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= Urban expansion will considerably increase rooftop photovoltaic (RPV) potential over the 21 century.
= Per capita RPV potential is likely to decline due to the prevailing trend towards urban densification.
= Urbanization primarily drives RPV potential changes, but climate change impacts cannot be overlooked.

= Urbanization and climate change may disproportionately constrain lower-income countries' RPV viability.
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Rooftop photovoltaics (RPVs) play an increasingly critical role in global zero-
carbon energy transition, yet underexplored is to what extent RPV potential
can supply the ever-rising electricity demand under the combined effects of
urbanization and climate change. Here, we project that the global RPV
potential will grow by 13%—20% from 2015 to 2100 under four different
socioeconomic-climate scenarios. This increase is primarily driven by RPV
gains associated with urban expansion, although nearly one-fifth of them
might be offset by climate-induced losses under high-emissions scenarios.
However, future urban densification can drive down per capita RPV potential,
which, alongside increasing individual consumption, will diminish RPVs'
maximum feasible share in global electricity mix from 117% to 30%—47%
by 2100. While simultaneously suffering from more severe and widespread
high-emissions-induced losses, many developing countries, particularly the
least developed, will undergo stronger urban densification, which shifts
their RPV electricity supply-demand ratios from general surpluses over
200% to deficits much larger than those in wealthier countries. Given their
reliance on RPVs for access to clean electricity, our results highlight the
urgent need for strategic interventions, including embedding climate action
into urban planning and accelerating global collaborative technological
advancements, to mitigate these disproportionate impacts and foster an
equitable energy transition.

INTRODUCTION

Ambitious climate mitigation targets aligned with the 2015 Paris Agree-
ment require a global effort to accelerate the transition towards zero-carbon
energy systems.' In this effort, rooftop photovoltaic (RPV) technology stands
out as a vital solution because it can be deployed flexibly and rapidly, making
it well-suited for supplying electricity in land-constrained urban environ-
ments and off-grid, impoverished regions.** The promotion of RPVs promises
the co-benefits of reduced carbon emissions and universal electricity
access,"” thereby facilitating a more equitable energy transition. Propelled by
cost reductions and policy incentives,” global RPV deployment has surged
recently and is expected to be the fastest-growing electricity source in the
coming decades.” As RPV penetration is likely to rise, accurate assessments
of current and future global RPV technical potential (that is, the maximum
achievable electricity generation given rooftop area, climatic conditions, and
system performance)’ are imperative for understanding the possible contri-
bution of RPVs to electricity portfolios and informing decisions on policy-
making.

RPVs represent a highly viable renewable electricity solution for dense
urban areas by integrating into buildings without requiring additional land
space,” which also means that the technical potential will change as urban-
ization proceeds. Urban expansion accompanied by increasing building stock
leads to higher rooftop area, thus likely boosting RPV technical potential.
However, urbanization is shifting toward more vertical development than
lateral expansion,*” suggesting more densely populated buildings that limit
per capita access to RPV technical potential and challenge the feasibility of
supplying sufficient electricity demand with RPVs. Beyond urbanization,
inevitable climate change will further complicate the assessment of RPV
technical potential. Specifically, RPV power output depends on downwelling
shortwave radiation that determines solar resource availability, as well as
other meteorological factors that affect panel efficiency, such as air tempera-
ture (higher temperatures typically reduce panel efficiency) and wind speed

(moderate wind speed can provide panels with cooling).'®'" Therefore, proper
projections of RPV technical potential should account for the effects of both
urbanization and climate change.

Previous research has investigated photovoltaic power output in a chang-
ing climate, revealing significant spatial and scenario variability in climate-
induced impacts globally.'”'® Their findings on climate-induced impacts are
mixed, but in general, the impacts under low-emissions scenarios tend to be
positive, while those under high-emissions scenarios tend to be negative.
However, these studies concerned climatic conditions solely, excluding
considerations of spatial availability primarily due to the challenges in obtain-
ing high-quality estimates.* Recent efforts proposed that machine-learning-
based methods offer the promise of large-scale and high-resolution rooftop
area estimation that balances accuracy with computational efficiency,"'" but
to date global maps of rooftop area and associated RPV technical potential
are still limited. More importantly, the joint effects of urbanization and climate
change on global RPV technical potential remain elusive. Considering the
spatially heterogeneous nature of these two global changes, their conse-
quences may differ across regions. This necessitates globally harmonized
mapping to facilitate reliable cross-area comparisons, thereby providing a
comprehensive global insight into future RPV technical potential changes and
the attendant impacts on supply-demand relationships from an equitable and
just energy transition perspective.

Here we assess the global effects of future urbanization and climate
change on RPV technical potential alongside its maximum feasible share in
the electricity mix, particularly focusing on regional differences. We employ
the Shared Socioeconomic Pathways-Representative Concentration Path-
ways (SSP-RCP) framework to represent diverse futures for socioeconomic
development and climate conditions.'” At a high-resolution grid scale, we
integrate machine-learning-based regression models and geospatial big data
containing over 2 billion building footprints to project rooftop area and its
growth accompanying urban expansion, and meanwhile utilize a physically-
based photovoltaics performance model to simulate capacity factor (an indi-
cator of electricity production from a generating unit)'® under current and
future climate conditions. Combining rooftop area with capacity factor, we
generate RPV technical potential for the baseline year (2015) and at decadal
intervals from 2020 to 2100 under four SSP-RCP scenarios, namely SSP1-2.6
(sustainability), SSP2-4.5 (middle of the road), SSP3-7.0 (regional rivalry), and
SSP5-8.5 (fossil-fueled development). Further, we compare the assessed
RPV technical potential with temporally aligned electricity demand data to
explore its possible contribution to electricity supply. Our assessment is
expected to improve the understanding of RPVs' potential role in energy tran-
sition, highlighting how uneven urbanization and climate change affect this
role across countries with varying income levels.

MATERIALS AND METHODS
SSP-RCP scenario framework

We introduce a SSP-RCP scenario framework to explore possible futures
under different socioeconomic narratives and global warming levels. This
framework provides a foundation of assessments by the Intergovernmental
Panel on Climate change,” and has been widely adopted in research regard-
ing societal and climate futures.”’ The SSPs narrate alternative trends in
socioeconomic development and environmental action, with each pathway
distinguished by the quantified elements including population, urbanization,
and GDP."® The RCPs, according to the target for end-of-century radiative
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forcing, represent diverse trajectories of greenhouse gas concentration
related to energy system and land use.”” Based on SSP-RCP integrated
scenarios, we can derive the central characteristics of urbanization and
climate change throughout the 21% century.

