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The global energy transition depends on solar photovoltaic (PV) power
displacing fossil fuels to deliver projected climate and air quality benefits.

However, aerosol pollution from co-located coal plants actively suppresses
PV energy production. Here a global, facility-level dataset shows that
aerosols reduced global PV generation by 5.8%in 2023 (111 TWh). From
2017 t0 2023, annual aerosol-induced PV energy losses from existing
systems were, on average, equivalent to one-third of the energy added

by new PVinstallations. In China, aerosols caused the largest PV energy
losses worldwide, reducing national PV generation by 7.7%in 2023. The
corresponding annual loss-to-growth ratio averaged 38% and frequently
exceeded 50%. Despite continued coal expansion, PV energy losses have
declined by 1.4% yr™ since 2017 owing to stricter emission controls. By
contrast, the USA, where co-location of solar and coal plantsis limited,
experienced only 3.1% aerosol-induced PV loss. Given the slow pace of global
coal phase-out, these results reveal a constraint on solar performance

that, if unaccounted for, could lead to a systematic overestimation of the
transition’s contribution to climate and air quality goals.

Limiting global warming to 1.5 °C requires a 45% reduction in green-
house gas emissions from 2010 levels by 2030 and net-zero emissions by
2050'2. This demands arapid transition from fossil fuels to renewable
energy. Since 2011, renewables have expanded at an average annual
rate of 6.1%, supplying 29.1% (8,440 TWh) of global electricity in 2023°.
Expansion potential varies across technologies: hydropower*, geo-
thermal’ and tidal® energy face environmental and geographic con-
straints, whereas solar and wind offer greater scalability with fewer
such obstacles’. Solar photovoltaic (PV) technology has been lead-
ing this transition, driven by advances in cell materials®, automated
manufacturing’, large-scale deployment’ and sharply declining costs.
Over the past decade, PV module prices have declined sharply, making
it the most cost-effective electricity source", supported by subsidies,
tax incentives and favourable trade policies'?. In 2023, PV accounted
for 75% of the 510-GW increase in global renewable capacity”. This

rapid growth has prompted projections of substantial climate and air
quality benefits, assuming that new PV capacity displaces coal-fired
generation'", Yet, the extent to which renewables displace fossil fuels
in practice remains unclear'®”. Clarifying whether PV expansion trans-
latesinto fossil fuel displacement and delivers the anticipated benefits
is essential for tracking progress towards net-zero targets.

Solar PV offers alow-carbon energy pathway, with life-cycle green-
house gas emissions that are an order of magnitude lower than those
of coal-fired generation equipped with carbon capture and storage'®.
From2009t0 2019, global PV deployment avoided an estimated 1.3 Gt
of carbon dioxide (CO,) emissions. Meeting 40% of electricity demand
with PVfrom 2020 t02060 could mitigate up to 205 Gt (ref. 19). Rooftop
PV alone could reduce global temperatures by 0.05-0.13 °C by 2050
through avoided emissions'. Substituting fossil fuels with PV reduces
air pollutants such as sulfur dioxide (SO,), nitrogen oxides (NO,) and
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fine particulate matter (PM,5)**?, bringingimmediate health benefits?,
particularly in regions with high baseline pollution®. These climate and
air quality gains depend on the extent to which solar electricity substi-
tutes for rather than supplements fossil-fuel-based generation. While
full substitution maximizes mitigation, even apparent supplementa-
tion can confer benefits by offsetting the expansion in fossil fuel use
that would otherwise accompany rising energy demand. Conversely,
if fossil fuel use remains unchanged or expands alongside renewables,
thetransition’s effective mitigation potential is reduced®. In practice,
this displacement process has proven highly inefficient, with evidence
suggesting that globally, over six units of renewable energy may be
needed to displace one unit of fossil energy". This inefficiency largely
reflects rising overall energy demand and systemic dependence on
fossil-fuel infrastructure, which reduces the substitution between
renewable and fossil energy. This dependence s further reinforced by
persistent policy incentives for fossil fuels: despite frequent pledges,
fossil fuel subsidy reforms since 2016 have often proved short lived
and, in most major subsidising countries, support for coal has either
remained unchanged or increased®.

This coal resurgence not only sustains emissions but also impairs
solar performance by degrading air quality as the atmospheric emis-
sions from coal-fired power generation directly reduce surface irra-
diance. When these coal plants are brought online as backup during
periods of low solar output, their emissions can further intensify pol-
lution and prolong dimming episodes, delaying the rebound of surface
irradiance even when meteorological conditionsimprove®. Thisreduc-
tion occurs as particles scatter and absorb incoming radiation**%,
a direct effect that has been found to lower annual PV energy yields
by over 20% in heavily polluted regions such as eastern China and
northernIndia®*?. Aerosols also modify cloud microphysics, altering
cloud reflectivity and coverage, and further suppress surface irradi-
ance throughindirect effects”. These losses risk disrupting a positive
feedback loop, in which solar deployment should reduce fossil fuel
reliance and improve air quality, which in turn enhances PV perfor-
mance to reinforce the energy transition>*. This mechanism presents
a diagnostic opportunity: trends in aerosol-induced PV losses may
indicate whether solaris displacing coal or merely expanding alongside
it. Detecting this signal remains challenging. Most existing studies* %
analyse broad irradiance patterns without accounting for spatial and
temporal variationin PV deployment. Such approaches are insufficient
because PV siting reflects not only solar resource availability but also
policy incentives, infrastructure and land-use constraints**>'. Cap-
turing the signal of fossil displacement therefore requires a spatially
explicit, facility-level analysis that links atmospheric conditions to
actual trendsin PV energy generation and losses.

The application of machine learning to high-resolution Earth
observation data, such as from Sentinel-2, has produced global*
and national inventories of PV systems®***, While these datasets suc-
cessfully map the spatial distribution of facilities, their utility for
tracking energy trends is fundamentally limited by ambiguity in the
detected panel footprints. This ambiguity can result in estimation
errorsof up toafactor of two and varies substantially with surface type
(Supplementary Figs. 2 and 3). Detection is most accurate in deserts,
where dark panels contrast sharply with bright terrain. Accuracy
decreases in mountainous regions, where PV arrays follow complex
topography, and in heterogeneous land-use areas such as croplands,
fishponds and greenhouses, where spectral mixing is more common.
When aggregated over large areas, footprint and classification errors
introduce regional biases to estimates of PV generation. These map-
ping inaccuracies are a primary obstacle to quantifying PV energy
generation and losses from aerosols, particularly those associated
with fossil fuel combustion, thus obscuring the signal needed to detect
fossil fuel displacement.

