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Abstract
1.	 Ecologically informed photovoltaic (PV) developments that co-prioritize PV 

electricity generation with ecosystem function (‘ecovoltaics’) have emerged as a 
promising land sharing strategy to minimize ecological conflicts associated with 
PV solar energy development. While habitat-focused ecovoltaic designs can con-
ceptually benefit biodiversity by offsetting or enhancing impacts of PV develop-
ment, foundational field research is needed to examine how wildlife respond to 
these novel ecosystems.

2.	 We conducted passive acoustic monitoring (PAM) in 2023 and 2024 at 13 solar 
facilities and paired control sites to investigate avian community responses to 
ecovoltaic facilities in the Midwestern United States.

3.	 Compared to control sites (row crop agricultural fields), we found that ecovoltaic 
sites supported more grassland bird species throughout a 17-week monitoring 
period between May and September. Grassland bird communities on ecovoltaic 
sites were also more stable than on agricultural controls, as measured by the 
Jaccard dissimilarity index.

4.	 We also used PAM-based weekly species occurrences in an occupancy-modelling 
framework to investigate the influence of PV development and other landscape 
variables on grassland bird occupancy. 10 out of 13 modelled grassland bird 
species had greater predicted occupancy probabilities (ψ) on PV sites than control 
sites.

5.	 Synthesis and applications. Our findings suggest that properly sited and developed 
ecovoltaic solar facilities in human altered landscapes can improve habitat for 
birds and other wildlife, but further research is needed to understand which 
species may benefit most from these novel ecosystems.
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1  |  INTRODUC TION

The 21st century has experienced a shift in global energy production, 
driven by international priorities for sustainable solutions to energy 
security and to address climate change (Wehbi, 2024). Solar energy 
has emerged as a leading source of electricity to define this transition, 
due in large part to declining costs its long-term environmental 
sustainability (Nijsse et al., 2023). Photovoltaic (PV) solar electricity 
generation could become the dominant global renewable energy 
source by 2030 (IEA, 2024). By 2050, the United States (U.S.) alone 
could install up to 1 terawatt (TW) of large-scale ground-mounted 
PV solar energy (DOE, 2021). This energy future will require a 10× 
increase in existing ground-mounted PV solar deployment in the 
U.S. over the next two decades (EIA, 2025).

The future build-out of large-scale PV developments will require 
considerable amounts of land (DOE, 2021; Walston et al., 2021). As 
such, land use trade-offs rank among the most important consid-
erations influencing widespread PV deployment. For example, PV 
solar energy development in rural landscapes can result in loss of 
farmland (Goldberg,  2023; Sorensen et  al.,  2022). Dual land use 
designs can alleviate these impacts by allowing PV solar develop-
ment to occur with other compatible land uses. Under this approach, 
the concept of ‘ecovoltaics’ has emerged as a land sharing strategy 
that co-prioritizes PV energy production with ecosystem function 
(Sturchio & Knapp, 2023). Opposed to turfgrass management, a con-
ventional vegetation practice at many PV installations, ecovoltaic 
designs can improve ecosystem function through onsite habitat es-
tablishment (Sturchio et al., 2024; Walston et al., 2021).

A major concern around PV solar energy deployment is the 
impact on biodiversity. Construction and operation of PV solar in-
stallations can negatively impact biodiversity through habitat loss 
and various forms of direct and indirect mortality (e.g. collision-
related mortality) (Gómez-Catasús et al., 2024; Karban et al., 2024). 
However, impacts are context-dependent and there is emerging 
evidence suggesting that PV solar installations could provide a net 
benefit for biodiversity under certain siting and management config-
urations (Treasure et al., 2024). In the Midwestern U.S., most PV fa-
cilities are sited on former arable croplands such as corn and soybean 
fields (Sorensen et al., 2022; Walston et al., 2021). Conceptually, the 
conversion of row crop agriculture to ecovoltaic solar energy devel-
opments represents a land use change that can enhance the site's 
ecological value by stabilizing soils, restoring native vegetation and 
improving wildlife habitat for foraging, breeding and nesting and 
refuge (Sturchio et al., 2025; Szoldatits et al., 2025; Tölgyesi et al., 
2023). For example, recent studies have demonstrated relatively 
rapid increases in insect community abundance in response to na-
tive grasses and forbs established at ecovoltaic sites sited on former 
agricultural lands (Blaydes et al., 2024; McCall et al., 2024; Walston 
et al., 2024).

While the positive responses of plant and insect communities 
show promise for ecovoltaic designs, evaluating responses at higher 
trophic levels is necessary to more comprehensively understand the 
effects of these novel land use configurations on biodiversity. Birds 

are important bioindicators of ecosystem well-being (Rosenberg 
et al., 2019) and could be influenced by changes in habitat compo-
sition and prey abundance (e.g. insects) resulting from PV solar en-
ergy developments. Recent studies in Europe have shown greater 
bird abundance and diversity on PV solar sites than agricultural con-
trol sites representative of pre-solar land uses (Copping et al., 2025; 
Golawski et al., 2025; Jarčuška et al., 2024). However, outside the 
desert Southwest (e.g. Kosciuch et al., 2021), there has been little 
research on bird community responses to PV solar in the U.S.

