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As the renewable energy transition continues into less receptive communities, local 
opposition is expected to intensify, potentially slowing the process. Since the local 
impacts are neither well quantified nor widely recognized, we lack policies and com­
mon practices to mitigate the potential associated welfare loss in affected communities. 
Based on a nationwide dataset combining property transactions and large-scale solar 
photovoltaic (LSSPV) sites, we analyze the heterogeneous effects oflSSPV on property 
prices and the associated causal pathways. Difference-in-differences estimates show that 
LSSPV significantly increases agricultural or vacant land value by about 19.4% within a 
2-mile radius, while simultaneously reducing residential property values within 3 miles 
by about 4.8%. lhe estimated average negative impact on home vaJues is primarily 
driven by site proximicy and diminishes with both distance and time. Effect estimates 
are more robust co alternative specifications when proximity pairs with visibility rather 
than invisibility, but no evidence suggests visibility significantly amplifies the proximity 
effect. Heterogeneous effect estimates indicate tl1at high solar lease potential, being in 
heavily Democratic-leaning counties, and brownfield redevelopment largely mitigate 
the negative residential value impact. The analysis revu.ls no significant heterogeneity 
across a few factors, including varying site visibility, directional orientation of propetties 
relative to the LSSPY site, and different tracking systems. Evidence indicates that the 
negative impact on residential values might mainly stem from negative perceptions, but 
channels through physical conditions cannot be entirely dismissed. Our assessmem pro­
vides benchmark information for local externaJity mitigation plans, potentially reducing 
community opposition and expediting the renewable energy transition. 

solar energy I economic valuation I econometric analysis I renewable energy transition 

As the cost of solar energy cominues to decline (l), solar is likely co remain 1he leading 
source of renewable energy in the Uniced Stales (2). Although chc climate benefits of 
large-scale solar photovoltaic (LSSPV) arc widely recognized, the siting ofLSSPV projects 
has Ci\COuntc:rcd increasing local resistance (3-5}. As rhe renewable energy transirion 
deepens into less receptive communities, local opposition is expected to intensify and slow 
down the tramition process. Anecdotal and qualitative evidence suggests that rhe local 
concerns are primarily driven by negative aesthetic impacts, decreased property values, 
environmental injustice, and adverse impacts on local agriculrure (3, 6, 7). However, these 
negacive impacts arc nor well quantified, and we lack policies or common practices to 
mitigate the potencial welfue loss in affected communities. 

LSSPV facilicies can significantly alter local amenities in residential areas. Recent studies 
suggest that proximity to a solar site may reduce home values (8, 9) due to diminished 
amenities such as adverse visual impact (10). The geomecric and highly refleccivc surfaces 
of LSSPV facilities can be seen as unactrac1ive and disrupcive, particularly in natural oc­
agrarian setrings (11). 1l1ere arc other potential disamenities associated with LSSPV chat 
may not be revea.led immediately after site installation, including disrupted ecosystems 
and wildlife habitats (l2, 13), increased soil erosion and water runoff, and degraded air 
quality (14). Moreover, negative perceptions of disamcnitics could lead to property value 
losses that are unrelated to actual levels of physical disamenities, a phenomenon known 
as the stigma effect in the housing markec (15, I 6). 

Solar development can aifec1 land prices considerably. An L<iSPV facility typically requires 
bcrwcen 5 and 10 acres per MW:1c of generating capacity. Agricultural land has been the 
most common land type for LSSPV development, due to its suitability, such as being Aat, 
dry, cleared of natural vegetation, and close ro electric infrasrruccure ( 17, 18). A recent 
projection from the American Farmland Trust shows thac solar projeccs could occupy over 
7 million acres by 2040, with 83% of new insr:il l:uions on farmlands and ranchlands, half 
of which are on highly productive land (19). If we consider the potential fucure surge in 

Significance 

Large-scale solar projects are 
crucial for decarbonizing the US 
economy, but growing local 
resistance may impede the 
renewable energy transition. We 
estimate the impact of large-scale 
solar on property prices and the 
underlying pathways using 8,8 
million sales and 3,699 solar sites 
in the United States. Exposure to 
solar sites decreases nearby 
residential home values but 
increases land values. For 
large-tot homes, the increase in 
land value largely mitigates the 
negative residential impact. 
Varying county political leaning 
and land use histories result in 
significantly different residential 
value Impacts. Empirical evidence 
Indicates that the current negative 
residential impact might 
represent a stigma effect attached 
to solar sites. Our findings 
provide important insights for 
addressing local resistance 
against large-scale solar projects. 
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Fig. 1. Map of LSSPV locations. capacity. and visibility. The siie of cirdes indicates the ca parity of each LSSPV site. The colors represent the visibility of each site 
v1sit>ility Ii measured In th!' number or local (<6 mites) residential homes with a view of that LSSPV site. 

energy demand, e.g., electrifying the transportation seccor and 
esc.iblishing Al data cenrers, the required farmland for solar energy 
produccion could be much higher than the projccccd 5.8 million 
acres. Io the long run, the land U$e competition between solar 
development and agriwlcural production is likdy to increase the 
sca,cicy of farmlands, especially at cl1e urban fringe. In the short 
run, leasing the land for solar energy producdon provides higher 
financial returns than cradicional agricultural opmHions, which 
may drive up farmland prices and elevate farming costs. 

Existing srudics provide suggestive evidence chac visual impaccs 
and loss of property valucS arc the lWO leading concerns for local 
oppositions (3, I 0). • These local impaccs of LSSPV represent classi­
cally defined externalities, as no widely established mech.mism exists 
for solar sicc owners ro compensate neighboring communities for 
potential negative effca:s. Quancifying these externalities is imporcanc 
10 establishing solar siting procedures chat adequately compensate the 
community and aUow socially opcirnal allocations of resources. More 
imponantly, as solar sires arc initially developed in receptive commu­
nicies, siting clforcs are expected ro become more challenging when 
the renewable energy transition continues. Srudies have suggested 
that a major proportion of proposed LSSPV projectS were denied or 
wichdrawn due: to local resistance (5, l 0).t Clarifying and addressing 

'<:r;rv,!ord et a [3~ based on 33 lnWvi~ with rMldents, found tl\at tht top Uvte ol 
,eside:nts' most common concerns of larg~ascalt solar are ... ne-gative aesthe:tit Impact'" 
'd«reased property v~eS". and "mlsuS<! of agrkultural I.Ind'". Moreover, ;, survey con­
ducttd .o 2023 by Ni son et al { IOI shows that 123 developers reporl vljual conc:erns ta be 
the mast common concern for utlllty-scal<t solar, lolloWM by propenyv~lve loss and agrl­
cuUura;l laod loss. 

'An earlient\ldyfrom Mutvaney(S)showed 1hat nearly h11f of the lSSPV pro)eru proposed 
from 2()OS to 2016 in the Southwest US_,, denkd or withdrawn. largely due to local 
resl,1ance. A survey cond~Cle<l in 2023 by Nilson et al. (10) suggests that among solar 
1ndlfSUY respondents acron the US. 95V. 11gree that community oppo>itlon will get In the 
way of dtcarbcnlliltlon goals. The same survey shows that aboot 40V. or planned solar 
proje<ls were cancel1td wl>ll<t the remaining 6016 were dtla~ by at least 6 months lo the 
last S y. and local ordina0<es and community oppo<;itioo are among the leading causes 
or cancelfaron. 
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the externalities ofLSSPV development will help alleviace local oppo­
sition co solar development and accelerate che energy transition. 

Utilizing property-levcl transaction daca and detailed LSSPV 
$ice information, we pr~e11t a comprehensive tiationwide analysis 
co escimate and quantify the excernalities of LSSPV facilities facing 
nonresidential and residential properties. We employ a 
Difference-in-Differences (D[D) identificacion framework to 
invescigace d1e effects of solar projects on nearby properry values. 
Previous studies have employed similaJ' methods co invesugate the 
propcrry value effects of solar site exposure in a few selected scates 
(8, 9, 20). While viewshed analyses and visual impact invcsuga­
cions are prevalent for wind sice scudics (e.g., refs. 21-25), previous 
solar scudies have not mc35ured sicc visibility or quancified che 
associated visual impacc, despite some indicating its relevance (e.g., 
ref. 26). In contrur to previous solar studies focusing on sice prox­
imity, we additionally assess che impact of site visibility and its 
interaction with proximity. Specifically, we create a geospaual 
database showing the visibility from every residential home to 
nearby LSSPV facility in the contiguous United Staccs (Fig. 1, sec 
Dattt and Meth,uh for dccails). With the average cffeccs showing 
the general size of welfare changes in the neighborhood, we further 
differemiatc che impact mechanisms and provide information for 
a compensation plan for che local externalities genera.red by 
LSSPV sites. 

Our analysis demonscrares chat LSSPV sites affect local residen­
tial property values and land values cLffercn dy. We separately analyze 
transactions on tluee types of properties. The first type is rcsidcncial 
propcrcies (hereafter "residential homes" or "residmtial") with a loc 
size under five acres (i.e., the cypical minimum acreage require­
ment for a solar lease), where LSSPV cffecr:s primarily srem from 
impaccs related to residential amenities. The second type involves 
agriculcural or vacant land above five acres (hereafter "agricultural 
land" or "ag-land"), where LSSPV effects mainly result from 
pocential solar lease-induced land use value changes. The third 
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Fig. 2. Effects of proximiiy and view on residential home value. The blue I rte 
connects the coefficient estimates of prol<lmlty blns without view, obtaint'd 
by interacting the proximity bins. the binary posttreatment ind,cc1ror. ot1nd 
the no-visibility indicator (i.e., equals 1 if no site view). The red line connects 
coefficient estimates of proximity bins with view, obtained by interiKting the 
proximity bins, the binary postcreatment indicator. and the llisibilily ind"c.ator 
(i.e., equals 1 lfwlth site view). The number of observations(Nl in this analy$is 
is 8,303,074, excluding singleton observations on the census,tract by year level. 
Tlte 95% Cls are constructed with two-way clustered SEs at tile census tract 
and year level. The control group is properties In the S,to,6-mile proximityb;n. 

type includes properties over five acres with residentiaJ structures 
(hereafrer "large-lot homes"), where LSSPV dfo:cs may include 
both residc:ntial amenity and land use value impacts. Within che 
anaJysis of each property type, we further investigate rhe impacl 
hctcrogencicy accoss a range of dimeJJsions, including rural-urban 
scacus, census region, lot si-ze, county political leaning, median 
household income, solar site scale, site historical land use, scate 
siting regulacion, among ochers. To make sure our esrim:i.ces :ue 

not specific ro rhe five-acre segre§ation criterion, we conducted 
robustness checks in SJ Append:,. 

~ 1. Results 
~ 

1.1. LSSPV Impact on Residential Home Value. We first present 
che resulcs for residential properties under five acres, which include 
approximately 8.3 million property tr-aruaccions wichin a 6-mile 
radius of LSSPV sites from 15 y before the inscallacion of each 
sice through 2020. Furrher analyrical derails are provided in Dartt 
and Methods. 
1.1.1. Resident/a{ proximity and visibility. We firsc use distance decay 
specifications wichin the DID framework (see Section 3. 5 for model 
derails} ro decide the proper treatment variable, assuming solar site 
exposure is decermined by proximity and visibility. lhe view-specific 
distance decay results (Fig. 2) show that proximicy is the major 
driver of the negative reSidential value impact. We find chat, without 
LSSPV view, LSSPV proximity reduces residential sales price by up 
10 7.2% within a 0.5-mile radius, and che bin-specific estimates 
gradually decrease with discance and remain su.tiscically significant 
up to 3 miles from the LSSPV site. Having lSSPV in the viewshed 
of a home incurs slightly mme negative effects (i.e., up _to 7.9% 
within 0.5 miles) compared to the pure proximity effec~.~ and the 

'The resuks are presented in SI Append,,,, n• ..c SJ:;, which suggest chat the main estlm.lte5 
are robust 10 alcematlve acreage thresholds for segregating Che small-IOI properties and 
large-lot properties (e.g., 5 miles to0.3 miles ro, small.lot properties and Smiles to 9 mffes 
fOf' large•!ot properties). Therel0te, the main conclusions or this scudy are not sensftlve to 
changes In the f,v,:-acre threshold. 
1As pOlnted OUI In the Data and U-1/wds soctian below. our visibility measure potentially 
overrepresonts the In.re visibili(y especially when the 'liewpoint and 1~ 1arge1 are close, 
limited by structural elevation data availability 136). lhls meawrement bl.ls introduces 
attenuation In the trealment va,lable, potentially leading to an undereslimation of the 
vklbilltyimpact (and hence t~ difftrMce betwtenvisibllity and pro•imity impact in Fig. 2), 
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bin-specific effects also diminish with distance. Beyond 3 miles, both 
che proximicy effecc and the visibility effect become indistinguishable 
from zero, suggesting.char visibility.docs not independently generate 
negative impaccs in che absence of prox.imity. 
1.1.2. Residential treatment-site within 3 miles. As shown in 
Table l column (I). when examining che average creacmenc effect of 
proximitywichin 3 miles (rcgardlessofvisibilicy), cheescimateis4.8% 
and statistically significant ac the 5% levd. We further investigate 
!.he interaction between proximity and visibility in column (2). 
When the solar site is visible and within 3 miles, property values, 
on average, decrease by about 5.2%. The corresponding effect of 
an invisible site is estimated at 4.6%. While both estimates are 
statistically significant at the 5% level, a statistical test shows chat 
the difference between them is not significant ac all (rcsc P-value 
0.746), indicating thac site visibility may noc impose a significant 
additional average effecc beyond proximicy and supporcing the 
validity of proximity-based specifications in prior scud.ies (e.g., 
refs. 8 and 9). We also checked an altemacive specilicacion cltat 
excludes no-view properties witltin the 3-mile radius in column (3) 
of Table I, which provides a similar interaction effecc of visibility 
and prnximity. These average dfecc analyses, combined with the 
distance decay results, suggest that site proximiry alone largely 
drives the residential home effect. Consequcncly, site proximiiy 
within a 3-mik radius (as presented in Table I column (I)] serves 
as the principal treatment Vllriable, representing LlSPV exposure, in 
subsequent event study and hetcrogendcy analyses. Examining the 
sensitivity of escimaces to alternative control group specifications in 
Sf Appe111hx, 1':tble S6, we find that che interaccion effect of visibility 
and proximity remains robust across the board, while the pwe 
proximity effect becomes insignificant in some of the alternative 

Table 1. DID Estimates for Residential Homes 

(1 l (2) {3) 

