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Abstract

This paper presents a generic model for the prediction of the lifetime energy production of
photovoltaic (PV) systems and the assessment of their annual energy vyield in different time
periods of operation. As case studies, it considers domestic PV system generation potentials
in the UK and India to demonstrate the model results across a range of contrasting climatic
and operating conditions. The model combines long term averages of solar data, a
commercial PV system simulation package and a probability density function to express the
range of the annual energy prediction in different time periods of system operation.
Moreover, a sensitivity analysis based on degradation rates and energy output uncertainties
is embedded in the lifetime energy calculations. The importance of the reliability and
maintenance of the PV systems and the energy prediction risks, especially regarding
economic viability, are demonstrated through the PV lifetime energy potentials in these two
countries. It is shown that, even for countries that are significantly different in respect to their
solar resource, PV systems may produce similar amounts of energy during their lifetime for
reasonable assumptions of degradation rates and uncertainty levels.

Keywords: PV System, Lifetime Energy, PV Potential, Annual Energy Yield

1. Introduction

A key aspect for high photovoltaic (PV) system penetration is financial viability, the
assessment of which is dependent on a reliable prediction of the lifetime energy output of
the system. For installation in a particular location, the lifetime energy prediction depends on
a range of parameters, including system design, system technology and the prevailing
climatic conditions. It is also important to consider how the system losses vary with time and
any degradation of system components.

A variety of aspects can influence PV system performance including the PV module
technology used and the location where the system is installed. Other main influencing
parameters are solar irradiation levels, temperature, PV system conversion efficiency,
degradation factors during the lifetime, reliability and operational issues (e.g. shading) (Huld
et al., 2011). In addition, there is also the uncertainty of how these parameters have been
measured or estimated. The Canada Centre for Mineral and Energy Technology found that
the combined uncertainty over a PV system’s lifetime could be up to 7.9% for an average
modelled energy yield (Thevenard and Pelland, 2013). Hence, the uncertainty value cannot
be neglected in PV system performance predictions as it can play a key role in the
judgement of the system’s economic viability.
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It is well documented in the literature that uncertainties in the lifetime energy generation and
solar output degradation can lead to significant investment risk (Drury et al., 2014; Kumar
and Kumar, 2017; Moser et al.,, 2017; Tomosk et al., 2017). However, a methodology to
evaluate photovoltaic generation potentials according to climate and a chosen PV
technology considering degradation and lifetime energy generation uncertainties have not
been presented yet. The research presented in this manuscript addresses this knowledge

gap.

This study uses solar data (irradiation and temperature; PVGIS CM-SAF solar database) for
the UK and India provided by the European Joint Research Centre (European Commission,
2001-2008; Huld et al., 2012). The annual energy output of a domestic, optimally designed
grid-connected PV system has been calculated using the PVsyst software (University of
Geneva, 2010). The default horizon was used and near shading has not been included.
Variations in either of these assumptions would be likely to reduce the annual energy output.
The size of the PV system was 3kW, since the average installed capacity of residential PV
systems in the UK is close to this value (Ofgem, 2015). Although India’s PV market
deployment is currently mainly based on large-scale PV systems, the same system size (3
kW) and technology was assumed for the Indian example system, for comparison purposes.

Optimum lifetime energy values, based on maximizing the simulated annual energy output,
have been calculated for 20 cities across the UK and 36 cities in India. An example of the
annual energy yield in different time periods is presented by comparing the capital cities of
these countries. However, two representative cities (Cardiff in the UK and Patna (Bihar) in
India) were chosen for the detailed comparison of the lifetime energy production because
they are close to both the mean and median values of the results. The study assesses the
domestic PV system generation potentials for the two countries. However, the model
presented in this paper could also be applied to larger systems.

The rest of the paper is organised as follows: Section 2 of the paper presents the
methodology used in order to develop the prediction model, which is presented in Section 3.
The results from the case studies where the model was applied are discussed in Section 4
while Section 5 presents the conclusions of this work.

2. Methodology

A way to define the long-term energy yield of a PV system is to identify the degradation rate
throughout the years of operation. This could be achieved by making indoor or outdoor
experiments, by analysing field data from already installed PV systems or by using a
degradation model to predict behaviour. All the aforementioned methods for identifying the
PV degradation rate, and for ultimately predicting the lifetime energy, have their limitations.
More specifically, for the indoor experiments, it is considered difficult to simulate in detail the
outdoor operating conditions, as it is difficult to reproduce the synergy between different
environmental stresses.

On the other hand, the outdoor experiments require a consistent long-term study and their
results cannot be easily generalised since they are location specific. For reported field data,
there is an uncertainty included in the validity of these data and sometimes the information
provided about these data is limited. Finally, the PV degradation models have constraints
due to the assumptions used in the model or factors/parameters determined by a specific
experiment and then used in the prediction model, as analysed in Ndiaye et al.
(2013).Moreover, for the case of the degradation rate prediction, Phinikarides et al. (2014)
have shown that the degradation rate is not only technology and location dependent but
methodology dependent as well, as there is the risk of overestimating or underestimating the
true degradation rate according to the prediction method used. In this research, the energy
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prediction model uses reported degradation rates from long-term outdoor studies. However,
an assumption is made for the linear correlation between the annual degradation rate and
the annual energy output based on the degradation rate analysis of Jordan et al. (2016).

