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Abstract
Solar energy contributed more than five percent of the United States’ (US) energy generation 
capacity in 2022, predominantly from large, ground-mounted photovoltaic solar facilities (GPVs). 
That proportion is expected to increase as GPV development accelerates nationwide and the 
physical GPV footprint—the land area associated with a GPV’s development—expands. Until 
recently, spatially-explicit datasets characterizing the GPV footprint in the US have been scarce. 
This study compared three datasets describing the footprint of US GPVs to assess the land-
cover change driven by GPV development and identify the best use cases of each dataset. Two 
datasets are publicly available and delineate the area of photovoltaic panel arrays, and the third 
is maintained behind a paywall by a private company and delineates the broader area within a 
GPV’s fenceline. Our results suggest that estimates of US GPV footprint derived from the 
datasets describing only panel arrays are as much as 34% smaller than that of the dataset 
describing the area within GPV fencelines. This had implications for our land-cover change 
calculations. For example, we found the proportion of relatively undisturbed land-cover 
categories like shrub/scrubland converted by GPV development was greater across the GPV 
fenceline footprint than the array footprints. As such, these datasets are not interchangeable 
due to differences in their definitions of “footprint” and footprint delineation methods, and thus 
have specific analytical contexts where they are best suited. A lack of publicly available data 
describing the broader facility footprint hinders analysis of the relationship between GPVs and 
other place-based phenomena, particularly considerations of land-cover change and its 
relationship to biodiversity conservation.
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1. Introduction
Renewable energy generation technologies are a vital component of global efforts to combat 
climate change and play a central role in the United States’ (US) goal to decarbonize the 
American power sector by 2035 [1,2]. As of 2024, twenty-nine states and the District of 
Columbia have adopted Renewable Portfolio Standards that require electricity suppliers in their 
jurisdiction to source increasing proportions of generation from renewable sources [3]. 
Photovoltaic (PV) solar energy generation has been widely deployed across the US and is 
featured prominently in state and federal energy transition goals. An estimated 73.5 gigawatts 
(GW) of non-residential solar, six percent of the total US energy capacity, was operational by 
the end of 2022 [4] and the capacity of operational US solar facilities increased by an annual 
average of 19.2% between 2011 and 2021 [5]. This growth is likely to continue, supported by 
the federal Inflation Reduction Act of 2022, which provides tax credits to spur and support US 
solar development [6]. Some projections estimate that this legislation could increase US solar 
capacity by 58 GW/year between 2021 and 2035 (more than double the annual projected rate of 
solar increase without the Inflation Reduction Act) [7] and as much as 274 gigawatts total by 
2050 [8]. 

While robust estimates of US solar capacity are critical for tracking progress towards carbon-
neutral electricity generation goals, comprehensive data delineating the spatial extent of that 
capacity have historically been difficult to access [9]. Among the most prominent global sources 
of electricity, large, non-residential, ground-mounted photovoltaic solar energy facilities (GPVs) 
have the third highest land-use intensity (2,000 ha/TWh/y) behind biomass (58,000 ha/TWh/y) 
and wind when accounting for spacing between turbines (12,000 ha/TWh/y; [10]). Publicly 
available datasets may identify the location of GPVs but record that information using point data 
and other generalized geometries (e.g., [11]). In addition, a lack of standardization in defining 
the boundaries of a GPV means that the measured area or “footprint” of a facility is often 
unsuitable for comparison across studies [12]. 

Solar energy expansion is inherently place-based and, as such, is likely to intersect with other 
place-based considerations in a given landscape. There is an acute need for rich, accurate 
spatial datasets describing global and national GPV footprints to aid in assessing tradeoffs 
between GPV energy generation and other land-uses and land-covers. Advancements in 
machine learning and computer vision have facilitated a wave of data production that, in part, 
leverages the automatic detection of GPVs and rise in availability of high-resolution remote 
sensing imagery [13]. In the US, several spatially-explicit datasets describing the array area of 
US GPVs—the relatively contiguous area that encompasses PV array infrastructure and the 
interstitial space between arrays—became publicly available in the early 2020’s. In addition, a 
solar-focused counterpart to the US Wind Turbine Database [14], the US Photovoltaic Database 
was released in 2023 and updated in 2024 [9]. However, GPVs can be delineated according to 
other criteria that may provide additional relevant information. Section 691.4 of the National 
Electric Code enforced in the US states that GPVs must have fences that 1) enclose the entirety 
of the facility, 2) reach at least seven feet tall, and 3) remain a minimum of 10 feet from 
electrical infrastructure, depending on voltage [15]. Publicly available attempts to capture the US 
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identified a given location as a GPV. We removed polygons that incorrectly represented a given 
location as a GPV (n = 385, 5%). Those facilities where paired validators agreed that a polygon 
did not represent a GPV were removed, while those with divergent assessments between 
validators were removed only after review from a third validator.

