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Abstract The construction of solar energy facilities can have positive or negative impacts on 

biodiversity depending on siting and associated land use transitions. We identified drivers of 

solar siting and quantified patterns of buildout in states surrounding the Chesapeake Bay 

watershed – a biodiversity hotspot with numerous ecosystem services. Using a convolutional 

neural network, we mapped the footprints of ground-mounted solar arrays present in satellite 

imagery annually from 2017 – 2021 in Delaware, Maryland, Pennsylvania, New York, Virginia, 

and West Virginia. As of 2021, we identified 958 solar arrays covering 523.2 km2 built primarily 

on previously cultivated land, while avoiding natural landcover. We fit a binomial-Weibull 

model to these solar timeseries data in a hierarchical, Bayesian framework to quantify the 

relationship between geospatial covariates and rate of solar development. Solar array 

construction rate increased in cultivated areas, areas of lower agricultural suitability, lower slope, 

lower forest cover, lower biodiversity protection, and greater distances from roads. We also 

estimated changes in the rate of solar construction over time and found differences among states: 

acceleration in Virginia and deceleration in New York. We used parameter estimates to map the 

relative likelihood of future solar development across the study area. This methodology can be 

used to anticipate where solar is likely to be built in different landscapes and how these patterns 

align with conservation goals. Around the Chesapeake Bay watershed, the selection of lower 

quality agricultural areas for solar energy minimizes removal of important habitat and provides 

opportunities for native plant and pollinator restoration. 

Keywords: Artificial Intelligence; Bayesian; Biodiversity; Conservation; Land Use; Remote 

Sensing; Renewable energy 
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1. Introduction 22 

Climate change is one of the primary human drivers of biodiversity loss and the degradation 23 

of natural ecosystems (Díaz et al., 2019). Unless greenhouse gas emissions are drastically 24 

reduced millions of species face extinction (IPCC, 2022), many in the coming decades (Trisos et 25 

al., 2020). A transition from fossil fuels to renewable energy sources, especially wind and solar, 26 

comprise a prominent path to reduce carbon emissions (Rogelj et al., 2018; United States 27 

Government, 2021). Such an energy transition is therefore critical to conserve biodiversity and 28 

safeguard ecosystem services on which human society depends. However, land use change is 29 

also a major driver of habitat and biodiversity loss (Díaz et al., 2019), and the buildout of 30 

additional energy production facilities that fragment or destroy natural landcover may directly 31 

harm species and reduce ecosystem services, even if they mitigate climate change. The question 32 

of how to expand renewable energy production in a sustainable manner is therefore central to 33 

efforts to conserve biodiversity. 34 

Approaches to synergize renewable energy buildout and biodiversity conservation are needed 35 

as countries around the world implement renewable energy goals. Solar energy, which includes 36 

both concentrated solar power and photovoltaic arrays, has been a leading means by which 37 

countries meet these goals, proliferating globally (Kruitwagen et al., 2021). The United States 38 

has made an aggressive commitment to 100% renewable energy by 2030 (United States 39 

Government, 2021), and already solar comprised 30% of additions to electricity generation 40 

capacity from 2015 – 2019. In 2020 solar accounted for 40% of U.S. additions, eclipsing all non-41 

renewable energy sources (Feldman et al., 2022). By 2050, solar energy generation is expected to 42 

provide 22% of electricity in the U.S., with the great majority coming from photovoltaic arrays 43 

(U.S. Energy Information Administration, 2022). Electricity generation methods vary in area of 44 



land required to produce a unit of energy; a measure known as land use intensity. Photovoltaic 45 

arrays are less land use intensive than other renewables like wind, hydropower, and biofuels, but 46 

more intensive than high-emission methods like coal and natural gas (McDonald et al. 2009).  47 

Higher land use requirements add to the anthropogenic demands placed on limited land 48 

resources, which can threaten species with extinction due to habitat loss and fragmentation (Díaz 49 

et al., 2019; Fahrig, 2003). If the construction of solar energy involves the removal of natural 50 

land cover that provides habitat for wildlife, this transition can have immediate, negative 51 

environmental impacts (Hernandez et al., 2014; Tsoutsos et al., 2005). The addition of 52 

impervious surfaces may increase runoff (Pisinaras et al., 2014), and photovoltaic arrays can 53 

alter microclimates by creating heat islands (Barron-Gafford et al., 2016).  Taken together, the 54 

effect of these processes may result in reduced species richness and diversity within the bounds 55 

of solar energy facilities, with a shift towards fewer rare species and more non-native species 56 

(Lovich and Ennen, 2011; Visser et al., 2019). Even when solar construction occurs without 57 

removing natural landcover, it can compete with other anthropogenic land uses (Sacchelli et al., 58 

2016; Wu et al., 2020). If these uses are displaced to native ecosystems the effects on 59 

biodiversity may be the same. 60 

On the other hand, the construction of solar arrays may benefit biodiversity and native 61 

ecosystems depending on siting and prior land use. Co-locating solar energy with existing 62 

infrastructure or constructing facilities on degraded lands, when possible, is considered optimal 63 

from a conservation perspective (Macknick et al., 2013; Moore‐O’Leary et al., 2017). When 64 

construction on natural lands in unavoidable, locating solar energy facilities in areas of low 65 

importance to wildlife can minimize negative impacts on biodiversity (Hernandez et al., 2019, 66 

2015b). Furthermore, land at solar energy facilities can be managed to support native species, 67 



including pollinators (Graham et al., 2021), and biodiversity outcomes may be positive if such 68 

practices are implemented (Sinha et al., 2018). Thus, it is possible to develop solar energy 69 

capacity in sustainable ways that are synergistic with natural ecosystems. While there has been 70 

much research providing pathways for sustainable development, little evidence exists that these 71 

tools and models have informed siting (Agha et al., 2020). To assess whether solar is being 72 

developed in a sustainable manner, and to maximize the potential to implement sustainable 73 

approaches, two fundamental questions must be answered: where has solar been developed, and 74 

where is it likely to be developed in the future?  75 

In this study we analyze spatiotemporal patterns of solar energy development in six states 76 

overlapping the Chesapeake Bay watershed (hereafter ‘study area’), using a new dataset 77 

containing footprints of ground-mounted solar arrays built from 2017 to 2021. The Chesapeake 78 