The basic approach to the lifetime energy yield prediction in this study is presented in the
block diagram below (Figure 1). PV performance is dependent on the PV system design,
module technology and climate. The main parameters regarding the “PV system design” can
be accounted for in the simulated annual energy output. For the main parameters of
“Climate and module material”, only the irradiation and the temperature are routinely
included in the simulations and sometimes, if there are available data, wind speed and
direction. However comprehensive the inclusion of parameters in the simulation, the
performance result is expressed only for the first year of the PV system operation and the
lifetime energy production must extend this by considering the operation of the system
thereafter. Hence, the developed methodology presented here takes into account the
degradation rates and uncertainties included in the annual energy yield in order to predict
the lifetime energy.

PV System Performance

| PV system design | Climate and module material
Il
il

Mechanical design Electrical design Irradiation (e.g. light soaking)
X ¥ ¥
Inclination, Modules connections Temperature (e.g. annealing,
Orientation (series, parallel) thermal stresses)
X ¥ ¥
. . . Clouds (e.g. spectral
Mounting structure Array/inverter ratio sensitivity)
¥ .2
Shadings Other climate (e.g. wind,

humidity)

Figure 1: System performance influencing parameters

Furthermore, as it was stated in the introduction, the degradation rates and uncertainties
considered in this study concern a 3 kW optimally designed grid-connected PV system (i.e.
orientation due south, optimum tilt angle in respect to each location, no shadings, default
horizon, optimum inverter/array ratio) analysed in 20 cities across the UK and 36 cities in
India. In order to optimise the design according to inverter/array ratio of the system, a 2.5
kW inverter was used for the simulations in the UK cities while a 3kW inverter was used for
the simulations in the Indian cities. The technical specifications of the PV module and
inverters used in the PV system design are presented in Table 1.

Table 1: PV system technical specifications

Multi-crystalline PV

Value PV inverter UK Value India Value
module
Number of cells 60 For the DC side
Maxmum power 250 W Maximum DC 2600W 3150W
rating (Ppmax) power
Open circuit voltage 376V . Operating MPPT 175 — 560V 210 — 560V
(Moc) input voltage range
Maximum power 30.9V | DC nominal voltage 530 V 530 V
voltage (Vupep)
Short circuit current 8.68 A Maximum input 700 V 700 V
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(Isc) voltage
Maximum power 8.1 A No. of independent

current (Iypp) MPP trackers
Nominal operating Maximum DC
cell temperature 475C current at each 15A 15A
(NOCT) MPPT
Temperature 0.038%/C | For the AC side
coefficient of Igc
Temperature - .
coefficient of Ve 0.329%/C AC Nominal Power 2500 W 3000 W
Temperature o Maximum AC B B
coefficient of Ppax -0.44%/C Voltage range 180 — 280V 180 — 280V
Bypass diodes 3 f Nominal AC 50 + 4.5 Hz 50 + 4.5 Hz
requency range
Module efficiency (n) | 45 5, Efficiency: 96.3%/95.3% | 96.3%/95.3%

Maximum/Euro-eta

2.1 Degradation Rates

One of the most important issues is to establish representative degradation rates but the
literature in this regard is diverse and not straightforward to interpret, requiring a careful and
thorough analysis. An analytical review on the reported degradation rates for different PV
technologies states an average degradation rate for the crystalline silicon technology of
0.7% per year and a median value of 0.5% per year. By considering the reported rates only
for the crystalline silicon systems, it can be observed that their median degradation rate
does not exceed 1% per year (Jordan and Kurtz, 2013). However, for India, which has
diverse and harsh climates, the Solar Energy Centre (now the National Institute of Solar
Energy (NISE)) reported a degradation rate up to 2.8% per year for a 10-year old crystalline
silicon PV system installation (Sastry et al., 2010).

In this study, 0.5% and 1% degradation rates per year are considered for the sensitivity
analysis of the lifetime energy prediction in the UK. However, for the case of India, 1% and
3% degradation rates are included in order to demonstrate the influence of a harsh
environment to the lifetime energy yield.

Field studies, which were conducted in harsh environments, have reported annual
degradation rates of around 1.1% (Kahoul et al., 2014) and up to 2.96% (Ndiaye et al.,
2014). For example, Kahoul et al. (2014) discusses a study conducted in the Sahara region
over a period of 11 years for mono-Si modules. The region is characterised by high ambient
temperatures while the monthly maximum ambient temperature was more than 40°C during
10 out of the 12 months of the year. Ndiaye et al. (2014) discusses a study conducted at
Dakar in Senegal, which has a tropical environment. Two mono-Si and two multi-Si modules
were examined for the first few years of their operation. Three out of four modules had an
annual degradation rate of more than 1.5% for the examined period. Hence, by considering
the 1% and 3% annual degradation rates for India, it can be said that it is a realistic
assumption and can actually express the PV potentials of a harsh environment (Dubey et al.,
2014; Ying Ye et al., 2014; Sharma and Chandel, 2016).

