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A global inventory of photovoltaic solar 
energy generating units

L. Kruitwagen1 ✉, K. T. Story2, J. Friedrich3, L. Byers3, S. Skillman2 & C. Hepburn1

Photovoltaic (PV) solar energy generating capacity has grown by 41 per cent per year 
since 20091. Energy system projections that mitigate climate change and aid universal 
energy access show a nearly ten-fold increase in PV solar energy generating capacity 
by 20402,3. Geospatial data describing the energy system are required to manage 
generation intermittency, mitigate climate change risks, and identify trade-offs with 
biodiversity, conservation and land protection priorities caused by the land-use and 
land-cover change necessary for PV deployment. Currently available inventories of 
solar generating capacity cannot fully address these needs1–9. Here we provide a global 
inventory of commercial-, industrial- and utility-scale PV installations (that is, PV 
generating stations in excess of 10 kilowatts nameplate capacity) by using a 
longitudinal corpus of remote sensing imagery, machine learning and a large cloud 
computation infrastructure. We locate and verify 68,661 facilities, an increase of 432 
per cent (in number of facilities) on previously available asset-level data. With the help 
of a hand-labelled test set, we estimate global installed generating capacity to be 
423 gigawatts (−75/+77 gigawatts) at the end of 2018. Enrichment of our dataset with 
estimates of facility installation date, historic land-cover classification and proximity 
to vulnerable areas allows us to show that most of the PV solar energy facilities are 
sited on cropland, followed by aridlands and grassland. Our inventory could aid PV 
delivery aligned with the Sustainable Development Goals.

In the International Energy Agency’s (IEA) Sustainable Development 
Scenario, 4,240 GW of PV solar generating capacity is projected to 
be deployed by 20402, a 10,000-fold increase from 385 MW in 20001. 
Fundamental asset-level datasets of the energy system are crucial for 
the operation of increasingly renewables-based electricity systems, 
and for the design, implementation and validation of effective policy 
regimes and markets to deliver the diffusion of PV solar energy gen-
eration aligned with the UN Sustainable Development Goals (SDGs). 
Currently available inventories of solar generating capacity are insuf-
ficient to address these needs because they are either aggregated sum-
mary statistics (for example, those of the IEA2, IRENA3 or BP1); limited 
in geographical scope (for example, the World Resources Institute’s 
Global Power Plant Database (GPPD)4, OpenPV US database5, DeepSolar 
inventory6 or SolarNet inventory7); are not geospatially localized (for 
example, S&P Global World Electric Power Plant Database8); and/or 
are not publicly available for the research and policy community (for 
example, IHS’s Electric Plants9). The generating behaviour of PV solar 
energy (and wind energy) reflects the uncertainty and complexity of the 
natural world. Detailed asset-level data, including the spatial arrange-
ment of installations, are required particularly to address the challenges 
of generation now-casting and forecasting faced by electricity system 
operators and electricity market operators and participants. Deci-
sion makers seeking to implement the SDGs must navigate trade-offs 
between a 1.5 °C constraint to anthropogenic climate change and other 
biodiversity, conservation and land protection goals.

In this work, we produce such a dataset by mapping commercial-, 
industrial- and utility-scale PV solar energy facility footprints in remote 
sensing imagery, using deep learning. We adapt our definitions of PV 
installation sizes from the IEA10, where ‘commercial and industrial’ 
installations are defined as those between 10 kW and 1 MW in nameplate 
capacity, and ‘utility-scale’ as installations in excess of 1 MW. For the 
purposes of our study, we also include ‘off-grid’ installations (as defined 
by the IEA) in excess of 10 kW nameplate capacity. Bolinger et al.11 cat-
egorize ‘utility-scale’ installation as those in excess of 5 MW capacity. 
We adapt these two categorizations and use bins of 10 kW to 1 MW; 
1 MW to 5M W; and >5 MW nameplate generating capacity as categories 
in our analysis; we refer to our scope collectively as ‘non-residential 
PV’. (Residential PV systems may, of course, have generating capaci-
ties larger than 10 kW, but using this size threshold allows compara-
bility with other aggregate statistics of installed solar PV generating 
capacity.) Our study is comparable to 89% of the capacity reported 
by the IEA10 and includes both the conventional generating stations 
and behind-the-meter installations that might otherwise be poorly 
visible to electricity system operators. We prepare a machine learning 
pipeline comprising three convolutional neural networks (CNNs), two 
recurrent neural networks (RNNs), and a number of heuristical filters, 
and we deploy it on a cloud computation infrastructure. The resulting 
dataset expands the previous publicly available facility-level data for 
PV solar energy by 432% (in number of facilities), including 18,449 new 
installations in China, 9,906 in Japan, 4,525 in the United States, 2,021 in 
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India and 17,918 in the European Economic Area. Our method is agnostic 
to political borders and so provides new insight into the diffusion of 
PV solar energy in under-reported areas.

