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ty: how non-AM1.5 conditions
shape the future of perovskite and organic solar
cells†

Zongtai Zhang, a Andrew F. Crossland,b Roderick C. I. MacKenziea

and Christopher Groves *a

The power conversion efficiencies (PCEs) of perovskite and organic photovoltaic (PV) devices under AM1.5

standard test conditions have improved rapidly, but their real-world energy yield remains poorly

characterised. This study explores the competitiveness of emerging PV technologies compared to

silicon-based PVs by integrating device-specific performance data into energy yield models using

historical climate datasets from locations around the world. Our analysis demonstrates that favourable

temperature coefficients and spectral responses allow perovskite and organic PVs to achieve higher

energy yields in certain climates than their AM1.5 ratings would predict. Indeed, the changes in

performance due to real world operation is similar in magnitude to the incremental improvement in

record cell efficiencies under AM1.5 conditions. These advantages narrow performance gaps or even

achieve parity with silicon PVs in some specific climate regions, and our findings indicate that, in certain

equatorial regions, perovskite PVs can already achieve near parity with silicon PVs under real operating

conditions by narrowing the STC gap from about 4.8% to 1.5%. Our findings underscore the critical need

for comprehensive non-AM1.5 characterisation to improve energy yield predictions, optimise device

design for real-world conditions, and enhance the competitiveness of emerging PV technologies.
Broader context

Solar energy is widely recognised as indispensable for mitigating climate change, with the PV industry historically led by silicon-based technologies. However,
next-generation PVs based on organics and perovskites are steadily gaining traction, both in research and near-commercial phases. Notably, most device
characterisation remains conned to the AM1.5 standard, an approach that fails to capture the broad array of real-world operating conditions—particularly high
temperatures, varied spectral outputs, and low-irradiance environments. By systematically quantifying the combined effects of irradiance, temperature, and
spectral mismatch, this study demonstrates how advanced emerging PVs can signicantly narrow the performance gap with established silicon modules under
realistic environmental conditions. In regions characterised by intense heat or prolonged cloud cover, these emerging PV materials, beneting from favourable
temperature coefficients, enhanced spectral responses and low irradiance performance, can yield outputs that closely approach expectations based on AM1.5 for
silicon. Beyond underscoring the necessity of more comprehensive performance data, these ndings highlight pathways for technology optimisation. They
further offer incentives for researchers to consider the broader advantages of alternative PV architecture—advantages that may be critical for accelerating the
pace of global decarbonisation.
1 Introduction

The performance of photovoltaic (PV) devices with perovskite or
organic absorbing materials has advanced rapidly since their
invention and are close to commercialisation. Much of the
ongoing development of these emerging PV technologies has
used measurements of power conversion efficiency (PCE) under
AM1.5 conditions to quantify performance and enable like-for-
sity, South Road, Durham, DH1 3LE, UK.
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tion (ESI) available. See DOI:

y the Royal Society of Chemistry
like comparison with competing PV technologies. AM1.5
denes a distribution of power per wavelength of incident light
and intensity (1000 W m−2) which is a reasonable annual
average for the continental United States, at a temperature of
25 °C. Inevitably, the AM1.5 measurement standard is some-
what arbitrary and oen not representative of actual operating
conditions, particularly in a global context.1 Hence, further
information is required to make accurate predictions of energy
production under real conditions.

Standards for commercial solar PVs have evolved to address
these limitations. For example, the IEC 61853-1 test standard
published by the International Electrotechnical Commission
(IEC) measures the performance of PV modules at temperatures
between 15 °C and 75 °C and irradiances from 100 W m−2 to
EES Sol.
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1100 W m−2,3 providing a more comprehensive basis for energy
yield predictions. These expanded measurements are essential
for estimating energy yield (i.e., kWh produced per rated power
production under AM1.5, kWpeak) more accurately, which is
necessary for determining the economic viability – or ‘bank-
ability’ – of solar installations. Notably, such assessments reveal
performance challenges for market-leading silicon PV technol-
ogies, which tend to exhibit reduced efficiency at low irradi-
ances and high temperatures.4

To further illustrate these performance challenges, Fig. 1(a)
visualises the extent to which commercial silicon modules lose
efficiency when operating outside nominal conditions using the
De Soto single-diode model,5 discussed further in Section 3. In
this example, the siliconmodule experiences over a 20% relative
efficiency loss at high operating temperatures and approxi-
mately a 10% loss under low irradiance conditions,
Fig. 1 (a) Normalised PCE of commercial silicon PVs2 under different
irradiance and temperature conditions, (b) density of real operation
conditions of silicon PVs in California 2019 and (c) London 2019.

EES Sol.
emphasising how sensitive commercial silicon technology is to
real-world operating conditions. To contextualise these losses
in practical settings, Fig. 1(b) and (c) present the density
distributions of real operating conditions for silicon PV
modules in California City and London in 2019, respectively.
These datasets highlight the signicant variation in irradiance
and cell temperature proles across different geographic
regions. The AM1.5 STC and IEC 61853-1 matrix points are also
marked in the gures to demonstrate the deviation between
actual PV operation and standard test points. In California, the
operating conditions frequently align with higher irradiances
and temperatures, where silicon modules experience efficiency
losses due to thermal effects, while in London, lower irradiance
conditions dominate, where again silicon modules operate less
efficiently.