ProxT ProxT x ViewT ProxT x ViewT 

ProxT -0.076** 

{0.022) 

P3 : ProxT x Post -0.048* 

(0.020) 

ProxT x O.VlewT -0.078** 

(0.022) 

ProxT x 1.ViewT -0.070** -0.044 

(0.023) (0.029} 

P-:'-"',:w: ProxT >< -0.046*(0.020) 
O.ViewT x Post 

Ptw: ProxT x 
1.ViewT x Post 

-0.052* -0.046+ 

(0.020) (0.023) 

N 4975808 4975808 2444983 

Covariates Yes Yes Yes 

Census Yes Yes Yes 
Tract x Year 

Test (H0: tt;'_vitW = p~): z-Statistic = 0.324 P-value = 0. 746 

Note: 1n Column (1 l ProxT. standi11g for site proximity below 3 miles, ls used as Ule treat­
ment. In Column 121, pro~imlcy without v.ew (ProxT•O.Viewn and proximity \\olth lliew 
{f>,o,T•l v,ewn are used .ls treatment. In ColulM (3t prope,ties that satisfy P,oxT = 1 
.me! ViewT • o are excluded. #JS represent the treacment effects specifie-d In S~tion 3.5.1 . 
SE, cwo-way clustered at census tract and ~ar level, are reported In parentheses: • P < 
0 .1, 'P < 0.05. ··p < 0.01, '"P < 0.001. Census tract by ye~r fixed effects and p<operty-level 
covariat~s are lcleluded In aa. specillcations bot not display<ed. Th~ conttol group Is prop• 
ertlos In the S,to-6-mtle p,o-.:imlty bins of thi, lSSPV sites. and propert~s localed within 3 
to Smiles from the LSSl'V sites are ex.duded. The number of observations, N. ls cakulated 
excluding singleton observationson 1he census-tract by year level. The coerrlclen1 for Posr 
is omitted due to collinearity with fi•ed efferu. 
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fig. 3, Event study on residential home value. The treatment (LSSPV site within 3 miles} effect on residential home values is illustrated .tcross different years 
relattve to the year of LSSPV installati011. The blue squares on the black hne ind cate the coefficient estimates. obtained by interacting the treatment variable 
with year indic.ators. The refe,ence year is defined .as 3 y before the LSSPV installation, and the control group is properties in the 5-to-6-mile proximity bin. The 
shaded areas represent the 9S% Cls, constructed using two-way clustered $Es at the census tract and year level. 

specifications. This implies that site visibility appears to reinforce 
the prox.imity effect in the sense that it improves the robustness of 
the home value effect estimate across various alternative conrrol 
group specifications. To provide a c-0mprehensive view of the 
proximity effecc, we present both che spc:cifications from column (I) 
and column (2) in the pretrend tests and robustness checks in the 
SJ Appe11dix. Prem:nd tests with placebo treatments in Sf Appendix, 
Table S5 show t:hac the parallel trend assumptions arc: satisfied for 
all specifications in Table I. More: robustness checks in SI Appmdix, 
Tables S8 and S9 confirm thar all c:scimares in Table I remain 
consistent when applying alternative sample selection criteria based 
on acreage and the number of obsecvacions per trace-year duster. 
1.1.3. Residential event-study results. We explore the timing 
of the LSSPV exposure effect (i.e., site visible wi1.hin 3 miles) 
based on an event study where the base year is specified as 3 y 
prior co the LSSPV insrallacion1 (Fig. 3). The average ncgarive 
price impact on residential homes is minor after the base year 
but becomes pronounced following the insrallacion. The effect 
generally maintains its magnitude over time and fades after the 
ninth year poscinscallacion. There are pocencial explanacions for 
che observed effect dynamics. Right after the base year, the gradual 
dissemination of the LSSPV site inforrnacion may not have re-.1ched 
many home buyers or led chem co fully realize the poremiaJ 
negative price impact of the site, but the installation event makes 
the impacts clear and manifested in the market. The diminishing 
effect after 9 y might come: from che shrinking .sample size as 
most of che LSSPV sites were developed after 2010. However, if 
the diminished dtcct is true, it docs not necc:ssarily imply chat 
the negative amenity impacts disappear after 9 ysincc many of the 
negative impacts, such as soil erosion and dust pollution, may take 
a long time co manifest (14, 27, 28). A more plausible explanation 
of the faded price impact may be linked co residcmial sorting 
and demographic shifts (29-31), as individuals less concerned 

'this ;,ppr()>lmately represent.s the time when some resid•nts may became <1ware or the 
upcoming LSSPV site through permir:ting. contractlnt, cornmuniey engagement, or ocher 
site preparation activities. 
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about lSSPV facilities move into the affected neighborhoods. 
This indirectly suggests that the negative price impact might be 
more closely rdated to psychological facrors than to rhe amenities 
themselves, which will be explored further in subsequent analyses 
and discussions. 
1.1.4. Residential Effect Heterogeneity. \Vie explore che hcceroge­
nciry of LSSPV exposure effect on residential homes across various 
dimensions, as shown in SI Appvulix and Fig, 4."' We: observe 
noticeable heterogeneity across census regions, county political 
leaning, county median household income, and historical land 
use of the LSSPV sites. Staciscical ems results are av.tilable in 
SI Appendix, Table SIO. LSSPV sites in the Nord1east region 
impose significantly more negative impacts chan those in 
other regions. Heavily Democratic-leaning counties (over 65% 
Democratic votes in 2016) experience a positive LSSPV effect 
( t0.0374, insignificant), which is significantly different from 
more politically conservative councies (-0.0538, significant at the 
5% level). Greenfield LSSPV development leads co a negative 
effect (-0.0466, significant ac the 10% level), while brownfield 
redevelopments lead ma posicive residencial value dfecc (+0.225, 
significant at the IO% level), significantly different from the 
effect of G,eenfield LSSPV.11 Observed differences along ocher 
dimensions arc not scacistically significant. Moreover, we observe 
almost zero heterogeneity across differenc rural status, different Joe 
si-zes, different site capacities, and different levds of site visibility. A 
higher level of visual exposure (''High View" in Fig. 4) or directly 
facing the solar panels (i.e., in the south of the: solu panels, 

'We also investigate the helorogen<!aos pure proximity and 'lisible proximify effects In 
Si Append,.,, Fig. 57. The re-;ults show that both effects havewe,y slmllar heterogeneities as the 
main results in Fig. 4: the negatiw pr~ value impa<1 is sig,,;focantly higt,er in more pqlit­
k:Alyconservatlve coun\let,and brownfield sltfs mayh.we • positive property value impact. 

11Brownfields include sites such as hazardous waste focllities, •~ndoned contaminated 
~reas, and ioactiVe mines (53). Sol.,r projects on brownJlelds oflen requl" sJte cleanup. 
which c.an redtKe negative exceroali1les and ul'ldeslrability or these s,ies and posit~ly 
arf«t property values. This aligns wlth Ga ur et al (S4). who lound that rosldents are willing 
to pay more lor solar PfO)ects on brownflerds. as these sites are otherwise undesirable. 
Meanwhilo, respondl!11ts in G.1ur et al. request compensation for solar prcj•ct d"""loped 
on greennelds, suggesting that thty perceille bto,......flelds as the more approptlate land 
type for lSSPV developmen1 lhan green fields. 
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Fig. 4. Heterogeneous effects of LSSPV e)(posure by different dimensions. Diamonds are the point estimate of the effect or lSSPV on nearby residential home 
values based on DID models. The treatment is LSSPV within 3 miles, and the control group is properties in the S-to-6-mile pro)(lmity bin of the LSSPV site. The 
95'!6 Cls of the estimates are shown as bars, having clustered SEs at the census tract and year level. Check SI Appendix for the details of all factors investigated 
here. More heterogenei<y checks differentiating visible and invisible sites are available in 51 Appendix, eig S7. 

"Facing" in Fig. 4) does not lead co a more negative residential 
value effect, providing furthe r evidence that more view exposure 
may not lead to significantly more negacive impacts. While we lack 
direct daca on glint and glare effects, indirect evidence suggests 
they may noc be a primary mechanism, as we find no evidence co 
supporc chat being exposed co a site with tracking systems (i.e., 
potentially more susceptible to glare impacts, "Trackinl in Fig. 4) 

or facing the solar panels lead to more negative impacts. Instead of 
visual levels or details, impaccs appear to stem from psychological 
factors, such as negative perceptions of industrialization and 
altered scenic views. 1l1ese negative perceptions are expected to 
be amplified by conservative ideology or mitigated by progressive 
ideology, aligning wich the empirical finding that more politically 
conservative coundes are associared with more negative impacts. 
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Fig. S. Distance decay results tor agricultural/vacant land and large-lot homes. The top subfigure shows est"mates for agricultural and vacant land above five 
acres. The boctorn subfigure shows estimates for large.Jot homes, defined as properties over five acres with residential structures. The results show the value 
effects of LSSPV for a range of proximity bins, defined with 2.mile intervals. The blue line connects the coefficient estimates oJ proximity bins. obtained by 
interacting the proximity-bin indicators with the bina,y posttreatment indicator. The treatment groups are properties with·n the~e proximi<y b•ns. while the 
control group is properties within the 18-to-20-mlle proximity bin. The 95% Cls. are constructed with two-way clustered SEs at the county site and year level 
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1.2. LSSPV Impact on Agricultural Land Value. Our Ag-land 
analyses show chat having L5SPV sit<'.'S wirhin 2 miles of agriculcural 
or vacant land increases the sales price per acre by an average of 
19.4%," which is sraciscically significant ac the 5% level (Fig. 5). 
The positive effecr rapidly declines and becomes insignificant beyond 
2 miJes, simil3l· to escimaccs in ref. 32. This positive effect is likdy 
due co the demand increase from potential solar leases, as further 
expansion of existing LSSPV sites is less costly than constructing 
new sites and likely involve nearby agricultural or vacant land. 
Prccrend tests in SI Append1.\; Table S5 show chat the parallel trend 
assumptions arc satisfied. Robuscness checks in Sf Appmdix, fable 57 
suggest that our main ag-land estimare is robust against different 
control group selection criteria. Evem-scudy resulcs in SJ Appmdix, 
Fig. S5 show char the positive land value effect manifesrs 3 y afier 
the site inscallation and fades away 6 y lacer. SJ Appmdix, Fig. S6 
presents our analysis of heterogeneous ag-la.nd elfcccs. We find chat 
LSSPV sites of larger than-median scale have virtually u:ro effect 
on land value, while sites of smaller scale display a positive cffccr on 
land value {significant at the I 0% level). Considering that smaller 
sites have a larger potential for expansion, chis observation seems 
to confirm our speculation that the nearby land value increase is 
mainly driven by the potential of future solar lease. We also find 
that agricultural or V-.lca.nt lots of large acreage bear virtually zero 
effect while smaller lots show a significantly (at che 5% level) positive 
effect. However, these differences are not statistically significant. 
More robustness checks in Sf Appmdix, T.1bl~ SB suggest that our 
land value estimates remain consistent when applying alternative 
sample selection criteria based on acreage. Finally, robusme.ss checks 
in SI Appendix, Table S9 reveal that when focusing soldy on county­
site•year dusters containing more than a few sales, the land price 
clfect ofLSSPV rises dramatically, readiing 86. l % when excluding 
less-than-20-land-sales clusters (corresponding to a coefficient of 
0.621). Given that we have excluded sales of land hosting LSSPV 
sites, the mechwism behind this subscantial effecr on land prices 
remains unclear but wa.rrancs further investigation. 

1.3. LSSPV Impact on Large-Lot Home Value. Our empirical 
resuJts show that LSSPV sites have a dual effect: they decrease 
residencial property values via reduced residenciaJ amenity, while 
simulcaneously increasing nearby land prices due co enhanced 
land use potential. For large-lot residential homes with over five 
acres of land, we expecc d1c LSSPV to impact property values 
chrough both channels. Our distance decay analysis (Fig. 5, 
Bottom) suggests that the overall LSSPV impacc on large-lot home 
price is close co :zero and sracistically insignificant for aJI nearby 
proximity bins. Robustness checks in SJ Appmdix, Tabte-s 58 and 
S9 confirm chat these large-Joe-home estimates remain small and 
insignificant when applying alternative sample selection criteria 
based on acreage and the number of observations per cract-year 
cluster. Therefore, the LSSPV propercy value impacts via amenity 
rcduccion and increased land use pocencial seem co offset each 
ocher in residential homes with over five acres ofland. 

2. Discussion 

This scudy provides a comprehensive nacionwide assessment of the 
externalities associaced with LSSPV inscallarions in the United 
States focusing on their impacts on property values. We leverage 
a rich property cransaccion dataset with detailed geospatial 

"The ,odficient csdmate is 0.177, which reflects the ertea on che lo~'H.'lo/f' price. When 
this Is converted to !he actual proportion.I price el'fect, the result Is e • - I • 19.4~. 
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inform.ition of LSSPV sires co estimate the effects on boch resi• 
dential properties and agricultural/vac:mt land. We apply advanced 
geospatial methods ro overcome computational challenges and 
develop a comprehensive nationwide dacabase on LSSPV visibility. 
Our findings reveal chac LSSPV ins1aJlacions negatively affect the 
value of residential propcrcies located within 3 miles, while inrn:as• 
ing prices for agdculcural and vacant land within 2 miles. Moreover, 
when the impacts through reduced residential amenity and 
increased land use potential coexist, rhe LSSPV effect on large-lot 
homes is indiscinguishable from uro. We also explore the dynamics 
and heterogeneities of the local propmy value effects oflSSPV: 

Our analyses and heterogeneity checks indicare chac a nearby solar 
site may ace as a stigmatizing nuisance (i.e. a psychologi~ disamcn­
ity, see refs. 15, 16, 33) and 34). Evidence supporting this d.um 
includes che minimal variation in effeccs across different levels of site 
visibility, in elfeccs across properties to the south and to the north 
of the site, and in effects across sites with differenc tracking syscems, 
as they suggest chat the view dc:cails of solar sites (including view 
extent, the exact view composition, and potcncial difference in glare: 
effects) do not significantly impact residential values. The negative 
impact on nearby residences apptars ro operate primarily through 
psychological channels racher than through the degree of visibility 
or specific visuaJ derails. Considering disamenities other rhan visual 
impacc, che scale of the site likely results in different disamenity levels 
and impacts, buc this is also not observed (i.e., ~Big USS" vs. "Small 
USS" in Fig. 4). One explanation can be linked to negative percep• 
tions that solar sites are indusaial/commerdal uses that alter rural 
land use and scenic views (15}. The disparities in effects becween 
brownfield and greenfield sites ahgn with this mechanism. Another 
piece of evidence is che significantly higher property value loss in 
more conservative councies compared co Democratic-leaning coun• 
ties. This disparity is likely due to solar sites being more aligned with 
progressive values prevalent in Democratic-leaning counties and less 
frequently associated with negative perceptions. However, we cannot 
entirely rule ouc causal channels related to actual disameniry varia­
tions. First, our nationwide analysis may obscure heterogeneities 
under certain conditions - for example, sices with a larger scale may 
have a stronger negative effect in the Norcheasc but a weaker one in 
tlie West, potentially canceling out in a pooled sample. Sc:cond, 
unexplored physical channels, such as vegetation and soil manage­
ment practices (e.g., refs. 9 and 27), might also contribute to the 
negative LSSPV impacc on residential values. 