We consider four representative SSP-RCP scenarios, namely SSP1-2.6,
SSP2-4.5, SSP3-7.0, and SSP5-8.5. Among them, SSP1-2.6 describes a
sustainable pathway characterized by low emissions and mild climate
change. It projects a world with low rates of urban land expansion and popu-
lation growth, where global population will peak and then decline within the
century. SSP2-4.5 is a middle-of-the-road pathway continuing along the
historical development trend. In this scenario, global changes (including
climate change caused by intermediate emissions, urban land expansion, and
population growth) are considered to be moderate compared to other
scenarios. SSP3-7.0 represents a regional rivalry pathway with high emis-
sions resulting in moderate to severe climate change worldwide. Unlike the
other three globalization scenarios, it assumes that countries focus on their
domestic socioeconomic goals and develop independently, hence the rates of
urban land expansion and population growth are low in industrialized coun-
tries but particularly high in developing countries. SSP5-8.5 assumes a fossil-
fueled pathway facing a dramatic climate change due to the very high emis-
sions. It yields a high rate of urban land expansion, but the population shows
a low rate of growth, slightly higher than SSP1-2.6 while also showing a peak-
to-decline trend.

Datasets

Building footprint data. \We utilize three open datasets of building foot-
prints to generate the baseline year (2015) rooftop area. Specifically, the
building footprints from Google Open Buildings are used for the entire African
continent and Southeast Asia,” while the building footprints produced by
Microsoft are used for most of the remaining regions.” For China, however,
its building footprints are not available in these two datasets. Therefore, we
use another open dataset of building footprints in China as a complement.”
By using all these datasets, we aggregate the building footprint area at the 3
km x 3 km grid level, and the results are regarded as the ground truth rooftop
area for the baseline year under the assumption that building footprint area
can approximate rooftop area.

Data for generating the predictors of rooftop area extrapolation models
(REMs). The data used for generating the predictors of REMs includes urban
land maps, gridded population, road network, digital elevation model (DEM),
and climate zone classification. The urban land maps are acquired from ref.”",
which includes a 2015 urban land map and the projected urban land maps
from 2015 to 2100 at 10-year interval under the four selected SSP scenarios.
The gridded population data in 2015 are obtained from WorldPop,”” while the
SSP projections of population distribution spanning from 2020 to 2100 at 10-
year interval are obtained from ref.”® The road network data are acquired from
ref.”, which provides five functional groups of roads (i.e., local, tertiary,
secondary, primary, and highway). The DEM data are obtained from the
National Oceanic and Atmospheric Administration of the United States,®
based on which the data of slope are generated. Finally, the map of K&ppen-
Geiger climate zone classification is also collected.*" All these data, excluding
the road network data in vector format, consistently have a spatial resolution
of 1 km.

Climate scenario data. The meteorological variables (irradiance, tempera-
ture, and wind speed) under different scenarios are obtained from the NASA
Earth Exchange Global Daily Downscaled Projections (NEX-GDDP-CMIP6),*
which provides the daily-level bias-corrected climate change projections with
a spatial resolution of 0.25°. Considering the availability of the required vari-
ables for projecting RPV potential, climate projections made from 13 models
of NEX-GDDP-CMIP6 (Table S1) are used to account for the uncertainty
caused by using a single model. Note that the projection under SSP2-4.5 in
2015 is treated as historical climate conditions at the baseline year.

Photovoltaic technical data and electricity demand data. The photo-
voltaic technical data, including optimal tilt angle and module parameters, are
applied for capacity factor assessments. The mapping of optimal tilt angle for
maximizing the annual photovoltaic generation is generated by the Global
Solar Atlas.” We use the maximum value of the dataset (50°) as the optimal
tilt angle for regions above 60°N where angle values are absent. The module
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parameters required to model photovoltaic systems are retrieved from the
California Energy Commission photovoltaic module database.” Furthermore,
the national-level electricity demand for the baseline year and the SSP
scenarios is obtained from ref.”

Mapping of rooftop area

We refer to a machine-learning-based framework that combines both top-
down and bottom-up approaches to estimate rooftop area at a resolution of
3 km.**'" The top-down approach applies high-resolution spatial techniques
like Light Detection and Ranging or machine-learning-based object detection
to obtain vectorized rooftop area, which is then quantified at the grid scale.
Here we achieve this by aggregating vector building footprints with global
coverage (see Datasets section). The bottom-up approach takes the obtained
gridded rooftop area as a sample to model its relationship with various
geospatial variables, and then uses the modeled relationship to extrapolate
rooftop area to regions outside the sample. We establish REMs to perform
rooftop area extrapolation. By utilizing multi-temporal geospatial variables,
we conduct the extrapolations for global rooftop area in the baseline year as
well as for future rooftop area growth under different scenarios.

REMs. The machine learning method of Gradient Boosting Decision Trees
(GBDT) is used to develop REMs. Specifically, three representative GBDT
algorithms, namely XGBoost*® CatBoost® and LightGBM,* are used to
perform regression between rooftop area and a set of predictors at the 3 km
grid level. The training is implemented by using the Python packages of
xgboost, catboost, lightgbm, category-encoders, bayesian-optimization, and
scikit-learn.

By using the geospatial data mentioned in the Datasets section, a set of
predictors are generated for the REMs. These include the sum of urban land
area and population within each 3 km grid and the corresponding neighbor-
hood statistics of sum, maximum, and variance. The neighborhood sizes
include 3 x 3,5 x5,and 7 x 7. Additionally, the total road length and the corre-
sponding lengths for each of the five road types are calculated for the 3 km
grids. The values of elevation and slope are aggregated to the 3 km grids
through averaging. The climate zone classification is resampled to 3 km
applying the rule-of-majority. The full list of these predictors can be found in
Table S2.

We develop 30 region-specific REMs. In each of the 30 macro regions
modified from the SSPs database (Figure S1), the sample of rooftop area is
randomly split into the training set and the testing set (75% and 25%, respec-
tively). The training set is used for hyperparameter tuning and model training,
while the testing set is used for evaluation. Hyperparameter tuning is imple-
mented by using Bayesian optimization and the 5-fold cross-validation
approach. Five hyperparameters are tuned: the number of iterations that
specifies the number of trees; the maximum depth and minimum sample
size that control the tree complexity; the learning rate and the L2 regulariza-
tion that determine the fitting performance. More details of the tuning results
are given in Table S3. After training, for a certain region, the performances of
the three fine-tuned GBDT models are evaluated with the testing set, and the
best one is used to project the rooftop area for that region.