2.2 Uncertainties

According to a study by Thevenard and Pelland (2013) on the uncertainties in long-term
photovoltaic yield predictions, these can be divided into three categories. The first category
includes the uncertainties of the irradiation computation at a specific location and the year-
to-year variability of the annual irradiation. The year-to-year variability uncertainty is not
included in this paper, as the study considers long-term averaged solar data. Hence, the
uncertainty value considered for the irradiance computation is 5% according to the PVGIS
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CM-SAF database (European Commission, 2001-2008). The second category refers to the
uncertainty concerning the transposition model. The transposition model calculates the
incident irradiance on a tilted plane from the horizontal irradiance. It has been found that,
when the global irradiance is known, the mean bias error of the transposition model is
between 0% and -6% for a south oriented array with optimum tilt angle. Based on this,
Thevenard and Pelland (2013) concluded that a realistic assumption for this uncertainty is
3%. Hence, this study uses a 3% uncertainty for the transposition model as the energy
predictions are for optimally designed systems. The third category includes the uncertainties
regarding the PV system performance i.e. module power tolerance, dirt and soiling losses
etc. Regarding these uncertainties, PVsyst software accounts for the following factors in the
simulations made for this study: losses due to temperature, losses due to irradiance level,
wiring ohmic loss (loss fraction 1.5% at standard test conditions (STC)), array soiling losses
(loss fraction 3%), module quality loss (loss fraction 1.5%), module mismatch loss (loss
fraction 2% at maximum power point (MPP)), incident effect loss (ASHRAE
parameterization, parameter by=0.05), and inverter losses.

In addition, there is an uncertainty regarding the accuracy of the PV system simulation.
According to PVsyst software, this uncertainty is around 3% (University of Geneva, 2010).
However, the simulation accuracy uncertainty in this study is assumed to be 6%, since,
according to a survey by PHOTON magazine in 2011, comparing 20 PV simulation
programs regarding their yield prediction at three different sites, the maximum difference of
the PVsyst yield prediction to the measured yield was 6% (Mermoud, 2011). Hence, the
uncertainties considered for the calculation of the PV energy output are the following:

Irradiance computation 5%,

Transposition model 3%,

Extra module power tolerance 3%,

Simulation accuracy 6%,

Extra soiling uncertainty only for the case of India 4%.

YVVYVYYVY

Although PVsyst software already accounts for losses due to module power tolerance
(module quality loss), an additional allowance has been made to account for a change in
tolerance over the system lifetime (Vazquez and Rey-Stolle, 2008). In general, tolerances
are not considered as uncertainties. They are acceptable limits used to define a process or a
product (Bell, 2001). However, in the case of PVsyst software the module power tolerance is
used to calculate the module quality loss while the “extra module power tolerance”, which is
used in this study, is used to account for the uncertainty of these limits over the system
lifetime.

In addition, many areas in India experience dusty environmental conditions, either due to
their climatic characteristics (India Meteorological Department, 2010) or to environmental
pollution. Numerous studies have examined the effect of dust on the PV energy production
and, unsurprisingly, they reveal higher percentages of power loss in dusty environments
and/or during dry seasons (Makrides et al., 2012; Sayyah et al., 2014; Weber et al., 2014).
Hence, an extra soiling uncertainty is considered only for the case of India since the UK
climate does not experience severe soiling effects in the general case (Ghazi and Ip, 2014).
The standard equation that is used for the calculation of the combined uncertainties values
is shown below:

Combined Uncertainty: CU (%) =y/x2 + x2 ...+ x2 , (1)

where x is the uncertainty value in per cent and the indicator n is the number of the values
considered for each calculation. The sum in quadrature of the uncertainties is according to
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the definition of the combined uncertainty where uncertainties of different parameters are
combined (Taylor and Kuyatt, 1994; Birch, 2003).

Therefore, the combined uncertainty values that are considered in the sensitivity analysis
are: 7.81%, 8.37%, 8.89%, and 9.75%. The value of 7.81% is the minimum combined
uncertainty, where only the two main uncertainties are included (irradiance computation and
simulation accuracy), and is used only for the UK calculations. The 8.37% uncertainty
includes the transposition model uncertainty, the simulation accuracy uncertainty and the
irradiance computation uncertainty. The other two uncertainty values also include the extra
module power tolerance uncertainty (combined uncertainty: 8.89%) and the extra soiling loss
uncertainty (combined uncertainty: 9.75%). The first three are considered for the case of the
UK while the last three are considered for India.

3. Model Development

The model developed in this study is based on the reliability model for a photovoltaic module
from Vazquez and Rey-Stolle (2008). Generally, the operation period of a PV system is
assumed to be at least 25 years since the PV module warranties, provided by the PV
manufacturers, are usually around 20-25 years. However, the performance of a system
decreases over time due to various degradation mechanisms. The developed model for the
lifetime energy prediction is based on statistical formulas and takes into account a range of
different degradation rates, taken from installed PV systems and uncertainties reported in
the literature. Even though this model is generic, it can provide climate and technology
specific results since the degradation rates and the uncertainties considered can be
changed according to the location and the PV system technology.