We enrich our data with estimates of generating capacity, installa-
tion date, historic land cover, and proximity to protected areas and 
to indigenous and community lands. Policy makers need to properly 
incentivize the adoption of clean energy in line with economic devel-
opment and climate goals, while being sensitive to the impacts that 
renewable energy facilities might have on biodiversity, ecosystem 
services and vulnerable lands. Our observed installation dates can 
be used to generate insight into the gap between facility-level final 
investment decisions, construction start, construction completion 
and facility operation. Our land-cover analysis provides insight into 
global trends for PV siting decisions. Sampling from a global land-cover 
map, we observe that non-residential PV is most commonly installed on 
croplands, followed by deserts and grasslands. We compare PV solar 
energy land cover with local and national land-cover distributions 
to observe the bias in regional and local PV siting decisions. PV solar 
energy siting decisions favour agricultural areas and disfavour forests 

and shrubland. These findings highlight the need for further coherence 
on policy efforts seeking to navigate trade-offs between climate change 
mitigation, biodiversity and ecosystem health, conservation and land 
protection, and food production.

Machine learning pipeline
Earth observations analysed with machine learning offer the only feasi-
ble method to produce a dataset like this on a global scale. The matura-
tion of computer vision using CNNs12–14 has unlocked new approaches 
for localizing human-made objects in remote sensing imagery. CNNs 
have proven effective at localizing roads15, buildings16, automobiles17, 
aircraft18 and ships19, as well as determining utilization rates for 
coal-fired power stations20, predicting crop yields21 and forecasting 
wind power22. Solar PV energy installations are no exception. Imamoglu 
et al.23 localized installations in Landsat 8 imagery by adding a class 
activation map to the shallow CNN architecture of Ishii et al.16. Malof 
et al.24 and Camilo et al.25 developed semantic segmentation models to 
localize installations by using hand-crafted features with the deep CNN 
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Fig. 1 | Solar PV facilities are detected in remote sensing imagery with 
machine learning. Here we show out-of-sample examples of SPOT6/7 and 
Sentinel-2 optical imagery, corresponding U-Net prediction maps and 
vectorized output. a, An array in China with the design of a giant 
panda (latitude/longitude 39.98°, 113.48°). b, Covered hills in China  

(34.34°, 113.38°). c, A new array detected in Sentinel-2 but missing from 
SPOT6/7 in the United States (35.46°, −79.18°). d, A 120-MW array in South 
Africa (−27.58°, 22.93°). Images reproduced with permission from Copernicus 
Sentinel data 2018; SPOT6/7 © AIRBUS DS (2018).
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SegNet26. Yu et al.6 fine-tuned the deep CNN VGG-1627 and added a class 
activation map to segment solar PV in aerial and very-high resolution 
satellite imagery, then map the continental United States. Hou et al.7 
used a U-Net model with attention, similar to our primary inference 
models, to map China. These studies show promise, but they are limited 
in geographical extent and have not released data for further study.

We develop a machine learning pipeline to localize installations and 
measure installation dates in two globally available satellite imagery 
sources: high-resolution (1.5-m pixel resolution) 4-band SPOT-6/7 
imagery and medium-resolution (10-m pixel resolution) 12-band 
Sentinel-2 imagery. We incorporate both Sentinel-2 and SPOT to 
make use of their respective advantages—the wide spectral coverage 
of Sentinel-2 is sensitive to the spectral signature of PV panels, and the 
high re-visit rate enables installation dates to be measured; and the 
high-resolution imagery from SPOT enables precise measurements 
of installation footprint.

These two data sources are analysed with the machine learning pipe-
line shown in Supplementary Fig. 1. The pipeline has two stages: an 
initial global search designed to maximize installation recall, followed 
by a process to remove false positives and estimate installation dates. 
These stages are implemented for each imagery source on separate 
branches, then results are merged into a final combined dataset. This 
two-branch approach has considerable advantages over a unified pipe-
line: each branch is optimized independently to maximize recall, the 
very different revisit rates are handled separately, installation dates 
are measured using the full Sentinel-2 backcatalogue, and a separate 
SPOT pipeline was required to accommodate data licensing conditions.

