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ABSTRACT

The transition to renewable energy is essential for mitigating climate change, reducing air
pollution, and enhancing energy security. Solar and wind energy with battery storage are now the
most inexpensive and broadly available forms of new electricity generation and are thus
projected to play a dominant role in a net-zero emissions future. However, solar and wind energy
both require the semi-permanent transformation of land, a finite and valuable resource with
opportunity costs. The tradeoffs of renewable energy landscapes depend on the siting,
construction (and design), and management of the energy development, with key concerns
including food security—when transforming agricultural land, habitat loss or fragmentation,
reduction in property value, and land degradation. As land-use tradeoffs remain one of the most
contentious aspects of renewable energy deployment for supporters and opponents alike,
numerous approaches have emerged to mitigate the negative effects of land transformation and
enhance the economic and ecosystem services provided. However, the rate of expansion has
outpaced the availability of comprehensive spatial and temporal data, leaving knowledge gaps
about the footprint of existing landscapes, what practices are being realized and where, and under
what policies and incentives can influence the future of renewable energy landscapes. This
dissertation addresses these gaps by leveraging remote sensing, geospatial analysis, and publicly
available data to quantify the spatial footprint, land use patterns, and tradeoffs of renewable
energy infrastructure in the United States (US).

Chapter 1 provides a high-level overview of the motivation for this research, and a
literature review on ways that ground-mounted solar photovoltaic (PV) installations alter the
water cycle at local and regional scales. | compile available knowledge on the approach, scale,
climate, limitations, and hydrological outcomes to identify gaps in study design and the data
needed to upscale approaches. Together, the literature indicates that solar PV installations
unequivocally alter local and regional hydrological processes, and the implications depend on the
needs of a region. Importantly, the information needed to replicate many modeling approaches
does not exist beyond these few well-studied installations, making it difficult to determine the
effects of converting larger portions of watersheds to solar.

Chapter 2 addresses this gap, introducing the Ground-Mounted Solar Energy in the United
States (GM-SEUS) dataset, the most comprehensive publicly available repository of solar energy

infrastructure in the US. Using a combination of high-spatial resolution machine learning and



object-based approaches and high-temporal resolution time series segmentation approaches, this
dataset cultivates over 15,000 arrays covering 3,000 km? and nearly 3 million panel-row
boundaries covering 470 km?, with standardized and new metadata attributes. Building on existing
data sources, GM-SEUS standardizes the definition of an array footprint, improves the spatial
accuracy of datasets with uncertainty, and includes under-represented commercial-scale
installations, setting the foundation for landscape-scale assessment of the US solar energy
landscape. Chapter 3 uses this new dataset to analyze land use and land management conditions
of the existing US solar energy landscape through 2024. | find that most solar energy in the US
occupies agricultural land and likely lacks a productive vegetation ground cover, presenting
opportunities for dual-use practices to have broader adoption. Roughly one quarter of both
commercial- and utility-scale solar installations were found to reside on economically marginal
land, and commercial-scale installations were preferentially sited on land of significantly low-
productivity. Together, these results emphasize the need for stronger policy incentives and
improved land management practices to motivate broader development of vegetated and dual-use
practices.

Shifting to wind energy, Chapter 4 evaluates the agricultural footprint and impact of wind
turbines on agricultural production in the US Corn Belt. Wind turbines reduce local crop yields
and production, yet the overall effect on food security is small, and decreasing through time. Land
leases more than compensate for lost production, increasing incomes for commodity crop farm
landowners. These findings demonstrate that wind power can simultaneously support
environmental goals and economic security for farmers, without jeopardizing food security.
Chapter 5 pulls together the findings of these chapters and reiterates a need for comprehensive
and publicly available data on a rapidly expanding renewable energy landscape. With such data,
researchers, policymakers, and interest-holders have the opportunity to study the multi-scale
tradeoffs and synergies of existing renewable energy land transformation and focus future efforts

by investigating what incentives and policies will result in real changes across the landscape.



This dissertation is dedicated to those who have been harmed by anti-science disinformation,
rhetoric, and aggression, and to those who have, are, or will be persecuted by merchants of doubt
in the pursuit of science, wisdom, and truth.
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CHAPTER 1: INTRODUCTION AND REVIEW OF HYDROLOGICAL ASSESSMENTS ON
SOLAR ENERGY WITH RESULTING KNOWLEDGE GAPS

Abstract

By 2050, the United States (US) is projected to install enough solar photovoltaic (PV)
infrastructure to cover ~1% of its contiguous land surface. The construction and operation of
ground-mounted solar energy installations can physically change the landscape and energy and
water budgets at the surface, which can lead to broader hydrological outcomes. Here, we review
the available body of literature on solar energy installations and effects on plot-scale, watershed-
scale, and cross-scale hydrological phenomena. We discuss current tendencies in literature focus
and identify key areas where solar and hydrology research could better guide a co-beneficial path
forward for the future energy and hydrological landscape. We also provide two contributing
assessments: 1) current and future solar coverage of HUC10 watersheds to provide context on
coverage-based studies and outcomes, and 2) a counterfactual groundwater flow simulation of a
high- and low-impact solar installation in a humid, agriculturally dominated watershed in
southwest Michigan. Together, these assessments highlight the need for a better understanding of
existing practices and for regionally-relevant low-impact construction and management practices
that manage groundwater budgets in a high solar coverage future. More research and open data
sharing are needed to fill gaps in several frontiers including: location, construction, and design of
the existing solar energy landscape, treatment-control studies, before-and-after studies, studies
including both direct and indirect water budget reporting, better regional representation, larger-
scale agrivoltaic study designs, and studies considering groundwater. We have the opportunity to
include management and regeneration of water resources based on a region’s water-needs in our

path towards net-zero.



1.1: Introduction

To avoid the continued effects of climate change, air pollution, and energy insecurity,
global energy systems must transition away from fossil fuel dependency over the next two decades.
Both globally and in the United States (US), solar and wind energy will lead the path forward
(Ardani et al., 2021; Heath et al., 2022; Jacobson et al., 2017; Victoria et al., 2021), constituting a
new energy landscape that will result in significant physical and socioeconomic changes (De Boer
& Zuidema, 2015; Preziuso et al., 2023). Achieving this shift without compromising other
sustainable development goals (SDG’s) will involve careful considerations of tradeoffs and
synergies of the solar and wind buildout required to meet the electricity needs of the future
(Hernandez et al., 2019, 2020). Given that solar irradiance and wind energy are spatially distributed
sources of energy, both technologies require the use of considerable areas of land. What technology
is implemented, where they succeed best, and how to manage them to provide more than just
electricity, are key challenges for the renewable energy community.

Renewable energies can be regenerative or depletive on the landscape. A few examples of
concerns about land use transformation include food security and prime agricultural land loss (Hall
et al., 2022; Morris & Blekkenhorst, 2017), permanent land use and degradation (Lambert et al.,
2021), changes in hydrological connectivity (Moore-O’Leary et al., 2017), ecological habitat
fragmentation and biodiversity loss (Karban et al., 2024; G. C. Wu et al., 2023), insect and avian
well-being (Grodsky et al., 2011, 2021), downwind changes in weather and vertical mixing
(Baidya Roy & Traiteur, 2010), migration pathway disruption (Levin et al., 2023), and property
value reduction (Elmallah et al., 2023). These are all legitimate concerns that need to be addressed
as soon as possible given the pace of renewable energy buildout.

There are three primary levers by which the outcomes of renewable energy on the
landscape can be swayed: siting, construction (including design), and management. There is
evidence that all three levers can be adjusted effectively (C. S. Choi et al., 2023; Hise et al., 2022;
Karban et al., 2025; Sorensen et al., 2022) with the co-benefit of increased public and professional
support for buildout (Moore et al., 2022; Pascaris et al., 2022). Thus, each of these concerns can
be studied and addressed given knowledge of existing infrastructure and how it has impacted its
environment. However, many accounts of solar and wind energy spatial, temporal, and design
attributes have historically been absent, incomplete, or held by privacy paywalls. This leaves the

realized practices of the modern existing renewable energy landscape, and thus outcomes, a
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mystery. To address this gap, we need an up to date and comprehensive account of existing solar
and wind energy siting, design, and management practices, and how they impact their physical and
ecological landscapes. We seek to fill this gap.

Governments, academics, and independent organizations around the world have begun to
seek out and create publicly available datasets on renewable energy installation location, design,
and electricity generation in order to plan for a renewable future. Examples include the United
Kingdom (UK), which has started regular updates to the Renewable Energy Planning Database
(REPD) (UK Government, 2024), collecting data on all renewable energy installations >150 kW.
One of the purposes of REPD is to protect food security and best and most versatile land (Claire
Coutinho, 2024). In the United States (US), the United States Wind Turbine Database (USWTDB)
was created in 2018, a multi-institution federal effort to make wind turbine spatiotemporal
metadata publicly available (B. D. Hoen et al., 2018; Rand et al., 2020). More recently, the United
States Large-Scale Solar Photovoltaic Database (USPVDB) became the first regularly updated,
comprehensive, and publicly available dataset characterizing utility-scale (=1 MW) solar energy
installations in the US (Fujita et al., 2023, 2024). Many independent groups have also begun to
collect and distribute this information (Byers et al., 2021; Deline et al., 2021; Evans et al., 2021,
2023; GEM, 2024; Global Energy Observatory et al., 2021; NREL, 2025; OpenStreetMap
Contributors, 2024; Phillpott et al., 2024b, 2024a; Seel et al., 2024; Stid et al., 2022; Stid, Shukla,
et al., 2023; Thonig et al., 2023). Regarding land use, the Protecting Future Farmland Act of 2023
has only recently provided requirements for the USDA to collect and disseminate information on
siting, land use, site disturbance, system purpose, and ground cover management, while providing
best practice guidance in each category (Protecting Future Farmland Act of 2023, 2023). However,
the rapid expansion of renewable energy infrastructure, the recent emergence of these datasets,
and the absence of key land-use attributes have limited large-scale analyses of landscape changes.
To effectively plan for future energy infrastructure, we need comprehensive and publicly
accessible data that accounts for land use trade-offs, synergies, and system design and management
decisions.

The aim of this dissertation is to enhance existing knowledge on the land we use for
renewable energy infrastructure. We provide an updated assessment of the land use, land
management, and impacts of solar and wind energy installations on the US landscape. Importantly,

all data, code, and process are made publicly available. One important aspect of this work is a



distinction in the scale of solar energy installations. There are two primary scales of solar energy
buildout: small-scale (<1 MW) and large-scale (=1 MW) (EIA, 2025). Note that these two scales
inherently include residential- (<1 MW, rooftop), commercial- (<1 MW, ground-mounted),
community- (often, 1 to 5 MW), industrial (range of capacities, use-case definition), and utility-
(>1 MW, ground-mounted) scale installations. Each scale is unique in policy, incentive, and
literature coverage (Mamun et al.,, 2022; O’Shaughnessy, 2022; Stid, Shukla, et al., 2025;
Waechter et al., 2024). Within this dissertation, we simplify and filter these to include ground-

mounted commercial-scale and utility-scale solar.
1.2: Solar PV energy generation and hydrology

To achieve net-zero energy production, the United States (US) will convert ~1% of its
contiguous land surface to solar energy systems over the next 30 years (Ardani et al., 2021; Larson
et al., 2021). Similarly, other regions, like China, will require up to 2% of their landscape to meet
net-zero requirements (Ji et al., 2022). Despite this rapidly approaching deadline, we know
relatively little about how the current solar energy landscape affects local or regional hydrology,
much less about how the future landscape will alter hydrology. As we are early in this timeline,
we can focus siting (location), installation (construction and design), and management (ground
cover) on regeneration and management of water resources that suit a region's water-needs. For
instance, the management needs of water-scarce Southern California watersheds differ
significantly from the needs of many shallow water table Michigan watersheds, as expressed by
developers in qualitative interviews (Pascaris et al., 2023). Therefore, understanding solar
installation hydrological dynamics both at the site and regional scale will be essential for focusing
siting and management of future infrastructure.

This review builds on a recent review on solar landscape hydrology and stormwater
management literature by Yavari et al. (2022) which outlines gaps in our understanding of runoff
generation processes at solar array sites. While there are a few studies that employed modified
models to represent solar on a landscape, only a few have attempted to scale local impacts to the
watershed scale, and none at the time of writing have validated their models with field data (Yavari
et al., 2022). Despite this lack of watershed-scale knowledge, there is a vast body of literature,
largely focused on agrivoltaics, that provides plot-scale quantifications of solar induced changes
to near surface hydrology (Mamun et al., 2022; Walston et al., 2022; Yavari et al., 2022). These

studies show that agrivoltaic management enhances soil moisture retention and water use
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efficiency (WUE), regulates the microclimate, and reduces evapotranspiration (ET) (Yavari et al.,
2022). However, there are few studies which extend predictions to hillslope, catchment, or
watershed-scale. Some that theorize watershed-scale impacts posit negative effects such as
erosion, prolonged drying of ephemeral bodies, groundwater overdraft from water-intensive solar
practices, or extensively grading the land leading to reduced connectivity of drainages, rills, and
microwashes (Grippo et al., 2015; Klise et al., 2013; Moore-O’Leary et al., 2017). There is also a
very real possibility that solar land use change (~0.5% of contiguous US landscape) may not be
extensive enough to impact large scale watershed dynamics depending on distribution, prior land
use, and land management (A. Sharma et al., 2011; S. Sharma & Waldman, 2021; Shobe, 2022).
If that was the case, however, plot-scale management efforts would still be of significant value
given the local benefits described in the literature.

The concept of emergent behavior is the arising of novel and coherent structures of patterns
and properties during the process of self-organization in complex systems (Goldstein, 1999).
Refined for hydrology, emergent behavior is the occurrence of large-scale (watershed-scale)
hydrologic phenomena that are physically linked to changes in small-scale (hillslope- or plot-scale)
phenomena. This concept is crucial for understanding how functionally heterogeneous
hydrological processes scale from the plot- to watershed-scales (Troch et al., 2009). Thus,
measuring plot-scale phenomena alone does not necessarily provide direct insight to hillslope or
catchment scale processes without further inspection. There needs to be a pathway towards the
emergence of larger-scale behaviors.

As previously suggested (Sivapalan et al., 2003), to explain the simplicity of how solar can
impact our hydrologic landscape, we need mechanisms to aggregate necessary processes and
remove unnecessary processes to perceive effects of larger hillslope or watershed scales. To help
explain this simplicity, we compiled metadata on the various available studies regarding both
direct and indirect effects of solar on hydrology across hydrological scales. We collect and assess
study design metrics including management practices, Koppen-Geiger climate classification for
each study site, scale, and findings, and produce a data table to map the current state of the
literature. We go further and attempt to connect distributed plot-scale behavior with watershed-
scale using results from the few studies we identify to approach emergent behavior. We also
provide a counterfactual numerical simulation of the impact of installation of a 160 MWpc utility-

scale solar array on groundwater storage and discharge in a humid, shallow, agricultural watershed



in southwest Michigan to display shortfalls of assumptions required by the lack of available data
and gaps in understanding. Also providing watershed (HUC10) maps of solar direct area coverage,
we pose the questions: Will solar array build out, both current and projected, alter the landscape
enough to induce positive or negative emergent behavior? If so, how can we focus solar siting,
installation, and management practices to push the scales towards water security and stability? We
discuss how answering these questions will involve extensive and open-access field-data collection
efforts and more expansive solar array design characterizations that coincide with focused

modeling spanning regions, practices, and technologies.
1.3: Methodology
1.3.1: Review strategy

This study primarily used the Google Scholar, Scopus, and HESS (Hydrology and Earth
System Sciences) search engines along with the following search criteria; “solar”, “solar
photovoltaics”, “PV”, “solar farm”, “agrivoltaics”, “hydrology”, ‘“hydrogeology”, “runoff”,
“recharge”, “water use”, “groundwater”, “stormwater”, “soil moisture”, “water budget”,
“evapotranspiration”, “ecosystem services”, “impact analysis”, and “microclimate”. There are a
few key study designs that we have decided to omit from this review. To emphasize work in the
recent decade, we have attempted to limit the study date range to studies published after 2012 and
prior to March 2023, when this review was originally collected. We also update the reviewed
literature discussing studies published between March 2023, and December 2024. We have
omitted water quality assessments, as this review is focused on processes affecting local and
regional hydrological flow or availability. We have omitted solar pumping for irrigation and
“floatovoltaics” from this review, both common concepts within the literature search for these
criteria. Although, one study pertains to covering canals with solar, which is not floatovoltaics in
design but incorporates predominant impacts of the practices. We have also decided to omit wet-
cooled, trough, and concentrated solar power (CSP) systems as their water use concerns are
different from more common dry-cooled photovoltaics (PV). Although, it should be noted that
these systems still change the landscape and that there are legitimate concerns with water-use for
these systems (Klise et al., 2013). Finally, though we include agrivoltaics in our search criteria,
this is not a review of agrivoltaic effects alone, of which there are several existing reviews for the

vast and growing body of literature (Gomez-Casanovas et al., 2023; Mamun et al., 2022; Walston



et al., 2022), and only include those that have a significant water or hydrological component in
study design or data collection.

Studies were grouped into their respective hydrological scales of assessment (plot and
watershed) based on study design and scope, their management practices, and reported impacts.
The hydrological scale (or scope) was plot-scale if the study only concerned shallow vadose-zone
effects directly beneath or proximal to solar arrays. Studies that discussed watershed-scale effects
(including attribution of indirect changes) of solar but did not collect measurements or use models
of plot-scale dynamics leading to those effects were watershed-scale. Studies that went beyond
local vadose zone (unsaturated) effects and onto hillslope-, catchment-, or watershed-scale
dynamics by discussing lateral flow components including connectivity and alteration to water
bodies, change in region water budgets (ET), deeper vertical flow components such as drainage,
or general runoff generation processes as a result of plot-scale dynamics, were considered plot-
and watershed-scale. We have also coded studies by mode of impacts as either “direct” or
“indirect” effects. Direct effects refer to hydrological changes as a direct result of solar PV land
use change and operation. Indirect effects refer to life-cycle water use changes (manufacturing,
construction, operational cleaning, site irrigation) and the opportunity cost of solar PV including

shutting down thermoelectric power and hydroelectric dams.
1.3.2: Watershed zonal analysis of current and future solar infrastructure

We performed a zonal summation of the current and projected solar direct area coverage
in HUC10 watersheds. Kruitwagen et al. (2021) provides the most spatially complete and up-to-
date dataset of solar array installations across the United States (and globally), and includes arrays
installed through 2018. Princeton’s Net-Zero America Project (Jenkins et al., 2021; Larson et al.,
2021) estimates the extent of solar and wind footprints for 2050 electric-load requirements under
six build-out scenarios. We used the 100% Renewable (E+ RE+) scenario for the zonal analysis
of the projected solar footprint, as this scenario requires the most land for solar, ensuring that
existing arrays from Kruitwagen et al. (2021) were included. The 100% Renewable scenario would
lead to the largest potential hydrological impact and could be considered a “worst-case scenario”
if sited and managed responsibly. We also excluded rooftop arrays via a building dataset (Heris et
al., 2020) filter requiring a 75% overlap with building footprints.



1.3.3: Simulating plot-scale solar management on watershed-scale hydrogeology

As a proof of concept for addressing the knowledge gaps identified in this review, we
simulated the change in three-dimensional groundwater storage and discharge due to a
counterfactual utility-scale solar installation (Figure 1B) on agricultural land underlain by a
Quaternary aquifer system in Michigan’s Lower Peninsula. The Augusta Creek Watershed (Figure
1A) in humid southwestern Michigan, part of the Lake Michigan Basin, drains 98 km? into the
Kalamazoo River and is composed of 47% agricultural land, 23% upland forest, and 20% wetland
and marsh complexes (Ruhala et al., 2018). We selected this watershed because of its agricultural
land share, given most solar arrays in the United States are installed on agricultural land
(Kruitwagen et al., 2021; Stid et al., 2022), on-going data collection efforts in the region (Weidner
et al., 2022), and its proximity to Michigan State University's (MSU) W.K. Kellogg Biological
Station (KBS), where we are proposing building an experimental solar research laboratory to
further address gaps in knowledge and data discussed here. Importantly, this watershed also does

not currently contain a ground-mounted solar array.
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Figure 1. Perceptual model for the Augusta Creek Watershed groundwater simulation.
Perceptual flux changes considering a 160 MWopc utility-scale solar installation and two distinct
site preparation and management. (A) The Augusta Creek Watershed, manually delineated
expanded model boundary, and NHD drains with more than 3 km in connected length. (B) The
counterfactual solar installation covering 2.5% of the watershed area and using agricultural land
that could be feasible for a solar installation. (C) The perceptual model for a single-axis solar array
altering the hydrological budget under two different site preparation and management scenarios:

low-impact (left) and high-impact (right).

We used the three-dimensional groundwater flow model MODFLOW 6 version 6.4.4
(Langevin etal., 2017) and flopy version 3.6 (Bakker etal., 2016; Hughes et al., 2023) to construct



a steady-state groundwater flow model for the year 2013 within the model boundary shown in
Figure 1. The underlying Quaternary aquifer system is composed of glacial outwash and tills
containing a mix of gravel, sand, silt, and clay, ranging in thickness between 40 and 120 m
(FTWRC, 2017; Ruhala et al., 2018). Median depth to water within the Augusta Creek Watershed
is ~7 m (Zell & Sanford, 2020). Soils in the region are sandy to loamy intermixed with high-
organic-containing mucks in wetland and riparian regions (FTWRC, 2017; Ruhala et al., 2018),
although we do not model vadose zone dynamics here.

Three layers of equal depth based on aquifer thickness are used to account for known
changes in horizontal hydraulic conductivity (HK) and vertical anisotropy with depth (Shepley,
2024). Aquifer thickness was derived from (model top) USGS 3D Elevation Program (3DEP) 10m
DEM (USGS, 2023) and (model bottom) USGS bedrock topography (Soler & Garrity, 2018),
smoothed with a focal filter of 2,500 m. The model is gridded at 30 m resolution, resulting in
720,000 grid cells in each layer across an extended model boundary of 360 km?. The area of
interest for this model includes the Augusta Creek Watershed, Gull Lake, and MSU KBS. The
model boundary was extended to the next assumed no-flow (Neumann) boundary by manually
connecting discharge boundaries (streams) and water bodies (lakes). We set the constant head
boundary (Dirichlet boundary condition) as a 1 km segment of the Kalamazoo River at the
watershed outlet just upstream from the USGS Stream Gauge for Augusta Creek Near Augusta,
MI (USGS 04105700) which provided observation of the stream stage.

Our model incorporated the drain (DRN), river (RIV), recharge (RCH), and
evapotranspiration (EVT) stress packages (Langevin et al., 2017). Briefly, the following model
inputs were used: starting heads derived from Zell and Sanford (2020) depth to water (DTW) and
the USGS 3DEP DEM, horizontal hydraulic conductivity from the Michigan Department of
Environment, Great Lakes, and Energy (EGLE) Wellogic database (EGLE, 2020), extrapolated
using Quaternary geology from Farrand and Bell (1982), and compiled by (Hamlin et al., 2022),
and annual recharge from Reitz et al. (2017) for the year 2013. Vertical anisotropy was assumed
as a constant of 10 taken from (Shepley, 2024). HK and vertical anisotropy were also varied with
depth. HK was decreased by 3-, 3.5-, and 4-times from the top to bottom layer to account for
overestimation of HK in the given methods, compaction, alignment, and pore filling with depth.
Vertical anisotropy was increased by 0-, 1.2-, and 1.67-times the initial value (10) with depth to

account for vertical hydraulic conductivity decreasing faster with depth than horizontal
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conductivity. The model year, 2013, was the most recent available recharge year from Reitz et al.
(2017). We used the National Hydrography Dataset Plus (NHD+) (USGS, 2020) data for drains,
selecting for connected drain segments greater than 3 km in length to remove likely internally
drained systems (disconnected drains). Maps of starting heads, recharge, and the DEM are shown
in Figure A26, and maps of multi-layered HK, vertical anisotropy, and the model layer bottoms
are shown in Figure A27.

We created a counterfactual scenario where a solar array was installed on 2.5% of Augusta
Creek Watershed’s agricultural area (2.3 km?>-Figure 1B) and considered two site preparation and
management scenarios that altered onsite recharge and downstream drain fluxes: low-impact and
high-impact (conventional) (Figure 1C). Pisinaras et al. (2014) found that at the sub-basin scale,
runoff and recharge significantly increased with solar land use change (from a prior agricultural
use) of 1% and 5% watershed area due primarily to a decrease in ET and a reduction in infiltration,
with the effect varying depending on site preparation and management (low- and high-impact).

We considered the low-impact scenario as the control, assuming that an intentional
reduction in topsoil removal and soil compaction and effective site management with established
or maintained vegetation would not result in increased runoff or recharge relative to agricultural
land use (i.e., assumed no change in infiltration and ET from a baseline model). Our high-impact
scenario was similar to that of Pisinaras et al. (2014), assuming topsoil removal and high
compaction during construction, and bare soil ground cover management post-installation.
Following Pisinaras et al. (2014), and given theoretical site conditions, we assumed that high-
impact construction and management would result in an increase in site runoff of 110 mm yr* and
an increase in onsite recharge of 40 mm yr*. Importantly for both scenarios, we did not consider
additional model controls for a stormwater management plan, essentially assuming that site
preparation and management were the only forms of hydrological management and alteration.

To simulate the change in water balance due to high-impact solar construction and
operation, we increase recharge within the bounds of the array and within a downstream river
segmentation to simulate increased runoff. Accounting for the total effect of the solar area, we
distributed 25,700 m® yr! to the ~ 7 km downstream river segment (drain) and 9,300 m® yr to
the solar direct land use (as shown in Figure 2). The MODFLOW cells with redistributed recharge

are shown in Figure 2 and the modified recharge layer can also be found in Figure A28.
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To evaluate model performance, we compared the residuals of the control scenario model
(no solar ~ low-impact solar) to heads at 4,970 observation wells within the model boundary from
EGLE (2020), recharge, and HK, and plot residuals spatially. We also computed average annual
streamflow and compared to the annual median streamflow of the downstream USGS Stream
Gauge. Given that the uncalibrated model performed fairly well and that this approach was

conceptual, model calibration was beyond the scope of this effort.

] 900 mm yr' Recharge added
to drain cells (runoff

- 34 mm yr' Recharge added to
direct solar area cells

Figure 2. MODFLOW grid cells with redistributed water fluxes due to solar land use. Change
in runoff and recharge rates as a result of high-impact solar land use and management from
Pisinaras et al. (2014) were estimated for the 2.3 km? solar area and redistributed across grid cells
of a ~7 km downstream drain segment (900 mm yr1) and in grid cells within the bounds of the
counterfactual solar array (34 mm yrb).

1.4: A review of solar PV hydrology literature
In total, this review included 68 articles on solar and hydrology. We analyzed 53 peer-
reviewed studies (including a paired-study counted only once), one thesis (herein, included in

“studies”), seven commentaries, perspectives, and qualitative case studies, four reviews, and one

guidance document paired with a report, published between January 2013 January 2025 that
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directly or in-directly reported changes in hydrology because of solar PV. Study spatial extent
ranged from ~3-4 m? experimental plots (Baiamonte et al., 2023; F. Wang & Gao, 2023; Warmann
et al., 2024) to global (Parkinson & Hunt, 2020). Our recent work in California’s Central Valley
(Stid, Shukla, et al., 2025) involved the largest number of existing solar arrays, including 925
unique installations in the analysis, followed 478 unique arrays (S. Curtis et al., 2020) and 276
unique arrays (Walston et al., 2021).

There was a spatial study distribution bias for United States (US) based studies, with US
study areas in 28 of 54 studies, five France-based study areas, five Italy-based study areas, four
China-based study areas, two Canada-based study areas, several studies with one study area (e.g.,
Turkey, Germany, India, Greece, United Kingdom), with the remainder global in extent or
theoretical and not placed-based.

Regarding studies that reported a referenceable location for the relevance of their results
(45 studies, some contained multiple Koppen-Geiger climate classifications), 36% provided results
in arid climates, 60% in temperate climates, and 16% in continental climates. Within these primary
climate groups, 42% provided results in fully humid regions, 46% in dry summer regions, and 24%
in dry winter regions. Five studies crossed climate regions.

For the hydrological scale of assessment, we coded 24 studies as plot-scale, 11 studies as
watershed-scale, and 19 studies as plot- and watershed-scale in scope, thus providing insight into
emergent behavior. We classified 45 studies as having direct physical hydrological implications
(direct impact) and eight studies as attributing indirect hydrological outcomes (indirect impact) as
a result of solar PV, and one with shared impacts (reported direct and indirect impacts). Articles

are shown in Table 1.
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Table 1. Reviewed articles on solar energy impact on hydrology.

Hydrological Direct, Indirect, AgPV (%) Studies
Scale Both

(H.-E. Adeh et al., 2018; Amaducci et al., 2018; Andrew et al.,
2021; Armstrong et al., 2016; Aschale et al., 2022; Barron-Gafford
etal., 2019; C. S. Choi et al., 2020, 2023; Elamri, Cheviron, Lopez,
et al., 2018; Graham et al., 2021; Kannenberg et al., 2023; Lambert
0 et al., 2021; Meneses et al., 2023; Mengi et al., 2023; Ravi et al.,
Plot (23)’ (1)’ (O) 79% 2016; Semeraro et al., 2024; Sevik & Aktas, 2022; Sturchio et al.,
2022; Sturchio, Kannenberg, & Knapp, 2024; Sturchio,
Kannenberg, Pinkowitz, et al., 2024; Valle et al., 2017; Warmann
etal., 2024; Weselek et al., 2019; Williams et al., 2023)

(Arent et al., 2014; S. Curtis et al., 2020; Devitt et al., 2020; He et
al., 2019; Klise et al., 2013; Macknick & Cohen, 2015; McKuin et

Watershed 3), (M, Q) 9% al., 2021; Mier-Valderrama et al., 2024; Parkinson & Hunt, 2020;
S. Sharma & Waldman, 2021; Stid, Shukla, et al., 2025)

(Baiamonte et al., 2023; Barnard et al., 2017; Y. Chen, Zhang, et
al., 2024; Cook & McCuen, 2013; Edalat, 2017; Elamri, Cheviron,
Mange, et al., 2018; Galzki & Mulla, 2024; Gullotta et al., 2023,;

Plot & Jahanfar et al., 2020; H. Liu et al., 2023; Marrou, Dufour, et al.,
(19), (0), (0) 32% 2013; Marrou, Guilioni, et al., 2013; McCall, Macdonald, et al.,
Watershed 2023; Mulla et al., 2024; Nair et al., 2024; Pisinaras et al., 2014;

Tanner et al., 2020; Walston et al., 2021; F. Wang & Gao, 2023; C.
Wau et al., 2022; Yavari Bajehbaj et al., 2024)

(Biggs et al., 2022; Gomez-Casanovas et al., 2023; GPI, 2023;

Review, Grippo et al., 2015; Mamun et al., 2022; McCall, Daw, et al., 2023;
Commentary, - - Moore-O’Leary et al., 2017; R6Bner, 2022; Shobe, 2022; Sturchio
and Report & Knapp, 2023; Walston et al., 2022; Yavari et al., 2022)

Notes: Articles in the table were published between 2013 and February 2025. AgPV denotes that a study claimed to
be or was coded in this review as agrivoltaic in study focus, excluding studies regarding exclusively non-agriculturally
productive grasses or more specifically ecovoltaics.