The second dataset was the US Large-Scale Solar Photovoltaic Database (USPVDB), produced 
by the Lawrence Berkeley National Laboratory and United States Geological Survey. We used 
the first version of this dataset (v1_0_20231108) released in 2023. This US-based dataset 
utilized data from the US Energy Information Administration to identify the location of GPVs and 
used high-resolution aerial imagery to delineate their array footprints [9] (Figure 1). The number 
of polygons in the USPVDB representing the array footprints of GPVs in the US through 2021 is 
3,699. To ensure temporal continuity, we compared GPV attributes in the USPVDB with those in 
the Kruitwagen dataset and removed GPVs constructed after 2018. The reduced the number of 
polygons representing GPVs in the USPVDB to 2,433. We did not independently validate the 
USPVDB, given the dataset’s derivation from manual array delineations and high reported 
accuracy; the authors qualified their digitizing accuracy as “highly confident” or “confident” for 
96% of the USPBVD). 

The third dataset was purchased from the private company Wiki-Solar (https://wiki-solar.org/; 
henceforth the Wiki-Solar dataset). Wiki-Solar compiles and maintains a global database of 
solar facilities, including ground-mounted and rooftop. The polygons in this dataset purportedly 
delineate a GPV’s fenceline when possible, providing a spatial estimate of the facility footprint 
(Figure 1). According to Wiki-Solar’s published eligibility criteria (https://wiki-
solar.org/data/criteria.html), this dataset includes GPVs with capacities greater than or equal to 
3.5 megawatts (MW) and some facilities below that threshold when they are “noteworthy” or 
present on site plans associated with larger GPVs. Polygons were digitized using imagery from 
Google Maps; for GPVs, “the site area shown is all that is enclosed within any perimeter fencing 
for the project. Unfenced projects show the area of the solar arrays plus a surrounding border, 
to allow for the area are [sic] likely to be required for maintenance access. Widely dispersed 
sites - such as hilltop arrays - may show an irregular perimeter to enclose the area visibly 
covered by solar arrays … For simplicity, wavy or crooked boundary lines may be shown as 
straight lines on our maps. To avoid complexity in some cases where roads, paths, streams, 
power lines and other features cross solar sites, these may be included in the indicated site 
area, even when they are fenced separately.” Finally, Wiki-Solar limits the maximum number of 
coordinate pairs that can be used to define a polygon’s geometry in their datasets to 
approximately 75 pairs. Where more pairs are needed to represent the spatial extent of a GPV 
with perfect accuracy, this restriction may generalize a GPV’s spatial extent. However, it also 
prevents the geometries from becoming too complex, ensuring that all polygons can be 
displayed seamlessly and without lags on commonly used mapping platforms (e.g., Google 
Maps). 

We spatially filtered the Wiki-Solar dataset to include only GPVs within the boundary of the US. 
Next, we assessed all polygons in the Wiki-Solar dataset to identify those constructed on 
rooftops or over parking lots and removed them from our analysis, as well as facilities with 
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heliostats (i.e., infrastructure used for concentrating solar power). Furthermore, one of the 
attributes present in the Wiki-Solar dataset, ‘Status’, refers to the operating status of each 
facility. We removed polygons with the values ‘Stalled’, ‘Planned’, ‘Include former’ (i.e., 
decommissioned GPVs), and ‘Building’ (i.e., GPVs under construction) for that attribute as this 
indicated that the polygon does not represent an operational GPV. Facilities present in this 
dataset constructed after 2021 were removed from our analysis to align with the temporal range 
of the USPVDB and Kruitwagen datasets. The number of polygons representing the facility 
footprint of GPVs in the US through 2021 was 3,846. To ensure temporal continuity, we 
compared GPV attributes in the USPVDB with those in the Kruitwagen dataset and removed 
GPVs constructed after 2018. The final number of polygons in the Wiki-Solar dataset through 
2018 was 2,301.