Bay is the largest estuarine ecosystem in the United States, and the third largest in the world, 79 

supporting biodiversity and ecosystem services of national and global importance (Kemp et al., 80 

2005; CBF, 2014). The Chesapeake Bay has also been heavily degraded by a myriad different 81 

land uses within the watershed as well as activities within the bay itself. As such, it remains the 82 

focus of substantial restoration and conservation efforts (Chesapeake Bay Program, 2014). While 83 

prior research on the development and impact of solar energy have focused on arid landscapes 84 

like the Southwest U.S. (Agha et al., 2020; Cameron et al., 2012; Parker et al., 2018), globally 85 

solar energy is being built in a variety of ecosystems including ones like those around the 86 

Chesapeake Bay. We had three objectives: first, to produce a current map of solar arrays within 87 

the study area; second, to develop a model of solar development probability that can be used to 88 

anticipate places that are most likely to be developed for solar energy; third, to quantify the land 89 

cover transitions related to past solar development within the study area. In this third objective, 90 



we also analyze Gap Analysis Project (GAP) species habitat richness data (Gergely et al., 2019). 91 

While other measures of biodiversity exist (e.g., Global Biodiversity Information Facility and 92 

iNaturalist occurrence data), the primary focus of this study is on land cover because it was 93 

measured consistently across the study area, and more likely directly affects siting decisions. 94 

Together, our results provide a mechanistic understanding of the solar siting process that can 95 

help quantify impacts to biodiversity and anticipate how continued solar development aligns with 96 

conservation and restoration goals (Chesapeake Bay Program, 2014). 97 

2. Materials and Methods 98 

2.1 Study area 99 

Our study area comprised the entirety of the states of Delaware, Maryland, New York, 100 

Pennsylvania, Virginia, and West Virginia (Fig. 1). Each of these states overlap a part of the 101 

Chesapeake Bay watershed. Patterns of land use and land cover within parts of these states affect 102 

the Chesapeake ecosystem, and we analyze the entirety of each state for completeness and intra-103 

state homogeneity. 104 

2.2 Data 105 

We mapped ground-mounted photovoltaic arrays (hereafter ‘solar arrays’) that occurred 106 

within the study area in each year from 2017 to 2021 (hereafter the ‘study period’). Polygons 107 

representing solar arrays were generated by a U-Net model (Ronneberger et al., 2015) trained to 108 

delineate these features from Sentinel-2 (Drusch et al., 2012) satellite imagery (Evans et al., 109 

2020). As input to this model, we created composite Sentinel-2 images for each year in the study 110 

period. In each year, we selected images collected between May and September, masked cloudy 111 

pixels, and created a median mosaic containing the blue, green, red, near-infrared, short-wave 112 

infrared 1, and short-wave infrared 2 bands.  These annual image composites were broken into 113 



overlapping 384x384 pixel chips, with each chip sharing 64 pixels with any adjacent chips. 114 

Chips were ingested by the trained U-Net model, which output per-pixel probabilities of a solar 115 

array. Overlapping buffers were trimmed from each pixel, resulting in a set of spatially 116 

contiguous 256x256 chips comprising an output solar probability image for the study area. We 117 

converted this probability image to solar array polygons using a 0.9 probability threshold and 118 

inspected each output polygon against current Sentinel-2 and Google Earth imagery to ensure it 119 

corresponded to a true solar array. Likewise, we used Energy Information Administration (EIA) 120 

point data to identify omissions. Sentinel-2 image processing, chip generation, solar array 121 

postprocessing and validation were performed using the Google Earth Engine (Gorelick et al., 122 

2017) platform. U-Net model predictions were produced using Microsoft Azure Machine 123 

Learning Studio. 124 

We quantified the types of land cover present at solar arrays prior to their construction using 125 

30 m National Land Cover Dataset rasters (NLCD; Dewitz and U.S. Geological Survey, 2021). 126 

Within each solar array polygon present in 2021, we counted the number of pixels that fell into 127 

each land cover class prior to the array being constructed. For this tabulation, we used NLCD 128 

2016 data for all solar arrays detected prior to 2020, and NLCD 2019 data for all solar arrays 129 

detected in 2020 or 2021. We converted these counts to the area (km2) of each land cover class 130 

on which solar arrays were built.  131 

Throughout the study area, we generated randomly located, rectangular polygons used to 132 

sample landscape covariates at locations where solar arrays had not been built. First, we 133 

generated random points in a 5:1 ratio with observed solar arrays. These points served as 134 

centroids of rectangles representing hypothetical arrays. Each rectangle had a 2:1 side ratio, with 135 

the length of the shortest side determined by the empirical distribution of the areas of mapped 136 



solar arrays. For each observed solar array polygon, we calculated the smaller side of a 2:1 137 

rectangle having the same area as that of the polygon. We used the mean and standard deviation 138 

of these measures to define a normal distribution, from which we randomly sampled the length 139 

of the shorter side of the random rectangles. Finally, we eliminated any polygons overlapping 140 

water. We refer to these polygons as simulated arrays.  141 

At each observed and simulated array, we quantified potential biodiversity using 30 m GAP 142 

species habitat richness datasets, which count the number of species for which a given pixel is 143 

suitable habitat (Gergely et al., 2019). We summed richness among the four available taxonomic 144 

groups (amphibians, birds, mammals, and reptiles) and calculated mean per-pixel richness within 145 

each solar array polygon present in 2021. We also extracted a vector of landscape covariates that 146 

we hypothesized might be associated with the likelihood of solar array construction (Table 1). 147 

We generated random arrays and sampled geospatial covariates using the Geopandas (Jordahl et 148 

al., 2020), Shapely (Gillies, 2007), rasterstats (Perry, 2013), Rasterio (Gillies, 2013) and 149 

earthengine-api packages for Python 3.7. 150 

2.2.Spatiotemporal patterns 151 

Our first objective was to describe temporal and spatial patterns in the buildout of solar 152 

energy in the study area. We measured buildout as the area (km2) of ground-mounted solar 153 

arrays. For each state, in each year, we calculated the total area of solar arrays, and the 154 

proportion of the respective state arrays comprised. We report the number of arrays detected, but 155 

our analyses focus on array area because the boundaries between individual arrays can be 156 

subjective and difficult to distinguish in 10 m resolution imagery, and subject to the choice of 157 

probability threshold used to convert U-Net probability outputs to solar array polygons. 158 