These intrinsic limitations of silicon PVs may represent
opportunities for emerging technologies, such as perovskite
and organic PVs, to contribute to future renewable energy
generation. Although limited, initial studies on non-AM1.5
performance of these technologies suggest that their intrinsic
properties may address some of silicon PVs' deciencies. In the
case of organic PVs, some architectures have shown increasing
short-circuit current with rising temperature6 and improved
efficiency under low irradiance,7 with performance varying
across different climatic conditions.8 These distinct behaviours
have prompted researchers to develop new energy generation
models for organic PVs under realistic operating conditions
based on silicon PVs8 or machine learning,9 though these
models remain architecture- and composition-specic. Like-
wise, it has been shown that perovskite PV devices have
a different temperature dependence of PCE as compared to
silicon PVs,10 to an extent that varies with composition11 and
architecture.12 Furthermore, the irradiance dependence of PCE
also differs, inuenced by material composition and device
structure.13 These unique characteristics have been integrated
into energy prediction models to estimate the potential
performance of perovskite PV systems under various climatic
conditions and installation strategies.10,14,15

Overall, it is evident that the PCEs of both organic and
perovskite PV devices exhibit signicant variation under
different light and temperature conditions, distinguishing
them from silicon PVs. However, these variations are inuenced
by the specic composition and architecture of the devices,
leading to both opportunities and uncertainties regarding their
competitiveness in different locations. Crucially, the well-
documented AM1.5 performance may not be a reliable
predictor of real-world performance due to the limited charac-
terisation of non-AM1.5 behaviour in emerging PV
technologies.

The objective of this paper is to quantify how real-world
performance differences inuence the competitiveness of
a range of perovskite and organic PVs compared to silicon
counterparts. We curate a broad dataset of organic and perov-
skite PV devices reported in the literature and use these data in
an energy yield model utilising historical climate data to assess
the impact of temperature, irradiance, and spectral effects on
efficiency. These models are then combined to predict efficiency
© 2025 The Author(s). Published by the Royal Society of Chemistry
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under realistic conditions worldwide for competing PV
technologies.

Our analysis reveals that favourable temperature, irradiance,
and spectral responses narrow the performance gap between
perovskite and organic PV devices and silicon counterparts
compared to what is expected from PCE measurements under
standard AM1.5 conditions. Lower temperature coefficients give
emerging PV technologies a relative advantage in warm
climates, while a stronger response at shorter wavelengths
makes them more resilient to cloud cover. In some locations,
a specic perovskite PV is predicted to achieve parity with
silicon despite a 4.8% performance decit under AM1.5
conditions. Similarly, the organic PV signicantly reduces its
performance gap with silicon compared to AM1.5 conditions in
nearly all locations below 50° latitude. These ndings under-
score an opportunity for the emerging PV community to quan-
tify and improve real-world competitiveness by characterising
performance beyond AM1.5 conditions. Without this charac-
terisation, signicant uncertainty remains regarding the real-
world viability of emerging PV technologies. Indeed, we show
that the wide range of reported non AM1.5 performances is
signicant compared to incremental improvements in record
PCE achieved under standardised AM1.5 test conditions.
2 Yield model

A range of yield models have been proposed for predicting the
performance of different PV systems including mathematical
models,16,17 empirical models18,19 and diode models.20–22 Among
these are models that involve tting to operational data, usually
with an underlying assumption that the PV device is silicon,
such as PVMAPS23 or some single diode models.24 However,
such models are not designed for emerging PV technologies
which have distinct, diverse operational characteristics shown
later. Other models developed specically for emerging PV
devices oen lack interoperability across different technologies.
To address these challenges, we developed a simplied yield
model using separation of variables to describe the temperature
and irradiance dependence of PCE using separate linear rela-
tionships. We introduce two dimensionless parameters: the
normalised temperature coefficient, Tcoe, and the irradiance
factor, fI. The normalised temperature coefficient, dened in
eqn (1), captures the slope of the device's temperature depen-
dence relative to its performance at 25 °C:

Tcoe ¼ 1

PCEð25 �CÞ
dPCE

dT

����
T¼25�C

(1)

where T is the cell temperature and PCE(25 °C) denotes the
efficiency measured at the reference temperature of 25 °C. Next,
the irradiance factor, fI, given in eqn (2), accounts for how the
efficiency evolves with changing irradiance levels:

fI ¼ PCEðIÞ
PCEð1000 W=m2Þ (2)

where I is the irradiance, PCE(I) is the PCE at irradiance level of
I W m−2 and PCE (1000 W m−2) is the device efficiency at
a reference irradiance level of 1000 W m−2.
© 2025 The Author(s). Published by the Royal Society of Chemistry
Within the model, we utilise historical meteorological data
(wind speed, irradiance and air temperature) at hourly resolu-
tion from the National Solar Radiation Database (NSRDB),25

along with spectral data computed using the Fast All-Sky
Radiation Model for Solar Applications with Narrowband Irra-
diances on Tilted Surfaces (FARMS-NIT) model for the site of
interest. Solar panels are assumed to be ground mounted and
have a xed optimum tilt angle provided by PVGIS.26 A previous
study by Peters et al. primarily focused on silicon-based and
cadmium telluride (CdTe) PV technologies using satellite-
derived irradiance data to predict global PV performance.27

However, the meteorological data in the referenced model are
derived from satellite data with a daily temporal resolution, as
opposed to hourly as here, and the spectral correction is
calculated using the SMART clear-sky model, thereby neglecting
the signicant impacts of clouds and aerosols on the spec-
trum.28 These simplications lead to inaccuracies in PV power
generation predictions, which are highly sensitive to dynamic
weather conditions. In contrast, our model employs satellite
meteorological data with an hourly temporal resolution and
utilises the FARMS-NIT model, which accurately captures
spectral conditions under both clear and cloudy scenarios, for
spectral mismatch calculations. Furthermore, our study signif-
icantly expands upon previous research by systematically inte-
grating device-specic performance characteristics into
predictive energy yield models — including temperature coef-
cients, irradiance dependencies, and spectral responses—for
perovskite and organic PV technologies.