1.4.1: Solar induced heterogeneity at the plot-scale

The most common, and possibly most important concept regarding direct hydrological
effects at the plot-scale was that solar of any design, placement, management, or climate, induced
heterogeneity in how rain and radiation traverse to the ground’s surface and leave it. All 46 direct
impact studies discussed spatial heterogeneity of soil moisture, erosion, infiltration, WUE, or ET.
Ground-mounted solar panels shade regions of the ground cover for long periods of the day,
altering the energy balance under and between array panel-rows, reducing ET, and enhancing
WUE, carbon uptake, and net primary productivity (NPP) of vegetation (H.-E. Adeh et al., 2018;
Armstrong et al., 2016; Barron-Gafford et al., 2019; C. S. Choi et al., 2023; Jahanfar et al., 2020;
Kannenberg et al., 2023; Marrou, Guilioni, et al., 2013; Mengi et al., 2023; Ravi et al., 2016;
Semeraro et al., 2024; Sturchio, Kannenberg, Pinkowitz, et al., 2024; Tanner et al., 2020). Change
in ET dominates the change in the hydrological budget, and has been shown to moderately

decrease, -1.3% (Kannenberg et al., 2023)) or more significantly decrease -37% to -67% (PET)
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under-panel during the summer (Yavari Bajehbaj et al., 2024). Although ET is reduced, it should
be noted that ET-cooling is also a driver for enhanced panel-efficiency and thus electricity
generation, with some (Williams et al., 2023) showing as much as a 10°C decrease in panel
temperature of vegetated ground cover as opposed to bare soils.

Rainwater is also redistributed (H.-E. Adeh et al., 2018; Edalat, 2017; Elamri, Cheviron,
Mange, et al., 2018; Galzki & Mulla, 2024; Yavari Bajehbaj et al., 2024) creating unique zones of
increased infiltration and soil moisture (Sturchio, Kannenberg, Pinkowitz, et al., 2024; C. Wu et
al., 2022; Yavari Bajehbaj et al., 2024), hydraulic conductivity (C. S. Choi et al., 2020), increased
infiltration-excess overland flow (F. Wang & Gao, 2023), and potential for erosion (Barnard et al.,
2017; Elamri, Cheviron, Mange, et al., 2018; H. Liu et al., 2023; Meneses et al., 2023; F. Wang &
Gao, 2023), primarily at the solar dripline. Yavari Bajehbaj et al. (2024) found that soil moisture
was 19% higher than reference at the panel-row dripline (fixed-tilt) and 25% lower than reference
under the panel-row. For single-axis tracking arrays, the dripline transitions from east to west
throughout the day, mitigating some of this heterogeneity (Sturchio et al., 2022). However, within
single-axis tracking arrays, vapor pressure deficit (VPD) and air temperature are lower in the
morning causing vegetation within the east-edge dripline to have greater stomatal conductance and
thus greater ET compared to the western edge (shaded in the morning) (Sturchio, Kannenberg,
Pinkowitz, et al., 2024). Thus, even at the panel-row scale, there are distinct heterogeneous effects
of solar PV installations on water movement through the landscape.

The kinetic energy and velocity of water droplets also change (both in magnitude and in
distribution) as a result of solar cover. The angled panel-rows create a “rooftop effect” at the
dripline region, focusing precipitation and Kinetic energy into a much smaller area than what it
would have fallen. Depending on ground cover, scours or depressions can be created that raise
concerns for sediment loss and stormwater runoff (Baiamonte et al., 2023; C. S. Choi et al., 2020;
Devitt et al., 2020; Elamri, Cheviron, Mange, et al., 2018; H. Liu et al., 2023; Shobe, 2022;
Walston et al., 2021; F. Wang & Gao, 2023). This effect can worsen if topsoil has been removed
(grading) and site construction has led to compaction and thus loss in soil structure and macropores
(C. S. Choi et al., 2020; Lambert et al., 2021) and if panel-row faces are aligned with runoff flow
direction (Baiamonte et al., 2023; Edalat, 2017). These erosional forces are largely mitigated by
retention of topsoil and soil structure (C. S. Choi et al., 2023), retaining or establishing vegetation

(often deeply rooted vegetation such as native grasses) (Cook & McCuen, 2013; GPI, 2023,
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Walston et al., 2021; Yavari Bajehbaj et al., 2024), and by effective stormwater management plans
that reduce surficial hydrological connectivity (Baiamonte et al., 2023; GPI, 2023; H. Liu et al.,
2023; Yavari et al., 2022). Although distinct from vegetation establishment or retention,
revegetation may not mitigate effects of site construction for many years if at all, suggesting that
the best practice in stormwater runoff and erosional management is low-impact site development
and vegetation retention if available (C. S. Choi et al., 2020, 2023). It is also important to note,
regarding concerns for stormwater runoff, at least 12 US states have solar-specific required
stormwater management plans, with the remainder most often deferring to general stormwater
management plans for any construction related operation under the US Environmental Protection
Agency (EPA) (US EPA, 2015) and the EPA’s National Pollution Discharge Elimination System
(NPDES) (Yavari et al., 2022). These unique water and energy balance regimes created by

different mount technologies are conceptually depicted as distinct “model” regions in Figure 1.
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Figure 3. Conceptual water and energy balance regimes by mount. Distinctions in water and
energy balance regimes between fixed- and single-axis mounts are empirically affirmed by studies
(C. S. Choi et al., 2023; Sturchio, Kannenberg, Pinkowitz, et al., 2024; Yavari Bajehbaj et al.,
2024). Note that East-Edge zone indicates a region of higher stomatal conductance compared to
the West-Edge zone as reported in existing studies (Sturchio et al., 2022; Sturchio, Kannenberg,
Pinkowitz, et al., 2024). Both mount configurations depict variations in ground cover from left to
right: vegetated, barren, impervious.

1.4.2: Attributing changes in hydrology to solar at the watershed-scale

While several hydrological impacts of solar energy have been conceptually scaled from

plot- to watershed-scale, few studies have measured or modeled impacts based on emergent
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behavior with clearly defined mechanisms for scaling. As a result, many of these effects remain
theoretical. Regardless, it is important to consider both the direct and indirect impacts of a shifting
energy landscape and how those effects might accumulate at larger scales.

In addition to altering the physical landscape, solar energy installations can create regional
hydrology and water use opportunity costs, which are not often discussed in water use reviews of
solar energy (Moore-O’Leary et al., 2017). In water scarce regions, several approaches with
transformative hydrological potential have been proposed. For example, if irrigated farmlands
sourcing groundwater from agriculturally impaired watersheds are converted, there is significant
potential for water use savings (S. Curtis et al., 2020). This practice has already been observed in
California, where we recently (Stid, Shukla, et al., 2025) quantified the potential reduction in
irrigation water use (~6,000 m® ha! yrt) through the adoption of agriculturally co-located solar
installations (agrisolar) and more broadly agrisolar-moderated (in regard to farmland owner
income) following irrigated land. Additionally, recent landowner interviews have affirmed that
this is indeed a consideration for farmers, who are operating under legislation requiring significant
water use reduction within the next two decades (Biggs et al., 2022). Even if crop-production
persists on the converted land (agrivoltaics), reduced crop water requirements and focused or
collected precipitation can turn irrigated agriculture into rainfed agriculture in some regions for
some crop types (Parkinson & Hunt, 2020; Sevik & Aktas, 2022; Warmann et al., 2024).

Beyond offsetting irrigation water use, recent work (McKuin et al., 2021) has suggested
that covering California's extensive canal system (6,350 km) of transported surface water with
solar could result in reduced evaporative losses of 39,000 m® km™ yr? of canal covered. Another
exciting management opportunity is employing solar land use for managed aquifer recharge
(MAR) (RoRner, 2022) MAR is a relatively new water security pathway by which excess stream
and flood waters are artificially stored in aquifers with immense storage capacity, often a result of
intensive irrigation and water use (Dahlke et al., 2018). In California, a severe multi-decadal
drought followed by the 2023 flooding events have gained this artificial storage method attention
and now may be an opportune time to begin implementation of Solar-MAR study sites.

There is also a significant potential for water-use offset if the shut off water-intense
thermoelectric electricity production is attributed to solar (Arent et al., 2014; Macknick & Cohen,
2015). Attributing the shut-off of hydroelectric dams to solar might also conserve groundwater

because of an increase in surface water supply for irrigation (He et al., 2019) and may even lead
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to enhanced stream connectivity restoring stream sediment fluxes and unblocking fish migration
(S. Sharma & Waldman, 2021). S. Sharma & Waldman (2021) showed that replacing all of the
hydroelectric dams in Maine with solar would be feasible by converting only 22% of current
reservoir area to solar, leading to no new land use and 78% of reservoir land area returned to what
it was prior to damming.

Concerns over runoff-induced erosion and sediment entrainment have been posed beyond
local (site-scale) degradation. The greatest concern is regarding grading and compaction (also
called earthworks) of large swaths of land for the installation of solar, and the resulting possible
loss in ephemeral streams, disturbances to downstream riparian habitats, and connectivity of
drainages, rills and microwashes (Grippo et al., 2015; Moore-O’Leary et al., 2017). Grading and
compaction removes preferential flow paths that contribute to hydrologic connectivity and reduces
infiltration capacity leading to increased Hortonian overland flow (Baiamonte et al., 2023; Barnard
etal., 2017; H. Liu etal., 2023; C. Wu et al., 2022).

Many studies and commentaries reporting the concerns described above proposed them as
“possible, but in need of further validation and study” (Grippo et al., 2015; Moore-O’Leary et al.,
2017; Shobe, 2022). Mier-Valderrama et al. (2024) was one of the first to directly model the effect
of site preparation on a watershed actively undergoing preparation and within a potentially high-
solar coverage basin (15-30% estimated coverage). Current site conditions reported were loss of
vegetation in and around proposed solar sites, grading and topsoil removal, and the presence of
generally bare soil. They found that 15-30% solar coverage under these conditions did not
significantly change watershed discharge but significantly increased cumulative sediment load
(+12 to +30%) and erosion rates relative to assumed soil loss tolerance values (+2.29 tons ha™ yr-
1. These effects were due to changes in vegetative cover, land management practices, and
agriculturally-relevant runoff potential (curve number) (Mier-Valderrama et al., 2024). Despite
these concerns and evidence behind them, there are not yet legally binding requirements requiring
low-impact site development beyond guidance documents (GPI, 2023; McCall, Daw, et al., 2023;
McCall, Macdonald, et al., 2023; NREL, 2020; USDA NRCS, 2024).

1.4.3: Studies approaching emergent behavior in solar hydrology

We coded 19 studies and two reports as approaching emergent behavior in study design,
methods, results, and/or discussion (Table 1). Common approaches in these studies included

existing or experimental plot-scale field data collection and hydrological model calibration using
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SWAT (Pisinaras et al., 2014), HEC-HMS (Barnard et al., 2017; Edalat, 2017), HYDRUS (Elamri,
Cheviron, Mange, et al., 2018; Galzki & Mulla, 2024; GPI, 2023; McCall, Daw, et al., 2023; Mulla
et al., 2024), EPA SWMM (Gullotta et al., 2023; Nair et al., 2024), or experimental models
(Baiamonte et al., 2023; Cook & McCuen, 2013; Elamri, Cheviron, Mange, et al., 2018; H. Liu et
al., 2023). We have included results from these studies independently in plot or watershed-scale
sections where relevant, and synthesize important concepts approaching emergent behavior here.

Cook & McCuen (2013) is the earliest and one of the most comprehensive hydrological
study designs to-date. Cook & McCuen (2013) produced a theoretical rainfall-runoff model in
MATLAB numerically solving for the water balance for pre- and post-solar conditions. The model
accounts for the increased kinetic energy as a function of rainfall velocity and panel slope and a
range of ground covers (gravel, native vegetation, and a down-slope buffer strip). If a native grass
was retained as ground cover, Cook & McCuen (2013) found no significant effect on runoff
volume, peak discharge, or time to peak. Although peak discharge was higher and quicker, the
increment of change was not enough to warrant stormwater management (Cook & McCuen, 2013).
However, for bare ground and gravel ground covers, peak discharge increased by 100% compared
to native grass ground cover.

Elamri, Cheviron, Mange, et al. (2018) developed a rain redistribution model called AVrain
to route rainwater to the ground and used the Hydrus-2D unsaturated zone model to route water in
the soil. They showed that lateral dispersion resulted in lower soil moisture heterogeneity than the
heterogeneity in rainwater distribution. Importantly, Elamri, Cheviron, Mange, et al. (2018) agreed
with Cook & McCuen (2013) that under bare soil conditions, splash erosion from the increased
rainfall intensity and Kinetic energy creates preferential pathways for increased overland flow.

Barnard et al. (2017) used HEC-HMS and FLO-2D models to simulate infiltration,
overland flow, and runoff in two proposed solar sites in Texas and Georgia. They emphasize the
importance of 2D models in representing flow paths and velocities associated with solar land use
change, but importantly report worst case scenarios for scour depths of 0.6 to 0.7 ft (Barnard et al.,
2017). Bringing those concepts together, Edalat (2017) showed that if those erosion pathways were
parallel with the hillslope, there is a possibility that the overland flow may lead to increased runoff
and stream discharge.

Jahanfar et al. (2020) conducted a green roof solar study and found that solar-integrated

green roofs were less effective at reducing stormwater discharge and peak runoff due to rainwater
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redistribution at the dripline. Wang & Gao (2023) also noted the erosion pathways with splash
sediment deposition behind the dripline, and erosion in-front of the dripline. At the experimental
slope’s outlet however, the PV slope in Wang & Gao (2023) study produced drastically less erosion
and delayed runoff and “flood” timing due to overland flow attenuation within the dripline
depression. This agreed with Elamri, Cheviron, Mange, et al. (2018), showing that PV rainfall
interception reduced under-panel erosion. A concern of the Wang & Gao (2023) study design
(which they point out) is their small-experimental scale (4 m? “hillslope”). Additionally, numerous
studies used runoff coefficients (curve numbers) and explained their logic in CN selection (Barnard
et al., 2017; Galzki & Mulla, 2024; Jahanfar et al., 2020; Mier-Valderrama et al., 2024; Pisinaras
et al., 2014; Walston et al., 2021).

At the same agrivoltaic site as Elamri, Cheviron, Mange, et al. (2018), Marrou, Dufour, et
al. (2013) and Marrou, Guilioni, et al. (2013) calculated “deep fluxes” as capillary rise or drainage.
Although they report no significant drainage losses across the growing season, early season
increased irrigation did lead to increased drainage. Capillary rise, however, significantly
contributed to the crop water balance. C. Wu et al. (2022) accounted for this drainage in physical
models of the hydrologic budget, explaining the field capacity exceedance leading to drainage
losses.

Tanner et al. (2020) performed PV-analog data collection for several semi-arid desert sites
and quantifying effects on plant communities. In well-drained high conductivity soils, soil
moisture retention was extremely low (and thus non-beneficial for plants) due to drainage and deep
percolation (Tanner et al., 2020). Merging these concepts together with the highly studied field of
agrivoltaics, vegetative ground cover is a double-edged sword when it comes to drainage. More
drainage means more return to groundwater systems, which would be beneficial in overdrawn
agricultural lands. However, since drainage directly impacts water yield for sub-array plants
(Walston et al., 2021) well-drained coarse texture soils are not optimal for vegetative growth.

Although change in terrestrial ET has been discussed as a plot-scale dynamic, Chen et al.
(2024) was the first to empirically measure a regional change in water balance (ET) as a result of
ten utility-scale solar arrays in China. Using MOD16 satellite data and the Penman-Monteith
method for estimating potential ET (PET), Chen et al. (2024) found that solar significantly reduced
ET by 3% to 18% post-installation. They up-scaled their approach to estimate the change in PET

due to potential future solar coverages of 10, 30, and 50%, albeit these are considerably higher
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than the 1.8% of China’s land surface likely required to meet net-zero requirements (Ji et al., 2022).

A recent collaboration between the Great Plains Institute (GPI), the National Renewable
Energy Laboratory (NREL), the University of Minnesota, and Fresh Energy has created the PV
Stormwater Management Research and Testing (PV-SMaRT) project with the aim of creating and
disseminating tools and best practices for stormwater management at ground-mounted PV sites
(GPI, 2023). The backbone of the technical component of this project is the vadose zone modeling
software HYDRUS-2D/3D, which the team uses along with experimental site data from five
existing arrays (soil moisture, rain gauge) to model soil moisture and stormwater runoff accounting
redistribution of precipitation and site specific physical characteristics such as soil texture, soil
depth, bulk density, vegetative cover, solar panel designs, and climatic factors (Galzki & Mulla,
2024; Mulla et al., 2024). They also emphasize that solar is not a continuous impervious surface
but is a discontinuous impervious surface and should thus be planned for and managed differently
(Mulla et al., 2024). The team has created and shared a publicly available and easy to use
stormwater runoff calculator allowing for rapid estimation of NRCS stormwater runoff curve
numbers (CN) (Galzki & Mulla, 2024).

The PV-SMaRT team also compared their modeled stormwater runoff outcomes with
another critical modeling effort that used the US Environmental Protection Agency's storm water
management model (SWMM), which was used to simulate 100-year storm runoff events (and
others) and change in runoff as a result of a solar installation (Gullotta et al., 2023; Mulla et al.,
2024; Nair et al., 2024). Although fundamentally different, both modeling efforts found that solar
increased modeled runoff or outflow by ~14% during large storm events, with the EPA SWMM
studies finding no runoff impact during smaller events. Both also noted that antecedent and post-
construction physical soil properties (e.g., soil depth, bulk density, and texture) and array design
(e.g., panel-row orientation in regard to topographical slope) play a critical role in generating
runoff (Galzki & Mulla, 2024; Gullotta et al., 2023; Mulla et al., 2024; Nair et al., 2024). Thus,
these dynamics should be key considerations for future solar siting and construction. One takeaway
is clear from both groups, better (and freely available) models of stormwater runoff can help reduce
project costs, both before construction and during operation, of stormwater management design.

Before Yavari Bajehbaj et al. (2024), there were no studies that directly measured or
validated with field data on the hillslope, catchment, or watershed-scale impacts of existing solar

energy installations regarding the proposed benefits or concerns of this section. There are a few
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preceding studies with small-scale experimental results (Baiamonte et al., 2023) and modeled
behavior calibrated with plot-scale field measurements (Mulla et al., 2024), but none had directly
measured change in the connected hydrological landscape beyond the solar site as a result of solar
installation. Yavari Bajehbaj et al. (2024) collected field data on soil moisture, ET, and runoff at
two existing solar farms with vegetation and infiltration basins (trenches). Conferring existing plot-
scale findings, the study reported that solar arrays redistribute water and energy resulting in unique
zones of altered soil moisture, with the drip edge being the most important (greatest increase in
soil moisture) for understanding runoff generation at a site. Vegetation at their array was
established by perennial grasses that were taller in the inter-row spacing than the under-panel
region. The infiltration basins successfully conveyed runoff from the sites, although the lack of
control prevents comparison of basin effectiveness and relative runoff volume.

Baiamonte et al. (2023) was also innovative, using physical models to characterize a suite
of runoff generating processes, although within a small experimental test-plot (two small proxy
panels) and a rainfall simulator. Baiamonte et al. (2023) compared a control bare soil slope (14%)
with solar panel-rows perpendicular and parallel (panel-row faces) to slope direction. Key insights
from this were that both panel-row orientations increased runoff comparably (11.7- and 11.5-times
control slope for panel-row facing perpendicular and parallel to surface slope respectively) and
that time to runoff is shorted by 50% to 25% relative to bare soil for the orientations respectively.
This was also the first study to use physically-based models to extend (up-scale) these micro-
hillslope measured effects to a longer hillslope, finding increased change in runoff volume and
time to runoff (except for parallel panel-row alignment) with longer hillslopes.

Liu et al. (2023) was the first to directly address the concept of hydrological connectivity
(HC), defined as water-mediated transport of matter, energy and/or organisms within or between
elements of the hydrological cycle at an existing utility-scale solar array in Wuzhong, China.
Essentially, HC is a form of emergent behavior. Liu et al. (2023) introduced a novel model, the
Solar-Farm model (SOFAR), to simulate the ecohydrological effects of large-scale solar arrays on
HC and soil erosion. The study found that runoff (99%-154%) and erosion (21%—76%) were both
significantly increased during construction and operation of solar arrays, with the greatest effect
occurring near river channels and with lower vegetative cover. Liu et al. (2023) posit a positive
feedback loop, whereby enhanced runoff from increased soil erosion and sediment transport to

river networks, increasing HC, leading to more runoff.
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1.4.4: Current and future solar coverage of watersheds in the US

Pisinaras et al. (2014) used the SWAT Model to and climate projections to simulate long-
term (90-years) changes in surface runoff as a function of solar-watershed coverage. While more
solar coverage (1 to 5%) within watersheds did lead to increased runoff and percolation potential,
the impact of reductions in site preparation intensity decreased with more solar coverage (Pisinaras
etal., 2014). This begs the question, to what extent does current or future solar impact watersheds?
Figs 2 and 3 show the solar watershed (HUC10) coverage of current (through 2018) solar direct
area and a possible solar buildout for net-zero electricity needs by 2050 respectively. As of 2018,
the Kruitwagen et al. (2021) solar dataset contained 6,342 ground-mounted solar arrays ranging in
size from 379 m? to 23 km? with a total land cover area of 654 km?. The Net-Zero American
(Jenkins et al., 2021) solar dataset contained 9,294 ground-mounted solar arrays ranging in size
from 2,752 m? to 352 km? with a total land cover area of 61,200 km?. The median watershed solar
coverage of existing installations was 0.016% with a max of 3.4%. The median watershed solar
coverage for the highest projected solar coverage (100% renewable by 2050) was 2.0% with a max
of 56%. Albeit the high values for the projected solar coverage seem extreme given existing
infrastructure, Mier-Valderrama et al. (2024) provide an already under construction example of a
watershed with 15% to potentially 30% of a watershed being covered with solar energy land use.
Some future watersheds will experience high solar coverage.

The purpose of creating these maps is two-fold. First, watersheds with intensive existing
solar coverage (>1%) can be the first to develop management plans to optimize stormwater
management and recharge management. Monitoring and modeling results of these management
plans (pre- and post-treatment) will provide insight into which plan works best for a given region’s
water needs. Second, watersheds with extensive future coverage (>5%) can be the focus of pre-
and post-solar installation data collection and models. Performing such models may inform

placement prior to the installation of the systems themselves to suit a region’s needs.
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Figure 4. Solar land footprint of HUC10 watershed area through 2018. Current solar areas
were downloaded from Kruitwagen et al. (2021) reported solar shapes and watershed boundaries
were downloaded from USGS Hydrologic Unit maps. Note that the histogram contains solar
coverage for only the 1,719 (of 18,853) watersheds containing ground-mounted solar.
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Figure 5. Future solar area coverage of HUC10 watershed area. The future solar land footprint
was downloaded from Net-Zero America (Jenkins et al., 2021) reported solar shapes for the 100%
renewable (RE+ E+) scenario, current solar land footprint from Kruitwagen et al. (2021), and
watershed boundaries were downloaded from USGS Hydrologic Unit maps. Note that the
histogram contains solar coverage for only the 3,535 (of 18,853) watersheds containing ground-
mounted solar.

1.5: Simulating hydrological fluxes with limited information: A thought experiment

A 2.3 km? utility-scale single-axis solar array would equate to approximately 160 MWpc
based on a simple area to capacity relationship from Fujita et al. (2023). An array this size in
Michigan could supply electricity to between 30- and 40,000 homes assuming a household average
electricity use of 10.6 MWh yr . Regarding control model performance (low-impact scenario,
assuming no change in model inputs from solar coverage), head residual (simulated minus
observed hydraulic head) root mean square error (RMSE) and mean absolute error (MAE) were
5.47 m and 3.87 m respectively. Residuals were spatially random, except for a clustering of high
head residuals in the southwest portion of the extended model boundary (Figure A29). This may

be due to erroneously high starting head biases derived from the DTW product (Zell & Sanford,
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2020) (shown in Figure A30), or inaccurate low HK values on the border of this region (Figure
Al.2). Residuals relative to recharge (Figure A31) and HK (Figure A32) were homoscedastic.
Residuals at observation wells were high for low observed heads and low for high observed heads,
possibly contributing to the assumption that starting heads in the southwestern portion of the model
boundary were too high (Figure A33). Since this region was outside our area of interest, these
residuals are not of concern for our modeling purposes. The average streamflow in the model year
2013 at the downstream USGS Stream Gauge for the Kalamazoo River at Comstock was 37.39
cubic feet second? (cfs), while computing modeled streamflow resulted in an annual average
streamflow of 35.41 cfs, well within the quartiles for the stream gauge (Figure A34).

We simulated the change in heads and streamflow as a result of two different installation
and management scenarios described by the literature: low- and high-impact. We use this model
to provide an estimate on the potential consequences of improperly managed utility-scale solar in
humid, high-water table, potentially flood-prone regions like Michigan’s southwestern Lower
Peninsula. This model is one of the first to consider groundwater fluxes in relation to solar
installation and design practices. It is essential to note that this is an uncalibrated, single-year,
steady-state groundwater model for a counterfactual solar installation with inherently erroneous
assumptions, specifically regarding the redistribution of recharge due to solar practices (Figure 2
and Figure A26). We did not consider any surficial processes, applying literature values from one
study for the change in runoff and recharge as a result of high-impact solar design and
management. We also assumed there were no stormwater management controls outside of site
preparation and management, which is also counterfactual given that most states, including
Michigan, require stormwater management plans at utility-scale solar installations such as
infiltration basins (PA 233 of 2023, 2024; Yavari et al., 2022).

We also made several assumptions about the low-impact and high-impact site preparation
and management scenarios. While the assumed preparation and management variables are
conceptually reasonable (e.g., high-impact: soil compaction and topsoil removal leading to
reduced infiltration, shading and vegetation removal leading to decreased ET, low-impact: topsoil
conservation efforts and vegetation lead to maintained ET and infiltration), how those variables
manifest in quantitative changes in infiltration, ET, and drainage are not well understood or
constrained by available studies and data. We have also not considered system design (aside from

single-axis tracking mounting).
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With these constraints in mind, covering 2.5% of the Augusta Creek Watershed’s area with
high-impact solar land use resulted in an estimated change in the hydrologic budget of 35,000 m?
yr1. This change in budget created up to a 5% (18 m® day 1) increase in downstream flows (Figure
6B), a0.07 m increase in onsite heads (Figure 6A), and a 1-3% decrease in upstream depth to water
(DTW) (Figure 7). Note that the average DTW in the watershed was ~7 m.

Thus, a takeaway from this simulation is that high-impact solar management may not lead
to a significant change in absolute head but could lead to increased instances of upstream or
downstream flooding in shallow flood-prone systems, an effect that could worsen with the
alteration of rainfall intensity under a changing climate. Importantly, Liu et al. (2023) also found
the greatest potential for increased erosion rates and hydrological connectivity occurred closer to
river channels. Our counterfactual array was within 500 m of both the upstream and downstream
segments of Augusta Creek.
A

Change in Heads (m)

Change in Flows (m~3/d)

-5

Figure 6. Comparison of development scenarios on hydraulic heads and streamflow. Change
was considerd high-impact minus low-impact. Note that negative changes in streamflow indicate
a greater flux out (negative) of the model region for the high-impact scenario (B). Heads displayed
here are from the first (top) layer of both simulations.
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Figure 7. Change in DTW within the Augusta Creek Watershed across scenarios. Change is
the depth to water (DTW) with the high-impact scneario reltaive to the low-impact scenario. Note
that change in depth to water (DTW) is in percent (%).

Although we did not attempt to incorporate surficial and vadose zone hydrology, the lack
of available data and knowledge on how solar coverage affects vadose zone hydrology and how
those effects emerge in groundwater hydrology prevents the inclusion of such models, at least in
a simple thought experiment simulation such as this. Importantly, no studies have incorporated
groundwater flow in their measurement or modeling efforts, making it impossible to compare
results and limitations of this thought experiment.

To properly represent how low-impact and high-impact solar land use alters surficial and
vadose zone hydrology in the region, we would need a physical model of rainwater and energy
redistribution based on more developed design information (e.g., mount technology, panel-row

spacing, panel-row orientation in respect to topographical slope). We would also need to better
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understand variation in soil texture across the region (sandy to loamy) would respond to greater
instances of saturation and hydrological conductivity to reveal if downstream runoff could increase
to the rate that Pisinaras et al. (2014) predicts. Importantly, data available for vadose zone
hydrological responses (e.g., soil moisture) to solar do not broadly exist beyond initial data
provided by a few innovative groups (Kannenberg et al., 2023; Sturchio et al., 2022; Sturchio,
Kannenberg, Pinkowitz, et al., 2024; Yavari Bajehbaj et al., 2024). Although these groups are
filling an essential gap, there is not yet enough available data or knowledge to calibrate a process-
based model using existing resources. Additionally, stormwater management plans would be
required by EPA’s NPDES and more recently in Michigan, PA 233 of 2023 (PA 233 of 2023,
2024) meaning runoff would be captured and rerouted to recharge (likely within an infiltration
basin). Ultimately, we need to better understand how the change in surficial water balance at
existing solar facilities materializes in groundwater heads and streamflows, across a variety of

landscapes and climate zones.
1.6: Frontiers in solar hydrology and knowledge gaps preventing large-scale assessments

Solar hydrology is a rapidly evolving field. More than a third of the peer-reviewed studies
in this review have been published since 2023. Rapid scientific exploration and understanding are
critical given the pace of installation required to achieve net-zero by 2050. However, there remain
key knowledge gaps in the field preventing a comprehensive understanding of how solar energy
landscapes alter hydrological cycles, particularly across scales. There are also new technologies,
designs, and management practices that go beyond mitigating the negative effects of land use
change to restore or manage existing natural resources and ecosystem services. For example, MAR
is an exciting new technique for mitigating flood concerns and regenerating storage in overdrawn
aquifers and should be further explored within solar landscapes. Thorough investigation of these

opportunities can enhance adoption and speed the transition to net-zero.
1.6.1: Limitations of solar infrastructure metadata and open hydrological data

The articles assessed in this review make clear that the solar energy landscapes cannot be
simplified to impervious surfaces. Solar creates a unique disconnected impervious surface that
fundamentally alters where and how water and energy traverse to the ground surface. This
alteration is highly dependent on solar infrastructure design. A lack of solar design metadata
prevents the upscaling, comparison, and generalization of many of the hydrological effects shared
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here. Key design metadata includes site location, extent, total area transformed, total panel-row
area, orientation, tilt, packing, height, mount technology, prior land use, ground cover practices,
soil types, construction practices, stormwater management plans, and numerous other place-based
metrics that will vary from region to region. Acquiring comprehensive and high-quality metadata
on these attributes and sharing them publicly as an open access database is important to a scalable
real world understanding of how the solar energy landscape alters hydrological functioning. There
would also be value in standardizing reporting of these metrics in studies on individuals or groups
of arrays. There is a need for an open and regularly updated database and literature knowledgebase
on many of these attributes to fully realize the benefits of the solar buildout and minimize potential
negative consequences.