Therefore, area is a more reliable measure of buildout than array counts. We quantified patterns 159 



of spatial clustering using the distribution of nearest neighbor indices (Clark and Evans, 1954) of 160 

arrays within each state.  161 

To test for differences in mean array size and clustering among states we used one-way 162 

ANOVA models with state as a random effect. We modeled both variables as outcomes of a 163 

gaussian distribution, using a log link relating the expected mean to indicator variables per state. 164 

To estimate per-state rates of solar development over time, we fit an ANCOVA model to the 165 

proportion of states’ area built out as solar in each year (ys(i)). We refer to this response as 166 

‘proportional buildout’. We modeled mean proportional buildout as a function of year with a 167 

Gaussian error distribution and identity link. We fit a similar ANCOVA model of mean species 168 

habitat richness (nsi) within arrays as a function of whether arrays were real or simulated using a 169 

Poisson error distribution and log link: 170 

𝑦𝑠(𝑖) ~𝑁(𝜇𝑠, 𝜎) 171 

𝑛𝑠(𝑖)~𝑃𝑜𝑖𝑠𝑠𝑜𝑛(𝜆𝑠) 172 

𝜇𝑠 = 𝛼1𝑠 + 𝛥𝑠 ∗ 𝑦𝑒𝑎𝑟𝑖 173 

log (𝜆𝑠) = 𝛼2𝑠 + 𝛽𝑠 ∗ 𝑎𝑟𝑟𝑎𝑦𝑖 174 

Both models included random effects per state on the intercepts (αs) and slope parameters 175 

(𝛥𝑠, βs). Slope parameters estimated state-specific rates of proportional buildout per year 176 

(𝛥𝑠), and differences in mean richness between real and simulated arrays (βs). We refer to this 177 

parameter as the ‘biodiversity selection.’ We fit ANOVA and ANCOVA models in a Bayesian 178 

framework using JAGS software, which implements Markov Chain Monte Carlo (MCMC) 179 

estimation of parameter posterior distributions via a Gibbs sampling algorithm (Plummer, 2017). 180 

We fit models in JAGS using the jagsUI (Kellner and Meredith, 2021) package for R (R Core 181 

Team, 2021). We sampled posterior distributions from 3 MCMC chains of 10,000 iterations, 182 



discarding the first 2,000 iterations as burn-in and every other sample thereafter. We used the 183 

Rhat statistic (which measures agreement between MCMC chains) < 1.1 to indicate algorithm 184 

convergence on the true posterior distribution for each estimated variable (Gelman and Rubin, 185 

1992).  186 

We specified uninformative prior distributions for the means (µα, µΔ) ~ N(0, 10,000) and 187 

standard deviations (σα, σΔ) ~ U(0, 50) of the normal distributions from which per-state random 188 

variables were drawn. For the ANOVA model, we report the mean and standard deviation of the 189 

posterior distributions of state-specific array size. We report the  95% credible interval of the 190 

posterior distributions of state-specific rate of proportional buildout (Δs) and state-specific 191 

biodiversity selection (βs), and whether these intervals overlapped zero. Positive or negative 192 

intervals excluding zero would indicate selection for areas of high or low biodiversity 193 

importance, respectively. We tested for pairwise differences between states by measuring the 194 

overlap of posterior distributions. We considered an overlap of p ≤ 0.05 to indicate a true 195 

difference. 196 

We also summarized the types of land cover that was converted to solar arrays using all 197 

arrays present in 2021 and tested for selection and avoidance of specific land cover types. 198 

Selected classes were those for which the area converted to solar arrays was greater than 199 

expected, and avoided classes were those for which the area converted to solar arrays was less 200 

than expected. To test whether land cover classes were equally likely to be converted to solar 201 

arrays, we conducted Pearson’s chi-squared test with the expected proportion of each NLCD 202 

land cover class equal to the proportional area of that class within the study area.  203 

To estimate the strength of selection or avoidance of specific classes we compared the 204 

observed area of each NLCD class that was converted to solar arrays to an expected distribution 205 



based on the availability of each class. We generated distribution of expected area converted by 206 

drawing 1,000 random samples from a multinomial distribution with number of classes equal to 207 

the number of land cover classes in the study area, total observations equal to the total area of 208 

solar arrays, and probability of each class equal to its proportion in the study area. We report the 209 

difference between the observed and mean expected converted areas as the effect size (km2) of 210 

each class and the percentage of draws in which the observed area was greater or less than the 211 

random draw (p). We considered effects to differ significantly from zero if p < 0.05. This 212 

analysis was repeated within each state. In discussing these results, we group NLCD classes into 213 

three categories: Human Modified; Cultivated; and Natural to present land cover transitions in 214 

terms of conservation relevance. 215 

In both analyses of selection for land cover, we calculated available area both including and 216 

excluding areas within lands with GAP Status 1 or 2. Natural land cover is protected from 217 

conversion in these areas and thus unavailable for solar construction. We present results 218 

excluding GAP 1 or 2 areas, and report when inclusion yielded different outcomes. 219 

2.3.Predictive Modeling 220 

To identify landscape characteristics associated with solar buildout, we used hierarchical 221 

Bayesian models to estimate the relationship between J landscape characteristics and the time 222 

until solar arrays were built at a given location during our study period.  We modeled the time 223 