To overcome this limitation, athree-step framework to generatea
global dataset tracking facility-level PV energy generation and calculate

losses driven by clouds and aerosols (Fig. 1) has been developed. The
framework achieves comprehensive coverage of PV installations that
were operational as of early 2024 by identifying candidate sites from
acombination of existing inventories, crowd-sourced data and a cus-
tom machine learning model applied to global satellite imagery. It
produces unprecedented spatial accuracy through a dedicated seg-
mentation model, the Segment Anything Model (SAM)*, to precisely
extract PV facility footprints. This facilitates the reliable estimation of
facility-level energy generation and the losses from clouds and aerosols
by integrating the footprints with atmospheric reanalysis data and a
validated PV model. This high-fidelity dataset allows the quantification
of aerosol-induced energy losses as a diagnostic signal of interaction
between solar deployment and fossil fuel displacement. The signal is
used to evaluate whether, where and to what extent solar expansion is
offsetting coal-fired generation, and to assess whether the projected
climate and air quality benefits of the solar transition are being real-
izedin practice.

Results

Global database of facility-level PV generation and losses

The three-step approach (Methods) produced a global dataset of
140,945 PV facilities, each with facility-level estimates of energy gen-
eration and losses from clouds and aerosols, with aerosol-induced
losses representing the direct radiative effects of aerosols suspended
in the atmosphere. In 2023, these data show that average PV energy
losses reached 26.9% of potential output under optimal conditions,
comprising 21.1% from clouds and 5.8% from aerosols. For global gen-
eration of 1,911 TWh, this amounts to a global energy loss of 515 TWh,
equivalent to the annual output of 84 medium-sized (1 GW) coal plants
operating at a typical capacity of 70%. Loss rates varied regionally
(Supplementary Fig. 6 and Supplementary Tables 3-5) due to differ-
encesinclimate and pollution; China, the world’s largest PV generator,
experienced a 28.0% total loss rate, of which 7.7% was from aerosols,
compared with a 22.7% total loss with a 3.1% aerosol loss in the USA.
At the facility level, a single site in Qinghai Province, China (36.09° N,
100.49°E), lost 3.6 TWhin 2023 alone, equivalent to 0.7% of global PV
output losses.

This facility-level dataset overcomes a key limitation of earlier
assessments that relied on spatially uniform assumptions of PV distri-
bution. Theimpact of this methodological improvement is substantial.
Forinstance, previous studies estimated that aerosols reduce PV output
inChinaby as much as20-25% (refs. 26,29), as those analyses assessed
potential solar irradiance without considering the actual distribu-
tion of PV facilities. By contrast, constrained by the precise locations
of operational systems, our analysis finds a national average loss of
7.7%.By accurately linking PV footprints to electricity generation, our
facility-level data resolves this overestimate and provides a robust
foundation for assessing energy trends and detecting the signal of
fossil fuel displacement.

High loss-to-growth ratios constrain net solar energy gains

Aerosol-induced losses from the existing PV fleet are equivalent to
nearly one-third of the annual energy generated by new PVinstallations
globally, representing a magnitude not previously quantified and unex-
pectedly high. While clouds are the dominant source of atmospheric
reductionin insolation, aerosols have a disproportionate impact in
densely populated, industrialized regions where PV deployment is
concentrated. Between 2017 and 2023, new PV installations added
246.6 TWh of generation per year on average, while aerosol-related
losses from existing systems reached 74.0 TWh annually. To compare
these quantities across regions and years, we use the loss-to-growth
ratio (R ), defined as the annual aerosol-induced energy loss from
existing systems divided by the annual energy generated from new PV
capacity (Fig.2). Globally, R, ;averaged 30.0% during the study period
(Fig. 2b), varying substantially across regions (Fig. 2c-e and
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Fig.1| A three-step framework for tracking global facility-level PV energy
generation and climate-related losses from clouds and aerosols. a, Step 1: global
identification of PV facilities. Aninitial inventory is created by integrating OSM
data, regional databases'®*>* and a custom-trained CNN applied to global-scale
Sentinel-2imagery. AP, application programming interface. b, Examples of initial
PV polygons (inventory updated to early 2024) overlaid on Google Earth satellite
imagery; polygonboundaries are shown as purple outlines, illustrating substantial
false positives and boundary errors. ¢, Step 2: precise extraction of PV footprints.

For each facility, Meta’s SAM is applied to high-resolutionimagery toisolate

the active panelarrays, shown as purple shading. d, Step 3: facility-level energy
estimation. The improved footprints are integrated with reanalysis climate data
inavalidated energy model to estimate time series of electricity generation and
the distinct losses from clouds and aerosols. Example plots show total percentage
losses from 2016 onwards. e, A global map of PV energy losses from clouds and
aerosols (%). This map visualizes the aggregated losses from clouds and aerosols
across all facilities in 2023, illustrating one key output of the final database.

Supplementary Fig. 7); lower values indicate the delivery of more net
energy to the grid and thus agreater contribution to decarbonization.

In China, aerosol-induced losses remain substantial, reducing
national PV generation by 7.7%in 2023 due to persistent pollution and
dense PV deployment (Fig. 2f).In2023, the nation produced 793.5 TWh
of PV electricity, representing 41.5% of the global total, while its
61.3 TWh of aerosol-induced losses accounted for adisproportionate
54.9% of the global total, exceeding that of all other countries com-
bined. The North China Plain continues to be the primary hotspot™,

but increasing losses are also observed in western and southern
regions as PVinstallations expand geographically. Over the full study
period, China’s annual R, averaged 38.4%, exceeding 50% in three
consecutive years and peaking at 62.1% in 2021 before falling t0 26.0%
by 2023 (Fig. 2c). The years of high R, (2018-2021) coincided with
slower PV deployment, initially triggered by subsidy reductions and
regulatory uncertainty under the mid-2018 ‘531’ policy”, and later
compounded by coronavirus disease 2019-related supply-chain dis-
ruptionsin2020°. A subsequent policy-driven rebound in PV growth
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corresponding R, g value for eachyear asabar.Inb-e, the annual totals are
derived from facility-level simulations across independent PV facilities (global
dataset n=140,945 facilities). The error bars indicate +10% relative model
uncertainty associated with climate reanalysis and energy modelling.

f, A country-level ranking of total aerosol-induced PV energy losses in 2023,
showing absolute losses (TWh, bottom axis) and losses as a percentage of total PV
generation (top axis).

from late 2021 improved national performance and reduced the
R g accordingly.