We perform the initial global search using custom CNN models with 
U-Net architectures15,28 to predict which image pixels contain solar 
PV(Fig. 1). The models are trained with polygon annotations obtained 
primarily from crowd-sourced OpenStreetMaps (OSM) and supple-
mented with negative examples and annotations drawn by the authors. 
The resulting dataset of 36,882 (38,541) polygons for the Sentinel-2 
(SPOT) model has global coverage, with the majority from Europe and 
the United States (see Supplementary Information for discussion).

In the second step, false candidates are eliminated from the Sentinel-2 
branch using RNNs to classify timeseries derived from longitudinal 
inference of the backcatalogue of imagery, and from the SPOT branch 
using a fine-tuned Imagenet ResNet5029 binary classifier. Each generat-
ing unit’s installation date is also estimated from the backcatalogue 
inferences. The remaining candidates from both branches are merged 
and hand-verified. Figure 1 shows inference examples from the primary 
computer vision models.

We develop separate validation and test sets to tune the pipeline 
hyperparameters and evaluate end-to-end performance. For the vali-
dation set, we hand-label polygons seeded from installations in the 
WRI GPPD, then use this to tune the hyperparameters of the CNNs 

and RNNs, as well as to vectorize SPOT detections. For the test set, 
we hand-labelled installations in 122 globally distributed subregions. 
This test set is used to evaluate pipeline precision, recall and Jaccard 
index (intersection-over-union, or IoU), and to quantify facility area 
error. Further, we compare aggregates of our dataset against known 
aggregates for countries around the world (Table 1 and Supplementary 
Fig. 12). Supplementary Fig. 12 shows that for many countries, our 
estimated aggregate generating capacity approximates the aggregate 
generating capacity reported by IRENA3. Further work is now required 
to reduce uncertainty and bias of this bottom-up estimate to enable 
direct comparison to aggregate statistics, and for other policy and 
planning purposes.

For installations over 10,000 m2 (approximately 600 kW), we achieve 
precision of 98.6% relative to our test set, with a modest trade-off in 
recall which drops to 90% (Supplementary Fig. 6). The IoU of our final 
dataset for installations over 10,000 m2 is 90%—sufficient for the wide 
range of uses that our global dataset enables. The precision of our pipe-
line shows covariate shift across geographies (Supplementary Fig. 7 
and Supplementary Table 7). The pipeline recall is slightly superior 
in geographies, which were better represented in the validation set, 
suggesting that the complete pipeline might be modestly overfitted 
to the validation set. We compare country-level aggregates of our data 
to IRENA3 to develop insight into the collective exhaustion of our data 
(Supplementary Fig. 12). Supplementary Fig. 6 and Table 1 provide 
more information on pipeline performance.

To develop further intuition about the performance of our primary 
semantic segmentation models, we perform band perturbation, band 
dropout and feature activation experiments on our trained models. We 
find that our primary inference models learn a sophisticated topology 
of spectral and spatial features. We show that non-visible bands contain 
important information for the determination of the presence of a PV 
installation (see Supplementary Fig. 8). This suggests that a trained 
machine might achieve super-human performance at this task. These 
results and further details on the machine learning pipeline are avail-
able in the Supplementary Information and could inform the future 
design of computer vision models for human-built object detection.

A global census
The machine learning pipeline is deployed on the global corpus of 
Sentinel-2 and SPOT6/7 imagery using Descartes Labs cloud compu-
tation infrastructure. Assuming that installations will be reasonably 
proximate to human populations, we define the search area by dilating 
a global human population-density map, finding that a 7-km buffer 
includes 99.9% of the validation set capacity. We search the resulting 
72.1 million square kilometres (48.4% of the Earth’s land surface area). 
The date range for our study was 01 June 2016 to 30 September 2018, 

Table 1 | Comparison of prominent asset-level and aggregated datasets

Country Aggregate Asset-level inventories

IRENA, IEA3,10a IHS9 WEPP8b GPPD4 This work (% improvement)c

Global ~420 (N/A) 90.8 (4,004) 107.4 (12,915) 54.3 (5,289) 384.7 (68,661, +258%)

China 173.5 (N/A) 28.9 (436) 13.9 (411) 0.0 (0) 167.4 (18,449, +479%)