North American grassland bird populations have declined sub-
stantially in recent decades, primarily due to anthropogenic habitat 
loss such as agricultural expansion (Johnson et al., 2019). Thus, there 
is a unique opportunity for ecovoltaic solar developments on for-
mer agricultural fields in these landscapes to support grassland bird 
species by offsetting habitat losses. In this study, we used passive 
acoustic monitoring (PAM) data to examine grassland bird commu-
nity responses to ecovoltaic sites in the Midwestern U.S. PAM has 
become a popular wildlife monitoring tool for ecologists and nat-
ural resource managers (e.g. Bielski et al., 2024; Hack et al., 2024; 
Schuster et  al.,  2024; Wood et  al.,  2024), due in large part to ad-
vancements in artificial intelligence to improve species call recog-
nition (e.g. BirdNET (Kahl et  al., 2021)). In some cases, automated 
species detection approaches using PAM can outperform more tra-
ditional point count survey methods of estimating avian species rich-
ness (Darras et al., 2018; Schuster et al., 2024). Some advantages of 
PAM over manual survey methods include the ability to continuously 
monitor multiple locations over long time periods, minimization of 
human disturbances and biases in the monitoring design, and the 
ability to monitor cryptic species or in complex environments where 
views can be obstructed (Kahl et  al.,  2021; Schuster et  al.,  2024; 
Sugai et al., 2019). We used PAM to examine avifauna responses to 
ecovoltaic solar sites by investigating whether grassland bird species 
richness, diversity and occupancy on ecovoltaic sites differed from 
offsite agricultural control sites.

2  |  METHODS

2.1  |  Study area

Our study included 13 PV solar facilities and 12 control sites 
across 5 Midwestern U.S. states (Figure 1). The PV sites ranged in 
size between 7.5 and 550 ha with nameplate electric generation 
capacities between 3.5 and 200 MW (Table  1). The previous land 
use of all sites prior to conversion to PV solar installations was row 
crop agricultural production (e.g. corn, soybeans). Throughout the 
study, agricultural production remained the dominant land use in the 
regions surrounding the solar sites.

Construction of the PV solar facilities was completed between 
2015 and 2021 (Table 1) and the ‘age’ of each solar facility (number 
of years in operation) ranged between 2 and 8 years at the time of 
monitoring (average: 4 years). Most of the PV facilities consisted 
of single-axis tracking technologies (n = 10), which allowed the PV 
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panels to rotate throughout the day to maximize sun exposure, 
whereas some of the sites utilized fixed-tilt PV panels (n = 3). After 
construction, the PV sites were planted with seed mixes consist-
ing of grasses and forbs. Portions of most PV sites (n = 12) were 
planted with seed mixes consisting of native and naturalized pe-
rennial flowering vegetation. These habitat-focused seed mixes 

were intentionally planted at the sites to improve soil health and 
enhance wildlife habitat. The entire footprint of smaller PV facil-
ities (<100 ha) was seeded with the habitat-focused seed mix. At 
the larger PV facilities (≥100 ha), the habitat-focused seed mix was 
planted between 5% and 10% of the entire site (Table 1). The re-
maining areas at these larger sites were managed for turfgrass or 

F I G U R E  1  Map of solar sites in the Midwestern United States examined in this study. Solar site numbers correspond to the numbers 
listed in Table 1.

TA B L E  1  Attributes of the 13 solar sites monitored in this study.

Solar site numbera Solar facility sizeb
Year construction and 
seeding complete

Year(s) 
surveyed

Percent of site 
managed for habitat

Number of on-site 
survey locations

1 13.5 ha (5 MW) 2018 2024 100% 1

2 7.5 ha (3.5 MW) 2018 2023 100% 1

3 14 ha (4 MW) 2018 2023 100% 1

4 16.5 ha (4.5 MW) 2018 2024 100% 1

5 16.9 ha (5.5 MW) 2018 2023 100% 1

6 188 ha (100 MW) 2021 2024 10% 2

7c 8 ha (4.7 MW) 2015 2024 0% 1

8 21.5 ha (12 MW) 2021 2024 100% 1

9 550 ha (200 MW) 2021 2024 10% 1

10 385 ha (173 MW) 2021 2024 5% 2

11 485 ha (200 MW) 2021 2024 8% 2

12 19 ha (10 MW) 2021 2023 100% 1

13 34.5 ha (19 MW) 2020 2024 100% 1

aSolar site number corresponds to the numbers in Figure 1.
bThe size in ha represents the total footprint size of the fenced perimeter. Parentheses represent the nameplate capacity in MW AC.
cSite #7 was not an ecovoltaic site. 100% of the onsite vegetation at this site was turfgrass.
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livestock grazing. There was one PV site that was not planted with 
a habitat-focused seed mix (Table 1, solar site number 7); the sole 
vegetation cover at this site was turfgrass. There was consider-
able variability in the habitat-focused seed mixes planted at each 
ecovoltaic site, but the dominant native species planted across 
the sites included Aster species (Symphyotrichum spp.), Black-
eyed Susan (Rudbeckia hirta), Coneflower species (Echinacea spp.), 
Milkweed species (Asclepias spp.) and Partridge Pea (Chamaecrista 
fasciculata). See McCall et  al.  (2024) for example seed mixes 
planted at some of the sites. Vegetation management at all sites 
consisted of early season mowing and occasional as-needed con-
trol of invasive species and woody vegetation (e.g. localized her-
bicide treatments to control non-native Canada Thistle [Cirsium 
arvense]).

2.2  |  Survey design

The larger PV sites (≥ 100 ha) were made up of several disjunct 
fenced PV arrays, each one usually being between 10 and 25 ha in 
size. Despite aggregate differences in PV facility size, the size of 
individual fenced footprints of all sites was approximately the same. 
We established at least one monitoring location at each PV site, 
positioning the survey point near the onsite habitat area, if available. 
At some of the larger sites (≥ 100 ha), we included one or two 
additional survey locations (Table  1). These additional monitoring 
locations were placed in turfgrass or grazing-dominated areas of the 
PV site.