(years) to construction at a given site as a Weibull process conditional on the binomial outcome 224 

of a site being developed for solar. Conceptually, a Weibull distribution can be used to model 225 

time to event data, and accommodates increasing, decreasing, or constant rates of event 226 

occurrence. The joint binomial-Weibull model took the form: 227 

𝑠𝑖 ~𝐵𝑒𝑟𝑛𝑜𝑢𝑙𝑙𝑖(𝑝𝑖) 228 



𝑑𝑖 = 𝑠𝑖 ∗ 𝐼(𝑦𝑖 > 𝑦𝑚𝑎𝑥𝑖) + (1 − 𝑠𝑖) 229 

𝑦𝑖|𝑠𝑖~𝑊𝑒𝑖𝑏𝑢𝑙𝑙(𝑘𝑠, 𝜆𝑖)𝑇(𝑙𝑖, ∞) 𝑖𝑓 𝑑𝑖 = 0 230 

𝑦𝑖|𝑠𝑖 = 𝑁𝐴                                    𝑖𝑓 𝑑𝑖 = 1 231 

𝑘𝑠~𝐺𝑎𝑚𝑚𝑎(𝑣𝑘, 𝜃𝑘) 232 

log(𝜆𝑖) = log(𝛼𝑠) + ∑ 𝛽𝑗𝑥𝑗𝑖

𝐽

𝑗=1

 233 

𝛼𝑠~𝐺𝑎𝑚𝑚𝑎(𝑣𝛼, 𝜃𝛼) 234 

Here, si was the binary measure of whether solar arrays were developed at a site, and yi the 235 

years to solar development using 2016 as the first year. When solar arrays were not constructed 236 

by 2021 there was uncertainty as to whether an array may be constructed at that site in the future. 237 

Thus, we modeled yi as a censored Weibull random variable. The time to construction at a site 238 

was censored at the maximum number of observation years (ymaxi) if arrays were not 239 

constructed by the end of the study period. We use an indicator variable di, to identify these sites, 240 

and treat the time to construction response as missing when di = 1. 241 

We left-truncated the Weibull distribution of time to construction at a given site based on the 242 

minimum possible time at that site, li. In Virginia, Maryland, Pennsylvania, and Delaware cloud-243 

free Sentinel-2 imagery was available in 5 years, whereas New York we were unable to map 244 

solar arrays in 2017 in New York. Therefore, li in New York was 2 (1 elsewhere) and ymaxi was 245 

4 in New York (5 elsewhere).  246 

We defined the Weibull rate parameter, λi, as a function of a linear combination of J site 247 

covariates using a log link function. This linear predictor had a random intercept per state drawn 248 

from a Gamma distribution with shape v and rate θ. We also defined the Weibull shape 249 

parameter, ks, as a random variable per state. The shape parameter indicates whether the 250 



probability of an event is constant (k = 1), increasing (k > 1) or decreasing (k < 1) over time. 251 

Therefore, this formulation allowed us to estimate potential differences in the acceleration or 252 

deceleration in the rate of solar buildout among states. 253 

We defined vaguely informative priors for all covariate coefficients 𝑃(𝛽𝑗)~ 𝑁(𝜇 = 0, 𝜎 =254 

10,000) and the probability of solar array construction  𝑃(𝑝𝑖)~ 𝑈(0,1). Instead of specifying 255 

priors on each of the shape (v) and rate (𝜃) parameters for Gamma distributions on k and α, we 256 

use moment matching to define these parameters in terms of their expected values and variances. 257 

For instance: 258 

𝑣𝑘 = 𝐸[𝑘]2/𝑉𝑎𝑟[𝑘] 259 

𝜃𝑘 = 𝐸[𝑘]/𝑉𝑎𝑟[𝑘] 260 

We then specified prior distributions on the expected value and variance of the Gamma 261 

distribution for state-level shape parameters as 𝐸[𝑘]~𝑈𝑛𝑖𝑓𝑜𝑟𝑚(0, 6) and 262 

𝑉𝑎𝑟[𝑘]~𝑈𝑛𝑖𝑓𝑜𝑟𝑚(0, 1000), and the expected value and variance of the Gamma distribution for 263 

state-level intercepts for the linear predictor of rate parameters as 𝐸[𝛼]~𝑈𝑛𝑖𝑓𝑜𝑟𝑚(0, 0.1) and 264 

𝑉𝑎𝑟[𝛼]~𝑈𝑛𝑖𝑓𝑜𝑟𝑚(0, 1000). 265 

We sampled posterior distributions of estimated parameters from 3 MCMC chains of 50,000 266 

iterations, discarding the first 10,000 iterations as burn-in. We thinned chains by sampling every 267 

2nd observation. We evaluated chain convergence using Rhat < 1.1. If after 50,000 iterations all 268 

variables had not converged, we performed additional fitting runs of 10,000 MCMC iterations of 269 

3 chains until convergence was achieved. 270 

We evaluated the fit of the full model by comparing residuals from datasets simulated under 271 

the model to those of the observed dataset. For each observation, i, at each MCMC iteration we 272 

used the current state of model parameters to calculate the expected response (𝑦𝑖̅) and generate a 273 



simulated response from a Weibull distribution. We calculated residuals for the observed and 274 

simulated response values and quantified model fit as a chi-square statistic using all observations 275 

(Kéry and Royle, 2021). If the model fits the observed data we expect the observed and 276 

simulated chi square values at each observation to be equal. We present diagnostic plots of these 277 

fit statistics and report the proportion of observations for which the observed chi-square was 278 

greater than the simulated chi-square. This value should be close to 0.5 for a model that fits the 279 

data (Gelman et al., 1996). 280 

Once we confirmed the model structure was appropriate for the data, we proceeded with a 281 

Bayesian variable selection procedure. We opted against an information theoretic model 282 

selection approach because of known issues with DIC (Spiegelhalter et al., 2002) when fitting 283 

hierarchical models (Lunn et al., 2013), and the impracticality of fitting all possible models in the 284 

model space. Therefore, we follow a variable selection procedure outlined in Kery & Royle 285 

(2016). After obtaining posterior estimates for all parameters from a full model exhibiting 286 