Inthe USA, aerosol-induced losses are considerably lower thanin
other major PV regions, reducing national PV generation by 3.1% in
2023 (Fig. 2f). That year, the USA accounted for 18.1% of global PV
generation but only 9.6% (10.7 TWh) of global total aerosol-induced
losses (Fig. 2d). This smaller burden reflects both natural and anthro-
pogenic factors, with overall aerosol loading lower than in other major
PVregions.Inthe western USA, dust storms and more frequent wildfires
reduce surfaceirradiance, though theirimpacts are episodic and spa-
tially limited®. By contrast, the eastern regions experience more per-
sistent aerosol pollution from population centres and industrial
activities. Although the West benefits from higher solar irradiance
(5-7 kWh m2day™), the East, with lower irradiance (4-5 kWh m2day™),
hosts alarger share of PVinstallations due to greater electricity demand
and previous stronger policy incentives. Continued PV expansion in
these relatively low-aerosol areas has kept the national R, s consistently
below the global average throughout the study period, reaching a
minimum of12.8% in 2023 (Fig. 2d). Europe (including the UK) shows

moderate losses, with an average annual R, ;0f28.4% (Fig. 2e), close to
the global mean.

Limited evidence for PV air quality feedback beyond China

Paradoxically, while suffering the most from total aerosol-induced
losses, Chinais the only major PV-producing region showing evidence
ofasustained declineintheselosses. This decline may indicate the early
stages of a positive feedback between solar deployment and air quality
improvement, whereby cleaner air conditions enhance solar perfor-
mance and further support renewable expansion. The specific drivers of
thistrend are analysed in the next section. The annual aerosol-induced
energy losses from 2013 to 2023 across afixed network comprising all
facilities operational by year-end 2023 (Fig. 3) is simulated toisolate the
directimpact of aerosols from changesin PV network expansion. This
approachenables an assessment of aerosol effects thatisindependent
of PV network growth. The results confirm that, despite having the
highest absolute losses, Chinais the only region exhibiting a consistent
decline, withits losses falling by 0.96 TWh yr™ (-1.4% annually). By stark
contrast, losses in the USA and Europe trended upwards by 0.15 TWh
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Fig. 3| Only Chinashows a sustained decline in aerosol-induced PV energy
loss. a-d, Standardized annual energy losses (in TWh) from aerosols between
2013 and 2023, estimated under fixed PV network conditions, for China (a), the
USA (b), Europe, including the UK (c) and India (d), aggregated from facility-level
datasets. The error barsindicate +5% relative uncertainty associated with energy

modelling. The solid lines show linear regression fits; the shaded bands indicate
the 95% confidence interval of the fitted trend. In a, the global trend, normalized
to China’s mean value, is shown as a grey hatched band. The use of a fixed network
(based on all facilities operational by year-end 2023) isolates the impact of
changing atmospheric conditions from the effects of network expansion.

(1.5%)and 0.12 TWh yr™ (1.3%), respectively, despite their early adoption
of renewable energy. India continues to experience persistently high
losses due to severe air pollution, withno clear trend. The modest global
decline of —-0.72 TWh yr™ (-0.6%) was therefore driven almost entirely
by the improvements in China. These findings suggest that while this
positive feedback is anticipated to accelerate the energy transition'>*°,
this virtuous cycle has yet to materialize at aglobal scale, even during
the recent period of rapid PV expansion.

Influence of coal emissions on solar PV generation

China’s unique status as both the region most affected by
aerosol-induced PV losses and the only one showing a sustained
improvement warrants an investigation into the underlying drivers.
Our analysis of aerosol composition, sector-specific attribution, tem-
poral pollutant trends and spatial correlations identifies coal-fired
power generation as the dominant factor. First, the composition
of performance-reducing aerosols points to coal. Sulfate aerosols,
formed through the oxidation of SO, (a primary coal emission),
account for 46.2% (28.3 TWh annually) of total aerosol-related PV
losses (Fig.4a). Carbonaceous aerosols, also partly from coal combus-
tion, contribute an additional 11.3 TWh (18.4%). While dust contributes
aboutone-third of total losses, itsimpact is highly localized to desert
regions with a smaller share of PV capacity. A regional breakdown
confirms the pervasive influence of coal, showing that sulfate aero-
sols dominate losses across most of China: from 8.9 TWhyrin the
North China Plain to 9.1 TWh yrin arid, dust-dominated regions
(for example, Northwest and Inner Mongolia Plateau) (Fig. 4b). To
furtherisolate the role of coal emissions, a sector-specific attribution
experiment was conducted using the GEOS-Chem chemical transport
model (Methods). This analysis shows that 29.0% of aerosol-induced
PVenergylossesin Chinacanbeattributed to coal-fired power plants,
reinforcing the dominant influence of coal-related aerosols identi-
fied in Fig. 4.

Second, the observed decline in pollutants over China’s PV sites
doesnotreflectacoal phase-out, butrather the effectiveness of aggres-
sive emission controls on agrowing coal fleet'’. Coal-fired power plants
are major sources of PM, 5, SO, and NO, pollutionin China***, and our
analysis of effective pollutant values (Methods) confirms that these
stricter standards have had a measurable impact on the atmospheric
pollutants that reduce solar generation. From 2013 to 2023, effective
aerosol optical depth (AOD) declined by 0.0052 yr™ (1.7% annually),
tropospheric NO, by 9.1 x10" molecules per square centimetre per
year (2.4%) and planetary boundary layer (PBL) SO, by 1.4 x10™* mole-
cules per square centimetre per year (1.4%) (Fig. 4c—e). This trend is
paradoxical as it occurred while China’s coal-fired electricity output
increased from4,093 TWhto 5,857 TWh*’. This was achieved through
fleet-wide modernizationinvolving the phasing out of older, inefficient
plants*** while simultaneously accelerating the construction of new
capacity, which reached its highest level in nearly a decade in 2024,
To further quantify this dynamic, we analysed the relative contributions
of ultralow-emission (ULE) retrofits and coal-plant retirements to the
declinein pollutant emissions over China’s PV regions. Using unit-level
data on coal-plant capacities, retrofit progress and retirements, we
reconstructed annual SO, emissions from 2014 t0 2023 (Supplementary
Note 3). Theresults show that ULE retrofits account for 91% of the total
SO, reduction from the coal-power sector during this period, while
coal retirements contribute 9%. These findings confirm that the
observed improvements in atmospheric conditions above China’s PV
sites were driven primarily by emission-intensity reductions from
widespread ULE adoption rather than by large-scale coal phase-out.