In addition to reporting solar design attributes, we see the need for focused in situ data
collection of solar treatment hydrological data and sharing amongst a shared global database. The
Innovative Solar Practices Integrated with Rural Economies and Ecosystems (INSPIRE) initiative
through the DOE and NREL initiated a project like this for agrivoltaics specifically (NREL, 2025).
The InSPIRE group’s mission should be broadly accepted, deployed across numerous solar sites
across the U.S. and internationally, and should be a database for agrivoltaic and non-agrivoltaic
hydrologic datasets. As mentioned, there are a few key groups participating in open data sharing
for metrics like soil moisture and soil physical characteristics (Kannenberg et al., 2023; Sturchio
et al., 2022; Sturchio, Kannenberg, Pinkowitz, et al., 2024; Yavari Bajehbaj et al., 2024). Once
these data are available, we will need scalable and reproducible approaches to model a suite of
existing and future design scenarios (Gullotta et al., 2023; Warmann et al., 2024; Williams et al.,
2025). These gaps prevent high-fidelity modeling and calibration efforts, as displayed with our
thought experiment using MODFLOW.

1.6.2: The value of comparative assessments and treatment-control replicate study designs

Studies that compare solar siting, design, management practices, or spatial effects (e.g.,
unique soil moisture zones—Figure 3) treatments provide the capability of attributing hydrological

changes to the treatment itself as opposed to another confounding variable. Several studies in this

moisture, surface runoff, and erosion consequences between pre-solar agricultural land use, with
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infiltration-excess overland flow while controlling slope and ground cover. Several studies (C. S.
Choi et al., 2023; Cook & McCuen, 2013; Pisinaras et al., 2014; Williams et al., 2023) compared
surface hydrology dynamics (ET, surface runoff, and percolation) between agrivoltaic or native
grass ground covers and bare soil. This is of particular value given that a vast majority of solar in
the US is likely barren or sparsely vegetated given the cost of management (Feuerbacher et al.,
2021; Fujitaetal., 2023; McCall, Macdonald, et al., 2023; NREL, 2025; Stid, Kendall, et al., 2023)
and lack of policy direction or cost support to vegetate these sites. Displaying the costs of bare
soil, gravel, and impervious surface ground cover relative to agrivoltaics from the lens of
hydrology may be a pathway to motivate acceptance of agrivoltaic management practices to reduce
stormwater runoff both at the local and national scales.

One further suggestion for future comparative studies is to employ a treatment, treatment
control, and a control (non-solar or pre-solar). Several studies use a nearby plot of land that is non-
solar as a control, which still provides valuable insight, but it becomes difficult to attribute
hydrological impacts to how solar changes the landscape vs. how the treatment (e.g., graded vs.
non-graded, vegetation vs. bare soil, fixed- vs. single-axis, full-density vs. half-density packing,
arid vs. humid climates) affects the landscape and hydrology. One type of treatment-control study
design that is sparse in the reviewed literature is before-and-after (solar installation) studies. For

(2024) did not compare watershed-scale dynamics pre- and post-solar installation or with bare soil
and vegetation.

There is a clear need for foundational experimental solar facilities with plot-replicate
treatment and control study designs and comprehensive pre-installation characterization to
compare various solar construction and management practices. Additional common catchment and

watershed study designs to inform our understanding of solar energy implications for hydrology
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are paired-watershed studies (McDonnell et al., 2018), v-notch or rectangular weir installation to
monitor runoff and changes in hydrograph function (Dunne & Black, 1970), and isotope tracers to
artificially enrich panel-intercepted waters and determine how rainfall redistribution alters runoff
in a given storm event (Sklash & Farvolden, 1979). While a simple pre- and post-installation
remote sensing study of the persistence of ephemeral streams may also give insight to prolonged
drying, extensive modeling approaches may be needed to pick apart causality between solar being

installed and climate change induced reductions in stream connectivity (Ward et al., 2020).
1.6.3: A holistic understanding of direct and indirect effects

Most of the existing literature on solar and hydrology reports a change in water balance via
direct or indirect impacts, rather than reporting both. Without both, we cannot have a holistic
reported that solar arrays converting irrigated cropland (agrisolar) in California’s Central Valley
resulted in an estimated reduction in irrigation water use of ~6,000 m® ha? yrl. When
ground mounted solar at solar sites of 350 m® ha™ yr-t. Although irrigation and ET are inherently
interlinked in cropland water balance, future studies should seek to report both direct and indirect
changes in inputs and land use opportunity costs to better understand where the water is within

this land use change.
1.6.4: Opportunities to expand study design and regional representation

There is a need for more representative study design and more diverse regionality of solar
and hydrological studies. Regarding regionality, the study area bias of US landscapes could benefit
from a more diverse selection of study sites. More data from more diverse physical conditions
across the US will aid in constraining the physical explanation of reported effects. Additionally,
arid and semi-arid climates seem to dominate much of the literature, with continental climates only
represent 16% of the study distribution and humid climates representing 42%. Solar will be
installed in nearly every climate; it is critical to understand how these effects scale under those
al._(2024) were in a humid continental climate (Dfa), with 84 storm events over just 247 days,
making this one of the only studies to collect such data.

Regarding the representation of the complete solar energy landscape, only a few studies
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considered regional solar deployment and changes in water balance, with fewer considering more
than a few installations (S. Curtis et al., 2020; Stid, Shukla, et al., 2025; Walston et al., 2021). In
most regions, solar arrays are numerous beyond this representation of the landscape, potentially
underestimating the net effects on a larger landscape. Again, this makes having an openly
accessible database of ground-mounted solar installations an incredibly powerful tool to
standardize outcome upscaling. Although plot and watershed scale studies typically provide the
most insight for emergent behavior, the scale of assessment (plot-, watershed-, and plot- and
watershed-scale) was relatively well-distributed (Table 1).

Agrivoltaic solar management is an incredibly powerful method to retain many of the
ecosystem services that agricultural land provides while also benefiting solar energy production
and farmer economic well-being (Barron-Gafford et al., 2019; Mamun et al., 2022; Walston et al.,
2022). Additionally, vegetated ground cover, especially deeply rooted vegetation, reduces
potential erosion and sediment loss and may in general mitigate runoff concerns (Cook & McCuen,
2013; Walston et al., 2021). However, much of the existing body of literature has focused only on
plot-scale vadose-zone effects (79%) of agrivoltaics. Agrivoltaics are much less represented in
watershed (9%) and plot and watershed-scale (32%) studies (Table 1). Thus, more studies on
agrivoltaics could include expanding the assessment, measuring, or modeling of plot-scale effects

to the hillslope, catchment, and watershed-scale effects as a result of agrivoltaic production.
1.6.5: Considering groundwater and more runoff generation processes

It is clear from the plot-scale studies discussed previously that the energy and water
balances of the surface are altered by solar land cover. However, one runoff generation process,
infiltration-excess (Hortonian) overland flow, dominated the studies approaching emergent
behavior discussed here, with drainage or percolation discussed in part in a few studies. Notably,
(2024)reported on incidence of saturation and runoff), recharge and flow in groundwater aquifers,
or lateral subsurface stormflow, which we have known to be the dominant runoff process for over
50-years (Weyman, 1970). Groundwater dynamics are left out of nearly every study and model
design. Groundwater dynamics have long been omitted from hydrological modeling studies and
are invaluable to understanding water balances in almost any region of the world (Singha &
Navarre-Sitchler, 2022).
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1.7: Conclusions

Solar energy will dominate new energy infrastructure in the next three decades. Ground
mounted solar arrays change the pathways through which water and energy reach the ground
surface and leave it, lettering local, regional, and global water balance. Depending on a suite of
site-, construction-, design-, and management-specific conditions, solar energy landscapes can
both increase and decrease soil moisture, hydrological connectivity, runoff, time to runoff, erosion,
sediment load, streamflow, percolation, peak flow, peak flow time, net primary productivity (of
ground vegetation), and ultimately, management of water resources. A large and rapidly growing
body of literature has sought to measure and model these effects, yet knowledge gaps remain that
need to be addressed early in this energy landscape transition. Filling these gaps is critical, seeing
that much of the world's watersheds (in the US, Figure 5) will contain a significant portion of solar

coverage in the near future.
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CHAPTER 2: A COMPREHENSIVE GROUND-MOUNTED SOLAR ENERGY DATASET
WITH SUB-ARRAY DESIGN METADATA IN THE UNITED STATES

Abstract

Solar energy generating systems are critical components of our expanding energy
infrastructure, yet available datasets remain incomplete or not publicly available—particularly at
the sub-array level. Combining the best freely available datasets in the US with object-based image
analysis and machine learning, we present the Ground-Mounted Solar Energy in the United States
(GM-SEUS) dataset, a harmonized, open access geospatial and temporal repository of solar energy
arrays and panel-rows. GM-SEUS v1.0 includes over 15,000 commercial- and utility-scale
ground-mounted solar photovoltaic and concentrating solar energy arrays (186 GWpc) covering
2,950 km? and includes 2.92 million unique solar panel-rows (466 km?). We use these newly
compiled and delineated solar arrays and panel-rows to harmonize and independently estimate
value-added attributes to existing datasets including installation year, azimuth, mount technology,
panel-row area and dimensions, inter-row spacing, ground cover ratio, tilt, and installed capacity.
By estimating and harmonizing these attributes of the distributed US solar energy landscape, GM-
SEUS supports diverse applications in renewable energy modeling, ecosystem service assessment,

and infrastructure planning.
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2.1: Background and Summary

High-quality spatiotemporal characterization of solar energy systems (photovoltaic-PV
and concentrating solar power—CSP) has historically been sparse, incomplete, or held behind
privacy barriers or paywalls. This gap in data availability has hindered regional- and global-scale
analysis on a key component of the growing and diversifying energy landscape, and inhibits
vigorous solar energy design, distribution, and monitoring investigation. Recently, numerous
groups have attempted to fill this gap using remote sensing, manual digitization, crowdsourcing,
and machine learning techniques to spatiotemporally characterize solar energy across the globe
(Arnaudo et al., 2023; Bradbury et al., 2016; Camilo et al., 2018; Carr et al., 2016; D. Chen et al.,
2024; Y. Chen, Zhou, et al., 2024; Clark & Pacifici, 2023; Costa et al., 2021; Dunnett et al., 2020;
Evans et al., 2023; Q. Feng et al., 2024; Fujita et al., 2023; Ge et al., 2022; Hou et al., 2019; Hu et
al., 2022; Imamoglu et al., 2017; H. Jiang et al., 2021, 2022; Kasmi et al., 2023; Kausika et al.,
2021; Kruitwagen et al., 2021; J. Liu et al., 2024; Malof et al., 2016; Mayer et al., 2022; Ortiz et
al., 2022; Phillpott et al., 2024a; Plakman et al., 2022; Ravishankar et al., 2022; Stid et al., 2022;
Stowell, Kelly, Tanner, Taylor, Jones, Geddes, & Chalstrey, 2020; Tao et al., 2023; J. Wang et al.,
2023, 2024; Xia et al., 2023; Yu et al., 2018; X. Zhang et al., 2022; Zhuang et al., 2020). There
are also others maintaining databases of value-added attributes for a variety of applications
(Barbose et al., 2024; Deline et al., 2020, 2021; EPA, 2024; GEM, 2024; Global Energy
Observatory et al., 2021; NREL, 2025; Seel et al., 2024; Thonig et al., 2023; Wolfe, 2012; Xu et
al., 2024). However, dataset availability, quality, and completeness (scale exclusivity and metadata
coverage) vary widely, leaving key solar energy design information unknown for the broader
scientific community. We aim to fill this gap by compiling a harmonized spatiotemporal dataset
of ground-mounted solar energy arrays in the United States (US). We go further using high-spatial
resolution aerial imagery alongside high-temporal resolution satellite imagery to independently
estimate a suite of installation design metadata that contribute new knowledge on the solar energy
landscape.

Understanding the location and design of current renewable energy infrastructure allows
for more effective modeling, monitoring, and planning efforts for future infrastructure. The United
States Large-Scale Solar Photovoltaic Database (USPVDB) is the most comprehensive publicly
available, regularly updated, and standardized dataset of georectified utility-scale solar arrays in

the US (Fujita et al., 2023, 2024). Importantly, this database contains valuable high-quality
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permitting data from US Energy Information Administration (EIA) Form 860 including
installation year, installed capacity, mount technology (fixed-axis, single-axis tracking, or dual-
axis tracking), tilt, prior land use, agrivoltaic acceptance, and more. Although USPVDB is the
current best available solar metadata asset in the US, it does have limitations. USPVDB reports
utility-scale (=1 MWpc) solar PV installations, which comprise the majority of installed capacity
in the US (Fujita et al., 2023). However, this database omits the more numerous and distributed
commercial-scale (<1 MWhpc) solar PV projects (Perry et al., 2024; SEIA & Wood Mackenzie,
2024) and concentrating solar power (CSP) installations. These limitations leave critical data gaps
in our understanding of distributed energy resources and the solar energy landscape. There are key
differences in the ecosystem service and economic land use trade-offs between commercial- and
utility-scale installations (Stid, Shukla, et al., 2025). Proportionally, commercial-scale systems
tend to reside more often on cropland than utility-scale installations (Kruitwagen et al., 2021) and
experience less regulation and oversight (Gomez-Catasus et al., 2024). Recent work has also
shown that EIA Form 860 permitting data can be incomplete or contain errors (Perry et al., 2024)
and underestimates the total extent of installed solar energy (Phillpott et al., 2024a) us there is a
need for a comprehensive and independent metadata characterization of this rapidly deployed
technology.

Kruitwagen et al. (2021) produced the first global and publicly available geospatial dataset
of solar energy installations. The follow-on product, the TransitionZero Solar Asset Mapper (TZ-
SAM), is an open-access, global, and regularly updated dataset of commercial- and utility-scale
solar facilities, derived using machine learning with Copernicus Sentinel-2 imagery (10 m), trained
and validated on existing and hand annotated datasets (Phillpott et al., 2024a). OpenStreetMap
(OSM), one of the richest geographical databases in existence, also provides access to commercial-
scale and utility-scale solar arrays and panel-row data generated by open collaboration—crowd-
sourced hand annotation of aerial and satellite imagery (OpenStreetMap Contributors, 2024) that
has been used in a number of previous solar data acquisition efforts (Dunnett et al., 2020;
Kruitwagen et al., 2021; Phillpott et al., 2024a; Stowell, Kelly, Tanner, Taylor, Jones, Geddes, &
Chalstrey, 2020). There are concerns about the spatial quality and consistency of medium-coarse
resolution remote sensing and crowd-sourced solar array delineation (Fujita et al., 2023; Hu et al.,
2022; Phillpott et al., 2024b). For example, remote sensing and crowd-sourced datasets are known

to overestimate the total area of an array due to ambiguous array definitions or to classification of
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10 to 30 m satellite imagery (Fujita et al., 2023; Hu et al., 2022; Stowell, Kelly, Tanner, Taylor,
Jones, Geddes, & Chalstrey, 2020). Yet, datasets like TZ-SAM and OSM are critical for filling
temporal, scale, and reporting bias limitations. Together, USPVDB, TZ-SAM, OSM, and similar
high-fidelity spatial delineation and metadata acquisition efforts provide the foundation for
understanding the renewable energy landscape and for the dataset presented here.

Solar array siting, management, and design choices have long-term impacts on electricity
production, the physical landscape, and related ecosystem services. Most often, available datasets
derived on permitting data, remote sensing, or even manual annotation stop at the project or array-
scale. However, sub-array design metadata would allow for the scaling of in-depth design and
design-impact analyses that are often completed at a single system level (Gémez-Catasus et al.,
2024) and thus limited by a lack of high-resolution data. Several modern tools and approaches
have been published working to optimize solar designs for electricity production (Gilman et al.,
2018; Holmgren et al., 2018; Prilliman et al., 2022; Wagner & Wendelin, 2018), co-production of
electricity and vegetation (Jamil et al., 2023; Warmann et al., 2024; Williams et al., 2025) and
stormwater runoff (Galzki & Mulla, 2024; Gullotta et al., 2023; McCall, Daw, et al., 2023; Mulla
et al., 2024; Nair et al., 2024). Along with numerous other tools, these models are dependent on
array location, sub-array panel-row geometry information, mount technology, tilt, ground cover
ratio (GCR), and temporal information which have not been widely available collectively prior to
this work.

Here, we leverage the best available datasets and databases to compile a comprehensive
ground-mounted solar array dataset that is up to date, open access, and not limited to utility-scale
capacity. We also compile existing sub-array panel-row datasets and, where available, use high
spatial-resolution imagery to delineate new sub-array row objects within solar array bounds. We
use this new panel-row delineation to improve existing array and panel-row boundaries, addressing
concerns about accuracy and harmonization of manually digitized datasets and coarse remote
sensing-derived datasets (Fujita et al., 2023; Hu et al., 2022; Phillpott et al., 2024b). We add value
to the dataset by independently estimating several array- and sub-array attributes including
installation year, module efficiency, estimated tilt (fixed-axis) for all arrays, inter-row spacing,
panel-row width and length, and azimuth, for arrays with harmonized or panel-row information.

The Ground-Mounted Solar Energy in the United States (GM-SEUS) v1.0 dataset contains
15,017 ground-mounted solar PV and CSP arrays covering 2,944 km?. The dataset includes 9,631
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utility-scale arrays composing an estimated 184.2 GWpc and 5,386 commercial-scale arrays
composing an estimated 2.1 GWDC, making this the largest publicly available US solar repository
to date (Figure 8). For 9,042 arrays (83.1 GWpc), we delineated 2.92 million high-quality solar
panel-rows, thus improving array geometries and providing sub-array design metadata.
Collectively, the solar panel-row geometries compose 466 km? in total panel-row area. Including
harmonized metadata, 42% of arrays were fixed-axis, 21% were single-axis, 2.1% were dual-axis,
2.6% were mixed, and 33% were unknown. Solar PV GCR varies with mount type, and on average
was 53% for fixed-axis, 42% for single-axis tracking, 50% for dual-axis tracking, and 63% for
arrays with mixed mounts (GCR:). By standardizing the array definition and independently
collecting and delineating panel-row information to derive new array boundaries, we also
addressed several concerns about coarse remote sensing and crowd-sourced dataset boundary
quality.

Several efforts have extracted sub-array design metadata (Arnaudo et al., 2023; Edun et al.,
2021; Perry et al., 2024; Perry & Campos, 2023; Ravishankar et al., 2022; Stid et al., 2022), but
this is the first endeavor to provide a publicly-available dataset of this magnitude and spatial
coverage. Importantly, the dataset is open access with all code and data available for training and
acquisition of new array datasets both in the US and other countries. Greater knowledge on global
solar PV panel-level distribution would enhance use cases reported here to the global PV market
and all impacted landscapes. We intend to update this dataset annually and invite others and

endeavor ourselves to continue to introduce new value-added attributes to this dataset.

40



H3 Hex Count

—_
o
N

2 3 45 6 7 8 9>10 4
GM-SEUS Array Density W

Figure 8. GM-SEUS solar array distribution. GM-SEUS arrays are zonally grouped by number
of solar installations within Uber H3 hexagons (resolution 5). H3 hexagons at this resolution have
an average area of 253 km?.

2.2: Methodology
2.2.1: Compiling existing ground-mounted solar datasets in the US
2.2.1.1: Existing solar array data

We compiled a dataset of distributed multi-scale ground-mounted solar arrays across the
contiguous US (CONUS) through December 2024. We chose to only use freely available datasets
to ensure availability of our results. We used existing ground-mounted solar array datasets in the
US that contained explicit array polygons. Each dataset is unique in coverage and metadata
completeness and was created for a distinct purpose. We collected data from the following open
repositories: The United States Large-Scale Photovoltaic Database v2.0 (USPVDB) (Fujita et al.,
2023, 2024), project and panel-row annotations from OpenStreetMap (OSM) (OpenStreetMap
Contributors, 2024), the TransitionZero Global Solar Asset Mapper Q3-2024 (TZ-SAM) (Phillpott
et al., 2024b, 2024a), a California Central Valley solar PV dataset (CCVPV) (Stid et al., 2022;
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Stid, Shukla, et al., 2023), and a Chesapeake Watershed solar dataset (CWSD) (Evans et al., 2021,
2023).

We defined a solar array footprint or boundary as adjacent, existing, and connected solar
panel-rows (PV or CSP) of the same installation year including the inter-row spacing between
them (Figure 9). We spatially joined existing datasets saving geometry information in the order of
compliance with this definition: USPVDB, CCVPV, CWSD, OSM, and TZ-SAM, with USPVDB,
CCVPV, and CWSD most closely following the provided definition of an array.

Assembly Panel-Row Array Project
+
I 1
Single-Axis N Fixed-Axis Dual-Axis

30° 30°
Azimuth within Azimuth within ;
30° of E or W 60° of S Any Azimuth
L/W > 25 L/W > 2.5 L/W < 2.5

Long-Edge (Length)

—— Azimuth

Figure 9. Conceptual hierarchical system boundaries and panel-row metadata logic. Green
boundaries indicate the conceptual boundary for each term. This study reports the geospatial and
temporal characteristics of panel-rows and arrays. A panel-row a spatially-unigque collection of
one or more panel-assemblies connected by proximity and often sharing one mount, but not
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Figure 9 (cont’d)

necessarily electrically connected. An array is composed of one or more adjacent rows of the
same installation year, and the row-spacing between them. The cell, panel, assembly, and project
are not the system boundaries focused on in this study. The ratio of the long-edge to the short-edge
is the L/W ratio. Azimuth is initially defined as the primary cardinal direction of the short-edge
vector (face of the panel-row) in the minimum bounding rectangle in south facing angles given
that all solar arrays were in the northern hemisphere.

We also compiled existing value-added solar energy datasets that contained location
(latitude and longitude) spatial data without georectified array boundaries. These data were from
the following open repositories: the NREL Agrivoltaic Map from the InSPIRE initiative (NREL,
2025), the LBNL Utility-Scale Solar (USS), 2024 Edition report (Seel et al., 2024), the NREL
Photovoltaic Data Acquisition initiative (PVDAQ) (Deline et al., 2021), the International Energy
Agency and NREL hosted Solar Solar Power and Chemical Energy Systems (SolarPACES)
initiative CSP.guru data product (Thonig et al., 2023), Global Energy Monitor’s (GEM) Global
Solar Power Tracker (GSPT) (GEM, 2024), and The World Resources Institute's (WRI) Global
Power Plant Database v1.3.0 (GPPDB) (Byers et al., 2021; Global Energy Observatory et al.,
2021). Some of these datasets are also compilations of each other and various existing datasets
including the EIA Form 860, Wiki-Solar (Wolfe, 2012), and various other regional and global
sources including those used here. We joined these locations with existing array boundaries using
a 190 m radius, the distance at which ~75% of solar location data is associated with an existing
array (Perry et al., 2024). Again, these input datasets were generated for different purposes and

have distinct coverage and metadata completeness and quality.
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Table 2. Existing and publicly available datasets of solar energy systems.

Array Row CONUS . Install .
Source Y Region Scale Tech Az Tilt Mount GCR Cap
Info Info  Count Year
Comm PV &
GM-SEUS Poly Poly 15,017 CONUS ¢l csp
USPVDB Poly X 4,185 us util PV X
CCVPV Poly  Poly 1,006 CA, US g’g‘trirl' PV X X
Eastern Comm
CWSD Poly X 1,352 States, ; PV (o) X X X X X
Us & Util
Comm PV&
TZ-SAM Poly X 12,208 Global 2"yl csp (o] X X X (o]
Comm PV &
OSM Poly Poly 10,531 Global 2" csp (o) X X X X (o)
. Comm
INSPIRE Point X 571 us & Util PV X X X
. . PV &
uss Point X 1,503 us util csP X X
SolarPACES  Point X 13 Global util CSP X X (o) X
. Comm
PVDAQ Point X 16 CONUS 2" i PV X X X X X
. i PV &
GSPT Point X 5,524 Global util csp X X X X

GPPDB Point X 3,248 Global util PV (o) X X X X

Notes: A (J indicates that the reference dataset contains the attribute for a majority of arrays. An X indicates the
absence of the attribute in the reference dataset for a majority of arrays. A O indicates that the reference dataset
contains partial or limited attribute information (see Appendix B Text A2.2). Datasets contain commercial-scale arrays
if capacity information exists and at least one array with a capacity of below 1 MWpc, and utility-scale 1 MWopc or
above, or if otherwise specified. Az indicates the presence of azimuthal direction and Cap indicates the presence of
capacity information. Note that Comm and Util are shorthand for commercial-scale and utility-scale solar respectively.

2.2.1.2: Georectifying missing solar array boundaries and metadata

The 190 m georectification distance for missing boundary and metadata attribution is
shorter than distances used in similar studies using between 300 m (Stowell, Kelly, Tanner, Taylor,
Jones, Geddes, & Chalstrey, 2020) to 400 m (Dunnett et al., 2020). There were 1,616 arrays with
value-added reference point data and without georeferenced solar array boundary data within 190

m. For the initial GM-SEUS v1.0, we manually digitized and georectified 126 missing array
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boundaries from the NREL Agrivoltaic Map using the most recently available imagery including
National Agricultural Imagery Program (NAIP) aerial imagery (USDA FPAC-BC-GEO, 2023),
Copernicus Sentinel-2 imagery (ESA, 2024), Google Maps basemap imagery (Google Maps,
new boundaries that encompass panel-rows and the space between them. If the array geometry was
present in the existing solar array datasets but was outside the 190 m radius, we georeferenced
information to that shape, and added omitted array boundaries where necessary. Where possible,
we investigated context using the array name (when given) in a Google search (which often pointed
to INSPIRE, OSM, and GSPT repositories), leading to georeferencing and value-added attribute
joining of new and existing objects between 191 m and ~50 km from the provided coordinates.
We omitted 27 solar arrays installed after available reference imagery, or without available
imagery and context. In total, we added 4.26 km2 of new array area for 34 arrays. We intend to
fully delineate and georeference new and remaining 1,490 point data arrays in future version

updates.
2.2.1.3: Existing solar panel-row data

To our knowledge, only two data repositories contain large quantities of freely available
ground-mounted solar panel-row geospatial data in the US, our recently published dataset of panel-
row geometries California’s Central Valley (Stid et al., 2022; Stid, Shukla, et al., 2023), and mixed
array and panel-row data within OSM, most often tagged with generator:source = solar (Dunnett
et al., 2020; OpenStreetMap Contributors, 2024). We took guidance and motivation from existing
OSM solar data extraction methods to extract and process current solar array and panel-row data
from OSM (Dunnett, 2020; Dunnett et al., 2020), although we developed our own independent
workflow. Complete polygon data was extracted from both generator:source = solar (likely panel-
rows) and plant:source = solar (likely arrays) from OSM. We separated panel-rows from arrays
within both tags by checking geometries with comparable panel-row area and perimeter to area
ratios to those panel-rows reported in (Stid et al., 2022). We removed repeat panel objects

prioritizing OSM over CCVPV to remove imagery classification biases.
2.2.1.4: A complete reference dataset of existing ground-mounted panel-row and array data

We excluded rooftop solar arrays by removing existing and digitized array boundaries that
had more than a 50% areal intersection with the Global Google-Microsoft Open Buildings Dataset
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(VIDA et al., 2023), and panel-rows within those array boundaries. Within existing datasets, 1,786
solar arrays and 5,714 panel-row objects were considered roof-mounted and thus removed. The
resulting preliminary dataset composed of existing ground-mounted solar arrays and panel-rows
contained 14,905 array objects with over 3,056 km? in original direct land use area and 1.07 million
unique panel-row objects composing 137.3 km? in direct panel-row area and 4,470 existing arrays.
Prior to enhancing this data, this is the largest freely available dataset of panel-row objects

compiled to date.
2.2.2: Deriving new solar panel-row geometries and attributes

We used unsupervised object-based image segmentation and supervised machine learning
approaches to acquire a high-quality panel-row delineation within solar array boundaries. NAIP
4-band imagery is the only free and widely available imagery with spatial resolution capable of
delineating individual solar PV and CSP panel-rows. NAIP is collected during the primary regional
growing season every two to three years at the state-level at 0.3 to 0.6 m resolution (see Figure
10). NAIP digital ortho quarter quads (DOQQ) mosaics are made available in GEE. At the time
we wrote this paper, the most recent NAIP DOQQ imagery ranges from 2021 to 2023, depending
on the state, flight contracts for specific years, and upload timeline to GEE. During GM-SEUS
processing, NAIP 2023 was actively being uploaded to GEE, replacing 2021 imagery in some
states. We intend to fully reprocess new imagery and update the product later in 2025. NAIP

imagery dates used in the development of GM-SEUS are shown in Figure 10.
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Figure 10. The most recently available NAIP imagery within Google Earth Engine. The color
gradient indicates the within-year acquisition date, ranging from earlier (lighter shade) to later
(darker shades) in the calendar year. These dates represent the temporal limitation of panel-row
delineation and array boundary enhancement based on available imagery (through 2023). Note
that NAIP 2023 was being processed at the time of writing, and has been included for states made
available in GEE by December 2024. Grey areas are either prohibited flight spaces for national
security (e.g., S. Nevada), or where the most recent imagery was prior to January 2021 (e.g., W.
Washington).

2.2.2.1: Panel-row image and object classification

Solar PV and CSP panels and panel-rows are spectrally and geometrically distinct from
other landscapes due to the unique composition, purpose, and design of solar generating units. We
used five spectral indices with reported utility in classifying solar PV panel-rows (Stid et al., 2022)
and solar arrays (Plakman et al., 2022) to train and run a Random Forest (RF) model (Breiman,
2001), a simple non-iterative clustering (SNIC) algorithm, and a X-means clustering model for
solar panel-row classification. The indices were the normalized difference photovoltaic index
(NDPVI) (Stid et al., 2022), the normalized blue deviation (NBD) (Stid et al., 2022), 4-band
brightness (Br), the normalized difference vegetation index (NDVI) (Kriegler et al., 1969; Rouse
et al., 1974), and the normalized difference water index (NDWI) (McFeeters, 1996). These indices
are calculated by:
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where a is a weighting coefficient (0.5) to reduce the importance of variations in the blue band
when differentiating impervious surfaces from the rest of the landscape (Stid et al., 2022).

