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A B S T R A C T

Accurate photovoltaic (PV) performance modelling is crucial for increasing the penetration of PV energy
into the grid, analysing returns on investment, and optimising system design prior to investment and
construction. Performance models usually correct an output value known at reference conditions for the effects
of environmental and system variables at arbitrary conditions. Traditional approaches to correct for the effect
of the solar spectrum on performance are based on proxy variables that represent spectral influences, such as
absolute air mass (AM𝑎) and clearness index (K𝑡). A new methodology to account for the spectral influence
on PV performance is proposed in this study. The proposed methodology is used to derive a novel spectral
correction function based on the average energy of photons contained within the measured solar spectral
distribution. The Average Photon Energy (APE) parameter contains information on the combined effects of
multiple proxy variables and is not limited by climatic conditions such as cloud cover, as is the case with most
traditional models. The APE parameter is shown to be capable of explaining almost 90% of the variability in
PV spectral efficiency, compared to around 65% for AM𝑎. The derived APE function is validated and shown to
offer an increase of 30% in predictive accuracy for the spectral efficiency compared with the traditional AM𝑎
function, and a 17% improvement relative to the AM𝑎-K𝑡 function.
1. Introduction

Since the first mass production of photovoltaic (PV) modules began
in the 2000s [1], PV technology has been moving to the forefront of
endeavours to mitigate climate change. The success of a PV system
relies not only on the technical capacity of the system itself, but the
accurate prediction of the system’s performance under a certain set of
technical and environmental conditions [2–4]. This forecasting practice
is known as Photovoltaic Performance Modelling (PVPM).

Predicting PV power output under real weather conditions is es-
sential for PV system designers, investors and policy makers, energy
suppliers, and end-users [5]. For example, performance predictions can
be used to calculate financial savings for the end user, optimise system
design prior to investment and construction, and facilitate greater PV
grid penetration by providing timely performance predictions so energy
from different sources can be balanced for a reliable and efficient
supply [6,7].

The availability of solar irradiance is one of the most obvious con-
siderations in PVPM [8–10], but the spectral distribution of the avail-
able irradiance is a more subtle yet also critical parameter that must
be considered when evaluating how a PV system will perform [11–13].
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Neglecting the spectrum can lead to significant errors in PV perfor-
mance forecasts. The magnitude of these errors is strongly correlated
with the type of PV technology under investigation since the spectral
response (SR) of a PV device is determined by the cell construction and
semiconductor material.

In terms of semiconductor material, for example, amorphous silicon
(aSi) technologies have a particularly wide band gap, and therefore
narrow SR. Under realistic operating conditions (ROCs), the fraction
of the spectrum that lies within the useful range of aSi modules can
vary by +10% to −15% with respect to standard test conditions, which
translates into deviations in performance of up to 20% [14–16]. In
terms of cell construction, a higher level of sensitivity to spectral
variations has also been found for double junction technologies [17],
such as GaAs/Ge devices. On the other hand, the output from some PV
technologies, such as multi-crystalline-Si, is not particularly sensitive
to the spectral distribution of incident solar radiation [18].

The significant and varied impact of the spectrum on PV output,
dependent on the interplay of multiple factors, lays bare the complexity
of modelling such effects and hence the need for comprehensive spec-
tral correction functions. There exist many approaches to modelling the
spectral influences on PV output. One of the first models developed, still
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in use today, is the absolute air mass function 𝑓 (AM𝑎) [19], which uses
AM𝑎 as a proxy for the spectral influences on 𝐼sc. However, 𝑓 (AM𝑎) is
efined only for clear skies, consequently rendering it unsuitable for
egions where cloud cover is the norm, such as northern and central
urope. In such locations, it is estimated that 50% of the time there may
e cloud cover, which has a significant impact on spectrum resulting
n higher levels of scattering and thus a shift to bluer spectra [20]. An
xtensive study based on spectral and PV performance measurements
rom multiple sites in Japan [21] corroborates the findings in Ref. [20]
f the impact of cloud cover on the spectrum. The subsequent impact
f cloud-induced spectral changes on PV performance are also found to
e especially significant for particular PV technologies, such as hydro-
enated aSi modules, for which fluctuations in performance of ±10%
ere observed [21]. Other studies have also affirmed the importance of

louds on the spectrum, and hence the output of aSi [14] and c-Si [22]
evices in particular.

In addition to cloud cover, there are many other factors unac-
ounted for by 𝑓 (AM𝑎) that have a non-negligible effect on the spec-
rum of solar irradiance, such as turbidities, ozone, and the variable
resence of other atmospheric gases such as water vapour and SO2 [20,
3–25]. It is emphasised by Klise et al. (2015) in particular that these
tmospheric components, in particular atmospheric water vapour and
urbidities, can impact the spectrum even in clear sky conditions [26].
he unequivocal dependence of the spectrum on factors other than air
ass, present in both clear and non-clear-sky conditions, means that the

verall effect of the spectrum on PV output is underestimated by the
M𝑎 spectral correction function. It is important to note that although

n certain clear sky conditions the air mass may be representative of
he majority of spectral influences on 𝐼sc [19], research has shown
hat even in these conditions 𝑓 (AM𝑎) carries with it uncertainties. For
xample, Klise et al. (2015) find a systematic error in the air mass
unction where, at the same air mass, the spectral effects on 𝐼sc vary
epending on the time of day [26].

