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Abstract. The most established key performance indicator for (PV) system performance is the performance
ratio (PR) metric, which is the ratio of the actual to the expected specific yield of a PV system. Accurate PR
calculations are crucial for the PV systems industry, as errors can potentially lead to hidden underperformance,
unfair financial penalties and uncertainty in system value. In systems with high DC:AC ratios, the regular
occurrence of inverter clipping causes problems with PR assessment which include masking degradation and
increased seasonal variation. A common practice is to exclude clipped data from PR calculations, but this can
bias the remaining dataset and masks problems with inverters. In this work, a new improved clipping-corrected
PR (CCPR) metric is introduced and evaluated. CCPR takes into account clipping and weather variability, and
allows the use of all datapoints during a PV system’s operation. We introduce the new metric and evaluate it for
different locations around the world using synthetic data. Different types of clipping ratios and faults of the
system are tested, demonstrating that the new PR metric is more robust compared to the current standardized
PRmetrics, and is not affected by weather conditions. In addition, we show that the newmetric is robust against
the use of low temporal resolution Typical Meteorological Year data for calculating expected PR, in contrast
with standard PRmetrics. The widespread adoption and potential standardization of this newmetric can lead to
more accurate PR assessment for PV systems, reduced contractual risks for companies in the sector and
increased in confidence of PV generation by consumers.
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1 Introduction

In the rapidly growing solar photovoltaics (PV) systems
industry, many critical decisions are based on a few system-
level performance metrics. One of the most commonly used
metrics for PV system performance assessment is the
performance ratio (PR), the ratio of the actual yield to the
reference (nameplate) yield of a PV array or system [1].
Accurate PR calculation is crucial for the assessment of
present and future finances of a PV system, as a Key
Performance Indicator (KPI) used in contracts for
performance guarantees and obligations [1].

The simplicity and transparency of PR makes it ideal
for a performance guarantee. PR has been harmonized in
international standards (IEC 61724-1 [2]), widening its
acceptance in legal contracts. However, this simplicity also
introduces inaccuracies [3]. One such issue is that PR is
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dependent on weather, particularly temperature, leading
to seasonal and year-on-year variations in measured PR [4].
Corrections for temperature effects on PR calculations are
described in the latest edition of the IEC 61724-1 standard
and are widely used. Inaccuracies in PR calculation can
lead to financial penalties for PV system companies,
including developers, owners or operators. Inaccuracy and
variability can also lead to uncertainty in the valuation of a
system, adding risk to developers and buyers, and affects
derived KPIs such as Performance Loss Rate.

When a solar PV system is designed, its performance is
modelled using historical data or typicalmeteorological year
(TMY) data. The modelling provides an estimate of the
expected PR (expected yield divided by reference yield) of
the system including expected losses. The model output is
used in investment decisions and contract negotiations on
theconstructionorsaleofPVsystems.Onceasystemisbuilt,
the actual PR is measured. Ideally the measured PR will
match the expected PR, although, in reality, the measured
PR will be different due to several factors, such as:
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–
 Underperformance of the system.

–
 Model inaccuracy and errors in input parameters defining
the PV system and site for the model used to predict
expected PR. This includes overrating module power.
–
 The weather during the measurement period is different
to the weather used to model the expected PR.
–
 Errors in measurement of the actual PR.

–
 Data quality issues.

PR measurement is primarily for identifying poor
performance of a system due to faults or other quality
issues. It also offers protection against overoptimistic
modelling, in which the efficiencies of system components
are overestimated. The remaining 3 factors listed above
should be minimized in PR measurements. Weather
conditions during the measurement period strongly affect
PR measurements. If the actual weather is not similar to
the weather data used to model expected PR, then there
may be significant errors in PR calculations. These effects
become more extreme if measurement periods of less than
1 yr are used, although it is beneficial to the industry to
complete contracts on shorter timescales.

A further issue with PR metrics is the effect of inverter
clipping in systems with high DC:AC ratios. These are
systems where the rated DC capacity of the installed PV
modules exceeds the maximum AC output of the inverters.
Such systems are common and have several benefits, such
as supplying more constant power to the grid, or complying
with a limited grid connection capacity. Inverter clipping
occurs in high DC:AC systems when irradiance is high
enough that the available DC output of an array is higher
than the capacity of its inverter. At these times, the
inverter limits the power output of the array to the inverter
limit and inducing a “clipping loss”.

Clipping losses are considered in the design process of a
PV system and included when modelling the expected PR.
Nevertheless, the clipping losses, and therefore PR, may be
overestimated or underestimated if the actual weather
differs from the modelled weather. For instance, a higher-
than-average number of sunny days during the reporting
period results in excess unexpected clipping losses and a
lower measured PR value. The current IEC 61724-1
standard does not include any correction for clipping losses
in PR metric evaluation. A common practice is to filter out
periods of inverter clipping from the reported PR
calculations [5], thereby estimating the value of PR
without clipping losses. However, as we demonstrate
below, this can remove large portions of relevant perfor-
mance data and introduces new problems such as masking
underperformance of inverters and creating a dependence
of expected PR on model time resolution [6].