The evaluation of REMs demonstrates a global R?of 0.84, with regional R*
ranging from 0.64 to 0.92 (Figure S2). The per grid mean absolute error and
root mean square error are 0.17 and 0.25 km? respectively, with the highest
values observed in India (0.30 and 0.43 km?, respectively). The relative error
between the prediction and the observation is 0.04%.

To further assess REMs' reliability and robustness, we construct supple-
mental models for performance comparison. Since the validity of using
random train-test splits for validating model's generalization ability, though it
has long been proven, may be challenged because the spatial autocorrela-
tion could lead to optimistically biased estimates,” we present the prediction
error when using spatially blocked splits for model building (Figure S17; see
Text ST for detailed methodologies). The result shows a distribution gener-
ally similar to the error observed in REMs, justifying our generalization evalu-
ation. Additionally, while previous studies often used a single global model to
predict rooftop area,®'” our comparison between the REMs and the global
model developed using the same procedures shows that using REMs would
yield better predictions in most regions (Figure S2).

Rooftop area extrapolations. We first extrapolate the rooftop area sample
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aggregated from building footprints to out-of-sample grids using REMs. In
particular, we obtain a globally seamless rooftop area map for the baseline
year of 2015, and then conduct the scenario extrapolations for future rooftop
area growth based on this baseline map. The scenario extrapolations are
made per decade from 2020 to 2100. For each time episode (year) to be
predicted, we implement the REMs for grids that have increased urban land
area compared to the previous time point. When applying the REMs, the
predictors of urban land area and its neighborhood statistics, as well as
population and its neighborhood statistics, are updated using the projections
obtained from ref.”® and ref.”, respectively, while the values of the other
predictors (road length metrics, slope, elevation, and climate zone classifica-
tion) remain unchanged. This could be one limitation of our method, mainly
owing to the lack of scenario projections of road network and climate zone
classification. For the terrain conditions, it is somehow reasonable to assume
they remain constant by the end of this century. According to our assess-
ment of variable importance in REMs, predictors associated with urban land
area and population collectively contribute over 70% of the overall impor-
tance (Figure S19; see Text S2, Figures S18 & S20 for more discussion). This
supports our assumption that these time-varying predictors reasonably
capture the dynamics of rooftop area.

In this study, building footprint is taken as the simplified representation of
roof geometry, with its area serving as a proxy for rooftop area. This may
introduce some discrepancies as the real-world roofs are diverse in shapes.
For instance, residential buildings often feature flat roofs that can be directly
mapped by building footprints, or alternatively feature shed and gable roofs
that have slightly larger rooftop surfaces. Mixed-use buildings, however,
commonly exhibit complex-shaped roofs, resulting in reduced rooftop area
relative to building footprints.”” To date, accurate estimation of footprint-to-
rooftop ratio remains a complex task, with few studies providing comprehen-
sive information for large-scale applications. Given this limitation, we assume
building footprint area to be rooftop area in reference to previous studies.”

We note that our extrapolations aim to contextualize the changes in
rooftop area within the socioeconomic development under different scenar-
ios. The extrapolation scheme presumes the spatiotemporal representative-
ness of REMs while not accounting for the complex processes (e.g., urban
planning) that may affect the long-term dynamics. The value of this approach
lies primarily in its descriptive strengths rather than its predictive capabilities.
We acknowledge that efforts like incorporating domain-specific knowledge
could improve the extrapolations, but such detailed analysis is beyond the
scope of this study. Nonetheless, the socioeconomic narratives underlying
each scenario can be viewed as a proxy for urban planning paradigms, hence
our scenario projections are able to provide a forward-looking insight into
how rooftop area might change under these paradigms.

Capacity factor assessment

Capacity factor is calculated as the ratio of the actual annual electricity
generation to the maximum possible generation if the photovoltaic device
operated at nameplate capacity throughout the year. With the open-source
PVLIB-Python library,*' the capacity factor at 3 km resolution is generated in
a grid-by-grid manner following three steps:

(1) System configuration: the power system, fixed at the optimal tilt angle
(determined using data from Global Solar Atlas,” see Datasets section) with a
south-facing/north-facing orientation in the Northern/Southern Hemisphere,
consists of the modules to convert sunlight into direct current (DC) and the
inverters to transform DC to alternating current (AC). We assume the system
uniformly utilizes module with a conversion efficiency of 19.6% (nameplate
capacity of 350 W) and inverter with a designed efficiency of 96.5%. Detailed
technical parameters are listed in Table S4.

(2) Plane-of-array irradiance modelling: the plane-of-array irradiance, or
the actual solar radiation collected by the system for electricity generation,
comes from three sources, i.e., direct beam, sky diffuse, and ground-reflected
irradiance. Each of the sources is calculated based on the direct normal irra-
diance (DNI, W m™), the diffuse horizontal irradiance (DHI, W m™), and the
global horizontal irradiance (GHJ, W m™). Given that plane-of-array irradiance
modelling requires hourly DNI, DHI, and GH!inputs, but only daily mean GH!is
available in NEX-GDDP-CMIP6 climate projections, we adopt an artificial

diurnal cycle following a sinusoidal function to downscale GHI into hourly
resolution,”” and then utilize the DIRINT decomposition model to obtain DN/
from GHI,* and calculate DHI as follows:

DHI = GHI — (DNI x cos (6,)) )

where 8; is the solar zenith angle (degrees), estimated via NREL solar posi-
tion algorithm considering geographic position (longitude, latitude, and alti-
tude) and the hour of the day.*

The sky diffuse (I, W m™) is transposed from DH/ using Hay/Davies trans-
position model,”® while the direct beam (/,, W m™) incident on the plane and
ground-reflected irradiance (f,, W m™) can be calculated with straightforward
geometry as follows:

l, = DNI x cos(AOl) 2

(1—cos(6y))

I, = GHI x albedo x 5 (3)