Nelson et al. (2012) established an alternative spectral correction
unction using the atmospheric precipitable water content, 𝑊 , instead
f AM𝑎 [27]. The model is derived for Cadmium Telluride (CdTe) PV
echnologies and validated in four climate regions. In an attempt to
mprove this model and expand its applicability to multiple technolo-
ies, Lee and Panchula (2016) proposed a spectral correction surface
unction based on both AM𝑎 and 𝑊 , which they validate for both CdTe
nd c-Si PV technologies [28]. Duck and Fell (2016) build on Ref. [28]
y investigating the applicability of the surface function to additional
ocations, and refining model predictions through the use of additional
arameters [29]. However, these studies rely on spectral distributions
imulated using the SMARTS model, which is a clear sky spectral
rradiance model [30]. Therefore, the application of these functions to
loudy sky conditions is limited.

The literature on spectral correction functions for cloudy conditions
s sparse. Gottschalg et al. (2004) incorporated the effects of clouds into
pectral correction work modelling by correlating AM𝑎 and clearness
ndex, K𝑡, with the Useful Fraction, UF [14]. The UF is an indicator of
he amount of available solar irradiance that falls within the spectral
esponse window of a particular PV device. A strong dependence of
he UF on air mass and the clearness index is shown, thus affirming
he significance of cloud-induced spectral shifts on PV performance.
uck and Fell (2015) include the AM𝑎-K𝑡 function in a review of
ifferent spectral correction functions [31]. In this review, it was found
hat the AM𝑎-K𝑡 model offers advantages over the traditional AM𝑎
odel, but could be improved further when a weighted Useful Fraction

WUF) is used in place of the useful fraction (UF). Whereas the UF
ssumes a constant spectral response within the useful range of spectral
rradiance, the WUF accounts for the non-constant PV spectral response
ver the range of wavelengths that fall into the useful range for a
articular PV device [22].

Despite the improvements offered by the multivariable functions
1177

ver the single variable approaches, these methods are still limited. o
ne reason is the inherent complexity of modelling and parameterising
D surfaces. Another reason is the potential lack of generalisability of
uch functions in environments where the relative dominance of the
nfluences of different atmospheric or meteorological parameters on
ifferent PV technologies or on the spectrum in different locations may
ary. Therefore, the ideal solution would be a spectral correction func-
ion with as few values as possible containing the maximum amount of
nformation on the dominant factors affecting the spectrum, whatever
hey may be.

One such candidate parameter is the Average Photon Energy (APE).
he APE provides a direct quantitative characterisation of the final
pectral distribution once it has already been influenced by all of the
elevant environmental parameters in the region under investigation,
hether it be air mass, clouds, precipitable water content, or anything
lse. This is in contrast to the traditional approaches that take one
r two factors that can influence the spectrum and then use them as
roxies for the total spectral influence on PV output. By definition,
he APE should contain information on all parameters affecting the
pectrum as it is a numerical representation of a measured spectral
istribution after the photons in that distribution have already been
ffected by all environmental phenomena.

Parameters derived from the measured spectral distribution, such as
PE, are being used more in recent years [32,33] as outdoor spectrom-
ter devices are becoming more widely available, in particular due to
echnological developments leading to decreasing costs [34,35]. The
PE in particular has been used extensively to characterise spectral

rradiance distributions [36–40] and has been shown to be correlated
ith other spectral characterisation parameters such as the Useful
raction (UF) [41]. However, the APE possesses certain advantages
ver other indicators. For example, unlike the UF, the APE is device
ndependent. Another advantage of the APE, compared to AM𝑎 for
xample, is that it can represent spectral conditions in both clear and
loudy skies.

It is argued in the literature that the APE is a single value that
ontains information on the dominant environmental conditions influ-
ncing PV performance and is therefore capable of effectively char-
cterising the shape of the incident irradiance spectrum [18,42–44].
owever, from a theoretical standpoint, two different spectra could
ave the same APE. This is possible since a decrease in one area of
spectral distribution could be compensated by an increase in another

rea, leading to the same average photon energy but a different shape
f the overall spectrum. This potential lack of bijectivity is important
ecause, if the APE parameter cannot reliably and uniquely characterise
pectra over a suitable wavelength range for PV performance analy-
is, its applicability in such analysis would be severely restricted. By
dopting the IEC’s methodology for rating the spectral matching of a
olar simulator [45], Minemoto et al. (2009) show that an APE value
ields a spectral irradiance distribution with a relatively small standard
eviation [46]. They conclude that the APE is in fact a bijective index
hat can uniquely represent different solar spectral distributions.