Our findings highlight thecomploc interplay between the bend1cs 
and costs of LSSPV development. In Sf Appendix, Table: SJ I, we 
performed a back-of-the-envelope calculation to estimate the benefits 
and costs ofLSSPV solar sites included in om analysis, including the 
mltigatlon value (i.e., avoided social cost of carbon emission), the 
appreciation of nearby agriculrural or vacant land valm:, the value loss 
of nearby residential properties, and the agriculcura1 production loss 
on land utiliied for hosting LSSPV. The results suggest chat che 
assessed benefits of existing LSSPV significantly outweigh d,e assessed 
tocal costs. Tue carbon mitigation benefit is the major benefit (about 
$22. 2 billion annually), while the loss in residential home value is the 
dominant cost (about -$4.1 billion annually). Therefore, property 
value losses constituce a major proportion of negative externalities of 
1.SSPV: While che expansion of solar energy is crucial for the renew­
able energy transition, it is imperative to address che localized excer­
nalidcs to ensure equitable outcomes for affected communities. 
Q_uantitative evidence, such as that generated by this srudy, can inform 
policymakers and srakeholders in designing compensation mecha­
nisms and siting maccgies thac mitigate negative impacts while pro­
moting the broader adoption of solar energy. 
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To illustrate how our results or similar studies could be used m 
devdop a community compensation plan, we design a prototy~ 
evidence-based community com~nsarion plan for a site proposal 
in (SI Appeiidix. hg. S l 2). Firsc, property value impact studies 
should be carefully conducted wich emplrkal data from companble 
solar sites (e.g., similar size, similar demographics, in counties or 
states of similar regulations, etc.), where the effect of distance decay, 
dynamics, and heterogeneities across a wide range of dimensions 
should be analyzed. The sample choice of LSSPV sites needs co 
balance sire similarity and statistical power of analysis. Second, based 
on the property value scudy, compensation specifics should be 
decided for <liffcrenc properties in the 11cighborhood. Ta.king our 
main rcsu1rs as an example, compensation rates could be set at 5.2% 
of che annualized property value for l O y for residential homes within 
3 miles of the LSSPV site with a site view, 4.8% for those: without 
a view, and 19.4% of annual agricultural land rental coscstt for 4 y 
for leasing farmers wichin 2 miles. Third, che community compen• 
sation plan can involve communication with stakeholders ahead of 
the permitting process, and stakeholders' input should be involved 
in the revision process before reaching a final plan. A comprehensive 
compensation plan should also consider local cxccrnaJicies cliac might 
not visibly manifest: in propercy prices. We would like m mess that 
chc s~cific community compensation plan developed based on our 
nationwide study here should be merely taken as an example:, and 
we recommend conducting targeted srudics to determine appropri­
ate community compensation plans for a specific LSSPV sire. 

3. Data and Methods 

The analysis primarily utilizes dara of three carcgories: The US 
LSSPV data, the real estate transaction and assessment records. 
and geospatial data. 

3.1. LSSPV Data. The LSSPV dara acquired from the US Large 
Scale Solar Photovoltaic Database (USPVDB) (35) contain 3,699 
LSSPV facilities investigated in the .study. 111is dataset provides 
detailed information on LSSPV site footprint, area, capacity, and 
installation year, spanning from l 986 co 2021 {S/ Appendix, Fig.SI 
shows rhe coral acreage developed per year, and Sf A_pftf1u/h·, 
Table S l shows rhe summary statistics of LSSPV projects). ' Ihe 
facilicy polygons are digitized along che boundaries of che solar 
arrays, within an accuracy of 10 m. 

3.2. Property Transaction. The property data are purchased from 
Corelogic through a data agreement. Corelogic data contain 
comprehensive information on property and transactions from the 
whole United States and enables researchers to work on propercy­
lcvd research questions. We developed a process to exclude non­
arm's-lengch transactions (i.e., purging price outliers, foreclosure 
sales, mulciplesalcs, sales between relatives, sales involving inscimtionaJ 
buyers or sellers, and ochers as dccailed in SJ ✓lppmdix) so that our 
analyses only include transactions reflecting fair market values. The 
transaction prices are adjusted for inflation to reflect their values 
in 2017 dollars using the Consumer Price Index data from the 
US Bureau of Labor Statistics. We also exclude potential home 
Ripping events by removing transactions of the same propercy that 
occur within 120 d of each other. As the majority of LSSPV sites 
have been developed within the pasr decade, we keep transactions 
up to 15 y before che installation of nearest LSSPV to make the 
(ime frame generally centered around the LSSPV devclopmenr. 

"l'lote 1hat 1his compens.itlon assumes th.It the land price in<reAse will Induce a similar 
<hange ln land rent <osls. lflancl rent data is av.lilable, it cguld be used as the outcome in 
a similar 01!> study to decide the land rental cost Impact of lSSPV site, which could uNe 
as t~ baseline of the compensation la !easing farmers. 
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The final dataset for analysis comprises both single-family 
residential properties and agriculcuraJ or vacant laud, spanning 
40 states a from 1993 to 2020. To avoid the potential impact from 
market disequilibrium, we drop observations during the Grear 
Recession (i.e., 2008 to 2010). SI Appendix, T.1l>les S2-S•'I show 
the summary statistics of residential homes, agricultural and vacanc 
land, and large.Joe homes, respeccively. SI Appmdi.,; Figs. Sl-'i·~ 
illusccace the distribution of posc-LSSPV-installacion transactions 
of residential homes, agricultural or vacant land, and large•lor 
homes, respectively, across different proximity bins. 

3.3. Geospatial Data. The gcospatial data consist of a collection of 
geographic layers obtained from the US Census Burc:au TIGER/ 
line geodatabase (USCB TIGER) and US Energy Jnformation 
Adminisu.1cion (ElA), which includes shapefiles of primary 
roads, transmission lines, and mccropoliran areas. To support 
heterogeneity analyses, we also collected data on median household 
income, median land values, politic:tl leanings, and state-level 
siting policies, among other faccors (sec SI ,-lJtm,lixfoc details). 

To acquire solar sicc proximity and ocher (dis)amenities, we gen­
erated geographic variables chat represent the Euclidian distance 
becween a propeny and che boundary of {he nearest five solar sites, 
transmission line, primary road, and mecropolitan area. The gco• 
g1aphic vaiiables were then matched with the property data. To 
aJleviare identification concerns that attributes of control observa• 
tions (i.e., properties far away from sites) might considerably deviate 
from treated observations {i.e., properties wirh solar sire exposure), 
we only kept residential homes that are less than or equal to 6 miles 
away from 1he nearest solar sites. For properties above five acres (i.e., 
agricuJrural land or large-lot homes), we use a 20-milc radius inclu­
sion criterion due: to the generaJ low density and low transaction 
volumes of such properties. The final sample includes 8.3 million 
cransaccions for residential homes, 68 thousand transactions for 
agriculcural or vacant land, and 4 l 6 thousand transactions for 
large-lot homes. 

3.4. Visibility Analysis. We establish a visibility database for 
LSSPV across the continental United Scares and investigate the 
property value effect ofLSSPV visibility. We calculate che visibility 
from residential properties to large-scale solar sites within 6 miles. 
This visibilicy analysis proceeds in three Sfeps. First, we acquire 
Digital c:lev:irion models (DEMs) of the continenra1 United States 
from the Shucrle Radar Topographic Mission (SRTM) produced 
by NASA.s~ Our analysis uses the 2018 version ofSRTM DEMs at 
a resolution of90 m by 90 m. The DEMs employed rdlecc cei-rain 
elevation but may not capture structures (e.g., houses or trees), and 
hence could overstate visibilicy especially when the viewpoint and 
the target arc dose {36). Nonethc:less, the employed DEMs are the 
besc available public data for our analysis, as structural elevation 
data (e.g., Light Detection and Ranging, or UDAR, dara) are not 
available for most solar sires and their neighborhoods. 

Second, we calculace the vicwsheds from solar sires co decide 
the areas from which che sites are visible, ucili-zing rhe duality of 
vision following ref. 21 (i.e .. if and only if viewpoinc A has a view 
on rarget B, a viewpoint on B has a view on targec A). This 
approach greatly reduces computational effort .since the number 

"lhe other ten states (I.e .. /ll~a. Hawaii, Idaho, Kansas, loulsiaM, Maine, Mississippi, 
Montana, Utah, ao<I wyoming} are excluded (rom the final analysis due to the absence of 
LSSPV sites. a lack al available transactions near LSSPII site1. or their non-continental 
status. 
110EMs provide crud al Information on the grou,1d topography of the study are.,. The Shuttle 
Radar Topographic Missioo by NASA employs remoce sensing le<hnology 10 gather laser 
r,ght measurements of the ea.th's surface. Th• mission stoned In 2000. with II gaal to creatt 
tlte first near-global topographical map af £anh and colle«dali! on nearly 80 percenc of 
Ille pla11ers land surfaces. Dali! are available .>I https:l/sam.csl.cgiar.orgl. 
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C"JlSSP\ICSC.,,P>"""I 

Visibility Index 
Value 

Fig. 6. Surface of Visibility Index The visibility index measures the number of vklble perimeter points of nearby solar sites. Intuitively. the red color denotes 
regions with solar view, and regions in darker red can see a larger area of solar panels. 

of solar sires (3,699) is much smaller than che number of proper­
ties (about 5.9 million). Unlike the wind turbines that require 
height specificacions for accurate viewshed walyses, LSSPV sites 
span broad areas, necessitating a proper way to account for partial 
views of a large: solar site. Specifically, we sec viewpoints along the 
perimeter of each site, where the viewpoints arc defined with a 
random sea.re point, an interval distance D, and a height of two 
meters. lo practice, Dis set at 500 m co balance the computation 
workload and che accuracy of partial view accounting. 

Third, we aggregate che viewshcds from all site perimeter view­
points and overlay the aggregated vicwshed layer with properties 
co calculate the visibility variables. The aggregalion of viewsheds 
will gencrace the visibility index (Fig. 6) for each geographic unit 
defined by the raster resolution (90 m by 90 m). Overlaying with 
the property layer, the visibility index will represent the number 
of perimeter viewpoincs that can see a property, or the number of 
solar site perimeter points chat the property has view on based on 
the duality of vision. This property-specific visibility index quan­
tifies the extent of solar site visibilicy for each property 311J can be 
converced into a binary visibility variable char serves as the creat­
menr variable in a DID model. For more details of the visibility 
analysis, refer to Visibility Ana/pis Decai!s section in SJ Appendix. 

3.S. Econometrics: Property Value Effect Models. Prcvioussrudies 
have used econometric models co analyze and identify a variety of 
characteristics that could consistently inll.uence property values, 
such as the productivity of the furmJand (e.g., ref. 37), the influences 
of urbanization (e.g., re£ 38), and environmental factors (e.g., refs. 
39-41). To estimate the impact of solar projeccs on nearby property 
values, it is crucial to control for potential confounders. We employ 
a DID approach to investigate the effects of LSSPV installation 
on nearby property values. Intuitively, this approach compares the 
change in property values before and after installation for propcnies 
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close to the LSSPV site against the value change for properties 
farther away but still within the defined vicinity. 
3.5.1. Analyses for residential homes. The general DID framework 
of our residential home study is as follows: 

ln(P;,) =/Jo+ P1 Post;,+ Pi T;+ p3Post;, X T, 
K K 

+ lik I,x;; +r1, L, (PoJt;,xx;;) +r«+E;,• 
[I] 

k= l k=l 

In Eq. 1, each observation com::.ponds to a transaction of resi­
dential borne i that occumd in year t , wid1 die dependent variable 
being the natural logarithm of transaction price ln (P;1). Po1t;1 is a 
binary indicat0r chat denotes whether the transaction of residential 
home happened after the LSSPV installation. T; is the binary indi­
cator d1at denotes whether a residential home was assigned to a 
treatment group, and the exact definition of treatment is explained 
below. The coefficient p3 associated with d1e inceracdon term 
be~en Post;, and T; captures the impact ofLSSPV installation on 
the outcome variable, which resembles a proportional change in the 
residential home prices. Previous studies show that the proximity co 
transmission Lines could have an impact on the value of nearby prop­
erty (42), and this impact could change a1ter an LSSPV inscallation 
in the vicinity (20). To account for housing and lot characteristics 
that could affect home values and the estimation of p3, we include 

Property-level control variables X." and Port;, XX,,. (43, 44), where 
I I Jt 

X." include total bedroom number, total bathroom number, building 
ll 

age, and natural logarithms of distances to the nearest transmission 
line, the nearest primary road, and the nearest metropolitan area. To 
absorb the time-varying external location-specific shocks in the hous 
ing marker, we incorporate fixed effects on the census trace by year 
level, denoted as r ,,. All SE are two-way clustered at the census tracr 
and. year level. 
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To detect the proper sire-proximity treatment in the average 
effect models (i.e., Eq. 1), we employed a discance decay version 
of the DID approach, as shown in Eq. 2. The distance decay smdy 
uses proximicy intervals (7t, Tl m :$; M - I) as the treatment var­
iables instead of a single binary treatment (as 7i in Eq. I). 111e 
distance-decay model shown in Fig. 2 uses 0.5-milc intervals from 
O co 6 miles, with properties in che 5 to 6 mile ring {i.e., Tr) 
serving as the control group. To investigate che role of visibility, 
we further interact the proximity intervals with a binary visibilicy 
variable co produce rhe results in Fig. I (i.e., the m:armcnr varia­
bles become Tt X l(Vitw = 1) and 7't X l(View;;:; O)). The 

model specifications in Eq. 2 are identical co Eq. 1 except for 
difference.~ in the cm1cment variables, 

M-1 M-1 

ln(P;,)=P0 +P1Post;,+ L, P;"T;'+ L, Pf Post;,xTt 
1.n=l 

K K 
[2] 

+01, L, X;; + y 1 L, (Post;,xX!,) + -r" + £;r 
k=I k=I 

Based on the proximity cut-otf point suggested in the distance 
decay resulcs, we specify a proximity creacmenc (i.e., results suggest 
properties within 3 miles) for the average treatment model in Eq. I. 
Moreover, we can cesc the average treatment effecc of the interaction 
heLween visibility and proximity, by slightly modifying Eq.1 to allow 

for two treatment groups [i.e., effects shown as p;iew and p;•-virw 

in Table I column (2) ). The empirical rcsulrs of rhcsc s~cifications 
decide the appropriate m:arment to use for subsequent scudics, 
where the control group s~ci6cation will also be consistent with 
che exploratory specifications." Details of subsequent event scudy 
and heterogeneity nnaly.scs arc prtlcntcd in Sf Appendix. 

