 1.9040 1.9430 1.8500 1.8900
MABE (kWh/m?/day) 0.1423 0.1457 0.1437 0.1253
MAPE (%) 2.6033 2.6705 2.6284 2.2900

Table 8 Performance comparison among the existing and the reported multi-parametric models

for Sivagangai

Monitored % error for % error for % error for % error for proposed
period [63] (%) [64] (%) [65] (%) multi-parametric model
January 13.92731 —14.6246 2.649734 0.002878

February —2.35788 —2.34319 1.019544 —0.01721

March —13.9682 8.728655 1.586171 —0.03314

April =7.61535 9.613422 2.483227 —0.00439

May 5.823812 5.004125 3.4477 0.004055

June 11.50724 1.430333 —3.79753 0.232906

July 11.17679 —0.85644 —6.35005 0.058892

August 3.219488 5.195329 —2.32099 —1.30617

September —1.41395 10.80888 5.435546 —0.03205

October —10.0784 —0.19466 —0.49072 —0.05847

November —5.2859%4 —14.8999 —3.33001 0.190918
December 6.761487 —19.4203 —1.46601 0.017024




Empirical-Based Approach for Prediction ... 157

Table 9 Performaﬂche Prediction Models for Chennai MAPE (%)
zzggsgsfr?df}?:'r’fpgrfe 4 Modi and Sukhatme [66] 8.87
models for Chennai during Mani and Rangarajan [18] 9.39
validation Veeran and Kumar [19] 9.03
Sivamadhavi and Samuel [67] 4.7
(Sunshine (linear))
Temperature (linear) [67] 11
Taminy/ Tagmax) [671] 11.3
Relative humidity (linear) [67] 10
Wind speed (linear) [67] 10.6
Precipitation (linear) [67] 8
Rainy days (linear) 7
Proposed multi-parametric model 0.07

The proposed model of the form as in Eq. (18) lies close to the actual or the
measured values of global irradiance during the training. This is reflected in the
least value of percentage error as seen in Table 8. Similarly, the modified
multi-parametric model is also applied for Chennai with the evaluated empirical
constants and testing data set. A performance comparison of MAPE is made among
the existing prediction models for Chennai [18, 19, 66, 67] during validation,
considered for the duration from 1980 to 2009. This comparison is made available
in Table 9.

The modified multi-parametric model works out well for the prediction of global
irradiance for the location of Chennai. This is made evident from Table 9, showing
the multi-parametric model as in Eq. (18) to experience least MAPE of 0.07 % than
the reported models. The proposed multi-parametric model possess better prediction
accuracy due to the fact of encompassing significant input factors affecting global
irradiance. Hence the selection of suitable model for prediction of global irradiance
lie in the availability of model inputs and in the addition of significant factor
justified through established physical laws.

4 Energy Prediction Model Emphasized Through
Performance and Exergy Analysis

Prediction of energy delivered by a typical photovoltaic system forms a major
aspect towards achieving reliability, which is one of the greatest challenge in
context to power system operation. This section contributes to the formulation of
energy prediction model for prediction of long term (monthly average daily) AC
energy generation.
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The existing Sandia inverter empirical model employs four equations which are
the function of DC power input and the electric self-consumption [68]. The theo-
retical estimation of DC power output, further depends on models such as Sandia
photovoltaic array dependent model and California Energy Commission model [5]
which further lies dependent on more number of input parameters such as direct and
diffuse radiation, module characteristics, array layout, diode current, reverse satu-
ration current, series and shunt resistance increasing complexity. Thus to reduce the
complexity and to make the model most applicable for pre-sizing and installation
study, an empirical model independent of module system parameter is highly
recommended. This forms the objective for the present section.

The evaluation of an empirical model for energy prediction follows the similar
steps of methodology as adopted in formulation of global irradiance prediction. The
performance analysis (electrical study) and exergy analysis (thermal study) form the
preliminary study emphasizing factor addition towards empirical model
formulation.