In this paper we introduce a new performance metric
“clipping corrected performance ratio” (CCPR). The aim of
this metric is to reduce the seasonal and interannual
variation in PR due to clipping.We simulate PV systems in
a range of climates to generate synthetic PRmeasurements
that we use to demonstrate the performance of the new
metric in terms of interannual variation and sensitivity to
system abnormalities. In Section 2 we introduce the new
performance metric and our analysis methods. In Section 3
we present the results of our study. In Section 4 we present
conclusions and a discussion of the limitations of our
methods and further work needed. Table 1 provides a
glossary of symbols used in this work.
2 Methods

2.1 Standard performance ratios

The international standard IEC 61724-1 defines several
performance metrics for solar PV systems [2]. All metrics
use measured timeseries data, including power output and
plane of array irradiance recorded at regular intervals over
a reporting period. For example, records at 15min intervals
for a period of 1 yr. From these data the measured system
yield is compared against the reference system yield,
calculated for themeasured weather conditions, to deliver a
dimensionless metric.

The standard performance metrics are grouped into
performance ratios and performance indices. Performance
ratios are based on simple formulae; they are easy to
calculate but omit many known factors that influence
system performance. On the other hand, performance
indices are model based metrics that involve simulating all
aspects of a system using measured weather data and
comparing the actual output to modelled output. While
performance indices are potentially more powerful, their
complexity and reliance on third party modelling software,
introducing concerns about reproducibility and traceabili-
ty, are a barrier to use in performance guarantees and
contractual arrangements. For these reasons, simple
performance ratios are more widely used in contracts.
IEC 61724-1:2021 defines two versions of a temperature
corrected performance ratio (TCPR): the “25 °C perfor-
mance ratio” and the “Annual-temperature-equivalent
performance ratio”. In this work, we define TCPR as the
former, which for monofacial systems is:

PR
0
25°C ¼

X
k

ðPout;ktkÞ=
X

k

c25°C;kP0tk
GPOA;k

Gref

� �
ð1Þ

where Pout,k is the system power output recorded at
timepoint k, tk is the duration of the kth recording interval,
P0 is the DC capacity of the system, which is the sum
of DC power ratings of all installed modules under
standard test conditions (STC) of 25 °C and irradiance
Gref = 1000 Wm‒2, GPOA,k is the irradiance measured in
the PVmodules’ plane of array andC25°C,k is a temperature
correction factor:

c25°C;k ¼ 1þ gðTmod;k � 25°CÞ ð2Þ
where g is the relative power temperature coefficient of the
PVmodules andTmod,k is themodule temperature at the kth

timepoint. For performance guarantees, Tmod,k is not
measured directly but is estimated from the measured
meteorological data with the same thermal model used in
the simulation that set the performance guarantee. The
thermal model is commonly a simple steady-state heat-
transfer model [7,8]. Thus, PR0

25°C corrects for variations in
ambient temperature in a simple and transparent way.



Table 1. Glossary of symbols used in this paper.

Symbol Definition

Pout,k System power output recorded at timepoint k
PR0

25°C Performance ratio corrected for STC
PR0

25°C,bi Bifacial performance ratio corrected for STC
PR0

CC Clipping corrected performance ratio
PR0

CC,bi Clipping corrected bifacial performance ratio
P0 DC installed (rated) power capacity of the PV system. Equal to the sum of all module

nameplate power ratings.
PAC,0 AC maximum output power capacity of the PV system. Equal to the sum of all inverter AC

power ratings.
tk Duration of the kth recording interval
GPOA,k Plane of array irradiance recorded at timepoint k
Grear

POA;k Rear-side plane of array irradiance recorded at timepoint k
Gref Reference irradiance at STC
GCC,k Clipping corrected irradiance at timepoint k
GC,25°C Clipping threshold irradiance
C25°C,k Temperature correction factor at timepoint k
Tmod,k Module temperature recorded at timepoint k
Tamb,k Ambient temperature recorded at timepoint k
g Power temperature coefficient of the PV module
w Bifaciality ratio of a bifacial PV module
Tmod,annual-avg Annual average module temperature (depends on the location)
IMPP DC module / string current at maximum power point
PMPP DC module / string power at maximum power point
IMPP,0 Module nameplate maximum power point current rated at STC
PRtrue True performance ratio. (The statistical expectation of the annual average performance ratio of

a system in a given location assuming that the system condition does not change or degrade
from its current state.)

PRexpected Expected true performance ratio for a normally behaving array. The value of PRexpected is equal
to PRtrue of the default array for the same location.
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Using the alternative annual-temperature-equivalent per-
formance ratio instead of the 25 °C performance ratio
introduces an offset into PR values, but does not
significantly change the results or conclusions of this work.

For bifacial systems, the rear-side plane of array
irradiance Grear

POA;k should also be measured or estimated
and included in the performance ratio:

PR
0
25°C;bi ¼

X
k

ðPout;ktkÞ=X
k

c25°C;kP0tk
ðGPOA;kþ’Grear

POA;k
Þ

Gref

� � ð3Þ

where w is the module power bifaciality reported on module
datasheets.