Our DID model relies on the assumption dm the LSSPV siting 
process is independent of the price mods over time conditional 
on the covariates (i.e., the parallel trends assumption). We conduce 
pretrend tescs with placebo rreatmenrs by seuing a pseudo-pose 
variable mimicking a fake installacion event 6 y before the actual 
installation and dropping observacions that are actually treated 
after the actual site installation. Null effect estimates from the 
placebo cestS support the plausibility of the parallel trends assump• 
tion. Moreover, the event study model could also display precreat• 
menc effects where pretreacmenc trend differences would show up 
and suggest a violacion of the parallel trends assumption. 
3.5.2. Analyses for agricultural land and large-lot homes. We use 
a discance-decay model to detect the cur-off proximity for che 
treatment variable in the DID analysis for agricultural or vacant land 

11Thls Is to say, if pure proximity with a 3-<nlle cut-off point~ de<lded as the most mean­
ingful treatm<!nt to u~. the control group in the main ave<age eftect model will be prop­
.,,tle• within the S-to-6-mlle proximity bin. This would involve che exclusion of propeni<!s 
wichlrithe 3-to-S.mile bin from t:he iJnalyses. The subseq1ren1 event stu(fy and heterogeneity 
.in.alysls modell;wlllfollow the same sample and covariate specitkatior,s as the mairt model. 

"The site ldentlner Is based on the nearest LSSPV site. If a group of properties are within 
a 20.mil<, radius of the same site and the site is the nearest site co all of them. they share 
the same k1encifoer. They ~pan;, relatlvely large region. potendally co...ering more than 
one county. To control for both site-level and county-level shocks, we use the county-site 
by year lixod effects here. 

1. US Ent•!rl lnlorm1tiQn Admin~ltalion, ltven,ed Cost ol Ne1vGtntrwqn /1eso/JfctS HI !ht AMual 
fner!f1Outloot ZOU(US (ne1gy tn/ormation AdminiS11111ion, WashingtOtl, DC. 2022i • 

2. U. E.1.Adminis1,alion, Solar acc011nted for 70%of new U.S. t1tc1ricgenetation apacity in 2023 
{202◄i Accessed: 2024-08-04. 

l J C,awf<lrd, D. Bessette. S.6. Mills, ~Hying the anti-0owd· O,ganiltd opposition, demomtic de/1d1. 
an,h polerltialsooalgapinlarge-sules~ene,gy fne<gyllrtS &So~Sci. 90.102591120ni 

4, M. Eiser,son.J.(lkin. H.Slngl,, N. S1hafflr, Opposilioll ,~ /knew<lb!e foe19y fKi/i1ies in lht Urtiled 
St.us: .kme 2024 tdiiion. (Columbia Univetsity in 11\e City of New Yo,k, NY, 2024). 
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,tnd large-lot homes as the potential impact mechanism is related to 
site proximity. The ag-land distance-decay model is buUc on Eq. 2 
with three key differences. First, the outcome variable is the narural 
logarithm of land price per acre. Second, the control variables x,; 
do not include house characteristics. Finally, based on the volume of 
ag-land transactions, the proximity inmvals are selected every cwo 
miles from O to 20 miles, the fixed effects used are on tl1e county-site 
(i.e., an interaction between county and the LSSPV site identifier)'* 
by year level, and che SE arc r:wo-way clustered at the county-site and 
year level. We also conduct che event study and heterogeneity analyses 
using the treatment variable suggested by the ag-land distance-decay 
model. Furthermore, we conduct precrend tests for the ag-land 
analysis ro check the plausibility of parallel trends assumption. The 
large-loc-home analysis retains the outcome and control variables 
from the residential analysis while adopting che same proximity bins 
and fixed effects used in the ag-land analysis. More details of ag-land 
and large-lot-home analyses are provided in Sf Appendix. 

Oata, Materials, and Sl>ftware Availability. Ou, replication package 
(https://9ithub.com/StJdallchen/SolarViewHedonic) provides all code 
used in this study, indudi11g Stata and Python code for raw data process• 
ing, geospatial variable processing, viewshed analysis, data aggregation, 
and estimation analysis (45). All analyses are conducted in Stata 18MP 
(hllps:l/www.slata.com/order/){46) and Pylhon 3.9.18 https:llwww.pylh(,r 
019/downloads/release/python-3918/) (47). The replication package also 
shares datasels that are from unrestricted data sources. The property trans• 
action data are acquired from Corelogic Solutions, LLC (htlps:/fwww corf 
logic.corn/360-property-data) (48). Restricted by contract with Corelogic, 
all variables derived from raw Core logic data will nol be shared. To replicate 
our study, we recommend acquiring Core logic national-level property data 
with transactions from 1993 to 2020 and applying the data processing 
code in the replication package. Other raw data are from publicly available 
sources. The lorge-scale iolnr site data are availaole at the US Large Scale 
Solar Photovoltaic Database webpage: ht1ps:/Jeerscm2p.usgs.9ov/us1ivdb 
(49). Digital Elevation Models in the viewshed c1nalysis are produced by 
NASA's Shuttle Radar Topographic Mission and available al https://srtm 
csi.cgia1.org (50). Geospalial data on stales, counties, census tracls, pri• 
mary roads, and metropolitan areas a,e from US Census Bureau TIGER/line 
geodatabase, available at h1tps://www.cens11s.gov/ueographi<!s/mapping­
files/tirne-series/geo/1iger-geodatabase-lile.html (S 1 ). Geospatial data on 
transmission lines .1re oblained from US Energy Atlas hosted by Energy 
Information Administration, available at h1tps://atlas.cia.9ov/search (52). 
Data for heterogeneity analysis are drawn from multiple public sources, 
with details described in the SI Appendix. 
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We c~amine the impact of large-scale photovoltaic projects (1.SPVPs) on residential home prices in six U.S. states 
that account for over 50% of the installed MW capacity of l3rge--scale solar in the U.S. Our analysis of over 1,500 
LSl>VPs and over l.8 million home transactions answers two questions: {I) what effect do LSPVPs have on home 
prices and (2) does the effect of I.SPVP on home prices differ bared on the prior land we on which LSPVPs are 
located, LSPVP size, or a home's urbanicity? We find that homes within 0.5 mi of a lSPVP experience an average 
home price reduction of 1.5% compared to homes 2--4 mi away; statistically significant effects are not 
measurable over l rni from a LSPVP. These effects are only measurable in certain states, for LSPVPs constructed 
on agricultural land, for larger LSPVPs, and for rural homes. Our results have two implkadon.s for policymakers: 
(1) measures that ameliorate possible negative impacts of LSPVP de~-elopmeot, including compensation for 
neighbors, vegetative shading, and land use co-location are relevant especially lo rural, large, or agricultural 
lSPVPs. and (2) place- and project-specific assessments of U.PVP development and policy practires are needed lo 
understand the ~terogeneous impacts of LSPVPs. • 

1. Introduction 

Large-scale photovollaic projects (LSPVP), defined here as ground­
mounted photovoltaic generation facilities with at least 1 MW of DC 
generation capacity, are an increasingly prevalent source of renewable 
energy. lSPVPs accounted for over 60% of all new solar capacity in the 
United States in 2021, and, as the largest re.~ource by capacity in 
interconnection queues, are projected lo continue growing (lloliriger 
ec al,, 202l). However, the local economic impacts ofLSPVPsare poorly 
understood (MAi el al., 2014), despite surveys showing that local public 
support for large scale solar is strongly related to perceived economic 
impacts, including the impact on property values (Carlisle et al., 2014}. 
Concerns surrounding the property value impacts of solar power are 
reflected in solar industry and environmental advocacy communication 
that challenge the conception that solar power reduces property values 
(Center for Energy Education, n.d.; Solar Energy Industries Association, 
2019), and in attempts by neighbors of solar plants to claim solar panels 
as a private nuisance (Westgate, 2017). 

The purpose of this paper is to provide some o( dte first compre• 
hensive evidence on the impact of LSPVPs on residential home values. 
Specifically, we seek to answe.t two related research questions: (1) what 

• Corresponding author. 
E•mal/ addr~s: salm3~@1bl.t,ov (S. Elmill;,h) 
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effect, if any, do LSPVPs have on residential home prices and (2) does 
the effect of LSPVPs on home prices differ based on the prior land use on 
which a LSPVP is located, the size of the LSPVP, or the urbanlcit.y of a 
home' s localion? To address these questions we use data from CoreLogic 
on over 1.8 million residential property transactions that occurred 
within six years before and after a LSPVP was constructed in the five U.S. 
s tates with the highest concentration of 1.SPVPs as measured by number 
of installations: California (CA), Massachusetts (MA), Minnesota (MN), 
North Carolina (NC}, and New Jersey (NJ), as well as in Connecticut 
(CT), chosen for its relatively high population density (i.e., urbanicit.y) 
near LSPVPs. We then combine the transaction data with other geo• 
spatial datasets including an original dataset of LSPVP footprints 
developed by the project team for this research, a suite of environmental 
amenities and dis-amenities, urban, rural, and suburban classifications, 
and historic land cover data. We identify the arguably causal impact of 
LSPVPs on residential property values using a difference-in-differences 
ldentificatlon strategy that compares the sale price of residential 
homes located in close proximity to a LSPVP (e.g. 0-0.5 miles away) 
both before and a~er a LSPVP is constructed to the sale pnce of homes 
located farmer away from a LSPVP (e.g. 2-4 miles away}. 

Our paper makes several Important contributions. First, we examine 
the impacts or LSPVPs in a large set of U.S. states that account for the 
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Abbreviations 

A/ 0 amenities and dls-amenltles 
API Application Programming Interface 
CA California 
CT Connecticut 
DC direct current 
dB decibel 
OiD difference-in-difference 
ElA Energy Information Administration 
FE fixed effects 
GHG greenhouse gas 
LSPVP large-scale photovoltaic project 
MA Massachusetts 

majority of U.S. LSPVP capacity, most of which, lo our knowledge, have 
not previously been studied with respect to the impact of LSPVPs on 
property values. Existing research on the property value impacts of 
LSPVPs provides mixed results from a limited set of geographies. Where 
researchers do find an adverse impact of LSPVPs on property vaJues, as 
in studies from the Netherlands and fTom the U.S. slates of RI, MA, and 
NC, they theorize a change in property values due to visual intrusion 
from panels (Abashidze, 2019; Droes and t<oster, 2021; Gaur and Lang, 
2020) and land use change (Gaur and Lang, 2020). Conversely, one 
study based in the U.K. finds no s1atistically significant e{(ec1 of LSPVPs 
on property values (Jarvis, 2021 ). E,cpanding the geographic scope of 
lhe literature, then, facilitates both generalization (Brinkley and Leach, 
2019) and more Jocation-spe<:ific policy insigh1s. 

Second, we investigate whether the effecr of LSPVPs on home prices 
1s heterogenous with respect to LSPVP area, prior LSPVP land use, and 
home urbanicity. One of the major concerns surrounding LSPVPs, as 
well as one of the major opportunities to explore the co-benefits of 
LSPVP development, are its land use requirements (Hernandez et al ., 
2014a; Hernandez ec al., 2014b; Katl<ar et al., 2021). In particular, more 
adverse home price impacts might be found where LSPVPs displace 
green space (consistent with results that show higher property values 
near green space (Crompton, 2001)) or where LSPVPs are larger in area, 
and thus more visually intrusive. While some previous studies (Gaur and 
Lang, 2020) find that greenfield solar development Is primarily 
responsible for their observed decrease in home prices when compared 
to brownfield development, our constructed dataset of LSPVP footprints 
allows us to more precisely identify the prior land use of a LSPVP (for 
instance, breaking up the "greenfield" category into agricultural and 
non-agricultural land uses). Our dataset of LSPVP footprints additionally 
allows us to accurately characterize th.e area of each LSPVP. 

In section 2, we introduce the policy context for LSPVP development 
in the study area and review the existing literature on property value 
impacts of LSPVPs. 1n section 3, we detail the data used in this study, I.he 
geospalial methods used to combine datasets, and the difference-in­
differences approach to assessing property value impacts of LSPVPs. In 
section 4, we present our base model, evenr study, and heterogeneity 
analysis results. In section 5, we summarize and discuss our findings. In 
section 6, we note the limitations of our study and describe avenues for 
future work. Finally, in section 7, we review the key conclusions and 
policy implications of our study. 

2. Background and relevant literature 

2.1. Policy context 

The study area is defined as the six states of CA, CT, MA, MN, NC, and 
N'J. The states in the study area were chosen ba~d on number of 1.n­
stallations: CA, NC, MA, MN, and NJ represent the top five states in 
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MN 
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NLCD 
NY 
NC 
PV 
RI 
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U.K 
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tenns of number of > 1 MW DC solar installations through 2019. 
Together, these states contain over 2,000 solar projects, or approxi• 
mately 53% of the total MW DC capacity In the United States through 
2019. We addjcionally include CT because of its relatlvely high popu­
lation density near solar projects (U.S. Energy Information Administra­
tion, 2021a). 

All six states face increasing demands for large-scale solar along with 
intensifying land use and pennitting constraints on solar development. 
Both CA and CT have ambitious Renewable Portfolio Standards (RPSs), 
aiming for 100% of elecuicity 1e1ail sales to be supplied by renewable 
sources by 2045 and 2040, respectively (Schwartz and Brueske, 2020; U 
S. Energy Information Adminisc.ra11on, 2021a). In CA, this necessitates, 
by some estimates, a tripling of California's renewable energy produc­
tion; of those possible renewable resources, solar PV is both the least 
expensive and has the largest technical potential in the slate (Schwnrtz 
and Brueske, 2020). Though MA, MN, and NJ have less ambitious 
renewable energy development goals, state reports still estimate that 
building solar PV is a key st.rategy to meeting both MA and MN's GHG 
reduction and renewable electricity sourcing targets (Jones et al., 2020; 
Putnam and Perez, 2018), and NJ introduced legislation in 2021 that 
aims to double ewting solar installations tlirough incentives (NJ 
Department of Environmental Protection, 2021 ). NC's solar future is Jess 
definite: although the state has, historically, been a leader in $Olar in• 
stallations, the dominant electric utility in the state, Duke Energy, has 
proposed an Integrated resource plan that largely privileges fossil gen­
eration over renewables. This plan is currently under review by lhe NC 
Utility Commi&sion, with challenges from multiple environmental 
groups (Sourhern Environmental Law Center, 2021). 