The relationship between the APE parameter and PV performance
as been discussed in the existing literature. Cornaro and Andreotti
2013) present a detailed characterisation of their test site using the
PE, but the data sample used for PV analysis spans only two summer
onths — June and July — thus restricting the applicability of the

indings to other times of the year [36]. A similar limitation is faced
y the work of Williams et al. (2003), which only presents results for
he winter months [43]. Other work has shown the strong correlation
etween the APE and various PV (spectral) performance indicators, and
hus the benefit of using the APE parameter to understand PV spectral
fficiency [47–49]. However, these studies are limited in terms of their
xtension to a predictive model of PV performance based on spectral
ffects, and associated model validation.

In summary, existing spectral correction functions are based on
roxy variables and suffer from various limitations, the most significant

f which is their inability to model spectral influences accurately in
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Fig. 1. Outline of the methodology to account for the spectral influence on PV performance using the APE parameter.
situations where the relative influences of different parameters on the
spectrum may vary. Several studies have attempted to use measure-
ments of the spectral distribution to understand the spectral effects
on PV performance, in particular through use of the APE parameter.
However, these studies are often limited in terms of data sample size,
extension to a predictive model, and model validation.

This project proposes a new methodology by which the spectral in-
fluence on PV performance can be analysed. The proposed methodology
is demonstrated using 12 months of outdoor performance data for an
aSi PV module as an example. The derived spectral correction function,
based on the APE parameter, is validated in all sky conditions and
its performance is compared to that of two commonly used spectral
correction methods. The coefficients of the derived spectral correction
function are presented in this study so that the function may easily
be integrated into any PV performance model in order to achieve
improved PV performance forecasts.

2. Methodology

In this section, the key parameters underpinning the analysis of the
study are introduced and explained, along with a description of the
experiment campaign. The methodology used to develop and validate
the proposed spectral correction function is also described and justified.
Finally, a summary of the uncertainty analysis is presented.

The steps to derive the APE spectral correction function are sum-
marised in Fig. 1. In the proposed methodology, the PV module short-
circuit current measured at arbitrary conditions (𝐼𝑠𝑐), characterised by
temperature, irradiance, and spectrum, is translated to a reference tem-
perature and irradiance. This temperature– and irradiance-normalised
short-circuit current, 𝐼 ′𝑠𝑐 , is compared to the short-circuit current mea-
sured at a reference temperature, irradiance, and spectrum, 𝐼𝑠𝑐0. The
ratio of the two currents indicates the spectral influence on 𝐼 ′𝑠𝑐 , which
this study models using the APE parameter to derive a correction
function that can easily be integrated into any PV performance model.
1178
2.1. Characterisation of the spectrum

The Average Photon Energy parameter is adopted in this study as a
means of characterising solar spectral distributions. The APE originates
from considering the fundamental change in the physical nature of
the photons when a spectral distribution is altered. Such alterations
manifest themselves in shifts in the photon wavelength.

The wavelength of light (𝜆) is inversely proportional to its energy
(𝐸), where the constant of proportionality is the product of the speed
of light in a vacuum (𝑐) and Planck’s constant (ℎ):

𝐸 = ℎ𝑐
𝜆
. (1)

Therefore, if one considers the average energy of all of the photons
in one spectral distribution, this value will provide an indication of the
shape of the spectrum. The average energy of the photons in a spectral
distribution is calculated by dividing the total energy in a spectrum by
the total number of photons it contains [41]:

APE [eV] = 1
𝑞

(

∫ 𝑏
𝑎 𝐸𝜆𝑑𝜆

∫ 𝑏
𝑎 𝛷𝜆𝑑𝜆

)

. (2)

Here, 𝐸(𝜆) [Wm−2 nm−1] is the spectral irradiance, 𝛷(𝜆) [m−2 nm−1]
is the spectral photon flux density, 𝑞 [C] is the electron charge, and 𝑎
[nm] and 𝑏 [nm] are the upper and lower wavelength limits, respec-
tively, of the considered waveband.

2.2. Characterisation of spectral effects on PV performance

The parameter used in this paper to quantify the effects of the
spectrum on PV performance is the normalised short-circuit current,
𝐼𝑠𝑐𝑛, which is calculated from the measured short-circuit current, 𝐼𝑠𝑐 .

In order to determine the purely spectral influence on 𝐼𝑠𝑐 , it is
necessary to isolate the effects of other factors, namely irradiance and
temperature. 𝐼 measured at different irradiances and temperatures
𝑠𝑐
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Fig. 2. Annual climatic conditions at the Golden test site. Panels (a) and (b) show the annual variation in the Global Horizontal Irradiance (GHI) and the ambient air temperature
(𝑇amb), respectively.
can be translated to a reference temperature (𝑇𝑟 = 25°C) and reference
irradiance (𝐺0 = 1000 Wm−2) [50]:

𝐼 ′𝑠𝑐 =
𝐼𝑠𝑐

1 + 𝛼̂𝐼𝑠𝑐 (𝑇𝑐 − 𝑇𝑟)

[

𝐺0
𝐺𝑝𝑜𝑎

]

, (3)

where 𝛼̂𝐼𝑠𝑐 [°C−1] is the short-circuit current temperature coefficient, 𝑇𝑐
[°C] is the cell temperature, and 𝐺𝑝𝑜𝑎 [Wm−2] is the measured plane of
array irradiance. 𝑇𝑐 can be estimated using a one-dimensional thermal
conduction model based on the module back surface temperature, 𝑇𝑚,
which is measured:

𝑇𝑐 = 𝑇𝑚 +
𝐺𝑝𝑜𝑎

𝐺0
𝛥𝑇 , (4)

where 𝛥𝑇 is the temperature difference between the module and cell,
which, based on the construction of the PV device analysed, is set as
3°C in this study [51].