Third, the spatial distribution of PV losses in China mirrors that of
its coal-fired power capacity. Facility-level data reveal widespread
co-location of PVinstallations and coal plants, extending into western
desertregions often perceived as dedicated hubs for renewable expan-
sion (Fig. 5). The influence of coal in these areas is further confirmed
by the composition of the aerosol-induced losses; even where dust is
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the pie chartis proportional to its total aerosol-induced PV losses in that region,
while its elongation indicates the dominance of sulfate aerosols, of which coal
combustionisamain source. c-e, Trends in effective values of atmospheric
pollutants at PV sites from 2013 to 2023, based on a fixed 2023 PV network.
Consistent declines are shown in AOD (c), tropospheric NO, column amounts (d)
and PBL SO, column amounts (e).

the dominant aerosol type, sulfate-driven losses remain high (Fig. 4b).
To quantify this spatial relationship, we aggregated coal capacity and
aerosol-induced PVlossestoal.0° x 1.0° grid and calculated the bivari-
ate Moran’s / statistic*® on the top 30% of grid cells for each variable.
This analysis yielded a significant positive correlation (/= 0.5654,
P=0.007), confirming that the highest-capacity coal regions tend to
coincide with the areas of greatest PV loss. By contrast, the USA exhibits
limited co-location of its solar and coal capacity (Extended DataFig.1).
This geographical separation is also a key factor behind the nation’s
low R, ¢, afinding supported by the corresponding Moran’s / statistic,
whichshows no spatial correlation (/ ~ 0). Supplementary Fig. 8 further
quantifies this spatial relationship by showing that, across different
ranges of annual generation (Eye, <10 GWh, 10-100 GWh and
>100 GWh), PV facilitiesin China are consistently located much closer
to coal-fired power plants, with distance distributions peaking at
20-30 km, than those in the USA, which peak beyond 100 km.

Discussion

Our findings reveal a previously unquantified physical interaction
that constrains the global solar energy transition: aerosol emissions
from coal-fired power plants directly reduce the energy output of PV
installations to adegree that measurably alters regional energy yields.
While many recent studies document the accelerating expansion of PV

capacity as a primary metric of progress'®*’, our work shows that this

physical dynamic represents afundamental challenge to realizing the
associated climate and air quality benefits that are widely projected
under idealized scenarios'*". Using a global, facility-level dataset, it
becomes clear that this effectisreal: every year, aerosol-related losses
are equivalent to almost one-third of the energy generated by newly
installed PV capacity worldwide. In China, where coal and solar have
expanded most rapidly in parallel, this ratio can exceed 50%. These
estimates capture only the direct radiative effects of aerosols, while
additionalindirectimpacts through aerosol-cloud interactions, which
generally lead to negative radiative forcing by increasing cloud reflec-
tivity and persistence®’, would probably further increase solar energy
losses, meaning that estimates presented in this study representa con-
servative lower bound. This demonstrates that the effectiveness of the
energy transition cannot be evaluated by installed capacity alone, but
mustalso account for the spatially embedded, performance-degrading
interactions with the remaining fossil fuel fleet.

The persistence of coal power thus constitutes more than just a
market-based challenge for renewables®’; it creates a direct physical
barrier that degrades solar asset performance. The global 5.8%
aerosol-induced reduction in PV generation demonstrates that air
pollutionisactively eroding realized climate benefits and reducing the
value of new solar investments. To further quantify how this barrier

Nature Sustainability | Volume 9 | July 2026 | 981-992

986


http://www.nature.com/natsustain

Article

https://doi.org/10.1038/s41893-026-01836-5

PV Coal (Capacity)
100 MW

° °

o

o O

o 500 MW

1,000 MW

" High PV-coal capacity grid cells

Fig. 5| Widespread co-location of coal power and solar PV capacity in China. The
map shows the spatial distribution of coal-fired power plants (purple markers) and
PV facilities (blue markers) across China. PV capacity is estimated using a constant

solar capacity factor of 18%. The yellow grid cells highlight the top 30% of locations
where high-capacity coal and PV installations are co-located, indicating regions
with high potential for interaction between the two energy sources.

influences the efficiency of the solar transition, the R, g is introduced
asacomparative metric that evaluates the resilience of regional solar
expansion. R, highlights a considerable, previously hidden cost of
the co-existence of coal and solar infrastructure, a cost most evident
in China, which suffers fromthe highest ratio among major economies
(average of 38.4% and peaks exceeding 60% in recent years). This high
loss is primarily driven by coal emissions, with sulfate aerosols from
coal-derived SO, accounting for 46.2% of all aerosol-induced PV losses
inthe country.

China’ssituation, however, is particularly instructive becauseitis
also the only major region where these performance losses are in sus-
tained decline. Our fixed-network analysis shows that from 2013 to
2023, aerosol-induced losses in Chinafell by 1.4% annually, a trend that
contrastssharply with therising lossesin the USA (1.5% yr™) and Europe
(1.3% yr™). Thisimprovement occurred not because of a coal phase-out,
as coal capacity continued to expand in China*, butisinstead a direct
cobenefit of stricter pollutant emission standards***. The evidence
for thisis multifaceted: the declineinlosses corresponds directly with
falling pollutant levels over PV sites, including effective AOD (-1.7% yr™),
troposphericNO, (-2.4% yr™) and PBLSO, (-1.4% yr™); and a significant
positive spatial correlation (/= 0.5654) connects coal capacity to these
losses. This provides direct evidence that while cleaning up existing
coal plants yields partial benefits, a full phase-out would remove this
performance barrier much more decisively. The importance of this
spatial coal-solar interaction is further illustrated by the contrasting
caseofthe USA. The USA exhibits the lowest R, gbecause thereis limited
co-location of its solar and coal fleets. This geographical separation
results in negligible spatial correlation between coal capacity and
aerosol-induced PV losses. The US case demonstrates that the
aerosol-induced performance barrier is not an inherent property of
solar power, butisadirect consequence of the proximate operation of
coal-fired power plants, a barrier that would be removed by
their phase-out.