PV system annual energy output is the reference parameter to evaluate the system
performance. A simple calculation approach of the minimum annual energy for a certain year
of system operation can be defined in relation to its first year energy output as follows:

Epmin = Eo X U X (1 = Dcypm), (2)

where Egis the first year energy output, U is the uncertainty factor for modelled average
energy yield over the PV system lifetime (U=1-CU), and Dcym the cumulative annual
degradation factor.

If, for example, the PV system lifetime is taken to be 25 years with an annual degradation
rate of 1% and a combined uncertainty of 9%, the minimum energy in the 25" year of the
system operation would be:

Ep min = Eo % 0.91 X 0.75. (3)

This study, presents a probabilistic approach in order to predict the annual and lifetime
energy yield. Hence, by correlating the value of E, ., to a normal distribution, it is observed
that it is equal to the energy value at the point of —o (on the x-axis) of the normal distribution
graph. In a normal distribution 68% of the values are in the range of +o to —o. About 95%
are within two standard deviations (+20 to —20) while 99.7% of the values are in the range of
+30 to —30. The analysis, in this paper, provides examples with all three deviations in order
to demonstrate the difference in the energy range prediction according to the considered
probability. The PV system energy output, including the uncertainties described above, is
assumed to follow a normal distribution. Generally, the normal distribution is considered
when the values are expected to be near the average value (Bell, 2001). In this model, the
average value is the annual energy in year n. Hence, it can be expected that the prediction
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of the annual energy in year n has the same possibilities to be higher with the ones to be
lower from the average annual energy prediction. The same stands for the lifetime energy
prediction, which is the cumulative average annual energy for every year of the system’s
operation.

The probability density function is the following:
1 1 E-
p(E) = —=exp [-5(=9)7], (4)

where E denotes the system energy output (in kWh), y is the average annual energy (in
kWh) and o is the standard deviation of the annual energy (in kWh). Both the average
annual energy and the standard deviation of the annual energy are time dependent
variables. The average annual energy decreases over the years of the PV system operation
while the standard deviation of the energy increases as the variability of the module power
rating increases due to non-uniform degradation patterns. A linear correlation has been
chosen for these two parameters with respect to time (t). The equations are given below:

u(t) = Eg — (DEyt) ()

a(t) = ag + (bE,t), (6)

where E; is the first year energy (in kWh), obtained from the system simulation, D is the
annual degradation rate, 0y is the first year standard deviation and b is the annual variability
rate of the standard deviation. Following the normal distribution, the relationship between the
combined uncertainty, Eq and oy is given below

Since the standard deviation of the system output energy is not known, the annual variability
rate (b) is determined in accordance with Vazquez and Rey-Stolle’s (2008) study for the

standard deviation of the module output power, which was found to double after 10 years of
field operation. Hence, b is assumed to be equal to:

— X= > —X— (8)

Below is presented a flowchart of the energy prediction model.
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Figure 2: Energy prediction model

It can be seen that the first step is to acquire the first year’s annual energy estimation from
the PV system simulation. Then, the degradation of the system is included by considering
the degradation rates according to the PV module technology and location characteristics.
Further, the uncertainties are also included by considering the input data used to obtain the
annual energy estimation (i.e. simulation, solar data, transposition model, etc.) and the
location characteristics (i.e. extra soiling uncertainty). Finally, the degradation rate and the
combined uncertainty are applied in the probability distribution function in order to predict
either the lifetime energy prediction range or the annual energy prediction range in year n.

4. Results and Discussion

This section presents and discusses the results of the energy assessment model and the
sensitivity analysis, which is embedded in the model. Two annual degradation rates (D) and
three combined uncertainty values (CU) were considered for each country. Hence, there are
6 ranges of lifetime energy predictions (scenarios) for each country. Table 2 summarises the
degradation and uncertainty values for each scenario.

Table 2: Degradation and uncertainty values for the UK and India

Scenario | UK India
1 D=0.5%, CU=8.89% D=1%, CU=9.75%
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D=0.5%, CU=8.37% | D=1%, CU=8.89%
D=0.5%, CU=7.81% | D=1%, CU=8.37%
D=1%, CU=8.89% D=3%, CU=9.75%
D=1%, CU=8.37% D=3%, CU=8.89%
D=1%, CU=7.81% D=3%, CU=8.37%
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Figures 3-5 are presented as an example of this model. They demonstrate the distributions
for the annual and lifetime energy production of 3kW PV systems in London and in New
Delhi. It is observed that the lifetime energy prediction for a residential PV system in London
is between 47,800kWh (-30) and 77,200kWh (+30) while in New Delhi is between
80,700kWh and 130,300kWh, for the case of 1% annual degradation rate and 8.89%
combined uncertainty (UK scenario 4, India scenario 2) (Figure 3). Note that the whole range
of the output probability is being considered here. Since both distributions have been
calculated based on the same uncertainty and degradation values, the percentage
difference of their distribution range is the same as the percentage difference of their first
year energy (Eq). Hence, the normal distribution of the lifetime energy prediction for New
Delhi is 40% wider than the normal distribution for London.

