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ABSTRACT: In June 2015, the UK fleet of solar photovoltaic (PV) systems reached 7.8 GWp of capacity, but there
are wide gaps in our understanding of the performance of these systems, which has lead to the conservative limit of 10
GWp being imposed on UK PV capacity by the Department of Energy and Climate Change. Here we present the results
of a statistical analysis of real world UK PV systems which donate data to the Microgen Database, of which there are
over 7000. The mean yearly-integrated Performance Ratio (PR) of domestic scale UK PV is 83% with a standard
deviation of 7%. By considering yearly-integrated PR, we have shown that 4.1 % of systems suffered long-term
underperformance relative to their nominal efficiencies during 2013. The mean degradation rate for crystalline Siliconbased PV systems in the UK is -0.8 ± 0.1% per year. The state-of-the-art of UK PV, in terms of technology,
manufacturing, and installation-standards, is found to have increased by 1% per year between 2002 and 2013.
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INTRODUCTION

performance checking in the form of interactive maps and
nearest neighbour comparisons. The majority of data is
measured by the energy meters of the inverters and is
collected from commercial data donors who own/monitor
hundreds of systems using automated data transfers. PR
calculations interact directly with the MgDB so as to
provide regular updates to the live website.

In June 2015, the UK fleet of solar photovoltaic (PV)
systems reached 7.8 GWp of capacity [1]. Previous works
have studied the performance of some PV systems in the
UK [2], but there are few publications [3] which study an
ensemble of systems representative of the UK fleet,
leading to gaps in our knowledge of real-world
performance of distributed PV in the UK. This work
explores the real-world generation of over 7000 distributed
PV systems from the Microgen Database (MgDB) [4], in
order to characterise and quantify performance. The
resulting statistics will help to inform both academia and
industry, whilst also informing Government policy with
respect to PV. We explore areas of key interest to
stakeholders such as performance ratio (PR), state-of-theart and degradation.
These results are highly relevant to the decision
making process undertaken by policy makers in the UK
due to the implications for cost analysis of incentives and
ensuring effective integration into the electricity network.
This is especially true at the time of writing, since the
Department of Energy and Climate Change (DECC) for
the UK Government recently opened a consultation on a
review of Feed-in Tariffs (FITS) for micro-generation PV
to take place in January 2016 [5].
Several thousand PV systems have been monitored
since 2010, with some systems’ historic data spanning
over 7 years. The performance of UK PV has been
characterised by deriving statistics regarding key
performance metrics; PR at a monthly and yearly
integration and PR at standard test conditions (PR@STC).
These metrics then provide the basis for assessing
improvements in the state-of-the-art of PV as well as
deriving an indicative measured degradation rate for PV
performance in the UK.
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Figure 1; Map of the MgDB systems used in this
analysis.
The complete dataset of MgDB comprises PV
generation data from more than 7000 PV systems across
UK (see ), at various temporal resolutions (typically 10min, 30-min, daily or monthly), with historic data
spanning up to seven years [MgDB], although most of the
PV systems were installed after 2011. The dataset is
supplied by a combination of homeowners and
commercial sources and includes both domestic and
commercial scale installations between 0.7 and 69 kWp
with a wide range of orientation and tilt angles. The data
from the MgDB has been subjected to rigorous checks and
validations in order to isolate and remove as much
erroneous data as possible. The standard set of filters
employed prior to analyses is:

DATA AND METHOD

2.1 Data
Distributed PV generation data is collected via the
MgDB website [4], with PV owners using the site as a
portal to upload readings and in return receiving free
monthly Performance Ratio (PR) analysis and peer-to-peer
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interpolated at each of the sites from the UK Met Office
(UKMO) ground based pyranometers [10] using an
inverse distance weighted interpolation as per the
methodology documented by Colantuono et al. [3]. As
with Colantuono et al., the exponent of the inverse distance
is chosen to minimise the mean error across all UKMO
stations using leave-one-out cross-validation (LOOCV).
By applying LOOCV to 96 months (2011-2014) of
interpolated monthly irradiation data, the mean absolute
percentage error (MAPE) of this interpolation method in
UK has been calculated as 5.0%, whilst the mean
percentage error (MPE) of all months, 0.1%, reveals
negligible bias overall. The resulting overall root mean
square error (RMSE) is 4.5%. For this LOOCV we use the
5%-trimmed-mean in place of the mean to account for and
remove the effect of highly localised weather conditions,
which are circled in red in Figure 2. These uncertainty
estimates are in line with those reported by Colantuono et
al. We have calculated the 5% trimmed MPE for each
season during the four year period and find the range to be
between 0.1 and 0.2%, indicating that this interpolation
method is in general resilient to bias in all seasons. The
MAPE increases in winter relative to summer, with values
of 4, 4, 5 and 7% for spring, summer, autumn and winter
respectively.