Although generally unique, the spectral signature of solar panel-rows varies across regions,
technologies, and imagery timing, and atmospheric conditions (Stid et al., 2022). Shadows, water,
and impervious surfaces also generally have low brightness and moderate blue reflectance. This
presents an issue of spectral confusion (noise) in using pixel-based classification techniques alone,
which fail to capture spatial relationships between neighborhood pixels, resulting in considerable
commission error. However, nearly all ground-mounted solar panel-row objects are distinctly
linear and square or rectangular objects with a relatively constrained set of possible sizes and array
layouts. This makes geographic object-based image analysis (GEOBIA), a subset of computer
vision, an ideal approach for improving traditional image classifications of solar energy systems
(Blaschke et al., 2014).

To incorporate spatial context, we clustered imagery within array boundaries using SNIC
of the given spectral indices and a gray-level co-occurrence matrix (GLCM) textural measure (sum
average) of each index. SNIC is a polygonization segmentation approach that generates superpixel
objects across a seed grid based on spatial-spectral context parameters such as compactness,
connectivity, and neighborhood (Achanta & Susstrunk, 2017). SNIC has shown promise in

solar array boundaries in the Netherlands using Sentinel-2 imagery. GLCM textural metrics,
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specifically the sum average, further capture the unique spatial-neighborhood relationships
between proximal panel-row-like pixels. GLCM has demonstrated utility in mapping high-
resolution land cover (NAIP) in combination with RF (Maxwell et al., 2019) and in solar
classification (Q. Feng et al, 2024). SNIC was performed using GEE’s native
ee.Algorithms.Image.Segmentation.SNIC algorithm, and the GLCM sum average (Haralick et al.,
1973; Haralick & Shanmugam, 1974) was calculated for each index using GEE’s native

ee.Image.glcmTexture function and is represented by:
2Ng

Sum Average = Z Pryy (1) Eq. 6

=2

where i is the gray-level intensity of the index, Ng is the range in gray-level intensities within an
image, and px+y is the sum probability of co-occurring pixels in the matrix having the sum
intensity value i. We then randomly sampled the SNIC superpixel clusters of the five spectral
indices and the sum average for each index at 1000 points within each array boundary to train a
locally-relevant X-means clustering algorithm. We used a minimum number of clusters of 2 (solar
and non-solar) and a maximum of 4 clusters, allowing one level of variability in solar and non-
solar supercluster averages (e.g., two module types or two ground covers). For large arrays (>5 ha)
and arrays with multi-polygon boundaries, we split imagery within the array sub-boundary into
equal area chunks (no greater than 5 ha) to enhance computational efficiency and to allow large
arrays to have greater X-means variability.

To classify the unsupervised X-means clusters, we trained and ran a Random Forest (RF)
model to identify panels (distinct from other land covers) within each array. We generated a new
CONUS NAIP training dataset with 12,000 training points composed of 6 classes and 2,000
sample points per class (solar: 0, developed: 1, vegetated: 2, water: 3, snow/ice: 4, barren/sparse
vegetation: 5). This training dataset is distributed along with the GM-SEUS data to facilitate others
doing land use classification with NAIP data. To generate solar samples, we randomly sampled
2,000 panel-row centroids in existing solar panel-row data that were installed across CONUS prior
to 2023. We acquired land cover samples from 2018 and 2019 NAIP imagery random sampling
within 25,000 Land Change Monitoring, Assessment, and Projection (LCMAP) validated

of 10% of the plot sampled), ensuring each class had the closest to 2,000 samples as possible given
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class limitations. Given that LCMAP contains few examples of snow/ice plots, we also randomly
sampled ~2,000 snow/ice points from the Randolph Glacial Inventory (RGI Consortium, 2023)
within CONUS. Qualitatively, we observed that within array bounds where existing ground cover
is relatively constrained to vegetation, barren surfaces, and impervious surfaces, known CSP
panel-rows were often spectrally similar to snow/ice due to the high reflectance of CSP reflectors,
and CdTe/thin-film panel-rows could be spectrally similar to water because of the high absorbance
of the visible and NIR spectrum. Thus, the final solar classification image included those
respective classes for CSP and thin-film module type installations.

We classified the original NAIP imagery using the five spectral indices and the new NAIP
training dataset with 200 trees and a bag fraction of 0.5. The RF model had an overall accuracy of
99.6% based on the aggregated performance per tree and an out of the bag error estimate of 0.35.
Each cluster with the majority of its area classified as solar (or water and snow/ice in the respective
cases), was assigned to the solar class. We then eroded small islands (commission errors) and filled
holes (omission errors). Panel-rows were then vectorized and negative-buffered by a single pixel
width to dissolve single-pixel inter-row connections. Given the large number of vertices captured
by sub-meter image classification, we improved processing and storage efficiency by saving the
convex-hull of each pixel-based panel-row as the final geometry. Panel-rows with an area greater
than three-times the median within-array panel-row area (likely inter-row connections could not
be dissolved) were allowed to maintain their pixel-based geometry. Arrays without newly
generated panel-rows, or with new total array areas that were less than 15% of the initial array area

were omitted. All imagery and data were accessed, trained, classified, and analyzed in GEE.
2.2.2.2: Estimating panel-row azimuth, mount technology, inter-row spacing, and tilt

We estimated the azimuth and mount technology for each panel-row object. We defined

the azimuth as the primary cardinal direction of the short-edge vector in the minimum bounding
rectangle (£180°). In the northern hemisphere, the azimuth of a solar panel-row is not likely to be
north facing (270° to 360° and 0° to 90°), thus, we added 180° to any short-edge vector with a

cardinal direction classified in these ranges. In the final GM-SEUS dataset, the average azimuth
(avgAzimuth) for single-axis mounted solar arrays was corrected to the southward-normal

(perpendicular) angle to the panel-row face direction to follow azimuth definitions in existing
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datasets (Fujita et al., 2023; Seel et al., 2024). The final panel-row dataset maintains azimuth
(rowAzimuth) as the primary direction of the short-edge vector (panel-row face).

To classify mount technology, we also calculated the length ratio of the long vector to the
short vector and the ratio of panel-row area to bounding box area. The conditions for classifying
mount technology were: single-axis—azimuth is within 30° of east or west and length ratio is
greater than 2.5, fixed-axis—azimuth is within 60° of south and length ratio is greater than 2.5,
dual-axis—the length ratio is less than 2.5. We also calculated the distance between each panel-row
and the nearest panel-row (rowSpace) in the azimuthal direction for fixed- and single-axis panel-
rows and all directions for dual-axis panel-rows. Azimuth and mount classification logic is similar
to other studies (Edun et al., 2021; Perry & Campos, 2023) shown in Figure 9.

Optimal fixed-axis tilt (tiltEst) is generally considered directly correlated with array
latitude, with slight deviations at higher latitudes (Martin-Chivelet, 2016). However, local climate
and topography also play an important role (Al Garni et al., 2019). Using newly acquired azimuth
and mount metadata, we estimated optimum tilt angle (tiltEst) for fixed-axis solar PV arrays (and
mixed-mounted arrays) using the pvlib iotools package (Holmgren et al., 2018; Jensen et al., 2023).
The latitude and longitude of each array was used to retrieve local typical meteorological year
(TMY) data from the PVGIS-ERAS v5.3 database (European Commission, 2024). The TMY data
provided location specific irradiance data that incorporates shading from local topography. Global
plane of array irradiance for orientations between 10 and 70 degrees from horizontal facing the
avgAzimuth were modeled using the TMY and an isotropic model in python. The tilt with the

greatest annual modeled global plane of array irradiance was selected for tiltEst.
2.2.2.3: Quality control with panel-row object-based knowledge

To ensure high-quality reporting of solar panel-row and array metadata, we retained only
panel-rows that were geometrically consistent and produced reasonable array boundaries. This
means that the final datasets are spatially conservative, omitting array and panel-row area (and at
times, panel-rows within an entire array) thus under-representing the actual spatial footprint of the
array (see Figure 12). Thus, in addition to the quality-controlled dataset of array and panel-row
boundaries, the data repository contains the raw GEE output for all NAIP classified panel rows.

The vectorized panel-row dataset contained commissions that were geometrically

dissimilar to true positives within the dataset (universally) and within the array (locally). Thus, we
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universally removed panel-rows based on several criteria. First, we removed panel-row objects
that were outside a minimum (15 m?) and maximum (2000 m?) panel-row area based on the
minimum and maximum panel-row areas of the existing panel-rows dataset. We then universally
removed any panel-row object with a perimeter to area ratio less than the minimum of the existing
panel-row dataset (0.18).

Locally (within each array) we removed panels in which two or more of five geometric
similarity measures failed: (1) mount technology of the panel composed less than 10% of the array,
(2) ratio of the long-edge to the short-edge (length ratio) more than three standard deviations from
the array mean, (3) the ratio of the panel-row area to the bounding box area more than three
standard deviations from the array mean, (4) the perimeter to area ratio more than three standard
deviations from the array mean, and (5) the Polsby-Popper ratio of Compactness more than three
standard deviations from the array mean. The Polsby-Popper ratio, first used to defend against

gerrymandering (Polsby & Popper, 1991), is defined by:

4 x T *x rowdrea

Compactness = -
p rowPerimeter? Eq. 7

While removing universal and within array outliers removed a considerable quantity of
commissions, some arrays contained overall low-quality classifications leading to retention of low-
quality panel-rows objects. To address this, we created temporary solar array boundaries from the
panel row objects (see Enhancing existing array boundaries with panel-rows). We then calculated
the new array area and the perimeter to area ratio of the new array and the original existing array
shape. We remove array-wide panel-row objects that were less than 25% of the original array area
and greater than 99th percentile of the existing arrays perimeter to area ratio.

In total, we removed 36,000 panel-row objects due to within-array geometry quality control
concerns and 48,000 panel-row objects due to poor array-boundary delineation. We also removed
4,000 panel-rows where the disconnected area composed less than 1% of the total array area. To
create the final GM-SEUS panel-row dataset, newly derived panel-rows were merged with existing
panel-rows giving preference to existing panel-rows. The result was 1.07 million panel-rows from
existing sources, and 1.85 million newly delineated panel-rows. The panel-row and enhanced array

boundary delineation workflow is shown in Figure 11.
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Figure 11. Example panel-row and array boundary delineation by mount technology. The
left column contains NAIP aerial imagery and input geometries originating from the Source dataset
of greatest spatial quality for that array.

2.2.3: Deriving new solar array geometries and attributes
2.2.3.1: Enhancing existing array boundaries with panel-rows

We created new solar array geometries from GM-SEUS panel-rows using a buffer,
dissolve, and erode approach. The selected buffer distance was 10 m, allowing for large panel-

assemblies in panel-rows and high-latitude panel-rows to both have large (up to 20 m) spacing.
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This is similar to our previous approach where we used a five-meter buffer to group panel-rows
into an array (Stid et al., 2022) and to (Hu et al., 2022) who used a three meter buffer to assign an
array group for rooftop solar. Importantly, the erosion used here removes the area external to the
panel-rows and the space between. Thus, this process inherently aligns with our definition of a
solar array spatial footprint.

The GM-SEUS repository contains a version of all newly created array boundaries from
the final panel-row dataset and a version of all existing array boundaries replaced with newly
delineated array boundaries where available. We maintain USPVDB and CCVPV array boundaries
due to their completeness (see Figure 12) and match our definition of an array. OSM, CWSD, and
TZ-SAM arrays do not inherently follow our definition of an array and contain manual delineation
(OSM and CWSD) and coarse resolution remote sensing (CWSD and TZ-SAM) biases (Fujita et
al., 2023; Phillpott et al., 2024a). Additionally, given that CWSD and TZ-SAM arrays are
independent of project-level metadata, we allowed newly delineated disconnected array shapes to
be considered as separate arrays in this source dataset. For these arrays, we grouped newly created
sub-array geometries by the same installation year (see Estimating installation year), allowing
arrays installed in different years to be their own installation. In total, 5,017 arrays (174 km?)

received a new array boundary delineation. The original area of these arrays was 281 km?.
2.2.3.2: Estimating ground cover ratio (GCR)

Ground cover ratio (GCR), sometimes referred to as packing factor (PF), has previously

been defined by two different relationships. We calculate and report both by:

CCR. = totRowArea
V'™ totArea* Eq.8
rowWidth
GCR, = Eq.9

rowWidth + rowSpace

where totRowArea is the top-down or apparent total panel-row area within an array at peak solar
inclination (for tracking arrays), totArea” is the total land area of the panel-rows and the spacing
between them (Cagle et al., 2023; Gordon & Wenger, 1991; Martin-Chivelet, 2016; Narvarte &
Lorenzo, 2008; Ong et al., 2013; Stid et al., 2022), which is equivalent to totArea for arrays with
complete panel-row delineation and arrays were a new boundary was delineated and replaced an

original boundary, rowWidth is distance from the bottom edge to the top edge of a row along the
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short edge, and rowSpace is the distance (azimuthal distance fixed- and single-axis) from an array
edge to the nearest panel-row edge. The sum of rowWidth and rowSpace is the horizontal ground
distance between any identical point of a module in a directly adjacent row (Gilman et al., 2018;
Prilliman et al., 2022; Tonita et al., 2023). We fill in gaps with available CCVVPV packing factor
reported values and estimate GCR for arrays without panel-row information using a multiple linear
regression between latitude and longitude in relation to GCRy and GCR> from arrays with panel-

row information for each mount technology and for PV and CSP arrays independently.
2.2.3.3: Estimating installation year

Solar array installation year is often acquired by change detection and manual validation
of aerial and satellite remote sensing imagery where permitting data is not available (D. Chen et
al., 2024; Kruitwagen et al., 2021; Phillpott et al., 2024a; Stid et al., 2022; Tao et al., 2023). Given
the lack of permit data for most of GM-SEUS and the quantity of installations, we needed a way
to independently and automatically estimate the year of completed installation. We used the GEE
implementation of Landsat-based detection of trends in disturbance and recovery (LandTrendr)
algorithms (Kennedy et al., 2018) to estimate the solar array installation year. LandTrendr is a
suite of temporal segmentation algorithms tailored to detecting changes in forested areas at 30 m
resolution, but with broader applications. We previously used LandTrendr and NDPVI to detect
solar installation years between 2008 and 2018 in California with a 79% accuracy within one year
of the manually validated installation year (Stid et al., 2022).

Temporal segmentation requires a significant change in pixel spectral trajectory, which is
dependent on the historical land use and land cover, and the subsequent land management between
the arrays. Landsat pixels (30 m) contain mixed land cover of panel-rows and the space between
them, meaning the post-installation reflectance is dependent on GCR, panel-row area, and ground
cover management. Given the broader spectrum of possible spectral histories and variables
affecting solar reflectance across the US and reported utility in employing multiple indices for
LandTrendr disturbance detection (W. B. Cohen et al., 2020), we modified our original approach
to include a multi-index performance-weighted average of LandTrendr years of disturbance across
twelve spectral indices. These were the indices with reported utility in solar detection (NDPVI,
NBD, Br, NDVI, and NDWI) along with seven land use change indices built into LandTrendr
including the enhanced vegetation index (EVI) (Huete et al., 2002), the normalized burn ratio
(NBR) (Garcia & Caselles, 1991), the normalized difference moisture index (NDMI) (Gao, 1996),
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and the Tasseled Cap-Transformations (greenness, brightness, wetness, and angle) (Crist &
Cicone, 1984; Kauth & Thomas, 1976). All built-in indices except EVI take advantage of short-
wave infrared bands that Landsat includes but NAIP does not.

We used LandTrendr and these indices to estimate the year of newest disturbance, or land
use change, within the boundaries of each array polygon between 2009 and 2023, noting that a
significant amount of existing solar has been installed in the last decade (Fujita et al., 2023). We
break each array into composing polygons to allow for multiple installation years within an array
area. We also remove segmented boundary years (2008 and 2024) to address known biases in the
LandTrendr segmentation at edge years (Stid et al., 2022). To promote accuracy, we subset
LandTrendr indices where the mean absolute error (MAE) between the USPVDB permitted
installation year and LandTrendr estimated installation year (~4,000 arrays) was less than 2 years
(NBD, NDPVI, NDWI, TCG, and NDMI). For these indices, we applied an inverse variance-
weighted (VW) average to calculate the installation year. Similar performance-weighted average
approaches are common for various applications (W. B. Cohen et al., 2020; Comte & Olden, 2017;
Merrifield et al., 2020). We then include indices with greater MAE to fill in non-detect installation
years (TCA, NDVI, NBR, Br, TCW, EVI, and TCB). Of the over 16,000 input array polygon
boundaries, this LandTrendr method only omitted an installation year estimation for 41 array
polygons, only 2 of which did not have installation years from other sources.

We independently estimated the installation year for all arrays. However, we also retain
installation years from existing datasets in the following order: USPVDB, InSPIRE, USS,
SolarPACES, GSPT, GPPDB, TZ-SAM, CWSD, and OSM. We omitted CCVPV since the multi-
index performance-weighted average method is more robust than our original single index
approach. We also only included installation year from TZ-SAM and CWSD for 2018 or later,
since these approaches are based on Sentinel-2 availability. When LandTrendr did not result in a
year of detected disturbance, we manually analyzed the installation year using available historical
satellite and aerial imagery for each array and LandTrendr time series plots from methods from
boundaries to be considered their own array and regrouped them if they were installed in the same
year. We provide both a compiled existing installation year (instYr) and the new LandTrendr-
derived installation year (instYrLT) in the final GM-SEUS dataset.
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2.2.3.4: Estimating module efficiency and installed capacity

Installed solar capacity is generally assumed to be directly correlated with panel-row
surface area. Others have used statistical regression relationships between known solar PV
capacity and panel-row surface area (Mayer et al., 2022), along with several adjustable parameters
such as the spectral-intensity of the module surface area (Hu et al., 2022; So et al., 2017). With
temporal information and module composition, we were able to estimate module efficiency and

thus installed capacity for solar PV arrays with (Eq. 10) and without (Eq. 11) panel-row

capMWestp, = totRowArea * 1 * Ggrc Eq. 10

capMWestp, = (totArea™ x GCRypcqr) * N * Gsre Eq. 11

where 7 is the annual average value for ground-mounted systems from Lawrence Berkeley
National Lab’s (LBNL) Tracking the Sun 2024 Report (Barbose et al., 2024) for each technology
(c-Si or thin-film), Gsrc is the irradiance at standard test conditions (0.001 MWpc m~2), totArea™
is the total array area adjusted for area bias of the input dataset relative to USPVDB array area,
and GCRocal IS the estimated GCR; for arrays without panel-row information in relation to latitude
and longitude by mount technology and module type. Note that Eq. 11 and 12 are effectively the
same, because GCRiocal is equivalent to the mount and spatially relevant average ratio of
totRowArea to totArea. Area bias was determined by intersecting array shapes from input datasets
with USPVDB arrays and acquiring the average percent-difference in array polygon area (Figure
12B and 12C). This corrects for array datasets that tend to over or underestimate total array area
(by our definition), reducing erroneous totRowArea estimates when multiplying by GCRiocal.

After dataset harmonization, 59 of 74 CSP arrays were missing a reported installed
capacity. For these arrays, we estimated thermal capacity (MWth) for solar CSP arrays with (Eq.
12) and without (Eg. 13) panel-row information by:

capMWestcsp = totRowAreaessective * Cr Eq. 12

capMWestcsp = (totArea x GCRipcar)effective * Cr Eq. 13
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where totRowAreaesrective 1S the effective panel-row (for CSP, collector) area, estimated for
parabolic trough, linear fresnel, and dish-CSP systems as the half of the circumference of a circle
with a diameter of rowWidth, and for power tower, beam down tower and hybrid-CSP systems as
the totRowArea, Cf is the recommended conversion factor 0.0007 MWth m~2 of aperture collector
area to installed thermal capacity (IEA SHC, 2023). Again, totArea * GCRiocal iS a spatial
regression of GCR1 as it relates to totRowArea. Although this technical recommendation does not
extend to tower-CSP plants, we use it for tower-CSP plants due to the lack of available
recommendations. This is a vastly simplified approach, with more robust methods available
(Dobos et al., 2014; Wagner & Zhu, 2011), but beyond the scope of this GM-SEUS initial version.

Similar to other new solar array attributes, we estimate installed capacity for all arrays and
retain capacity attributes from existing datasets with a capacity attribute in order of perceived
quality: USPVDB, InSPIRE, USS, SolarPACES, PVDAQ, GSPT, GPPDB. We chose to estimate
capacity for all CCVPV, TZ-SAM, and OSM datasets using Eq.’s 10-13 (CWSD did not report
capacity).

2.3: Data Records

GM-SEUS v1.0 is available for public use and is provided in the Zenodo Repository (Stid
et al., 2025). The final data repository provides all geospatial files as geopackage, shapefile, and
as CSV. We also provide 17,500 input and target images derived from GM-SEUS and recent NAIP
imagery for direct application in deep learning and pattern recognition use cases. When using these
products, please cite the original data sources and articles (Byers et al., 2021; Deline et al., 2021;
Evans et al., 2021, 2023; Fujita et al., 2023, 2024; GEM, 2024; Global Energy Observatory et al.,
2021; NREL, 2025; OpenStreetMap Contributors, 2024; Phillpott et al., 2024b, 2024a; Seel et al.,
2024; Stid et al., 2022; Stid, Shukla, et al., 2023; Thonig et al., 2023) along with this work. All
arrays and panel-rows contain a “Source” attribute, which references the data source of the original
spatial information (see README in the data repository for more detail). See Table 1 for attribute-
level information in each dataset. Data records are up to date through December 2024. The
USPVDB, TZ-SAM, and OSM datasets intend on updating their completeness on a regular basis.
We intend on providing annual updates to this dataset. A complete list of repository file
descriptions and attributes can be found in Appendix B Text A2.1.
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2.4: Technical Validation
2.4.1: GM-SEUS completeness compared to other datasets

Through the end of Q3 2024, the Solar Energy Industries Association (SEIA) and Woods
Mackenzie reported that the US had installed 5.3 million solar systems with a total solar capacity
of ~220 GWpc (SEIA & Wood Mackenzie, 2024). Given available information, ~18% is
residential-scale solar (~40 GWobc), ~12% is commercial- or community-scale (~25 GWpc), and
~70% is utility-scale (~150 GWpc), with more than 80 GWpc installed since 2023 alone (SEIA &
Wood Mackenzie, 2024).

GM-SEUS reports an estimated 186 GWhpc installed through December 2024 (TZ-SAM
and OSM provide the most recent data), or ~107% of non-residential solar capacity (~85% of all
solar capacity) through 2024. We also provide new sub-array metadata for 9,042 arrays (83.1
GWDC), 5,858 (16.7 GWpc) of which are not contained within USPVDB. Note that we include
all arrays from USPVDB and TZ-SAM but refine the TZ-SAM array area where panel-row
information is available and independently estimate installed capacity using site-level information.
It is important to consider that due to quality control and inspection requirements, NAIP imagery
is always at least a year behind. This means that we are not able to directly determine commission
error (non-solar) in the existing dataset compilation. However, if we only consider arrays verifiable
with recent imagery (USPVDB, CCVPV, OSM, and georectified arrays, and arrays with compile
or identified panel-rows), total GM-SEUS installed capacity is 125 GWpc, 72% of reported non-
residential capacity through 2024. Though high-resolution imagery is temporally limiting, it is thus
likely that some arrays derived with moderate resolution remote sensing (CWSD, TZ-SAM)
contain non-solar commissions.

For reference, within CONUS, the USPVDB v2.0 is complete through Q3 2023 and
represents a permitted 90.4 GWpc (Fujita et al., 2024), or ~65% of non-residential solar capacity
through 2023. TZ-SAM Q3 2024 estimates capacity by array area and country-wide values for
GCR and inverter-loading ratio (ILR) and represents 197 GWac within the CONUS (~253 GWpc
assuming a median ILR of 0.22 from USPVDB), or ~145% of non-residential solar capacity
(~115% of all solar capacity) through Q3 2024 (Phillpott et al., 2024b). Though, note that coarse
GCR estimates, and medium-coarse satellite imagery generated array geometries may
overestimate encompassed area and thus estimated capacity (Fujita et al., 2023). This is evident in
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the TZ-SAM arrays that intersect USPVDB arrays, which overestimate total array area on average
by ~45% (by our definition of an array — Figure 9 and Figure 12) and installed capacity by ~27%
(assuming 0.22 ILR) for the same arrays.

Many of the input datasets report being the most complete or comprehensive for their scope
at the time of publication. We have compiled these data repositories, removed repeat information
preferencing quality, acquired updated data from OSM, and improved spatiotemporal
characterization for several existing array datasets. GM-SEUS is thus a harmonization and
enhancement of the most comprehensive publicly available ground-mounted solar energy datasets
available in the US given (see Table 2). However, we exclude non-contiguous US regions and
residential and rooftop systems. The most comprehensive residential and rooftop datasets to-date
Taylor, Jones, Geddes, & Chalstrey (2020) in the United Kingdom (data: (Stowell, Kelly, Tanner,
Taylor, Jones, Geddes, Chalstrey, et al., 2020)).

We have inevitably omitted existing ground-mounted solar energy systems and likely
included commissions (non-solar objects). We have no way of knowing the extent of omission
error beyond comparing against broad solar industry trends and acknowledging the 1,490 point
data sources that we still need to manually georeference and digitize. Commission error is also
difficult to quantify given high-resolution imagery temporal limitations. For example, we have no
way of knowing if arrays without available NAIP imagery including panel-rows are: 1) arrays
installed after the most recent NAIP imagery or 2) inclusive of non-solar objects. There may also
be situations where erroneous classifications of non-solar objects passed the panel-row quality
control. In general, validation of completeness is limited by our reliance on freely available data
and our decision to not include additional existing data held behind paywalls. The difficulty in
validating GM-SEUS underscores the motivation to create this product along with similar efforts.

2.4.2: Spatial confidence in array and panel-row delineation

The EIA Form 860 and USPVDB is the most rigorous, robust, and widely available data
from which to compare our results and is often the source for metadata on other existing datasets.
The hand delineated array boundaries in USPVDB ensure completeness also match our definition
of an array (Figure 9). Thus, for both spatial confidence and attribution technical validation, we
compare our results to USPVDB alone.

We generated panel-row geometries for 9,042 arrays. Although we maintain USPVDB
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boundaries in the final dataset, we use these high-fidelity hand delineated boundaries to validate
our NAIP array delineation approach for other existing array datasets. To evaluate confidence in
newly generated array geometries, we use the Jaccard Similarity Index, also known as the
Intersection over Union (loU) (Levandowsky & Winter, 1971). loU is bound by 0 and 1, where
zero indicates no overlap and 1 indicates identical overlap of input geometries (A, B). loU was
calculated by:

ANB
AUB

IoU(A,B) = Eq. 14

We generated panel-rows using NAIP imagery and created array boundaries for 2,871 of
4,185 USPVDB arrays (52.9% of total USPVDB area). We calculated the 1oU for all NAIP panel-
row delineated array boundaries that intersected with any USPVDB array polygon. Due to
USPVDB multi-polygons and connected array shapes, we dissolved all boundaries and considered
any individual polygon where boundaries overlapped. The 1,314 array omissions were due either
to poor quality panel-row or array delineation or outdated imagery compared to the installation of
the array. Though, note that this partial coverage is only for array boundary delineation method
validation and that we include all USPVDB arrays and array area in GM-SEUS.

The median loU for array GM-SEUS boundaries was 0.88 (Figure 12A), which is
comparable and even superior to numerous instances of 1oU being used to validate solar array
boundary delineation (Bradbury et al., 2016; Kruitwagen et al., 2021; Plakman et al., 2022;
Ravishankar et al.,, 2022; Tao et al., 2023). The NAIP panel-row delineation method
underestimates USPVDB area on average by ~12% (Figure 12B and 12C). This makes sense,
given our highly-conservative panel-row selection for high-quality sub-array metadata and that we
only consider array area within the existing array boundary. We also compared the spatial array
delineation of existing datasets to USPVDB using loU resulting in median values of 0.95 for
CCVPV, 0.85 for CWSD, 0.83 for OSM, and 0.69 for TZ-SAM, with proportional coverage of
USPVDB area being 3.5% for CCVPV and CWSD, 93.0% for OSM, and 99.6% for TZ-SAM.
Note that CCVPV and CWD more closely follow the array definition used here (and in USPVDB),
where OSM and TZ-SAM more closely correspond to project area (Figure 9).
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Figure 12. Spatial validation compared to USPVDB. GM-SEUS array boundaries considered
here are all those newly derived by the NAIP segmentation approach. (A) Cumulative distribution
function of the loU for each existing (TZ-SAM, OSM, CWSD, CCVPV) and new (GM-SEUS)
array dataset relative to USPVDB. (B) Total area of intersecting arrays with USPVDB representing
the USPVDB area intersecting with array area and Ref. Data representing the intersecting
reference dataset array area. from other existing and new datasets. (C) Proportional array area
difference for existing and new array dataset boundaries intersecting USPVDB.

We also used loU to compare newly generated GM-SEUS panel-rows to existing OSM and
CCVPV panel-row datasets, given that USPVDB does not provide panel-row spatial data. The
median loU for GM-SEUS panel-row boundaries was 0.48 (Figure 13A). This is considerably
lower than the array boundary loU, though comparing high-spatial resolution individual panel-
rows is similar to pixel-wise loU, which are known to have lower scores than array-wise loU (Hu
et al., 2022). Additionally, OSM contributors most often use Bing or Maxar imagery to delineate
panel-rows in the OSM user-interface (OpenStreeMap Wiki, 2024). Horizontal accuracy standards
for NAIP rectification require 95% confidence within 4-meters of true ground (Maxwell et al.,
2017). At the scale of panel-rows, ground sample errors of up to a few meters can mean entirely
missing or missing in part panel-row overlap with panel-rows hand delineated by OSM. Thus,
what is more spatially important than panel-row geometric alignment is the correlation between
total estimated panel-row area within each array (Figure 13B) and the difference in total panel-
row for each individual intersection (Figure 13C and 13D). Figure 6B shows that array-total panel-
row area is highly correlated (log-log transform R? = 0.95) between existing panel-rows and GM-
SEUS NAIP-generated panel-rows, and that NAIP-panel-rows area ~15% larger than hand
delineated panel-rows (Figure 13C and 13D).
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Figure 13. Spatial validation compared to input existing panel-row datasets. GM-SEUS
panel-row boundaries considered here are all those newly derived by the NAIP segmentation
approach. (A) Cumulative distribution function of the loU for GM-SEUS NAIP panel-rows and
existing panel rows. (B) Log-Log transformed relationship between total panel-row area within a
unique array for existing GM-SEUS NAIP panel-rows. (C) Total area of intersecting panel-rows
with Exist. Rows representing the existing panel-row area intersecting with panel-row area of
NAIP Rows, representing the intersecting GM-SEUS NAIP panel-row area. (D) Proportional
panel-row area difference for GM-SEUS NAIP panel-row boundaries intersecting existing panel-
row boundaries.