2.2 Clipping corrected performance ratio

Our proposed new metric for clipping-corrected perfor-
mance ratio (CCPR) is as follows: In the above tempera-
ture corrected performance ratio, the irradiance term is
replaced with a clipping corrected irradiance term CCC,k;
equation (1) is replaced by:

PR
0
CC ¼

X
k

ðPout;ktkÞ=
X

k

c25°C;kP0tk
GCC;k

Gref

� �
ð4Þ

CCC,k is equal to the POA irradiance when the temperature
corrected irradiance is below a clipping threshold irradi-
ance GC,25°C, but is independent of irradiance above this
threshold:

GCC;k ¼
GPOA;k;whenðc25°C;k � GPOA;kÞ � GC;25°C
GC;25°C

c25°C;k
;whenðc25°C;k � GPOA;kÞ > GC;25°C

8<
:

ð5Þ
Thisbehaviour is illustrated inFigure1.Forbifacial systems,
GPOA,k in equation (5) is replaced with ðGPOA;k þ ’Grear

POA;kÞ,
as with standard PR metrics. This simple approach
represents the expectation that no additional power is
generated for irradiances above the clipping threshold.



Fig. 2. Illustration of the selected value of GC,25°C using the
method in Section 2.3. The datapoints are model outputs using
historical weather data and the corrected irradiance
ðc25°C;k � GPOA;kÞ is compared against the threshold GC,25°C.

Fig. 1. Illustration of the behaviour of clipping and temperature
corrected irradiance as a function of temperature corrected
irradiance ðc25°C;k � GPOA;kÞ, as described in equation (5).
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It has the advantage of simple implementation, with no
requirement for clippingdetectionalgorithms. Inprinciple, if
a system performs as expected then the measured PR is
independent of the amount of time spent above the clipping
limit. Nevertheless, this does depend on appropriately
determining the value of GC,25°C.

2.3 Determining clipping threshold irradiance

A nuance of the CCPR metric is that, on datapoints where
clipping is expected, PR’CC is inversely proportional to
GC,25°C. Therefore, the chosen value of GC,25°C directly
affects the measured PR’CC value for any system with
clipping. It is essential that the value of GC,25°C is agreed at
the same time as a target PR value is established.
Typically, this will be based on modelling of a designed
or as-built system using historical weather data appropri-
ate to the location. How to choose an appropriate value of
GC,25°C is a matter for discussion. In this work we use a
simple algorithm designed to minimise the weather-
induced variation in CCPR:

–
 Simulate the system and record simulated Pout,k, Tmod,k
and GPOA,k, and whether clipping occurred for each
timepoint k.
–
 Chose an initial guess value of GC,25°C. An appropriate
first guess is GC;25°C ¼ GrefPAC;0=P0, where PAC,0 is the
AC capacity of the array.
–
 Sum the number of timepoints N+ for which clipping
occurred, but the temperature corrected irradiance
ðc25°C;k � GPOA;kÞ is less than the guess value of GC,25°C.
–
 Sum the number of timepoints N_ for which clipping did
not occur, but the temperature corrected irradiance
ðc25°C;k � GPOA;kÞ is greater than the threshold value of
GC,25°C.
–
 If N+>N_ then reduce the guess value of GC,25°C, or ifN+
< N_ then increase the threshold value of GC,25°C.
Repeat steps 3 – 5 to find the value of GC,25°C that
minimises |N+-N- |.
The result of the algorithm is illustrated in Figure 2.
Following this algorithm, GC,25°C is assigned a value where
the timepoints that are wrongly assigned using this
threshold are equally likely to be clipped or not clipped
so the bias error is likely to be minimal. The above
algorithm is used for the study in this paper. However, an
alternative method that is potentially more robust for more
complex systems is presented in the Supporting Informa-
tion. The Supporting Information also includes a discussion
of the impact of choosing a different value of GC,25°C.

2.4 Synthetic data generation

To evaluate the proposed CCPR metric, we applied it to
synthetic PV systems data. Using synthetic data allowed
us to compare the observed performance of a system (PR)
with the true performance of a system, which is determined
by simulation parameters. In a real system, only the
observed performance is known, because the system can
only be measured under the weather conditions that
actually occur and within the limits of available instru-
mentation. Synthetic data also allowed us to isolate the
sensitivity of the CCPR metric to environmental and
system conditions, including weather variability and
system underperformance.

Synthetic data were generated by a simulation model
described below. The model aims to provide controllable
synthetic data that are representative of systems in
general, rather than an accurate model of a specific system.
There are many model choices and optimizations that
could have been added for greater realism, but as they are
not needed for this study, we opted for a simple and general
approach instead. Some specific limitations include:

–
 The model assumes stable performance of the system –
there is no degradation or any other “history” effects or
time-dependent parameters (e.g. soiling) other than the
weather and Sun position. Where we include failures,
they are static (i.e. failed for the entire reporting period).
–
 Perfect uniform cell temperature is assumed.

–
 Uniform irradiance assumed across the array.

–
 No additional site effects are included, such as shading.



Table 2. Details of BSRN weather data used for this study.

Label Name Latitude
(°N)

Longitude
(°E)

Duration of
good data (years)

Annual irradiation
(kWh m�2)

Irradiance-weighted ambient
temperature (°C)

PAY Payerne 46.815 6.944 15.1 1296 16.6
LIN Lindenberg 52.210 14.122 18.1 1104 16.4
BIL Billings 36.605 �97.516 17.4 1754 22.0
CAB Cabauw 51.971 4.927 16.6 1095 16.3
CAR Carpentras 44.083 5.059 18.0 1600 20.3
IZA Izaña 28.309 �16.499 11.8 2468 13.7
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–
 All modules are identical with no variation in perfor-
mance.
–
 Inverter clipping is perfect – inverters clip at exactly the
same Pac each time.