4.1 Performance Analysis of Solar PV Distribution System
(Grid Connected PV System)

The performance analysis for a grid connected PV system deals with the evaluation
of performance indicators such as energy generation, yield, performance ratio and
efficiency for the monitored duration. Most commonly, monthly average daily
based comparison for an annual period is commercially practiced. Hence monthly
average prediction is rightly dealt. Furthermore, the most unique performance
indicator occurs to be the AC energy generation through which the key performance
indices like final yield, performance ratio and capacity factor is made available.
Thus the prediction of AC energy generation for a solar photovoltaic system lies
important.

The reason for the variation of key performance indices with respect to moni-
tored input identifies the input factors affecting the same. The significant factor
affecting the AC energy generation is emphasized through baseline regression
analysis employed in RETscreen plus.

A typical case study of 5 MW, PV system is considered whose energy gener-
ation is to be predicted. The plant lies operational at Sivagangai. The measured AC
energy generation for the monitored duration is shown in Fig. 5. The AC energy
generation varied from a minimum value of 19413.1 kWh/day (December) to
27482.8 kWh/day (September). Similarly, the monthly average daily global irra-
diance varies from a minimum of 4.388 kWh/m*day in December to
5.986 kWh/m?/day during September. Hence the variation of AC energy generation
and global irradiance occurs hand in hand. An increase in global irradiance sub-
sequently increases the AC energy generation.
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Fig. 5 Monthly average
daily variation of AC energy
generation and global
irradiance for 5 MW, PV

—a— Global horizental irradiance
—u— AC energy generation
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The calculated monthly average daily variation of final yield for the monitored
duration for the 5 MW,, PV plant is shown in Fig. 6. The nature of variation in final
yield is similar to the annual variation of AC energy generation, which ultimately
depends on the global irradiance.

Thus, the significant effect of global irradiance towards AC energy generation is
emphasized by Figs. 5 and 6. Furthermore, the same is justified by adopting
baseline regression analysis through RETscreen plus. The input factors such as
global irradiance and ambient temperature are varied with respect to the response to
be predicted or the AC energy generation. The regression coefficient occurring
between their variations mark the closeness between the same. The higher the value
of regression coefficient, the significant is the considered input parameter towards
energy generation. Table 10 represents the effect of variation in global irradiance
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Table 10 Effect of variation of H and 7, towards energy generation and efficiency

Estimated performance
indicator (Y,-Y3)

Plot of X,
versus (Y1-Y3)

Plot of X,
versus (Y,-Y3)

R? for X,
versus (Y1-Y3)

R? for X,
versus (Y1-Y3)

Eac

H versus E,.

T, versus E,.

0.94

0.40

PV module efficiency 7,

H versus 7,y

T, versus 7y

0.96

0.43

Inverter efficiency #;,y

H versus i,y

T, Versus #iny

0.68

0.49

(H) and ambient temperature (7,) towards the key performance indices such as
energy generation and efficiency as obtained from RETscreen plus.

As inferred from Table 10, the input parameter T, is found to be less significant
towards energy generation and efficiency. This lies behind the value of R* which
varies between the ranges of 0.40 and 0.49 indicating the parameter of T, to be less
significant on comparison to global irradiance. Hence the emphasized input factor
through performance analysis is the global horizontal irradiance. This is considered
as one of the input factor for formulation of empirical model for energy generation.

Multi-parametric system independent energy prediction models are preferred
over single parametric energy models. This is because the multi-parametric
empirical prediction models experience better prediction accuracy. Hence, the
formulation of multi-parametric model is followed for energy prediction too.

4.2 Exergy Analysis of Solar PV System

The effect of photovoltaic deals with the creation of power on exposure of the PV
material to sunlight. During the process of power generation, there also occurs
simultaneous dissipation of heat or thermal energy. The amount of thermal heat loss
dissipated varies with the sizing of PV system. This loss of heat plays a significant
role in affecting the performance or the energy generation of the PV system. Thus
the knowledge on exergy, which accounts for the variation of thermal exergy loss
towards efficiency thereby energy generation is essential for knowing its signifi-
cance. The term exergy and its concept were first put forward by Gibbs in 1873 [69]
and were further developed by Rant in 1956 [70]. Exergy analysis is basically
derived from the second law of thermodynamics. Thus, exergy is more concentrated
than energy as it considers all the irreversibility’s present in the on-site operation of
the plant yielding more meaningful efficiencies approaching to the ideal.