Japan 46.5 (N/A) 5.7 (411) 6.0 (905) 2.0 (131) 18.0 (10,504, +200%)

United States 40.2 (N/A) 14.0 (468) 27.1 (3,522) 21.4 (1,790) 54.1 (7,639, +100%)

Germany 38.7 (N/A) 3.7 (380) 6.0 (1,388) 3.9 (408) 16.5 (4,702, +175%)

Italy 15.9 (N/A) 1.4 (179) 2.8 (1,079) 0.4 (74) 12.6 (5,796, +350%)

Entries show estimated capacity in gigawatts, with number of installations in parentheses. 
aSolar PV installations >10 kW at end 2018. 
bWEPP, World Electric Power Plant Database. Latest release in March 2018; includes operating plants and planned or in-construction plants for 2018. 
cAssumes mean ground coverage ratio, inverter loading ratio, panel efficiency and predicted area error. See Supplementary Table 6 for details. Does not include adjustment for pipeline preci-
sion and recall (Supplementary Equation (2)). Per cent improvement relative to generating capacity of previous most complete dataset.
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and we assume that no installations have been decommissioned or 
relocated. Deployment processed 550 TB of imagery, used in excess 
of 106 CPU-hours and 20,000 GPU-hours, and took approximately 
2 months in real time.

We add properties to detected polygons to produce a feature-rich 
dataset. Nominal alternating-current generating capacities of instal-
lations are estimated by using simple assumptions about installation 
tilt angle, ground coverage ratio, inverter loading ratio and panel effi-
ciency. Facility installation dates are measured by our pipeline using 
the backcatalogue of Sentinel-2 detections. Historical land-cover clas-
sification data are added for each installation by querying a global 
land-cover product. Political administration codes (country-level and 
state/province-level) are added for faster aggregation and filtering. We 
also add proximity to protected areas and indigenous and community 
lands within 10 km. Where feasible, we match installations to unique 
identifiers from other publicly available datasets. The resulting dataset 
contains 68,661 detections located in 131 countries, 30% of which are 
complete with installation dates, 12% are matched to existing known 
installations in WRI’s GPPD and the EIA’s public data. Our new dataset 
expands the coverage of publicly available solar PV facility-level data 
by 60,396 installations, 91 countries and an estimated 321 GW.

We observe that over the study period, estimated installed capacity 
of non-residential PV increases by more than 81% to 384 GW, led by 
increases in China (120%), India (184%), the EU-27 plus United Kingdom 
(20%), the United States (58%), Japan (119%), South Africa (19%), Thai-
land (15%), Chile (60%), South Korea (58%) and Turkey (143%). With over 
half of new installations located in China, the portion of global installed 
capacity in China grew from 36% to 44%. We detect spatial–temporal 
hotspots in the deployment of solar PV, for example in Turkey and the 
Netherlands through 2017, Mexico, Hungary and Australia through 
2018, and ongoing regional deployments in the United States, India 

and China. See Fig. 2 for an aggregated arrangement of the dataset, 
Supplementary Table 10 for country-level aggregated statistics and 
the Supplementary Information for a link to an interactive map of our 
dataset.

We compare aggregate statistics of our data to countries where 
data for non-residential PV installed capacity are available. Table 1 
compares our measured capacity at the end of 2018 for installations 
>10 kW against other well-known bottom-up asset-level inventories and 
top-down aggregate statistics. We show that with simple assumptions 
for installation type, tilt angle and literature-obtained distributions 
for panel efficiency, ground coverage ratio, and inverter loading ratio, 
we obtain gross installed capacities that are comparable to top-down 
aggregate statistics and far exceed currently available asset-level 
inventories. Using area-binned recall values from our test set (Sup-
plementary Table 4), we obtain a best estimate of 423 GW for global 
installed non-residential PV generating capacity at the end of 2018, 
with an estimated uncertainty of (−75 GW, +77 GW) with 95% confidence, 
which includes ground coverage ratio, inverter loading ratio, module 
efficiency, predicted area error, pipeline recall and pipeline precision. 
This global capacity estimate approximates the non-residential PV 
figures published by IRENA3 (483 GW not disambiguated with resi-
dential PV) and the IEA10 (approximately 420 GW non-residential PV). 
This analysis highlights the relative advantages of these inventories: 
while top-down inventories estimate collectively exhaustive capacity, 
asset-level inventories are ultimately required to bring transparency, 
veracity and feature-richness to these important statistics.