1.00

[ 4
0.90 i \‘
2 080 4 \
S 070 / '
'§ 0.60 /] \
& 050 ! \
& 040 ’l \
g 0.30 \ 7 \
e 020 )
= 0.10 I \ ,’ \
0.00 V4 : \ﬁf : ..

40000 60000 80000 100000 120000 140000

Lifetime Energy Prediction (kWh)

emmmw [ ,ondon @» @e» New Delhi

Figure 3: Normal distribution for the lifetime energy prediction of a 3kW PV systems in London and in
New Delhi (annual degradation rate 1%, combined uncertainty 8.89%, project lifetime 25 years)

Figures 4 and 5 show the variations in the annual energy output through different times of
the system operation. It can be seen that, as the range of the annual energy output
increases over time, it becomes more difficult to assess the annual energy production of the
system. Moreover, the figures have been designed on the same x-axis scale in order to
show the comparison of the annual energy output between these two cities over time.

The deviation of the normal distribution of this model is dependent on the combined
uncertainty value while the energy values are dependent on the annual degradation rate.
Hence, Figures 3-5 offer a comparison between the capital cities of the two countries under
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the same conditions and consequently of the difference in their solar resource (i.e.
theoretical energy potentials).

1.00
0.90
E 0.80 = =T=1styear
E
S 0.70 = == T=10th year
& 060
5] -
'E 0.50 T=20th year
]
E 0.40 T=25th year
0.30 T=40th year
0.20
0.10
0.00 . . .
500 1500 2500 3500 4500 5500
London-Annual Energy Output (kWh)

Figure 4: Normal distribution for the annual energy prediction of a 3kW PV system in London for
different years of the system operation (annual degradation rate 1%, combined uncertainty 8.89%)
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Figure 5: Normal distribution for the annual energy prediction of a 3kW PV system in New Delhi for
different years of the system operation (annual degradation rate 1%, combined uncertainty 8.89%)

For the next section of the analysis, the city of Patna in the state of Bihar in India and the city
of Cardiff in the UK have been chosen in order to capture the diversity of the conditions
between the two countries. These cities have been chosen as representatives for the UK
and India because their first year annual energy output is very close to the average and
median values of the examined cities around the UK and India.

10
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In Figure 6, the comparison of the lifetime energy ranges for the UK and India is shown. For
the case of India, both degradation rates have been considered using the highest
uncertainty value (9.75%) (scenarios 1 and 4). Similarly for the UK, the highest uncertainty
value (8.89%) is used and the relevant degradation rates (scenarios 1 and 4). It is clear that
the deviation of lifetime energy output for Patna is larger as the uncertainty value used is
higher than that for Cardiff. Moreover, the lifetime energy ranges do not differ much for
Cardiff while they differ greatly for Patna. This illustrates that if the system does not have a
good operation and maintenance environment, consequently resulting in producing less
energy, the uncertainty of its economic viability increases regardless of the solar resource
potential of the location. For example, the perceived economic viability for a system installed
in Patna will depend on the chosen value of its lifetime energy prediction. By considering
only the degradation rate, the mean value for the 25 years of system operation would be
expected to be around 101,000 kWh for 1% annual degradation rate while it would be
around 70,800 kWh for 3% annual degradation rate. This alone is a 30% difference in the
lifetime energy prediction. If the uncertainty is also included, for a combined uncertainty of
9.75%, the deviation would be + 17,300 kWh for + 2o and +8,700 kWh for £o. Depending on
the chosen mean value of the lifetime energy, these deviations could give a difference in
lifetime energy prediction of between 9% and 24%. Note that the +0 and + 20 were selected
instead of +30 for the above example because they offer a narrower lifetime energy range
and a sufficient probability percentage, both of which provide a more realistic prediction for
an investor.
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0.90 - ° ., ‘\ ,\ e Patna D=1%,
2 Al U=9.75%
Z 080 - pe \
g 070 - ', . \ e a= Patna D=3%,
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E 030 - J . \ Cardiff D=1%,
= 0
Z 020 - ,I. . \ U=8.89%
0.10 - . \
y ° \'7
0.00 +=a . / — - :
43000 57000 71000 85000 99000 113000 127000
Lifetime Energy (kWh) for 25 years of operation

Figure 6: Normal distribution for the lifetime energy prediction of a 3kW PV system in Cardiff (UK)
and Patna (Bihar-India)

Table 4 presents the lifetime ranges for £ 20 deviation for all the scenarios for Cardiff and
Patna, as representative ranges for the UK and India.