Looking forward, the physical interaction between coal-based
aerosols and solar PV performance is likely to become an increas-
ingly critical constraint on the global energy transition. Afundamen-
tal challenge for grids with high renewable penetration is the need
for dispatchable power to maintain stability during periods of low
solar output®. This stability challenge is being amplified by accel-
erating electricity demand, which the International Energy Agency
projects will grow by nearly 4% annually through 2027, driven by
industrial expansion, electrification and the rapid growth of artificial
intelligence applications®®. Together, these pressures for both
grid reliability and rising demand are promoting many economies
to extend their reliance on coal. In China, this dynamic is evident
in the continued approval of new coal plants as backup capacity
for renewables®, a trend also exported abroad through Chinese
and Indian investment in coal projects in Africa®. In the near term,
the persistence of large coal capacity remains a challenge for the
solar transition: while existing coal plants continue to provide
backup power, their operation sustains fossil dependence and con-
strains the benefits of solar deployment. Retrofitting coal plants to
ULE standards can reduce SO,, NO, and PM, s emissions per facility;
however, given China’s vast coal capacity, total emissions remain
among the highest globally, and these retrofits do little to mitigate
CO, emissions*®. Ultimately, faster coal retirement is essential for
achieving the objectives of the energy transition, while coordinated
policy measures should address short-term system reliability without
reinforcing long-term fossil dependence. Our results highlight the
direct physical cost of this dependence: the same coal plant retained
or newly built will continue to degrade the performance of the solar
assets intended to replace them. A complete assessment of future
energy pathways must therefore account for these cross-sectoral
dynamics, integrating climate, air quality and energy system models
to ensure that the expected benefits of renewable investments are
fully realized.
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Methods

Three-step framework for PV generation and losses

A three-step framework was developed to estimate facility-level PV
energy generation and its associated major losses from clouds and
aerosols globally. This framework introduces two main advances over
previous methods: it combines multiple sources to assemble a more
complete global PV dataset and it improves accuracy by decoupling
the initial identification of PV sites from the precise extraction of
panel footprints.

Akey challengeis that global-scale detectionisinherently difficult
because PV installations must be distinguished from diverse non-PV
surfaces, oftenleading toboundary errors. For this reason, separating
the initial detection from the final segmentation improves accuracy
over single-stage models that perform both tasks simultaneously. Our
process therefore begins with Step 1: identifying candidate PV loca-
tions using acombination of existing inventories'****, crowd-sourced
records and a convolutional neural network (CNN) classifier trained on
global-scale Sentinel-2 imagery.

This is followed by Step 2, where, in contrast to broad detection,
segmentation applied to satellite imagery with identified PV sites is
more tractable, as panels show distinct visual and spectral contrast
with their surroundings. Therefore, high-resolution imagery from
confirmed sites was processed using the SAM*, developed by Meta, to
extract precise panel boundaries using a ‘few-shot’learning approach.
Toevaluate the spatial accuracy of the resulting dataset, comparisons
were then made with two existing global PV inventories, as described
inSupplementary Table 1.

In Step 3, these high-accuracy panel footprints were integrated
with atmospheric data from the Modern-Era Retrospective Analysis
for Research and Applications (MERRA-2) re-analysis in a validated
PV model. This allowed the estimation of a time series of facility-level
electricity generation, and the distinct losses caused by clouds and
aerosols for each of the 140,945 facilities in our database.

Identification of PV facilities from multiple data sources
Wefirstidentified potential PV facilities using OpenStreetMap (OSM),
aglobal crowd-sourced geospatial digital database. While OSM data
are extensively used for mapping and spatial analysis, its data quality
and completeness vary by region. In particular, PV facilities may be
mapped at the construction area level, often overestimating panel
coverage and including planned rather than operational sites. Candi-
date PV facilities were extracted by querying OSM with the attributes:
power=plant, plant:source=solar and plant:method=photovoltaic.
Global queries were regionally partitioned and run in parallel on UK’s
JASMIN supercomputer, which provided the necessary computational
power for large-scale geospatial processing.

Tosupplement OSM, we integrated publicly available PV datasets
generated by machine learning-based analyses of satelliteimagery. One
suchresourceis the global inventory by Kruitwagen et al.'’, which used
aU-Net modeltrained on Sentinel-2imagery to detect PV installations
worldwide as of 2019. Their dataset consists of polygons outlining
eachidentified PV site. From these polygons, we extracted the central
coordinates and bounding box of each potential site to guide the next
stage of our analysis.

For China, Feng et al.”® employed a random forest classifier
on Google Earth Engine using 2020 Sentinel-2 imagery, training
province-specific models to improve detection accuracy. This data-
set captured older installations missing from global inventories but
introduced more false positives. After clustering the 10-m resolu-
tion GeoTIFF PV masks into individual facilities, we extracted each
PVfacility’s central coordinates and bounding information. For India,
we incorporated the PV dataset from Ortiz et al.*>, which combined a
U-Net detection model with hard negative mining to improve detec-
tionaccuracy. This databaseincludes 1,363 validated and grouped PV
installations updated to 2020.

To identify new or previously unrecorded PV installations, we
trained aU-Net model witha VGG16* backbone on Sentinel-2imagery.
Atotal 0of 12,000 PV installations were manually annotated to build a
globally representative training dataset. Toimprove detection across
diverse environments, the model was trained on PV sites situated in
deserts, croplands, mountains, floating systems and built environ-
ments. Further details onmodel architecture, training data preparation
and deployment are provided in Supplementary Note 1.

By integrating the OSM records, published PV inventories and
detections from our custom model, we ultimately identified 326,423
potential PV polygons globally.

PV panel segmentation with SAM

Estimating PV generation from satellite imagery requires accurately
extracting the panel area that receives solar irradiance. This, in turn,
dependsonthe precise extent of the PV panels themselves, excluding
non-panel features and empty spaces often included within the facility
polygonsderived above. Including these non-PV areas leads to overesti-
mates of panel surface area. Applying uniform scaling factors to correct
sucherrorsis unreliable because these ratios are neither constant nor
reliably correlated with location or facility size.