We identified paired control sites in the region around each PV 
facility. The conversion of row crop agriculture to PV solar devel-
opment is a growing form of land use change in the Midwestern 
U.S. (Sorensen et  al.,  2022; Sturchio et  al.,  2025; Walston 
et  al.,  2021). All PV sites in this study were previously used for 
crop production in the years immediately before conversion to 
PV development. Therefore, we selected row crop agricultural 
fields (corn and soybean fields) as control sites to represent the 
land use prior to PV development (Figure  2). All row crop con-
trol sites were between 10 and 40 ha in size, which approximated 
the sizes of the PV fenced perimeters. Two solar facilities that 
were separated by 1 km (sites #7 and #8; Figure 1) shared a sin-
gle control location. Control survey sites were adjacent to active 
crop fields (corn or soybeans). We identified monitoring locations 
in control areas along fence lines or narrow grass-dominated 
swales that bordered these crop fields. We ensured all control-
monitoring locations were >100 m from major human develop-
ments such as roadways or residential structures (see Figure  2 
for an example). Using this design, arable lands comprised >80% 
of the area within 100 m of all control monitoring locations. All 
monitoring locations at control sites were at least 200 m from the 
nearest PV facility border (range: 200–1500 m) and ≥500 m from 
the nearest monitoring location. In total, there were 28 unique 
monitoring locations: 16 locations on the solar facilities and 12  
control sites.

2.3  |  Passive acoustic monitoring

We conducted passive acoustic monitoring at the PV sites and con-
trol sites from May to September in 2023 and 2024. This study 
was part of a broader regional effort to investigate biodiversity 
responses to PV development; therefore, our study sites and moni-
toring methods were similar to previous studies (e.g. Szoldatits 
et al., 2025). Autonomous recording units (ARUs; Wildlife Acoustics 
Song Meter Mini, Maynard, MA, USA) were installed at each sur-
vey location. We mounted ARUs on metal tripods or posts raised 
approximately 2 m above ground. We programmed the ARUs to 
record 16-bit WAV audio at a sample rate of 24,000 Hz and de-
fault gain settings (18 dB) for 4 h per day: 2 h around sunrise and 2 h 
around sunset. We consistently monitored sites in pairs by simulta-
neously deploying ARUs on the PV sites and the paired control sites 
using the same ARU configurations. ARUs were inspected in the 
field every 2–4 weeks to replace batteries and digital data storage. 
Based on in situ testing and results from previous studies (Bielski 
et al., 2024; Darras et al., 2018), we determined the detection range 
of the ARUs to be 50–100 m for most grassland bird species. To 
give us confidence that detected bird species were recorded on 
the PV site, therefore, we placed all onsite ARUs >50 m, and usually 
>100 m, interior from the PV facility's fenced edge. All but three 
onsite ARUs were >100 m interior from the PV facility edge. All 
ARUs were separated by ≥500 m (Figure 2).

We analysed the recorded acoustic files with the BirdNET algo-
rithm, a deep artificial neural network capable of identifying over 6000 
bird species based on their vocalizations (Version 2.4; Kahl et al., 2021). 
We configured BirdNET to make species predictions based on weekly 
eBird (Wood et al., 2011) checklists for the geographic area near each 
survey location. We used default BirdNET parameter settings for the 
minimum confidence threshold, sensitivity and overlap. All BirdNET 
results were saved as tab-delimited data tables.

We evaluated BirdNET performance by generating precision es-
timates for a subset of focal grassland bird species using methods 
similar to Walston, Cacho, et al. (2025). We first randomly selected 
100 BirdNET-generated detections for each grassland species, 
equally stratified across the following confidence intervals: 0.50–
0.59; 0.60–0.69; 0.70–0.79; 0.80–0.89; and ≥0.90. All sample re-
cordings corresponding to these detections were manually reviewed 
by trained biologists to determine BirdNET precision, as follows:

A true positive detection occurred when an observer confirmed a spe-
cies was also detected by BirdNET. A false positive detection occurred 
when BirdNET detected a species that was not confirmed by the ob-
server. We then modelled precision estimates across confidence inter-
vals with linear or logistic functions. We determined species-specific 
confidence thresholds (SSCT) as the confidence level beyond which 
precision was consistently ≥0.90. If BirdNET failed to reach this preci-
sion level, we removed that species from further consideration for this 
study. For all remaining grassland species, we used the SSCT to filter 

True positives

True positives + False positives
.
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    |  3345WALSTON et al.

all BirdNET detections and we assumed these filtered detections to 
be valid. This method is similar to other statistical methods to deter-
mine SSCT (e.g. Bielski et al., 2024; Hack et al., 2024; Walston, Cacho, 
et al., 2025; Wood & Kahl, 2024). We used the packages ‘dplyr’ and 
‘av’ in R version 4.4.1 to organize BirdNET detection tables and review 
acoustic files.

2.4  |  Site and landscape covariates

We mapped and measured six site-level and seven landscape-level 
variables at each ARU location. The site-level attributes included 

ARU location (solar or control site), age of the PV facility at the 
time of the survey, total size of the solar site (ha), distance from 
ARU to nearest PV facility edge, year of the survey and latitude. At 
the landscape level, we measured the proportion of the following 
variables at 100 and 500-m spatial scales around each ARU loca-
tion: solar habitat (Habitat100, Habitat500), PV panels (PV100, 
PV500), grassland (Grass100, Grass500), trees (Tree100, Tree500), 
agriculture (Ag100, Ag500), water (Water100, Water500) and 
non-PV developed area such as roads and residential properties 
(Dev100, Dev500). We used ArcGIS Pro v3.2 (ESRI, Redlands 
California, USA) and the integrated online satellite imagery base-
maps to manually digitize landscape features at both spatial scales.