State reports identify persistent LSPVP land use and permitting 
challenges. In CA, for instance, San Bernardino cou.nty voted 10 ban 
utility-scale solar fanns on over a million acres of private land (Schwartz 
and Brneske, 2020), citing concerns about the Industrializing impact of 
solar projects on rural or desert landscapes (Rot)l, 2019). Tradeoffs be­
tween land use and LSPVP development are also observed at the state 
level in CT, MN, and NJ. In CT, Public Act 17-216, enacled in 2017, 
limits PV development on forest and prime fannland1; this has resulted 
in a reduced number of approved commercial PV projects per year (CT 
Council on Environmental Quality, 2020). Before the passage oftl1is act, 
ii) 2016, the CT Council on Environmental Quality reported that solar PV 
was the single largest type of development displacing agricultural and 
forest land (CT Council on Environmtntal Quality, 2017). MN, too, 
prohibits solar development on prime farmland: the state's Prime 

1 Both CT Public Act l7-218 and the MA Prime Farmla,,d Rulecite7 CFR 657 
for the definllion of "prime farmland"; 7 CPR 657 is a periodically updated set 
of federal regulations, administered by dle Department of Agricultu,e, chat 
defines prime and lmport'IIII faonlands (ugnl Information lnsrirute, n.d.). 
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Farmland Rule includes solar developmenl as one of the prohibited in· 
dustrial uses of select agricultural land (Bergan, 2021). The MN Prime 
Farmland Rule is currently being contested: legislation that allows more 
PV development on farmland is now under consideration in the MN 
legislature (Bergan, 2021 ), and the MN Department of Commerce has, in 
the past, issued guidance for developers on how to make their case for an 
exception to the rule (Birkholz et al., 2020). In NJ and NC, too, concerns 
about farmland preservation and LSPVPs have appeared in discussions 
among agrlcuhural stakeholders, although neither state has adopted 
prime farmland legislation like CT or MN (American Farmland Trust, 
2021; Cleveland and Sarkisian, 2019}. ln MA, state reports refer to siting 
difficulties due to high population densities, expensive land for devel­
opment that is disconnected from transmission, and opposition 10 

disturbance of natural land (Jones ct al.. 2020). 
In summary, while LSPVP installations are prevalent in the six states 

analy-ted in this, these states also represent regLons where an increasmg 
need for LSPVP is met wll.h rescrict1ons, opposition, and lai1d-use 
tradooffs. These restrictions are often specific to farmland, although 
concerns do extend to other landscapes (like high density areas, deserts, 
and forests). Jnvesligating property value impacts of LSPVPs, both 
overall and by prior land use and installation size, can potenttally pro• 
vide policymakers, practitioners, and developers with valuable infor­
mation on how LSPVPs affect residents' willingness to pay for properties 
located near LSPVPs. To the extent that these concerns represent 
possible burdens of LSPVP development, investigating propeny value 
impacts of LSPVPs also helps us understand how these burdens are 
distributed. These insights, in turn, can guide policy or best practices 
that seek to mitigate adverse impacts of LSPVP development to enable 
build-out that meets climate and clean energy goals. 

2.2. Relevant literature 

The property value impacts of LSPVPs have received only recent, 
limited attention (Abashidie, 2019; Al·l·fomoodah et al, 2018; Droes 
and Koster, 2021; Gaur and Lang, 2020; Jarvis, 2021}. Studies on 
LSPVPs and property values employing difference-In-differences (DID) 
analyses find mixed results. Srudies based in the U.S., specifically, MA 
and RI {Gaur and L.1ng, 2020) and NC (Abashidze, 2019), and the 
Netherlands (Droes and Koster, 2021 ), find a statistically significant 
negative effect for homes near solar projects compared to homes further 
away. One study, based in the U.K., finds no statistically significant ef 
feet of LSPVP proximity on home property values (Jarvis, 2021 ). 
Although none of the existing srudies find evidence of an increase in 
sales prices for homes near solar projects, Abashidze (2019) finds an 
increase in agricultural land value for land in close proximity 10 trans 
mission lines after a solar farm is built in the area. To our knowledge, 
only Gaur and Lang (2020) investigate the impact of prior land use using 
a DiD framework, finding that greenfield solar construction is associated 
with a statistically significant reduction in sale prices in both rural and 
non•rural areas, with greater reductions observed in rural areas. One 
study using a contingent valuation survey finds that respondent will• 
ingness 10 pay for large-scale solar developments is a function of prior 
land use, where brownfield solar developments are more desirable than 
greenfield developments (Lang et al., 2021 ). Both Jarvis (2021) and 
Abashidze (2019) find no evidence of heterogeneity in home price im­
pacts by income or other socio,economic indicators. 

TI1e mixed results to date in the LSPVP and property value literature 
motivates studies that look at previously understudied geographies to 
develop a more comprehensive view of the possible property value 
impacts of LSPVPs. The existing literature also orients us to relevant 
heterogeneiry analyses, including heterogeneity by prior land use. We 
extend this literature by looking at a more specific set of prior land uses 
beyond greenfield and brownfield, as well as by looking at heterogeneity 
of effects by LSPVP size and urbanicity. 

3 

3. Methods 

3.1. Data 
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This project utilized five major source.~ of data, shown on the left• 
most side of Fig. 1. First, to characterize and locate LSPVPs, we uti­
lized the U.S. Energy Information AdministJation's Form 860 (U.S. En­
ergy lnforinlltion Administration, 2021b}, which provides 
latitude-longitude data on solar plants, their installed capacities (in 
megawatts, MW), and their operation start date. We kept only solar 
plants within the study area with an installed capacity over l MW and 
eliminated rooftop installations, leaving us with 1,630 solar plants. 
Second, to understand the impact of prior LSPVP land use on property 
values, we used land use data from the United States Geological Survey 
(USGS)'s Multi-Resolution Land Characteristics (MRLC) Consortium's 
National Land Cover Database {NLCD) from 2006 (Multi-Resoht1ion 
Land Charac1eris11n Consortium, 2006). Third, for information about 
home sales, we used transaction data from Coretogic {CoreLogic, n.d.), 
which provided information on location, property characteristics and 
transaction characteristics. We filtered this dataset for only relevant, 
complete records; the criteria used to screen data are outlined in 
T.atJle A..1 . Fourth, to identify amenities or disamenities (herein referred 
to as AID), or landscape characteristics that could positively or nega­
tively impact I.he price of a home, we used the data sources summarized 
in Table A.2. Finally, ro understand the impact of urbaniciry on property 
value impacts, we used the U.S. Census Bureau's (U.S. Census Bureau, n. 
d.) urban-urban cluster-rural classification (a metric based on popula­
tion density, where urban areas are the most dense, followed by urban 
clusters, then rural areas). These data sources were validated and 
combined to produce a final analytic dataset. Fig. 1 graphically depicts 
the data preparation steps, which we describe below. 

Step 1: To obrain a polygon representation of each ~PVP from the 
EIA point data, we first verified installation locations using satelllte 
imagery from Esri and DigitalGlobe and revised project centroid co­
ordinates where necessary. We manually drew polygons around the 
boundaries of each I.SPVP based on satellite imagery; for projects that 
consisted of multiple, non-contiguous groups of panels, we drew a 
multipart polygon around the boundaries of each group of panels. We 
calculated a construction start year for each I..SPVP, assuming con­
struction begins one year before the EIA-provided operation start date. 
hi. A l shows an example of two LSPVPs and their corresponding 
polygons; Fig. 2 shows the location of LSPVP s_ites as well as the density 
of transacted homes for the six states in the srudy area. 

Additionally, in this step we determined the predominant prior land 
use type of each LSPVP. We first determined the distribu tion of prior 
land cover types by area for each LSPVP; each LSPVP polygon is 
composed of some proportion of the NLCD land cover classes shown in 
the right-most column of Table l (15 of the 16 possible NLCD classes 
showed up in our sample). Each LSPVP's distribution of NLCD classes 
was grouped and summed as per the left-most column of Tllble 1, and 
each LSPVP was assigned the predominant prior land use type that 
constituted 50% or more of its land cover. Jf no single predominant prior 
land use type accounted for 50% or more of an LSPVP's prior land cover 
by area, that LSPVP was assigned a predominant prior land use type of 
"mixed'·.~ Fig. 3 shows (a) the proportion of displaced LSPVP area and 

1 For instance, a solar installation on land thal was, in 2006, 15% barren land, 
25~ cultivated crops, 25% herbaceous, and 35% hay/pasture, would be 
generaliied as 60% agriculture and ◄0% greenfield, an<I would be given the 
predominant prior land use type of ~agriculture". A solar installation on land 
that wa.s, in 2006, 15% barren land, 25% developed, high intensity, 25% her­
baceo.lS, and 35~ hay/ pasture, would be generalized as 35% agriculture, 40% 
greenfield, and 25,. brownfield, a would be assigned the predominant prior 
land use type of .. mixed .. , because no single category amounted to greater than 
50%. 
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Fig. 1. Data sources and data prepasation steps 
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ANALYTIC DATASET 
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a p redominant prior land use of "mixed" if !heir area does not contain ~ or 
more of !he NLCD classes with.in a single predominant prior land use type. Transaction count by state ln final analy1ic dataset. 

P~ominant prior land 

'"" type 

Agriculrure 
BtO\•nfield 

Greenfield 

Nl.CD <13"<:s 

Cultivated Crops; H,y/Pa$(Ure 
Developed, High lottnSity; Developed, Low lnteosity; 
Developed. Medium Intensity 
BaITen land; Ottiduous forest; Developed, Open Spa~; 
Emecgent Herb.lceou.s Wetlands; Eve,grten Forest; 
Httbaceous; Mi:ted Forest; Open Waler, Shrub/Scn,b; 
Woody Wellallds 

4 

CA 
CT 
MA 
MN 
NC 
NJ 
6 Stale total 

Number of traruaclion.s 

933,037 
34,313 
291,325 
7S.39 4 
204,134 
297,7S6 
1,835,961 
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Fig. 3. Distribution of predominant prior land use by (a) LSPVP area and (b} number of homes neas LSPVPs. 

(b) the proportion of transactions near LSPVPs by predominant prior 
land use rype. 

Step 2: For each home we calculated the geodesic distance to the 
polygon boW1dary of the nearest LSPVP and to all A/D locations. We also 
detennined underlying A/D characteristics, where appropriate, such as 
flood zone status and road/airport sound levels. Finally, we detennined 
the urbanicity of each home's location. Fig. 4 shows the distribu1ion of 
homes by state and urban, urban cluster, or rural designation. 

Step 3: We validated the coordinates of select homes3 that were sited 
near LSP\IPs or AID using the Google Geocoding API (Google Maps 
P,atforn:, n.d.), which takes as input an address and returns a set of 
coordinates as well as a precision indicator. We dropped from our 
analysis any home transactions where there was inconsistency in the 
coordinates between CoreLogic and the Google Geocoding API. For 
some homes, we replaced the CoreLogic coordinates with coordinates 
from the Google Geocoding API where Google returned a high precision 
indicator. 4 

Step 4: Given validated coordinates and distances, we retained only 
the home transactions that were suitable for use in the final analysis. 
Specifically, we eliminated (1) properties that host a LSPVP (i.e. their 
coordinate~ fall within the boundaries of a LSPVP polygon), (2) prop­
erties that are over four miles away from a l.SPVP, and (3) properties 

3 We selected properties that were <0.S miles from an LSPVP or AID; within 
a flood ionc with at least 1 % chance of flooding, or within an area with road or 
aviabon noise exceeding 55 dB. Of the properties that satisfied the~c conditions, 
only thOS<! with an area greater than 1 acre or those with missing oc non-unique 
coordinates were validated. 

• We dropped home cransactioos from our analysis if the difference becween 
the coordinates provided by the Google Geocoding AP! and CoreLoglc was 
greater than 2 dmes the distance between that home and its nearest PV plant or 
A/D. We additionally dropped any duplicate coordinates Within 0.5 mi of a PV 
plant. Where the Google Geocoding AP! returned a "rooftop" precision indi­
cator, we replaced the Corel.ogle coordinates with Google coordinates; for those 
homes, we recalculated distances to LSPVP and A/D using the process described 
in Step 2. 

6 

that transacted over 6 years before or after the operation start dale of a 
LSPVP. We also calculated three sets of key values used in the analysis: 
the transaction ·s project cohort, LSPVP dJst.mce bin, and years since 
LSPVP construction. 

The project cohort refers to the unique ID of the LSPVP that is nearest 
to a home transaction within 4 miles, and for which the operation start 
dale occurred up to 6 years before or after a LSPVP began construction. 
If a given transaction belonged to more than one cohort, we retained 
only the nearest project cohort for that transaction.5 The distance be­
tween the transacted home and the nearesl LSPVP was biMed into ◄ 
categories: (0 mi, 0.5 mi), (0.5 mi, 1 mi), (1 mi, 2 mj), and (2 mi, 4 mi). 
To calculate the number of years since LSPVP construction, we sub­
tracted the LSPVP year of constrnction start from the s.ile year (recall 
chat the construction start year is asswned to be the operation start year 
minus 1 year). The years since 1..SPVP construction were categorized into 
1-year bins (i.e. a sale occurred ( -5 years, -4 years), [-4 years, -3 
years), ... ,(5 years, 6 years), (6 years, 7 years) since LSPVP construe• 
lion). Our final analytic dataset consists of 1,836,053 transactions near 
1,522 different LSPVPs. 