2.4.3: Attribute validation

We estimated several solar array and sub-array characteristics that have available reference
data for validation. We estimated the array installation year based on the LandTrendr-derived year
of greatest spectral change, module efficiency based on installation year and module type, GCR
based on new and existing panel-row delineation, installed capacity based on panel-row area or
local GCR, predominant array mount technologies and azimuth based on panel-rows, and panel-
row tilt based on latitude. We are not aware of validation datasets for other sub-array metadata
metrics.

We harmonized and estimated the installation year for all arrays in GM-SEUS. Comparing
GM-SEUS to the utility-scale solar arrays in USPVDB v2.0, the estimated installation year MAE
was 1.52 years (Figure 14). Error was skewed high in early installation years and low in late
installation years, displaying limitations in this short-year-range and high spatial-resolution
application of LandTrendr temporal segmentation. However, the more available years to segment,
the less impact this error will have. Additionally, some indices (NDB and NDPVI) did not have the
early installation year bias. For the individual indices used in estimating installation year, NBD
had the lowest MAE (1.53 years) and TCB had the greatest MAE (4.07 years). Within USPVDB,
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individual indices omitted installation years for between 113 arrays (TCG) and 551 arrays (TCB).
In total, 66% of estimated installation years were within one year of permitted installation year,

and 80% were within two years.
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Figure 14. Estimated installation year validation compared to USPVDB. Boxplots show
quartiles and median installation year deviation, with high values indicated an overestimate of

installation year. The dotted red line indicates no deviation, and the red alpha range displays a £1
year deviation range.

We acquired permitted peak capacity from existing data sources for 4,894 arrays and
estimated capacity for the remaining 10,123 arrays in GM-SEUS. Compared to USPVDB,
estimated installed capacity log-log transform R? of 0.84 for solar PV arrays (c-Si and thin-film).
We did not perform a statistical analysis for CSP estimated capacity given the small number of
available validation data and difficulty in estimating capacity using estimated aperture area alone

(Eqg. 12 and 13). Estimated capacity error is shown in Figure 15.
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Figure 15. Estimated installed capacity validation. Note that the plot and regression are Log-
Log transformed.

Relative to USPVDB, GM-SEUS mount types were correct 92% of the time. Regarding
ground truth (64%) and of permitted tilt within 5 degrees of ground truth (63%). For GM-SEUS,
89% of reported azimuth values and 12% of reported optimal tilt values were within 15 and 5
degrees of permit-reported azimuth and tilt respectively. Note that rather than estimating actual
tilt, we estimate optimal tilt for an array using local TMY and topography data. Expanding the
threshold, estimated optimum tilt was within 10 degrees of permitted tilt for 41% of arrays with
permitted tilt, and 80% within 15 degrees of permitted tilt.

Median GM-SEUS Solar PV GCR;: values were 53% for fixed-axis, 42% for single-axis
tracking, 50% for dual-axis tracking, and 63% for arrays with mixed mounts. We compared GM-
SEUS GCR (GCR;y) estimates with CCVPV packing factor estimates (Stid et al., 2022), estimates

total). We considered 230 dual-axis systems, 5,282 fixed-axis systems, 2,583 single-axis systems,
and 298 mixed-mount systems. GCR1 and GCR: distribution and comparison to validation data is

shown in Figure 16.

65



1.0 — ———
0.9 4 I-
© 0.8+ S
507-
g 0.6
3
S 0.5
T 0.4 1
=
0.3
° " mmm GCR1
O 0.2 {--T-rmmen _— == BN GCR2
i - [ CccvPv
0.1
0.0 I Ong
‘ Fixed-Axis Single-Axis Dual-Axis Mixed

Mount Technology

Figure 16. Ground cover ratio distribution compared to existing sources. GCR1 and GCR; are
newly derived metrics described by Egs. 8 and 9. CCVPV is the packing factor for only fixed- and
single-axis tracking arrays from Stid et al. (2022), and Ong represents reported packing factor
values from Ong et al. (2013). Although not included in the graph, Phillbott et al. (2024) reports
GCR for small (43%), medium (36%), and large (30%) arrays.

2.4.4: Additional limitations of GM-SEUS Version 1.0

Despite our best efforts, we acknowledge limitations in the creation of GM-SEUS. We
already noted several limitations including reported attribute error, potential omission of existing
arrays, evaluation issues due to imagery horizontal accuracy, and potential inclusion of non-solar
characterization using overhead imagery. These include issues with distribution shift, availability
of testing data, standardization of comparison metrics, and the scale of evaluation impacting
reported performance. Where possible, we mitigate these pitfalls by evaluating performance with
data of similar scope and coverage (USPVDB) and at the array or panel-row level, rather than
aggregating (Hu et al., 2022). We also make our dataset publicly available and use common
evaluation metrics (e.g., loU).

There are additional challenges when using NAIP for image classification due to high-
resolution aerial imagery metadata variability. These include timing of acquisition (season, date,
time of day), camera tilt, look angle, flight path mosaic and georectification artifacts, and low-
radiometric resolution (Maxwell et al., 2017). On a pixel-wise basis, for example, these challenges
could lead to underestimating the panel-row area of a single-axis tracking system if imagery was

acquired at the start or end of contracted flight time (Bunis & Mootz, 2007). We have accounted
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for this bias in the past by trigonometrically correcting panel-row area based on the maximum
estimated tilt angle of the tracking mount at the timing of imagery (Stid et al., 2022). Though, even
at sub-meter resolution, this correction could overestimate panel-row area if edge-pixels (or
shadows) were included in the classification or if tilt is lower than expected. In fact, we know that
in some arrays, GM-SEUS overestimates panel-row area due to convex-hull operation and
commissions including shadows and access roads (Figure 13C-13D and Figure A35). This
example may also explain some uncharacteristically high GCR values, particularly for dual-axis
installations (Figure 16).

Conversely, we also underestimate total array area compared to USPVDB (Figure 12B and
12C), in part due to correcting inconsistencies with hand annotation (Figure 4), but also due to
conservative panel-row quality control resulting in holes and disconnected array boundaries
(Figure A35). We accept this limitation here because we valued high-quality panel-row metadata
over within-array panel-row completeness. Ultimately, panel-row area (Figure 13B-13D) and
GCR (Figure 16) estimates indicate that panel-row area and packing layout are generally consistent
with prior findings and data, with a slight overestimation of panel-row area. Additionally, at the
time of writing, TZ-SAM released a new version of their data product (Q4 2024) that is not

included here but will be included in a version update.
2.5: Usage Notes

The goal of this effort is to provide researchers and policymakers with a distributed ground-
mounted solar array dataset and sub-array design metadata on the existing US solar energy
landscape. Additional examples of applications for a harmonized and more comprehensive dataset
of ground-mounted solar energy installations with sub-array design information, capacity- and
technology-inclusive array data, and installation year, may include: high resolution nowcast
modeling and grid/transmission planning (Bright et al., 2018; Buster et al., 2024; Price et al., 2025;
Samu et al., 2021; US DOE, 2024); grid pricing and incentive planning (Laws et al., 2017);
tracking policy effectiveness (Crago & Chernyakhovskiy, 2017); evaluating property value
impacts (Elmallah et al., 2023; Hao & Michaud, 2024); assessing public perception towards
projects with varying scale and levels of community engagement (Hoesch et al., 2025); tracking
agricultural production opportunity costs (Stid, Shukla, et al., 2025); modeling carbon storage and
sequestration potential (Krasner et al., 2025); modeling potential for habitat connectivity and

pollination services (Walston et al., 2018); pattern recognition and training deep learning semantic
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segmentation models—see Appendix B Text A2.2 (Malof et al., 2016; Phillpott et al., 2024a);
soiling and performance monitoring (Cardoso et al., 2024; Oulefki et al., 2024; Supe et al., 2020);
repowering preparation (T. Curtis et al., 2021); estimating losses due to sub-optimal tilt (Al Garni
et al., 2019); and tracking spatiotemporal material stock in existing infrastructure using historical
material intensity for recycling facility siting and planning (J.-K. Choi & Fthenakis, 2014; Farina
& Anctil, 2022; Hanna et al., 2024; Yuan et al., 2024).

This dataset provides a broad characterization of solar array design practices. Any
characterization of solar array design and management derived from remote sensing imagery
should be considered with extreme scrutiny given the limitations of such approaches (Hu et al.,
2022). While our work fills a critical data gap and compiles and enhances existing high-fidelity
datasets, the design practices reported here are thus subject to uncertainty and should not be used
to represent actual conditions at individual sites. No warranty is expressed or implied regarding
accuracy, completeness or fitness for a specific purpose. We publish this dataset in open access,
for the broader science community, policy makers, and stakeholders in addressing questions about
the existing renewable energy landscape and do not consent to this data being used to target,
identify, or make claims about individual arrays, properties, or entities. Any such use case is
strictly prohibited.
total project area and thus total land transformation (see Figure 9). Any calculation of solar energy-
land interactions (e.g., land-use efficiency, land transformation, or footprint) should consider this
knowledge and report limitations accordingly (Cagle et al., 2023).

2.6: Code Availability

The codebase for data acquisition, harmonization, and processing are available via Github
(https://github.com/stidjaco/GMSEUS) and a Zenodo release (Stid, Kendall, et al., 2025).
Intermediate data products are available upon request, and the data repository README contains
links to all source data portals. The code provided in the Github repository includes both IPython
notebooks and GEE JavaScript files. These GEE files are intended to be uploaded and processed
in the GEE Code Editor (https://code.earthengine.google.com/), requiring an account and attached
cloud repository.
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We intend to update this work annually, adding new or updated source datasets, re-running
metadata extraction with updated NAIP imagery, and selecting the highest-quality array

delineation from each version.
Acknowledgements

This chapter was co-authored by Anthony D. Kendall, Annick Anctil, Jeremy Rapp, James
C. Bingaman, and David W. Hyndman. Funding support was provided by the USDA National
Institute of Food and Agriculture INFEWS grant number 2018-67003-27406 (accession No.
1013707). Additional funding came from the Michigan State University Climate Change Research
Support Program and the Foundation for Food and Agriculture Seeding Solutions grant program.
The authors thank the contributors of source datasets as well as all OpenStreetMap contributors
and community members. Any opinions, findings, and conclusions or recommendations expressed
in this publication are those of the authors and do not necessarily reflect the views of the USDA,
Michigan State University, or the Foundation for Food and Agriculture.

69



CHAPTER 3: IDENTIFYING NEW OPPORTUNITIES FOR DUAL-USE SOLAR ENERGY
PRACTICES ON AGRICULTURAL LANDS IN THE US

Abstract

We are in the midst of a rapid shift in energy landscapes, with solar energy generation
likely to lead the transition in the United States (US). Although necessary, the expansion of solar
energy infrastructure raises concerns about land use tradeoffs, particularly regarding agricultural
and natural ecosystems. In this study, we analyze the current state of US solar siting and
management using a comprehensive national dataset of ground-mounted solar installation.

We use this dataset to quantify prior land use preferences and current prevalence of vegetated,
barren, and impervious ground cover management practices. We find that 61% of solar
installations by area are co-located with agricultural land, yet a large portion (46% of agricultural
solar area) of sites are managed with barren ground cover (57% of all solar area), highlighting new
opportunities for regenerative land management and various co-benefits. Utility-scale installations
dominate overall land transformation, but we find commercial-scale solar is more distributed and
more likely to be sited on marginal farmland and managed with vegetative cover. Our results
underscore the need for improved incentives and policies to promote ecologically beneficial solar
siting and management, ensuring that the US renewable energy transition supports both energy

security and sustainable land stewardship.
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3.1: Introduction

Eliminating global dependence on fossil fuels by achieving net-zero energy generation is
a critical challenge of this century. Solar energy technologies (photovoltaics—PV and concentrating
solar power—CSP) are particularly well-positioned to address this challenge, offering the greatest
potential for rapid expansion in most countries alongside with battery storage (Breyer et al., 2018;
Haegel et al., 2019; Victoria et al., 2021). Solar PV has become the most cost-effective source of
new power (IEA, 2024; IRENA, 2024; Pathak et al., 2023) these can achieve lifecycle carbon,
energy, and economic payback in the United States (US) within just a few years (Roy & Pearce,
2024; Smith et al., 2024; Stid, Shukla, et al., 2025). Although the benefits are clear, the land use
demand of solar power installations remains a challenge (Lovering et al., 2022; Ritchie, 2022;
Trainor et al., 2016), creating competition with natural and anthropogenic ecosystem services
(Hernandez, Easter, et al., 2014).

The opportunity costs of solar energy land transformation depend on the current and future
ecosystem services provided by the sited land (Moore-O’Leary et al., 2017). Effected ecosystem
services can include food production, energy security, water resource management, nutrient stores,
ecological habitat and connectivity, and social or community conditions (e.g., property value). In
an effort to mitigate these tradeoffs, numerous studies have identified the potential for low-impact
or marginal land to satisfy a portion of net-zero land requirements (Cunningham & Seidman, 2024;
Hernandez, Hoffacker, & Field, 2015; Hoffacker et al., 2017; Joshi et al., 2021; Katkar et al., 2021;
Macknick et al., 2013; Markwith, 2025; Milbrandt et al., 2014; G. C. Wu et al., 2020; Yang et al.,
2020). Marginal land uses, such as rooftops, parking lots, landfills, and barren landscapes, have
low opportunity costs because they are unlikely to provide critical ecosystem services that would
be reduced by solar installation.

Agricultural covers nearly half of the US land area (Winters-Michaud et al., 2024) and has
the greatest potential for solar energy generation (E. H. Adeh et al., 2019). It has become one of
the predominant solar land uses globally (Kruitwagen et al., 2021; Maguire et al., 2024), but this
has created a concern that continued solar energy buildout will threaten global food and
agricultural security (Curioni et al., 2025; N. Zhang et al., 2023). Simultaneously, some argue that
solar and agricultural co-location (herein, agrisolar) can enhance food and broader agricultural
security depending on management and financial incentive structures (Cuppari et al., 2024; Stid,

Shukla, et al., 2025). Marginal agricultural land, land with consistently low yields or productivity
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due to physical or nutrient limitations, provides an opportunity for a low-impact land use with
additional co-benefits.

Conversion of natural lands could also disrupt crucial ecological functioning due to habitat
fragmentation, loss, and migration pathway disruption (Cameron et al., 2012; Grodsky et al., 2021;
Grodsky & Hernandez, 2020; Karban et al., 2024; Levin et al., 2023; Rehbein et al., 2020). At the
same time, others suggest renewable energy buildout is not as much a threat as previously believed,
especially with informed siting (Ashraf et al., 2024; Dunnett et al., 2022). Within the US, the most
recent projections suggest that up to 0.7% of natural land and 2.4% of cropland may be required
to meet net-zero targets for 2050 (Diffendorfer et al., 2024). Despite this discourse, there has been
limited analysis of whether solar energy installations in the US are actively converting prime
ecological and agricultural lands, or the outcomes of the realized siting practices (Gomez-Catasus
et al., 2024). Thus, a comprehensive national account of current land use practices for solar
installations is necessary to address these debates and understand potential benefits, consequences,
and opportunities of the realized solar energy landscape.

Siting decisions are a key component in determining the effect of the installation on natural
and anthropogenic resource. Once the site is decided, site management decisions provide another
opportunity to control the impact of the installation on land use. Dual-use designs, like ecovoltaic
and agrisolar practices, have been shown to mitigate negative impacts of solar land use, and can
even regenerate some natural resources (Knapp & Sturchio, 2024; Stid, Shukla, et al., 2025;
Walston et al., 2022). These practices involve the intentional co-prioritization of the site’s physical,
ecological, and anthropogenic needs with electricity generation. This often involves informed
vegetation retention, establishment, or re-establishment depending on the prior conditions of the
site and the surrounding landscape (C. S. Choi et al., 2020, 2023; McCall, Macdonald, et al., 2023).
Relative to conventional solar installations managed with bare soils or gravels, the benefits of these
practices are substantial. Depending on the goal of the site, solar installations can be managed with
native grasses, pollinator habitat, grazing habitat, or crop production within an agrivoltaic site
(Walston et al., 2022).

Although the benefits of vegetation ground cover are clear for stormwater management,
soil health, and habitat, little is known about the actual ground cover practices across the US solar
industry beyond voluntary contributions to the National Renewable Energy Laboratory (NREL)
INSPIRE database (NREL, 2025). Although this is the largest agrivoltaic database in the world
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containing ~600 solar installations with documented vegetated ground cover, these installations
represent a small portion of the total existing solar capacity. These installations may also be biased
towards effective management practices since many are active research sites. The unreported solar
energy landscape and future management practices may fall short of their “green” potential without
additional and clear incentives for establishing and maintaining dual-use practices.

In this study, we used the largest available and most up to date ground-mounted solar
installation dataset in the US to acquire information on the land use and land management practices
of existing solar energy instalaltions. The spatiotemporal granularity of this dataset allowed us to
estimate prior land use practices and current ground cover management practices across the
entirety of the contiguous United States. We first provide a country-wide perspective, then present
results by state and installation year. Finally, we compare commercial- and utility-scale solar
energy practices. Given the pace of buildout, these results are a necessary modern complement to
outdated or underrepresented understandings about where and how the solar energy landscape has

been installed and managed in the US.
3.2: Methodology
3.2.1: Data sources

We used the Ground-Mounted Solar Energy in the United States (GM-SEUS) dataset
developed in Chapter 2 of this dissertation to assess land use and land management practices of
the existing solar energy landscape. GM-SEUS is a spatiotemporally complete dataset containing
array and panel-row boundary information, installation year, and a suite of other design metadata
attributes that is up to date with installations through the end of 2024. Importantly, GM-SEUS
contains information on both commercial- (<1 MWobpc) and utility-scale (=1 MWpc) solar
installations. This dataset compiles, harmonizes, and enhances information from a variety of solar
energy data sources (Byers et al., 2021; Deline et al., 2021; Evans et al., 2021, 2023; Fujita et al.,
2023, 2024; GEM, 2024; Global Energy Observatory et al., 2021; NREL, 2025; OpenStreetMap
Contributors, 2024; Phillpott et al., 2024b, 2024a; Seel et al., 2024; Stid et al., 2022; Stid, Shukla,
etal., 2023; Thonig et al., 2023).

Prior land use and management practices were acquired from a collection of remote sensing
and remote sensing derived datasets as well as several data repositories. We used the United States
Department of Agriculture (USDA) National Agricultural Statistics Service (NASS) Cropland
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Data Layer (CDL) to derive prior land use practices (Boryan et al., 2011; USDA NASS, 2024).
Gaps in CDL availability (pre-2008) were filled in with classes from the National Land Cover
Database (NLCD) from the United States Geological Survey (USGS) (USGS, 2024). We acquired
facility type information from the United States Large-Scale Photovoltaic Database (USPVDB) to
include known brownfields and marginal land uses that are not likely to be represented in CDL
(Fujita et al., 2023).

We used the high-spatial resolution aerial imagery (0.3-0.6 m, 2-3 year revisit cycle) from
the USDA National Agriculture Imagery Program (NAIP) to classify ground cover practices
within the most recently available imagery between 2021 and 2023 depending on the state (USDA
FPAC-BC-GEO, 2023). Ground cover validation data was collected for 599 sites in the US from
the National Renewable Energy Laboratory (NREL) Innovative Solar Practices Integrated with
Rural Economies and Ecosystems (INSPIRE) Agrivoltaics Map (NREL, 2025). Marginal land
Illinois Data Bank (C. Jiang et al., 2022). All remote sensing datasets were obtained (excluding
land marginality) and processed using Google Earth Engine (GEE) JavaScript API, with all other
analysis performed in R and Python.

3.2.2: Classifying prior land use and productivity for solar energy installations

GM-SEUS array boundaries (panel-rows and the inter-row spacing) were used to extract
the spatially predominant (most common) land use land cover (LULC) for five years prior to solar
installation. We aggregated CDL classes (and NLCD classes where necessary) into generalized
superclass categories, which has been shown to enhance overall class accuracy (Lark et al., 2021).
These superclass categories were Cropland, Grassland and Pasture, Natural, and Other LULC.
Similar to the CDL cultivated classification (USDA NASS, 2025), the most common superclass
category over five years prior to installation was considered the prior land use for that array.

There are several key assumptions made with CDL class aggregation. Importantly, the
fallow and idle class (CDL class: 61) was included in the Cropland superclass (Lark et al., 2021).
Additionally, CDL does not differentiate between cultivated pasture and natural grasslands. Thus,
the CDL Grassland/Pasture (CDL class: 176) contained both natural and cultivated grasslands and
composes the entirety of the Grassland and Pasture superclass. The Other LULC category
represents all non-natural or cultivated land covers encompassing mostly land that is considered

low-impact and marginal in use. This category includes predominantly developed and barren land,
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and all brownfield facility types from USPVDB.

Productivity, or marginality, of converted land was estimated using spatially explicit
marginal land classification maps, and maps of land productivity derived from physical landscape
characteristics (C. Jiang et al., 2021). Here, marginality was defined as economically marginal,
and derived by integration of physical datasets and models, climate data, crop models and maps,
and census data, to elicit land productivity, vulnerability, and profitability at 30 m resolution (C.
Jiang et al., 2021). The modal marginality classification for confident and unconfident marginality
and the mean land productivity were extracted within the GM-SEUS array boundaries.

3.2.3: Differentiating ground cover management practices

We differentiated general ground cover practices between the three end member ground
covers thought to be most common within the existing landscape: vegetation, barren (bare soil or
sparsely vegetated), and impervious surfaces. Note that real ground cover practices likely contain
a mix of these ground covers, and that several ground covers are not represented by these classes
(e.g., water, gravels, and mulches).

The brightness-darkness-greenness (B-D-G) model is an effective approach for generalized
land surface classification (Qiu et al., 2017). Given that the end member ground covers
conceptually follow a brightness (barren), darkness (impervious surfaces), and greenness
(vegetation), the B-D-G approach was used to logically cluster ground cover pixels within array
bounds. Spectral indices used to represent this approach were 4-band brightness (Br), the
normalized difference photovoltaic index (NDPVI) (Stid et al., 2022), and the normalized
difference vegetation index (NDVI) (Kriegler et al., 1969; Rouse et al., 1974), representing
brightness, darkness, and greenness respectively. NDPVI and NDVI are calculated by Eq.’s 1 and
4.

NAIP imagery was masked by GM-SEUS solar array boundaries buffered by 5 m to
include the fenced-in area. GM-SEUS panel-rows were used to mask pixels containing solar
modules, resulting in a top-down aerial representation of only ground cover pixels. Ground cover
pixels were then locally (within-array) clustered using GEE implementation of unsupervised K-
means clustering (wekaKmeans) using Br, NDPVI, and NDV1 into four clusters including one for
each general ground cover, and one to account for solar panel-row pixels remaining after being
masked (GM-SEUS omission error). This gave each array the opportunity to have each ground

cover type. The corresponding mean, maximum, and minimum index values for each index and
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cluster were exported and globally (across all arrays) clustered using K-means clustering in R
(Maechler et al., 2024) into three clusters. Global cluster number selection was evaluated by
maximizing the overall silhouette coefficient. Silhouette values range from -1 to 1, where higher
values indicate stronger clustering structure (Kaufman & Rousseeuw, 1990). We considered the
brightest cluster as barren, the darkest cluster as impervious surfaces, and the greenest cluster as
vegetation.

Within each array, a dominant ground cover type was assigned based on the proportional
coverage of each ground cover and several conditions. We considered arrays with more than 50%
vegetation coverage as Highly-Vegetated and between 25% and 50% vegetation coverage as Low-
Coverage Vegetated. Given GM-SEUS panel-row omission error, which would result in greater
estimated impervious cover than reality, we required an array to have 75% impervious cluster
coverage to be considered Impervious. Otherwise, arrays were considered Barren or Low-
Coverage Vegetated based on the dominant remaining coverage.

To evaluate clustering results, we used the ratio of the Between-Cluster Sum of Squares
(BCSS) to the Total Sum of Squares (TSS), where TSS is equal to the sum of BCSS and the
Within-Cluster Sum of Squares (WCSS). A higher BCSS/TSS ratio (ranging from 0 to 1) indicates
clusters that are more compact within clusters and more heterogeneous between clusters.
Additionally, we report both overall and between-cluster silhouette scores, which measure the

relative similarity of points within a cluster compared to other clusters.
3.2.4: Statistical evaluation

We used the Wilcoxon Ranked-Sum significance test to determine significance in the land
productivity distribution mean from the global mean of 0.5 (Wilcoxon, 1945). Given that our
sample size was large (~8,000 to 15,000), we used Cohen’s d to measure the effect size between
the two means (J. Cohen, 1988). Generally, Cohen’s d effect sizes indicate a small effect (~0.2),
medium effect (~0.5) or large effect (~0.8).

3.3: Results
3.3.1: Solar energy installations are sited on agricultural and natural lands

We estimated prior land use by area and number of installations through time for 15,017
solar energy installations (2,944 km? and 186 GWpc). By area, prior solar land use total share was
44% Cropland, 36% Natural, 17% Grassland and Pasture, and 3% Other LULC (Figure 17 and
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18). By number of installations, prior land use share was 44% Cropland, 19% Natural, 14%
Grassland and Pasture, and 23% Other LULC (Figure A37). If we consider Cropland and
Grassland and Pasture agricultural land, 61% of solar by area and 59% of solar by number of
installations resides on land that was previously or is still used for agricultural purposes (agrisolar
co-location).

Spatially, the areal share of prior land use varied regionally, with as little as 0% agricultural
land use in Washington DC, to 99.8% in South Dakota and Oklahoma (Figure 17). Though, note
that total solar area varies regionally as well, with Texas transforming the most agricultural land
(433 km?), followed by California (239 km?) and Florida (131 km?). Excluding agricultural land
uses, Natural land prior use was the second most prominent use, with California transforming 238
km?, Texas 229 km?, and Nevada 91 km?.

Considering agrisolar installations across the US, 14% of solar array area (22% by number
of installations) resides on confidently or potential marginal cropland land. Average land
productivity, based on soil inventory, terrain, climate data, and several iterations of the National
Commodity Crop Productivity Index (NCCPI) model, was 0.45, indicating average use of land
with slightly lower than average productivity. This was significantly different from 0.5 (p<2.2e”
18), though had a small effect size (Cohen’s d = 0.31).
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Figure 17. Solar energy prior land use proportion by area at the state-level. Prior land use
delineated by state total proportion, with pie chart size representative of the total solar area within
the state. Context for state shorthand names can be found in Figure 38.

TX

By age of installation, land use change preferences by area have generally been consistent,
though 2024 showed a peak in agrisolar co-location of 81% of total area converted (Figure 2). By
number of installations, the proportion of agrisolar co-location indicates the same relationship,
with a steadier increase from ~53% before 2010 to 82% in 2024 (Figure A37). Other LULC
proportion by installation is primarily responsible for this decrease. Though, note that GM-SEUS
uncertainty is greater for arrays installed in 2024, given that these arrays have yet to be quality

controlled within GM-SEUS or existing datasets due to the lack of up-to-date imagery.
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Figure 18. United States solar energy prior land use proportion by area through time. Prior
land use was derived from the Cropland Data Layer predominant land use within the array bounds
for five years prior to installation. Land cover classes were grouped into representative
superclusters. Note that this figure does not indicate temporal changes within arrays, but across
arrays of different installation years. Compare to Figure A37 by number of installations.

Several CDL classes could be critiqued as non-active agriculture land that are encompassed
by the agricultural superclasses. Within the Cropland superclass, 5% of area was fallow or idle
cropland. Within the Grassland and Pasture CDL class that includes both cultivated and natural
grasslands, 57% of the arrays by area were Pasture/Hay or Cultivated Crops in NLCD
classification, 40% were Grassland/Herbaceous and Shrublands. Though these two classifications
have some of the lowest CDL certainty and are often mislabeled active cropland (Lark et al., 2021),

removing them still results in 50% of solar by area having an agricultural prior land use.
3.3.2: Solar energy ground cover is predominantly barren

We differentiated general solar array ground cover practices for 8,834 solar energy
installations (1,363 km? and 82 GWpc) that contained panel-row information and where NAIP
imagery of the array was available. Global clustering resulted in three end member ground cover
types with 61% of ground cover area classified as barren, 24% classified as vegetation, and 15%
classified as impervious. Note, that impervious area likely includes any solar panel-row area that

was omitted in GM-SEUS, and potentially water for floatovoltaic practices, given water’s high
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NDPVI value (Stid et al., 2022). Bare soils may also include highly reflective gravels and concrete,
and dry or sparse vegetation. Across 35,000 unique ground cover clusters, the BCSS/TSS ratio
was 0.48, indicating moderate cluster separation. The median silhouette score across all clusters
was 0.36. Median silhouette scores for specific class boundaries were 0.40 between vegetation and
barren, 0.27 between vegetation and impervious, and 0.29 between barren and impervious, again
indicating low to moderate separation. Cluster distributions and a ternary visualization are found
in Figure 39.

Dominant Ground Cover & Total Share Total Solar Area (km?)
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~Low-Vegetation Cover
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Figure 19. Solar energy prior land use proportion by area at the state-level. Prior land use
delineated by state total proportion, with pie chart size representative of the total solar area within
the state. Context for state shorthand names can be found in Figure 38. Note that relative to Figure
17, the pie chart scale is halved, due to the filtered number of installations considered for the
ground cover analysis.

Considering the dominant ground cover management practice within each array (and our
conditions), 57% of solar arrays by area in the US are predominantly managed with bare soil (or

sparse vegetation), 26% are managed with some vegetative cover, 17% are managed with a
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majority vegetative cover, and less than 1% are managed with impervious cover (Figure 19). When
broken down by prior land use (Figure 19), agricultural land has the highest percentage of array
area managed with vegetation (54% for Cropland, 46% for Grassland and Pasture). Spatially,
midwestern and eastern US states tended to have a greater proportion of vegetated array area,
though some states in other regions maintained high cover (e.g., Oregon, Louisiana) potentially as
a result of effective policy guidance. Temporally (Figure 20), ground cover practices have
remained relatively consistent relative to the global average.