The Plane of Array (POA) irradiance determines the incident
solar radiation on a tilted PV panel surface,29 and can be ob-
tained using various approaches, including transposition
models that convert global horizontal irradiance (GHI) to POA
irradiance, direct measurements using sensors or computa-
tional models accounting for atmospheric parameters. Trans-
position models typically split POA irradiance into beam,
diffuse, and reected components, with widely used methods
including the isotropic model,30 Perez model,31 and the HDKR
model (Hay, Davies, Klucher, and Reindl).32 Although the
isotropic model is more accurate under clear-sky conditions, it
underestimates strong forward scattering from clouds or aero-
sols, making it less reliable under cloudy conditions.33 The
performance of the empirical models (Perez and HDKR) is
sensitive to local atmospheric and surface conditions and the
direction of the sun and PV, potentially limiting their broader
applicability.34

The POA irradiance used in our model was directly inte-
grated from the spectral data computed using the FARMS-NIT
model which accounts for both clear and cloudy conditions.
FARMS-NIT is an advanced radiative transfer model developed
at the National Renewable Energy Laboratory (NREL) to
compute solar radiances in narrow-wavelength and integrates
them over tilted PV panels to determine POA irradiances.28,35

Under clear skies, it employs the Simple Model of the Atmo-
spheric Radiative Transfer of Sunshine (SMARTS)36 and solves
the radiative transfer equation using single-scattering approxi-
mations. For cloudy conditions, FARMS-NIT incorporates cloud
reectance and a bidirectional transmittance distribution
EES Sol.
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Fig. 2 (a) Temperature coefficient and PCE measured at 25 °C for
different reported PV technologies and (b) histogram (bars) with
accompanying kernel density estimation (curves) of ETdiff predicted for
California City (2019) for populations of PVs in the dataset.
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function from precomputed lookup tables generated by the
LibRadtran model using a 32-stream Discrete Ordinates Radi-
ative Transfer (DISORT) scheme.37 Validation studies show that
FARMS-NIT achieves higher accuracy than TMYSPEC when
evaluated against both surface observations and state-of-the-art
radiative transfer models, while offering signicantly improved
computational efficiency.34

Finally, all data points with an irradiance of 0 W m−2 were
ltered out for the purposes of this study. The cell temperature
Tcell(t) of the PV was calculated with eqn (3) using hourly data
for irradiance I(t), air temperature Tambient(t) and Ross coeffi-
cients kw(t) from Bristow et al.38,39 The relationship is expressed
as:

Tcell(t) = Tambient(t) + kw(t) × I(t) (3)

where kw(t) captures the wind-dependent heat transfer. Because
the wind speed–Ross coefficient and irradiance–PCE relation-
ships were extracted from gures in the literature, linear
interpolation was employed to ensure continuity between
discrete data points. Next, the temperature factor fT(t) is dened
in eqn (4), where Tcoe denotes the normalized temperature
coefficient described earlier:

fT(t) = (Tcell(t) − 25) × Tcoe (4)

Finally, the energy generation P at each time step t at
a specic location could thus be calculated using eqn (5):

PðtÞ ¼ Pmax � IðtÞ
1000

� fTðtÞ � fIðtÞ � fSðtÞ (5)

Pmax is the rated capacity of the dened solar farm and fT(t),
fI(t) and fS(t) represent the temperature-, irradiance- and spec-
tral mismatch dependent factors, respectively. The equation for
spectral mismatch factor fS(t) is introduced and examined later
in Section 6. In this way, themodel evaluates each component at
hourly intervals (indexed by t) to capture the time-resolved
behaviour of PV power generation under varying meteorolog-
ical conditions.

3 Temperature dependence

To assess the current state of understanding and measurement
of the temperature dependence of PCE in organic and perov-
skite PVs, we conducted a systematic literature review. Using the
Web of Science database, we searched for papers published
within the past decade using topic search terms “temperature
dependence/effect”, “temperature coefficient”, “PCE”, “organic
photovoltaics/solar cell”, “perovskite photovoltaic/solar cell”,
“yield”, or “outdoor test.” Each paper was reviewed and
included in our analysis if it reported the temperature depen-
dence of PCE in either indoor or outdoor settings, with indoor
measurements conducted using an AM1.5 G solar simulator.
We excluded studies that reported temperature coefficients
under varying irradiance conditions in outdoor tests but
retained three11,40,41 as they reported temperature coefficients at
xed irradiance levels. This approach to outdoor PV data
EES Sol.
minimises the inuence of irradiance and spectral variations on
the PCE temperature coefficient. To maximise the size of the
dataset, we included PV devices of all sizes, though we
addressed the impact of cell size later in our analysis. We
excluded data for devices with PCE below 3% under standard
test conditions (STC, dened as an AM1.5 spectrum at 1000 W
m−2 and a cell temperature of 25 °C), as our focus is on state-of-
the-art PV technologies. Additionally, we excluded studies that
included only modelled data. The total dataset comprises nine
organic and nineteen perovskite PVs, the full details are
provided in the ESI.†