Table 2 and Fig. S summarize the nwnber of transactions, and the 
number and size of LSPVPs, respectively, by state. The final dataset 
conialns a nwnber of continuous and categorical property and ttans• 
action characrerlstlcs (e.g. sale price, sale year, number of bathrooms). 
Summary statistics for those continuous variables are shown in Table 3 
for all six states; summary statistics for individual states are shown in 
Table A.3 to Table A.8. The categorical property characteristic variables 
are listed in Table A.9. Finally, Fig. 6 shows the tolal number of trans• 
actions within each distance bin by years since l.SPVP construction and 
indicates that the sample has a robust set of ltansactions in all distance 
bins throughout the full sample period. While the home-level 

$ In other words, if transaction T1 is 0.5 miles from lSPVP1 and 2 miles from 
LSPVP2, and transacted within 6 yea,s o( the operation start date of both 
LSPVP1 and LSPVP2, we consider transaction T1 lo belong to the LSPVP1 project 
cohon. 
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transaction data used in this study is protected by a non-disclosure 
agreement and ca.nnoc be made publicly available, our dataset of 
LSPVP local.ions and associated sizes and prior land uses is available on 
Github (Elmallah et al., 2022). 

3.2. Model specifications 

3.2.1. Base difference-in-difference model 
To examine the relationship between LSPVPs and residential prop-

7 

erty values we ulilized a difference-in-differences (DiD) identification 
strategy that relates the timing of treatment (being close to an LSPVP 
post consttuction) to home prices for homes located (O mi, 0.5 mi), [0.5 
mi, 1 mi), and (1 mi, 2 mi) away from a LSPVP. Specifically, we first 
created 1,522 unique datasets, each representing a unique LSPVP and 
the residential home transactions chat occurred within four miles of the 
LSl'VP and transacted within 6 years before or after the first year of 
operation of the l.SPVP. We call each of these unique datasets a "project 
cohort." We then stacked the 1,522 project cohorts to create our final 
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Summary of dependent variables and property and uansaclion characteristics In full anaJysis dataset. 

Variable 

Sp 
Lsp 
Lsf 
acres 
Age 
agesq. 
salesqtr 
saluyr 

Oescriptlon 

Sale price($} 
logo( sale price 
Living area (fr} 

Land area (acres) 
Age o( home at time or sale (yean) 
Age of homo at rime or <ale, squared (years') 
Quarter or sale 
Year of ule 

Count of 
lransKtioru. 

Mean 

S◄06,S52 22 
12,65 

1936.S3 
OA55 
◄◄.08 

289S.66 
2.27 
2015 

Std. dcv. Min. Med, Max. 

$340,123.7S $5050 00 $321,000.00 $3,998,000.00 
0.74 8.S3 12,68 15.l 
1002.0S 102 1720,00 120,l!S.OO 
0,873 0,006 0.19 14,14 
30.86 0 40 212 
370886 0 1600.00 ◄4,944,00 

0 87 l 2 ◄ 
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01st1nct betwttn homt •nd ntM'tS1 lSPVP 
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Fig. 6. Count of transactions in final analysts dataS<!t by distance between ttansacted home and nearest t.Si>VP. 

analytic dataset and specify a stacked difference-in-differences specifi• 
cation of the following form: 

(1) 

The dependent variable in (1) is the natural log of sales price P for 
residential home transaction i that belongs to a project cohort c within 
distance bin d and census block group j, that transacted in quarter q of 
year l T"" is a vector consisting of 3 distance bin indicators for homes 
located (0 mi, 0.5 mi), [0.S mi, 1 mi), [1 mi, 2 mi) frorn a LSPVP, where 
each dis1ancc bin is interac1ed with an indicator for whether the home 
sale occurred after LSPVP construction. The omitted category for the 
distance bin indicators is homes located 2 to 4 miles from a LSPVP. t,dt., 

A" and Pq, are, respectively, distance bin-by-project cohort fixed effects 
{FEs), transaction year-by-project cohort FEs and transaction quarter­
by-project cohort FEs. q,1 is a vector of census block group FEs, and 
E1t4jq, is a random disturbance tenn. Finally, X; is a vector of individual 
home characteristics including living square footage, land area, the age 
of the home at the time of sale, age squared, the number of full bath• 
rooms and stories, the type of air conditioning (AC) and heating, the 
construction type and exterior wall type of the home, indicators for 
fireplaces and new construction, the type of garage, and the type of view 
a home has. The standard errors in (1) are clustered at the project cohort 
level. 

The coefficients of primary interest In (1) are the p s which represent 
the DiD estimates of the effect of treatment (being close 10 an LSPVP pos1 
construction) on home prices for homes located (0 mi, 0.5 mi), (0.5 mi, 1 
mi), and [1 mi, 2 mi} away from an LSPVP, respectively. Our DiD 
identification strategy is both transparent and intu.itive. Specifically, 
each of the 1,522 project cohorts represents a wtique quasi-experiment 
where the treatment group is homes located within [0 mi, 0.5 mi), (0.5 
mi, 1 mi), and (1 mi, 2 mi) from a LSPVP and the control group is homes 
located 2 to 4 miles from a LSPVP, For each of th- 1,522 quasi-

8 

experimen1s, our DiD framework then compares the sale price of 
homes located close 10 a LSPVP 10 the sale price of homes localed farther 
away before and after LSPVP construction. The inclusion of distance bin­
by-project cohort FEs, 64,, transaction year-by-project cohort FEs, 1,., 
and transaction quarter-by-project cohort FEs, pf/<, imply that our esti­
mates are identified based only on within-project cohort variation ln sale 
prices and distance from a LSPVP. Our coefficients of primary interest, p 
s, therefore represent the average treatment effect over the 1,522 quasi­
experiments for homes located within each of our specified distance 
bins. 

Another advantage of our stacked DiD framework is that it avoids the 
potential biases that can arise in standard DiD and event sludy models in 
the presence of staggered timing of treatment with heterogeneous 
treatment effects. Specifically, several recent studies have shown that 
DID specifications relying on the staggered timing of treatment for 
identification may be biased in the presence of heterogeneous treaunent 
effects due to the contamination of treatment effects from early versus 
later adopters from other relative time periods (Callaway and San­
t" Anna, 2021; Goodman-Bacon, 2021; Sun and Abraham, 2021). As 

discussed by Cengiz et 11I. (2019} and Goodman-Bacon (2021), our 
stacked DiD model avoids this potential source of bias by ensuring that 
treatment effects are based only on within-project cohort comparisons. 

3.2.2. Robu.stnm checks 
We investigated the robustness of the base model given by (I) 10 the 

choice of spatial FEs, time FEs, and treatment and control categories 
with three alternative specifications. Our first robustness check added a 
distance bin for homes located within 0.25 miles nf a l.SPVP. 
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Specifically, we augmented the distance bins in {I) to include four 
(rather than three) indicators for homes located in the (0 mi, 0.25 mi).6 
(0.25 mi, 0.5 mi), (0.5 mi, l mi), and (1 mi, 2 mi) distance bins; the 
indicator equals I if a transaction occurred within that distance bin in 
the same year or after LSPVP construction started, and O otherwise. This 
specification allows us to investigate the presence of a home price effee1 
at even smaller distances. In our second robustness check we replaced 
the year-by-project cohort and quarter-by-project cohort FRs in the base 
model by a single vector of quarter-by-year-by-project cohort FEs to 
allow for more granular trending of home values across quarters and 
years. In our third robustness check we added the vector of A/D vari­
ables, consisting of distance and value bins described in section 3.1 10 

account for any potential correlation between the AID variables and the 
timing and location of a LSPVP that may bias our base model estimates.7 

3.2.3. Event study model 
ln addition to the base model specification in (I), we specified an 

event-study model, which allowed us to test the parallel trends 
assumption underlying the difference-in differences model and to allow 
treatment effects to evolve non-parametncally post-construction. Spe· 
cifically, we estimated a model of the following form: 

' ln(P;uJ411) == L T1.1dJY~ +X1rc+6,1c +,t,, +Pqc + <P; +11~11: (2) 
l'c-S 

where Tt,'4o- represents a series of lead and lag indicators for when a 
I.SPVP began construction for each of the three distance bins defined in 
(l). We re-centered T1,,w, so chat T0;,1t, always equals one in the year the 
LSPVP began construction. We included a series of indicators from 1 to 5 
years prior to a LSPVP being constructed (T_5 _1c1r to T_1Jdt), and a series of 
indicators for 1-7 years after construction (T1,idl to T1,14<). The omitted 
category for our treatment indicators (i.e. the reference year for all es• 
timates) is the year of consuuction start for a lSPVP (T0_,4,}. ,,.,d;qll is a 
random disturbance term and all other terms are as defined in (I). 

The coefficients of primary interest In {2) are the r'ts· The estimated 
coefficients on the lead treatment indicators (r 5 , ... , y _1) indicate 
whether the parallel trends assumption, which underlies all causal 
claims based on DiD models, appears to hold. Specifically, If LSPVP 
Installation induces exogenous changes in home values, these lead 
treatment indicators should be small in magnitude and sratiscically 
insignificant, implying that the price of homes located close to a LSPVP 
(within 2 miles) were trending in a similar way to homes located farther 
away (2 to -4 miles) prior to ISPVP construction. The lagged treatment 
indicators (y1, ... ,y7 ) allow the effect of distance to a LPSVP on home 
prices lo evolve over time in the post treatment period in a non 
parametric way. 

3.2.4. Heurogeneiry analyses 
We conduct four heterogeneity analyses using the baseline model 

given by {1 ). First, we examined potential heterogeneity across states by 
estimating (1) separately for each of the six states in our sample. Second, 
we investigated the relationship between prior LSPVP land use and 
property value impacts by dividing our sample into four groups: home 
transactions nea.r LSPVPs that were predominantly agricultural, green­
field, brownfield, or mixed land use prior to LSPVP conslr\Jction. Third, 
we investigated the relationship between urbanicity and property value 
impacts by dividing our sample into one of the following U.S. Census 
Bureau designations: urban, urban clusters, or rural. Finally, we inves­
tigated the relationship between project size (area in square meters) and 

6 A tolal of 6,252 transactions occurred both within 0.25 mi of an LSPVP and 
after that LSPVP was constructed. 

7 For A/D distance bins, the omilled category is [2 mi, 4 mi) from a home; for 
noise levels, the omitted category is the <4S dB category; for llood zone, the 
omitted category is the missing category. 
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property values by applying the base model (l) to two subsets of the 
data: home transactions near LSPVPs below the 50th percentile of LSPVP 
areas and above the 50th percentile of LSPVP areas, where the 50th 
percentile is calculated from the set of unique LSPVPs in our sample. 

-4. Results 

4.1. Base model and robusmess check result.s 

Ta!Jle 4 shows results for the base model given by (I) and the 
robustness checks described above. tu shown in column l, we find an 
average 1.5% reduction in house prices for homes within 0.5 miles of a 
LSPVP that transacted past-LSPVP construction, and an average 0.82% 
reduction in home prices for homes 0.5-1 mi away from a LSPVP. Both 
estimates are statistically significant at the 5 percent level or better. As 
shown in column 2, we additionally find an average 2.3% reduction in 
home prices within 0.25 mi of a LSPVP. ln both models, the estimated 
treatment effects for homes localed 1 to 2 miles from a LSPVP are quite 
small In magnitude and statistically insignificant, suggesting that the 
impact of I..SPVPs on home values fades relatively quickly with distance 
from a LSPVP. Further, all effects are monotonically ordered from 
closest distances to further away, which meelS a priori expectations and 
provides us additional confidence in the model. As shown in columns 3 
and 4 of Table 4, altering the time FEs by including quarler-by-year-by­
project cohort FEs or controlling for other AID does not notably alter the 
estimates from the base model. 

4.2. Event srudy results 

In Fig. 7 we present results from our event study specification given 
by (2), with coefficient estimates of our three distance bins shown as 
lines, and 95% confidence intervals shaded in similar colors. Homes 
located 2-4 miles from a LSPVP are once again the omitted category. 
Despite some noise in the estimates based on sales that occurred four or 
five years prior to LSPVP construction, in general there is very little 
evidence that home values were trending lower prior to the construction 
of a LSPVP: all of the estimated pre-treatment effects are small in 
magnitude and statistically insignificant. The lack of differential trend­
ing prior to the installation of a LSPVP provides evidence that our main 
identification assumption-the parallel trends assumption-holds. 
F1 )!. 7 also shows a relatively clear decline in home values that starts 
shortly after the beginning of LSPVP construction and continues up to six 
years post construction. The negative impact of LSPVPs on home values 
is particularly pronounced for homes located O to 0.5 miles from a 
LSPVl' where we see home values declining by 4 percent six years after 
LSPVP construction.~ 

4.3. Heterogeneity analyses results 

rig. 8 shows results from all the heterogeneity analyses alongside the 
base model resulls; for ease of visualization, only the c<M!fficients and 
95% confidence interval for the 0-0.5 distance bin are shown, while 
Ta~,e 5 through Table 8 show more detailed results for each heteroge­
neity analysis. As shown in Table 5, which shows base model results for 
individual states, changes in sales price are not statistically significant 
for CA, er, and MA. However, MN, NC, and NJ, show a statistically 

8 When tnvestlgatlng results for Individual states, both for the event srudy 
(section 3 2 J ) and the heterogeneity analyses (section 3.2.4), our results 
largely agreed with the results for the full 6 stale sample. However, our indi• 
vidual state estimates suffer from small sample sties in individual time and 
distance categories for the evenl study and in individual subca1egorics for the 
heterogeneity analyses, so results are less reliable. Therefore, we do not pr<.-sent 
I.hem in this paper. Results for individual slates are available upon request from 
I.he authors 
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Table 4 
Average eflect of LSPVP construclion and proximity on home price$ for all six St$les. Standard ertors are clustered at the project cohort level and are in parentheses. 
S,gn.ificance levels. •u p < 0.01, .. p < 0.05, •p < 0.1 

Dep,ndenl variable: the logar!lhrn of house 
prices 

Distance between home and LSPVP: (0 mi. 
0.25 mi) 

Ofstaru:c between home and l.SPVP: (0.2S mi, 
O.Sm1) 

Distance between home and lSPVP: (0 mi, O.S 
mi) 

Distance between home and LSPVP: (0.5 mi, 1 
mil 

Oi$tance between home and LSPVP: (I mi, 2 
ml) 

Home chara<:1eri$1>a 
Dacance.pr0Jec1 cohon FE.s 
~ yea,.pro;..:1 cohort fEs 
Sa.I• quaner,project cohort FE.s 
Census block group l'£s 
S.Ue Yu.t•salt quaner•projecl oobon FEs 
Amenitiu and disan-~nilies 

Obsuvadons 
R' 

6 

Chan~ in 
2 

price 
compared 

to sales 

Base model 
(I) 