AOl = cos™' (cos (8,) x cos (6;) +sin(B,) x sin (8;) x cos (6, —6,)) (4)

where AO! is the angle of incidence (degrees), determined by system
morphology (tilt angle 8y, degrees; orientation 8,, degrees) and solar position
(8, azimuth angle 6,, degrees). The albedo value is set using the default one
(0.18) assigned by PVLIB for urban surface. Finally, the plane-of-array irradi-
ance (l, W m™) is obtained by summing up irradiance from the three
sources:

/roz:/b+/d+lg (5)

(3) Radiation-electricity conversion and capacity factor calculation: The
available solar radiation depends on /, while the radiation-electricity conver-
sion is affected by module temperature. On a daily basis, we feed the /., (24
hourly values per day), along with temperature and wind speed that influence
the module temperature (for these two factors, the daily averages can be
used without significant error),”” into the Sandia Photovoltaic Array Perfor-
mance Model to estimate the electricity generation.*” The capacity factor (CF,
a unitless ratio) is then calculated as follows:

Eanna

CF= Corome X 8760

©®)
where E, . 1S the electricity generation aggregated from daily values to an
annual total (Wh), Ceaue is the nameplate capacity of module (350 W), and
the number 8760 refers to the total hours in a year.

Here we employ a technically rigorous approach to improve the reliability of
electricity generation assessments compared to previous global-scale stud-
ies,*'*"*'" but we also incorporate some assumptions to handle the complex-
ities in long-term assessment. For instance, we do not consider the lifetime
degradation of RPVs as this relies on where and when the RPVs are
deployed. We assume that installed RPVs receive adequate cleaning and
maintenance during operation so that soiling or failure can be ignored, while
in reality this depends on natural precipitation as well as labor and economic
investments. We set unified technical components globally, but affluent
households can achieve higher RPV potential by adopting cutting-edge tech-
nologies such as sun-tracking systems. In addition, considering the long time
span of our study during which significant technological progress (primarily
in module technology)”’ is expected, we supplement two sets of experiments
using advanced modules with conversion efficiencies of 25.8% (436 W) and
31.1% (526 W). The conversion efficiency of the three modules we selected
reflects the current technical level, recent record, and theoretical limit of sili-
con-based modules that dominate the market.”® Experimental results are
presented in Table S5 to better understand how technological advancements
may affect our main results.

RPV potential calculation

Combining the values of rooftop area (A, M?) and capacity factor (CF),
we can obtain the RPV potential (P, Wh) for each 3 km resolution grid through
the following calculation:
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Figure 1. Global patterns of per capita RPV potential and the supply-demand ratio of RPV electricity in 2015 (A) Per capita RPV potential in 2015 at the national scale. (B)
Uneven distribution of per capita RPV potential and supply-demand ratio across the income level. The dots represent country-level estimates of per capita RPV potential and
supply-demand ratio, and the shadings display the kernel density distribution of the dots grouped by income level. The income classification follows that of the World Bank (see

Figure S3 for details). (C) Supply-demand ratio in 2015 at the national scale.

P = Aot X RAF x Crose x 8760 xCF

‘module

()

where RAF is the rooftop availability factor (the ratio of available rooftop area
for RPV installation to the total rooftop area), while Coque aNd Apogue are the
nameplate capacity (350 W) and size (1.79 m?) of the module, respectively.

The rooftop availability factor is a commonly used measure in large-scale
RPV research, indicating the loss of rooftop area because of geographic
constraints such as roof morphology, obstacles, and shading effects. Here
we use a rooftop availability factor of 0.32 for the main results according to
the general cases reported (Table S6). This is a trade-off in the absence of
comprehensive region-specific references globally. As the rooftop availability
factor may vary regionally, we provide a series of regional RPV potential
assessments using varying rooftop availability factors to explore the possible
impact (Tables S7 & S11). Given that some countries have started reserving
rooftop space for RPV installation in the building design process,” rooftop
availability factor may increase and likely converge globally as more coun-
tries adopt this practice.

RESULTS
Achievable electricity self-sufficiency through RPVs in the baseline year
(2015)

We estimate that the global annual RPV technical potential (hereafter RPV
potential) for the 2015 baseline year is 23.9 PWh, equivalent to 3.3 MWh per
capita. However, per capita RPV potential varies significantly across different
income-group countries (Figures TA-B). Among the four income groups, per
capita RPV potential in high-income group is 8.3 MWh, which is more than
double that in upper-middle-income group (3.1 MWh) and even four times
that of lower-middle- and low-income groups (1.5 MWh and 2.1 MWh,
respectively). Countries with above-the-global-mean per capita RPV poten-
tial are mostly high- and upper-middle-income countries (representing 51%
and 34%, respectively), while lower-middle- and low-income countries collec-

tively account for only 15% (Figure 1B). All countries with per capita RPV
potential greater than 10 MWh belong to high-income group, while among
the 26 low-income countries, only Syria, Gambia, and Guinea-Bissau barely
reach the global mean level.

The dominance of developed countries in per capita RPV potential is
primarily due to their large built-up areas and relatively small populations,
which result in a higher per capita building stock available for RPV installa-
tion. Some emerging countries also have considerable built-up areas but are
densely populated, leading to less per capita building stock and hence lower
per capita RPV potential. For instance, despite ranking among the top ten
countries in total RPV potential (over 0.5 PWh, detailed in Figure S4), the per
capita RPV potentials in China (2.1 MWh), India (1.0 MWh), Brazil (4.3 MWh),
Indonesia (2.4 MWh), and Mexico (3.8 MWh) are similar to, or even below, the
global mean. Other developing countries, especially those in Africa, generally
have abundant solar resources and hence higher RPV generation per unit
area (Figure Sb), yet limited building stock constrains their current RPV
potential.

Despite the uneven distribution of RPV potential, more than 80% of coun-
tries worldwide can achieve self-sufficiency in electricity by fully exploiting
their RPV potential. Nonetheless, the ratio of potential RPV electricity produc-
tion to total electricity demand (hereafter, the supply-demand ratio) still varies
evidently across countries and income levels (Figures 1B-C), showing an
almost opposite pattern to per capita RPV potential. That is, economically
underdeveloped countries tend to have higher supply-demand ratios than the
developed. Countries with a supply-demand ratio below 100% are mainly
developed economies in the Northern Hemisphere (excluding most European
countries), along with a few developing countries such as China, Venezuela,
and Malaysia. This contrasts with Africa, where most countries have a supply-
demand ratio of over 200%, with some even reaching 1000% (e.g., Lesotho,
Burundi, Guinea). Overall, if the current RPV potential can be fully leveraged to
generate electricity, it would cover 116.7% of the world's electricity demand in
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Figure 2. Projected RPV potential under different future scenarios of urban expansion and climate change (A) Growth in global RPV potential from 2015 to 2100 under four
SSP-RCP scenarios. The growth rates of RPV potential from 2015 to 2100 are provided in the lower right corner. The shaded areas represent the inter-model spread of the 13
CMIP6 models (Table ST). (B & C) Similar to (A), but for the growth of rooftop area resulting from urban expansion and change in capacity factor due to climate change, respec-

tively.