Table 4: Lifetime energy ranges for all the scenarios for Cardiff and Patna

Cardiff, UK(kWh, + 20) Patna, Bihar, India(kWh, + 20)
Upper limit \ Lower Limit Upper limit \ Lower Limit

Scenario
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428
429
430
431
432
433
434
435
436
437
438
439
440
441
442
443
444
445
446
447
448
449
450
451
452
453
454
455
456
457

1 75310 56150 118310 83620
2 74750 56710 116780 85150
3 74150 57310 115850 86080
4 70740 51580 88130 53450
5 70180 52140 86610 54970
6 69580 52740 85680 55900

The average energy yield from already installed PV systems in the UK among five
subsequent years (2010-2014) and for an optimum panel orientation was found to be 994
kKWh/kW per year (Mason, N., 2016). Hence, for a 3 kW PV system, this energy yield would
have been 2982 kWh/year. The first year's average annual energy yield of this model in the
UK is 2800 + 165 kWh (20). According to the model, for the five first subsequent years of PV
system operation (if the system was installed in 2009, first year’s annual energy in 2010), the
average annual energy would have been 2774 £ 200 kWh (20) for Scenario 1. Hence, it is
clearly shown that the model’s energy prediction is very close to the actual field data.
Similarly, for India two locations were validated against field data: 1) a 10 MW grid
connected PV plant at Ramagundam, Telangana, which was monitored for the first year of
its operation (Kumar and Sudhakar, 2015), and 2) a 3 MW PV plant at Kolar, Karnataka,
which was monitored for two subsequent years during its operation (Gajjar et al., 2015).
From the state of Telangana, the model’s first year’s annual energy of a 3 kW PV system is
4720 £ 280 kWh (20) (Scenario 2) while the actual energy yield of a 3kW PV system would
have been 4737 kWh. Further, for Karnataka state the average energy yield from the two
subsequent years of monitoring is 4255 MWh/year. If a 3 kW system is to be assumed, then
the average energy yield would have been 4255 kWh/year. The model gives an average
value of 4630 + 353 kWh (20) (Scenario 2). For the comparisons in India, the model
locations were chosen according to the locations where the actual PV plants are installed
and not as an average value from the 36 cities examined in the model.

Finally, Figures 7 and 8 present the ranges for the lifetime energy prediction for all 6
scenarios for each country. These ranges refer to a 3kW PV system and they have a 95%
probability of occurrence as they account for —20 to +20 of the probability density function.
For the UK cities, it can be observed that most of the lifetime energy prediction ranges lie
between 60,000 to 70,000 kWh. In the southern cities of the UK, this range could be raised
to 70,000 - 80,000 kWh while in the northern cities it could be decrease to 50,000 - 60,000
kWh (Figure 7).
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Figure 7: Lifetime energy prediction range of a 3 kW PV system in the UK-small scale PV potentials
(The x-axis represents the latitudes of the examined cities in decreasing order and is not a numerical
scale)

For India, the variation in the ranges is larger since the degradation rates used have a much
greater difference between them. Hence, it can be observed that most of the lifetime energy
prediction ranges lie between 70,000 to 100,000 kWh, although in certain scenarios there
are areas where the lifetime energy production of a 3 kW system would be less than 70,000
kWh (Figure 8). In addition, because India is a large country and is characterised by various

climates, there is not a straightforward correlation between the solar resource and the
latitude.
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Figure 8: Lifetime energy prediction range of a 3 kW PV system in India-small scale PV potentials
(The x-axis represents the latitudes of the examined cities in decreasing order and is not a numerical
scale. Note that the colour scheme has a different range to that for Figure 7)

The analysis has shown that, while it is expected that, during its lifetime, a PV system in
India will produce higher amounts of energy compared to the UK, due to its greater solar
resource, the environmental stresses might reduce this possibility. Thus, further education
on array cleaning regimes and operation and maintenance issues is needed in countries
such as India for the better exploitation of their solar resource (Mani and Pillai, 2010; Pillai et
al.,2014; Lopez-Garcia et al., 2016). A study regarding the potential of PV systems in
countries with high solar insolation clearly demonstrated the advantage of installing a PV
system in such locations (Makrides et al., 2010). However, the examined location was
Nicosia in Cyprus, which has a Mediterranean climate with different characteristics from the
Indian climates. Hence, this might not be the case for some locations in India where high
solar irradiation is available but the environment is harsh.

The model was validated against the average energy yield of the UK and for two locations in
India. The results were accurate by using a —2¢ to +20 deviation and show that the actual
data are between these limits. However, in order to calculate the economic yield for a PV
system in a certain location, the uncertainties included in the lifetime cost analysis also have
to be considered. A common metric to make an economic assessment of a PV system is the
Levelised cost of Energy (LCOE), which is defined as the lifetime cost divided by the lifetime
energy production of a system. The LCOE formula can take various forms depending on the
variables included in the calculations (Georgitsioti et al., 2014). Some of the variables are
the ones discussed in this study concerning the lifetime energy prediction while the others
concern the lifetime finance of a PV system. Hence, for the economic assessment of a PV
system in a specific location the current market policies and prices have to be acquired as
well as defining any uncertainties included in the financial variables used for the lifetime cost
analysis.
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5. Conclusions