MCMC chain convergence, we re-fit the full model including binary indicator variables, wj, for 287 

each beta parameter βj in the linear predictor. Thus, the linear predictor in the variable selection 288 

model took the form:    289 

log(𝛼𝑠) + ∑ 𝑤𝑗 ∗ 𝛽𝑗 ∗ 𝑋𝑗𝑖

 𝐽

𝑗=1 

 290 

𝑤𝑚 ∼ 𝐵𝑒𝑟𝑛𝑜𝑢𝑙𝑙𝑖(0.5) 291 

With this approach posterior model probabilities can be sensitive to the choice of prior 292 

distribution for the coefficients (Link and Barker, 2006). Therefore, we used Gibbs variable 293 

selection (Dellaportas et al., 2000) and specified joint priors for each coefficient following 294 

recommendations of (Tenan et al., 2014): 295 



𝛽𝑗 ∼ 𝑁(𝜇𝑗 ,  𝜎𝑗) 296 

𝜇𝑗 = (1 − 𝑤𝑗) ⋅ 𝜇𝑗𝑓𝑢𝑙𝑙 + 𝑤𝑗 ⋅ 0 297 

𝜎𝑗 = (1 − 𝑤𝑗) ⋅ 𝜎𝑗𝑓𝑢𝑙𝑙 + 𝑤𝑗 ⋅ 100 298 

In this formulation the prior distribution of each coefficient, βj, was equal to the posterior 299 

distribution from the full model 𝑁(𝛽̅𝑗_𝑓𝑢𝑙𝑙,  𝜎(𝛽𝑗_𝑓𝑢𝑙𝑙)), or an uninformative prior 𝑁(0,  100) 300 

depending on the current value of the inclusion variable, wj.  301 

We calculate the posterior probability of variable inclusion, 𝑃(𝑤𝑗), for each potential 302 

predictor variable as the proportion of MCMC iterations for which the respective indicator wj = 303 

1. Using this procedure, we calculate model-averaged posterior means (𝛽
𝑗
) and standard 304 

deviations (𝜎(𝛽𝑗)) for all covariate coefficients using MCMC samples when wj = 1 (Kéry and 305 

Royle, 2021). We also report the overlap of model-averaged posterior distributions with zero as 306 

the probability that a coefficient was zero, 𝑃(𝛽𝑗 = 0).  307 

We use results of variable selection as evidence of the relative importance of different factors 308 

determining the location of solar buildout (O’Hara and Sillanpää, 2009). In addition to the mean 309 

and standard deviation of the posterior distributions of all coefficients, we report the mean (𝜅𝑠) 310 

and standard deviations (𝜎(𝑘𝑠)) of the posterior distributions of all per-state shape parameters. 311 

We used the posterior mean for all estimated coefficients and shape parameters to create two 312 

maps of the expected time to solar development at 30 m resolution across the CBW study area. 313 

In the first, each pixel contains the expected time to development value of a Weibull distribution 314 

parameterized using model-estimated coefficients and the observed covariate values at that pixel. 315 

In the second, each pixel contains the cumulative probability that time to development equals 10 316 

under the same distribution. 317 



All models were fit using JAGS software called from R v4.1.2 using the jagsUI package.  318 

3. Results 319 

3.1 Spatiotemporal patterns 320 

We mapped 958 solar arrays covering 523.2 km2 in 2021. Arrays were detected in all states 321 

except West Virginia (Fig. 1). EIA data indicated no omissions across the study area, and we 322 

excluded West Virginia from subsequent analyses. Mean array size was significantly larger in 323 

Virginia than all other states. The 95% credible intervals of biodiversity selection included zero 324 

in all states (Table 2), indicating the species habitat richness within solar arrays did not differ 325 

from that at random locations. Biodiversity selection did not differ between any state pairs (p ≥ 326 

0.35). 327 

In all states, the area of solar arrays increased over time (Fig 2). In NY, cloudless images 328 

were not available in 2017, therefore we mapped and modeled annual solar buildout in NY each 329 

year from 2018 – 2021, and 2017 – 2021 in all other states. As of 2021, the most land had been 330 

developed for solar energy in Virginia, and the state with the greatest proportion of land 331 

developed for solar energy was Maryland (Table 2). The rate of proportional buildout in Virginia 332 

was greater than in Maryland (p = 0.008), and each of these states was greater than all others (p = 333 

0.00). The rate of proportional buildout was lowest in Pennsylvania, with a 95% credible interval 334 

that included zero (Table 2). 335 

Solar arrays were built on areas previously classified as 13 different NLCD land cover 336 

classes. Within the study area, the plurality of these classes were Cropland (156 km2) and Pasture 337 

(74 km2), accounting for 37.0% and 17.6% of the area on which solar arrays were built, 338 

respectively. While cropland was consistently the most frequently converted land cover class, the 339 

second most frequently converted class differed among states. In Delaware and Maryland, 340 



Human Modified classes accounted for 3.2 km2 (41.5%) and 26.7 km2 (34.3 %) of the area on 341 

which solar arrays were built, respectively. In Virginia, Coniferous Forest accounted for 37 km2 342 

(18 %) of the area on which solar arrays were built. 343 

The relative proportions of land cover classes on which solar arrays were built differed 344 

significantly from the available proportions of those classes within the study area (χ 2
12 = 92,904, 345 

p < 0.001), and within each state (χ2
12

 > 2428.22, p < 0.001). Within the study area, Cultivated 346 

classes were most strongly selected for solar buildout while Natural classes were most strongly 347 

avoided (Fig. 3). This pattern was the same in each state (Fig. 3). Within each state, the only land 348 

cover classes on which the area of solar buildout did not differ from expected were Barren 349 

(Effect = -0.02 km2, p = 0.131) in Delaware and Shrubland (Effect = 0.077 km2, p = 0.1048) in 350 

Maryland. Including GAP Status 1 or 2 lands as available did not change the direction or 351 

significance of any effects. 352 

3.2 Predictive analyses 353 

The binomial-Weibull model of solar development fit time to solar construction data well (p 354 

= 0.52). Diagnostic plots of residuals as a function of observed values did not indicate any 355 

systematic deviation (Supplementary material). Rhat values were < 1.1 for all estimated 356 

parameters, indicating MCMC chain convergence. 357 

Variable inclusion analysis indicated unequivocal support (i.e., P(wj) = 1.00) for Cultivated, 358 

GAP Status, Latitude, and Road Distance as important predictors of λi (Table 3). Tree Cover, 359 

Slope, Farm Score, Open Space, Population, and Income were marginally supported (0.00 < 360 

P(wj) < 1.00). Line Distance and Impervious were unequivocally not supported (i.e., P(wj) = 361 