2.2 Accuracy Assessment of the Wiki-Solar Dataset

We assessed the accuracy of a subset of the Wiki-Solar dataset by comparing the boundaries 
of Wiki-Solar polygons to any fenceline visible in high-resolution imagery present in Google 
Earth Pro. We assessed all Wiki-Solar polygons that overlapped with polygons in the 
Kruitwagen dataset to better confirm that a direct comparison between individual GPVs present 
in the two datasets would be valid. 

We ranked Wiki-Solar polygons on a scale of 1 (Very Inaccurate) to 5 (Very Accurate). 
Validators assigned a 1 to polygons with little to no adherence to a facility’s fenceline, and 5 to 
those facilities where the polygon boundary adhered almost perfectly or perfectly to a facility’s 
fenceline (Supplementary Material A). Given Wiki-Solar’s documented polygon digitization 
methodology for unfenced facilities encompassing any panel arrays plus an unspecified 
“surrounding border,” we instructed validators to assign accuracy ratings based on general 
adherence to the panel area.

Overall, 67% (n = 1269) of the polygons had identical rankings from both validators. About 25% 
(n = 470) differed by one point (e.g., 4 and 5), while 8% (n = 160) had rankings that differed by 
more than one point. The final accuracy score of polygons with rankings that differed by only a 
single point became the average of its two scores. Rankings that differed by more than one 
point were reviewed by a third validator. The third validator reviewed these polygons to 
investigate discrepancies between the two initial rankings and produce a third validation 
ranking, which was used as the final validation ranking for that polygon. We ultimately validated 
1,899 polygons in the Wiki-Solar dataset, representing 49% of the dataset. We scored 62% (n = 
1,172) of validated Wiki-Solar polygons as 5 (Very Accurate), 21% (n = 397) as 4.5, 9% (n = 
164) as 4 (Moderately Accurate), 4% (n = 83) as 3.5, and 4% (n = 83) as 3 (Neither Moderately 
Accurate nor Moderately Inaccurate) or lower. This means that nearly a third (n = 1,172, 31%) 
of the US Wiki-Solar dataset received the highest possible accuracy ranking.
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2.3 GPV Area Calculation and Comparison Across Datasets
We imported the harmonized Kruitwagen, USPVDB, and Wiki-Solar datasets into Google Earth 
Engine [21] and calculated the area of every polygon in each one. Next, we calculated the GPV 
footprint in each state and across the US as a whole by summing the areas of all the polygons 
in each state and summing these 50 values, respectively. Next, we spatially filtered each 
dataset to include only those polygons representing solar facilities that are present in the other 
two datasets. In addition, we filtered each individual dataset to include only those polygons that 
are spatially unique to that dataset (e.g., those polygons in the Kruitwagen dataset with no 
geographic intersections with polygons in either the USPVDB or the Wiki-Solar dataset).

Next, we accessed the 2004, 2006, 2008, 2011, 2013, 2016, 2019, and 2021 National Land 
Cover Database (NLCD) land-cover map products, all of which are publicly available, that 
describe 16 land-cover categories in the US at 30-meter resolution [22]. Using a grouped 
reducer in Google Earth Engine, we calculated the area of each land-cover class present in the 
NLCD found within the boundaries of GPV polygons from each dataset. All three GPV datasets 
contain attribute information indicating the year in which the GPVs became operational. This 
was used to link polygons to a particular NLCD dataset from which land-cover change 
calculations would then take place. For example, land-cover change calculations for facilities 
that became operational in 2004 and 2005 were calculated from the 2004 NLCD land-cover 
product, while GPVs that became operational in 2013, 2014, and 2015 would use the 2013 
NLCD land-cover product. Land-cover classes were aggregated into broad categories. The four 
land-cover classes denoting various intensities of development were combined into a single 
‘developed’ category. The three forest land-cover classes (deciduous, evergreen, and mixed) 
were combined into a single ‘forest’ category. Cultivated crops and pasture/hay were combined 
into a single ‘crop and pastureland’ category. Woody wetlands and emergent herbaceous 
wetlands were combined into a single ‘wetlands’ category. Here, we report results for all 
terrestrial land-cover categories, excluding the open water category.