This paper demonstrates the importance of the operation and maintenance conditions of a
domestic PV system and presents a model for the energy assessment and prediction. It
clearly shows that even for these two countries, which are significantly different in respect to
their solar resource, PV systems may produce similar amounts of energy during their lifetime
for reasonable assumptions of degradation rates and uncertainty levels. The uncertainty in
the energy output needs to be considered when assessing the PV system’s economic
viability. As has been demonstrated for the city of Patna in India, depending on the chosen
mean lifetime energy prediction and for a combined uncertainty of 9.75%, the chosen
deviations (i.e. 20 and +20) could give a difference in the lifetime energy prediction between
9% and 24%. Hence, the investor should be aware of the energy prediction risks (i.e.
calculation method of the lifetime energy, chosen lifetime energy mean value, combined
uncertainty value and deviation), especially in investments where a minimum rate of return is
specified. Moreover, the lifetime energy potentials of domestic PV system have been
presented, for realistic assumptions and an optimum system design. The results have shown
an intermediate lifetime energy range of 60,000-70,000 kWh for the UK while for India it was
between 70,000-100,000 kWh, assuming a 25-year lifetime in both cases. Finally, the model
presented is a generic model, which can be modified according to the climatic characteristics
of each location and the PV system technology.

6. Acknowledgements

This work was supported by a joint UK-India initiative in solar energy through a joint project
‘Stability and Performance of Photovoltaics (STAPP)’ funded by Research Councils UK
(RCUK) Energy Programme in UK (contract no: EP/H040331/1) and by the Department of
Science and Technology (DST) in India.

7. References
Bell, S., 2001. A Beginner's Guide to Uncertainty of Measurement. Measurement Good

Practice Guide No. 11 (Issue 2). National Physical Laboratory.
https://www.dit.ie/media/physics/documents/GPG11.pdf, [accessed 05.11.18].

Birch, K., 2003. Estimating Uncertainties in Testing. Measurement Good Practice Guide No.
36. National Physical Laboratory. http://publications.npl.co.uk/npl web/pdf/mgpg36.pdf,
[accessed 05.11.18].

Drury, E., Jenkin, T., Jordan, D., Margolis, R., 2014. Photovoltaic Investment Risk and
Uncertainty for Residential Customers. IEEE Journal of Photovoltaics 4, 278-284.

Dubey, R., Chattopadhyay, S., Kuthanazhi, V., John, J., Vasi, J., Kottantharayil, A., Arora,
B., Narsimhan, K., Kuber, V., Solanki, C., Kumar, A., Sastry, O., 2014. Performance
degradation in field-aged crystalline silicon PV modules in different Indian climatic
conditions. 40th IEEE Photovoltaic Specialists Conference, 8-13 June. Denver CO, USA, pp.
3182-3187.

European Commission, 2001-2008. Photovoltaic Geographical Information System(PVGIS).
(Version PVGIS-4) [computer program].

Gajjar, J., Agravat, S., Harinarayana, T., 2015. Solar PV Energy Generation Map of
Karnataka, India. Smart Grid and Renewable Energy. 6, 333-343.

15


https://www.dit.ie/media/physics/documents/GPG11.pdf
http://publications.npl.co.uk/npl_web/pdf/mgpg36.pdf

559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593
594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613

Georgitsioti, T., Pearsall, N., Forbes, I., 2014. Simplified levelised cost of the domestic
photovoltaic energy in the UK: the importance of the feed-in tariff scheme. IET Renewable
Power Generation. 8 (5), 451-458.

Ghazi, S., Ip, K., 2014. The effect of weather conditions on the efficiency of PV panels in the
southeast of UK. Renewable Energy. 69, 50-59.

Huld, T., Gottschalg, R., Beyer, H., Topic, M., 2011. Mapping the performance of PV
modules, effects of module type and data averaging. Solar Energy. 84 (2), 324-338.

Huld, T., Mdller, R., Gambardella, A., 2012. A new solar radiation database for estimating
PV performance in Europe and Africa. Solar Energy. 86 (6),1803-1815.

India Meteorological Department (IMD), 2010. Climate profile of India.
http://www.indiaenvironmentportal.org.in/files/climate profile.pdf, [accessed 05.12.17].

Jordan, D., Kurtz, S., 2013.Photovoltaic degradation rates-an analytical review. Progress in
Photovoltaics: Research and Applications. 21(1), 12-29.

Jordan, D., Kurtz, S., VanSant, K., Newmiller, J., 2016. Compendium of photovoltaic
degradation rates. Progress in Photovoltaics: Research and Applications. 24 (7), 978-989.

Kahoul, N., Houabes, M., Sadok, M.,2014. Assessing the early degradation of photovoltaic
modules performance in the Saharan region. Energy Conversion and Management.82, 320-
326.

Kumar, B., Sudhakar, K., 2015. Performance evaluation of 10 MW grid connected solar
photovoltaic power plant in India. Energy Reports. 1, 184-192.

Kumar, M., Kumar, A., 2017. Performance assessment and degradation analysis of solar
photovoltaic technologies: A review. Renewable and Sustainable Energy Reviews 78, 554-
587.