Exergy analysis plays a decisive role in analysis, improvement, design, assess-
ment and optimization of the energy system [71]. The main key features of this
analysis are to provide a true measure of actual plant performance and to identify
the types, causes and location of thermodynamic losses in the system. The objective
of exergy analysis in the present study is to emphasize the significance of thermal
exergy loss and module temperature (resulted due to the dissipation of thermal loss)
toward energy generation. Though the concept of exergy is dealt with the PV side,
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the same remains unchanged on integrating the PV array system to the grid. Hence
the accountability of thermal loss towards energy modelling remains important.

4.2.1 Assessment of Thermal Exergy Loss
Exergy balance of solar photovoltaic as seen in [72] can be written as

Exergy input — Exergy output — Exergy consumption = Exergy accumulation.

(or) Exergy input — (Electrical exergy — Thermal exergy) = Energy destruction
The thermal exergy loss can be theoretically evaluated [73] as given in equation

T.
Thermal exergy = UA(Ty, — Ty) (1 - T—a) (22)
m

U represents the overall heat loss coefficient in (W/m2 °C). T,, represents the
module temperature. The convective heat transfer coefficient ‘i’ is given by Boyle
(2004) [74]

he = 5.7 + 3.8, (23)

The radiative heat transfer coefficient is small and hence considered to be
negligible.

The assessment of thermal exergy loss is carried out for the 5 MW, PV plant to
justify the addition of it towards energy prediction. The evaluated monthly average
daily thermal exergy loss over the monitored duration of the 5 MW, PVplant is
shown in Fig. 7. The thermal exergy loss is found to increase with increase in
ambient temperature. The increase in ambient temperature further increases the
module temperature. Hence, as the module temperature increases the thermal
exergy loss subsequently increases. Hence the module temperature, also acts as a
significant factor affecting thermal exergy loss influencing energy generation.

The variation of thermal exergy loss with respect to AC energy generation for
the 5 MW,, PV plant is shown in Fig. 8.

The value of R? justifying or indicating the effect between thermal loss and AC
energy generation (E,.) is found to be 0.771. This greatly implies the justification
for inclusion of thermal exergy loss for modelling energy generation. Similarly, the
dependence of thermal exergy loss towards energy generation for a 160 kW, PV
plant [75] is shown in Fig. 9. The variation of E4. with respect to thermal exergy
loss rightly represents the variation of E,. with respect to Exy. The factors
influencing the DC energy generation is considered influencing AC energy gen-
eration. The value of R is also high amounting to 0.846 emphasizing the effect
between energy generation and thermal exergy loss.
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Fig. 7 Monthly average
thermal exergy loss generated
by 5 MW,, PV system and the
monitored temperature
difference

Fig. 8 Variation of thermal
exergy loss over AC energy
generated for a 5 MW, PV
system

Fig. 9 Variation of thermal
exergy loss over AC energy
generated for a 160 kW, PV
system
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Fig. 10 T,, versus E,. for

300
67.84 kW, PV system [77]

250
200

150

AC energy generation (kWh/day)

0 10 20 30 40
Module temperature (degree celsius)

Thus, the effect of thermal loss significantly affects the AC energy generation.
Furthermore, the effect of module temperature also influences AC energy genera-
tion. This is justified by certain case studies which are described as follows. The
effect of module temperature with respect to E, for a 1.72 kW, roof top PV plant
[76] generates the regression coefficient value between the same to be 0.734. The
performance of 67.84 kW, PV system [77] possesses an R? value of 0.767 as
shown in Fig. 10.

The higher the value of R? approaching ideality, the more is the significance of
response with respect to the input. Thus, the inclusion of T}, towards formulation of
long-term energy prediction model is well supported by long term realistic PV plant
studies.

Ultimately, the factors influencing the DC energy generation of a PV system
influences the AC energy generated by the system too. The DC energy of the
system varies with AC energy with an assumed constant of proportionality in most
cases or the inverter efficiency.