The normalised short-circuit current, 𝐼𝑠𝑐𝑛, is then found by dividing
𝐼 ′𝑠𝑐 by the reference short-circuit current, 𝐼𝑠𝑐0, which is the current
measured at the reference test conditions (𝑇𝑟 and 𝐺0):

𝐼𝑠𝑐𝑛 =
𝐼 ′𝑠𝑐
𝐼𝑠𝑐0

. (5)

It is proposed in this work that the normalised current may be
expressed as a function of the average photon energy, such that 𝐼𝑠𝑐𝑛 =
𝑓 (𝜑), where 𝑓 (𝜑) is a spectral correction function, dependent on APE,
which models the spectral influence on 𝐼 ′𝑠𝑐 to explain the deviation of
𝐼 ′𝑠𝑐 from 𝐼𝑠𝑐0. The proposed functional form of 𝑓 (𝜑) is a fourth order
polynomial, with coefficients 𝑎𝑛, so in summary:

𝐼𝑠𝑐𝑛 = 𝑓 (𝜑) =
4
∑

𝑛=0
𝑎𝑛 ⋅ 𝜑

𝑛. (6)

The fourth order was determined to be optimal by testing functions
of different forms. Increasing the order of the polynomial was found
to improve the coefficient of determination for the fit, but beyond
the fourth order these improvements were negligible relative to the
precision with which the values of APE and 𝐼𝑠𝑐𝑛 are known.

The 𝐼𝑠𝑐𝑛 ratio in Eq. (5) is also helpful for understanding how a PV
module responds to different spectral conditions. 𝐼𝑠𝑐𝑛 > 1 indicates
higher performance under the prevailing spectrum with respect to
the performance under the reference conditions, 𝐼𝑠𝑐𝑛 < 1 indicates
decreased performance, while 𝐼𝑠𝑐𝑛 = 1 indicates there is no difference
between the performance under the prevailing spectrum and under
reference conditions.

2.3. Data sourcing and processing

The model development and validation are both based on data from
two publicly available datasets from the National Renewable Energy
1179
Laboratory (NREL). The PV performance and meteorological (PVM)
data are sourced from the NREL Outdoor Test Facility [52], while
the spectral irradiance (SI) data are sourced from the Measurement
Instrumentation Data Centre at NREL [53]. The PV module used to
validate the proposed model is an amorphous silicon device (NREL
database ID 0308). Despite exhibiting a waning mainstream market
share compared to crystalline silicon devices, aSi silicon devices are
particularly relevant for applications with a large future growth po-
tential such as building integrated photovoltaics [54–56]. The module
characteristics, including the Sandia Model coefficients for the module,
are provided in the NREL PVM dataset. The Golden (Colorado) site is
the only site for which concurrent SI and PVM data were measured at
the same location, hence only data from this site are used.

To illustrate the climatic conditions present at the test site, the
annual variation in irradiance and ambient air temperature are pre-
sented in Fig. 2. The temperature and irradiance both follow the same
trend throughout the year, and are indicative of a hot-summer and
cold-winter environment.

A representative sample of SI and PVM data are required to de-
rive the spectral correction function, which then must be capable of
accurately modelling spectral effects for an arbitrary set of data. An
investigation of the annual variation of APE at the Golden site is
conducted to determine the number of months of data required to
represent the full range of APE values possible in a typical year.

The annual variation of APE at the Golden site from August 2012 to
August 2013 site is presented in Fig. 3. There is greater variability in
APE from around November to February, which is likely to be a result
of more unstable weather conditions that are typical in the winter. In
addition, there is a dip in the average APE values for the winter months
compared to the summer. This distinct seasonal variation in the APE
from summer to winter is likely to be driven primarily by the lower
position of the sun in the sky in winter, and hence higher air mass.

Based on this annual variation in APE, a sample from January 2013
to August 2013 is used to provide a suitable range of spectral data
for the model development, that is one which includes the full range
of possible annual APE values, while the remainder is used for the
model validation. The validation dataset also includes the full range
of possible values, although the overall size of the sample is smaller.
In Section 3, the fit statistics for the model developed on the model
development data are cross-checked against the same fit for the full
one-year dataset to test the reliability of the model development data.