Lopez-Garcia, J., Pozza, A., Sample, T., 2016. Long-term soiling of silicon PV modules in a
moderate subtropical climate. Solar Energy. 130, 174-183.

Makrides, G., Zinsser, B., Norton, M., Georghiou, G., Schubert, M., Werner, J., 2010.
Potential of photovoltaic systems in countries with high solar irradiation. Renewable and
Sustainable Energy Reviews. 14 (2), 754-762.

Makrides, G., Zinsser, B., Norton, M., Geroghiou, G., 2012. Performance of photovoltaics
under actual operating conditions. In: Fthenakis G, editors. Third Generation Photovoltaics,
InTech, 201-232.

Mani, M., Pillai, R., 2010. Impact of dust on solar photovoltaic (PV) performance: Research
status, challenges and recommendations. Renewable and Sustainable Energy Reviews. 14
(9), 3124-3131.

Manson, N., 2016. Solar PV yield and electricity generation in the UK. IET Renewable
Power Generation. 10 (4), 456-459.

Mermoud, A., 2011. Note about the PHOTON simulation Software survey — 2011. PVsyst
software evaluation. http://www.pvsyst.com/en/publications, [accessed 05.12.17].

16


http://www.indiaenvironmentportal.org.in/files/climate_profile.pdf
http://www.pvsyst.com/en/publications

614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647
648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668

Moser, D., Del Buono, M., Jahn, U., Herz, M., Richter, M., De Brabandere, K., 2017.
Identification of technical risks in the photovoltaic value chain and quantification of the
economic impact. Progress in Photovoltaics: Research and Applications 25, 592-604.

Ndiaye, A., Charki, A., Kobi, A., Kebe, C., Ndiaye, P., Sambou, V., 2013. Degradations of
silicon photovoltaic modules: A literature review. Solar Energy. 96, 140-151.

Ndiaye, A., Kebe, C., Charki, A., Ndiaye, P., Sambou, V., Kobi, A., 2014. Degradation
evaluation of crystalline-silicon photovoltaic modules after a few operation years in a tropical
environment. Solar Energy. 103, 70-77.

Ofgem, 2015. Feed-in tariff (FIT): annual report 2014-15.
https://www.ofgem.gov.uk/publications-and-updates/feed-tariff-fit-annual-report-2014-15,
[accessed 05.12.17].

Phinikarides, A., Kindyni, N., Makrides, M., Georghiou, G., 2014. Review of photovoltaic
degradation rate methodologies. Renewable and Sustainable Energy Reviews. 40, 143-152.

Pillai, G., Anand, R., Pearsall, N., Putrus, G., Georgitsioti, T., Forbes, I., Perumal, P.,
Srivastava, S., 2014. Role of routine visual inspection in performance monitoring of
photovoltaic (PV) systems. International Conference on Energy Efficient LED Lighting and
Solar PhotoVoltaic Systems,27-29 March. Kanpur, India.

Sastry, O., Saurabh, S., Pant, P., Kumar, R., Kumar, A., Bandopadhyay, B., 2010.
Performance analysis of field exposed single crystalline silicon modules. Solar Energy
Materials & Solar Cells. 94 (9), 1463-1468.

Sayyah, A., Horenstein, M., Mazumder, M., 2014. Energy yield loss caused by dust
deposition on photovoltaic panels. Solar Energy, 107, 576-604.

Sharma, V., Chandel, S., 2016. A novel study for determining early life degradation of multi-
crystalline-silicon photovoltaic modules observed in western Himalayan Indian climatic
conditions. Solar Energy.134, 32-44.

Taylor, B., Kuyatt, C., 1994. Guidelines for Evaluating and Expressing the Uncertainty of
NIST Measurement Results. National Institute of Standards and Technology, Technical Note
1297. https://nvipubs.nist.gov/nistpubs/Legacy/TN/nbstechnicalnote1297.pdf [accessed
05.11.18].

Thevenard, D., Pelland, S., 2013. Estimating the uncertainty in long-term photovoltaic yield
predictions. Solar Energy. 91, 432-445.

Tomosk, S., Haysom, J., Wright, D., 2017. Quantifying economic risk in photovoltaic power
projects. Renewable Energy 109, 422-433.

University of Geneva, 2010. PVsyst. (Version 5.31) [computer program].

Vazquez, M., Rey-Stolle, I., 2008. Photovoltaic module reliability model based on field
degradation studies. Progress in Photovoltaics: Research and Applications. 16 (5), 419-433.

Weber, B., Quinones, A., Aimanza, R., Duran, D., 2014. Performance reduction of PV
systems by dust deposition. Energy Procedia. 57, 99-108.

Ying Ye, J., Reindl, T., Aberle, A., Walsh, T., 2014. Performance degradation of various PV
module technologies in tropical Singapore. Journal of Photovoltaics. 4 (5), 1288-1294.

17


https://www.ofgem.gov.uk/publications-and-updates/feed-tariff-fit-annual-report-2014-15
https://nvlpubs.nist.gov/nistpubs/Legacy/TN/nbstechnicalnote1297.pdf