-0.015◄•• 
(0.00630) 
- o.ooa20•• 
(0.00413) 
- 0.000841 
(0.00226) 
✓ 

✓ 

✓ 

✓ 

✓ 

1,832,888 
0.835 

lnduding o.-0. 25 mi distance Including quarm.year.project Indudlng amenities and dlsamenil!e$ 
bin cchort l'Es ve(tor 

- 0.0226"' 
(0.00767) 
-0.0133 .. 
(0.00641) 

-0.0171 ' .. o.011ou• 
(0.006◄2, (0 00589) 

- 0.00820 .. · 0.00941"" 0.00987 .. 
(0.00413) (0.0042◄) (0.00403) 
-0.000841 - 0.00179 0.00131 
(0.00226) (000234) (0.00225) 
✓ ✓ ✓ 

✓ ✓ ✓ 

✓ ✓ 

✓ ✓ 

✓ .; ✓ 

✓ 

✓ 

1,832,888 1,826,915 1,778,533 
0.8.15 0839 0.83S 

r1 = 0.835, observations.w. ,,83i,888 

that occurred o -----_,;:~1;::::::::~~l!i!jl-i:-=:_=_ic _:;_\IJ;:/_~::;:;a]ir:=--~~::::::::::::"""'.=~--==t;====e:===:;:::::::::;,--
l·4 mi 

away from ~-
the neMest 
LSPVP('l-\) 

-l 

-6 

·s .,. ·• 0 3 6 
Sale date • LSPVP construction date (years) 

Distance between home and nearest LSPVP 

• indicates slatist,cal signifitance (p < o.osl 

Fig. 7. Average effect of proximity lo LSPVP by year of sale relative to year of LSPVP construction; shaded area repr0?$enls 95% confidence interval; x-axis label 
represents lower bound of year range (e.g. - 5 refers to all ttansacdons that occurred [.S, 4) years before the construction date of the nearest I.SPVP). 

significant negative effect of 4%--5.6%, more than double lhat of the 
average across all states in I.he base model. In Table 6, where IVe examine 
potential heterogeneity by predominant prior land use of the nearest 

10 

LSPVP, we find that statistically significant home value reductions are 
only observed for homes nearest to LSPVPs that a1e sited on previously 
agricultural land.9 These findings arc consistent with the results in 

9 We also tested the base model for a sample of only homes nearest to I.SPVPs 
on previously forested land (NLCO cla$$CS of Deciduous Porest, Evergreen 
Porest, or Mixed forest) and found no statistically significant results with p < 
0.1. 
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6sta\tt 
b•,emodel 

H<teroge,,eity 
by state 

Heterogeneity 
by 

prtdominanl 
prior land use 

oflSl'VP 
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--•--CA 

-------+-------CT 
---•.•MA 

--------MN 
---.. ---•NC 
------NJ 

Heterogeneily 
byurbaniclty 

--------- __________________ , ~ fl ... \' I 

Heterog~ty 
by L Sl'VP a,u 

-◄~. - LSPVP area< so"' percentile 

--------~SPVP arH .i: so'~ percen111<e 

~o 1 o S ~ 

Chang, in ptic• to, salts that occvrod o·o.s mi ..,,.y from th nearut LSPVP 
po,t,lSPVP construction, comp.,ed to sale-s that ocwrred 2-4 mi away(tt) 

• indiotes smistfcal sigtlificar.ce Cp < o.osl 

Fig. 8. ResultS from base model as well as each heterogeneity analysis, showing average effect of LSPVP construction and proximity for homes O O.S mi away from 
nearest l.SPVP. Range of change In price represents 1M 9S[11 percent confidence Interval. 

Tables 
Effecc of LSPVP construction and proximity on home prices in individual states, using base model specification. Standard errors are clustered at the project cohort level 
and are in parentheses. Significance levels: ~ .. p < 0.01. .. p < O.OS, •p < 0.1 

~ident variable: the logarilhm of house prices CA CT 

Distance belwttn home and LSPVP; [0 mi, 0.5 rhi) 0.00899 0.0161 
(0.0106) (0.0314) 

Distance betwttn home and LSPVP. [0.S mi, J mi) 0.0008◄9 0.0234 
(0.00696) (0.01SO) 

Distance between home and 1-'>PV!'; ( t mi. 2 mi) 0.00296 0 0186 .. 
(0.0038◄) (0.007861 

ObservatJons 931,735 34,13S 
Rl 0.881 0.774 

Table 6 
Average effect or I.SPVP construction and proximity on home prices by pre­
dominant prior land use of nearest LSPVP to home, using base model specifi• 
cation. Standard errors are clustered ac [he project cohort level and are in 
parentheses. Significance levels: ... p < 0.01, .,p < 0.05, •p < O. l 

Dependent variable; Grttnfickl Agricullu,al Brownfield Mixed 
the logarilhm of 
house prices 

Dislance bctwttn -0.006'16 -0.0302 .. 0.0122 -0.0439 
home and LSPVP; (0.00960) (0.010?) (0.01$9) (0.0445) 
(0 mi, 0.5 mi) 

Di.!1ance between -0.000991 -0.0202• .. - 0.00909 -0.00679 
home and I.SPVP· (0 00~80) (0.00629) (0.0170) (0.0342) 
(0.S mi, I mi) 

Distance beo"ttn 0_00083(> -0.00408 - 0.00483 -0.000377 
home and LSPVP· ( 0 00248) (0.00498) (0.00739) (0.0191) 
(1 mi, 2 mi) 

Observations 1,074,◄92 S77,769 l ◄?,9S1 12,987 
n• 0.843 0.833 0.860 0.828 
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MA MN NC NJ 

-0.01◄ 1 - 0.0395 .. -0.0576 ... 0 0559, .. 

(0-00692) (0.0174) (0.0148) (0.0114) 
-0.00933'' -0.0209" -0.0473··· - 0.0135" 
(0.00469) (0.00932) (0.0118) (0.00698) 
-0.00190 - 0.0108' -0.0117 .. 0.00◄87 

<0-00319) (0.00625) (0.00570) (0.00331) 

291,403 7◄,905 203,005 2'17,677 
0.777 0.708 0.735 0.751 

Table? 
Average effect of LSPVl> construct.ion and proximily on home prices by home 
urban, urban cluster, or rural designar.lon, using base model specification. 
Standard ertOfS are clustered at the project cohort level and are in parentheses 
Significance levels: •up < 0.01, .. p < O.OS, •p < 0.1 

Dependent variable: the logarithm of Rural Urban Urban 

house prices cluster 

Distance between home and LSl>VP: (0 -0.0◄ 18'*' 0-0324 -0.00350 
mi. 0.5 n1i) (0.0156) (0.0524) (0.00619) 

Distance between home and LSPVP: - 0.0201 • 0.0221 -0.00342 
(0.5 mi, I ml) (0.0119) (0.0310) (0.00437) 

Dis1ance between home and I.SPVP; ( I 0.00775 -0.00597 0.00137 
mi, 2 mi) (0.00613) (0.00896) (0.00222) 

Observations 151,792 79,279 l,S92,71$ 
R• 0.803 0.785 o.us 
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Table 8 
Average effect of LSPVP conslnlction and proximity on home prices by area of 
LSPVP, using base model specification. Standard errors are clustered at the 
project cohort level and arc in parentheses. Significance levels: •up <: 0.01, ••p 
< 0.05, •p < 0.1 

Deptndent variable: 1M I.SJ>VP a.rea < 50th I.SPVP uea ~ 50th 
logarithm of house prices percentile of atta percentile of area 

(75,138 m1) (75,138 m•) 

Distance between h<1mt -0.00737 0.0305 .. 
and LSPVP: (0 mi, O.S (0 00694) (0.0138) 
ml) 

Distance bttwtM home -0.00◄83 - 0.0166'" 
and 1.SPVP: [O,S mi. I (0.00521) (0.00684) 
mi) 

Dis!Mce bcl\vccn home 0.00225 0.00841 .. 
and LSPVP: (l mi, 2 mil (0.00, 87) (0.003+1) 

Ob$trvations 1,291,762 537,189 
R1 0.8,41 0.833 

fable 7, which shows that statistically significant effects were only 
observed for homes located in rural areas. Finally, in T.ible 8 we exanune 
potenlial heterogeneity in property value impacts by the size of a LSPVP 
project. Specifically, we split the sample based on LSPVP areas and es­
timate separate models for homes located near lSPVPs that are above or 
below the median LSPVP area in our sample. Adverse effects are only 
observed for LSPVPs with an area larger than the median area of all 
unique LSPVPs in our sample 1° . 

S. Discussion 

In this paper, we add to the growing body of research on the impact 
of LSPVPs on residential home values. By assembling an analysis dataset 
consisting of transaction data, an original dataset of LSPVP footprinis, a 
suite of envi1onmental amenities and dis-amenities, ucbanlcity classifi­
cations, and historic land cover data, we answer two related research 
questions. 

First, we ask: what effect, if any, do LSPVPs have on residential home 
prices? Across the six states in the study area, we observe that homes 
within 0--0.5 mi of an LSPVP that transact after a LSPVP is constructed 
decline in sale price by an average of 1.5% compared lo homes 2-4 mi 
away. At closer distances of 0--0.25 mi, the average decline in propeity 
values is 2.3%. This effect fade.~ at further distances from a LSPVP; we 
observe a small adverse effect for homes 0.5-J mi away of0.8%, and no 
evidence of an effect at distances beyond 1 mi. Our es1ima1es are robust 
to choices of time FEs and we control for other landscape characteristics 
that could impact property values. Our results are consistent with some 
prior literature (Droes and Koster, 2021; Gaur and Lang, 2020) that find 
an overall adverse impact of LSPVP construction on property values. 

Second, we ask: does the effect of LSPVPs on home prices differ based 
on the state, the prior land use on which a LSPVP is located, the size of 
the LSPVP, or the urbanicity of a home? When looking at individual 
stales in otu sample, we observe no effect on sales p1ices in CA, CT, and 
MA, but find sale price reductions for homes 0--0.5 mi away from a 
LSPVP of 4%, 5.8%, and 5.6% in MN, NC, and NJ, respectively. In those 
slates where we do observe sale price reductions, the effect fades as 
distances from an LSPVP increases, as with the full 6 state model. When 
separating transactions by the prior land use and the area of the LSPVP 
to which they are closest, as well as by the wbanicity of the home, we 

•
0 We also tested the base model for rwo additional samples: homes near very 

large LSPVPs (areas greater than the 75th percentile of areas of unique LSP\/Ps 
in our sample) and near very small LSPVPs (areas below I.he 251.h percentile of 
areas of unique LSPVPs in our sample). For both subsets of our data, we found 
no statistically significant results with p < 0.1. 
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observe statistically significant effects only for transactions near LSPVPs 
sited on previously agricultural land, transactions in rural areas, and 
transactions near larger LSPVPs by area. We observe decreases of 3%, 
4.2%, and 3.1 % for homes within 0-0.5 mi of l.SPVPs on previously 
agriculrural land, in rural areas, or near large LSPVPs, respecuvely, 
compared to homes 2-4 mi away. In all three cases, these effects fade 
with distance from a LSPVP. We observe no statistically significant effect 
of LSPVJ> constiuction and proximity on home prices in other categories 
for land use (green.field, brownfield, or mixed land use sites), urbanicity 
(urban or urban duster regions), or LSPVP area (where areas fall below 
the median LSPVP area in our dataset). Looking at the heterogeneity 
results by land use and urbanicity may help us understand the hetero­
geneity we observe by state: the states where we observe no statistically 
significant difference in sales price (ln CA, CT, and MA) are also the 
states with lowt r proportions of LSPVP development on agnculrural 
land (l'ig. 3). CA additionally has very few transactions in rural areas 
(Pig. 4). 

Our heterogeneity analyses show that the property value impacts of 
LSPVP development are highly contextual, and reinforce scholarly ar 
gumen1s that research on public support for solar energy should consider 
both project scale and proposed locations (Nilson and Stedman, 2022). 
Specifically, our resulrs point to the importance of understanding the 
perceptions, economic impacts, and social dynamics of larger solar de­
velopments, rural developments, and developments built on previously 
agricultural land. Broader social science scholarship can conrextuali:ie 
these results: for instance, researchers havt theori-zed that the siting of 
renewable energy in rural areas can counter personal, cultu1al, and 
political representations and w1ders1andings of rural landscapes (Batel 
et al., 201 S). Our observed heterogeneity may reflect how large, agii 
cultural, or rural developments potentially conflict more directly with 
those representations than smaller, non-agricultural, or urban de­
velopments. Furthermore, our resulu with respect to land use connect to 
an emerging literature on the co-location of solar and agriculture: sur­
veys show that residents in agricultural communities are more likely to 
support solar development that integrates agricultural production 
(Pascaris el al., 2022), though scholarly reviews note that our under­
standing of perceptions of solar-agriculrural systems remains limited 
(Mamun et al., 2022). 

6. Limitations and future work 

A key limitation of our research approach is that we consider only 
one aspect of the economic impacts of LSPVPs: property values. The 
impacts of local energy development are also shaped by local lax reve­
nue and employment impacts, which have consistently been found to 
result in positive benefits (Brunner er al., 2021; Brunner and Schweg­
man, 2022a, 2022b}, as well as by I.SPVP ownership structures. This 
implie.~ that homeowners can and do capitalize the positive impacts of 
renewable energy into home prices. Because this analysis compared 
home prices between homes around the same projects, any d ifferenccs in 
value as compared 10 homes not near any LSPVP, and thus not subject to 
local tax or employment impacts, would have remained undiscovered. 
FW1hermore, to the extent that property value changes reflect the 
revealed preferences of residents, they only reflect the preferences of the 
subset of residents who are homeowners. Where homeownership rates 
are lower - largely in wban areas, but in an increasing portion of rural 
areas as well (Pendall er al., 2016} - property value changes may not 
reflect the preferences of neighbors to the extent that they do where 
homeownership rates arc higher. Considering these varied economic 
impacts would necessitate methodologies and data collection beyond 
the hedonic DiD analysis used in this paper. 

These limitations suggest two major avenues for future work. First, 
more research anention is needed on the economic impacts of LSPVPs, 
broadly understood to encompass dimensions such as tax revenue, 
ownership structures, or employment. Added research on the local 
economic impacts of LSPVPs can position our findings on the average 
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adverse impact of LSPVP development on home prices in a broader 
context of economic benefiis and burdens due to LSPVP development. 
Second, more research Is needed to understand the heterogeneity that 
we observe with respect to larger, agricultural, and rural LSPVPs. Herc, 
surveys, qualitative research, mixed-methods, and case study-based 
approaches may indicate how neighbors of LSPVPs engage differently 
with their nearby solar installation based on its size, land use, or the 
urbanicity of their home. 