The SAM* is afoundation model trained on 11 millionimages and
1.1 billion masks. Designed to generalize effectively across diverse
image datasets, it can be adapted to newimagery and unfamiliar objects
with little or no additional training. It generalizes to new imagery
using prompting techniques, where user-provided inputs (such as
text descriptions or spatial information) guide the model’s segmen-
tation. SAM consists of an image encoder that computes embed-
dings, apromptencoder that processes user inputs and alightweight
mask decoder that generates segmentation masks. SAM has been
applied across diverse domains, including three-dimensional object
segmentation, medical imaging and crop disease identification®s.
Here, SAM was used to segment PV arrays from pre-identified loca-
tions on satellite images, using spatial prompts in the form of bound-
ing boxes and individual points to initiate the segmentation process
(Supplementary Fig. 3).

Red, green and blue (RGB) composites were generated from
Sentinel-2’s 12-band imagery. At this local scale, PV panels and their
immediate surroundings are readily distinguishable in an RGB com-
posite. Areas of persistent cloud cover were filled by incorporating
PlanetScope RGBimagery inthose areas. With daily global coverage ata
spatial resolution of 3 m, PlanetScope data offered more opportunities
for cloud-free views and improved segmentation accuracy, especially
for smaller PV arrays. High-resolution Google imagery was used where
itwas available and up to date.

Spatial promptsincluded bounding boxes and point annotations
placed on PV panels. Segmented PV facilities were manually reviewed
to ensure accurate boundaries. False detections and non-PV features
were corrected using additional prompts if necessary. This two-stage
approach ultimately produced segmented PV polygons for all sites
previously identified. To consolidate closely located polygons into
coherent PV facilities, those within 50 m of one another were merged.
This final aggregation resulted inacomprehensive global database of
140,945 distinct PV facilities.

PV installation time from time series classification

To determine the installation time of each PV facility, we applied a
time series classification approach using the sktime machine learning
framework®’. Monthly composites of Sentinel-2 top of atmosphere
reflectance from2017t02024 were generated, and for each PV polygon,
the meanreflectance across all pixels and spectral bands was extracted.
This resulted in a multivariate time series representing the temporal
reflectance signature of each facility. A manually labelled training data-
set was assembled using PV sites with known installation times, iden-
tified from high-resolution satellite imagery. A supervised classifier
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was trained to detect installation events on the basis of changes in
reflectance patterns over time. The model was optimized using alarge
and diverse training set to distinguish true PV installation signals from
common pre-installation changes, including grading, land clearing
and temporary construction activities. The trained model was applied
to all detected PV polygons to estimate installation time. As full data
were not available until 2017, all PV facilities installed before 2017 were
assigned aninstallation time of 2017. Example reflectance trajectories
used to support classification are shownin Supplementary Fig. 4, with
corresponding visual examples of detected facility expansion shown
inSupplementary Fig. 5.

Estimation of PV power-generation potential
Thetheoretical electricity generation of eachiidentified PV facility was
estimated using the following equation:

E=1IxAxkxC, (o)

where Eisthe potential alternating current (a.c.) power output (kW), /
is the available solar irradiance at the PV surface (kW m™), Ais the
effective PV panel area (m?) derived from our database, k is the coef-
ficient accounting for system-level energy losses and Cis the module
conversion efficiency from solar radiation to electricity.

The parameter / depends on both atmospheric conditions and
the facility’s geographic orientation and tilt. Atmospheric conditions,
including aerosol loading and cloud cover, can alter the balance of
direct and diffuse solar radiation that reach the Earth’s surface, influ-
encing the global horizontal irradiance (GHI). The orientation and
tilt angle of PV panels are optimized to maximize solar exposure over
seasonal and diurnal cycles.

GHIwas estimated using MERRA-2°, the latest atmospheric reanaly-
sisproduced by NASA's Global Modeling and Assimilation Office. MERRA-2
provides an hourly, globally gridded dataset (0.5° x 0.625°) of atmos-
pheric and surface variables, including radiation, temperature, relative
humidity and wind speeds. MERRA-2 assimilates aerosol measurements
fromspaceborne observations, representing theirinteractions with other
physical processes. For this analysis, the surface incoming shortwave flux
(SWGDN) from MERRA-2 M2TINXRAD data products was used. SWGDN
represents GHI, including both direct and diffuse components.

For a PV facility with fixed orientation and tilt angle, the optimal
tilt was estimated from its latitude®'. To translate GHI on a horizontal
surface into the solar irradiance available on a tilted panel, GHI was
decomposedintodirect normalirradiance (DNI) and diffuse horizontal
irradiance (DHI)*

GHI = DNI x cos 6 + DHI, 2)

where @is the solar zenith angle. The diffuse fraction (DHI/GHI) is deter-
mined using the ratio of global to extraterrestrial irradiance on a hori-
zontal plane, asimplemented in the open-source pvlib library®. Using
GHI components and PV geometry, irradiance on optimally tilted
panels was derived using pvlib.

The effective panel area A of a PV depends on both the overall
facility footprint and the spacing between individual panel arrays. This
relationship is commonly expressed using a ground coverage ratio,
defined as the ratio of panel-covered area to total facility land area:
A = A, x r,where A, isthetotalland areaand ristheground coverage
ratio. Applying this calculation directly to PV polygons derived from
traditional machine learning methods can be problematic, as
satellite-based detections often overestimate panel areas by including
non-PV features. By contrast, this two-stage search and extraction
approach substantially improves detection accuracy by excluding
non-PV elements during the extraction phase. Thisimproved detection
enables the use of a uniform ground coverage ratio r globally to esti-
mate the active panel area.

The coefficient k, which accounts for system-level losses, follows
amodelvalidated by Saxena et al.** on alarge sample of operational PV
panels. This factor includes losses from suboptimal PV orientation
(0.5%), mismatch in power points (0.3%), d.c. cabling (2%), a.c. cabling
(0.5%), d.c.-to-a.c. conversion (2.2%), module downtime (0.5%), soiling
by dust and snow (3.5%), and transformer inefficiencies (0.9%). Col-
lectively, these factors amount to a total loss 0f 10.09%.