F I G U R E  2  ARU monitoring design at an example ecovoltaic site and paired offsite control site. The ARUs are circled in the bottom 
images. Basemap imagery created using ESRI ArcGIS Pro v3.2. Source of satellite imagery: ESRI, Maxar, Earthstar Geographics and the GIS 
User Community. Photo credit: L. Walston, Argonne National Laboratory.
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2.5  |  Species richness

Using the SSCT, we determined daily grassland bird species 
detections for each ARU, using grassland bird species identified 
in Rosenberg et  al.  (2019) and MacDonald et  al.  (2024). We 
then organized the data to compare species richness between 
ecovoltaic sites and control areas by week. Our focus was on 
determining whether species richness near habitat-managed areas 
of ecovoltaic sites differed from control areas. For this reason, 
we only included ARUs from the ecovoltaic solar sites that were 
positioned in or adjacent to the onsite habitat-managed areas. 
This resulted in 12 pairs of ARUs from solar facilities and control 
locations. Inconsistent and unbalanced data collection between 
pairs of ARUs could bias the calculations and comparisons of 
species richness. To account for this potential bias, we first 
filtered the paired daily BirdNET detections to dates in which the 
paired ARUs collected complete days of acoustic recordings. We 
calculated weekly grassland species richness from this subset of 
paired detections if there were ≥5 matching days of complete 
recordings each week. Species richness was calculated as the sum 
of all unique grassland species detected at the SSCT.

From the weekly detections, we estimated grassland bird beta 
(β) diversity by calculating a Jaccard dissimilarity matrix using the 
‘vegan’ package in R. We calculated weekly dissimilarity values at 
each ARU location based on the total number of grassland species 
detected at that location throughout the 17-week monitoring pe-
riod. Jaccard dissimilarity is calculated as an index between 0 and 1, 
with greater weekly dissimilarity values closer to 1 indicating greater 
instability in the grassland bird community due to species turnover 
and nestedness (Baselga, 2012).

2.6  |  Statistical analyses

Statistical analyses were performed in R version 4.4.1 (R Core 
Team,  2024). We modelled weekly grassland species richness and 
community dissimilarity by ARU site and landscape covariates 
with generalized additive mixed models (GAMM) using the ‘mgcv’ 
package. GAMMs have emerged as effective methods to understand 
complex nonlinear ecological relationships and can sometimes 
outperform linear models (Heit et al., 2024; Szoldatits et al., 2025). 
We began by examining the individual effects of each site and 
landscape covariate, using week, site and monitoring year as random 
effects. From this first step, we found that Ag100, Habitat500 and 
ARU location (solar or control site) were the three strongest single 
predictors of grassland species richness (adjusted R2: 0.504–0.538; 
deviance explained: 51.4%–54.1%). PV500, Ag500 and Location 
were the three strongest predictors of community dissimilarity 
(adjusted R2: 0.486–0.596; deviance explained: 50.7%–61.7%).

We investigated multicollinearity among the site and landscape 
covariates with pairwise Pearson correlation coefficients and variance 
inflation factors (VIF). First, we identified strongly correlated pairs of 
covariates (Pearson r ≥ 0.80). From these highly correlated pairs, we 

kept the one variable that explained the greater variance in grassland 
bird species richness or community dissimilarity. Due to the strong col-
linearity between Habitat100 and ARU location (Pearson r > 0.90), we 
did not include both predictors in the same model. Rather, we devel-
oped models that used ARU location as a surrogate for solar habitat.

We calculated VIFs with the remaining variables. Severe mul-
ticollinearity occurs among variables at VIF values ≥10 (James 
et al., 2013). Working backwards, we calculated VIF of all remaining 
site and landscape covariates and incrementally removed the ones 
with VIF ≥10 until all remaining variables had VIF <10. With these 
remaining covariates, we constructed GAMMs in a stepwise fash-
ion beginning with null and simple linear models and incrementally 
added covariates in progressively more complex models.

We were primarily interested in the effect of ARU location on the 
temporal patterns in species richness and dissimilarity. Therefore, all 
GAMMs (except the null and simple linear models), included ARU 
location as a parametric factor and week as a smoothed term. Site 
identity and monitoring year were considered random effects. The 
remaining landscape covariates were added as smoothed predictors 
using cyclic cubic regression splines, which are GAMM splines com-
monly used to model temporal effects (Pedersen et  al.,  2019). To 
keep the number of models manageable, the only interactions con-
sidered were between ARU location and week.

We used the gam.check() function to assess the fitness of each 
model, inspect residuals and explore the effects of different knots 
(k, the smoothing parameter). We used k = 4 for all smoothed predic-
tors, which allowed for some complexity in the relationships while 
also avoiding model overfitting (Kosicki, 2020). We fit species rich-
ness GAMMs using negative binomial distributions and community 
dissimilarity GAMMs with Gaussian distributions (using ‘log’ link in 
all cases). We tested the normality of residuals for the final mod-
els using Shapiro–Wilk tests. For each model, we calculated Akaike 
information criterion values adjusted for small sample sizes (AICc). 
After developing the suite of candidate models for each response 
variable, we determined the best-performing model as the most par-
simonious model within ∆AICc ≤2 from the model with the lowest 
AICc. We used the adjusted R2 to consider the relative amount of 
information explained by each model.

2.7  |  Grassland bird occupancy

We estimated single species, single season occupancy (ψ) and de-
tection probability (p) parameters for grassland bird species with 
the unmarked package in R (Fiske & Chandler,  2011). We calcu-
lated weekly occurrences of each grassland bird species at the 
28 ARU locations if there was at least one valid detection (based 
on SSCT) within a week. We calculated weekly occurrences or 
non-detections only for weeks in which there were ≥5 days of re-
cordings. Because occupancy models account for imperfect and 
unbalanced detections, we did not subset occurrence data to 
matching days as we did for the GAMMs for species richness and 
community dissimilarity.
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    |  3347WALSTON et al.