0.00) as important predictors of λi (Table 3).  362 



Model-averaged posterior estimates of coefficient values indicated positive relationships 363 

between λi and Cultivated, Farm Score, and Road Distance, and negative relationships between λi 364 

and Tree Cover, Slope, Latitude, and GAP Status. Model-averaged posterior estimates of 365 

coefficients for Open, Income, and Population included zero (Fig. 4). The mean of the posterior 366 

distributions for per-state Weibull shape parameters, 𝜅𝑠, were all greater than 1, except for New 367 

York (Fig. 4). Posterior shape parameter estimates were greatest for Virginia (𝜅𝑉𝐴 = 3.57, 368 

𝜎(𝑘𝑉𝐴) = 0.18) and lowest for New York (𝜅𝑁𝑌 = 0.81, 𝜎(𝑘𝑁𝑌) = 0.06).  369 

Spatial predictions of time to solar development reflected both variation in λi as a function of 370 

geographic covariates, and differences in 𝑘 among states (Fig. 5). At a regional scale, areas with 371 

low expected time to development highlight hotspots of historical solar development, such as the 372 

eastern shore of Maryland and the Finger Lakes region of central New York (Fig. 5a). 373 

Cumulative probabilities illustrate where new hotpots may emerge in the future, such as 374 

Northwest Virginia (Fig. 5b). At a local scale, 30 m resolution predictions identify where new 375 

solar arrays are likely to be built first within states.  376 

4. Discussion 377 

Expanding renewable energy in a way that protects biodiversity is a key conservation 378 

challenge and understanding drivers of siting can help align buildout with conservation priorities. 379 

Solar energy facilities increased in number and area in states overlapping the Chesapeake Bay 380 

watershed, except West Virginia, from 2017 to 2021. We found strong evidence that solar arrays 381 

were built preferentially on previously cultivated lands, rarely replaced natural landcover, and 382 

were in areas of average habitat quality relative to available areas. The conversion of cropland 383 

and avoidance of natural landcover presents an opportunity to synergistically develop renewable 384 

energy and improve biodiversity, given the potential for solar energy facilities to be managed for 385 



greater native species diversity and carbon sequestration relative to agriculture (Walston et al., 386 

2021). This pattern of buildout differed from those in the Southwest U.S. (Agha et al., 2020; 387 

Cameron et al., 2012; Hernandez et al., 2015b; Parker et al., 2018), highlighting the need to 388 

account for regional geographic, social, and political contexts when anticipating how solar 389 

buildout will proceed. Our modeling approach explicitly accounted for variation in the rate of 390 

solar energy buildout over time among administrative units (i.e., states), and we found 391 

differences that may reflect variation in energy policies and regulations. Combining 392 

sociopolitical and geographic variables, our results identified places where future solar buildout 393 

is most likely, providing fundamental data needed to align current siting patterns with 394 

conservation priorities in the ecological sensitive Chesapeake Bay region.  395 

Solar development in the study area has thus far largely avoided important wildlife habitat. 396 

Array sites avoided natural land cover like forest and wetlands, and did not select areas of higher 397 

biodiversity importance. Even instances of ‘natural’ landcover conversion we detected may have 398 

corresponded to cultivated lands. Several large solar array installations in Virginia were built in 399 

areas of former timber harvest (i.e., coniferous forest), which are known to be confounded as 400 

grassland, shrub, and pasture in NLCD classification (Wickham et al., 2017). Therefore, the 401 

apparent selection for these classes may comprise a single land use transition from timber harvest 402 

to solar energy. Given the critical role forest plays in carbon sequestration, an analysis 403 

specifically identifying instances of this transition and assessing the net carbon effects could be 404 

an important contribution to understanding the environmental impacts of solar siting. While 405 

arrays were generally located outside places of high biodiversity importance, they also did not 406 

select areas of low biodiversity importance. There may be greater potential to minimize the 407 

ecological impact of renewable energy by prioritizing sites with low biodiversity importance 408 



(Agha et al., 2020; Cameron et al., 2012). Additionally, the observed pattern of land use 409 

transition associated with solar buildout also provides additional means to protect and restore 410 

biodiversity. 411 

In the study area, solar energy did not replace natural landcover because most facilities were 412 

built on cultivated land, which provides an opportunity to improve wildlife habitat. Cultivated 413 

land cover was the most frequently and most strongly selected type for solar array construction 414 

and was also among the most important predictors of solar buildout probability. While 415 

demonstrating that solar arrays have been preferentially sited on cultivated lands, these results 416 

cannot confirm whether this process constituted agricultural abandonment. The co-location of 417 

solar and agriculture is not only possible (Aroca-Delgado et al., 2018) but can improve yields for 418 

certain crops (Barron-Gafford et al., 2019). Importantly, the cultivated areas with less suitable 419 

farmland (i.e., higher scores) were more likely to be developed first. This was indicated by the 420 

positive relationship between Farm Score – a measure of agricultural suitability (1 = High, 5 = 421 

Low) - and the rate parameter of the Weibull model of time to solar development. Preferentially 422 

developing the least viable agricultural areas could make sense from an economic perspective 423 

and coincides with patterns of agricultural abandonment elsewhere (Gellrich and Zimmermann, 424 

2007; Mottet et al., 2006). Geospatial model predictions indicate low-quality agricultural areas 425 

are most likely to be used for solar in the future. 426 

Past and future conversion of cropland to solar arrays presents an opportunity to synergize 427 

renewable energy buildout and ecosystem restoration. From an ecological perspective, solar 428 

energy is optimally co-located on existing infrastructure or on previously degraded lands 429 

(Hernandez et al., 2019; Moore‐O’Leary et al., 2017). While cropland is not considered 430 

degraded, it is ecologically less valuable than native landcover (Millennium Ecosystem 431 



Assessment, 2005). Where former croplands have been abandoned, outcomes for biodiversity 432 

recovery may be mixed depending on land use history and degree of restoration management 433 

(Queiroz et al., 2014). In some agricultural areas native species diversity takes a long time to 434 

recover, if at all, and may require active restoration (Isbell et al., 2019). Land at solar energy 435 

facilities can be managed to support native plants and wildlife, and biodiversity may be increased 436 

at solar energy facilities (Macknick et al., 2013; Sinha et al., 2018; Walston., 2021). This 437 

includes local increases in pollinator abundance, diversity, and richness (Blaydes et al., 2021; 438 