2015. It should be noted that the supply-demand ratio is based on technical
potential, implying that realization of this theoretical maximum remains
constrained by factors such as storage efficiency, grid stability, and trans-
mission losses, which are beyond the scope of our analysis.

The primary reason for the opposite distribution pattern between per capita
RPV potential and supply-demand ratio is that electricity demand typically
rises with income. For example, in 2015, the total electricity demand in low-
income countries combined (119 TWh) is a negligible 3% of that in the United
States (4151 TWh), while in lower-middle-income countries (2241 TWh) it is
54% of the United States' level. Therefore, many developed countries, even
with higher per capita RPV potential, cannot achieve electricity self-suffi-
ciency through RPVs alone. By contrast, low- and lower-middle-income
countries may even have considerable surplus RPV electricity to be stored or
transmitted elsewhere.

Total RPV potential regarding urban expansion and climate change

Global RPV potential is expected to increase from 2015 to 2100 under all
four assessed scenarios (Figure 2A). The three scenarios in the context of
global cooperation exhibit similar trends, but as the assumed greenhouse gas
emission rises, the growth rate (2015-2100) of global RPV potential declines
(e, 20.0%, 19.8%, and 18.4% under SSP1-2.6, SSP2-4.5, and SSP5-8.5,
respectively). The SSP3-7.0 scenario (uniquely marked by regional rivalry)
yields the lowest growth rate of 12.8%, significantly lagging behind the other
scenarios.

The growth of RPV potential is primarily driven by the increased rooftop
area resulting from urban expansion, while the impact of climate-induced
changes on capacity factor cannot be overlooked (Figures 2B-C & 3). The
rooftop area is projected to continue expanding during 2015-2100 across all
scenarios (Figure 2B). By 2100, global rooftop area is projected to expand by
19.5% under SSP5-8.5 and by 13.4-14.9% under other scenarios. Consider-
ing only rooftop expansion, global RPV potential will rise by 16.1% under
SSP1-2.6, 17.5% under SSP2-4.5, 16.6% under SSP3-7.0, and 24.0% under
SSP5-8.5. Capacity factor, however, is affected by climate change in different
ways and to varying degrees across scenarios (Figure 2C, see Text S3 for
further discussion on the variation of meteorological variables and their
impact on capacity factor). From 2015 to 2100, low-emissions SSP1-2.6 will
see an increase of 2.7% in global mean capacity factor, which can individu-
ally boost global RPV potential by 3.4%. Under intermediate-emissions SSP2-
4.5, global mean capacity factor tends to remain stable, with a 0.7% increase
by 2100 which contributes to a 2.0% growth in global RPV potential. Under
high-emissions SSP3-7.0 and SSP5-8.5, climate change will diminish global
mean capacity factor by 4.2% and 5.1%, respectively, corresponding to losses
of 3.0% and 4.4% in global RPV potential. This negative impact of climate
change explains why SSP5-8.5 (despite having a much larger increase in
rooftop area) exhibits a lower growth of global RPV potential than SSP1-2.6
and SSP2-4.5. Although rooftop expansion dominates the changing magni-
tude of global RPV potential, it spans exclusively a small geographic extent
(the grids with rooftop expansion account for less than 4% of the total grids

across all scenarios; see Figures S6-S7). By contrast, the climate change
impacts are distributed on a wider scale globally, with the proportion of nega-
tively affected grids being 19%, 44%, and over 856% under low-, intermediate-,
and high-emissions scenarios, respectively (Figure S8).

Driven by the combined effects of spatially heterogeneous rooftop expan-
sion and climate change, our projections reveal regional variations in RPV
potential growth (Figure 3). Low- and lower-middle-income groups of coun-
tries stand out for their rapid rooftop expansion and hence significantly higher
RPV potential growth rates (> 25%) under SSP1-2.6, SSP2-4.5, and SSP3-7.0.
Under SSP5-8.5, the highest growth rate of 23% appears in high-income
group, which will experience rooftop expansion of similar magnitude as low-
and lower-middle-income groups under the same scenario. Notably, climate
change exerts distinct influences on different income-group countries. In low-
income group, only under SSP1-2.6 does future climate change positively
affect RPV potential, inducing the smallest gains of 1.7% across the groups.
However, low-income group suffers the most from high emissions with
climate-change-induced losses of 7.6% under SSP3-7.0 and 7.2% under
SSP5-8.5, which will offset 23% and 30% of the gains from rooftop expansion,
respectively. In lower-middle-income group, RPV potential benefits more
from climate change under SSP1-2.6 and SSP2-4.5 (with respective gains of
4.9% and 2.0%), but is also significantly harmed under SSP3-7.0 and SSP5-
8.5 (with respective losses of 6.4% and 3.0%, offsetting 18% and 14% of
rooftop-expansion-driven gains). By contrast, high-income group shows
relatively modest responses to climate change across scenarios, while upper-
middle-income group not only have the strongest resilience to negative
impacts of high emissions but also reap the greatest benefits under low- and
intermediate-emissions scenarios. In upper-middle-income group, the gains
from climate change contribute substantially to RPV potential growth, equiv-
alent to 101% (SSP1-2.6) and 53% (SSP2-4.5) of those derived from rooftop
expansion.

At the country level, growth rates of RPV potential in 38 countries in South
Asia, West Asia, and sub-Saharan Africa (28 of which are low- and lower-
middle-income countries) surpass the global mean across scenarios
(Figure S9). However, under high-emissions scenarios, several countries
(primarily developed countries under SSP3-7.0 and developing countries
under SSP5-8.5) will face reduced RPV potential since climate-change-
induced losses outweigh rooftop-expansion-driven gains. Among the 26 low-
income countries, climate change impacts will offset over 20% of the gains
from rooftop expansion in 15 countries under SSP3-7.0 and 18 under SSP5-
8.5 (Table S8). This offset rate exceeds 50% in Ethiopia, Yemen, Rwanda,
Afghanistan, and Guinea-Bissau.