We checked the naïve occupancy for each species and omitted 
species that occurred at fewer than 10 sites from our occupancy mod-
els. For remaining species, we started by creating a null model to rep-
resent equal probability of detection and occupancy across all sites 
and weeks. Because our primary focus was to investigate the effects 
of solar sites on grassland bird occupancy, all parameterized models 
included survey location (solar or control site) as detection and oc-
cupancy covariates. Survey location and week were the only covari-
ates we used to examine detection probability (p). We first centred 
and scaled each landscape covariate around zero and added each one 
incrementally to examine the effects of landscape covariates onsite 
occupancy probability (ψ). We assessed model fit using AIC values, 
ranking and comparing models based on AIC relative differences be-
tween the top ranked model and each other model (ΔAIC). We consid-
ered models with ΔAIC <2 to be substantially supported (Burnham & 
Anderson, 2002); therefore, we selected the final model as the most 
parsimonious parameterized model within ∆AICc ≤2 from the model 
with the lowest AICc. Model comparisons for all GAMM and occu-
pancy analyses are provided in Supplement S2. Based on the passive 
nature of our study design, our study did not require ethical approvals. 
All necessary site access permissions were granted prior to field work.

3  |  RESULTS

We collected over 11,000 h of acoustic recordings across all 28 ARU lo-
cations between 1 May and 30 September in 2023 and 2024. BirdNET 
made over 1,300,000 species detections from these recordings at a 

confidence level ≥0.50. The three most frequently detected grassland 
bird species across all sites and years were Dickcissel (Spiza americana), 
Horned Lark (Eremophila alpestris) and Eastern Meadowlark (Sturnella 
magna) (Table 2). From all BirdNET detections, we identified 16 grass-
land bird species, which were detected 646,432 times (nearly 50% of 
all BirdNET detections). Most of these species were from the Orders 
Passeriformes (87.5%), but they also included two game bird species 
(Galliformes; 12.5%). Species-specific precision estimates and SSCT 
calculations are provided in Figure S1-1.

3.1  |  Site and landscape covariates

Several site and landscape covariates were dropped from analyses 
due to multicollinearity. Site size, distance to PV edge and site age 
were all highly correlated with other covariates (Pearson r ≥0.80); 
these covariates were omitted from all analyses (see Figure  S2-2 
for the covariate correlation matrix). Additionally, the proportion 
of PV coverage at both spatial scales (PV100, PV500) was removed 
from all analyses due to high VIF. We retained seven site and land-
scape covariates that all had VIF <10: ARU location, Year, Latitude, 
Grass500, Ag500, Tree500 and Water500.

3.2  |  Grassland bird species richness

The best-performing GAMM to predict grassland bird species 
richness showed significant positive effects of solar site location 

TA B L E  2  Summary of the 16 grassland bird species evaluated in this study, in alphabetical order by common name.a

Scientific name Common name Order
Species-specific confidence 
threshold (SSCT)b

Total valid detections 
at SSCT

Spizella passerina Chipping Sparrow Passeriformes 0.900 522

Spizella pallida Clay-coloured Sparrow Passeriformes 0.800 4003

Spiza americana Dickcissel Passeriformes 0.500 247,037

Sialia sialis Eastern Bluebird Passeriformes 0.850 5258

Tyrannus tyrannus Eastern Kingbird Passeriformes 0.500 30,453

Sturnella magna Eastern Meadowlark Passeriformes 0.800 43,630

Spizella pusilla Field Sparrow Passeriformes 0.700 21,828

Ammodramus savannarum Grasshopper Sparrow Passeriformes 0.800 36,691

Eremophila alpestris Horned Lark Passeriformes 0.500 157,283

Colinus virginianus Northern Bobwhite Galliformes 0.500 19,550

Agelaius phoeniceus Red-winged Blackbird Passeriformes 0.500 3511

Phasianus colchicus Ring-necked Pheasant Galliformes 0.600 1490

Passerculus sandwichensis Savannah Sparrow Passeriformes 0.500 64,658

Cistothorus stellaris Sedge Wren Passeriformes 0.700 475

Melospiza georgiana Swamp Sparrow Passeriformes 0.900 294

Pooecetes gramineus Vesper Sparrow Passeriformes 0.850 9749

aGrassland species based on MacDonald et al. (2024) and Rosenberg et al. (2019).
bSpecies-specific confidence threshold (SSCT) determined based on BirdNET precision estimates. See Figure S1-1, for species-specific BirdNET 
precision graphs.
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(Table 3). This model, which also included Ag500 as a covariate, ex-
plained approximately 62% of the variation in the data. Grassland 
bird species richness was consistently greater on the ecovoltaic 
sites than in agricultural control sites throughout most of the sea-
son (Table 3; Figure 3a). The relative differences in species richness 
changed throughout the season, as evident by the significant inter-
action between week and ARU location (Table 3; Figure 3a). Early in 
the season (before Week 28), species richness was approximately 
two times greater on ecovoltaic sites than on control sites. By the 
end of the season, grassland bird species richness was nearly equal 
at both locations.

3.3  |  Community dissimilarity

Dissimilarity in the grassland bird communities, as measured by 
the Jaccard dissimilarity index, differed by ARU location (Table  3; 
Figure  3b). The best-performing model to predict dissimilarity in-
cluded all suitable covariates (ARU location, Ag500, Habitat500, 
Tree500, Water500 and Latitude), explaining approximately 61% of 
the variation in the data. Throughout the 17-week monitoring sea-
son, there was consistently greater dissimilarity in the grassland bird 
communities at agricultural control fields than in ecovoltaic sites 
(Figure 3b).