Use only single array systems since generation
data cannot be decomposed into constituent
arrays.
Use only systems within the UK. This is
necessary since the MgDB website accepts
systems from anywhere in the world, although
in reality only a very small proportion lies
outside of UK.
Use
only
systems
with
0° ≤
𝑜𝑟𝑖𝑒𝑛𝑡𝑎𝑡𝑖𝑜𝑛 𝑓𝑟𝑜𝑚 𝑠𝑜𝑢𝑡ℎ ≤ 90° and 0° <
𝑡𝑖𝑙𝑡 𝑓𝑟𝑜𝑚 ℎ𝑜𝑟𝑖𝑧𝑜𝑛𝑡𝑎𝑙 ≤ 60°.

In some cases system data is investigated manually to
verify to a good degree of confidence that the data should
be removed, for example when considering systems whose
orientation or tilt appears incorrect. After the reading
requirements and system validation has been carried out
4369 systems remain, which are analysed in this study.
Data from the MgDB is prone to human errors on the part
of the donor, for example, entering incorrect system
parameters such as orientation, tilt or installed capacity.
Some of these errors lead to outliers in the distribution of
PR and/or PR@STC which can skew non-robust statistics
such as the mean, 𝜇, and standard deviation, 𝜎. It is
therefore crucial that we are able to identify and isolate
them from the analysis. A simple and reliable method for
removing outliers from a symmetrical distribution is
Tukey’s method [6], which uses the outlier limits in
Equation (1).
𝑈𝑝𝑝𝑒𝑟 𝑙𝑖𝑚𝑖𝑡 = 𝑄3 + 1.5 × 𝐼𝑄𝑅
𝐿𝑜𝑤𝑒𝑟 𝑙𝑖𝑚𝑖𝑡 = 𝑄1 − 1.5 × 𝐼𝑄𝑅
𝐼𝑛𝑡𝑒𝑟 𝑄𝑢𝑎𝑟𝑡𝑖𝑙𝑒 𝑅𝑎𝑛𝑔𝑒, 𝐼𝑄𝑅 = 𝑄3 − 𝑄1
𝑄1 = 25𝑡ℎ 𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑖𝑙𝑒, 𝑄3 = 75𝑡ℎ 𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑖𝑙𝑒

(1)

Tukey’s method proves useful when the aim is to
remove all outliers which do not form part of the
symmetrical distribution, which in this context
corresponds to systems that are performing correctly i.e.
no underperformance. This is desirable when we
investigate the degradation since we want our result to be
representative of a fully functioning PV system i.e. we are
only interested in degradation and in the case of
underperforming systems we cannot distinguish between
the degradation and underperformance due to other
factors.
When analysing the distribution of yearly-integrated
PR, it is desirable to include the results for underperforming systems whilst excluding any outliers due to
erroneous data and complete failures. This is complicated
by the fact that the distribution takes the shape of a Weibull
distribution [7] [8] which is non-symmetric and features a
long tail at lower values. To achieve this, we employ a
method developed specifically in the context of PV fault
detection [9] whereby the upper limit is the median, 𝜇1/2 ,
plus 3𝜎1/2 and the lower limit is 𝜇1/2 minus 6𝜎1/2
(Equation (2)). The statistic 𝜎1/2 is the standard deviation
of all values above the median, that is, the standard
deviation of the observed normal part of the distribution.
𝟏
𝟐
𝝈𝟏/𝟐 = √
∑[𝑷𝑹 − 𝝁𝟏/𝟐 ]
𝑵𝟏/𝟐

Figure 2; Distribution of errors for interpolated
irradiation using LOOCV across 96 months.
The interpolated monthly GHI is decomposed into
direct and diffuse components according to Page [11]. The
direct and diffuse components are then transposed to the
inclined plane and summed to give the Global Tilted
Irradiation (GTI) using Klein & Theilacker [12].
2.3 Monthly and yearly-integrated PR
Performance Ratio (PR) is widely used metric for
comparing relative performance of PV systems whose
design, technology and location differ [13]. PR is defined
in Equation (3):