Graham et al., 2021). Thus, the transition of cultivated areas to solar energy facilities could 439 

represent a net benefit to conservation if wildlife-friendly solar practices are implemented.  440 

The macro patterns of solar development in the study area appear to differ from patterns in 441 

the Southwest U.S., where solar arrays have often been built near or within protected areas and 442 

replaced natural landcover (Hernandez et al., 2015b; Parker et al., 2018). In addition to the strong 443 

selection for agricultural lands, here solar array construction avoided natural landcover like 444 

deciduous forest and wetlands. Additionally, solar arrays were constructed away from protected 445 

areas, as indicated by the positive relationship between the rate parameter of the Weibull model 446 

of time to solar development and GAP Status. A variety of economic, political, and social factors 447 

determine where solar is ultimately built (Lawler et al., 2014). It is likely that the different 448 

geographic contexts between western states and this study area create different costs and benefits 449 

of avoiding natural landcover during solar siting. For instance, the Southwest U.S. contains large 450 

tracts of public lands managed for multiple use, including solar energy, and a larger proportion 451 

of natural landcover composed of shrubland and grassland. Thus, there may be less of a barrier to 452 

solar construction in natural ecosystems of the Southwest U.S. than in the CBW, where natural 453 

landcover and protected areas are largely forested. The differences in siting patterns illustrate the 454 



need to account for regional drivers of solar development to understand its effect on biodiversity 455 

and the potential for synergy with conservation.  456 

One potential driver of regional patterns are policies supporting solar development. Each of 457 

the five states in our study area have passed renewable energy portfolio standards that specify 458 

goals for the proportion of electricity generated within the state from renewable sources, but the 459 

amounts and timelines vary widely. This variation may explain differences in buildout rates 460 

among states. For example, Virginia had increased its standards in 2020 to include 100% 461 

renewable energy by 2040 (Virginia General Assembly, 2020). Conversely, West Virginia had 462 

no standard (West Virginia Legislature, 2015) and Pennsylvania had not updated their 2004 goal 463 

of 18% by 2020 (Pennsylvania General Assembly, 2004). Perhaps unsurprisingly, we detected 464 

no solar arrays in West Virginia, and Pennsylvania exhibited the lowest rate of expansion while 465 

buildout was most rapid in Virginia and Maryland. In Virginia, not only did solar buildout 466 

increase at the greatest rate since 2017, but our results indicate that rate is accelerating. The 467 

posterior estimate of the Weibull shape parameter for Virginia was much greater than one, which 468 

aligned with the observation that the greatest gain in solar array area in Virginia occurred 469 

between 2020 and 2021. Conversely, the posterior estimate of the Weibull shape parameter for 470 

New York was less than one, indicating buildout rates may be decelerating. While New York has 471 

committed to 70% renewable energy by 2030, legislation in 2019 specified a goal of 2,400 MW 472 

from offshore wind (Kaminsky, 2019), potentially indicating a shift away from solar. In addition 473 

to renewable energy portfolio standards avoidance of natural landcover during solar development 474 

may be facilitated by conservation policies (Maryland General Assembly, 1991) and tax 475 

incentives. Future research considering spatial variation in these policies at different scales can 476 

help clarify the role of sociopolitical drivers in solar siting that protects biodiversity. 477 



5. Conclusion 478 

The intentional siting of solar energy facilities offers a path to simultaneously shift the 479 

world’s energy supply to renewable sources while protecting biodiversity. Spatial predictions of 480 

time to solar development, like those produced here, can help facilitate such siting by 481 

anticipating the future location of solar at two scales. Within the boundaries of administrative 482 

units among which differences in rate were estimated (i.e., states), relative differences in pixel 483 

values indicate where solar is most likely to be sited given some rate of future buildout. For 484 

instance, Virginia’s goal of 40% renewable by 2030 would require approximately 31.7 km2 of 485 

land, and we used a histogram of expected time to development values across the state to identify 486 

the most likely 31.7 km2 to be converted. Combined with spatial data on energy demand and 487 

existing production, these data can be used to precisely anticipate where future solar buildout is 488 

likely to occur. Between administrative units, the effects of differences in the Weibull rate 489 

parameter are evident and allow us to anticipate new areas within the region are likely to 490 

experience solar development in the future. Around the Chesapeake Bay watershed, the likely 491 

locations of future solar construction identify potential ecological restoration opportunities. In 492 

combination with maps of existing habitat these data can help identify the most ecologically 493 

beneficial places for synergistic restoration and solar buildout. Predictions reflect the most likely 494 

locations for solar development under the continuation of current patterns. If these are sub-495 

optimal for conservation, this advanced knowledge can be used to change policy to shift 496 

development to more desirable areas. While the results reported here apply to our study area, the 497 

approach to modeling solar buildout is appliable in any region where solar energy may come into 498 

conflict with conservation.  499 



6. Data Availability 500 

Georeferenced solar array polygon data used in analyses are available in an Open Science 501 

Framework repository (https://osf.io/vq7mt/). All code used in analysis of solar array data is 502 

available in an Open Science Framework repository (https://osf.io/9x6uv/).  503 

  504 
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7. Tables 702 

Table 1. Landscape variables hypothesized to be associated with the probability of solar array 703 

construction used in predictive models. For each variable we provide a description of the 704 

variable, the format from which the data was sampled, and the original source of the data. For 705 

raster data, the mean value within polygons was extracted. For vector data, the value of the 706 

feature within which arrays occurred was used. 707 

Variable Description Format Source 

Slope Mean slope derived from 10 

m digital elevation model 

Raster 3DEP National Map (USGS, 2022) 

Year Year of Sentinel-2 image in 

which array was first detected 

Scalar Authors 

Road 

Distance 

Distance (m) to nearest local 

(S1400) or secondary (S1200) 

road 

Vector USA Roads (USCB, 2021) 

Line 

Distance 

Distance (m) to nearest 

electric power transmission 

line 

Vector U.S. Electric Power Transmission 

Lines (DHS, 2022) 

Gap Status GAP protected area status 

code (1 = High, 5 = Low) 

Vector USGS Protected Area Dataset of the 

U.S. 