3.4  |  Grassland bird occupancy

Naïve occupancy for grassland bird species across all 28 monitor-
ing sites ranged from 0.07 (Swamp Sparrow [Melospiza georgiana]) 
to 0.86 (Red-winged Blackbird [Agelaius phoeniceus]), with an aver-
age of 0.57. Three of these species (Clay-coloured Sparrow [Spizella 
pallida], Sedge Wren [Cistothorus stellaris] and Swamp Sparrow) were 
detected at fewer than 10 sites and were omitted from occupancy 
modelling (Table 4). Occupancy models for the remaining species in-
cluded location as a predictor for detection and occupancy param-
eters, and we further explored the additive effects of the other site 
and landscape covariates on occupancy probability. All selected oc-
cupancy models showed greater support than the null model, based 
on ∆AIC. However, selected models for two species did not greatly 
differ from their respective null models (e.g. |∆AIC| ≤ 2 from the null 
model): Dickcissel and Horned Lark (Eremophila alpestris) (Table 4).

Overall, grassland birds had very similar detection probabilities 
(p) on solar sites and agricultural control fields (mean p for solar sites: 
0.427; mean p for control sites: 0.417; Table S3). However, the influ-
ence of monitoring location on detection probability varied by spe-
cies. Four species had significantly greater detection probabilities 
on solar sites than in agricultural controls: Dickcissel, Ring-necked 
Pheasant (Phasianus colchicus), Savannah Sparrow (Passerculus sand-
wichensis) and Vesper Sparrow (Pooecetes gramineus). Detection 
probabilities for two species were significantly greater in agricultural 
control fields than on solar sites: Chipping Sparrow (Spizella passer-
ina) and Horned Lark (Table S3). In addition, there was a negative 
temporal effect on grassland bird detection probability (Table S3).

TA B L E  3  Summary output for the best-performing generalized additive mixed models (GAMMs) that were fit for grassland bird species 
richness and grassland bird community dissimilarity.a

Response variable Formula (family: Negative binomial, link: Identity)b
R2 
(adj.)

Grassland bird species richness Location*** + s(Week)*** + s(Week, Location)** + s(Ag500)* + s(Site [‘re’])* + s(Year[‘re’])*** 0.624

Grassland bird community 
dissimilarity

Location*** + s(Week)* + s(Week, Location)*** + s(Ag500) + s(Habitat500)*** + s(Tree500)*** + 
s(Water500)*** + s(Latitude) + s(Site [‘re’])* + s(Year [‘re’])

0.614

aBased on a comparison of AICc. See supplemental material for model comparisons and results.
bBest-performing models used cyclic cubic regression splines (bs = ‘cc’) for all smoothed parameters, with knots equal to 4. ‘re’ = random effect; 
Significance of each parameter is as follows: *p < 0.05, **p < 0.01, ***p < 0.001.

F I G U R E  3  Predicted measures of (a) grassland bird species 
richness and (b) grassland bird community dissimilarity by week and 
location during the study period. Lines represent the predictions 
(with shaded 95% confidence intervals) using generalized additive 
models.
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All species-specific occupancy models included week as a tem-
poral observation-level detection covariate and ARU location as de-
tection and occupancy covariates. Besides that, the selected models 
included up to two additional occupancy covariates (Table 4). Among 
the best-performing models, we were primarily interested in under-
standing the effect of ARU location on grassland bird occupancy. For 
this reason, we focused on the logit-scale parameter estimates (±SE) 
for the effect of ARU location in each species-specific model. A pos-
itive parameter estimate indicated a greater occupancy probability 
on solar sites, and we considered this to be statistically influential 
if the standard error range did not include zero. Most grassland bird 
species showed greater modelled occupancy probabilities within 
solar sites than agricultural controls (Figure 4), but this effect was 
strongest for seven species: Chipping Sparrow (Spizella passerina), 
Vesper Sparrow (Pooecetes gramineus), Ring-necked Pheasant, Field 

Sparrow (Spizella pusilla), Dickcissel, Eastern Bluebird (Sialia sialis) and 
Savannah Sparrow. Only three grassland species had higher mean 
occurrence probabilities in agricultural control fields—Grasshopper 
Sparrow (Ammodramus savannarum), Horned Lark and Eastern 
Kingbird (Tyrannus tyrannus)—of which, only Grasshopper Sparrow 
and Horned Lark had logit-scale estimates that did not include zero 
(Figure 4).

4  |  DISCUSSION

North American grassland bird populations have experienced a 53% 
decline since the 1970s (Rosenberg et al., 2019), due in large part 
to habitat loss and declines in insect prey populations (Samson & 
Knopf, 1994; Sánchez-Bayo & Wyckhuys, 2019). In theory, ecovoltaic 

TA B L E  4  Occupancy model results for grassland bird species. All models included ARU location and week as detection covariates.a

Species

Number (and proportion) 
of solar sites with 
detections

Total sites  
(and proportion)  
with detections

Selected occupancy  
model

AIC (∆AIC from 
null model)

Chipping Sparrow
(Spizella passerina)

9 (0.56) 10 (0.36) Location + Latitude 193.84 (−10.66)

Clay-coloured Sparrow
(Spizella pallida)

8 (0.50) 9 (0.32) NA—too few detections

Dickcissel
(Spiza americana)

16 (1.00) 23 (0.82) Location 442.49 (−1.47)

Eastern Bluebird
(Sialia sialis)

11 (0.68) 14 (0.50) Location 266.40 (−3.53)

Eastern Kingbird
(Tyrannus tyrannus)

13 (0.81) 22 (0.79) Location + Tree500 436.90 (−3.41)

Eastern Meadowlark (Sturnella 
magna)

13 (0.81) 22 (0.79) Location + Latitude 362.45 (−15.05)

Field Sparrow
(Spizella pusilla)

13 (0.81) 17 (0.61) Location + Latitude + 
Grass500

336.51 (−19.79)

Grasshopper Sparrow
(Ammodramus savannarum)

7 (0.44) 15 (0.54) Location + Latitude 308.29 (−13.45)

Horned Lark
(Eremophila alpestris)

11 (0.68) 22 (0.79) Location 385.69 (−0.24)