The conversion efficiency C represents the fraction of incident
solar energy converted into electricity by the solar cells. For conven-
tional silicon-based technologies, this efficiency typically ranges
between 18% and 22%. A fixed value of 20% was used in this study.

Toisolate the direct climateimpacts thatreduce PV power genera-
tion, MERRA-2's SWGDN estimated under clear-sky and clean-sky con-
ditionsis used. SWGDNCLR represents shortwave flux under clear-sky
(cloud-free) conditions. Under such conditions, one can estimate
facility-level PV power output solely for clear-sky scenarios:

Eciear = SWGDNCLR x A x k x C. 3)

Although MERRA-2 does not directly provide incoming shortwave
flux under clean-sky (aerosol-free) conditions, it can be approximated
by scaling the total SWGDN with the ratio of clean-sky net shortwave
flux (SWGNTCLN) to full-sky net shortwave flux (SWGNT). This
approach removes aerosol contributions and yields E,,, the estimated
PV outputinthe absence of aerosols

_ SWGNTCLN

Eclean = SWONT % SWGDN x A4 x k x C. 4)

By comparing the baseline output £ (fromall-sky conditions) with
Ecear (N0 clouds) and E,, (N0 aerosols), cloud and aerosol impacts can
be separately quantified. Finally, the total climate-induced loss L can
be computed using the following equation:

[ = (Eclean

£ x 100%. ©)

-E Eclear_E
4 S =2 )

To illustrate the structure of the resulting dataset,
Supplementary Fig. 9 shows histograms of estimated annual genera-
tion per facility in 2023 for the globe and major regions (China, the USA,
Europe, including the UK, India and the rest of the world).

Calculation of PV-effective AOD and gas concentrations

To evaluate the impact of atmospheric pollution on PV generation,
aerosol conditions were quantified by calculating effective AOD for
each PV facility. Major anthropogenic aerosol emissions originate
from fossil-fuel combustion, particularly from coal-fired and other
thermal power plants, industrial processes, vehicular transport and
residential heating, as well as from biomass burning. Natural sources
include desert dust, sea salt and volcanic activity®. AOD was obtained
from the MERRA-2 reanalysis (M2TINXAER collection), which pro-
vides hourly AOD at 550 nm on a 0.625° x 0.5° grid. The accuracy of
the MERRA-2 AOD product hasbeen extensively validated in previous
global and regional studies®®. These evaluations demonstrate close
agreement with AERONET and MODIS observations, with typical cor-
relations of 0.7-0.9 and root mean square error values below 0.2,
confirming that MERRA-2 AOD provides reliable and stable estimates
suitable for global and regional analyses. To further assess consistency
in our study, we performed an effective-AOD trend analysis for all PV
facilitiesin China using the 1-km Multi-Angle Implementation of Atmos-
pheric Correction (MAIAC) AOD product® (Extended Data Fig. 2). The
MAIAC-based results show acomparable declining trend to that derived
from MERRA-2, withareduction rate of —0.0085 yr™ (-2.9% yr™) during
2013-2023. This difference can be partly attributed to MAIAC’s finer
spatial resolution, which better captures local aerosol gradients around
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coal plants and aligns with the PV-coal distance distribution shownin
Supplementary Fig. 8, where most PV facilities are located 20-30 km
from the nearest coal power plant, below the MERRA-2 grid spacing.
These findings indicate that the AOD decline and its implications for
PV performance are robust across independent datasets.

Torepresent trace-gas pollutants, we further derived tropospheric
NO, and PBL SO, column densities from the spaceborne Ozone Moni-
toring Instrument (OMI). For NO,, we used the OMI_MINDS_NO2d
productand extracted the ‘ColumnAmountNO2TropCloudScreened’
variable, which represents daily tropospheric vertical column densities
(molecules per square centimetre) filtered for high-quality observa-
tions with cloud fractions below 0.3 and solar zenith angles under 85°.
For SO,, we used the OMSO2e product, which provides daily global
estimates of SO, column density inthe PBL at 0.25° x 0.25° resolution.

We computed effective pollutant values to reflect their contribu-
tionto generation reductions ateach PV facility. Two weighting factors
were applied: (1) clear-sky irradiance weighting, which assigns greater
weight to pollutants present during high-irradiance conditions (for
example, daytime and summer), and (2) PV area weighting, which
accounts for the relative size of each facility. The effective pollutant
value was computed as

2 Pix Iy x A

2 Ui x A) ©

Pegr =

where P;is the pollutant value (AOD, tropospheric NO, or PBL SO,) in
pixeli, I;isthe clear-skyirradiance and A;is the PV panel area.

Aerosol source attribution using GEOS-Chem

Aerosol source attribution was carried out using GEOS-Chem version
14.6.3 in the aerosol-only configuration, which simulates the trans-
port and removal of aerosol species from anthropogenic and natural
sources (sulfate, nitrate, ammonium, black carbon, organic carbon,
dust and sea salt) using archived oxidant fields. Anthropogenic emis-
sionsused inthe GEOS-Chem simulations are taken from the Commu-
nity Emissions Data System (CEDS) inventory (version 2025-04), which
provides aninternally consistent global emissions dataset widely used
in chemistry-transport modelling. China-specific inventories such as
the Multi-Resolution Emission Inventory for China (MEIC) are also avail-
able and may offer more detailed representations of recent emission
changes associated with national clean-air policies®. Simulations were
conducted at 0.5° x 0.625° horizontal resolution with 47 vertical layers
extending to 0.01 hPa and were driven by MERRA-2 meteorological
fields provided at the same native resolution (0.5° x 0.625°,72 levels).
The model was run for the year 2023, following a 6-month spin-up for
the global (2° x 2.5°) simulation and an additional 6-month spin-up for
the nested China simulation (0.5° x 0.625°). Lateral boundary condi-
tions for the nested domain were updated every 3 h from the corre-
sponding 2° x 2.5° global run.

Two categories of simulations were performed
(Supplementary Fig. 10). The base simulation included all anthro-
pogenic and natural emissions and represents total atmospheric
aerosol loading. To isolate the contribution of coal-related and other
energy-sector emissions, a set of sector-specific sensitivity simula-
tions was conducted in which emissions from individual power-sector
sources were activated within Chinawhile all other emissions remained
switched off. These simulations used identical emission inventories
and model configurations for the global and nested domains to ensure
consistency of sources across spatial scales (Supplementary Table 6).