2.5 Array design

We simulated four system configurations: Fixed tilt
monofacial, fixed tilt bifacial, single-axis tracker (SAT)
monofacial and SAT bifacial. For each system we
simulated a single inverter array representing a uniform
system with identical arrays. We selected an arbitrary
configuration of module and inverter: For the default
monofacial configurations we used 8 strings of 24 � 300 W
Canadian Solar CS6X-300Mmodules connected to a 36 kW
Huawei SUN2000 36KTL US inverter; for default bifacial
configurations we used 6 strings of 25 � 360 W Canadian
Solar 1500 CS3U-360PB-FGmodules connected to a 33 kW
Huawei SUN2000-33KTL inverter. These gave default DC:
AC capacity ratios of 1.6 and 1.57 respectively. We also
simulated systems with fewer modules per string to
simulate a range of DC:AC ratios from 1.6 to 0.89.
Fixed-tilt arrays were aligned East-West (South-facing)
and tilted at 20° and 30° for monofacial and bifacial
respectively. SAT arrays were aligned North-South
(rotating East to West) with optimized tilt angle.

2.6 Locations and weather data

We simulated systems using weather data and locations
from a range of different climates. Weather data were
acquired from the Baseline Solar Radiation Network
(BSRN) [9]. Of the available sites in the BSRN database,
we selected 6 locations where the data are acquired from
stations located above natural surfaces, and where
temperature and irradiance data are available for over
10 yr without long missing data periods. We qualified and
cleaned data before use. Table 2 summarizes the chosen
locations.

All weather data used in this study were recorded at
1 min intervals. By default, all calculations, including
calculation of DC and AC power output and evaluation of
PR metrics, were performed on timeseries using native
timepoints from the BSRN weather data files. The BSRN
data include global horizontal irradiance, direct normal
irradiance and diffuse horizontal irradiance measurements,
as well as long-wave horizontal irradiance (related to sky
temperature) and ambient temperature. For each location
we also produced typical meteorological year (TMY) data
files at time resolutions from 1 min to 1 h. These were used
to simulate the use of TMYs in estimating the expected
yield and PR of a system design.

2.7 Model physics

We simulated array DC and AC outputs in MATLAB by
Mathworks [10] using a combination of models from
PV_LIB for MATLAB [11, 12], Bifacial_radiance [13, 14],
and in-house developed algorithms. Themodel components
are summarized in Table 3.
2.8 Simulating abnormal performance

In addition to default arrays described above, we also
simulated different scenarios for abnormal performance.
The array definition parameters were modified to represent
different types of failure, underperformance or over-
performance as described in Table 4. These scenarios were
used to evaluate the ability of PR metrics to identify
abnormal performance.

2.9 Statistical analysis

By simulating all array definitions in all locations, we
performed statistical evaluations of the TCPR and CCPR
metrics. For each location and each array definition we first
ran a “design simulation” to simulate the expected yield of
the array. The design simulation uses hourly TMYweather
data and a simplified steady-state thermal model to
emulate typical design simulation practices. For each
array and location combination the value of GC,25°C is
derived from the design simulations. Next, we performed
simulations of all array types using the entire 1 min
resolution weather dataset for each location to generate
synthetic PV system output data. The PR metrics are
evaluated for each timepoint in the simulation and for
the whole weather dataset period as well as multiple
12 month intervals within each dataset. Where there were
gaps in the weather data, the 12 month periods were
extended so that each annual interval contains 12 months
of good data.

We define the “True Performance Ratio” PRtrue for
each performance ratio variant as the PR value determined
from the synthetic output data generated over the whole



Table 3. Model components used for simulation of array DC and AC outputs.

Model Method (source)

Solar azimuth and zenith angle pvl_ephemeris (PV_LIB for MATLAB)
Angle of incidence pvl_getaoi (PV_LIB for MATLAB)
Plane of array irradiance – monofacial pvl_isotropicsky (PV_LIB for MATLAB)
Plane of array irradiance – bifacial Ray tracing (Bifacial_radiance)
Tracker tilt optimisation Optimal angle calculated from hourly aggregated weather data.

Constant rate of change of angle within each hour. (In-house algorithm)
Angular response Martin and Ruiz model (Implemented in-house from [15])
Spectral mismatch pvl_FSspeccorr with airmass calcuated by pvl_relativeairmass and H2O

content from pvl_calcPwat (PV_LIB for MATLAB)
Heat transfer used for design Steady-state heat transfer model:

Tmod;k ¼ Tamb;k þ 0:729
GPOA;k

29Wm�2K�1

(Based on PVsyst model [16])
Heat transfer used for simulation Barry et al. dynamic heat transfer model (In-house implementation of

[17])
Module DC power Single-diode model pvl_singlediode with DeSoto model parameters

pvl_calcparams_desoto (PV_LIB for MATLAB)
Soiling Fixed fractional loss of effective irradiance. Default loss is ksoiling = 2%.
Module mismatch Fixed fractional loss of DC power. Default kmismatch = 1%.
DC wiring loss Fractional loss of DC power scaling with string current

resistancepowerloss ¼ PMPP � kwiring
IMPP

IMPP ;0

� �
.