Per capita RPV potential in the context of urban densification

Increasing population accompanied by urban densification can dilute the
growth of RPV potential on a per capita basis. Regardless of scenarios,
projections for 2015-2100 reveal a worldwide trend of urban densification.
This increase in urban density (measured as population per m? of rooftop
area) is expected in at least 60% of countries (Figure S10). Globally, mean
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Figure 3. Contribution of rooftop expansion, climate change, and their interaction to RPV potential changes from 2015 to 2100 Contribution to RPV potential changes under
SSP1-2.6 (A), SSP2-4.5 (B), SSP3-7.0 (C), and SSP5-8.5 (D) at the global and regional levels. Error bars represent the inter-model spread of the 13 CMIP6 models. The contribu-
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toward the 2100 level when calculating RPV potential. The remaining RPV potential change not explained by rooftop expansion and climate change is attributed to the interac-

tion of these two factors.

urban density can peak at 1.3-2.1 times the baseline level across scenarios,
with SSP1-2.6, SSP5-8.5, SSP2-4.5, and SSP3-7.0 ranked in ascending order
of magnitude (Figure S11). Even under the scenarios where global population
will decrease after mid-century, global mean urban density only sees a mini-
mal decline from its peak value. This trend towards densification presumably
drive RPV potential to grow slower than population, contributing to the
inverse correlation between population size (Figure S11) and per capita RPV
potential (Figure 4A). Under SSP1-2.6 and SSP5-8.5, per capita RPV potential
at the global scale will decline slightly before rebounding and subsequently
exceeding the baseline level in the 2050s and 2070s, respectively. Their
rebound will lead to an increase in rates of 26.4% under SSP1-2.6 and 16.6%
under SSP5-8.5 in 2100 relative to 2015. Under SSP2-4.5, global per capita
RPV potential is anticipated to follow a U-shaped trajectory, dropping 11% in
2050 and ending 3.5% below the baseline in 2100. The strongest reduction of
35.5% occurs under SSP3-7.0, where global per capita RPV potential will
decrease monotonically.

The marked regional disparity that higher-income countries tend to have
greater per capita RPV potential is expected to persist in the future. Under all
scenarios, low-income group of countries will experience the steepest decline
in per capita RPV potential, eventually displacing lower-middle-income group
as the lowest-ranked after mid-century (Figure S12). While rapid urbaniza-
tion in low-income countries will considerably increase RPV potential through
urban land expansion, it will in turn lower per capita level as a result of densi-
fication and fast-growing population. The expected reductions are 25.2%,
49.0%, 66.8%, and 28.8% under SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5,
respectively (Figure 4B). Even under its most optimistic scenario SSP1-2.6,
the percentage reduction for low-income group is greater than that for either
upper-middle- or high-income groups under their most pessimistic scenar-
ios. By contrast, upper-middle-income group will consistently exhibit the
strongest increases in per capita RPV potential compared to other groups
(except under SSP3-7.0, which predicts a slight decline), nearly doubling
under SSP1-2.6 and SSP5-8.5. Nonetheless, high-income group maintains
the greatest per capita RPV potential over the century.

Low- and lower-middle-income countries constitute the majority of 35
countries that are projected to face decreased per capita RPV potential under
all scenarios (Figure 5). Notably, 14 of these countries show above-the-global-
mean growth rates of RPV potential. A representative example is Mali in
Africa, where the national total RPV potential is expected to rise by 56%-89%,

yet the per capita potential will decline by 6.4%-50.7%. In comparison, 32
countries show increased per capita RPV potential across scenarios, and
most of them have high- and upper-middle-income levels, spatially clustered
in East Asia (e.g., 39%-173% increases in China, 32%-173% in Japan, and 37%-
158% in South Korea), the Middle East (e.g., 34%-105% in Iran and 65-77%
Lebanon), and Europe (e.g., 7%-130% in Germany, 13-96% in Italy, and 3%-
72% in Spain).

Feasibility of RPVs for supplying future electricity demand

Looking to 2100, global electricity demand is projected to grow by 2.8-4.6
folds, mainly attributed to low- and lower-middle-income countries
(Figure S13). At per capita level, there will also be continuous increases
across the countries (Figure 6). Nevertheless, convergence in per capita elec-
tricity demand between low-/lower-middle-income and upper-middle-/high-
income countries is expected exclusively under the scenarios featuring rapid
electrification (SSP1-2.6 and SSP5-8.5)."" Under scenarios of moderate
(SSP2-4.5) and slow (SSP3-7.0) electrification, per capita electricity demand
in low- and lower-middle-income countries, albeit with much higher relative
growth, is likely to remain far less than in upper-middle- and high-income
countries throughout the century.

Rapid demand-side growth, coupled with diminishing per capita RPV
potential supply under most scenarios (Figure 4B), results in the dramatic
decreases in supply-demand ratio in low- and lower-middle-income groups
of countries (Figure 6). Supply-demand ratio in low-income group will fall
below that of upper-middle- and high-income groups around the 2060s,
while lower-middle-income group appears to progress faster, becoming the
group with the lowest supply-demand ratio from the 2030s onward. This
plummeting supply-demand ratio means that RPVs' maximum feasible share
in the electricity mix of low- and lower-middle-income groups might drop
from a baseline of tremendous surplus to less than 20% by 2100 (except
under SSP3-7.0). As regards upper-middle- and high-income groups, the
supply-demand ratio, which roughly meets self-sufficiency in the baseline
year, will also face an anticipated decline though to a smaller extent. In 2100,
the supply-demand ratio in upper-middle-income group will decline to 38%-
48%, while in high-income group it will range from 47% to 71% under the
globalization scenarios (i.e., SSP1-2.6, SSP2-4.5, and SSP5-8.5) and remain
almost unaffected at 96% under SSP3-7.0. By the century's end, the supply-
demand ratio distribution may invert compared to the 2015 baseline, that is,
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Figure 4. Projected per capita RPV potential from 2015 to 2100 (A) Change in global per capita RPV potential from 2015 to 2100 under four SSP-RCP scenarios. The change
rates of per capita RPV potential between 2015 and 2100 are provided in the lower right corner. The shaded areas represent the inter-model spread of the 13 CMIP6 models
(Table S1). (B) Change rates of per capita RPV potential between 2015 and 2100 at the regional level. Error bars represent the inter-model spread of the 13 CMIP6 models.
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Figure 5. Spatial distribution of projected change in per capita RPV potential Change rate of country-level per capita RPV potential between 2015 and 2100 under SSP1-2.6 (A),
SSP2-4.5 (B), SSP3-7.0 (C), and SSP5-8.5 (D). The countries with consistently increasing or decreasing per capita RPV potential across scenarios are highlighted with shade.