These emerging PV devices were compared against data from
a range of commercial silicon PV panels. In total, 61 different
types of commercial silicon solar panels from 31 manufac-
turers, released within the past three years, were included in the
analysis, with performance metrics sourced directly from
product datasheets. To provide insight into how the construc-
tion of silicon PV devices inuences performance, we selected
modules featuring Interdigitated Back Contact (N-IBC) tech-
nology, Passivated Emitter and Rear Contact (PERC) technology,
Tunnel Oxide Passivated Contact (N-TOPCon) technology, High-
Performance and Hybrid Passivated Dual-Junction Cells
(HPDC), and Heterojunction (HJT) solar cells, where available.
© 2025 The Author(s). Published by the Royal Society of Chemistry
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Fig. 2 shows the normalised temperature coefficient for PCE,
Tcoe and PCE under STCs for each PV device in our dataset. The
data for silicon PVs exhibit a tight clustering of temperature
coefficients indicative of a mature technology. A zoomed-in view
of the distribution of the silicon clusters is shown in Fig. S1 in
the ESI.† Within the silicon dataset, there are 5 discernible
clusters which largely relate to variations in passivation tech-
niques.42 Effective passivation can enhance open-circuit voltage
(Voc) and result in a lower Tcoe, as the success of HJT cells is
largely attributed to the effective a-Si passivation.43,44 Despite
these variations, all silicon panels consistently demonstrate
a negative Tcoe, typically ranging from−0.38% °C−1 to−0.24% °
C−1. Technological advancements in silicon PVs have clearly
improved both PCE and Tcoe. However, within silicon PVs of the
same technological generation, a higher PCE does not neces-
sarily correlate with a less negative Tcoe.

By contrast, the PCE and Tcoe of perovskite PVs exhibit
considerable variability. Generally, the PCE under STCs for
perovskites is lower than that of silicon, while their Tcoe tend to
be more positive. Previous studies have found that the Tcoe of
perovskites is closely related to the device structure and the
composition of the active layer for a variety of reasons. In part,
the Tcoe for perovskites has been attributed to their wide band
gap as well as the increase in the bandgap with increasing
temperature.12,45,46 Device-specic architecture is also argued to
play a role, with compositions and architecture that improve
carrier extraction reducing temperature sensitivity.12,47

However, the overall picture remains unclear and is further
complicated by the presence of reversible and non-reversible
degradation in present devices.13 A detailed correlation anal-
ysis between band-gap values and these performance metrics
across our device dataset is performed in the ESI, Fig. S3–S6.†
The analysis demonstrates that no signicant relationship
exists between the band-gap and the temperature coefficient or
low irradiance performance of the investigated PV devices.

Moving on to consider organic PVs, it is observed that the
PCEs under STCs are generally lower than those of both silicon
and perovskite PVs. As with perovskite PVs, the Tcoe for organic
PVs is generally more positive than for silicon and covers a wide
range, indeed stretching as high as 0.4% °C−1 for DIBSQ :
PC70BM.48 Present understanding for this range in temperature
performance has some similarity to that for perovskite PVs.
First, several studies have indicated that the temperature
characteristics of organic PVs are inuenced by the active
materials used.49,50 The chosen architecture is also important,
since the hole-extraction has been shown to inuence Tcoe51 via
improved charge extraction.48 More generally, it is suggested
that increased phonon–electron coupling at higher tempera-
tures leads to more positive short-circuit current with temper-
ature, leading to a less negative Tcoe.41

However, our intention here is not to dwell on the reasons for
these variations in Tcoe for perovskite and organic PVs, rather it
is to quantify the inuence these variations have on energy
production under realistic conditions. Our goal is to quantify
the importance of differing temperature behaviour in the
competitiveness of the devices, and contextualise how
© 2025 The Author(s). Published by the Royal Society of Chemistry
important temperature coefficients are with respect to AM1.5
performance.

Hence we used the energy yield model described above to
predict the annual energy production of a 5 MW solar farm
comprised of PV devices within the dataset shown in Fig. 2(a)
for the year 2019. We selected California City in the US (a city
roughly 100 miles north of Los Angeles) for our analysis as
California has a large installed capacity of PVs and so is repre-
sentative of the locations where ground mount solar farms may
be installed. Our approach was to predict the annual yield for
a PV installation not including temperature dependence of PCE
(i.e., assuming Tcoe = 0), EwoT, and again including the
temperature dependence of the PCE (i.e., Tcoe as reported in
Fig. 2(a)), and EwT. We then calculated ETdiff = EwT − EwoT to
quantify the impact of Tcoe on energy production. Note that here
we did not include the irradiance or spectral dependence of PCE
(discussed later) in these calculations to avoid complicating the
analysis. We present yield calculations including all of these
effects simultaneously to quantify their relative importance
later in the paper.

Fig. 2(b) shows histograms of ETdiff as well as kernel density
estimation of the same (i.e., a smoothed estimate of the prob-
ability distribution of a random variable) for the populations of
PV technologies in the dataset. It can be seen that the distri-
bution of silicon PV datapoints (blue) are negative, meaning it is
predicted that silicon PV devices would lose efficiency relative to
that measured at STC due to the effect of temperature. This is in
contrast to less negative, and indeed sometimes positive, ETdiff
for perovskite (pink) and organic (orange) PV devices. The more
negative values for silicon compared to organic and perovskite
PVs represents a relative gain in performance for organic and
perovskite PVs to silicon PVs due to the effect of temperature.

We quantied these relative performance changes of PV
populations by measuring the peak positions of their kernel
density estimates: ETdiff = −3.9% for silicon, −0.6% for perov-
skite, and −0.8% for organics. These results indicate a 3.3%
energy gain for perovskite PVs and a 3.1% energy gain for
organic PVs when compared to silicon. While there is some
variation in behaviour, the distributions suggest that the
temperature-dependent characteristics of perovskite and
organic PVs typically enhance their real-world energy genera-
tion beyond what is predicted by PCE measurements under
STCs. We note that the relative change in energy generation due
to benecial temperature coefficients is similar to the incre-
mental increases in record PCE under STCs.52 For example, even
when one takes a long period of 5 years, the world record PCE
for perovskite research cells increased by a relative 4.7% and
organic PVs by a relative 9.7%. This, we argue, is a compelling
reason for increased focus on PV testing under realistic oper-
ating conditions to maximise their potential before reaching the
market, particularly given the intrinsic negative Tcoe of silicon
PVs.