Default kwiring= 1%.
Inverter losses Sandia inverter model pvl_snlinverter (PV_LIB for MATLAB)

Table 4. Summary of simulated abnormal performance scenarios.

Scenario Description

Default Default losses are applied. This is an array that performs exactly as expected with
expected module and system losses.

Perfect The array performs perfectly according to nameplate values without balance of system
losses (wiring, mismatch, resistance, soiling).

1 string fail The number of strings is reduced by 1.
1 module fail The number of modules per string is reduced by 1.
2 module fail The number of modules per string is reduced by 2.
Derated inverter Inverter AC output is reduced by 5%.
Overclipping 5% The inverter output is curtailed at PAC,0 � 0.95.
Overclipping 10% The inverter output is curtailed at PAC,0 � 0.90.
5% more soiling Soiling loss is increased from 2% to 7%.
Mismatch Mismatch loss is increased from 1% to 6%.
Wiring 1 DC resistance loss is increased from 1% to 15% at Pout,k = P0.
Wiring 2 DC resistance loss is increased from 1% to 60% at Pout,k = P0.
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multi-year weather dataset. There is one value of PRtrue for
each combination of PR metric, location and array
definition. Its value is constant over the time window of
the whole dataset as our model does not include
degradation. PRtrue is used as the “ground truth”; it is
taken to be an estimate of “the statistical expectation of the
long-term average performance ratio of a system assuming
that the system condition does not change”. The “Annual
Performance Ratio” PRannual is the PR value deter-
mined from a single 12 month period of synthetic data.

Ideally any value of PRannual is as close as possible to
PRtrue for a given system and location. However, weather
variations introduce random variations. We define a figure
of merit “annual variability” as the root-mean squared error



Fig. 3. Fraction of energy generated under clipping conditions as a function of DC:AC ratio for nominally performing systems. Error
bars indicate standard deviation between different 12 month periods. Dashed lines indicate single-axis tracker systems, solid lines are
fixed-tilt. For simplicity, only one location is shown here; other locations are shown in the Suporting Information. Left: monofacial
array. Right: bifacial array.
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(RMSE) of PRannual compared to PRtrue:

annual variability ¼ RMSEðPRannual � PRtrueÞ

¼

X
i;j
ðPRi;j � PRtrue;jÞ2

ðni � 1Þ:nj

2
64

3
75

1
2

ð6Þ

where PRi,j is the performance ratio of a given array
evaluated over the ith 12-month period for the jth location
and PRtrue,j is the True Performance Ratio for the same
array and location. The annual variability is a measure of
the sensitivity of a performance ratio to interannual
weather variation.

To evaluate the accuracy of a PRmetric for quantifying
abnormal performance of a systemwe define two additional
statistics. We define the “True Energy Performance
Index”,EPItrue, as the ratio of the energy generated for the
given array over the entire weather dataset for the specific
location divided by the energy generated by the default
array over the same period and location:

EPItrue;j;l ¼

X
kðPout;k;j;ltkÞX

kðPout;k;j;defaulttkÞ
ð7Þ

where EPItrue,j,l is the EPItrue for the l
th array definition and

jth location,Pout,k,j,l is the AC output power for that array at
timepoint k andPout,k,j,default is the same for the default array
definition. For an array l that is behaving abnormally
according to one of the definitions in Table 4, this index is
an estimate of how much energy the array will produce
over a long period of time relative to an identical array
that is performing exactly as expected. In other words, the
EPItrue is a measure of the true quality of a system
compared to its expected quality accounting for all
modelled losses. For an array that is behaving as expected,
EPItrue = 1. For an array with failures EPItrue is less than
one. There is one value of this metric for each array and
location combination.
The “Annual PR/ Expected PR” ratio PRannual/
PRexpected is the ratio of the observed performance of the
system compared to the expected performance. To
calculate this ratio, we use PRtrue of the default array as
the expected PR (PRexpected), because the default array
represents the expected behavior on which performance
guarantees would be based. Thismetric represents the ratio
of the PR that is measured during a 12-month assessment
compared to the modelled expected PR for a correctly
performing system. If a system is underperforming, then
the value of PRannual/PRexpected should be less than one.
Ideally, the difference (1 - PRannual/PRexpected) should be
proportional to the long-term expected energy loss due to
underperformance. Therefore, PRannual/PRexpected = EPI-
true is the goal for a perfect performance ratio metric. We
define as second figure of merit “annual accuracy” as the
RMSE between these values:

annual accuaracy ¼ RMSE
PRannual

PRexpected
� EPItrue

� �

¼

X
i;j;l

PRi;j;l

PRi;j;default
� EPItrue;j;l

� �2

ðni � 1Þ:nj

2
6664

3
7775

1

2

ð8Þ

where PRi,j,l is the PR evaluated for the lth array definition
over the ith 12-month period for the jth location and PRi,j,

default is the same for the default array definition. This figure
of merit is an indication of how accurately the annual PR
metric can identify issues in the long-term expected energy
yield of the system.