Aggregate generating capacity estimates from our bottom-up survey 
are subject to variation in factors such as detected geometries and those 
in the uncertainty estimation above. Although we have endeavoured 
to quantify this uncertainty, other sources of epistemic uncertainty 
remain, and so we advise data users to carefully consider uncertainty 
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in any downstream analysis. Further work is now required to further 
reduce this uncertainty, including improved coverage in target geog-
raphies, adding installations with <10 kW, improving geometry estima-
tion, and modelling installation-level estimates of installation type, 
efficiency, ground coverage, panel orientation and inverter sizing. 
These tasks are aided by remote sensing imagery and machine learning, 
for which our dataset provides an initial training sample. See Supple-
mentary Information for discussion of generating capacity uncertainty 
and further work required to develop global feature-rich asset-level PV 
solar energy installation data. We make our validation, test and final 
predicted datasets publicly available and invite the research community 
to join us in answering these questions.

We match our detections to localized data from the WRI GPPD and 
EIA using location and estimated generating capacity. We compare 
our estimates of installation dates to matched data from the EIA. We 
find that, on average, our estimated installation dates (which should 
correspond to the beginning of construction) pre-date the reported 
operating dates of the EIA by approximately 2 months, matching our 
intuition and providing insight into the time delay between final invest-
ment decisions, construction and facility operation. We conclude that 
our dataset provides an initial global census of commercial-, industrial- 
and utility-scale solar PV installations, and can be used as a starting 
point for a more exhaustive, feature-rich inventory of global solar PV. 
See Supplementary Information for further details.

Land cover analysis
With our dataset of installation geometries we are able to generate 
insight into global land-cover patterns of PV solar energy sites. Land 

use for renewable energy is an urgent area of study, as the land chosen 
for the deployment of renewable energy must navigate impacts on 
and trade-offs between the costs of renewable energy transitions30,31; 
greenhouse gas emissions due to land-cover and land-use change32; 
ecosystem health and biodiversity33; water resources and food pro-
duction34,35; indigenous and community land use36; land and property 
values37; and political acceptability38. These trade-offs are captured by 
the multi-criteria challenge of the SDGs themselves: although renew-
able energy development might be aligned with SDGs 7 (clean energy), 
8 (economic growth), 9 (infrastructure) and 13 (climate action), it 
might have detrimental effects on SDGs 2 (zero hunger) by displacing 
croplands, 3 (good health) by impairing ecosystem health benefits, 10 
(reduced inequality) by displacing community land use, and 15 (life on 
land) by impacting biodiversity. We develop insight into impact that 
the diffusion of PV solar energy has on land use by sampling land cover 
prior to installation. Our dataset brings transparency to PV solar energy 
land-cover trends at the global scale, and can help policy makers to 
navigate trade-offs in policy objectives at the multilateral, national 
and subnational level.

We obtain pre-existing land cover for all installations in our data-
set back to 2006, sampling from the European Space Agency Climate 
Change Initiative land-cover data at 300-m resolution39. We reduce 
the land-cover classification system to eight classes: two anthrome 
classes (cropland and built-up areas); and six biome classes (forests, 
grassland, shrubland, barren land, wetlands and other; see Supple-
mentary Table 9). To capture the impact of PV solar energy sitings on 
vulnerable desert ecosystems, we also add a biome class for aridlands. 
Following the definition of the World Desertification Atlas40, aridlands 
are defined as a natural biome with an average aridity index less than 
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20%, which we calculate from ERA5 reanalysis data41. Figure 3 shows 
how land cover used for solar PV deployment has changed over the 
study period, Supplementary Fig. 10 shows these trends for the top 
20 countries in our dataset, and Supplementary Fig. 11 shows these 
trends for our three nominal generating capacity bins.

We observe that, globally, PV solar energy installations are most often 
sited on land covers indicating considerable anthropogenic land use 
(‘anthromes’), namely croplands. The second two most frequent land 
covers for PV solar energy sitings indicate biological and ecosystem 
land use (‘biomes’): aridlands and grasslands. We compare the global 
land-cover distribution with the distribution of land cover for PV solar 
energy sites, finding a significant bias towards siting on cropland. By 
contrast, the distribution of PV sites compared with the local distri-
bution of land cover, where ‘local’ is defined as a 0.5° × 0.5° grid cell, 
shows a bias towards grassland and desert and away from cropland, 
forest and shrubland. This difference suggests that although rural 
anthromes are the most frequent targets for PV solar energy sitings, 
this might be driven by proximity to human populations more than 
a preference for previously developed land. We posit that the local 
bias towards deserts and grasslands may be due to the reduced cost 
of preparing the land for PV solar energy installation. We note that 
siting decisions in anthromes may still cause land-use and land-cover 
changes in biomes. As an example, cropland displaced by PV solar 
energy may be redeveloped on a biome site elsewhere. These trends 
vary considerably by country (Supplementary Fig. 10).