4 Irradiance dependence

We established the state-of-the-art in the measurement of irra-
diance dependence of PCE for organic and perovskite PVs by
EES Sol.
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Fig. 3 (a) Difference in PCE measured at 1000 and 200 W m−2 for
different reported PV technologies and (b) histogram (bars) with
accompanying kernel density estimation (curves) of EIdiff predicted for
California City (2019) for populations of PVs in the dataset.
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conducting a topic search using the database Web of Science
including the terms “irradiance dependence/effect”, “light/sun
intensity”, “low light”, “PCE”, “silicon/c-si photovoltaics/solar
cell”, “organic photovoltaics/solar cell”, “perovskite
photovoltaic/solar cell”, “0.1sun to 1sun” or “AM1.5.” As before,
we only included studies published in the last decade and with
AM1.5 efficiencies of more than 3%. As our focus is the
prediction of performance in outdoor settings, changing the
spectrum whilst keeping the irradiance the same can lead to
changes in the current–voltage curve,53 we only include studies
using a solar simulator with class A spectral mismatch (i.e.,
AM1.5 spectral shape). However, we note that even a class A
spectral mismatch is not a zero error reproduction of the AM1.5
spectrum,54 and spectral mismatch of this class can cause
measurement errors exceeding 10%, particularly given the
varying spectral response ranges of different PV technologies.55

However, given this is the best widely available measurement
standard, we proceed with knowledge of the degree of uncer-
tainty. Finally, we exclude data from outdoor tests, as these
studies did not control temperature, leading to potential inac-
curacies in assessing irradiance dependence.

Following this process, our curated dataset included 12
perovskite and 14 organic PV devices.We highlight that our search
methodology only yielded two eligible non-fullerene acceptor
OPVs56,57 with the remaining records comprising fullerene-based
acceptors, highlighting the need for further studies on more
recent materials. For each device in our dataset, we quantied the
change in efficiency between irradiance levels of 1000 Wm−2 and
200Wm−2 (i.e.,Dh= h(1000Wm−2)− h(200Wm−2)) using linear
extrapolation between datapoints if necessary. We selected 200 W
m−2 as a reference point since most commercial silicon PV data-
sheets (44 of the 61 in our dataset) report irradiance dependence
measurements down to this level. These data are shown in Fig. 3
as a function of the PCE under STC (i.e., h(1000Wm−2)), while the
complete dataset is provided in the ESI.†

Fig. 3(a) shows that the PCEs for both perovskite and organic
PVs have a wide range behaviour when irradiance changes, with
Dh varying from −15% to 15% and beyond, and further, that
these values ofDh are uncorrelated with PCE under STCs. This is
in contrast with silicon PVs, which has a smaller grouping of
irradiance dependence behaviours from Dh = −10% to 0%,
albeit again with no correlation with PCE under STCs. A
zoomed-in view of the silicon distribution is shown in Fig. S2 in
the ESI.† In general, we observe that organic and perovskite PVs
show relatively better performance under low-light conditions
compared to silicon, mirroring ndings under other thin-lm
PV conditions.58 A signicant factor that contributes to the
low light performance of perovskite PVs is the active layer
thickness, since thicker layers both increase absorption and
reduce interface recombination,59 while for organic PVs, the
improved performance at low light levels is ascribed to lower
recombination rates and lower charge carrier densities.60–62

Taking the same approach as before, we contextualised the
impact of varying Dh on annual energy yield by predicting the
average energy yield for a 5 MW solar farm in California City
using historical meteorological data for 2019. We calculated the
average energy yield for each PV technology without irradiance
EES Sol.
dependence of PCE, EwoI, and again with irradiance dependence
of PCE, EwI, shown in Fig. 3(b). We then plot the difference of
these values EIdiff = EwI– EwoI which represents the predicted
difference in annual yield for each PV technology because of the
irradiance dependence of PCE. We exclude the variation of PCE
with temperature and incident spectrum in this calculation to
simplify the analysis here, but return to look at their combined
effect later in the paper.

As expected, we observed a negative EIdiff with a narrow
distribution due to the consistent lower efficiency of silicon
under low light conditions. Comparing this population to that
of perovskite and organic PVs, while we saw slight changes in
peak position compared to silicon, the most signicant differ-
ence was the much broader distribution of energy yields for the
emerging PVs. The full width at half maximum of the perovskite
PV distribution peak was 3.2%, while for the organic PV it was
4%, both of which are comparable to the incremental increase
in record efficiencies under AM1.5 conditions. Furthermore, it
is important to note that our analysis considers only the
aggregated energy yield of a PV farm and does not account for
energy demand variations throughout the day. Renewable
energy generated during periods of high demand, such as early
evening when irradiance is low, has a greater impact on
reducing greenhouse gas emissions. This highlights additional
© 2025 The Author(s). Published by the Royal Society of Chemistry
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opportunities for emerging PV technologies with positive Dh to
distinguish themselves from silicon-based systems.63

5 Spectral mismatch

Here we consider the inuence of the differing spectral
response of perovskite and organic PVs on their efficiency under
realistic conditions. The spectrum of sunlight under real oper-
ating conditions is inuenced by geographical location and
season via the intervening air mass (AM), as well as concen-
trations of atmospheric water vapour, particulate matter, and
others, all of which may cause deviation from the AM1.5 stan-
dard.67,68 Thus to calculate the impact of varying input spectra
on power output, one must consider both the spectrum under
real conditions, E and the spectral response of the PV device in
question, Sr, i.e., the ratio of the current generated to the power
incident on the solar cell as a function of wavelength. Fig. 4
shows the normalised Sr for PV devices with different absorber
layers. The narrow bandgap of silicon allows for better response
to wavelengths in the infra-red, while emerging PVs with a wider
band gap have a peak response in the visible region,69 however
we note that the Sr of emerging PV technologies can be tuned
with the device architecture, composition, and molecular
structure, as the non-fullerene acceptor (NFA) organic device66

has a smaller band gap than the small molecule organic
device.41 By contrast, the spectral response of commercial
silicon PVs can be inuenced by different passivation technol-
ogies, however, the effect is relatively minor.