3 Results

3.1 Effect of DC:AC ratio on performance ratio

Figure 3 shows the average fraction of energy that is
generated under clipping conditions for the default arrays
operating nominally with different DC:AC ratios in one



Fig. 4. Average (symbols) and standard deviation (error bars) of annual PR values determined for nominally performing (default)
arrays as a function of DC:AC ratio for the default array in one location. Results for other locations are shown in the Supporting
Information. Solid lines are fixed-tilt systems and dashed lines for single-axis trackers. Top-left: Temperature corrected PR on
monofacial arrays. Top-right: The same but excluding datapoints where clipping occurs. Bottom-left: Clipping corrected PR on
monofacial arrays. Bottom-right: Clipping corrected bifacial PR on bifacial arrays.
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location. Other locations are shown in the Supporting
Information. In the sunniest location (IZA), about 65% of
energy is generated while the inverter is clipping for a
monofacial fixed-tilt array with a DC:AC ratio of 1.6. This
varies by about ± 2% between different years in the data
set. In this case, excluding clipped data points from the PR
calculation would exclude 65% of available data and
significantly bias the result toward unusually low irradi-
ance conditions. This rises to about 85% for single-axis
tracker arrays.

Figure 4 shows how the calculation of different PR
metrics from the synthetic data varies as a function of DC:
AC ratio for one location. Results for other locations follow
similar trends and are shown in the Supplemental
Information. The TCPR value is significantly impacted
by DC:AC ratio as high DC:AC ratio results in significant
clipping losses which are not mitigated in the PR
calculation. In the most extreme case (location IZA), the
TCPR changed from 94% to 73% when DC:AC ratio
increased from 1.0 to 1.6. The magnitude of interannual
variation in TCPR is also highest in scenarios with the
most clipping. The clipping dependence of TCPR is
mitigated by excluding data where clipping occurred.
However, as we show in Section 3.2 below, the exclusion of
data can lead to masking of abnormal behavior. Using
CCPR reduces the dependence of PR on DC:AC ratio
similar to excluding clipping data points. We do not show
TCPR for bifacial arrays in Figure 4, though patterns were
similar for both monofacial and bifacial arrays.

An example timeseries of daily PR values, shown in
Figure 5, illustrates how temperature and clipping
correction influence seasonal variability for a system with
high DC:AC ratio. When no corrections are applied, PR
drops in the summer when temperatures are high and rises
in the winter when temperatures are low. Applying
temperature correction flattens the winter peaks, but
there is still a significant drop in PR on most summer days
caused by clipping. Excluding clipped data points reduces
this effect, but does not resolve it entirely. Applying
clipping correction instead resolves the drop in PR over
summer days. The main remaining seasonal effect is the
larger scatter in daily values in winter months caused by
the frequency of days with very low total irradiation.

In practice, seasonal variations are mitigated by using
annual PR metrics. Nevertheless, seasonal patterns are not
identical from 1 yr to another so residual weather-induced
year-on-year variations in annual PR remain. The impact of
choice of correction method on interannual variation in
measured PR is illustrated by the annual variabilitymetrics
summarized in Table 5. For a DC:AC ratio of 1.0, most
interannual variation is corrected by applying temperature
correction only. However, for a DC:AC ratio of 1.6, most



Fig. 5. Seasonal effects on different PR metrics illustrated by synthetic timeseries of daily PR values for the default monofaical
array type with DC:AC ratio 1.6 at the PAY location. Nine years are shown in the left, year 10 is expanded on the right. Colours
correspond to four variants of PR metrics: Red = uncorrected PR; blue = TCPR (Eq. (1)); yellow = TCPR where clipped data points
are excluded from the PR calculation; green = CCPR (Eq. (4)). Standard deviations over the 10 yr period for each metric are displayed
in the inset.

Table 5. Annual variability (Eq. (6)) for the default monofacial fixed-tilt array with different DC:AC ratios with
nominal performance (no failures or degradation). Here TCPR represents the 25 °C performance ratio. The same table
using annual-temperature-equivalent performance ratio is shown in the supporting information.

DC:AC ratio
Annual variability

Uncorrected PR TCPR TCPR excluding clipped data CCPR

1.60 0.83% 0.59% 0.23% 0.15%
1.47 0.74% 0.51% 0.22% 0.15%
1.33 0.64% 0.40% 0.21% 0.16%
1.20 0.55% 0.27% 0.19% 0.17%
1.00 0.50% 0.18% 0.18% 0.18%
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variation is not corrected by temperature correction, but is
corrected from 0.59% to 0.15% by the addition of clipping
correction. It is clear that most interannual variation is
therefore due to clipping, rather than temperature in
(idealized) high DC:AC ratio systems. We conclude that
in high DC:AC systems clipping correction is of similar
importance as temperature correction. This conclusion was
true for all 4 system configurations studied.