Considering European Economic Area countries, for example, we 
find the distribution of PV solar energy to be similarly biased towards 
agricultural areas in Germany, Italy, Spain, the United Kingdom, the 
Czech Republic and Romania. However, within PV-containing locali-
ties, Germany and France show a heavy bias towards built-up areas for 
installation, whereas the others further enforce the bias towards instal-
lation on croplands. Japan and South Korea show almost no bias in the 
country-level distribution of PV solar energy, but at a local level show 
considerable bias towards cropland sites. China, the United States, 
India, Spain, France, South Africa, Mexico and Chile show consider-
able deployment of PV solar energy on aridlands, uniquely vulnerable 
ecosystems. Further country-level analysis can be found in the Sup-
plementary Information and Supplementary Fig. 10.

These trends highlight the different policy approaches to PV devel-
opment, developer incentives, and the constraints of geography and 
existing land cover. As the reduction in the cost of solar PV continues 
to drive diffusion and adoption, policy makers must carefully consider 
trade-offs between food supply, ecosystem and biodiversity impacts, 
land protection for indigenous and community uses, and climate 
change mitigation. Our dataset and analysis shows the fundamental 
changes ongoing in the geography of energy resources and are avail-
able to help policy makers to navigate these trade-offs.

Conclusion
Our global survey of non-residential PV solar energy installations, using 
machine learning and remote sensing, has generated a public global 
database of 68,661 spatially localized facility footprints with installa-
tion dates, land-cover assessments, estimated generating capacity, and 
other metadata. This is the first time, to our knowledge, that machine 
learning and remote sensing has been used to search the entire planet 
for a specific type of infrastructure asset. We enhance the utility of our 
dataset with an analysis of pre-existing land cover for PV installations, 
and show that PV installations most commonly are sited on croplands, 
followed by deserts and grasslands. Future work to enhance the dataset 
should include temporal updates, improved installation geometries, 
better estimates of installation type, and its combination with residen-
tial solar PV datasets. Opportunities for subsequent analysis might 
include solar PV forecasting and now-casting, further land-use and 
land-cover impact studies, future infrastructure planning pathways, 

socioeconomic spatial-temporal diffusion studies, and policy-targeted 
counterfactual scenarios. We are encouraged by the success of our 
pipeline and our use of noisy crowd-sourced training data, and suggest 
that our method may be applied elsewhere to stimulate the creation 
of robust public asset-level data. We acknowledge the fundamental 
public-goods nature of such asset-level data and make the dataset 
publicly available to aid future research.

Online content
Any methods, additional references, Nature Research reporting sum-
maries, source data, extended data, supplementary information, 
acknowledgements, peer review information; details of author con-
tributions and competing interests; and statements of data and code 
availability are available at https://doi.org/10.1038/s41586-021-03957-7.
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Methods

Energy and emissions footprint
Our machine learning pipeline was deployed on computation infra-
structure powered by net-zero carbon electricity. Most of the training 
was powered by net-zero carbon electricity; the Sentinel-2 model was 
trained on average generation mix electricity in the Eastern United 
States. We calculate that training and deployment consumed approxi-
mately 71 MWh but emitted only 14 kg of CO2 equivalent in greenhouse 
gas emissions. The energy footprint of our study is approximately the 
same as the energy required to drive an electric vehicle the distance 
between the Earth and Moon. The carbon footprint of our study is 
approximately the same as driving a petrol vehicle from New York City 
to Philadelphia.

Data availability
The dataset is publicly hosted on Zenodo and is available at 
https://zenodo.org/record/5005868 or https://doi.org/10.5281/
zenodo.5005868. It will also be visualized and available for download 
via the World Resources Institute Resource Watch, and the Descartes 
Labs platform. Source data are provided with this paper.

Code availability
The code repository is publicly hosted on Github at https://github.
com/Lkruitwagen/solar-pv-global-inventory. The code release for this 
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