When the real spectrum deviates from the AM1.5 standard,
a spectral mismatch factor (SPMM) must be introduced to
correct predictions of power output,70 calculated using eqn (6):71

SPMM ¼ fS ¼
Ð
EðlÞSrðlÞdlÐ

EðlÞdl �
Ð
ErefðlÞdlÐ

ErefðlÞSrðlÞdl (6)

Here l represents the wavelength, Eref denotes the AM1.5
reference spectrum, E represents the spectrum under real
conditions, and Sr signies the spectral response of the selected
PV device. In this way, the predicted PV output under real
conditions is obtained by multiplying SPMM (fS) by the
Fig. 4 Normalised spectral responses of different PVs.10,41,64–66

© 2025 The Author(s). Published by the Royal Society of Chemistry
predicted output for the same intensity of light with an AM1.5
spectral shape.

Many PV modelling tools either do not include the impact of
spectral effects on PV performance or rely on simplied models
that approximate spectral mismatch by considering only a few
atmospheric variables.72 For instance, the Sandia model
accounts only for AM,73 while the CREST and First Solar models
incorporate AM along with an additional variable.74,75 More
complex models, those by Duck and Fell and Caballero et al.,76,77

consider multiple factors including AM, precipitable water
(PW), and sky clearness or aerosol optical thickness. However,
the application of these models is limited, as they generally rely
on standardised spectral response data for conventional PV
technologies, which have not yet been proven suitable for
emerging PVs with different spectral irradiance characteristics.

The Simple Model of the Atmospheric Radiative Transfer of
Sunshine (SMARTS) has been a widely used spectral model for
several decades,78 though it is limited to clear sky conditions. To
address this limitation, NREL developed the FARMS-NIT
model.28,35 This model is capable of computing real-time spec-
tral data under both clear and cloudy conditions. FARMS-NIT
offers greater accuracy than the TMYSPEC model and is more
efficient than many other existing models. Furthermore, the
FARMS-NIT model allows for the analysis of PV systems at any
selected location, time and angles. In the context of emerging
PVs, the Sr and external quantum efficiency (EQE) are inter-
changeable metrics, and though their EQE is commonly re-
ported,54,55 the spectral mismatch these technologies experience
under real-world conditions has been seldom explored.

Here we examine the effect of considering only the spectral
mismatch on the energy yield of emerging PV technologies
using real-time spectral data from the FARMS-NIT model, the
spectral response of different PV technologies, and eqn (6) to
evaluate the spectral mismatch of different PVs in selected
locations and time periods. Our goal was to enable comparison
of SPMM for different PV technologies in California City, Lisbon
and London as having a range of different latitudes and irra-
diances, and time periods, including over the course of a year
and over a day.

The calculated monthly and hourly average values of SPMM
for these locations are shown in Fig. 5. First, we observe that
emerging PV technologies, except NFA organic PV, and silicon
PV exhibit opposite seasonal trends in their spectral mismatch
behaviour. Specically, in summer months, increased short-
wavelength irradiance (i.e., blue light) enhances the perfor-
mance of wide-bandgap devices such as perovskite and organic
PVs, while simultaneously reducing the relative efficiency of
silicon PVs.64,79,80 Since the NFA organic PV has a relatively small
band gap, its spectral response is close to that of commercial
silicon, and SPMM shows a similar trend. On an hourly scale,
the SPMM for emerging PV technologies typically has a peak
around solar noon, when the spectrum is most blue-shied,
whereas the SPMM for silicon devices reaches a minimum at
this time. Notably, in high-latitude cities such as London and
Lisbon during summer, early morning and late evening condi-
tions are frequently affected by persistent low-level cloud cover.
These clouds induce additional Mie scattering and absorb
EES Sol.
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Fig. 5 (a), (c) and (e) show the monthly average spectral mismatch factor for London, California and Lisbon, respectively, during 2019 for various
PV technologies. (b), (d) and (f) show the corresponding hourly average spectral mismatch factor for the same locations.
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infrared wavelengths, further blue-shiing the incident spec-
trum. As a result, organic small molecule PV devices in these
locations can exhibit average SPMM values exceeding 1.35
during early morning hours.