Housing 2010 Housing density (km-2) 

of the census tract 

Vector U.S. Census Bureau 

Income 2010 median household 

income of the census tract 

Vector U.S. Census Bureau 

Population 2010 population of census 

tract 

Vector U.S. Census Bureau 

Cultivated Percentage of pixels identified 

as cropland in 2016 

Raster Cropland Data Layer (USDA-NASS 

2021) 

Tree Cover Percentage of pixels identified 

as tree canopy in 2016 

Raster National Land Cover Database 

(Dewitz & USGS, 2021) 

Impervious Percentage of pixels identified 

as impervious surface in 2016 

Raster National Land Cover Database 

(Dewitz & USGS, 2021)  

Open Percentage of pixels identified 

as grassland, shrub, open-

developed, or low-intensity 

developed (i.e., lawns) in 

2016 

Raster National Land Cover Database 

(Dewitz & USGS, 2021) 

Farm 

Score* 

Agricultural soil suitability 

score (1 = High, 4 = Low) 

Raster SSURGO Farmland Class (NRCS, 

2021) 

Latitude Latitude (m) of array centroid Scalar  

* We reclassified the Prime Farmland data from the Soil Survey Geographic Database (NRCS, 708 

2021) into four classes to represent the potential suitability of soils to cultivation. 709 

 710 

 711 



Table 2. Characteristics of solar arrays within each state. Table displays the total area and 712 

proportion of each state occupied by solar arrays, mean array size, 95% credible interval around 713 

rate of increase (Δ) and biodiversity selection (β) coefficeints. Bold text indicates credible 714 

intervals that did not overlap zero. 715 

State Solar area (km2)  Size ± σ (km2) Δ 95% CI (km2/yr) β 95% CI 

DE 9.01 (1.79e-4%) 0.291 ± 0.52 7.29e-4 – 2.08e-3 -1.25e-3 – 4.66e-3 

MD 89.05 (3.54e-4%) 0.425 ± 0.68 4.35e-3 – 5.68e-3 -1.25e-3 – 2.47e-3 

NY 99.68 (0.82e-4%) 0.376 ± 0.46 3.91e-4 – 2.26e-3 -6.54e-4 – 2.32e-3 

PA 37.45 (0.32e-4%) 0.395 ± 0.67 -7.05e-5 – 1.30e-3 -4.57e-4 – 3.85e-3 

VA 274.17 (2.69e-4%) 0.862 ± 1.33 5.57e-3 – 6.95e-3 -8.06e-4 – 2.06e-3 

 716 

Table 3. Posterior distributions for coefficients and model inclusion probability for all covariates 717 

considered as predictors of the rate parameter for Weibull distribution of time to solar 718 

development, as estimated by hierarchical Bayesian models. Bold text indicates covariates with 719 

strong evidence supporting inclusion in the model. 720 

Coefficient 𝛽̅𝑗𝑓𝑢𝑙𝑙  ±  𝜎 P(wj) 𝛽̅𝑗  ±  𝜎 P(βj = 0) 

Impervious -11.5 ± 0.861 0.00 - - 

Open -0.039 ± 0.164 0.191 0.011 ±0.375 0.479 

Tree Cover -1.53 ± 0.13 0.667 -1.48 ±0.155 0.00 

Cultivated 0.239 ± 0.123 1.00 0.925 ±0.246 0.00 

Farm Score 1.10 ± 0.136 0.667 1.41 ±0.208 0.00 

√Slope -2.96 ± 0.303 0.333 -2.95 ±0.283 0.00 

log(GAP Status) -1.30 ± 0.402 1.00 -1.51 ±0.355 0.00 

log(Line Distance) -1.79 ± 0.151 0.00 - - 

log(Road Distance) 0.348 ± 0.138 1.00 0.919 ±0.188 0.00 

log(Population) 0.293 ± 0.17 0.035 0.054 ±0.15 0.629 

Income -0.136 ± 0.273 0.036 0.031 ±0.189 0.472 

Latitude -2.32 ± 0.408 1.00 -2.24 ±0.565 0.00 
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8. Figure Legends 722 

 723 

Figure 1. Polygons representing ground-mounted photovoltaic arrays present in 2021 mapped by 724 

a U-Net image segmentation model using Sentinel-2 satellite data. Arrays were mapped in each 725 

of six states overlapping the Chesapeake Bay watershed (blue). Colors indicate the year in which 726 

arrays were constructed. Map insets show (A) the detailed solar array polygons generated by the 727 

U-Net model, and (B) the location of the study area in the United States. 728 

 729 



 730 

Figure 2. Solar buildout within the study area over time. Plots show (a) the total area of solar 731 

arrays within each state, and (b) the area of solar arrays proportional to the total area of each 732 

state from 2017 – 2021. 733 
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 735 

Figure 3. Differences between the observed and expected area (km2) of 15 different NLCD 736 

classes converted to solar arrays within the entire study area, and five component states. Classes 737 

are grouped according to type of human modification: Natural; Cultivated; and Human modified. 738 

Expected values were calculated based on observed proportions of each class. Positive values 739 

(white) indicate more area converted to solar arrays than expected, negative (black) values 740 

indicate less area converted to solar arrays than expected. 741 
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 743 

 744 

Figure 4. Posterior parameter estimates for a Weibull model of time to solar construction data 745 

within the study area. Plots show (a) covariate coefficients of the Weibull rate parameter in linear 746 

models of Weibull rate parameter and (b) per-state Weibull shape parameters. A shape parameter 747 

values above and below 1 (dotted line) indicate accelerating and decelerating rates of solar 748 

buildout over time, respectively. 749 

 750 



 751 

Figure 5. Expected time to solar development across the study area. Maps show, at 30 m 752 

resolution, a) the expected time to solar development and b) the cumulative probability of 753 

development after 10 years, based on landcover covariates and mean parameter estimates from 754 

the fitted joint binomial-Weibull model. State boundaries are shown as white lines. Insets 755 

illustrate spatial variation in the relative development probability at fine scale within states. 756 
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