𝑷𝑹 =

𝑬⁄
𝜼𝒂𝒄𝒉𝒊𝒆𝒗𝒆𝒅
𝑰𝑷𝑶𝑨
=
𝜼𝒔𝒑𝒆𝒄
𝜼𝒔𝒑𝒆𝒄

(3)

Where 𝜼𝒂𝒄𝒉𝒊𝒆𝒗𝒆𝒅 and 𝜼𝒔𝒑𝒆𝒄 are the achieved efficiency
and nominal efficiency (according to the manufacturer) of
the system respectively (dimensionless); 𝑬 is the energy
generated by the system (kWh) and 𝑰𝑷𝑶𝑨 is the irradiation
incident in the plane of the array (kWh). The achieved
efficiency must be calculated over some arbitrary period.
In the case of a yearly period, we refer to the PR as the
yearly-integrated PR in order to distinguish it from the
mean of the monthly PR across all months in the year,
which is not studied here.

(2)

2.2 Irradiation
Monthly Global Horizontal Irradiation (GHI) has been
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We have analysed the distribution of the yearlyintegrated PR on a histogram after applying the outlier
removal technique described by Equation (1) and have
fitted several continuous distributions in order to quantify
the shape of the distribution and offer reproducibility. We
have graphed mean monthly PR across all systems in order
to demonstrate seasonal variability.

2.5 System level performance degradation
Monthly PR@STC during the months April to
September has been shown to be stable (Figure 6 and 7)
and so it provides a useful benchmark for year-on-year
comparisons of performance. By analysing the monthly
PR@STC during these months on a per system basis over
several years, we have derived an indicative value for the
relative system level performance degradation of UK
distributed PV during the first years of operation. This is
achieved by first normalising the April-September
PR@STC of each system to the earliest value and then
fitting a straight line to the data with a fixed intercept of 1.
Here we present a histogram of the resulting degradation
rates and derive an average rate using robust statistics. In
order to be included, a system must have at least 5 monthly
PR@STC data points spanning at least 3 years.

2.4 Monthly PR@STC
PR fails to take into account the module efficiency
response to variations in module temperature and
irradiance intensity. In the UK these factors are highly
seasonal and as a result there is a significant seasonal and
inter-annual variation in the measured PR. The so-called
Performance Ratio at Standard Test Conditions
(PR@STC) attempts to correct for these effects by
introducing correction terms to the PR calculation.
According to the US National Renewable Energy
Laboratory (NREL) [14], PR@STC is given by Equation
(4):
𝑷𝑹@𝑺𝑻𝑪 =

2.6 State of the art
We have assessed the improvement in the state of the
art of the PV systems installed in the UK by analysing
yearly integrated PR as a function of installation date. A
linear fit on the resulting graph is used to extract the rate
of improvement in the state of the art of UK distributed
PV. Because the date of installation was not available for
all of the PV systems of the MgDB, we have used the
production start date of the installed modules as a proxy
for installation date. In doing so, we have accurately
represented improvements in state of the art due to the
supply-chain and manufacturing process, but will have
introduced some uncertainty with regards to installation
standards since there may be some lag in the correlation
between production start date and install date.

𝑷𝑹
𝒇𝑻 × 𝒇𝑮

𝜹
̅ 𝒄𝒆𝒍𝒍 )]
(𝑻∗ − 𝑻
𝟏𝟎𝟎 𝒄𝒆𝒍𝒍
𝑮𝑷𝑶𝑨
𝒇𝑮 = [𝟏 + 𝒄 𝐥𝐧 ( ∗ )]
𝑮

𝒇𝑻 = [𝟏 −

(4)

Where 𝑷𝑹 is the uncorrected monthly PR; 𝜹 is the
temperature coefficient of power for the installed modules
(%/°C, negative in sign); 𝑻∗𝒄𝒆𝒍𝒍 is the cell temperature at
̅ 𝒄𝒆𝒍𝒍 is the irradiance-weighted mean cell
STC (25 °C); 𝑻
temperature for the month (°C, see Equation (5)); 𝒄 is a
parameter describing the reduction in efficiency due to
decreased irradiance (0.031 for crystalline Silicon cells
𝜂
based on 200 = 0.95); 𝑮𝑷𝑶𝑨 is the mean irradiance-