developed countries tend to have higher ratios than the underdeveloped.
Though universally deteriorating supply-demand ratios may hinder the
feasibility of deploying RPVs to ensure future electricity self-sufficiency, fully
utilized RPV potential would still be adequate for supplying 30%-47% of the
global demand in 2100. Noteworthy here is the supply-side contribution in
counterbalancing the rising demand, such that SSP1-2.6 (with larger
demand) yields a higher supply-demand ratio than SSP2-4.5 due to stronger
supply-side gains. This contribution is more pronounced when comparing
the supply-demand ratio in upper-middle-income group across different
scenarios. In upper-middle-income group, compared to SSP3-7.0 which in
per capita terms predicts the lowest demand growth but lightly diminished
supply by 2100, the other scenarios with prominent per capita RPV potential
gains could achieve higher supply-demand ratios. Better still, supply-side
gains outstrip demand-side growth in several countries, thus increasing their
supply-demand ratios (Figure 7). This mainly occurs in high-income coun-
tries under SSP3-7.0, with Japan and South Korea showing such an increase
under all scenarios except SSP5-8.5. Moreover, there are still a few countries
possessing sufficient RPV potential to completely satisfy their electricity
demand during the century (Figure S14). For instance, Bulgaria, Belarus,
Bosnia and Herzegovina, Croatia, Latvia, and Lithuania in eastern Europe can
achieve electricity self-sufficiency through RPVs irrespective of scenarios,

while some of the other European countries can also do that under most
scenarios.

DISCUSSION
Comparison results with previous studies

To incorporate the effects of urban expansion and climate change into RPV
potential projections, we generate high-resolution global maps of rooftop
area, capacity factor, and resulting RPV potential under four SSP-RCP
scenarios spanning 2015 to 2100. This work, to our knowledge, is the first
attempt to take these two global changes into account to project the spatially
explicit RPV potential with global coverage under SSP-RCP framework, allow-
ing direct comparisons with existing literature only for the baseline year. At
the global level, our estimated RPV potential (23.9 PWh) falls between the two
recent grid-level studies (19.5 PWh and 27 PWh).*'" The discrepancies origi-
nate largely from estimated rooftop area and methods for assessing photo-
voltaic generation. Regarding rooftop area estimation, ref.* used a sample of
0.3 billion buildings that is heavily biased towards developed regions, poten-
tially causing uneven estimation quality. Ref."” mitigated such bias errors
through stratified sampling from representative regions, but its sample size is
relatively small and the rooftop area is considered underestimated.'” Our
study assembles a more spatially comprehensive sample that includes over

8 The Innovation Geoscience 4(3): 100222, July 21, 2026

www.the-innovation.org/the-innovation-geoscience


https://www.the-innovation.org/the-innovation-geoscience
https://www.the-innovation.org/the-innovation-geoscience
https://www.the-innovation.org/the-innovation-geoscience
https://www.the-innovation.org/the-innovation-geoscience
https://www.the-innovation.org/the-innovation-geoscience
https://www.the-innovation.org/the-innovation-geoscience
https://www.the-innovation.org/the-innovation-geoscience

Geographical Sciences J.:{I[¢H3

Uy 1008% SSP1-2.6 SSP2-4.5 SSP3-7.0 SSP5-8.5
5
2
o
2 117% :
S 98%  99% Qo
[} 4. e : B Y D | ¢ —_—
§ 100 : : i [ " . i ‘ ] : 96%| 4 : : ;
3 . H i 1% . b . 66% H . : ‘
= 48% ° 9 9 H o %
S 39% @ 6% ‘ 41% 4% 43% g 38% .. ® 1% AT
n %

‘13%« \ 20% © 13%
10

Per capita electricity demand
O 10 MWh capita™

QO 5MWh capita™’

o 1 MWh capita’’

2015 2020 2030 2040 2050 2060 2070 2080 2090 2100

N - Global
- L oW
- Lower-middle
- Higher-middle
- High

Figure 6. Projected supply-demand ratio for RPV electricity from 2015 to 2100 Global and regional supply-demand ratios from 2015 to 2100 under four SSP-RCP scenarios.
Size of the circle represents per capita electricity demand, and color indicates the year as well as the region categorized by income level. The supply-demand ratios for 2015 and

2100 are labelled.

SSP1-2.6 SSP2-4.5

100 1 1

| _South Korea
Luxembourg

Japan

50 /South Korea

Change rate of supply-demand ratio (%)

SSP3-7.0 SSP5-8.5

‘South Korea
Finland
Japan
Norway

Iceland
Luxembourg

| _Qatar

Luxembourg

Moldova
Georgia

T T T T T

% <, & 4 Lo G <

%5 o%’,%& 9, %4 o%ﬁ,oo& o,
%, % (oA
% % % %

Figure 7. Projected change in supply-demand ratio across countries of different income levels Color indicates countries categorized by income level. Point represents the

country-level change rates of supply-demand ratio, and histogram displays point density.

2 billion buildings (Figure S15), and the estimated rooftop area is higher than
the two previous studies while showing a spatial distribution generally
consistent with ref.'” at macro-region level. Meanwhile, our estimated rooftop
area compares well with selected studies at regional, national, and city levels
(Table S9). In addition to reliable rooftop area estimation, we employ a tech-
nically rigorous photovoltaic performance model to precisely assess the
capacity factor considering specific climatic conditions and updated techno-
logical parameters. This contrasts with ref.” that uses a historical average
yield dataset (in kWh/kWp/month) dating as far back as 1994 despite recent
dramatic changes,”' and ref.'” that relies on oversimplified empirical formulas.
Our estimated capacity factor and its future changes (Figure S16)
show broad agreement with recent work in both magnitude and
distribution.'”'#1%*?*% Based on the accurate RPV potential assessment, our
study fills a critical gap in evaluating the combined effects of future urbaniza-
tionand climate change on RPV potential, contributing to a better under-
standing of the potential role of RPVs in global and regional electricity
systems.