Then examining the inuence of latitudes, we observe that
higher latitudes lead to larger deviations fromAM1.5 as expected,
reaching over 20% in the case of London in some instances.
Additionally, it is important to note that SPMM also signicantly
increases during periods of high solar zenith angle, particularly
at the start and end of the day. This temporal variation is critical
because these are typically periods when electricity demand
peaks while renewable energy generation from solar PV is
EES Sol.
inherently reduced. Efficient renewable generation during these
periods is therefore particularly valuable for balancing grid
supply and demand.81 Moving on to consider the difference
between PV technologies, we observe that commercial silicon has
SPMM factors close to 1 in all locations, times of day, and times
of the year. By contrast, the SPMM of perovskite and organic
small molecule devices can be in excess of 1.2, particularly at high
latitudes. This demonstrates that simple models which ignore
SPMM are less suitable for the analysis of these emerging PV
technologies, and highlights the necessity of characterising the
SPMM of emerging PV technologies to enable accurate yield
prediction. These data also reveal a performance opportunity:
© 2025 The Author(s). Published by the Royal Society of Chemistry
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emerging PV devices will perform better than expected based on
AM1.5 characterisation alone in high-zenith angle situations. For
example, a mono-Si PV device in London is predicted to have an
annual yield 1.94% greater than that expected based on AM1.5
behaviour alone, while the small molecule organic PV device
considered here is predicted to have an annual yield 7.17%
higher than predicted under AM1.5 conditions. Our analysis
suggests that cloud-modied spectral conditions, rather than air
mass effects alone,82 are the dominant driver of enhanced spec-
tral mismatch for some emerging PVs at high latitudes. Although
large zenith angles generally increase Rayleigh scattering and
reduce blue light availability,83 they also amplify the impact of
cloud-induced spectral shis. This mechanism explains why
wide-bandgap PV devices maintain high SPMM values in cloudy,
high-latitude environments such as London. We highlight that
again the changes in predicted real world power output due to
SPMM effects in emerging PVs are quantitatively similar to
incremental increases in AM1.5 record efficiency over a period of
years.

An important mechanism affecting PV performance, beyond
the temperature, irradiance, and spectral mismatch factors
discussed earlier, is optical reection at device interfaces. For
instance, silicon-based PV cells can experience signicant
reection losses, with approximately 30% of incident solar
radiation reected at the cell surface and around an additional
4% reected at the air–glass interface of the PV modules.84

These reection losses notably reduce the achievable power
output of silicon PV cells, prompting widespread application of
anti-reection (AR) coatings both on the glass covers and the
silicon cells themselves in commercial modules.85

Emerging PV technologies, including organic and perovskite
PVs, similarly suffer from interface reection losses and limited
active-layer absorption. However, mitigation strategies are
being explored, for example, in perovskite PVs various optical
engineering techniques such as AR coatings, light trapping,
light scattering, photon recycling, and plasmonic enhance-
ments are being developed to maximise photon absorption.43

Wang et al. demonstrated that porous and mesoporous silica
nanoparticle-based dual-layer AR coatings effectively increased
the transmittance of glass substrates from about 90% to around
95%, signicantly improving the PCE of perovskite PVs.86

Optical management strategies for organics also include the use
of metallic nanoparticles, sub-wavelength gratings, blazed
gratings, biomimetic moth-eye structures, and microcavities,87

which can increase peak absorption rates to over 95%.88

It is important to acknowledge explicitly that the analysis
presented here did not incorporate the effects of varying inci-
dent angles and reection losses between different PV tech-
nologies. Nevertheless, given that the primary focus of our work
is to evaluate temperature, irradiance, and spectral mismatch
impacts, the potential bias introduced by omitting angular and
reection-related effects is expected to be small within the scope
of the current study. Future work could benet from incorpo-
rating detailed optical modelling, taking into account angular
and reection-dependent behaviour to further improve predic-
tion accuracy.
© 2025 The Author(s). Published by the Royal Society of Chemistry
6 Global variation of effective
efficiency for different PV technologies

Having considered the individual impacts of temperature,
irradiance, and spectral mismatch on the power output of
emerging PV devices at a single location, we now examine their
combined effect on a global scale. A key characteristic of the
dataset discussed above is that while the temperature depen-
dence may be reported for one device, its irradiance depen-
dence may not be, and vice versa. To address this, we selected
a representative PV device for each technology, prioritising
those with themost comprehensive data on spectral, irradiance,
and temperature effects.

For silicon-based PVs, we selected Canadian Solar's N-
TOPCon module due to its strong performance, with a PCE of
23.3% under STCs and a temperature coefficient of Tcoe =

−0.29%°C−1. However, as its datasheet does not provide spec-
tral response data, we adopted the spectral response reported by
Jang et al.65 Moreover, because the datasheet only species
performance at ve discrete irradiance levels (1000, 800, 600,
400, and 200 W m−2), the ve-parameter De Soto single-diode
model5 was used to predict the actual output of the silicon PV
module under different irradiance and temperature conditions.
For perovskite PVs, we utilised data from Jošt et al.,10 which
reports a PCE of 18.5% under STCs and a Tcoe = −0.17%°C−1.
For organic PVs, we selected modules from Heliatek for simu-
lation,89 with a PCE of 8% under STCs and a Tcoe = 0%°C−1. As
the datasheet for the chosen organic PV lacked spectral
response information, we used the spectral response of the
small-molecule organic PV reported by Burlingame et al.41 Both
organic and perovskite PVs were typical within the context of
our larger dataset, though we highlight the results of earlier
sections which show the impact of the broad distribution of
behaviours observed. These data should therefore only be taken
as a prediction of yield for specic device compositions and
architecture.

Meteorological and spectral data for 2019 were sourced from
the NSRDB, with a spatial resolution of 3° latitude and longi-
tude. The yield model described earlier was employed to
calculate the annual energy output of each PV technology,
incorporating temperature dependence, irradiance depen-
dence, and spectral mismatch effects EwT,I,S and not incorpo-
rating them EwoT,I,S. Data gaps for adjacent geographic locations
were estimated using linear interpolation. Our analysis is
limited to where satellite data are available, which excludes
latitudes outside the range of −60° to 60° and parts of southern
South America, Ireland, northern England, and central Russia.
The real efficiency (PCEreal) of the PVs is calculated as follows:

PCEreal ¼
�
EwT;I;S � EwoT;I;S

EwoT;I;S

þ 1

�
� PCESTC (7)

where PCESTC is the efficiency recorded at STCs.
Fig. 6 shows the predicted effective efficiency of silicon,

perovskite, and organic PV exemplars across the world in 2019.
Red areas indicate regions where the effective efficiency is lower
than the STCs, while blue areas indicate higher effective
EES Sol.
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Fig. 6 (a) Predicted PCEreal compared to PCESTC for silicon PVs across the world in 2019, (b) the correspondingmap for perovskite PVs and (c) for
organic PVs.
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efficiency. For silicon PVs, the absolute effective efficiency can
be up to 2% lower (8% relative) than its efficiency under AM1.5
STC, primarily due to performance losses at high temperatures.
Spectral mismatch also contributes a geographic variation of
efficiency, with substantial efficiency gains in high-altitude
regions.