We compared our ground cover estimates to the NREL InSPIRE Agrivoltaics Map array
database of reported agrivoltaic installations. Of the 600 agrivoltaic installations in the database,
we generated ground cover estimates for only 253 that contained a reported agrivoltaic type
(mostly pollinator). Omissions were either due to the non-availability of GM-SEUS panel-row
information or temporal limitations of NAIP. We estimated that 144 of these arrays were
vegetated, 106 were barren, and three were impervious. We qualitatively observed the ground
cover of the three impervious classified arrays and found them to contain predominantly bright dry

grasses and impervious or barren access roads.
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Figure 20. United States solar energy prior land use proportion by area through time. Ground

cover management practices were derived from logical clustering of the most recent NAIP
imagery. Note that only 8,834 arrays are represented here given availability of panel-row
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Figure 20 (cont’d)

information and NAIP imagery. Also, this figure does not indicate temporal changes within arrays,
but across arrays of different installation years. Compare to Figure A40 by number of installations.

3.3.3: Variability exists across scales of solar installation

We separated land use and management practices into commercial- (<1 MWpc) and utility-
scale (>1 MWpc) solar installations. For land use, we assessed 5,386 commercial-scale (2.1 GWpc,
26.3 km?) and 9,631 utility-scale arrays (184 GWopc, 2,918 km?). For ground cover, we compare
3,794 commercial-scale (1.3 GWpc, 16 km?) and 5,040 utility-scale arrays (80 GWpc, 1,346 km?).
For marginality, we compared only agrisolar arrays with 2,358 commercial-scale (1 GWpc, 14
km?) and 6,282 utility-scale arrays (115 GWpc, 1,763 km?).

Both commercial- and utility-scale solar installations in the US occupy mostly agricultural
land and are roughly half managed with barren ground covers (Figure 21). However, a few
interesting distinctions emerged. Utility-scale arrays are responsible for a vast majority of land use
transformation (99%) and tend to convert more agricultural (61%) and natural (37%) lands by
proportion than commercial-scale solar. Though roughly the same proportion of area contains
some form of vegetation, commercial-scale arrays were qualitatively more often managed with

high-density vegetation.
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Figure 21. Proportional land use, ground cover, and marginality by scale. Proportions are a
function of total area. Commercial-scale solar is defined as peak rated capacity <1 MWpc. Utility-
scale solar is defined as having a peak rated capacity of >1 MWpc.

Roughly one quarter of cropland occupied by both commercial- and utility-scale solar
installations is economically marginal. Additionally, agricultural land productivity was
significantly lower than average (assuming a global average of 0.5) for both commercial-scale
(0.37) and utility-scale (0.48) installations (p<2.2e6). However, for utility-scale installations, the
effect size was 0.14, indicating none to small practical impact. For commercial-scale installations,
the effect size was 0.79, representing a large effect. This suggests that commercial-scale solar

installations across the U.S. tend to be placed on physically marginal (-13%) croplands.
3.4: Discussion
3.4.1: Solar energy is an agricultural commodity

Regardless of region, time period, or scale of installation, solar energy in the US is installed
on agricultural lands. Several studies have identified that cropland and rangelands (together,
agricultural land) compose a considerable (Curioni et al., 2025; Kruitwagen et al., 2021; Maguire
et al., 2024) yet regionally varying (Evans et al., 2023; Hernandez, Hoffacker, Murphy-Mariscal,
et al., 2015; Katkar et al., 2021; Leskova et al., 2022; Maguire et al., 2024; Pitt et al., 2024; Stid et
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al., 2022) proportion of existing US solar land use. Our results support this regional variability
(Figure 17) yet also display a country-wide preference for converting agricultural (61%) and
natural (36%) lands to solar energy infrastructure (Figure 18). Importantly, land use information
derived here is more complete than existing studies, including both commercial- and utility-scale
solar, and is up to date (through 2024), with the most recent year indicating that 81% of new solar
energy areas were agricultural in use prior to installation. Regardless, both by area and by number
of installations, a majority of US solar land use is agricultural, indicating that solar energy has
become an agricultural commodity.

In some regions of the world, new policies have discouraged or even prohibited the use of
prime agricultural land for solar energy (IESO, 2025; UK Government, 2024) despite the
productive potential of those regions (Jamil et al., 2023; Neesham-McTiernan et al., 2025). These
restrictions often stem from fear over permanent loss or degradation of prime agricultural land and
fear of cultural losses as agricultural communities become agroenergy communities (J. Crawford
et al., 2022; Pascaris et al., 2020). Improper management of large-scale solar energy projects
(utility-scale) in particular has driven much of this concern, creating the food vs. fuel conflict
(Berryhill, 2021; Bessette et al., 2024; J. Crawford et al., 2022).

There is little evidence that these concerns cross into smaller-scale solar projects (Nilson
& Stedman, 2022). In some regions, negative impacts are dominated by a few large-scale facilities
(Pitt et al., 2024). More than a third of US solar capacity is commercial-scale (EIA, 2025) and
policies and incentives for siting and management differ greatly between these two scales, along
with varying tradeoffs of land use transformation (Crago & Koegler, 2018; Gémez-Catasus et al.,
2024; Nilson & Stedman, 2022; Stid, Shukla, et al., 2025). Recent work even shows evidence that
together, agrivoltaic practices and small-scale solar enhance the acceptance of agricultural co-
location in conservationist surveys (Hilker et al., 2024). Our previous work has also shown that
effective incentives and resource management can provide an opportunity to enhance agricultural
security in some regions despite crop displacement, and that commercial-scale solar farmland
owners stand to benefit more than utility-scale owners per hectare (Stid, Shukla, et al., 2025).
Broad-sweeping policies that outright prohibit solar development on farmland could restrict these
resource and economic opportunities for farmland owners seeking to install small-scale solar
(Pascaris et al., 2021).

There is ample evidence that marginal or non-agricultural lands can contribute a
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considerable portion of the renewable energy landscape (Cunningham & Seidman, 2024;
Hernandez, Hoffacker, & Field, 2015; Hoffacker et al., 2017; Joshi et al., 2021; Katkar et al., 2021;
Markwith, 2025; Milbrandt et al., 2014; G. C. Wu et al., 2020; Yang et al., 2020). However, few
studies have identified the realized use of marginal lands beyond its potential (Berryhill, 2021;
Katkar et al., 2021; Stid et al., 2022) and this study indicates that non-agricultural lands make up
a shrinking non-majority of solar array area in the US. Here, we consider marginal land as
agricultural land that is below average productivity and economic value (C. Jiang et al., 2021) and
find that about 22% of utility-scale array area and 28% of commercial-scale array area occupies
economically marginal cropland. Importantly, we found that commercial-scale arrays tend to be
sited on physically marginal land (low productivity) across the US. Though, we acknowledge the
limitations of this data product that is not validated with ground-truthed data, and importantly, that
marginality is highly-variable based on the scope and scale of interest (Csikds & Toth, 2023).

3.4.2: New dual-use opportunities for regenerative practices

We estimate that most of the ground cover management in the US is barren, bare soil, or
sparsely vegetated, with 43% of solar arrays having some amount of vegetation coverage. This
was relatively consistent across installation age (Figure 20) but varied considerably by state and
region (Figure 19). Ground cover practices also varied with prior land use, with agricultural land
containing more vegetated array area than arrays on Natural and Other LULC (Figure 19).
Commercial-scale installations were also estimated to be managed with more high-density
vegetation than utility-scale arrays. There is also some evidence that states with mandated solar
pollinator scorecards have considerably greater vegetation coverage than states with opt-in or no
scorecard (Figure A41), though, more work is needed to understand this relationship across
timescales and regions.

Agricultural lands in the US have historically experienced carbon depletion (Drewniak et
al., 2015) and create an ongoing threat to biodiversity (Molotoks et al., 2018). Siting solar energy
installations on already degraded lands (in carbon and biodiversity) presents an opportunity to
minimize conversion of new land crucial for existing diversity and migration pathways (Rehbein
et al., 2020) and to regenerate depleted ecosystems and resources (Aragon et al., 2024; Carvalho,
Healing, et al., 2024; Frank et al., 2024; Knapp & Sturchio, 2024; Stid, Shukla, et al., 2025;
Walston et al., 2022). Recent evidence suggests that compared to the prior agricultural land use,

informed ground cover habitats can also lead to enhanced pollinator forage quality, abundance,
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and richness (Blaydes et al., 2022; Graham et al., 2021; Walston et al., 2021, 2024). Various studies
also provide evidence of enhanced carbon and nutrient stores at ecovoltaic and agrivoltaic dual-
use sites (C. S. Choi et al., 2023; Krasner et al., 2025). Given the depleted soil carbon, nutrient
stores, and ecological productivity of agricultural land in many regions, these lands hold significant
potential to act as carbon and biodiversity sinks.

We found that roughly half of solar arrays installed on agricultural lands (46%) have no
form of productive ground cover. Further, of the agriculturally co-located solar arrays not managed
with vegetation in our analysis, 300 km? are on economically marginal land and 850 km? are on
land of below average physical productivity. A few additional key advantages of dual-use practices
across landscapes include effective stormwater management (Yavari Bajehbaj et al., 2024),
enhanced crop yield (Barron-Gafford et al., 2019), improved module efficiency (Williams et al.,
2023), broad benefits to ecological functioning (Knapp & Sturchio, 2024), and enhanced public
support (Pascaris et al., 2022), though many of these effects are regionally varying and site
dependent (C. S. Choi et al., 2024). Our results suggest new opportunities for achieving the benefits

of newly vegetated solar landscapes, particularly on marginal lands.
3.4.3: Limitations and future work

There is limited validation data available for ground cover practices at this scale. A few
key studies have also indicated that even with highly-robust management practices, vegetation
coverage can vary across the year (Li et al., 2025) and can take several years to establish and reach
majority cover (McCall et al., 2024).

We identified agrivoltaic arrays (pollinators, native grass, naturalized) as vegetated with
an accuracy of 60% relative to the NREL INSPIRE Agrivoltaic database, where accuracy is defined
as True Positives / Total Predictions. However, due to the lack of validation data for other ground
cover types (e.g., barren, impervious surfaces), we are unable to report class-specific accuracy
metrics for those categories. Most of the 40% False Negative error was a misclassification of the
barren category. However, agrivoltaic status is not necessarily representative of whole-array
ground cover, and practices may change within and across years (Li et al., 2025; McCall et al.,
2024).

There are several additional limitations of this analysis that need to be addressed. First, the
GM-SEUS dataset acknowledges omissions of within-array panel-rows, leaving those to be

classified as ground cover. This may lead to overestimation of impervious surfaces. Second, given
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that aerial imagery cannot see under the panels, we may also overestimate (Carvalho et al., 2025)
or underestimate (Li et al., 2025) the extent of vegetation cover depending on management
practices, plant mix, climate, and soil conditions. Finally, we have qualitatively observed ground
cover class overlap, with sparse or dry grasses observed in NAIP being classified as barren, and
impervious (e.g., parking lot) cover being classified as barren. The extent of error is not yet clear

and requires further investigation.
3.4.4: Land use and management in a net-zero future

Net-zero energy generation in 2050 will require between 60,000 and 90,000 km? of the
contiguous US land surface for solar, a 20- to 30-fold increase from the solar area reported here
(Ardani et al., 2021; Heath et al., 2022; Jenkins et al., 2021; Larson et al., 2021). Despite broad
concern over loss of agricultural land, it is clear that net-zero buildout in the US is and will be
inextricably linked to agricultural land access and availability and that the two can co-exist in
harmony when effectively sited, managed, and incentivized (Moore et al., 2022). These synergies
can simultaneously include both a) siting on heavily depleted (marginal) croplands and managing
with ground cover to regenerate natural resources, and b) siting within average or prime
agricultural land and employing informed agrivoltaic production or cultivation that benefits or
maintains land productivity and agricultural income. Both examples are viable forms of dual-use.
However, to reduce the use of prime agricultural land, smaller and more distributed solar energy
installations are better able to selectively identify and employ marginal lands. Given that ~46% of
contiguous US land surface is actively cultivated (Winters-Michaud et al., 2024), and that up to
2.4% of that land may be needed for a net-zero future (Diffendorfer et al., 2024), it is crucial to
understand current practices to better understand future development of solar installations across
the country.

Although we do not directly interpret land ownership, our work is a modern complement
to existing knowledge showing that solar energy is a commodity that individual, and often private
landowners can and are actively taking advantage of (Hernandez, Hoffacker, et al., 2014). This
also means that management is more often in the control of private individuals rather than utilities
or federal, state, local, or other regulating authorities. Increasingly common bifacial module
technologies benefit from highly reflective ground cover mediums (e.g., soils, gravels, concretes)
compared with vegetation (Sun et al., 2018), which may reduce motivation to manage ground

covers with dual-use practices. It is thus evident that extensive policy support and publicly
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available resources are essential to make dual-use practices like ecovoltaics, agrisolar, and
agrivoltaics, competitive with conventional (barren) solar practices for both individual landowners
and larger entities (Carvalho, Lee, et al., 2024; Feuerbacher et al., 2021, 2022; Moore et al., 2022;
Pascaris et al., 2023). Several tools, data products, and guidance insights have been created to aid
in the application of such knowledge and retention of positive practices in siting (Ashraf et al.,
2024; Hernandez et al., 2019; Sorensen et al., 2022) and effective ground cover design and
management selection (Galzki & Mulla, 2024; Jamil et al., 2023; Kim Steinberger, 2021; Peterson
et al., 2025; Warmann et al., 2024; Williams et al., 2025) for future solar installations.
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CHAPTER 4: WIND FARMS BOOST FARMER INCOME WITHOUT THREATENING
AGRICULTURAL SECURITY ACROSS THE US CORN-BELT

Abstract

Renewable energy often requires the semi-permanent alteration of land from its prior use,
creating potential tradeoffs. In the US, most wind farms have been installed in agricultural fields,
yet the local and aggregate effects on agricultural lands remain unclear. This study examines the
crop yield and economic impacts of 37 GW of wind turbine installations across the US Corn Belt.
We introduce and quantify two metrics to assess each turbine: 1) the Agricultural Radius Of Effect
(AgROE), which delineates the directly affected area, and 2) an agricultural land-use efficiency
(LUE). Analyzing 17,557 turbines, we identified a total directly affected agricultural area of 65,000
ha and found that LUE has increased over threefold in the last two decades. Maize and soybean
yield within the AgROE of each turbine showed statistically significant average yield reductions.
However, the total impact on crop production was small (e.g., 78,000 tonnes of maize and soybeans
in 2022), and land leases more than compensated for economic losses, increasing on-farm income
by $63 million ($3,760 per average turbine) in 2022. Additionally, we observed a small preference
for siting wind turbines on low-yielding cropland, offering marginal economic benefits. This study
highlights the synergies of co-locating wind turbines with agriculture, demonstrating that wind

power can enhance farm economic stability, thus supporting food security in a net-zero future.
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4.1: Introduction

Renewable energy expansion is projected to directly transform 1 to 2%of the contiguous
United States (CONUS) landscape by 2050, leading to indirect effects on 11% of land (Jenkins et
al., 2021; Larson et al., 2021). Because renewable energy installations require transforming land
(Lovering et al., 2022), it is imperative to consider the associated opportunity costs and trade-offs
(Grodsky, 2021; Trainor et al., 2016). Given that most current solar and wind installations are co-
located with and convert agricultural land (Harrison-Atlas et al., 2022; Kruitwagen et al., 2021;
Maguire et al., 2024), these trade-offs involve food and economic security. Yet, despite decades
of widespread deployment of wind turbines in agricultural lands, effects of those installations on
agricultural production remain understudied.

Agricultural land use trade-offs of wind power are substantially less studied than those for
solar PV, despite widespread global adoption of wind power. Co-locating renewable energy within
agriculture can create opportunity costs related to food security, farm income, and food prices
(Barrett, 2021) that depend on the total extent of land alteration. However, these can be offset
either through financial compensation (e.g., land leases) to the land owner (Sutherland & Holstead,
2014), offset operational costs (Stid, Shukla, et al., 2025), or by possibly enhancing yields
(Kaffine, 2019). Regarding the extent of alteration, available insights suggest that wind turbine
direct footprints are ~10-times less intensive than solar (Lovering et al., 2022). This, in part,
explains why farmer interviews indicate that wind is more desirable than solar, considering that
cultivation can easily continue around the turbine (Moore et al., 2022). However, spatially defining
a standardized footprint for wind power is difficult due to the lack of visual boundaries and
discontinuous nature of wind farms (Harrison-Atlas et al., 2022). Some studies have broached this
gap with wind power by manually digitizing visually-affected boundaries (Diffendorfer &
Compton, 2014; Jones & Pejchar, 2013) or using machine learning (Dai et al., 2024). Others report
average values for land use metrics rather than estimates for individual installations that can
depend on region, level of modification (Dai et al., 2024), installation age (Harrison-Atlas et al.,
2022; Rinne et al., 2018), land cover and topography (Diffendorfer & Compton, 2014; Qin et al.,
2022), and system size (Saganeiti et al., 2020).

Siting renewable energy on consistently low-productivity (marginal) agricultural land is
one potential solution to food, farmland, and economic security concerns (Khanna et al., 2021,

Yang et al., 2020). Although definitions of marginality vary, several studies have shown the
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potential for installing renewable energy on marginal lands (Adelaja & Hailu, 2008; Diffendorfer
et al., 2019; Katkar et al., 2021; Milbrandt et al., 2014). Furthermore, farmers preferred the idea of
converting non-prime farmland to renewable energy installations, given the cost-savings of
forgoing low-return cultivation (Moore et al., 2022). However, demonstrated examples of
preferential siting within marginal lands in practice are variable and scarce, and the agricultural
effects of marginal placement have not been well studied.

Several studies have considered the possible regional effects of wind turbines on
pathways through which wind turbines can impact vegetation that are supported by these studies;
direct surface disturbance (Dai et al., 2024; Morris & Blekkenhorst, 2017) and wake effects that
alter local microclimates and can thus go beyond direct surface disturbance (Aksoy et al., 2023;
Cetin et al., 2022; T. Chen & Li, 2019; Diffendorfer et al., 2022; Kaffine, 2019; Li et al., 2018;
Luo etal., 2021; Qin et al., 2022; Rajewski et al., 2013, 2014, 2016; D. Wu et al., 2023; W. Zhang
et al., 2013). While the mechanisms for alteration of local microclimates are well documented
(Baidya Roy & Traiteur, 2010; Keith et al., 2004; Zhou et al., 2012) and total direct surface
disturbance due to new operational infrastructure is known to be small (Dai et al., 2024), outcomes
for agricultural production in these studies vary or are absent leaving regional food security effects
uncertain.

No studies have directly measured the local on-farm effects of existing wind turbines on
agricultural yield and income. This gap in research may be due to the difficulty in identifying direct
physical surface disturbances (Harrison-Atlas et al., 2022) or the low resolution of available yield
data, which limits the refinement of studies reporting on local effects (Diffendorfer et al., 2022).
The crop yield-focused studies from the Crop Wind Energy Experiment (CWEX) (Rajewski et al.,
2013, 2014, 2016) provided the most spatially-refined assessment, but were not yet able to
determine the effect of wind turbines on agricultural production (Rajewski et al., 2014). Many
other studies define “local” as a multi-kilometer radius or directional distance from turbines, rather
than isolating on-farm effects. Understanding these on-farm effects could provide insight into
farmer decision-making, lease motivations, changes in farm production post-wind installation, and
the anthropogenic factors influencing yield changes.

We provide the first comprehensive assessment of the local on-farm agricultural effects of

wind turbine co-location on crop yield (maize and soybean) and farmer income through time. We
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delineate the affected area of each turbine across the US Midwest using a new metric, the
Agricultural Radius Of Effect (AgROE), a remotely-sensed measure of land disturbance
surrounding turbines. Within and outside of the AgROE, we report on the direct operational
footprint of wind turbines. We also identify and report on the total crop field area intersecting with
wind turbine footprints, which we call the co-located field. To assess changes in crop yield within
the AgROE, and within-field siting decisions for each turbine, we capitalize on a recently
developed high-resolution dataset of maize and soybean yield maps (Deines et al., 2021; Lobell et
al., 2015). This rich dataset captures within-field annual yield variations, both inside the AQROE
and the co-located field, allowing the marginal placement of each turbine to be identified. We then
quantify the field-level economic impact of estimated production losses relative to expected land
lease income. Finally, we test three hypotheses (illustrated in Figure 22): (1) wind turbines create
a disturbance within a co-located field that can extend beyond the operational infrastructure
footprint, (2) this disturbance results in quantifiable yield reductions within the AgQROE, and (3)

wind turbines are preferentially sited in less-productive areas of a field to reduce negative impacts.
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Figure 22. lllustrated hypotheses for within-field wind turbine effects on yield. (A) Radius of
reduced agricultural productivity or yield termed the Agricultural Radius of Effect (AgROE),
depicted as the magenta ring. (B) Resulting yield changes within AGROE and the co-located field
post-installation of the wind turbine. (C) Marginal and non-marginal land placement or siting. (D)
Example wind turbine site conditions prior to installation, during the year of installation (initial),
and in the most recently available imagery. A and B depict two different regions responsible for a
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Figure 22 (cont’d)

change in yield: operational footprint area (land removed from cultivation for infrastructure,
including access roads and turbine operational footprint) in orange, and yield anomalies (land
remaining in cultivation) in shades of yellow to light green. Imagery in D is from the National
Agricultural Imagery Program (NAIP).

4.2: Methodology
4.2.1: Study area and data sources

Our study area encompasses twelve US states that are considered part of the US Midwest
Corn Belt, and that contained Scalable satellite-based Crop Yield Mapper (SCYM) yield map
data(Deines et al., 2021; Lobell et al., 2015). We used the United States Wind Turbine Database
(USWTDB) v7.0 to supply the spatiotemporal information used in this study (B. D. Hoen et al.,
2018; Rand et al., 2020). In addition to geospatial centroid coordinates, the USWTDB dataset
includes information on wind turbine installation year, installed capacity, rotor diameter, and total
turbine height. All remote sensing data processing was performed in Google Earth Engine (GEE),
with post-processing and figure generation performed in R and Python.

We determined land cover co-location with wind turbines using USDA Cropland Data
Layer (CDL) (Boryan et al., 2011; USDA NASS, 2024) within an estimated setback distance, or

buffer around each turbine. We estimated setback distance (Setback, in meters) by:
Setback = Turbine Height * 1 Eq. 15

where Turbine Height (m) is the total turbine height, defined as the hub height plus half of the
rotor diameter (Hoen et al., 2018) and | (unitless) is 1.1, the median setback multiplier for road,
transmission, rail, and property line features (Lopez et al., 2023). We assumed the primary land
cover converted was the majority CDL land cover type during the year prior to installation within
the setback buffer or field boundary (Xiarchos & Sandborn, 2017). Co-located farm field
boundaries were modified from the USDA Crop Sequence Boundaries (CSB) (Abernethy et al.,
2023), which were derived from CDL. Distance to existing road infrastructure was estimated from
TIGER (U.S. Census Bureau, 2016).

We used Scalable satellite-based Crop Yield Mapper (SCYM) maps to estimate changes
in maize and soybean yield across the US Corn Belt between 1999 and 2022 (Deines et al., 2021,
Lobell et al., 2015, 2020). These 30 m resolution maps use Landsat-derived green chlorophyll

vegetation index (GCVI), physiologically-based crop models, and ground-truthed validation to
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estimate maize and soybean yields independently from Census reported yields (Lobell et al., 2015).
We used SCYM maps to quantify the change in AGROE and field-level yields (Figure 22B) and
to assess the relative land productivity of converted cropland (Figure 22C).

We also calculated GCVI derived from Landsat 5 TM, 7 ETM+, 8 OLI, and 9 OLI/TIRS
Collection 2 (C. J. Crawford et al., 2023) collectively spanning 1984 to 2023 as a proxy for
agricultural yield or productivity (Burke & Lobell, 2017; Gitelson et al., 2003). We used Landsat
imagery exclusively for delineating AGROE (Figure 22A). GCVI1 is defined by:

NIR

GCVI =
Green

-1 Eq. 16

We used annual state-level prices received for maize and soybean crops in 2022 from
USDA NASS Monthly Agricultural Prices Report for the opportunity costs of wind turbines
altering agricultural production (USDA, 2023). Wind turbine land lease rates were taken from
USD turbine! year, with several other sources reporting or using similar rates (Brannstrom et
al., 2015; Hitaj et al., 2018; Landmark Dividend, 2020; Sampson et al., 2020; Tegen et al., 2014;
Weise, 2020; Winikoff & Parker, 2024). To adjust for inflation and estimate cash flow, we used
the Producer Price Index (PPI) (U.S. Bureau of Labor Statistics, 2023).

4.2.2: The Agricultural Radius Of Effect (AgROE)

We define a new spatiotemporal metric to quantify the area directly affected by wind
turbines, the Agricultural Radius Of Effect (AgROE). The workflow and logic for deriving
AgROE is shown by Figure A50. The process is described below.

First, we defined a potential area of impact for each turbine. To allow for agricultural yield
effects that may exist beyond the setback distance (i.e., turbine shadow impacting yield; change in
farm management practices), we allow the total aerial extent of potential effect to be within a 300
m geodetic buffer around the centroid of a wind turbine installation, or ~28 ha at each site. Other
studies have used this as a max aerial extent assuming that beyond this standard setback distance,
boundary and mixed-land cover effects likely begin to emerge (Aydin et al., 2010; Harrison-Atlas
et al., 2022; Maguire et al., 2024).

Next, we computed the change in spectral reflectance (disturbance) as a function of

distance from the turbine centroid. In GEE, we calculated annual 90th-percentile Landsat GCVI
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for each pixel two years prior to installation and two years post installation within the potentially
affected aerial extent. Within each buffer, we normalize annual pre- and post-installation 90th-
percentile GCVI rasters to the minimum and maximum local values to remove crop rotation and
annual variation in agricultural practices. We then perform a difference-in-difference analysis
(post-installation minus pre-installation) to remove prior-marginal land effects, thus emphasizing
changes in productivity as a result of the turbine installation. The post-installation period was
defined two different ways resulting in two different computed AgROE radii: (Initial) two-years
directly post-installation and (Current) two-years of the most recently available imagery (2022 to
2023). The normalized GCVI was then averaged within a 30 m annulus at a range of radii (0 m to
300 m every 30 m) from the centroid of an agriculturally co-located turbine. We then fit a
continuous smooth spline function to the discrete 30 m radial spectral disturbance values for each
turbine. This was done using the npreg package in R (Helwig, 2024) and the Maximum Likelihood
prediction method (Berry & Helwig, 2021), predicting disturbance values at each meter from the
centroid of the turbine. To compare disturbance values across turbines, each spline value was then
0-1 normalized based on the minimum and maximum prediction within the 300 m range of
distances. Thus, a value of 1 represents 100% recovery to background yields. To determine the
threshold for recovery, we plotted the quartiles of all resulting splines, and selected an 85%
recovery threshold qualitatively based on where the dataset median experienced diminishing
growth and the eventual stationary phase, similar to carrying capacity estimates for a sigmoid
growth curve (see Figure 25A). This 85% recovery value was then applied to each spling, resulting
in the AgROE for each turbine. If the estimated affected radius was greater than the turbine’s
setback distance and the total observed spectral change was less than 1.5 times the interquartile
range (IQR), we assumed that actual effect was minimal and set the AGROE radius to a minimum

radius. The minimum radius, 12 m, is approximately the sum of the radius limit for transport (i.e.,

changes only occur due to change in operational footprint (see equation 5 and Figure A51).
In addition to AgROE, we estimated LUE (W m~2) for each turbine by:

Capacity
LUE = 2 —— Eq. 17
réasgrok

where Capacity is the installed capacity (watts or W) reported by USWTDB and Areaagroe (m?)
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is the resulting geodetic buffered area of the AQROE radius. As described above, we estimate the
AgROE radius, AgROE area, and LUE directly after installation and in the most recently available
imagery. We compare existing wind turbine AgROE to the AgROE for randomly generated
locations within the crop-field boundary (see Figure A48 and AgROE Utility, Limitations, and

Assumptions).
4.2.3: Co-located field selection and simplification

We selected and modified co-located field boundaries that intersected at least one wind
intersecting the larger of two buffered areas: the estimated setback distance of each turbine or the
AgROE radius. We modified boundaries for fields smaller than 16 ha, the average area of Public
Land Survey System (PLSS) quarter-quarter-section (QQsec), which is smaller than our potential
impacted area. These small fields (~3,000) were merged with the nearest field exceeding the
QQsec threshold, resulting in 5,963 total field boundaries. We dissolved the AGROE boundaries
for all wind turbines from the intersecting fields for calculating the influence of wind turbines on
field-level yield and production. We also generated wind turbine control points to evaluate the
significance of AgROE and RLP. Turbine control point locations were randomly selected from
co-located field boundaries, excluding land within the setback distance to the field edge and all
classified as agricultural and contained a turbine, we used a PLSS QQsec bounding box to

represent the co-located field area associated with each installation.
4.2.4: Local yield changes within AQROE and the operational footprint

We computed within-field yield changes as a result of wind turbine installation for maize
and soybean co-located wind installations in the US Corn Belt. We separately considered two
regions for within-field yield change: (1) the estimated direct operational footprint (2) the AQROE
derived affected area outside the operational footprint. We estimated the operational footprint from
the minimum AgROE (12 m around each turbine centroid) and a 9 m wide access road leading to
the nearest road or existing turbine. We extracted SCYM vyield estimates in GEE from AgROE
and the co-located field for all available years (SCYM-limited) pre- and post-turbine installation.
Each year contained values for maize and soybean yields to include crop rotation and AgROE
overlap with adjacent fields.
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We calculated the yield anomaly, the reduction in yield due to the installation of a wind

turbine, for maize and soybeans (Yieldanomaly in tonnes ha™) by:
Yieldgnomary = AvgYieldygrop — AvgYieldpieiq * (1 + RLP) Eq. 18

where AvgYieldsoundary IS the average annual yield within the given boundary (AgROE or co-
located field) and AvgYieldrieid is the average annual yield within the encompassing co-located
field. Computing the yield anomaly relative to the co-located field average eliminates variability
in climate, management, and improvements in crop genetics. Removing marginality (RLP) from
AvgYieldsoundary removes Maize and soybean yields are known to have steadily increased over the
last several decades due to improvements in seed density and yield per plant (Egli, 2023).