3. Results

3.1 Kruitwagen Dataset Area and Land-Cover Change Estimates
For GPVs constructed by the end of 2018, the Kruitwagen dataset estimated a national array 
footprint of 623 km2. Of that, 33% (206 km2) was developed on crop and pastureland, 26% (206 
km2) on developed land, and 25% (152 km2) on shrub/scrub (Figure 2, Figure 3). 
Grassland/herbaceous land, forest, and barren land accounted for a combined 15% (91 km2) of 
land developed for GPVs through 2018.

The Kruitwagen dataset contained 4,039 unique polygons (55% of the full dataset) that do not 
overlap with polygons in either the USPVDB or Wiki-Solar dataset, representing an area of 80 
km2 (13% of the dataset’s national footprint). Nearly all these polygons (n = 4,028, 99.7%) have 
estimated footprints below 0.5 km2. The entirety of the Kruitwagen dataset’s estimated array 
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footprint in Louisiana, West Virginia, and Washington can be found within the polygons that are 
unique to the Kruitwagen dataset, as can more than 50% of the dataset’s estimated array 
footprint in Iowa and New Hampshire.

3.2 USPVDB Area and Land Cover Change Estimates
For GPVs constructed by the end of 2018, the USPVDB estimated an array footprint of 668 km2, 
45 km2 larger than that of the Kruitwagen dataset. Of that, 38% (256 km2) of the GPV array 
footprint was developed on crop and pastureland, 24% (161 km2) on developed land, and 22% 
(148 km2) on shrub/scrub (Figure 2, Figure 3). Grassland/herbaceous land, forest, and barren 
land accounted for a combined 14% (94 km2) of land developed for GPVs through 2018. For 
facilities constructed by the end of 2021, the USPVDB estimated an array footprint of 1,284 km2. 
Of that, 39% (499 km2) was developed on crop and pastureland, 26% (338 km2) on developed 
land, and 17% (215 km2) on shrub/scrub (Figure 2, Figure 3). Grassland/herbaceous land, 
forest, and barren land accounted for a combined 17% (215 km2) of land developed for GPVs 
through 2021.

The USPVDB contained 906 polygons (25% of the full dataset) that do not overlap with 
polygons in either the Kruitwagen or Wiki-Solar datasets, representing an area of 169 km2 (13% 
of the dataset’s national footprint). The entirety of the USPVDB’s estimated array footprint in 
New Hampshire can be found within the polygons that are unique to the USPVDB, as can more 
than 50% of the dataset’s estimated array footprint in Illinois, Maine, Wisconsin, and Alabama.

3.3 Wiki-Solar Dataset Area and Land Cover Change Estimates
For GPVs constructed by the end of 2018, the Wiki-Solar dataset estimated a facility footprint of 
939 km2, 271 km2 larger than that of the USPVDB. Of that facility footprint, 35% (326 km2) was 
developed on crop and pastureland, 27% (250 km2) on shrub/scrub, and 20% (192 km2) on 
developed land (Figure 2, Figure 3). Grassland/herbaceous land, forest, and barren land 
accounted for a combined 17% (161 km2) of land developed for GPVs through 2018. For GPVs 
constructed by the end of 2021, the Wiki-Solar dataset estimated a footprint of 1,553 km2, 269 
km2 larger than that of the USPVDB. Of that, 39% (610 km2) was developed on crop and 
pastureland, 25% (384 km2) on shrub/scrub, and 16% (248 km2) on developed land (Figure 2, 
Figure 3). Grassland/herbaceous land, forest, and barren land accounted for a combined 18% 
(287 km2) of land developed for GPVs through 2021.