3

RESULTS AND DISCUSSION

3.1 Monthly and yearly-integrated PR

𝜂1000

weighted irradiance in the plane of the array for the month
(W/m2) and 𝑮∗ is the irradiance under STC (1000 W/m2).
̅ 𝒄𝒆𝒍𝒍 , is
The irradiance-weighted mean cell temperature, 𝑻
given by Equation (5):
̅ 𝒄𝒆𝒍𝒍 =
𝑻

∑𝒋[𝑻𝒄𝒆𝒍𝒍 (𝒋) × 𝑮𝑷𝑶𝑨 (𝒋)]
∑𝒋 𝑮𝑷𝑶𝑨 (𝒋)

(5)

Where 𝑻𝒄𝒆𝒍𝒍 (𝒋) and 𝑮𝑷𝑶𝑨 (𝒋) are the cell temperature
and irradiance respectively at hour 𝒋; and 𝚺𝒋 is the
summation over all hours in the month.
The cell temperature at each hour is estimated using the
Sandia PV Array Performance model [15], which takes
irradiance, ambient temperature, wind speed and module
parameters as inputs. Conveniently, the Sandia model is
available in the “PV_LIB Matlab” library, made available
as an open-source project by the Sandia National
Laboratories PV Performance Modelling Collaborative
[16]. The module parameters determine the heat transfer
coefficients, 𝒂, 𝒃 and 𝚫𝑻, according to the type of array;
for these analyses we use the “Glass/cell/glass” and
“Close-roof mount” values of -2.98, -0.0471 and 1°C
respectively, as recommended by King and Boyson [15].
̅ 𝒄𝒆𝒍𝒍 requires hourly irradiance, ambient
Since 𝑻
temperature and wind speed data, we have only considered
systems close to (within 20 km of) UKMO weather
stations, where this data is readily available.

Figure 3; Histogram of yearly-integrated PR across all
years of data.
The distribution of yearly-integrated PR is presented
in Figure 3. The shape is characterised by a Weibull type
distribution whereby the normal uncertainty in the PR
calculation is superimposed with a long tail to lower
values, corresponding to underperforming systems. We
also fit a Johnson Su distribution in order to provide
reproducibility. The mean yearly-integrated PR is 83.33%
with a standard deviation of 6.68% and a standard error of
0.08%. The median yearly-integrated PR is 84.60%. The
boxplot in Figure 3 displays the Tukey outlier limits
discussed earlier and demonstrates why such limits are
effective in removing underperforming systems, i.e.
systems in the tail of the distribution. The mean is higher
than the values reported recently across Europe [8] [17]
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[18]. Some of this discrepancy may be due to uncertainties
in the interpolation of GHI at the location of the system
since each source of irradiation data will be subject to
different errors. For example, irradiation data from the
Climate Monitoring Satellite Application Facility (CMSAF) has been shown to be subject to bias errors of more
than +15% [19], with a relative mean bias error of +6.2%
in the UK. Another potential source of discrepancy is the
transposition of GHI to GTI.

reasons, monthly PR is of limited use as a means to
monitor PV systems for underperformance and faults.
3.2 Monthly PR@STC
As with PR, the PR@STC is more variable in winter
than in summer, making it of limited use as a monitoring
tool (Figure 6). With PR@STC the dip in summer due to
increased temperatures is less pronounced [7] whilst a
pronounced dip in winter indicates underperformance
during these months. The main driving factor for this
underperformance is thought to be increased shading as a
result of lower solar elevation angles, but the drop in
efficiency of inverters at lower generation levels may also
contribute.

Figure 4; Histogram of yearly-integrated PR in 2013.
Data highlighted in red correspond to systems experience
long term underperformance according to our 𝜇1/2 −
3𝜎1/2 rule.
Figure 6; Mean monthly PR@STC for 2012-2014.

By considering systems with yearly-integrated PR less
than μ1/2 − 3σ1/2 , we can determine the proportion of
systems that are deemed to be underperforming with
respect to their peers. Figure 4 presents the distribution of
yearly-integrated PR for all systems in 2013 once
erroneous data has been removed according to the
6𝜎1/2 /3𝜎1/2 rule discussed earlier. The normal part of the
distribution has been fitted using 𝜇 = 𝜇1/2 and 𝜎 = 𝜎1/2 ,
with underperforming systems highlighted in red. Of the
4181 systems, 171 are deemed to have underperformed in
2013, equivalent to 4.1%.