3.2 Sensitivity to array underperformance

Figure 6 shows the annual performance metrics measured
from synthetic data for each year and each location for high
DC:AC ratio arrays with different abnormal performance
characteristics described in Table 4. Each annual PR value
is normalized according to the expected PR (i.e. the PR
value based on a design simulation with expected losses and
a typical meteorological year). This is compared against
the true energy performance index calculated by equation
(7). For an ideal PR metric, the annual PR is proportional
to the true performance of a systemwith minimal scatter or
bias, and therefore all scatter points should lie as close as
possible to the solid straight line indicated on Figure 6.
ForuncorrectedPR(topleft), there isa strongcorrelation
between annual PR and true performance. However, there is
considerable scatter caused by interannual variation. Thus,
we conclude that uncorrected annual PR is unbiased but
imprecise. The TCPR metric (top right) is similarly
unbiased, but still imprecise due to the interannual variation
induced by clipping. Excluding clipping data from the PR
calculation (bottom left) notably reduces the interannual
variation.However, a bias is introducedwhenarraysperform
abnormally. The bias is introduced as the exclusion of data
weights the PR metric to conditions of low light when the
array output is not clipped. This masking effect has been
previouslydescribedbyBalfour etal. [18]whoalsonoted that
degradation rates can be underestimated for high DC:AC
ratio systems.Theuse ofCCPR(bottomright) removesboth
the scatter and the bias induced by clipping. Note, however,
that themasking ofdegradation (not simulated in this study)
may still bepresent.Theuse ofTCPRexcluding clippeddata
may be most informative in quantifying performance
degradation of the DC part of a system.

The annual accuracy statistic, calculated according to
equation (8), reveals the limits of sensitivity of PR metrics
for detecting abnormal behavior in a system. In the case



Fig. 6. Scatter plot of ratio of annual / expected PR versus true performance index for abnormally performing monofacial fixed-tilt
arrays simulated in six different locations. Each figure shows a different variant of PRmetric. Each point shows results from 1 yr at one
location. Different point colors indicate arrays with different performance issues. The default array is an array that performs exactly as
expected. All arrays have a DC:AC ratio of 1.6.
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that all faults are equally likely, the annual accuracy is
2.68% for a monofacial fixed tilt system with DC:AC ratio
1.6 when using TCPR excluding clipped data points. The
annual accuracy falls to 0.27% when using CCPR. Using
CCPR instead of TCPR provides a significant improve-
ment in the ability to discriminate between faulty behavior
versus unexpected weather. Consider a use case where a
target PR value is assigned in a contract, below which a
penalty must be paid. Due to the combination of weather
variability and clipping, this threshold must be set
somewhat below the expected PR of the system to avoid
a significant probability of penalties being issued for
correctly performing systems (false positives). In the case of
TCPR, there is considerable overlap in annual PR values
between correctly performing and defective systems. As a
result, there is no threshold PR value that can avoid false
positives without introducing a significant probability of
false negatives. Switching to the CCPR metric enables a
more selective discrimination threshold to be set. In the
idealized case modelled here, setting the threshold about
1% below the expected CCPR captured 100% of failures
without generating any false positives. Note that this
simulation considers inverter-level PR metrics. When
considering a single PR value calculated for an entire
system of multiple inverters the sensitivity to a single
failure diminishes proportionately. A table of annual
accuracy statistics for all array types and metrics is given
in the Supporting Information.

3.3 Impact of model time resolution

Using low time-resolution weather data for modelling PV
systems results in an underestimate of predicted clipping
loss [6, 19–22]. This is because the irradiance values are
typically averages over the time intervals. If an interval
contains variable irradiance which is sometimes above the
clipping threshold and sometimes below, but the average
irradiance over the same interval is below the clipping
threshold, then the system is modelled as if no clipping
occurs and the system output is overestimated. In other
words, the simulated weather is less variable than the real
weather. It is common practice to use TMY or historical
weather data with 1 h time resolution for yield estimation
and setting target PR values, which can lead to an
overestimation of predicted yield and PR up to about 4%
for high DC:AC ratio systems. Shorter time resolutions of
30 min or 15 min are becoming more popular in modelling,
but it has also been argued that the effects of random noise
in high resolution satellite weather data may cancel out the
benefit of using sub-hourly intervals [23]. Alternatively,



Fig. 7. Left: Variation of modelled PR with model time resolution based on aggregation of 1 min resolution weather data into longer
time intervals. Right: Variation of measured PR with measurement time resolution based on simulating the effect of aggregating 1 min
resolution sensor and system outputs into longer time intervals. PR metrics are averaged over 6 BSRN locations for the default
monofacial fixed-tilt system. Different colors represent different DC:AC ratios.
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several methods have been proposed to correct predicted
yield and PRmodelled from hourly weather data. However,
these are climate specific and significant errors still remain
[6, 22–26].

To simulate the response of different PR metrics to
different time resolutions used for design simulations, we
aggregated 1 min BSRN weather data into longer time
intervals from 2 min to 1 h and repeated the system
simulations. The resulting PR metrics averaged across all
sites are shown in Figure 7. Using the TCPR metric, we
observed as expected that the modelled PR increased
continuously for high DC:AC ratio systems with increasing
interval time from 1 min to 1 h. Excluding clipped data
from the TCPR metric greatly reduces the impact of this
effect. However, as we discuss below, this introduces a
requirement for high time-resolution monitoring. Applying
the CCPRmetric also removes the dependence of modelled
PR on model time resolution.

3.4 Impact of PR measurement frequency

IEC 61724-1:2021 defines requirements of sensors and
sampling for PV system monitoring data [2]. The standard
recommends that irradiance and weather data are recorded
at 1 min intervals, with each record being an average of
measurements taken at sampling intervals of 5 s or less.
However, the standard allows “medium accuracy” class B
monitoring with recording intervals up to 15 min and
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sampling intervals up to 1 min. In practice, a range of
recording intervals are used with 5 min and 15 min
intervals anecdotally being common.