The APE values in Fig. 3 are all calculated from the spectral irra-
diance (SI) data measured using an EKO MS-700 Global spectrometer
facing south, at a tilt of 40°, which corresponds to tilt and orientation
of the PV module under investigation. The SI data have a one-minute
resolution between the hours of approximately 0600h and 1800h, while
the PVM data have a fifteen-minute resolution between similar hours.
A subset of these data between the hours of 0800h and 1600h was
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Fig. 3. Annual variation in APE for August 2012 to August 2013.

extracted to ensure a focus on daylight hours only. In total, around
200,000 spectral distributions and 11,000 PVM measurements were
obtained. Measurements obtained under conditions with less than 200
Wm−2 were omitted to reduce noise whilst still retaining measurements
made in heavily overcast conditions [21,22]. Some measurements were
missing from both datasets due to external factors such as instrument
downtime. Therefore, only measurements of one parameter for which
there existed a concurrent measurement of all other required param-
eters were retained. After processing, a final dataset of approximately
6300 measurements of each parameter was used.

2.4. Uncertainty analysis and fitting procedure

The methodology for determining the uncertainties on all of the
measured parameters is explained in detail in Appendix B of the
database’s associated user’s manual [52]. In this study, the provided
uncertainty values are propagated through to the calculated variables
using a simple calculus-based approximation [57]. The final error bars
generated are used to apply an instrumental weighting to each data
point in the fitting procedure for all graphs. For the non-linear curve
fits, the Levenberg–Marquardt iteration algorithm is used.

3. Derivation of the APE spectral model

The analysis in Section 2.3 defines the model development and
validation datasets as January–August 2013 and August–December
2012, respectively, based on the goal of including in each dataset the
full range of possible PVM and SI values. As a secondary check of
the representability of the model development data, the model derived
from these data is compared to one derived from a full year of data.

The correlation between the APE and normalised short-circuit cur-
rent, 𝐼𝑠𝑐𝑛, for August 2012–August 2013 is presented in Fig. 4. Several
parameterisations were tested and the optimal form was found to be a
fourth order polynomial function, as described in Eq. (6).

The same correlation is presented for the sub-sample of data be-
tween January and August of 2013 in Fig. 5. The R-square coefficient
of determination (𝑅2) for the proposed spectral function derived from
the January–August data is 0.870. This value of 𝑅2 is close to that of
the function derived from the full year of data, 0.886, indicating a high
similarity between the sub-sample and the full sample. For comparison,
the same order polynomial plotted for September 2012–February 2013
yielded an 𝑅2 value of 0.925, which suggests that this sample is not
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Table 1
Polynomial coefficients for the APE spectral correction function derived from January
2013–August 2013 data (Fig. 5, Eq. (6)).

𝑎0 𝑎1 𝑎2 𝑎3 𝑎4
Value −2500 5552 −4626 1715 −238

representative of the overall population data (the full-year dataset),
which may be a result of over fitting.

From considering the annual range of APE values, as done in Sec-
tion 2 and this comparison of 𝑅2 values, it may be concluded that the
January–August sub-sample is representative of a typical annual dataset
and may therefore be used to derive a general model for forecasting at
any point during the year.

For the January–August sample plotted in Fig. 5, there is still a high
goodness of fit of 𝑓 (𝜑) to the data, with almost 90% (𝑅2 = 0.886)of
the variability in 𝐼𝑠𝑐𝑛 being described by the dependent variable, APE.
The majority of the uncertainty in the fit appears to be around the
1.88 eV–1.90 eV where there is a higher variability in 𝐼𝑠𝑐𝑛 for the
same APE values. Beyond 1.88 eV, the trajectory of increase in 𝐼𝑠𝑐𝑛
changes as 𝐼𝑠𝑐𝑛 plateaus off. This plateau may be a result of the limited
spectral response range of the aSi module. The coefficients for the
January–August 2013 model are presented in Table 1.

4. Model validation and discussion

The proposed model is validated using new data from August–
December 2012. The normalised measured current from this period,
hereinafter denoted ‘‘measured current’’ (𝐼𝑠𝑐𝑛,𝑚𝑒𝑎𝑠) for simplicity, is
compared to the normalised current calculated using the proposed 𝑓 (𝜑)
model, denoted 𝐼𝑠𝑐𝑛,𝜑. In addition, the prediction accuracy of 𝑓 (𝜑) is
compared to that of the absolute air mass function, 𝑓 (AM𝑎), which is
the traditional spectral correction approach used in the Sandia Array
Performance Model [51]. A comparison is also made with a modified
version of the AM𝑎 function, originally published in [14], which adds
the spectral effects of cloud cover into 𝑓 (AM𝑎) by means of the clearness
index, K𝑡.

The predictive accuracy is analysed in two ways. One is by directly
comparing the predicted values with the measured values to analyse
the error in the prediction at different APE ranges. Another involves
plotting the data as a time series to identify any temporal phenomena
underlying the deviations between the measured and predicted values,
and to evaluate the temporal resolution at which accurate predictions
of 𝐼𝑠𝑐𝑛 are possible.

4.1. Predictive accuracy of the APE spectral correction

Fig. 6 shows the predicted and measured normalised current values
as a function of time, for the period from August to December 2012.
The predicted values are calculated by substituting only the APE values
for this period into the model presented in Fig. 5. There is a high
degree of matching between the predicted and measured values of PV
performance, both for values of 𝐼scn greater than and less than unity,
throughout the year. There appear to be two main types of temporal
fluctuations in the data. One is the high frequency (15-min) fluctuations
happening throughout each day, while another is the overall drop
in 𝐼scn,meas as the seasons progress from summer to winter. The APE
function is able to forecast accurately both the high frequency (15-min)
fluctuations and the long-term seasonal shift in PV performance.