Constrained rooftop solar viability in lower-income countries
Our projections demonstrate that urban expansion can significantly

enhance worldwide RPV potential during the 21% century (Figures 2-3),
whereas the prevalent trend of urban densification may lead to a decline in
per capita size (Figures 4-5). We call for more attention to low- and lower-
middle-income groups of countries undergoing rapid urbanization, where
urban expansion could boost RPV potential by over 20%. Nevertheless, this
growth is likely insufficient to counteract the dilution from rising population
and electricity demand, especially in low-income group where per capita RPV
potential decline across all scenarios. Moreover, climate change can also
exert notable impacts on RPV potential (Figure 3). Lower-income groups are
exposed to stronger negative impacts from high emissions than wealthier
groups, as climate-induced RPV potential losses will offset a large fraction (>
20%) of the gains associated with urban expansion. Despite the climatic
conditions under low-emissions scenario favoring RPV potential in most of
the world, low-income group can only benefit marginally from this. In line with
growing electricity demand, RPV potential supply in low-income countries will
likely soon shift from substantial surpluses to deficits (Figure 6). In conclu-
sion, our findings suggest that combined effects of urbanization and climate
change may jeopardize the long-term prospects of low-income countries for
integrating RPVs into electricity systems.

Low-income countries bear a disproportionate future burden, related to not
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only the projected quantities of RPV potential but also their reliance on the
benefits offered by RPVs. In contrast to high-income countries having diverse
and stable energy supply, low-income countries are far more disadvanta-
geous in access to electricity. The development in low-income countries
requires fast expanding infrastructure and prioritizes the most cost-effective
power resources. Previous research indicated that renewables can be cost-
competitive for universal electricity access in low-income countries, espe-
cially those in Africa.”*** Hydroelectricity is currently the primary renewables
for African countries,” but its catchment-wide social and environmental risks
have become critical concerns in these countries.”®™ RPVs present a more
reliable and environmentally-friendly solution,””*” while also offering addi-
tional benefits like job creation and economic development.®"** However, its
desirability would be compromised without timely planning in response to
urbanization and climate change. This is especially the case under high-
emissions scenarios, where widespread capacity factor reductions quantita-
tively offset the gains from urban expansion and qualitatively increase unit
costs of production.”® Additionally, atmospheric pollutants and dust deposi-
tion associated with high emissions”' will raise the costs of maintenance and
operations.® These undesirable consequences would undermine RPV afford-
ability and deployment willingness, potentially driving households in low-
income countries to revert to fossil fuels, which in turn aggravates emissions
and environmental pollution.®® Overall, our analyses underscore the urgent
need for climate and socioeconomic strategies to prevent the uneven
changes in RPV potential exacerbating electricity access inequalities, espe-
cially considering that ensuring widely accessible renewables is pivotal for an
equitable and just clean energy transition globally.*®

Policy implications

In light of the contrasting climate impacts on global RPV potential between
low-/intermediate- and high-emissions scenarios, it is advisable to acceler-
ate the near-term deployment of renewables like RPVs, so as to reinforce the
virtuous cycle between emission reduction and RPV potential growth. Other-
wise, prioritizing economic development at the expense of emissions may
trap low-income countries in a vicious cycle as discussed above, or worse,
cause irreversible adverse climate impacts. The impending urban expansion
offers an opportunity to optimize RPV potential and facilitate RPV deploy-
ment. Specifically, RPVs can be integrated into the initial design of newly
constructed buildings, such as optimizing building's shape to maximize solar
exposure and available area for RPV installation, thereby enhancing genera-
tion efficiency and rooftop availability. Here we document global and regional
RPV potential and their corresponding supply-demand ratios based on vary-
ing rooftop availability to provide a quantifiable reference (Tables S7 & S10).
Moreover, utilizing RPVs as building envelopes can provide additional cost
savings and, in certain countries, greater financial incentives.®” Also, incorpo-
rating aesthetic considerations in design process would promote public
acceptance and marketability of RPVs, especially in urban environments.*
Similar building-related strategies have recently been implemented by the
European Union through regulations regarding mandatory RPV installation in
new construction.”” Meanwhile, ongoing technological progress in photo-
voltaics will likely improve their solar-to-electric conversion efficiency.”” By
supplementing two sets of RPV potential assessments using more advanced
photovoltaic modules (Table S5), we present that RPV potential could double
if the conversion efficiency of current mainstream silicon-based modules
reaches its theoretical limit. Notwithstanding, technological innovation
distributes unevenly and often excludes vulnerable populations from its
benefits,”” for which overreliance on advanced technologies to compensate
for high-emissions-induced losses should be avoided as it may accentuate
inequalities. Since industrialized countries are the lead innovators in photo-
voltaics and meanwhile the world's major emitters,”” they should actively
accelerate their RPV deployment while prioritizing financial and technical
transfers for lower-income countries to advance global energy transition. If
proactive actions are taken in the coming decades, the disproportionate
impacts we report on lower-income countries could be mitigated.

Limitations
Our study should be interpreted in recognition of some caveats. Following
previous studies,”*'*'*'%1""% we simplify several complicated factors for

global-scale assessments, such as uniform assumptions regarding rooftop
availability and system configurations (see Materials and Methods). The
presented results offer a valuable global insight, but region-specific RPV
deployment requires more sophisticated investigations to address the
contextual challenges. For example, complex urban environments pose
multifaceted constraints concerning issues such as superstructures for
different types of buildings,” restrictions on modifying heritage architecture,”
household economic disparities influencing technology accessibility,” and
disputes over private RPV installation occupying public roof space.” Never-
theless, large-scale RPV deployment can alter the energy balance of build-
ings as well as the urban surface, hence modifying urban climate and related
energy demand.”” Our assessments exclude these feedback effects due to
their high uncertainty and sometimes contradictory published findings
because of many complex interaction mechanisms.””*' Furthermore, RPVs
alone, albeit persistently covering much of the electricity demand, may strug-
gle to provide sufficient and stable electricity for growing future needs, partic-
ularly given the intensified peak fluctuations associated with urban densifica-
tion.” Future research should thus explore synergistic renewable portfolios
for better grid stability, where our RPV potential assessments could provide
valuable information. Despite these limitations, as a pioneering effort to
understand how urbanization and climate change jointly affect RPV potential
globally, our analyses help policymakers and stakeholders better allocate
resources and make concerted global efforts on climate mitigation.
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