Thus, the AC energy generated can have its dependence as

E,. = function (Eq4c, iny) — Eac = function (T, Exy,); [from exergy analysis] (24)
Thus, as inferred from Eq. (24), the AC energy generated by the system is

influenced by significant factors such as module temperature and thermal exergy
loss as concluded from exergy analysis.

4.2.2 Formulation of Empirical Model for Energy Prediction

The input factors affecting the AC energy generation, termed significant are the
global horizontal irradiance (H), module temperature (7,,) and thermal exergy loss
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(Exg,). These are the individual input factors contributing towards the formulation
of empirical model for energy prediction.

The possible combinations of constituted input factors which are significantly
affecting the energy generation include H, T,,, Exy,, (H * Ty,,) (H * Exy,), and H>.
The interactions of the main effects include (H * T,,) and (H * Exy,). Thus the
proposed non-linear model is of the form

E, = a+bH + Ty + dExy, + eHTy, + fHExy, + gH> (25)

The empirical coefficients in the proposed model such as q, b, c, d, e, fand g as
in Eq. (25) can be calculated for a solar PV system installed at a particular location
employing least square criterion. Thus the proposed model can be made applicable
for a location with the assistance of certain input data set called the training data set
corresponding to a location.

Thus applying Eq. (25) employing the measured and evaluated training data set
the proposed equation for prediction of AC energy generated by a5 MW, PV plant
at Sivagangai employing predicted irradiance (obtained from Eq. (18)) is given by

E,. = —22550 — 11585H +3590.4T,, 4+ 5.0718Exy, — 723.72HT,

) (26)
— 0.302HExy, 4+ 3936.9H

The proposed model is compared with the other existing models as cited in [11,
13, 45]. The absolute mean percentage error varied from a minimum to a maximum
of 1.13-7.37 % for the proposed model and the same for the models proposed by
Krebs and Gianolli-Rossi [11], Mayer et al. [13], International Energy Agency [45]
varied from 0.3 to 24.79 %, 0.5 to 8.4 % and 0.5 to 9.47 % respectively. This is
depicted in Fig. 11, which shows the proposed model to be highly acceptable for
prediction of monthly average daily energy generated by a PV distribution system.

Fig. 11 Comparison of MPE 20 ~4— MPE proposed
for the existing with the - = MPE[13]
proposed model for MPE [45]
Sivagangai during training e

(2011-2012)

Monitored period (month)

MPE for energy prediction models (%)
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Fig. .12. MPE of the energy 30 SR
prediction models for a — —&— MPE for [45]
1.72 kW, PV plant at Durban 20 / \ —A— MPE for [13]
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The modified form of energy prediction model and the existing models is also
applied to a reported case study of 1.72 kW, [76]. A performance comparison of
MPE is made among the models and is represented in Fig. 12.

As seen from Fig. 12, the mean percentage error for the individual observations
is least for the proposed energy prediction model than the reported energy pre-
diction models. The adaptability of suggested energy prediction model for varying
peak power capacity is also inferred on its application to PV plant at Durban.

The advantage of the modified empirical energy prediction model lies in the
incorporation of system independent or metrological factors for energy prediction.
Furthermore, the model is limited to real-time monitored input parameters such as
ambient temperature and wind speed. In addition, the improved accuracy of the
proposed model resulted due to the account of factors emphasized through per-
formance (electrical) and exergy (thermal) analysis.

S Summary

In order to experience improved prediction accuracy multi-parametric model is
preferred over single parametric model. In addition, incorporation of significant
input factors affecting energy generation also plays a vital role in yielding improved
prediction accuracy. An improved empirical model for prediction of monthly
average daily global horizontal irradiance tested for locations of Madurai/
Sivagangai and Chennai are proposed. Furthermore, an improved energy predic-
tion model is also formulated with predicted global irradiance for a 5 MW, PV
system whose AC energy generation is predicted over a long term horizon (monthly
average daily). The advantage of the proposed models includes its limitation
towards real time measured input parameters which is absent in the existing
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empirical model. Moreover, the cost experienced for measuring the independent
model parameters should be less than the direct measurement of the depended
parameter or the desired response (global irradiance and energy generation). This
becomes the adequate necessity of an empirical model. Hence, the proposed models
lie in line with this adequate necessity.
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