Fig. 7 presents the correlation between 𝐼𝑠𝑐𝑛,𝑚𝑒𝑎𝑠 and 𝐼𝑠𝑐𝑛,𝜑. The
regression in Fig. 7 indicates that 𝑓 (𝜑) is an accurate and reliable
predictor of 𝐼𝑠𝑐𝑛. Firstly, the Pearson’s r value of 0.969 indicates a very
strong positive relation between the predicted and measured values of
𝐼𝑠𝑐𝑛. Secondly, the 𝑅2 of 0.940 substantiates the positive correlation
between the two, and affirms the high degree to which the modelled
current matches the measured current. As a measure of the variability
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Fig. 4. Fourth order polynomial APE spectral correction function based on one year of data from August 2012 to August 2013 measured at Golden, Colorado.
Fig. 5. Fourth order polynomial APE spectral correction function based on data from January 2013 to August 2013 measured at Golden, Colorado.
between the measured values and those predicted by the proposed
model, the Mean Absolute Error (MAE) is found to be only 0.014,
which indicates a high degree of matching between the measured and
predicted values. Finally, the regression equation in Fig. 7 also indicates
a low random and systematic error present in the data.

There appears to be a slight drift in the data away from the line of
best fit in Fig. 7 at 𝐼𝑠𝑐𝑛 values less than 0.65. This drift may be a result
of less data in the low APE value range used to derive the model. When
comparing the data subset (Fig. 5) with the annual dataset (Fig. 4), in
the data subset there are less data at low APE values in particular. The
reduction may not only be responsible for the slightly lower 𝑅2 value
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for the subset 𝑓 (𝜑) fit, but also increased uncertainty and therefore
more likely natural fluctuation in the spread of data in Fig. 7 at lower
APE values.

4.2. Comparison with existing functions

This section of the analysis compares the predictive accuracy of
the derived APE function to that of two existing functions from the
literature. The same methods of analysis are used — absolute predictive
accuracy test and time series analysis.
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Fig. 6. Time series validation of 𝑓 (𝜑) for August 2012–December 2012.
Fig. 7. Validation of 𝑓 (𝜑) for August 2012–December 2012.
4.2.1. Existing functions: Air mass and clearness index

The AM𝑎 and AM𝑎-K𝑡 spectral correction functions have been de-
rived from the same NREL data used to derive 𝑓 (𝜑). The derived
functions are presented in Figs. 8 and 9. AM𝑎 values are calculated
using the method proposed in [58]. Atmospheric pressure was mea-
sured on site and the solar position parameters, namely the zenith and
azimuth angles, were calculated using the solar position algorithm [59].
K𝑡 values were calculated according to:

K = GHI , (7)
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𝑡 GEI
where GHI is the global horizontal irradiance as measured by a Kipp
and Zonen CM22 pyranometer, and GEI is the global extraterrestrial
radiation calculated by [60]:

GEI = S
𝐑2

× cos𝑍, (8)

where the 𝑆 is the solar constant, equal to 1367 Wm−2, R is the Earth
radius vector, and 𝑍 is the solar zenith angle calculated using the
solar position algorithm cited earlier. A higher K𝑡 value indicates clear
skies, whereas a lower value indicates cloudier skies. Typically, a K𝑡 of
0.8 is indicative of almost completely clear skies [61]. It is important
to note that in the original publication of the AM -K function [14]
𝑎 𝑡
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Fig. 8. 𝑓 (AM𝑎) for January 2013–August 2013.
the authors correlated AM𝑎 and K𝑡 with UF, whereas in this study a
new correlation is derived with respect to 𝐼𝑠𝑐𝑛. This modification is
made to enable a more direct comparison between the accuracy of the
different functions. 𝐼𝑠𝑐𝑛 can offer a more intuitive way of understanding
PV spectral performance without the need for complex device-specific
measurements of spectral response.

4.2.2. Comparison of model fits
There is a much weaker relationship between AM𝑎 and 𝐼𝑠𝑐𝑛, evi-

denced by an 𝑅2 value of only 0.652 in Fig. 8, compared to 0.870
for the APE function shown in Fig. 5. Although the AM𝑎-K𝑡 function
in Fig. 9 offers a better fit to 𝐼𝑠𝑐𝑛 than AM𝑎 alone, the final 𝑅2 value of
0.828 still falls short of that achieved by 𝑓 (𝜑). Although the difference
relative to 𝑓 (𝜑) is smaller, it is notable that the single variable APE
function is still able to outperform the more complex multivariable
AM𝑎-K𝑡 function.

The following section compares how the fitting accuracy of the
different spectral correction models translates into predictive accuracy
of PV performance.

4.2.3. Comparison of predictive accuracy
The correlations between the predicted and calculated values of

𝐼𝑠𝑐𝑛 using both 𝑓 (AM𝑎) and 𝑓 (AM𝑎,K𝑡) are plotted in Figs. 10 and 11,
respectively.