Northern Bobwhite
(Colinus virginianus)

7 (0.44) 12 (0.43) Location 253.25 (−3.99)

Red-winged Blackbird
(Agelaius phoeniceus)

14 (0.87) 24 (0.86) Location 393. (−3.74)

Ring-necked Pheasant
(Phasianus colchicus)

9 (0.56) 15 (0.54) Location + Latitude + 
Grass500

250.45 (−5.00)

Savannah Sparrow
(Passerculus sandwichensis)

15 (0.94) 22 (0.79) Location + Tree500 375.33 (−5.21)

Sedge Wren
(Cistothorus stellaris)

2 (0.12) 4 (0.14) NA—too few detections

Swamp Sparrow
(Melospiza georgiana)

2 (0.12) 2 (0.07) NA—too few detections

Vesper Sparrow
(Pooecetes gramineus)

13 (0.81) 19 (0.68) Location + Tree500 310.89 (−4.78)

aOccupancy models were developed for species detected at a minimum of 10 sites. The selected model was chosen from a suite of candidate models 
as the most parsimonious parameterized model within ∆AICc ≤2 from the model with the lowest AICc. See Tables S3-2 through S3-14 for complete 
model selection tables.
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installations appropriately sited on previously disturbed lands have 
the potential to offset these trends by providing nesting, foraging 
and refuge habitat for bird populations. Our study is the first to em-
pirically report on avian community responses to ecovoltaic sites 
in the U.S. Using PAM and BirdNET, we found that ecovoltaic sites 
supported greater grassland bird species richness than control sites 
throughout most of the study (Figure 3a).

Passive monitoring over several consecutive weeks allowed us 
to uncover temporal trends in the grassland bird communities uti-
lizing ecovoltaic sites. We detected more grassland bird species on 
ecovoltaic sites throughout most of the 17-week monitoring season, 
but this difference narrowed as the season progressed (Figure 3a). 
This temporal pattern could be related to the seasonal occurrence 
of some species in the region, as evidenced by the decreasing 
weekly detection probabilities for all 13 modelled grassland species 
(Table S3). Most of these species are summer breeders in this region 
and were more frequently detected on solar sites before making fall 
migrations outside the region later in the season. By Week 36 (early 
September), proportionally more year-round resident bird species 
remained in the region, such as Northern Bobwhite (Colinus virgin-
ianus), Red-winged Blackbird and Ring-necked Pheasant (Phasianus 
colchicus).

Our analyses also revealed temporal differences in grass-
land bird β diversity between ecovoltaic sites and agricultural 
control fields. Weekly dissimilarity measures were consistently 
greater in control sites than in ecovoltaic sites (Figure  3b). 
Although all grassland species were detected on solar sites and 
agricultural controls, they were detected proportionately more 
on ecovoltaic solar sites than on agricultural controls (Table 4). 
The relatively infrequent detections in agricultural control 
fields created greater instability and contributed to increased 

dissimilarity measures. Collectively, our species richness and 
β diversity analyses indicate that not only did ecovoltaic sites 
support more grassland bird species each week but also these 
communities were more stable than those in agricultural control 
fields. Community dissimilarity was largely a function of nest-
edness, as all species detected at agricultural control sites were 
subsets of species detected at ecovoltaic sites. These results 
are consistent with recent studies that have observed greater 
species richness and diversity at PV solar energy sites (Copping 
et al., 2025; Golawski et al., 2025; Jarčuška et al., 2024). For ex-
ample, Jarčuška et al. (2024) found that PV solar sites in Slovakia 
(Central Europe) supported more bird species with greater β di-
versity than in control areas (grasslands).

This study demonstrated a PAM-based occupancy-modelling 
framework to quantify species-specific responses to solar energy 
development. This framework provides insight into which grass-
land bird species may be attracted to or avoid PV development 
in the Midwest (Figure 4). Ten out of the 13 modelled grassland 
species had greater predicted occupancy probabilities (ψ) on PV 
sites than control sites, with seven species showing the strongest 
preference for PV sites: Chipping Sparrow, Vesper Sparrow, Ring-
necked Pheasant, Field Sparrow, Dickcissel, Eastern Bluebird and 
Savannah Sparrow. These findings suggest that most grassland 
bird species in the Midwest respond positively to solar energy fa-
cilities sited on lands formerly used for agriculture. Only two spe-
cies, Grasshopper Sparrow and Horned Lark, exhibited stronger 
associations with agricultural controls (Figure  4). These species 
prefer open grasslands and are regularly observed in agricultural 
fields (Dinkins et  al.,  2022; Shaffer et  al.,  2021); thus, they may 
avoid the structural complexity of PV panels and associated solar 
energy infrastructure.

F I G U R E  4  Effect of location (ecovoltaic site or control site) on occupancy for 13 grassland bird species. Values are based on parameter 
estimates from best-ranked occupancy models (based on AIC), using mean values for other covariates.
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The conversion of row crop agriculture to ecovoltaic solar energy 
development represents a land use change that could have signifi-
cant biodiversity implications across multiple trophic levels. Previous 
research has demonstrated the successful establishment of native 
grasses and forbs at ecovoltaic sites (McCall et al., 2024), which has 
resulted in the relatively rapid (e.g. <4 years) positive responses of 
insect communities that colonized the restored habitat at these sites 
(Blaydes et  al.,  2024; Walston et  al.,  2024). Higher trophic groups, 
such as birds and bats, may be attracted to these sites to forage on 
the increased abundance of insect prey or take advantage of nest-
ing opportunities. A recent study found that bats in the Midwestern 
U.S. are attracted to ecovoltaic solar sites in spring and early sum-
mer months when insect abundance in surrounding farmland is low 
(Szoldatits et al., 2025). Consistent with these previous findings, our 
results show that native grassland bird communities, overall, are at-
tracted to ecovoltaic solar facilities. Our findings also support several 
European studies that observed increased native bird species rich-
ness, abundance and diversity at PV sites in agricultural landscapes 
(Copping et al., 2025; Golawski et al., 2025; Jarčuška et al., 2024).