The Wiki-Solar dataset contained 278 polygons (8% of the full dataset) that do not overlap with 
polygons in either the Kruitwagen datasets or USPVDB, representing an area of 59 km2 (4% of 
the dataset’s national footprint). Most polygons unique to the Wiki-Solar dataset (51%) 
represented GPVs with capacities between 1 and 5 MW. The polygons that were unique to the 
Wiki-Solar dataset contained no more than 40% of any state’s estimated solar footprint, 
featuring 39% of Rhode Island’s and 33% of Maine’s estimated solar footprint.
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3.4 Facility and State Area Comparisons across Datasets
The total area of polygons in the Kruitwagen dataset that intersected with at least one polygon 
in both the USPVDB and Wiki-Solar datasets (n = 2,193, 29% of the US dataset) was 492 km2. 
The total area of such polygons from the USPVDB (n = 1,305, 54% of the 2018 subset) was 522 
km2. The total area of such polygons from the Wiki-Solar dataset (n = 1,735, 75% of the 2018 
subset) was 773 km2. Overlapping polygons in the Kruitwagen dataset and the USPVDB 
ostensibly described the same panel array. The average difference between overlapping 
polygons from these datasets was 0.4 km2. Of the area estimates for the 3,265 polygons that 
intersect between these datasets, 82% (n = 2,673) differed by no more than 0.5 km2 and 66% (n 
= 2,144) differed by no more than 0.1 km2. Overlapping polygons in the Wiki-Solar dataset and 
the USPVDB described the same solar facility, but the Wiki-Solar dataset included area beyond 
that of the panel arrays. The average difference between overlapping Wiki-Solar and USPVDB 
polygons was 0.8 km2. Of the area estimates for the 3,051 polygons that intersected between 
these datasets, 75% (n = 2,301) differed by no more than 0.5 km2 and 55% (n = 1,671) differed 
by no more than 0.1 km2.

There were data on facilities constructed by the end of 2018 for all states in at least one of the 
three datasets. The Kruitwagen dataset lacked data for Wyoming and North Dakota; the 
USPVDB lacked data for North Dakota, Louisiana, New Hampshire, and West Virginia; the Wiki-
Solar dataset lacked data for Kansas, Louisiana, New Hampshire, South Dakota, Wisconsin, 
and West Virginia. Where the USPVDB and Kruitwagen datasets have estimates for state GPV 
footprints, the USPVDB has higher area estimates for 26 states (including those of Texas, North 
Carolina, and Florida with a difference greater than 10 km2). The Kruitwagen dataset has higher 
area estimates for 18 states, including California, but by no more than 4 km2. The average 
difference between the USPVDB and Kruitwagen dataset’s estimated state solar footprints was 
2 km2. Between the USPVDB and Wiki-Solar Dataset, the average difference between 
estimated state solar footprints was 7 km2. The USPVDB described larger solar footprints for 14 
states compared to the Wiki-Solar dataset; no estimate was more than 4 km2 above that of the 
Wiki-Solar dataset, and only two (Maine and New York) were more than 1 km2 greater than that 
of the Wiki-Solar dataset. The Wiki-Solar dataset estimated larger state solar footprints for 28 
states when compared to the USPVDB; estimates for Arizona, Nevada, Texas, and North 
Carolina were all over 10 km2 greater than those of the Wiki-Solar dataset, and the estimate for 
California was 187 km2 greater.

4. Discussion
Estimates of the total land area in the US developed for GPVs in the USPVDB and Kruitwagen 
datasets, which characterize only the array footprint, are respectively 29% and 34% smaller 
than that of the national facility footprint described by the Wiki-Solar dataset, which includes the 
broader GPV footprint extending to the fenceline. Where polygons from all three datasets 
overlapped, the combined area of those facilities was over 200 km2 greater in the Wiki-Solar 
dataset than in the USPVDB or Kruitwagen datasets. The differences between these datasets 
may at first appear semantic. However, our analysis of land-cover change driven by GPV 
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a higher level of accuracy (and therefore confidence) in the delineation of individual polygons. 
Caution should be used when applying this dataset to assessments of the broader facility 
footprint to the fenceline. Our results indicate that any analysis using data that only describes 
the cumulative array footprint can underestimate the cumulative facility footprint of US solar by 
approximately a third. Thus, the USPVDB is best suited for calculations of PV array land-use 
intensity of energy and analyses in need of the most current data.