The weakness of the AM𝑎 − 𝐼𝑠𝑐𝑛 correlation in Fig. 8 translates into
a weaker predictive power of the AM𝑎 function in Fig. 10. The AM𝑎-K𝑡
function offers a more reliable prediction of 𝐼𝑠𝑐𝑛 than the AM𝑎 function,
evident from the reduced spread in data, but there is still significant
variability in the prediction when compared to the spread of data in
the APE function in Fig. 5. The 𝑅2 analysis shows that although there
is only a 5% improvement in the initial model for the APE function
compared to the AM𝑎-K𝑡 function, this slight improvement translates
into a disproportionately greater improvement in prediction accuracy
of almost 15%. This shows the ability of the APE function to incorporate
not only the effects of cloud cover and air mass on the spectrum,
and therefore PV performance, but also additional effects from other
atmospheric parameters. A comparison of all of the fit statistics for each
of the functions is presented in Table 2.
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Table 2
Fit statistics for the AM𝑎, AM𝑎-K𝑡, and APE spectral correction functions
absolute predictive accuracy test.
Correlation Statistic

r 𝑅2 MAE

𝐼𝑠𝑐𝑛,𝑚𝑒𝑎𝑠(AM𝑎) 0.874 0.765 0.024
𝐼𝑠𝑐𝑛,𝑚𝑒𝑎𝑠(AM𝑎 ,K𝑡) 0.898 0.806 0.022
𝐼𝑠𝑐𝑛,𝑚𝑒𝑎𝑠(𝜑) 0.969 0.940 0.014

Table 3
Degree of matching between the measured and predicted values of 𝐼𝑠𝑐𝑛
for each of the proposed APE function and two traditional functions,
𝑓 (AM𝑎) and 𝑓 (AM𝑎 ,K𝑡).

SCF

𝑓 (AM𝑎) 𝑓 (AM𝑎 ,K𝑡) 𝑓 (𝜑)

Matching (%) 77 81 94

In terms of the time series analysis, the measured and calculated
normalised short-circuit currents are plotted against time for 𝑓 (AM𝑎)
and 𝑓 (AM𝑎,K𝑡) in Figs. 12 and 13, respectively. The time series analysis
shows that all three functions are capable of capturing the overall
seasonal trend in 𝐼𝑠𝑐𝑛 from August to December, where 𝐼𝑠𝑐𝑛 exhibits
a continual decrease in magnitude and increase in variability. How-
ever, 𝑓 (𝜑) has a significantly greater predictive accuracy, compared to
𝑓 (AM𝑎) and 𝑓 (AM𝑎,K𝑡), across the full duration of the investigation.
The degree of matching between each of the three SCFs is summarised
quantitatively in Table 3.

Deviations of the predicted from the measured values for all three
functions tend to be underestimates, which was expected following
the gradients generated in the absolute predictive accuracy analysis
being > 1. However, the deviations in the case of 𝑓 (AM𝑎) are visibly
greater than those for 𝑓 (𝜑). Furthermore, the temporal resolution at
which 𝑓 (𝜑) is able to capture the variations in 𝐼𝑠𝑐𝑛 is far beyond that
of 𝑓 (AM𝑎). The ability of 𝑓 (𝜑) to model fluctuations at a 15-min time
resolution, which is the limit of the measured data in this study, means
that the applicability of the function is greatly enhanced. The reason
for this improved modelling at shorter time intervals is down to the
APE’s higher sensitivity to changes in the spectrum. Changes in air
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Fig. 9. 𝑓 (AM𝑎 ,K𝑡) for January 2013–August 2013.

Fig. 10. Validation of 𝑓 (AM𝑎) for August 2012–December 2012.
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Fig. 11. Validation of 𝑓 (AM𝑎 ,K𝑡) for August 2012–December 2012.
Fig. 12. Time series validation of 𝑓 (AM𝑎) for August 2012–December 2012.
mass are driven only by the sun’s position in the sky, which changes
slowly, therefore high frequency changes in the spectrum resulting
from high frequency changes in the sky conditions and atmospheric
composition cannot be captured by using changes in the air mass as
a proxy. Furthermore, an APE value can be derived from a spectrum,
measured at any time, almost instantaneously.

This point regarding the temporal resolution at which the different
functions can capture changes in the spectrum also relates to the fact
that although 𝑓 (AM𝑎) and 𝑓 (AM𝑎,K𝑡) are able to capture situations
where 𝐼𝑠𝑐𝑛 < 1 in the winter months, they are incapable of doing so
in the summer months. This is in contrast to 𝑓 (𝜑), which captures
both 𝐼 < 1 and 𝐼 > 1 throughout the year. The reason for
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𝑠𝑐𝑛 𝑠𝑐𝑛
this difference lies in the factors affecting the spectrum in different
months. The shift in 𝐼𝑠𝑐𝑛 to lower values over the course of the year
is primarily a result of the changing solar elevation, which is lower
in winter months. Therefore, air mass exhibits a dominant role in
the long-term seasonal variation in the spectrum, hence AM𝑎-based
models are capable of accurately modelling this variation. On the
other hand, high frequency dips in 𝐼𝑠𝑐𝑛 in the summer months are not
driven by changes in air mass, but rather atmospheric composition. For
example, changes in cloud cover patterns, atmospheric turbidities, and
the distributions of different gases such as ozone and sulphur dioxide.
Therefore, instantaneous characterisation of the spectrum to determine
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Fig. 13. Time series validation of 𝑓 (AM𝑎 ,K𝑡) for August 2012–December 2012.
the spectral influence on PV performance, using 𝑓 (𝜑), is more accurate
both in the short and long term.