We estimated the total change in maize and soybean production (4Production) within
AgROE due to the yield anomaly and due to direct operational land footprint. Total AProduction
after wind turbine installation (tonnes) by:

AProduction = Aredpos; * Yieldgnomary — AreQoproor * AvgYieldpieq Eq. 19

where Areaoproot IS the estimated new operational footprint area (access roads and turbine base)
including the wind turbine base and an encircling access road (minimum AgROE threshold) and
the estimated area of an access road extending to the nearest existing road or turbine (ha),
AvgYieldrielq is the average annual crop-specific yield (tonnes ha ) within the co-located field for
the predominant crop converted, and Areapost IS the annual crop-specific aerial extent post-
installation within AQROE (ha) but outside the operational area. The product of the terms on the
left considers anomalous change in yield within cropland that remains cultivated within AQROE.
The product of the terms on the right in equation 5 represents change in yield due to cropland taken
out of production entirely for wind turbine operational infrastructure. We assumed that land taken
out of production by the operational footprint, which is mostly outside AQROE, was of average

field and yield conditions (RLP = 0). See Figure A51 for more information.
4.2.5: Quantifying the extent of marginal land placement

We used relative land productivity (RLP), defined in our earlier work on solar PV
placement (Stid et al., 2022), as a metric of whether wind turbines are placed in low-productivity
or high-productivity areas within a field. Here, we modified RLP (%) from Stid et al. (2022) to be

based on SCYM vyield estimates rather than spectral reflectance. We compute RLP (%) for each
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turbine by:

et -1 100
n AvgYield},,,,  AvgYield?,, AvgYield};,,, ) i Eg. 20

nyears

RLP <1 AvgYield ypor AvgYieldZypop AvgYield} por

where n is the number of years prior to the installation considered with available SCYM data (here
n =2 to 19 years depending on installation year), AvgYieldagroe is the average SCYM yield within
the newly derived (AgROE) wind turbine direct area one year prior to installation, and AvgYieldrieid
is the average SCYM yield within the co-located field boundary one year prior to installation. Thus
defined, RLP ranges from -100% to Inf where negative values indicate low-productivity land use
(marginal), zero indicates land use of average yield, and positive values indicate high-productivity
land use (non-marginal). We report RLP for maize and soybeans, and the average for both crops.
We also performed a sensitivity analysis where we set all RLP values to the 10th-percentile
yielding land values in the co-located field, a counterfactual optimal placement in locally highly-
marginal cropland.

For wind turbines placed in marginally productive land (RLP < 0), we calculated the saved

crop production due to effective agricultural placement (Yieldpiacement in tonnes) by:
Yieldyigcement = |AProduction| * —RLP Eq. 21

The resulting Yieldpiacement is positive if RLP is negative (conservation of agricultural production)
and negative if RLP is positive (loss of agricultural production).

4.2.6: Economic analysis

We calculated the economic consequences of the anomalous change in maize and soybean
yield and a range of possible land lease agreements for each turbine. The total change in
agricultural revenue due to wind turbine co-location and annual land lease returns (Revenueag in
2020 USD) was calculated by:

Revenue,, = AProduction * Pricec,o, + Lease,qq, Eq. 22

where Pricecrop is the annual price received for maize and soybeans (USD tonne™) and Leaserate
(USD year™?) is the turbine™® year? land lease. Note that this method leaves room for yield
increases if such a relationship exists at the turbine- or field-level.

Similar to Yieldpiacement, We calculated the income saved due to effective agricultural

98



placement (Revenuepiacement in 2020 USD) by:
Revenuepgcemen: = |Revenueg,y| * —RLP Eq. 23

The resulting Revenuepiacement 1S positive if RLP is negative (conservation of agricultural revenue)

and negative if RLP is positive (loss of agricultural revenue).
4.2.7: Statistical analysis

We used linear models to analyze trends in yield anomaly post-installation, and
relationships between installed capacity and AQROE area, RLP and installed capacity, RLP and
project number of turbines, and RLP and installation year. We used Kolmogorov-Smirnov to assess
the normality of distributions in yield anomalies and RLP. Significance was determined by two-
sided t-Test and using the confidence interval (95%) and Cohen’s d effect size to determine the
magnitude of change. For interpreting the distribution of RLP, we used Wilcoxon Signed-Rank
(against median of zero) and Ranked-Sum (against control point distribution) to analyze

significance against null hypothesis.
4.3: Results
4.3.1: Wind Power Co-location and Directly Affected Land Area

As of 2023, there were 27,297 turbines installed in the 12 states of the US Corn Belt (Figure
Of those, we assessed 17,557 turbines (36.5 GW) that were installed prior to 2002 and co-located
with maize and soybean cropland for the Agricultural Radius of Effect (AgROE) analysis. Within
the setback buffer the year prior to installation, CDL land cover classification confidence was 92%.
We also identified 5,963 crop fields covering 802,200 ha co-located with at least one wind turbine.

The total extent of co-located fields and wind turbines is shown in Figure 23.
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Figure 23. Land associated with co-located wind turbine installations. A map of the 12 US
Corn Belt States containing yield and wind turbine data overlaid with newly derived Agricultural
Radius Of Effect (AgROE) for each turbine and field boundaries co-located with wind turbines.
Field boundaries are modified from (Abernethy et al., 2023).

The total area within co-located fields most affected by turbines, that within the AQROE,
was 59,500 ha, with an additional 5,100 ha of direct operational footprint (infrastructure) area. We
calculated AgROE directly after installation and in the most recently available imagery. The
interdecile range (IDR) for wind turbine AgROE values in 2023 imagery ranged from 51 to 181
m, with a median of 77 m (see Figure 24). Notably, average AgROE area decreased by 0.03 ha
relative to initial values after installation resulting in 494 ha of recovered agricultural land area
(see Figure A47). There was no linear correlation between the directly affected agricultural area
around wind turbines and installed capacity, rotor diameter, or total turbine height. On average,
disturbance was significantly different from zero out to 150 m, and the counterfactual AQROE
control points were not significantly different from zero at any distance (see Figure A48).

LUE, defined as the nameplate capacity of each turbine per unit of altered land area—here

the AgROE area, is a widely-used metric to assess energy-land interactions (Cagle et al., 2023).
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Here, IDR for LUE in 2023 ranged from 18 to 265 W m™. Like AgROE, LUE decreases for each
turbine following installation. The resulting LUE in 2023 (102 W m~2) was on average 16.7 W m~
2 more efficient than directly after installation. Notably, median LUE (both initial and 2023) of
turbines installed in a given year increased significantly through time (slope = 4.2 W m2 yr?,
p<0.001). For turbines installed in 1999, the average 2023 LUE is 41.33 W m=, while those
installed in 2015 reached 155.4 W m~2, with 147.5 W m~ for the most recent installations (2021).
We also found that the IQR and IDR of LUE nearly tripled over the same time period, indicating
a wide range of installation practices.
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Figure 24. AQROE and resulting land metrics in most recent available imagery. (A) AgROE
for 17,557 co-located wind turbines in the US Corn Belt. (B) Total AGQROE area (hectares) as a
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Figure 24 (cont’d)

function of installed capacity (MW) binned into 0.5 MW groups. Boxplots show the median and
IQR, whiskers show the IDR, and the “x” shows the mean. (C) LUE of co-located turbines as a
function of installation year. Note that 2023 AgROE represents “current disturbance” and is
derived from the difference in difference of 2022 and 2023 GCVI and two-year pre-installation
GCVI. Shaded regions in A and C show the IQR and IDR, with lines and points representing
median values. (D) RLP of wind turbines in the US Corn Belt determined using SCYM annual
yield maps for maize and soybeans and for control points in the respective co-located fields. The
black dotted line (RLP = 0) indicates siting in land of average yield, negative values indicate siting
in marginal (consistently low yielding) land, and positive values siting in high-yielding land.
Boxplots represent median, IQR, and IDR. The representative conceptual depiction is found in
Figure 22C.

4.3.2: Changes in Co-located Agricultural Production and Revenue

Wind installations reduce agricultural production by: 1) altering yields within the AQROE
surrounding the turbine, and 2) displacing crops in the operational footprint (access roads and
bases). Within the AgGROE area, maize and soybean average yields were significantly reduced.
Relative to pre-installation yields, initial construction reduced yields by 2.6 (maize) and 0.73
(soybeans) tonne hat, which recovered somewhat in the following year to yield anomalies of -1.5
tonne ha* and -0.4 tonnes ha™* (Figure 25A and 25C). In 2022, yield anomalies within AGQROE
averaged -12.8% and -12.1% of county average maize and soybean yields. Cumulatively across
the Corn Belt in 2022, production of maize was reduced by 26,500 tonnes and soybeans by 7,800
tonnes (Figure 25B). Wind turbine operational footprints displaced an additional 34,700 tonnes of
maize production and 8,900 tonnes of soybean production in 2022 (Figure 25B). US Corn Belt
maize and soybean production was 368 million tonnes and 101 million tonnes respectively.

Across the US Corn Belt, changes in maize and soybean production in 2022 resulted in an
estimated agricultural revenue loss of 20.6 million USD within AgROE (-1,240 USD turbine™
year1), shown in Figure 25D. However, when compensation from leases is included, total revenue
increased 62.5 million USD (3,760 USD turbine year, ranging from 4.3 million to 137.2 million
USD, depending on assumptions). Given the average state-level prices received and remotely-
sensed estimated production, agricultural revenue across the region for 2022 was 124 billion USD.
Note that this analysis does not include savings from reduced farm operation and input expenses
within the turbine operational footprint, nor does it include changes to expenses caused by altered
within-field tractor paths.
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Figure 25. Annual change in on-farm agricultural production and revenue. Changes were
consdiered within AgROE for 17,000 wind turbines in the US Corn Belt. Yield anomalies for
maize (A) and soybeans (C) relative to the year of installation with a half year buffer. Plots A and
C show the median (line) and IQR and IDR as shaded regions. The vertical shaded region in plots
A and C represents a 2.6-year average commissioning timeline for the US from Gumber et al.
(2024). (B) The total change in maize and soybean production for each year and all existing
turbines in that year. Operational Footprint is change in yield due to the change in cultivated area
that is now access roads and the wind turbine base. Yield Anomaly is the change in yield due to
anomalous change in yield within cropland that is perceived to remain cultivated. (D) The range
of land leases is 1,500 USD to 9,500 USD turbine™* year! with an average of 5,000 USD turbine™
Lyear™,

4.3.3: The Effect of Placement on Agricultural Yield and Revenue Conservation
Wind turbines in the US Corn Belt have been installed with a small preference for marginal

locations within the co-located field. For within-field maize and soybean placement, average pre-

103



installation yields relative to field averages (i.e., RLP values) at turbine locations were 0.78% and
0.86% less than those at control point locations for maize and soy (Figure 24D). Medians of the
RLP distributions were significantly different from zero (p<0.001) and from that of control points
(p<0.001). Total RLP considering all cropland within AgROE was less than zero for 8,375
turbines, indicating marginal placement. However, effect size from Cohen’s were both small
(<0.2) indicating little practical difference in productivity. There was no relationship between RLP
and installed capacity, project number of turbines, or installation year.

While we have shown a very slight tendency for agriculturally marginal placement of wind
turbines, the food security and economic incentives to do so are small. In 2022, crop tonnage
conserved by marginal placement was 1,750 tonnes, or 0.21 tonnes turbine*. The economic benefit
of effective placement within marginal agricultural lands was a total savings of 470,000 USD, or
55 USD turbine™. Under a counterfactual optimal siting scenario, where all 17,464 wind turbines
were installed in agricultural land that was the 10th percentile yield within each co-located field,
the reduction in production loss was 21,100 tonnes (1.3 tonnes turbine™), saving 5.5 million USD
(330 USD turbine™).

4.4: Discussion and Conclusions
4.4.1: Agricultural Area Affected by Wind Turbines is Small and Diminishing with Time

While wind turbine capacities and sizes have increased, disturbed areas around them have
remained small, and tended to recover with time. We have demonstrated that the newly-presented
AgROE metric meaningfully describes the land area surrounding turbines within which
agricultural yield is affected by their installation. The resulting LUE shows that the power-land
relationship between wind farms and agriculture has improved by more than a factor of three over
the last two decades. Additionally, we observed a slight recovery in yield (Figure 25A and 25C)
and AgROE radius (Figure A47), suggesting revegetation and recovery plans are at least partly
effective (Christol et al., 2021) and emphasizes the distinction between permanent and temporarily
disturbed areas (Denholm et al., 2009; Dhar et al., 2020; Diffendorfer & Compton, 2014). We
discuss AgROE limitations and validation in Appendix D Text A4.1.

Increases in LUE are being driven by ever larger and higher capacity wind turbines
occupying essentially the same operational footprint and AgROE as their smaller predecessors.
Although wind turbines have consistently increased in size (Christol et al., 2021; B. Hoen et al.,
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2023; Wiser et al., 2023), more efficient turbine designs have resulted in more power per turbine
(\Veers et al., 2019, 2023). Additionally, innovative wind farm layouts combined with wake
steering will increase power per turbine and further reduce land use concerns for the future
landscape (Antonini & Caldeira, 2021; Harrison-Atlas et al., 2024). Even if a relationship between
capacity and affected area existed as some previous studies have found (Denholm et al., 2009;
Saganeiti et al., 2020), increased power per turbine, fewer turbines per farm, and observed recovery
in the years following installation reduce concerns for food and farmland security.

The AgROE metric does not measure absolute land transformation or directly disturbed
footprint and should not be interpreted as such. Instead, AQROE represents the turbine-specific
distance within which 85% of the total radial change in spectral reflectance is observed. This
concept assumes crops respond to changes in surface and subsurface conditions, microclimates,
and agricultural management resulting in a yield cone of depression around turbines that manifests
in crop productivity proxies. The magnitude of spectral disturbance varies across turbines, and the
impacts at any given disturbance value vary. Crucially, larger AQROE areas do not necessarily
correspond to greater losses in agricultural production because cultivation often continues adjacent
to turbines (Christol et al., 2021; Harrison-Atlas et al., 2022; Moore et al., 2022). This is crucial,
given that renewable energy land use is often associated with land transformation rather than land
augmentation achieved with effective siting and management (Trainor et al., 2016). Following
with a recent comprehensive study in the Western US (Dai et al., 2024).

The LUE results reported here (average IDR across years: 18 to 265 W m) are consistent
with studies that have reviewed and made similar estimates of wind turbine affected area (Dai et
al., 2024; Denholm et al., 2009; Diffendorfer & Compton, 2014; Harrison-Atlas et al., 2022; Jones
the western US, and found that LUE can range from 64 to 447 W m~2 depending on the level of
landscape modification. Even on the low end of estimates, wind turbine LUE is generally greater
more often corresponds with entirely forgone agricultural production (Stid, Shukla, et al., 2025).

The renewable energy terminology landscape is rapidly evolving and affecting the
distribution of benefits, incentives, and grant awards (Hernandez et al., 2022). Land interaction

metrics can vary spatially (direct vs. indirect), temporally (temporary vs. permanent), and across
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system life-cycle phases (upstream, operational, and downstream) (Denholm et al., 2009;
Fthenakis & Kim, 2009). Misrepresenting or omitting key concepts can lead to misinterpretation
of results, especially when comparing studies (Hernandez et al., 2022). A recent review of ground-
mounted solar-land interaction metrics identified land use efficiency (LUE, in W m™2) as one
possible standardized metric to compare energy footprints across energy technologies (Cagle et
al., 2023). Importantly, LUE differs from power density which shares the same units (W m2) but
reports on the spatial footprint of wind farms rather than individual wind turbines (Antonini &
Caldeira, 2021; X. Feng et al., 2023; Harrison-Atlas et al., 2022; Miller & Keith, 2018; Van Zalk
& Behrens, 2018).

4.4.2: Wind Power Minimally Reduce Local Agricultural Production

While agricultural yields within the AgROE-defined area around wind turbines were
significantly reduced post-installation, the net effect of these production changes are insignificant
relative to both field-level and regional production. More broadly, turbine-induced losses, due to
both the AgROE and turbine operational footprints, amounted to just 0.02% of total 2022 Corn
Belt production for each crop. The agricultural losses (61,200 tonnes for maize in 2022, 16,600
tonnes for soy) are negligible compared to interannual variability in Corn Belt yield (maize: £26.7
million tonnes, soybean: £9.1 million tonnes), themselves likely caused by changes in management
and environmental conditions in the region (Deines et al., 2021). Yet, these turbines produce
electricity on the order of ~6.5 million homes equivalent (~70 TWh, a simple estimation assuming

It is important to note that our estimates likely overestimate wind turbine impacts on
production. We assumed a large access road width of 9 m, and that each turbine had its own access
road to the nearest existing road or turbine rather than using existing in-field agricultural roads
(Dai et al., 2024). Further, we assumed that all areas within the AgROE not occupied by new
operational footprint continued to be cultivated and responded to yield anomalies equally, rather
than having anomalies directionally focused down-wake (Diffendorfer et al., 2022) (Appendix D.
Text A4.1). Moreover, the impact on food security may be even smaller than the 0.02% reduction
in production estimated here, given that the Corn Belt is the primary contributor to the ~40% of
U.S. maize and soybean production allocated to biofuels (USDA ERS, 2024; W. Wang & Khanna,
2023). Indeed, reclaiming land otherwise producing biofuels for renewable energy may reduce

some of the severe negative environmental impacts created by The Renewable Fuel Standard (Lark
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et al., 2022). Our previous work has shown that siting renewable energy in nutritionally indirect
(e.g., feed and silage) or absent (e.g., biofuel, non-oil producing cotton, tobacco) croplands can be
an effective pathway to help mitigate food security concerns for renewable energy land use while
providing additional benefits (Stid, Shukla, et al., 2025).

We have shown that there are observable decreases in on-farm maize and soybean
production at a highly-local scale. We isolated two pathways explaining the decrease: directly
disturbed area for the operational footprint and radial yield anomalies. Although the radial
anomalies may be due to increased crop water needs due to enhanced evapotranspiration (Li et al.,
2018; W. Zhang et al., 2013), we believe initial site construction, foundation, and compaction (see
Figure 22D) (Christol et al., 2021) and changes in agricultural management (e.g., increased
equipment traffic causing additional soil compaction and change in irrigation or pesticide
application in avoiding boom arm impact or aerial fly over) may also play a significant role (Hitaj
et al., 2018). Importantly, this study does not address regional effects of wind turbines on
agricultural production (see Appendix D Text A4.2). We did, however, estimate anomalous change
in yield within the co-located field compared to county-level yields (modified equation 4) which
showed yield anomalies an order of magnitude less than within AGQROE. We discuss implications
in Appendix D Text A4.2. If larger-scale regional effects do exist, they may play a more substantial
role in regional agricultural security and should be further studied in combination with on-farm
local effects. However, considering only the local effects quantified here, wind energy in the US
Corn Belt is not posing a significant threat to agricultural security. Contextualizing these losses
within the broader scope of agricultural security is important since impact overestimation can lead
to viewing wind turbines as a threat to agriculture rather than an asset (Dai et al., 2024; Morris &
Blekkenhorst, 2017).

4.4.3: Some Wind Turbines Are Sited in Marginal Croplands Providing Small Benefits

We provide the first empirical evidence showing that some wind turbines are sited in
locally-marginal agricultural lands in the US. Although the benefits are small, land productivity
should be taken into consideration when forming land lease contracts and crop damage payments.
The slight preference results in marginal savings (55 USD turbine™t) compared to the significant
economic benefits of land leases (3,760 USD turbine™ on average). The counterfactual highly-
marginal placement scenario (locating turbines within 10th-percentile yield areas in the co-located

field), reduced production losses and saved money (2.1 tonnes of maize and soybeans turbine™
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and 500 USD turbine™) albeit still less than low-end lease rates (1,500 USD turbine—1). The
presence of this small preference is intriguing given the limited flexibility in wind turbine
placement due to siting and setback restrictions (Lopez et al., 2021) and potential power and
revenue losses from uncoordinated placement within greater wind farms (Howland et al., 2019;
Lundquist et al., 2018). A future wind energy landscape with fewer, larger turbines would reduce
the per turbine benefits of such placement. We discuss future work on quantifying marginality of
placement via RLP at more scales of assessment in Appendix D Text A4.2.

Co-prioritizing ecosystem conservation and wind farm generation may be more beneficial
than focusing on marginal siting alone. The majority of future wind siting areas considered low-
impact to wildlife are already agricultural in function (Fargione et al., 2012) and future buildout
scenarios that enhance ecosystem protections double the share of agricultural co-location relative
to other land uses (G. C. Wu et al., 2023). Additionally, most recent agricultural expansion has
converted marginal land (Lark et al., 2020). By many accounts, there is more than enough low-
impact land available to achieve net-zero electricity production and avoid negative consequences
to wildlife and agricultural production in most regions across the US (Dunnett et al., 2022; X. Feng
et al., 2023; Hise et al., 2022). However, without specific protections, significant high-ecological-
value land could be lost to the footprint of new renewable energy projects (Hernandez, Hoffacker,
Murphy-Mariscal, et al., 2015; Holland et al., 2019; G. C. Wu et al., 2023). Fortunately, several
governmental and non-governmental initiatives are working to define and promote effective siting
and management of renewable energy landscapes (Christol et al., 2021; Davis & Macknick, 2022;
Hise et al., 2022; Hunter et al., 2022; TNC, 2024; USDA, 2024). Future legislation like the
Protecting Future Farmland Act of 2023 (Protecting Future Farmland Act of 2023, 2023), which
incentivizes marginal agricultural placement and conservation-focused management for solar PV
arrays, should include wind power and might lead to a win-win for both agricultural and

environmental goals.
4.4.4: Land Lease Revenue is 3x Greater than Lost Agricultural Production

While wind turbines were responsible for 0.02% losses in maize and soybean tonnage in
the US Corn Belt in 2022, land lease revenue potentially increased agricultural net revenue across
the region by up to 0.12% (from 124 billion USD). Appropriately priced land leases not only offset
the costs of forgone agricultural revenue but provide additional financial security for farmers.

Previous studies have demonstrated that installing wind turbines in farmland can diversify income,

108



reduce risks, and make operational succession more likely, helping to keep farmers and their
families on their land and protecting future food security (Bolinger & Wiser, 2006; Copena &
Simon, 2018; Ejdemo & Soderholm, 2015; Groth & Vogt, 2014; Mills, 2017; Sutherland &
Holstead, 2014). Furthermore, recent media coverage has highlighted the financial benefits of wind
energy compensation for farmers (Shamlian, 2024; Weise, 2020) and governmental initiatives
have been launched to ensure these benefits reach the agricultural community (USDA, 2024). Our
estimated positive income effect is also likely underestimated, as additional easements, tax
incentives, option agreements, up-front payments, good-neighbor agreements, and crop damage
payments were not included (Appendix D Text A4.4). Additionally, current land lease agreements
may provide higher returns per turbine, or even per MW or MWh, than those documented in the
15-year-old report referenced in this study (Windustry, 2009). However, these benefits may also
be unequally distributed, favoring larger, production-oriented farms over smaller operations
needing enhanced financial security (Bessette & Mills, 2021). This disparity could be amplified as
land for fewer, larger turbines may be leased from early adopters with more land and financially
secure farms.

Our study contributes to the growing body of literature suggesting that wind turbine co-
location on agricultural land can help farmers sustain cultivation in an uncertain future. The
opportunity cost of small lost production may be offset by the increased security that farmers
experience. For low-value commodity crops with small margins, this strategy is highly effective
(2022 average price received—maize: 225 USD tonne™?, soybeans: 400 USD tonne™t). With such
low margins, small production losses and improving LUE make wind power co-location an
attractive strategy for achieving net-zero energy production while preserving food and farmland
security.

Agriculture and wind energy are finding common ground, with farmers transitioning from
just cultivating crops to diversified production including cultivating energy. Our study
demonstrates that wind turbines in the US Corn Belt have observably reduced agricultural
production. However, the magnitude of these reductions is small compared to overall maize and
soybean production in the region—where most crop production does not directly contribute to
human diets. Our economic analysis reveals that average land lease payments can more than
compensate for lost agricultural revenue, enhancing farmers’ financial stability. The detected slight

preference for siting turbines on lower-yielding land suggests a strategic approach that reduces
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crop losses, which may be even more effective for higher-value crops and when co-designed for
other ecosystem services. Importantly, we show that wind turbine land use efficiency is improving,
with new turbines having a substantially smaller land footprint per watt. This study shows that
trade-offs of wind power and agricultural co-location can be monitored and are mutualistic to food
and farm security in the current incentive landscape. Ensuring that benefits remain with those who
contribute to our food security is essential, especially if their land is best suited for achieving net-
zero and ecosystem conservation goals. Future research should explore the mechanisms driving
these yield changes and extend the analysis to other regions and crops to refine sustainable co-

location practices.
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CHAPTER 5: CONCLUSIONS
Summary of conclusions

The consequences of the existing fossil fuel-driven energy landscape on climate change,
air pollution, and energy insecurity, make clear the need to transition away from fossil fuel
dependency. Renewable energy technologies like solar, wind, hydropower, and geothermal will
be frontrunners in this transition. The recent IPCC AR6 Synthesis Report showed that together,
solar and wind have twice the carbon emission reduction potential of other viable mitigation
options (IPCC, 2023). At the same time, solar and wind energy might threaten or bolster food
security (Cuppari et al., 2024; Curioni et al., 2025; Stid, Shukla, et al., 2025; N. Zhang et al., 2023)
and biodiversity and conservation targets (Ashraf et al., 2024; Cameron et al., 2012; Condon et al.,
2025; Dunnett et al., 2022; Grodsky et al., 2021; Grodsky & Hernandez, 2020; Hilker et al., 2024;
Karban et al., 2024; Levin et al., 2023; Rehbein et al., 2020). Fortunately, existing frameworks,
tools, and guidance lays out a path forward (Ashraf et al., 2024; Galzki & Mulla, 2024; Hernandez
et al., 2019; Jamil et al., 2023; Kim Steinberger, 2021; Peterson et al., 2025; Sorensen et al., 2022;
Warmann et al., 2024; Williams et al., 2025). One thing is clear though, more detailed and publicly
available information on the existing energy landscape is critical to be able to implement these
tools comprehensively and to understand their effectiveness.

This research offers current and comprehensive insight into the spatial footprint, design,
management, and land use implications of solar and wind energy in the US. Notably, solar and
wind energy have become agricultural commodities, with the majority of installations sited on
historically arable lands. Though, my work also demonstrates that practices and impacts change
across space and time, highlighting the need for continuous monitoring and updated assessments
of the existing renewable energy landscape. Taken together, my findings underscore the scale and
urgency of land-use planning for renewable energy.

The GM-SEUS dataset suggests that current solar land coverage in the contiguous US is
~3,000 km? through 2024. Net-zero energy generation in 2050 will require between 60,000 and
90,000 km? of the US land surface for solar, constituting a 20- to 30-fold increase in area (Ardani
et al., 2021; Jenkins et al., 2021; Larson et al., 2021). Wind power may require thousands more
square kilometers of direct land use, and between 500,000 and 1 million km? of indirectly impacted
land area (Ardani et al., 2021; Denholm et al., 2022; Harrison-Atlas et al., 2022; Jenkins et al.,
2021; Larson et al., 2021). This is a considerable amount of land (direct: ~1%, indirect: ~11%),
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yet, other forms of existing or projected land use change provide helpful context for managing
concern about solar and wind energy land use change.

Between 70,000 km? (~0.8%) and 130,000 km? (~1.4%) of the US landscape is currently
disturbed, used, or set aside for fossil fuel procurement, use, and distribution (Bond et al., 2021;
Denholm et al., 2022; Merrill, 2021). An additional 200,000 km? (~2.2%) are devoted to biofuels
(Denholm et al., 2022; Merrill, 2021), land use that is currently doing more harm than good (Lark
etal., 2022). Roughly 275,000 km? (~3%) is urbanized land area (Center for Sustainable Systems,
2021) and over 8,000 km? (~0.1%) hosts 16,000 golf courses, more than 2.5-times the land area of
the existing solar landscape studied here (Denholm et al., 2022; Weinand et al., 2025). Diffendorfer
et al. (2024) estimated a future conversion of 0.7% of US natural lands for net-zero solar energy,
though, noting that these changes are an order of magnitude less than other expected pressures on
natural lands over the same times period (Diffendorfer et al., 2024). These examples are not meant
to diminish the importance of renewable energy land use conflicts, nor the beneficial outcomes of
low-impact land use. Rather, these perspectives provide context for a broader discussion on how
we use land in the US, and that considering synergies can offset some negative outcomes of land

use conflicts.
The big picture (from the ground this time)

Renewable energies are a critical component of a sustainable global future. Land is both
finite and valuable and is extensively required for this energy future. The outcomes of this new
landscape depend on what land is used and how systems are designed and managed. Together,
solar and wind energy have the potential to go beyond simply removing our dependence on fossil
fuels by distributing new co-benefits to a broader community and environment. To understand,
incentivize, and implement this potential, we have to have data on the dynamic nature of both
theorized and existing practices and effects on ecosystem services. Here, we have used a collection
of remote sensing datasets, federal products and resources, and new tools to address some key
concerns about the sustainability of renewable energy land use. We have also provided new data
for others to address deeper questions about the sustainability of these technologies.

Sustainability has two pillars: (1) meeting the needs of the present (2) without
compromising the capacity for future generations to meet their own needs (UN, 1987). Throughout
history, human society has unequivocally reshaped nearly all global systems in an attempt to meet

the needs of its people, cultivating half of all terrestrial surfaces, deforesting a third of global
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forested area, doubling the concentration of carbon dioxide in the atmosphere, and threatening the
populations of thousands of other species (Ritchie, 2024). Yet, global occurrence and death from
disease, famine, war, and child mortality have never been lower, education has never been more
accessible, and many of the aforementioned consequences of anthropogenic needs are near or have
already peaked in impact globally (both absolute and per capita) (Ritchie, 2024). For the first time
in human history, people alive today have the opportunity to realize both pillars of sustainability.
The technologies exist, the knowledge is robust, and the pathways towards sustainability are many.