Like the USPVDB dataset, the Wiki-Solar database relies on manual digitization, but lacks its 
transparency, replicability, and public accessibility behind a paywall.  In addition, the effort 
needed to digitize GPVs to their fencelines is more substantial than that of just the array 
footprint. Fencelines can be difficult to identify in remote sensing imagery, may contain irregular 
or convoluted segments, and are more likely to be obscured by vegetation. With that said, the 
Wiki-Solar dataset captures a meaningful portion of GPV-driven land-cover change that is not 
accounted for in the other datasets assessed here: those areas of a GPV that are typically 
subject to site preparation activities (e.g., blading, vegetation removal) and other impacts but not 
covered by panel arrays. While this footprint does not capture all land-cover change driven by 
GPV development (e.g., road construction, transmission line corridors, vegetation management 
beyond the fenceline), the Wiki-Solar dataset does provide insight into the US GPV facility 
footprint. This dataset (and any other that represents the facility footprint) should be used 
primarily for assessments of the area occupied and impacted by GPVs, comparisons between 
the array footprint and facility footprint, and more complete calculations of GPV land use 
intensity of energy at the facility level rather than array level.

5. Conclusions
The Kruitwagen dataset is excellent for identifying as much solar as possible in a given 
landscape; the USPVDB is highly accurate and comprehensive for facilities 1 MW or greater; 
the Wiki-Solar dataset provides greater insight into land-related outcomes of GPV development 
by estimating the broader facility footprint. Each option is useful given the right question, 
providing decision-makers with the information needed to guide these early stages of GPV 
expansion and, critically, spark investment in new rich datasets. By drawing from the individual 
strengths of each dataset examined here, it would be possible to create a single repository that 
could surpass the USPVDB as the gold standard of US GPV spatial data. This dataset could 
take advantage of advancements in automated detection of PV solar arrays to not only identify 
the location of new GPVs but detect when previously operational facilities have been 
decommissioned. Regular updates from this automated GPV detection would keep the dataset 
current, and human delineation of both the array and facility footprints would confer a high level 
of accuracy. While the understanding of relationships between land and energy remains 
nascent and standardization is often lacking, a dataset with these features would provide 
decision-makers and researchers with the robust information needed to guide GPV expansion in 
ways that may benefit people and nature.

Data Statement
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Supplementary Materials

Supplementary Material A
Wiki-Solar polygons that intersected with Kruitwagen polygons were validated by a minimum of 
two validators and assigned accuracy ratings ranging from 1 (Very Inaccurate) to 5 (Very 
Accurate). This table contains descriptions and example images of each accuracy rating.

Accuracy 
Ranking

Description Examples

1 = Very 
Inaccurate

Little to no adherence to a 
facility fenceline 

 38°20'23.26"N 121° 6'48.69"W
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2 = 
Moderately 
Inaccurate

Some adherence to a facility 
fenceline, but most of the 
polygon has large 
slivers/portions left out or is 
roughly drawn.

Large facilities where there 
are multiple fencelines but all 
dissolved into one large 
polygon

 37°41'10.62"N 105°53'14.19"W
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3 = Neither 
Moderately 
Accurate nor 
Moderately 
Inaccurate

About half of the polygon 
adheres to the fenceline, with 
large slivers/portions left out 
or roughly drawn

Large facilities where there 
are multiple fencelines but all 
dissolved into one large 
polygon

 37°10'20.86"N  76°56'20.51"W 

4 = 
Moderately 
Accurate

Most (more than half) of 
polygon adheres to a 
fenceline, but there are 
significant slivers/portions left 
out or roughly drawn.

 
42°10'32.17"N  71°59'9.28"W

 
36°29'14.72"N  77°28'46.94"W

5 = Very 
accurate

Adheres to the fenceline very 
well. Minor shifts, distortions, 
or slivers left out (potentially 
due to projection errors).

 
45° 5'11.36"N 123°25'19.45"W

 
39°46'7.02"N 86°13'52.66"W
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