Torelatethe GEOS-Chem attribution to PV energy losses, monthly
baseline AOD and energy-sector AOD were computed for all MERRA-2
grid cellsin Chinafor2023. The monthly fraction of total AOD attribut-
abletoenergy-sector emissions was then aggregated across all PV facili-
ties using a weighted mean, where the weight for each facility equals
its aerosol-induced energy reduction for that month. This weighting

accounts for site-specific capacity, monthly irradiance and effective
AOD, providing adirect link between sector-attributed aerosol loading
and PV energy losses.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The Sentinel-2 data used in this study are freely available from the
European Space Agency through the Copernicus programme and
can be accessed via the Copernicus Data Space Ecosystem (https://
dataspace.copernicus.eu). The MERRA-2 reanalysis data (including
M2TINXRAD for radiation and M2TINXAER for aerosols) are publicly
available from the NASA Goddard Earth Sciences Data and Information
Services Center (https://disc.gsfc.nasa.gov/). The OMI data products
for NO, (OMI_MINDS_NO2d) and SO, (OMSO2e) are also publicly avail-
able from the NASA Goddard Earth Sciences Data and Information Ser-
vices Center. The Global Coal Plant Tracker database is maintained by
Global Energy Monitor and is publicly available for download (https://
globalenergymonitor.org/projects/global-coal-plant-tracker/). The
primary dataset of global, facility-level PV generation and losses devel-
oped and analysed in this study is available via Zenodo at https://doi.
org/10.5281/zenodo.18794230 (ref. 70).

Code availability

The code used in this study is publicly available via GitHub at https://
github.com/ray-climate/global-pv-generation-loss-dataset. The ver-
sion corresponding to this publication (version 1.0) is available via
Zenodo at https://doi.org/10.5281/zenodo.18844891 (ref. 71).
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Extended Data Fig. 1| Limited co-location of coal and solar capacity in the United States. Spatial distribution of PV installations (blue markers) and coal-fired power
plants (purple markers) across 1.0° x 1.0° grid cells. In contrast to China, the small number of yellow grid cellsillustrates the limited co-location of these energy sources
inthe United States.
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Extended DataFig. 2 | Effective-AOD trends derived from Multi-Angle
Implementation of Atmospheric Correction (MAIAC) data for PV facilities in
China. Temporal trends of effective aerosol optical depth (AOD) from 2013 to
2023 derived using the 1-km MAIAC product for allmapped PV facilities in China.

The MAIAC results show a declining trend in effective AOD, with areduction
rate of —0.0085 yr' (-2.9 % yr™), consistent with the pattern obtained from the
MERRA-2 dataset reported in the main text.
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identification. A U-Net model with a VGG16 backbone was implemented using TensorFlow (v2.15.0) and trained on JASMIN’s Orchid GPU
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programme ( https://dataspace.copernicus.eu). MERRA-2 atmospheric reanalysis data (including M2TINXRAD and M2T1NXAER) are available from the NASA
Goddard Earth Sciences Data and Information Services Center (GES DISC) (https://disc.gsfc.nasa.gov). Ozone Monitoring Instrument (OMI) data products for
nitrogen dioxide (OMI_MINDS_NO2d) and sulphur dioxide (OMSO2e) are also available from NASA GES DISC. Coal plant data were obtained from the Global Coal
Plant Tracker by Global Energy Monitor (https://globalenergymonitor.org/projects/global-coal-plant-tracker). The primary dataset of global, facility-level PV
generation and losses developed and analysed in this study, is publicly archived on Zenodo at https://doi.org/10.5281/zenodo.18794230. There are no restrictions
on data availability.
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Study description The global energy transition is predicated on solar photovoltaic (PV) power displacing fossil fuels to deliver projected climate and air
quality benefits. However, the effectiveness of this process is limited if solar capacity merely supplements coal. This creates a self-
defeating dynamic in the energy transition, a direct, physical drag that is currently unaccounted for in sustainability and climate
mitigation models. To quantify this constraint, the study uses satellite observations and machine learning to develop a global, facility-
level dataset of PV energy generation and atmospheric losses for 140,944 PV facilities. Facilities are grouped by country and region in
a hierarchical design. A Loss-to-Growth ratio is calculated to assess the extent to which annual PV energy losses offset energy added
by new PV capacity. The analysis includes regional trends in aerosol-induced PV losses from 2013 to 2023, and attribution to coal-
related pollution based on aerosol composition, trends in pollutant levels, and spatial correlations between coal plant capacity and
PV performance losses.

Research sample The research sample includes 140,944 PV facilities and all coal-fired power plants operating globally. PV facilities were identified
using a combination of global and regional inventories, OpenStreetMap records, and a custom machine learning model applied to
Sentinel-2 satellite imagery. Coal plant data were obtained from the Global Coal Plant Tracker, maintained by Global Energy Monitor,
which provides facility-level locations and generation capacity. The PV sample includes spatial footprints, installation dates, and
annual estimates of energy generation and losses. These data were also aggregated at the country level for regional analysis. These
samples support analysis of regional energy trends, spatial co-location between coal and solar infrastructure, and attribution of
aerosol-induced PV performance losses to coal-related pollution.
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Sampling strategy detection. The aim was comprehensive global coverage rather than statistical sampling, and the resulting sample size is sufficient for
the spatial and temporal analyses conducted in this study.

Data collection We generated PV facility data primarily using machine learning applied to Sentinel-2 satellite imagery, complemented by global and
regional inventories and OpenStreetMap records. Panel footprints were extracted using the Segment Anything Model (SAM),
followed by manual verification. We obtained coal plant data from the Global Coal Plant Tracker maintained by Global Energy
Monitor. Energy generation and atmospheric loss estimates were derived using the Modern-Era Retrospective Analysis for Research
and Applications (MERRA-2) reanalysis. Pollutant concentrations, including sulphur dioxide and nitrogen dioxide, were obtained from
the Ozone Monitoring Instrument (OMI) satellite dataset.

Timing and spatial scale  The PV facilities included in this study were detected and dated between 2017 and 2024. The analysis covers global spatial extent,
with results aggregated at the facility, national, and regional levels.

Data exclusions No data were excluded from the analysis.

Reproducibility Results can be reproduced using publicly available satellite and atmospheric reanalysis data, and the global facility-level PV energy
generation and losses data we have made publicly available.
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