We just have to keep going.
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APPENDIX A: SUPPLEMENTARY INFORMATION FOR CHAPTER 1
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Figure A26. Single-layer steady-state MODFLOW simulation inputs. Inputs include model
active region (IBOUND, upper left), digital elevation model (model top, upper right), starting
heads (lower left), and recharge (lower right).
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Figure A27. Multi-layer steady-state MODFLOW simulation inputs. Layers are labeled from
model top (Layer 0) to bottom (Layer 2). Inputs include aquifer hydraulic conductivity (HK, left),
vertical anisotropy (VANI, middle), and layer bottom elevation (right).
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Figure A28. Modified recharge layer for the high-impact solar simulation scenario. Note that
this layer is unchanged from the values in Figure A26 except where the increase in runoff and
recharge from Figure 2 were applied to model cells in the middle to lower right region.
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Spatial Distribution of Residuals
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Figure A29. Spatial simulated head residuals. Difference in simulated heads and observed heads
at 4,970 observation wells in the region in the top model layer (Layer 0).
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Figure A30. Difference in starting and final model hydraulic heads (meters). Note that final
heads (middle) are the simulated heads in the top model layer (Layer 0).
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Residual Plot, Sim-Obs Heads
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Figure A31. Simulated head residuals compared to 2013 recharge. The red line is the line of
best fit.
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Figure A32. Simulated head residuals compared to aquifer hydraulic conductivity. Note that
hydraulic conductivity (HK) is grouped into five quantiles.
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Figure A33. Simulated head residuals compared to observed heads. The red line is the line of
best fit.
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USGS Streamflow and Simulated Streamflow

180 A
—— USGS Daily Resample (cfs)

USGS 25th-75th Percentile
------ USGS Annual Med: 37.39 cfs
----- Simulated Annual: 34.55 cfs

160 ~

140 -

120 A

100 ~

80 A

Streamflow (cfs)

60 -

40 -

20 A

01-01 02-20 04-11 05-31 07-20 09-08 10-28 12-17
Date

Figure A34. Observed and modeled annual streamflow. USGS hourly streamflow estimates
(observations) from the national gauging network for Augusta Creek Near Augusta, MI (USGS
04105700), resampled to daily estimates (solid blue) and to an annual median value (dotted black)
for the year 2013. Simulated cumulative streamflow estimates from within the watershed boundary
at the stream outlet (dotted red).
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APPENDIX B: SUPPLEMENTARY INFORMATION FOR CHAPTER 2

Text A2.1: GM-SEUS data repository description

Text A2.1.1: GM-SEUS open repository file descriptions

GMSEUS_Arrays_Final: Final array dataset containing boundaries from existing
datasets and enhanced by buffer-dissolve-erode technique with GM-SEUS panel-rows
containing all array-level attributes (EPSG:102003), geopackage, shapefile, csv

GMSEUS_Panels_Final: Final panel-row dataset containing boundaries from existing
datasets and newly delineated GM-SEUS panel-rows containing all panel-row-level
attributes (EPSG:102003), geopackage, shapefile, csv

GMSEUS_NAIP_Arrays: All array boundaries created by buffer-dissolve-erode method
of newly delineated (NAIP) GM-SEUS panel-rows (EPSG:102003), geopackage,
shapefile, csv

GMSEUS_NAIP_Panels: Newly delineated panel-rows from NAIP imagery with low-
quality panel-rows removed (EPSG:102003), geopackage, shapefile, csv

GMSEUS_NAIP_PanelsNoQAQC: All newly delineated panel-rows from NAIP
imagery without any quality control (EPSG:102003), geopackage, shapefile, csv

NAIPtrainRF: Training dataset of 12,000 NAIP training points (2,000 class™) containing
class values, spectral index values, the year of NAIP imagery accessed, and point
coordinates (EPSG:4326), comma separated values

LabeledImages: Directory containing image and mask subdirectories with ~17,500 input
and target images for deep learning pattern recognition applications, GeoTIFF

Text A2.1.2: GM-SEUS attribute fields for arrays

arraylD: unique numeric ID of each solar array in GM-SEUS, unitless

Source: original array boundary source from existing datasets or manual digitization,
unitless

nativelD: numeric ID of each solar array in from source spatial dataset if an indexing
system existed, unitless

latitude: latitude of the array boundary centroid (EPSG:4269), decimal degrees
longitude: longitude of the array boundary centroid (EPSG:4269), decimal degrees

newBound: binary, whether the array boundary was derived from the existing data sources
(0) or from a buffer-dissolve-erode of panel-rows following our definition of an array
boundary (1), unitless

totArea: total land footprint of panel-rows and the space between them, m?

totRowArea: If numRow is greater than 0, sum of rowArea within an array. Otherwise,
estimated based on totArea and GCR1 estimation where no panel-rows were detected, m?
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numRow: number of panel-rows within an array, m?
instYr: installation year from existing sources, with gaps filled in by instYrLT, year

instYrLT: LandTrendr-derived installation year independent of any data source other than
Landsat spectral trajectory, year

capMW: installed peak capacity from existing sources, with gaps filled in by capMWest,
MWpc or MW

capMWest: estimated installed peak capacity derived from capacity to panel-row area
relationships described in Eq. 10-13 independent of any data source, MWpc or MW,

modType: reported panel-row (module) technology at the array level (c-si, thin-film, csp).
If unreported, assumed to be c-si, unitless

effInit: initial panel-rows efficiency from existing sources with gaps filled in by based on
efficiency estimation from modType and instYr taken from the annual Tracking the Sun
report, %

GCR1: 0-1, the ratio of totRowArea to the total area of panel-rows and the space between
them. For arrays with complete panel delineation and arrays where newBound is 1, this is
equivalent to totArea. This is also called packing factor. If numRow is greater than 0, GCR1
is an actual GCR; for the array. Otherwise, GCR is estimated by linear regression of latitude
and longitude by mount and module type, unitless

GCR2: 0-1, the ratio of the average width of the panel-row short edge (rowWidth) to the
horizontal ground distance between identical panel-rows points, defined as the sum of
widthAvg and rowSpace. If numRow is greater than 0, GCR2 is an actual GCR> for the
array. Otherwise, GCR2 is estimated by linear regression of latitude and longitude by
mount and module type, unitless

mount: mount technology derived from the azimuth and geometry of each panel-row
within the array or from existing sources, with preference given to newly derived mount
technology. Either ‘fixed axis’, ‘single axis’, ‘dual axis’, or ‘mixed ’ with a lower-case
letter denoting the mixed mounts (e.g., mixed_fs), unitless

tilt: panel-row tilt for fixed-axis arrays (including arrays with mixed-mounting) from
existing sources and filled in by tiltEst, degrees above horizontal

tiltEst: estimated panel-row tilt for fixed-axis arrays (including arrays with mixed-
mounting) estimated using pvlib, degrees above horizontal

avgAzimuth: median estimated azimuth of panel-rows within array bounds or reported
azimuth from existing sources, with preference given to newly estimated azimuth. For
single-axis tracking arrays this is the cardinal direction of the long-edge. For all other
mount types, this is the cardinal direction of the panel-row face, degrees from north

avgLength: median length of the long edge of panel-rows within an array, meters
avgWidth: median length of the short edge of panel-rows within an array, meters

avgSpace: median spacing between the solar array rows, in meters, between edges of the
panel-row projected onto the ground, meters

STATEFP: unique geographic identifier for the U.S. Census Bureau state entity, unitless
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e COUNTYFP: unique geographic identifier for the U.S. Census Bureau county entity,
unitless

e geometry: best new or available geometry matching the array definition which contains
panel-rows and the space between them, derived from existing sources (newBound = 0) or
from a buffer-dissolve-erode of newly delineated panel-rows (newBound = 1), meters

e version: GM-SEUS version in which the array geometry and attributes are derived. Each
subsequent version will re-derive new geometries and the best delineation from each
version will be selected, unitless

Text A2.1.3: GM-SEUS attribute fields for panel-rows

o panellD: unique numeric ID of the panel-row in GM-SEUS, unitless

e arraylD: unique numeric ID of each solar array in GM-SEUS that the panel-row is
associated with, unitless

e Source: panel-row boundary source from existing datasets or GM-SEUS, unitless

e rowArea: top-down or apparent panel-row area directly from the output of image
classification, m?

o rowWidth: length of the short-edge of the panel-row, meters
e rowLength: length of the long-edge of the panel-row, meters
e rowAzimuth: azimuth of the panel-row, with 0 at North, degrees

e rowMount: mount technology (fixed-axis, single-axis, or dual-axis) of the panel-row,
unitless

e rowsSpace: the inter-row spacing between the panel-row and the nearest panel-row in the
azimuthal direction (fixed- and single-axis) or any direction (dual-axis), meters

e geometry: top-down or perceived geometry, meters

e version: GM-SEUS version in which the panel-row geometry and attributes are derived.
Each subsequent version will re-derive new geometries and the best delineation from each
version will be selected, unitless

Text A2.2: Limitations of input polygon and point array dataset metadata

Aside from manual digitization of point data to polygon data, GM-SEUS does not search
for new arrays that are not contained within existing reference polygon datasets (Main Text Table
1). Thus, GM-SEUS completeness is currently limited by coverage of existing datasets. As
mentioned, the coverage and metadata completeness and quality of input dataset varies depending
on the scope and age of the dataset. The following are limitations of metadata attributes of input
dataset.
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The TransitionZero Solar Asset Mapper (TZ-SAM) (Phillpott et al., 2024b, 2024a)
contains metadata on installation year, installed capacity, and ground cover ratio (GCR). TZ-SAM
installation year is based on Copernicus Sentinel-2 imagery (S2) change detection, which is limited
to installations after 2017. TZ-SAM also reports installation year as a range of potential dates based
on the timing of imagery where change was detected. We select the median date within this range
(only if the start of the range is 2018 or later) as the TZ-SAM provided installation year. TZ-SAM
installation year is also not complete. TZ-SAM GCR estimates are derived from an
OpenStreetMap (OSM) validation dataset, are used to estimate installed capacity, and are provided
at the country-level rather than the array level.

The Chesapeake Watershed solar dataset (CWSD) (Evans et al., 2021, 2023) contains
metadata on installation year. As with TZ-SAM, CWSD installation year is based on S2 change
detection, which is limited to installations after 2017.

OpensStreetMap (OSM) (OpenStreetMap Contributors, 2024) contains metadata on
installation year and installed capacity. OSM installation years are based on the ‘start date’
attribute which contains crowd sourced uncertainty in definition. The same issue exists with
installed capacity reporting in OSM.

SolarPACES CSP.guru (Thonig et al., 2023) contains metadata on installation year and
installed capacity. The SolarPACES CSP.guru dataset also contains technology information (e.g.,
Parabolic Trough, Power Tower), from which we made assumptions about mount technologies.

The World Resources Institute's Global Power Plant Database v1.3.0 (GPPDB) (Byers et
al., 2021; Global Energy Observatory et al., 2021) contains metadata on installation year and
installed capacity. GPPDB installation years were inferred from a commissioning year attribute,

which may not be the same as the year of completed installation.
Text A2.3: Use case product: labeled imagery for semantic segmentation

To display utility in the granularity of GM-SEUS arrays and panel-rows, we provide solar-
labeled images as an auxiliary data product intended for training deep learning models for pattern
recognition (e.g., semantic segmentation). Deep learning convolutional neural networks (DCNN)
require abundant and well-labeled training data and are used in a number of existing solar
identification and characterization efforts (Arnaudo et al., 2023; Camilo et al., 2018; D. Chen et
al., 2024; Y. Chen, Zhou, et al., 2024; Costa et al., 2021; Edun et al., 2021; Evans et al., 2023; Ge
et al., 2022; Hou et al., 2019; Hu et al., 2022; Imamoglu et al., 2017; H. Jiang et al., 2021, 2022;

170



Kasmi et al., 2023; Kausika et al., 2021; Kruitwagen et al., 2021; Malof et al., 2016; Mayer et al.,
2022; Ortiz et al., 2022; Perry et al., 2024; Perry & Campos, 2023; Phillpott et al., 2024b;
Ravishankar et al., 2022; J. Wang et al., 2023; Yu et al., 2018; Zhuang et al., 2020).

Labeled imagery was created for solar energy arrays within GM-SEUS that contained
NAIP generated panel-rows (CCVPV or GM-SEUS Source) and at least 10 identified panel-rows.
To reduce panel-row omission error, imagery was only selected in sub-array regions where panel-
rows were present. Images (inputs) are 4-band (R, G, B, and NIR) rasters masks (targets) are binary
single band rasters (0: non-solar, 1: solar), where solar labels are GM-SEUS panel-row vectors
rasterized at local NAIP resolution and projection. Images and masks are provided at 256x256
pixel dimensions. We allowed arrays to contain random point centered image windows equal to
50% of the panel-row containing array area divided by tiled area. This resulted in ~17,500 images
and masks within 4,452 arrays. We intend on updating this dataset with higher density sampling
to include 200,000+ training images in following GM-SEUS versions. Example images and masks
for fixed-, single-, and dual-axis mounted installations are shown in Appendix Figure A36.

All files are stored at GeoTIFF files, with native NAIP imagery projections (UTM Zone
for source imagery location, spatial reference information is included in both images and masks if
reprojection is needed). Images and masks retain the same file naming logic for easy application.
Importantly, file nomenclature includes the respective arraylD from the GM-SEUS, meaning
images can be selected for metadata-specific applications (e.g., avgAzimuth, mount). File
nomenclature is (for example): “id3044 tile0.tif", where '3044' is the arrayID from GM-SEUS and

'tileQ' is the tile number for that array.
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Figure A35. Panel-row and array boundary delineation errors and limitations. The left
column contains NAIP aerial imagery and input geometries originating from the Source dataset of

greatest spatial quality for that array.
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Figure A36. Deep learning and pattern recognition use case image product examples. Three
columns of six examples containing inputs or images (left) and targets or masks (right) for fixed-,
single-, and dual-axis mounted arrays contained within GM-SEUS. Note, this data was not used to
create GM-SEUS, but is provided as a value added product within the data repository. Image
products were created from NAIP imagery and GM-SEUS panel-rows.
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APPENDIX C: SUPPLEMENTARY INFORMATION FOR CHAPTER 3

Text A3.1: Methods: Future work in classifying ground cover management through time

To classify high-temporal resolution changes in ground cover practices, we used Level-2A
surface reflectance (SR) Copernicus Sentinel-2 imagery (10 m, 5 day revisit cycle) from the
European Space Agency (ESA) (ESA, 2024). Sentinel-2 SR mean NDVI within the array bounds
was extracted for images with low cloud coverage across all years of available imagery. NDVI
values were then resampled to a 15 day mean composite to remove gaps in data due to cloud
coverage. We assessed changes in annual intensity of vegetation by calculating the area under the
curve (AUC) for each year of data using numpy polyfit regression and integrate using numpy
trapezoidal integration (Harris et al., 2020). To emphasize year to year changes rather than NDVI

magnitude, we normalize AUC to the minimum and maximum values across years.
Text A3.2: Methods: Future work in differentiating blooming and non-blooming vegetation

Several studies have successfully observed bloom occurrence, duration, or magnitude
using aerial and satellite remote sensing across a variety of bloom types (J. Chen et al., 2019;
al._(2019) developed the enhanced bloom index (EBI) to track bloom information for almond
orchards and found that Sentinel-2-derived EBI was highly correlated with EBI from higher

track forest flowering dynamics in Corymbia calophylla trees. Sentinel-2 EBI is calculated by:

R+G+B

s (R-B+e) Fq. 24

EBI =

where ¢ is set to the maximum reflectance value (1).

increase in EBI and decrease in greenness. We used this relationship to examine periods of
decreased NDVI greenness (valleys) and increased EBI bloom signatures (peaks). If the NDVI
valley and EBI peak were within 30-days of each other (two resampled time steps), we classified
the array as managed with pollinator-friendly habitat with floral resources for that year. Otherwise,
the array year was given a classification of grasses. Given that EBI is heavily influenced by snow,
we only considered changes in EBI and NDVI between April 10th (day of year: 100) and October
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27th (day of year: 300) within each year. To validate this approach, we intend to compare the
pollinator habitat classification for NREL InSPIRE arrays known to be managed with pollinator
habitat, and those managed with grazing or other forms of agrivoltaics (NREL, 2025).

Proportion of vegetation coverage will be tested against the existence of an active pollinator
scorecard across the state compared to no active scorecard (EPRI, 2021). We will use Wilcoxon

Rank-Sum test to test for significance and Cohen’s d to evaluate effect size.
Text A3.3: On pollinator habitat dual-use

Anthropogenically caused pollinator decline has raised concerns regarding global food
security and related ecosystem services (Otto et al., 2016; Potts et al., 2010). In the United States
pollinator dependent agriculture accounts for about 23% of agricultural production (Johnson,
2010) and about $70 billion (2009 USD) as of 2009 (Calderone, 2012). Habitat fragmentation,
transition to biofuel crops, synthetic fertilizers exposure, and parasitic infection (largely
agricultural and land use change side-effects) are thought to be some of the largest contributing
anthropogenic factors to both native wild pollinator and managed honey bee (Apis mellifera)
decline (Gallant et al., 2014).

Pollinator habitats are one of the most feasible and broadly deployed dual-use practices in
the US (NREL, 2025). Unlike other forms of dual-use (e.g., crop production agrivoltaics),
pollinator habitats do not traditionally require additional site design or management considerations
beyond seed mix selection, vegetation establishment, and seasonal management (McCall,
Macdonald, et al., 2023). Beyond the general benefits of vegetation ground cover, pollinator
habitats also exhibit some of the only well-documented co-benefits that extend beyond the fenced
in area, with evidence for boosted pollinator abundance, richness, diversity and forage quality, and
enhanced pollination services extending to adjacent cropland and potentially, adjacent farmland
income (Blaydes et al., 2021, 2022; Graham et al., 2021; Walston et al., 2018, 2024). Benefits of
informed forage habitat can also extend to both native and managed pollinators (Blaauw & Isaacs,
2014; Graham et al., 2021; Walston et al., 2021) with grassland and pasture also having been
shown to be beneficial for pollinator health (Quinlan et al., 2021). Interestingly, improved
landscape connectivity can be achieved by reverting agricultural margins, a potential siting
decision for future solar arrays, to pollinator-friendly habitat, even in some of the most dense
agricultural landscapes in the world (Dilts et al., 2023). Together, this means that pollinator-

friendly ground cover management would not benefit both local agriculture and the pollinators.
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Though, surrounding landscapes are a significant driver of pollinator diversity at solar sites as well,
which places less control in the hands of a farmland owner or landscape manager (Blaydes et al.,
2024).

Text A3.4: Future work in assessing the effectiveness of pollinator scorecards

Currently, 18 US states actively maintain or are preparing a solar pollinator scorecard
(EPRI, 2021; NYSERDA, 2025), along with several state-neutral or independently developed
scorecards (Fresh Energy, 2025; ROWHWG, 2023). In agreement or requirements by states
regulating agencies, these scorecards permit landowners of facilities that achieve a sufficient score
to be eligible for income or tax incentives, and in some cases certain assessment exemptions
(Terry, 2020).

However, many scorecards are also based on practices with unverified benefits, and only
five require seasonal to 5-year inspections ensuring continued compliance. The remaining
scorecards either recommend or do not mention regular monitoring of management practice
upkeep (EPRI, 2021; Fresh Energy, 2025; NYSERDA, 2025; Terry, 2020). Additionally, seven of
these state scorecards are currently state mandated, while the rest remain optional (Fresh Energy,
2025). This necessitates a standardized approach for evaluating the outcomes of scorecard values,
and regular monitoring of the retention of practices and outcomes (Carvalho et al., 2023).

Effective scorecard evaluation and monitoring will require a combination of on-the-ground
assessments and broader spatial and temporal data assimilation. Field surveys should assess forage
quality, plant density, and pollinator abundance, while large-scale data acquisition can track long-
term trends in habitat quality. One potential resource for this effort is the native pollinator
abundance map (Koh et al., 2016), which would provide a spatial account of a key metric in habitat
mix, design, and establishment.

In a preliminary analysis (see Appendix C Text A.3.3 and A3.4), we classified temporal
ground cover management practices for 3,760 solar energy installations (411 km? and 26.1 GWpc)
that were determined to contain low-coverage or highly vegetated ground covers. Within vegetated
arrays, we also attempted to go further by differentiating vegetated ground covers into two classes:
blooming and non-blooming vegetation. However, we do not yet have preliminary data for
blooming vegetation classification.

First, regarding general ground cover mixes, 532 km? of 584 km? of array area with low-

or high-vegetation cover contained at least 10% barren cover, potentially providing ground nesting
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habitat, crucial for some wild bee species (Blaydes et al., 2021, 2022). Regarding AUC, Figure
A42-A44 shows the polynomial (degree=3) fit for each year of available Sentinel-2 data. Note that
we limited time series data to full years post-installation year. In Figure A42-A43, these curves
peak in the mid-summer, and generally peak higher (with more AUC) in later years. Figure A44
shows an earlier season peak (mid-April), and more variability between years. Figure A45-A46
show state-aggregated and normalized AUC trends for Michigan and California. Qualitatively,
Michigan (Figure A46) tends to have increasing normalized AUC with greater years since
installation, potentially indicating increasing occurrence of vegetation establishment and greater
vegetation coverage. Conversely, California (Figure A46) seems to have little to no temporal
relationship, either indicating a) early and effectively complete vegetation establishment or b) little
to not progress in vegetation establishment. These relationships have not yet been statically
validated. Additionally, crucial in future work, will be including a local control (non-solar
vegetation) to perform a difference in difference analysis and remove year to year variation from

the spectral signature.
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Figure A37. US solar energy prior land use proportion by installation through time. Compare
to Main text Figure 18 (by area).
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Figure A38. United States state name shorthand with geographical context. Compare with
Main text Figure 17 and 19.
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Figure A39. Global logical clustering of solar ground covers using the B-D-G model. Index
values shown here are mean values across a given local, within-array cluster. We also used max
and min local cluster values for global clustering. The ternary diagram (a) does not represent actual
index values, where "cc NDVI/ X", for example, indicates proportional NDVI value to the sum
of the values for all three indices (Br, NDVI, NDPVI) for ternary plotting purposes only. Boxplots
represent actual index values normalized from 0 to 100.
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NDVI Timeseries for Burcham Solar Park (Ml)
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Figure A42. Resampled NDVI timeseries for Burcham Solar Park in Michigan. Timeseries is
limited to non-winter months and fitted with polynomial trendlines across years. Note that this
array is known to be managed with pollinator habitat from existing work at Michigan State
University and was installed in 2018.
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NDVI Timeseries for Two Creeks Solar Park (WI)
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Figure A43. Resampled NDVI timeseries for Two Creeks Solar Park in Wisconsin.
Timeseries is limited to non-winter months and fitted with polynomial trendlines across years.
Note that this array is known to be managed with pollinator habitat from the INSPIRE Agrivoltaic
Map (NREL, 2025) and was installed in 2020.
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NDVI Timeseries for Eagle Point Solar Apiary (OR)
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Figure A44. Resampled NDVI timeseries for Eagle Point Solar Apiary in Oregon. Timeseries
is limited to non-winter months and fitted with polynomial trendlines across years. Note that this
array is known to be managed with pollinator habitat from the InSPIRE Agrivoltaic Map (NREL,
2025) and (Graham et al., 2021) and was installed in 2018.
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NDVI Annual AUC for Michigan
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Figure A45. Annual NDVI AUC for 37 arrays in Michigan managed with vegetation.
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NDVI Annual AUC for California
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Figure A46. Annual NDVI AUC for 55 arrays in California managed with vegetation.

187



APPENDIX D: SUPPLEMENTARY INFORMATION FOR CHAPTER 4

Text A4.1: AgROE Utility, Limitations, and Assumptions

Conceptually, the AGQROE concept is similar to the cone of depression created by irrigation
pumping of groundwater, in that yields are generally radially reduced rather than entirely absent.
Methodologically, AGQROE applies a minMax function to the source value (GCVI) resulting ina 0
to 1 raster value within the setback boundary regardless of crop type and multi-annual yield trends
(Figure A50). Therefore, AgROE is independent of crop type and CDL limitations and includes
yield changes and productivity of crop rotations (maize and soybeans).

However, the newly derived AgROE power-land metric requires additional validation.
While Landsat provides the desired temporal resolution for a pre- and post-installation analysis,
higher spatial resolution imagery, such as National Agriculture Imagery Program (NAIP) imagery
(Dai et al., 2024) could refine the “current” radius of effect. However, low-temporal resolution
imagery such as NAIP would limit the ability to remove marginal land use effects. Additionally,
we chose to cut-off the logarithmic-like growth in the AGROE cumulative disturbance (Main Text,
Figure 3A) at 85%, leaving ~15% of detected yield effects within the co-located field.
Consequently, the total yield effect within the co-located field was an order of magnitude less than
the AgROE effect. This total change is observable in average yield (Figure A49E-A49G), which
is not biased towards CDL-derived crop area or land cover change and total estimated yield (Figure
A49F-A49H), which has not been de-trended but includes spatiotemporal change in SCYM vyield
maps created by CDL masking. Note that field-level changes in yield (Figure A49) were smaller
compared to adjacent changes in yield (Figure 25) and we are unable to determine the effect of
larger scale changes in cropping practice. Dependence on CDL is always an issue given known
limitations in accuracy of the widely used product (Lark et al., 2017).

SCYM maps are limited spatially, temporally, and CDL accuracy (which qualitatively
classifies wind infrastructure in some cases). It is also unclear how wind turbine reflectance (in
GCVI) is represented in SCYM yield methods. Using Landsat-derived GCVI directly to delineate
AgROE addresses these concerns and provides support for future work outside of the US Corn
Belt and with different crops. The most commonly referenced work on wind turbine affected areas
is (Denholm et al., 2009) that reports 0.3 ha MW of permanently converted area (if all AGQROE)
would result in AQROE radii between 30 m and 70 m for a 1 and 5 MW turbine respectively.
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Several observations also suggest that the radial AGROE relationship is not an artifact of the
methods. Firstly, the AgROE relationship does not exist for randomly selected control points
within the co-located field that are outside existing AgROE radii. Secondly, the median negative
yield effect within AgROE exists in average yield (spatially independent from CDL) and actual
yield (spatially dependent on CDL). Thirdly, the lack of relationship between capacity or rotor
diameter with AgROE radius suggests that AGROE is more than just the result of a change in
spectral-GCVI1 signatures from the physical turbine.

To provide a conservative estimate of forgone agricultural production within the
operational footprint—within and outside AQROE—we have assumed that all wind turbines coincide
with a new large access road. However, it is likely that many turbines employ existing road
networks (Diffendorfer et al., 2019). We have also not accounted for directional effects such as
downwind wake (Diffendorfer et al., 2022) or reported on and the county-level effects of wind
turbines (Kaffine, 2019). We intend to address these limitations in a follow-on study. We also
acknowledge that the effects of co-located wind turbines go beyond agricultural, with examples
including ecological and social footprint (Burger & Gochfeld, 2012; Zaunbrecher, 2018),
viewshed (Guo et al., 2024; Palmer, 2022), soundscape (Whalen, 2019), all requiring attention.

Text A4.1: Scale of Assessment

Most recent agricultural expansion has converted marginal land (Lark et al., 2020),
suggesting that the definition of marginal may have a multi-scale effect temporally and spatially
(Csikos & Taéth, 2023). We report marginality at the within-field scale, only one of many scales
that should be considered. At such a local scale, marginality is likely driven by factors such as
topography, soil composition, or cultural farming practices (e.g., irrigation and pesticide
application). At larger scales, drivers of marginality likely differ. Understanding the effects of
agricultural placement and management across scales is essential (Csikos & Toth, 2023) and can
help achieve win-win scenarios for energy and agricultural production, and carbon sequestration
(Diffendorfer et al., 2022).

Text A4.1: Co-located Fields: Yields and Limitations

We observed a statistically significant, though low magnitude reduction in within-field
maize and soybean yields within co-located fields These changes can be found in Figure A49E-
A49H. Those these are significant; these changes had a low effect size (<0.2) indicating little or
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no practical change. Additionally, we did not assume that field-scale yield changes were the result
of wind installation but are more likely to be caused by changes in larger scale cropping practice.

A limitation of the crop sequence boundary dataset (Abernethy et al., 2023; Hunt et al.,
2024) is that this product is a stagnant crop field boundary dataset derived from CDL. Beyond
limitations of CDL, field boundaries can change for a variety of reasons including transition of
ownership, regional crop type shifts, changes siting (RLP metric) and yield anomalies across years
when the field boundaries may have been changing. Note though, this is also the case for other
existing field boundary datasets, and CSB is the most recently available and likely the most

accurate to existing field boundaries (Abernethy et al., 2023; Hunt et al., 2024).
Text A4.1: Economic Analysis Assumptions and Limitations

We assumed that all affected land was under a land lease legal agreement with a farmer
landowner rather than purchased by developers. We do not consider additional easements or tax
incentives for leased or neighboring farms (Shoemaker, 2007), option agreements to landowner
farms during project planning (US DOE, 2022), crop damage payments (McEowen, 2011), good-
neighbor agreements, and up-front payments (Windustry, 2009). We also assumed all wind
turbines were under leasing agreements between utilities or third parties and the farmer landowners
rather than purchased and installed by farmers themselves. We do not include field-level yield
changes in this economic analysis.

We also assumed that there was no change in property values. (Guo et al., 2024) found that
while home values decreased within 8 km of a wind turbine, the effect diminished substantially
over time and at greater distances. Regarding agriculturally co-located wind turbines, lower
adjacent home density would lead to reduced negative property value impact, and has been shown
to not produce significant positive or negative effects for on-farm and near-farm parcels (B. Hoen
et al., 2015; Sampson et al., 2020). Thus, we feel that our assumption of no change in on-farm
property value is justified.

An additional limitation of the economic analysis is the limited knowledge on the spatial
or temporal layout of lease agreements that are often private agreements determined on a case-by-
case basis (Brannstrom et al., 2015). We used a turbine™ year leasing structure, although existing
structures are also based on a turbine™, acre™t, MW, or royalty return structures (Craig Kaiser,
2024a, 2024b).
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Figure A47. AQROE and resulting land use at most recent available imagery. (A) AgROE for
17,557 co-located wind turbines in the US Corn Belt. AgROE is the normalized (0 to 1) spline
estimation of radial effect within the 300 m of potentially altered yield. The AgROE spline was
estimated for each turbine with these quantiles showing the distribution of installation-unique
splines. (B) Total estimated affected area (hectares) as a function of installed capacity (MW)
grouped by wind farm. Sloped lines are the estimated area by capacity assuming direct permanent

land interaction (land use efficiency) of co-located turbines as a function of installation year.
Shaded regions in A and C show the IQR and IDR, with lines and points representing median
values.
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Figure A48. Non-normalized AgROE for all wind turbines and control points. The AQROE
for agricultural co-located wind turbines in the US derived using Landsat GCVI after installation
(A) and in most recent available imagery (C). AgROE for randomly generated control points
within the same crop field as each respective wind turbine derived using Landsat GCVI after
installation (B) and in most recent available imagery (D). Boxplots represent the quartiles with the
middle line and the reported value (%) representing median AgROE for each radii. VValues are not
normalized by minimum to maximum total effect as they are in Figure 24. The purple dashed line
represents the average local GCVI, with AGROE above and below the dashed line representing
degraded yield and enhanced yield respectively relative to the average. One-sided t-test p-values
are denoted with “***” for p< 0.001, “**” for p< 0.01, and “ns” for non-significant results.
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Figure A49. Co-located field yield anomalies and total yield with wind installation. Average
yield anomaly plots within the newly derived AgROE area (A and C) and within the co-located
field (B and D), and total yield plots within the newly derived AgROE area (E and G) and within
the co-located field (F and H). Total yield is not corrected for county-level yields (detrended) and
represents actual estimated total yield within the respective boundary. Solid and dotted lines show
the median and mean yield anomalies respectively and shaded regions display the IQR range. The
vertical dashed line represents the installation year and the horizontal dashed line (A to D)
represents yields comparable to county averages (null anomaly).
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Figure A50. Workflow overview for estimating agricultural footprint using AgROE. Teal
boxes indicate input datasets, white ovals indicate direct dataset attributes, gray boxes indicate
newly calculated values or operations, and yellow dialog boxes provide context and reasoning for
some more complex operations.
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Figure A51. Conceptual example operational footprint and yield anomaly extent. The
example is for a turbine with an AgROE of 60 m.
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