As a relatively new concept, there is no universal practical defi-
nition for the term ‘ecovoltaic’, given the global variability in factors 
such as PV siting, PV technology types, seed mix selection, vegeta-
tion management and associated ecological benchmarks to measure 
restoration performance. The frameworks established by Sturchio 
and Knapp (2023) and Tölgyesi et al. (2023) provide useful founda-
tions to understand the role and function of ecovoltaic practices. 
These frameworks characterize ecovoltaic solar developments as 
PV developments situated on previously disturbed lands that co-
prioritize electricity generation with the restoration of ecosystem 
function (e.g. habitat restoration). As such, a fundamental tenet of 
ecovoltaics is to create ecologically enhanced novel ecosystems 
that could result in a net positive effect on biodiversity (Tölgyesi 
et al., 2023).

While ecovoltaic designs show promise for biodiversity at large, 
species may respond differently to the unique vegetation assem-
blages, microclimates and structures (e.g. PV panels) created by 
these novel ecosystems, with some ‘winner’ species that are ca-
pable of successfully colonizing and exploiting these new environ-
ments, and some ‘losers’ that may avoid or be negatively affected 
by these installations (Filgueiras et al., 2021). Overall, the grassland 
bird community we evaluated showed positive responses to ecovol-
taic developments in the Midwestern U.S. However, the avoidance 
of ecovoltaic sites by some species, such as Grasshopper Sparrow 
and Horned Lark, suggests that species that prefer open landscapes 
could ‘lose’ by the conversion of agricultural lands to ecovoltaic solar 
developments. These results are consistent with previous European 
studies which suggested that some species and taxonomic groups 
may not benefit from the conversion of agricultural lands to PV de-
velopment (Bolonio et al., 2024; Kocsis et al., 2025). Our results are 
intended to provide initial insights into grassland bird species- and 
community-level responses to ecovoltaic developments in U.S. agri-
cultural landscapes. Future work is needed to understand and miti-
gate the negative impacts that could occur to some species.

In general, birds may be attracted to ecovoltaic systems for ref-
uge and as habitat for foraging and nesting. For example, proper 
vegetation management of these sites can improve the suitability 
of onsite vegetation for nesting (Copping et  al.,  2025; Golawski 
et al., 2025). Many species may be attracted to nest on or within 
the PV infrastructure, which may shelter nests from predators and 
extreme weather. Incidentally, we observed 236 active bird nests 
on or within the PV infrastructure across the 12 ecovoltaic solar 
sites during the course of this study. Most of these nests belonged 
to habitat generalists such as American Robin (Turdus migratorius), 
Barn Swallow (Hirundo rustica) and Mourning Dove (Zenaida mac-
roura), but we also detected nests of some grassland bird spe-
cies (e.g. Dickcissel and Red-winged Blackbird). Other grassland 
bird species, such as Eastern Bluebird, have been documented to 
nest on PV infrastructure (Klehr et  al.,  2024). Birds may also be 
attracted to ecovoltaic systems to forage on the increased abun-
dance of insect prey (Walston et  al.,  2024). While these factors 
can explain our results, future work should investigate whether 
increased avian occupancy at ecovoltaic solar sites results in im-
proved fitness and population viability (e.g. nest success, collision 
mortality risk).

As a novel land management practice, additional work is needed 
to better understand the overall ecological value of ecovoltaic sys-
tems. This can be accomplished at a regional level by comparing 
biodiversity at these sites to those in degraded as well as undis-
turbed natural systems. Future research should also examine bio-
diversity responses across a range of ecovoltaic and non-ecovoltaic 
PV configurations in order to optimize the ecological effectiveness 
of ecovoltaic practices. The ecological effectiveness of ecovoltaic 
practices depends on a variety of factors including geographic re-
gion, solar facility siting and design and site-specific understand-
ing of the ecological impacts of PV construction and operations. 
Therefore, ecovoltaic designs may not completely offset all negative 
ecological impacts resulting from PV developments sited in areas of 
high ecological value (e.g. native grassland systems). Instead, eco-
voltaic systems have the greatest potential for ecological enhance-
ment in areas that have been ecologically compromised (Tölgyesi 
et  al.,  2023; Walston et  al.,  2024), such as marginal farmland and 
other disturbed sites.

5  |  CONCLUSIONS

Over 99% of the native prairie and grassland ecosystems of the 
Midwestern U.S. have been lost to human development and agricul-
tural expansion since European settlement (Samson & Knopf, 1994). 
There is an opportunity to alleviate some of the ecological pressures 
resulting from this massively altered landscape by integrating habi-
tat restoration and other ecological principles with appropriately 
sited renewable energy development. As of 2023, approximately 6.5 
GW of large-scale ground-mounted PV installations were reported 
in the six-state region evaluated in this study (EIA, 2025), and a 2021 
analysis showed that most of the PV developments in the region at 
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the time were constructed on former row crop agricultural fields 
(Walston et al., 2021). PV solar energy development is expected to 
continue in this region in the coming decades, and most of the re-
gion's future ground-mounted PV solar development is expected to 
occur on former row crop agricultural fields (Sorensen et al., 2022; 
Sturchio et al., 2025). Encouragingly, a growing number of PV devel-
opments in the U.S. are incorporating ecovoltaic principles. There 
are currently over 400 ecovoltaic sites in the U.S. (NREL,  2025), 
most of which are in the Midwest. If these PV siting trends continue, 
habitat-focused ecovoltaic solar designs in this region can offer a 
nature-based solution to reconcile human land uses with biodiver-
sity conservation.
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