In terms of how each individual function compares to the others
for different ranges of 𝐼𝑠𝑐𝑛, it can be seen that 𝑓 (AM𝑎,K𝑡) offers an
improved prediction compared to 𝑓 (AM𝑎), in particular in terms of its
ability to predict 𝐼𝑠𝑐𝑛 values greater than 1. This is as expected for
aSi modules since such modules tend to operate more efficiently in
cloudier conditions, the effects of which are modelled more accurately
in 𝑓 (AM𝑎,K𝑡) than 𝑓 (AM𝑎) due to the inclusion of the clearness index
parameter. However, 𝑓 (𝜑) still outperforms 𝑓 (AM𝑎,K𝑡), generating ei-
ther a similar or better forecast of 𝐼𝑠𝑐𝑛. The most notable improvements
that are achieved by 𝑓 (𝜑) over 𝑓 (AM𝑎,K𝑡) are for 𝐼𝑠𝑐𝑛 values less than 1.
This indicates that although K𝑡 can improve the prediction accuracy of
𝑓 (AM𝑎) by incorporating the effects of cloud cover, hence for 𝐼𝑠𝑐𝑛 > 1,
the APE function is able to account not only for the effects of air mass
and cloud cover, but also the effects of other parameters omitted by the
AM𝑎 − K𝑡 function, which also impact the spectrum.

Finally, whether the high predictive accuracy of 𝑓 (𝐴𝑃𝐸) is main-
tained for other PV technologies is yet to be tested. Questions have
been raised in the literature about the uncertainty in the relationship
between the APE and the spectrum, in particular at longer wave-
lengths [62]. Therefore, it is necessary to validate the proposed method-
ology for other PV technologies, in particular those with a wider
spectral response range than aSi. Crystalline silicon (c-Si) PV would be
a good starting point as this technology maintains a response at longer
wavelengths than aSi. In addition, c-Si has dominated the PV market in
recent years, in particular for residential rooftop applications [63,64].

5. Analysis summary

The proposed methodology for analysing the spectral influence on
PV performance has been used to derive an APE spectral correction
function from eight months of empirical data measured in Golden,
Colorado. The derived function has been validated using the remaining
four months of data from the year to compare the predicted and
calculated values of 𝐼𝑠𝑐𝑛, and to compare its performance to that of
the traditional air mass model and a modified air mass model that
includes the effects of cloud cover. Up to 30% absolute percentage
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improvement in predictive accuracy can be achieved through the use of
the derived APE function, which improves on traditional models both
in terms of absolute prediction accuracy and the temporal resolution
at which accurate predictions are achieved. These improvements have
been quantified using a range of statistical parameters, namely the
Pearson’s correlation coefficient (𝑟), coefficient of determination (𝑅2),
and the mean absolute error (MAE). In all statistical tests, the APE
function outperforms the air mass-based functions by a significant
margin.

6. Conclusion

PV performance modelling is essential for the success of PV systems.
Traditional approaches to account for the spectral influence on PV
performance and predictions thereof have been dominated by the use
of proxy variables, in particular the air mass parameter. The majority
of such functions suffer from increased uncertainty due to their limited
scope of inclusion of factors that affect the solar spectral distribution.

The APE is shown in this study to be a single parameter capable
of accurately characterising spectral distributions for effective use in
computing the effect of the spectrum on PV performance. The spectral
correction methodology presented in this study, which is validated us-
ing an aSi PV module deployed in Golden, Colorado, shows significant
improvements in prediction accuracy and forecasting time resolution
when compared to two air mass-based approaches. The greatest im-
provement is found with respect to 𝑓 (AM𝑎), but even after the inclusion
of the clearness index in 𝑓 (AM𝑎) to account for the spectral effects
of cloud cover, 𝑓 (𝜑) still more accurately models 𝐼𝑠𝑐𝑛 for values both
greater than and less than unity.

Improvements in accuracy achieved by 𝑓 (𝜑), compared with 𝑓 (AM𝑎)
and 𝑓 (AM𝑎,K𝑡), reach up to 30% considering the statistical ability to
explain variations in PV output due to variations in the incident solar
spectrum. The coefficients for 𝑓 (𝜑) for the aSi module are presented
so that the function may easily be integrated into any PV performance
model to improve modelling accuracy.

Although aSi performance is most susceptible to spectral changes,
further work is still required to validate the proposed methodology for a
range of PV technologies. Finally, validation of the model in different
climatic regions is necessary to test the worldwide generalisability of

the proposed methodology.
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