Figure 7 compares the standard deviation in the
measured PR@STC for each month over all available
systems and all available years. In order to eliminate the
effect of underperforming systems, PR and PR@STC
values were removed according to the Tukey outlier limits.
In general the PR@STC shows less variance and is
therefore an improvement over PR, but the increased
standard deviation during winter months relative to
summer means it is still problematic. Figure 7
demonstrates that PR@STC is consistently accurate from
April to September inclusive and so we choose this period
to assess year-on-year degradation.

Figure 5; Histograms of monthly PR by year and season
for 2012-2014.

Figure 7; Standard deviation of the PR and PR@STC for
each month across all years and all systems.

In figure 5 we see the distribution of monthly PR
broken down into seasons across 3 years of data. It is clear
from the spread in the histograms and the standard
deviations that the PR is less variable in the summer
months than in winter, with spring and autumn falling
somewhere in between. Figure 5 also reveals the year-onyear variation to be significantly less during summer than
in winter, with ranges of 1.8% and 7.5% respectively. This
trend is consistent with that reported in other European
countries with similar climate [8] [17] [20]. For these

3.3 System level performance degradation
Before analysing the distribution of degradation rates,
we remove those that fall outside Tukey outlier limits. These
systems are badly fit by straight line, most probably because
of temporary faults or down time. We weight the
distribution according to the number of years of data
available for each system, since this will effectively weight
towards more reliable fits. The resulting degradation rate
will only be representative of the MgDB sample, which is
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overwhelmingly comprised of crystalline Silicon
technology.
The skew (Pearson's moment coefficient of skewness)
of -2.5 indicates definite shift in distribution towards
negative values. The mean degradation is -0.8% per year
with a standard error of 0.1%, whilst the median is -0.5%
per year. These values are in good agreement with literature
[21] [22]. The 95% confidence interval for the mean lies
between -0.6 and -1.0 % per year.

weighted according to the number of systems each year in
order to calculate the improvement in the state-of-the-art
of UK PV to be 1.0% per year. This is lower than
previously reported [7], but is more robust thanks to a
thorough outlier removal process and the inclusion of
more than one year’s yearly-integrated PR data. The 95%
confidence interval for the gradient is 0.68 to 1.4% per
year. The increase in performance is thought to be driven
by improvements in the manufacturing and distribution
process as well as improvements in installation standards.
The implication for the UK PV industry is that the stateof-the-art of small-scale PV has improved by 10% over the
last decade.

4

CONCLUSION

We have presented a detailed statistical analysis of a
large ensemble of UK domestic scale PV, focusing on
statistics of crucial importance to policy makers, industry
and academia. The yearly-integrated PR in the UK is
found to be higher than the equivalent statistic reported in
other European countries [8] [17] [18]. The discrepancy
with European studies requires further investigation as it
is not clear whether this arises from genuine physical
phenomenon or some undiagnosed source of bias in this or
the other studies considered.
We have identified that 4.1% of PV systems suffered
long term underperformance during 2013, which is also
indicative of the underperformance rate in other years.
We have presented a mean degradation rate for
crystalline Silicon of -0.8 ± 0.1% per year in the UK,
which is in good agreement with values reported
elsewhere [21] [22].
We have established an improvement in the state of the
art of the UK PV industry of 1% per year between 2002
and 2013, amounting to a 10% improvement in the last
decade.

Figure 8; Histogram of degradation rates calculated for
all systems from PR@STC. It is important to note that the
spread in the distribution should be attributed to the
uncertainty in the PR leading to uncertainty in the
degradation.
It is worth noting that the resulting mean differs slightly
depending on whether PR@STC outliers (underperforming
systems) are included or excluded. The mean without
outliers is -0.8%, whilst the mean with outliers is -0.9% per
year. It is not possible to discern whether the
underperforming systems are such because of increased
degradation, or whether the nature of the fault that caused
the underperformance has then led to increased degradation.
It is therefore appropriate to exclude the outliers, and the
resulting mean can be seen as representative of the
degradation experienced by systems that have not developed
any specific faults.
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