In principle, the aggregation of measurement data to
lower time resolutions does not affect uncorrected
measured PR values. However, corrections for temperature
and clipping introduce non-linearities to the PR equation
which can distort PR values when the recording interval
approaches the timescale of temperature or irradiance
variations respectively. To simulate this effect, we
simulated systems at 1 min resolution, but aggregated
the output data (Pout,k, Tamb,k, GPOA,k) at longer intervals
from 2 min to 1 h. The PR metrics were then calculated
based on these lower resolution outputs. The results are
shown on the right of Figure 7. For the TCPR metric,
increasing the monitoring resolution introduces a very
small bias that only becomes significant at recording
intervals of 30 min or greater. However, when clipped
datapoints are excluded from the PR metric the measured
PR drops by about 3.5% as the interval is increased from
1 min to 1 h. This is because there are many 1 h intervals in
which the output power is reduced by intermittent clipping
but the average irradiance over the interval is below the
threshold for clipping to be detected. The outcome would
also depend on the method of clipping detection [27]. We
used a simple power threshold on Pout,k to filter out clipped
data. On using CCPR there still remains a significant
dependence of recording interval of about half the
magnitude of TCPR excluding clipped data. Thus, it is
still important in monitoring systems with high DC:AC
ratios to calculate PR at high frequencies to avoid
underreporting PR values. Note that the effect is still
not saturated between 1 min and 2 min intervals, which
suggests that there may be benefit to using recording
intervals of even less than 1 min.

4 Conclusions

Inverter clipping significantly distorts standard perfor-
mance ratio (PR) performance indicators. Excluding
clipped data points from the PR evaluation reduces this
distortion but risks masking underperformance. We
introduced a new clipping corrected performance ratio
(CCPR) that removes this distortion without data loss.
Using synthetic PV systems data based on real weather
data we showed that the new metric, which corrects
for clipping and temperature effects, had less annual
variability and better accuracy that standard temperature
corrected performance ratios (TCPR). We drew the
following conclusions from statistical analysis of the
simulation outputs:

–
 In high DC:AC ratio systems, correcting for clipping is of
similar importance as correcting for temperature in terms
of reducing weather-induced PR variability.
–
 Interannual variability of PR is reduced by excluding
clipped data from the TCPR calculation or using the new
CCPR metric.
–
 Excluding clipped data from a TCPR metric introduces
biases into measured PR that can mask or accentuate
different failure or degradation modes of solar
PV systems. This can have a critical impact at the system
commissioning phase, where the PR of the system is
measured and compared with expected PR from the
design phase of a PV system project.
–
 Of the PR metrics tested, CCPR offers the best accuracy
for determining current system performance relative to
expected performance.
–
 For high DC:AC ratio systems, the use of hourly weather
data in simulations can lead to an overestimate of
expected standard PR metrics as the clipping losses are
underestimated compared to 1 min resolution weather
data. Using the CCPR metric eliminates this effect.
–
 When measuring PR in high DC:AC ratio systems, the
recording interval time has an important impact on
the ability to filter or correct for clipping events. This
can lead to significant negative error in the reported PR.
The calculation of CCPR using 1 min intervals is
recommended for these systems to mitigate this effect.

The above findings highlight that the CCPR can be a
significant improvement for accurate performance assess-
ment of solar PV systems, and can become the preferred
metric used in contracts. Overall, we found that the CCPR
approach presented in this work is simple to implement yet
effective at mitigating weather dependent clipping vari-
ability in PR measurements. Adoption of the new CCPR
metric can have a direct impact on future revisions of IEC
61724-1, and can result in lower risks of investment in the
solar PV system industry, leading to increased bankability
of solar PV projects and a consequent increase in
deployment and investment in renewable energy. We
would advise the use of a CCPR performance indicator in
all systems where clipping is expected to occur, or where
the DC:AC ratio is greater than 1.0. While the new CCPR
metric better reflects system energy performance, clipping
in high DC:AC systems may still mask the early effects of
module degradation. For this reason, it may not be suited
to certain analyses, such as performance loss rate analysis,
where TCPR based on DC power excluding clipped data
points may work best. It is likely that CCPR will be most
useful alongside, rather than instead of, other metrics.

Our approach used synthetic data generated for simple
model systems that allowed us to isolate the effect of
weather variability on PR metrics from the many other
correlated phenomena in PV systems. Indeed, this is the
only way to perform such an experiment since weather
cannot be controlled in real systems. In reality, however,
there are additional effects that can influence the real
measured PR values such that real annual variability values
will be higher than those presented here. We have only
considered a single array configuration for each array type in
thiswork;we cannotquantify the extent towhich the specific
results can be generalized to any system topography and PV
module or inverter technology. The model results are much
more “perfect” than real world data. Real-world interannual
variation is much higher due to soiling, shading, systems
availability,maintenance, degradation and failures. Finally,
we have not included measurement uncertainties, data
quality issues, or model input parameter uncertainties,
which exist for real systems and datasets. Hence, we would
urge the academic community and industry to apply
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and trial the new metric with field datasets from real PV
systems, to get insights on the performance of the metric
and potential adoption in IEC 61724-1.
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