The global distribution of effective efficiency for the selected
perovskite and organic PV exemplars differs signicantly from
that of silicon PVs, as shown in Fig. 6(b) and (c), respectively.
This difference is primarily due to their smaller temperature
coefficients and favourable spectral responses. Under cloudy
conditions, the relative irradiance at wavelengths below 700 nm
increases (where these devices perform well) compared to
AM1.5, while there is a relative decrease at wavelengths above
EES Sol.
1200 nm.90 However, it is important to note that the clear-sky
spectrum from the NSRDB may overestimate irradiance below
500 nm and underestimate it above 500 nm, as noted by Kinsey
et al. and Pelland and Gueymard72,91 which could amplify the
gains observed for emerging PV technologies in our analysis.

Despite this caveat, we can observe that the efficiency of
different PV technologies is highly regional, highlighting that
a “one size ts all” approach is not exploiting the full range of
performances available to different PV technologies. This is
demonstrated by the perovskite PV device almost achieving
parity with silicon PVs in some equatorial locations as shown in
Fig. 7, despite a 4.8% lower efficiency under STCs. Depending
on specic climatic conditions, the gap can drop from as high
as 5.5% under STC down to roughly 1.5% in certain equatorial
© 2025 The Author(s). Published by the Royal Society of Chemistry
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Fig. 7 The comparison of PCEreal gap across the world in 2019 between silicon and (a) perovskite PVs and (b) organic PVs.
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or tropical locales. This improvement underscores the bene-
cial interplay of less negative temperature coefficients and
optimised spectral response in warm, humid, or cloudy envi-
ronments. The organic PV exhibits a 15.3% decit relative to
silicon under STC, sometimes extending to 16.5% in select
regions, yet this shortfall is reduced to around 12% over a large
portion of the globe. Although it is insufficient to achieve parity,
it nonetheless highlights the importance of low (or zero)
temperature coefficients and robust absorption at shorter
wavelengths in enhancing organic PVs' eld performance.
These effects are especially pronounced in climates charac-
terised by consistently high temperatures or diffuse-light
conditions, both of which enhance the proportion of blue
light in the spectrum.

These ndings make clear that exclusive reliance on AM1.5
data overlooks essential real-world behaviours that dictate
actual energy yield. While silicon remains the industry stan-
dard, it can lose a considerable share of its rated output in hot,
humid, or frequently overcast locations. Perovskite and organic
PVs, however, oen reclaim a portion of the nominal gap
observed at STC by leveraging more favourable thermal prop-
erties and stronger responses to lower irradiances or altered
spectral distributions.

7 Conclusions

This study presents a comprehensive analysis of the real-world
performance potential of perovskite and organic PV technolo-
gies in comparison to silicon PVs. Our dataset incorporates all
© 2025 The Author(s). Published by the Royal Society of Chemistry
available state-of-the-art perovskite and organic PV devices from
the literature with complete environmental response charac-
terisation. While several entries originate from earlier genera-
tions (e.g., fullerene-based organic PVs), these datasets provide
essential baselines, particularly given the current absence of
systematic temperature and irradiance response data for more
recent, high-efficiency devices. Importantly, we nd no consis-
tent correlation between improvements in AM1.5 PCE and
better real-world performance under non-standard conditions.
This disconnect underscores a central concern: the prevailing
focus on AM1.5 metrics alone is insufficient to guide the opti-
misation and evaluation of emerging PV technologies. Our
population-based approach, comprising 22 organic and 29
perovskite PV datasets (detailed in ESI Table 1†), enables robust
insights into the diversity of behaviours across technologies and
highlights the pressing need to reform device evaluation
frameworks.

Photovoltaic devices based on perovskite and organic mate-
rials exhibit distinct temperature and spectral responses
compared to silicon PVs, with the potential to achieve higher
energy yields under real-world conditions as compared to
AM1.5 standard testing conditions. This study quantied these
differences by integrating state-of-the-art PV device character-
istics from the literature into energy yield models incorporating
historical climate data from diverse global locations. The results
show that favourable temperature coefficients and spectral
sensitivities enable perovskite and organic PV devices to exhibit
narrow, or even close, performance gaps with silicon PVs in
EES Sol.
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certain climates, despite signicantly lower efficiencies under
AM1.5 conditions. The ndings highlight that reliance on
AM1.5 measurements introduces uncertainty in predicting real-
world energy generation for emerging PV technologies.
Comprehensive characterisation across varying environmental
conditions is therefore essential to improve energy yield
predictions and reduce the risks associated with technology
development and large-scale deployment. However, while the
wide range of temperature- and irradiance-dependent behav-
iours in perovskite and organic PVs presents a risk to future
development, it also represents an opportunity, since these
characteristics can be exploited to improve real-world compet-
itiveness. Further work is encouraged to expand non-AM1.5
performance measurements and to explore strategies that
leverage these unique properties to differentiate emerging PV
technologies from established silicon counterparts.
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