7. Conclusion and J)Olicy implications 

This paper provides some of the first comprehensive evidence on the 
impact of LSPVPs on residential home values. Specifically, we ask: (1) 
what effecc, if any, do LSPVPs have on residential home prices and (2) 

does the effect of LSPVPs on home prices differ based on the prior land 
use on which an LSPVP is located, the size or the LSPVP, or the urban­
icity of a home? In our six-state study area (CA, CT, MA, MN, NC, NJ), 
we find that homes within 0.5 mi of LSPVP experience an average home 
price reduction of 1.5% compared to homes 2-4 mi away; statistically 
significant effeclS are not measurable over l mi from a LSPVP. These 
effects are only measurable in certain states (MN, NC, and NJ), for 
LSPVPs constructed on agricultural land, £or larger LSPVPs, and for rural 
homes. 

Our study extends the existing literature in three ways. First, we 
consider a larger sample, both in terms of transactions and LSPVPs, than 
prior studies. Our six-state study area encompasses 53% of the total MW 
nameplate capacity of PV generators in the U.S., and our analysis 
included evidence from over 1,500 LSPVPs and over 1.8 million home 
ttansactions. The scope of our dataset allows us to provide average 
impact estimates for a much larger set of LSPVP projecis within the 
United States. Second, ro our knowledge, our study is the first study on 
LSPVP property valu~ impacts to use a dataset of LSPVP footprints (as 
opposed to point locations or approximations of LSPVP area using cir­
cular buffers). By constructing and using footprint data, we can more 
precisely assess the land area and prior land use of LSPVPs, as well as 
reduce measurement error when calculating distances between homes 
and a LSPVP. Finally, we employ a stacked DiD specification with bin­
by-project cohorl FEs, which not only advances the methodology used 
for this type of analysis but also addresses recent concerns over D10 

specifications that rely on staggered timing of treatment. 
Our findings have two main policy implications. First, they point to 

the need for policy and' development measures to ameliorate p0sslble 
negative impacts of LSPVP development in some contexts. Our results 
suggest that there are adverse property value impacts of LSPVP con­
struction for hornes very close 10 a LSPVP and those predominantly in 
rural agricultural setlings around larger projects. But we find that most 
impacts fade al distances greater than 1 mile from a LSPVP. In some 
cases for homes near large LSPVPs, and in the states of MN and NC -
negative effects persist at discances greater than l mile but are smaller 
than they are at nearer distances to a LSPVP. These resulis suggest that 
care should be talcen m s111ng LSPVPs near homes in some contexts. 
Developers or policymakers considering siting LSPVPs very close to 
homes have several tools to employ, such as compensation schemes with 
neighbors and landscape measures like vegetative screening. 

Second, the heterogeneity analyses reveal the Importance of place 
and project-specific assessments of lSPVP development practices 
Although we find adverse impacts of l.5PVP construction on property 
values overall, we notably find no evidence of impacts in three slates in 
our study area - including in CA, which alone accoun1s for over half of 
the transactions in our dataset. On the other hand, we do see evidence of 
adverse property value impacts of LSPVPs in the other three states in our 
dataset including in MN, despite MN having arguably the most 
restrictive stale wide laws on LSPVP development in high-value 
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agricultural areas of the states in our study area (Bergan, 2021). While 
our sample for individual states was too small to conclusively explore 
heterogeneity within states, our overall heterogeneity analysis suggests 
that adverse impacts of LSPVP development are present specifically in 
rural areas, where LSPVP displaces agricull'Ural land uses, and where 
LSPVP installations are larger. For policy-makers, this heterogeneity 
may point to the importance of carefully considering siting strategies for 
rural, large, or agricultural installations - for instance, by exploring 
ways to co-locate agricultura l land uses and solar development. How­
ever, this heterogeneity does not mean that economic impacts are 
negligible where property value impacts were insignificant (CA, CT, MN, 
as well as urban, non-agricultural, and smaller developments): as dis­
cussed in section 6, many economic impaclS remain undiscovered by our 
methodology, some of which might increase home values, and future 
policy-relevant research is needed to understand the economic impacts 
of LSPVPs, broadly construed. 

By combining a novel dataset of LSPVP footprints with horne trans• 
action data, our analysis provides comprehensive evidence that LSPVPs 
have an average adverse effect on home prices, but notably shows that 
these impacts are not uniform across geographies, land uses, or LSPVP 
size. In doing so, we contribute to the emerging literature on the eco­
nomic impacts of LSPVPs and point to important avenues for future 
policy discussions and research. 
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Appendix 

Table A.l 
Retention criteria for tra.1Sactions 

Condition for tor..,lion 

Coordi.nale values ar, popula1ed 

£11<,gy Policy 17$ (2023) 11342S 

Ra1iooal, 

Coordinates ate needed lo obtain diSlances be._en homes and I.SPVP, runenilies, and dis­
amenities 

Land aru, year built, and home &quare foo1age are populalcd 

Coordinates appear 20 times or less 

Land area, year built, and home square (OO(age ;ue essential p.-operty characterisllcs to 
C()Ottol for in analysis 
Repeated, idenacal coord.inatcs for multiple proputie5 m.iy indicate dai.a quality issue 
Analysis only con,iders homes (i.e. resi<lential prope,Cles) sold in atm$ length uanuclions 
after the year 2000 

Pn>percy type is residential (including single fiunily residtn<e, condominium, duplex, 
apartmenl) 

Tran.sacrion 1s categorized as anns lcngl.h 
V<,ar of w e be!wcen 2000 and 2021 
Sale amowit is grealer lhan SSOOO or the 1st percentile o! $.\IC price (whichever value is 

higher) and le;s than the 99th pucentlle of sale amount values will>ill a given state 
Sale amount P"' Mil area of living space is greater dlan the 1st per<endle and less than 

1he 99th percenale of Hie amowu per unit area of living ,pace values witlun a given 
Slalc 

Land area is grealer than the !st percentile and less th.u, 1M 99th percentileolland area 
values within a given state 

Prop,,rty was buill before 2020, and alter Che 1st pereentlleof values for year built within 
ct givtn state 

Removing outliers from analysit 

Sale amount is greater chan the mortgage amow,1, or mongage arnown ls missing 
Land area is grtatA!r than living ,pace area 
Age of property (sale year minus year built} is non-negat:ive 

Any ~r relalionsh1p (between sale =ou.nt & mortgage amount, land area & living space 
area, sale year & year built, stt o( va.rlables representing land area) may indicate dal.a 
quality issues 

Both variables representing land area conve,ge within 0.01 ocres 
Deed is not cattgorittd as foreclosure Sale amount in a foreclosure moy not a«urately represent tlte value of a home 
Sale oc«ined over one year after la.st recorded sale for that property Removes potentially ••nipped homd, or homes tha1 undergo a rapid renovation and are 

te-sold, from dataset. foe lhose homes charnct~slics in Corelogic dat=t may not l>4! 
representative of chatacretbtic• aftct renovation 

Property address was not determined from mall 

Table A.2 
Amenity and dis-amenity data sources 

Amenlty/dis-auntnity 

Avjation noise. 
Road 110!.lc 

Flood tones 

Municipal, indusuial, 
and transfu landfills 

State and nalional pa,!<$ 

Nuclear power 
generation facilities 

Coal pow.,r gencradon 
fadlidt• 

Coastline 
La.kc.I 
High-voltage lines 

Data source 

U.S. Departmtnt ol 
transportatioA 

U.S. Fe~ral Emergency 
Management Agency 
U.S. Department of 
Homeland Security 
Esri 

National lnstlrute of Health 

U.S. Envirorunental 
P10tection Agency 
ABB Group 

Address dttermined from mail may rellecl the address of an absentee owner, not of the 
physical property location 

Data demiptlon 

Rasrer represtnting approximate average noise energy due to tl'ansponation noise 
sources over a 24,h period at the recepror locations wheto noise is computed, expressed 
In decibels (dB) 
Categorius oreas by likelihood of Oood, ranging f<om. minimal risk to 26% dwtct of 
llooding over tl1'! life of a 30-y•ar mortgage 
Provkks locations or active permitted municipal solid waste facilities and cons1tuc:6on 
and demolition debris faclli~s. 
Provide, bounduics of parks and foreiu in lhe 1Jniced States at the national, stale, 
regional, and local level 
P,ovides locations of U.S. commercial nuclear power planu 

Facility data (as or 2017) where primary or secondary fuel type is coal-related (e.g., 
Coal, Coal Rd'usc, and Petroleum Coke). 
Locations of U.S. coastline, i.ncludlng bays, river outJets, NIii Great Lakes 
Locations of U.S. lakes, represcnced as polygons 
Traiumission and distribution lines with a voltage o( 100 V or greater, represented as 
polyHnes 
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ReJerence 

U.S. Department of 
Transportation (2020) 

Pe<kral Emergency 
M~o•gement Agency (2()21) 
Depar011en1 or Homeland 
Security (2020) 
Esri (2021) 

Hochstein and Szau, (2006) 

U.S. Environmental 
Protwion Agency (2021) 
ABB Group (2020) 
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Fig. A. l. Satellite imagery showing example$ or LSPVP cenuoids (blue dots) and polygons (yellow shaded areas) ,,ear homes including homes lhal transacted during 
our study period (pink dolS): (a) McGraw-Hill Solar Farm, NJ and (b) Intel Fol$om, CA 

Table A.3 
Summary of dependent variables and property charac:tensucs, CA 

Variable Description Mean Std. dev. Mu,. Med Max. 

Sp Sale p,ice ($) $457,797.53 $403,489.03 $35,500.00 $350.000.00 $3,998,000.00 

Lsp I~ of sale price 1275 0.75 10.48 12.77 (5.2 

Lsf Living area (ft1) 1868.69 1026.22 102 1654.00 98,694.00 

Acre, Land a,ea (acres) 0.336 0.7 0.018 0.165 7.231 

Age Age of home at time ol sale (years) 36.94 24.79 0 34 112 

Agesq Age of home a1 lime of sale, squared (yeaxs2) 1979 42 2233.9◄ 0 1156.00 12,54◄.00 

Salesq1r Quarter of sale 2.23 0.88 I 2 4 

Salesyr Vear of sale 2014 3 2003 2015 2020 

Table A.4 
Summary of dependent variables and proper!}' characteristics, CT 

Variable Description Mean Std. dev Min. f\,lcd. Max. 

Sp Sale price (S) $283.251.18 $18-1,202.97 $36,000.00 $239,900.00 $1,640,000.00 

Lsp log of sale price 12.4 0.56 10.49 12.39 14.31 

Lsf Living aro (ft1) 1916.21 951.46 196 1669.00 35,170.00 

Atres Land area (acres) 0.818 1.11-4 0.07 0.41 9.51 

Age Age of horn<: at time of sale (y,,ars) S9.74 33.65 0 58 212 

llgtsq Age of home at time of sale, squared (yMrs2) 4700.SS 5311.95 0 3364.00 44,944.00 

Salesqtr Quarter of sale 2.32 0.83 I 2 4 

Salesyr Vca r o(salc 2017 2 2011 2018 2020 

TableA.5 
Summary of dependent variables and propeny characteristics, MA 

Variable Description Mean Std. dev. Mio. Med. Max. 

Sp Sale price ($) $428,122.04 $284,039.71 SSl00.00 $360,000.00 $2,199,000.00 

Lsp log of sale price 12.78 0.63 8.54 12.79 14.6 

wr Living area (rt2) 2019.36 961.96 173 1802.00 35,721.00 

Acres Land area (acres) 0.58◄ 0.764 0.03 0.315 6.6 

Age Age of home at dme of sale (years) 62.74 38.25 0 58 209 

Agesq Age of home al lirn<: of sale, squared (years2
} 5399.73 5906,47 0 3364,00 43,681.00 

Salesqlr Quart<r of sale 2.35 0.8◄ 1 2 4 

Salesyr Year of sale 2015 3 2005 2016 2020 
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Table A.6 
Sununary of dependent variables and property characteristics, MN 

Variable Description M,an Std. dev. Min 

Sp Sale price ($) $27◄,027, 53 $152,77◄.95 sssoo.oo 
tsp log of sale price 12.38 0.$6 8.61 
w Living area (ti2) 1956 58 9786 ISS 
Acn,s Land urea (acres) 0.612 1 316 0.02 
Age Age o( home al time of $ale (yean) ◄2.03 31 21 0 
Agesq Age or home at tlme of sale, squarf!d (yea,s2) 2739.86 3S87.53 0 
Sm$q0" Quarter of sale 2.31 0.82 I 
SaJ.esyr Vea, of sale 2016 2 2010 

Table A.7 

Summary of dependent variables and prop<!rty characteristics, NC 

Variable Descr1pd<>n Mean Std. <kv. Min. 

Sp Sale price ($) $233,970.66 S169,170.4S S5050.00 
up log of sale prke 12.12 0.7S 853 
Ls( Living area (ft') 2091.02 1110.70 ISO 
Acres Land area (aaes) 0.788 1437 0021 
Age Age of home at lime of sale (years) 29.48 24.08 0 
/lgesq Age of home at !!me ol sale, squattd (years1) 1◄48.56 2083.56 0 
Salesqtr Quait•r of "1le 2.26 0.86 I 
Salesyr Yea, of sale 2016 3 2004 

Table A.8 
Summary of dependent variable.1 and propeny characteristics, NJ 

Variable Descriptlon Mean Std. dev. Min. 

Sp Sole price (S) $390,953.28 S243,373.S2 SSl◄3.00 
tsp Joi of sale price 12.68 0.66 8 .SS 
lsf Living area (fr) 1959.42 868.99 160 
,\(1es Land a.rea (acres) 0.393 0.656 0.006 
Age Age of home at time or sale (years) 56.92 30.02 0 
Agesq Age of homl! at !!me of sale, squared (years2) 4140.35 *64.38 0 
Salesqcr Quar1er or sale 2.31 o.u I 
S41csyr Year or sale 201◄ 4 2004 

TableA.9 
Categoncal variables representing property characteristics(• • omi11cd 
category m regressions) 

Variable 

Fullbaths 

Consmype 

Healtype 

Category 

Number of lull bathrooms 11llssing• 
I full bathroom 
2 full bawooms 
3 full bath.rooms 
4 Cull balh.rooms 
2 S full baditooms 
Alr conditioning code missing• 
Central ,\C 

AC t)'PC unk.nown 
llefrigtration AC 
Separalc AC system 
No AC 
l!vaporadv<e AC 
All other l)lpu o( AC 
Construction type mining• 
Wood construction type 
Frame consuuclion type 
Wood melal/frame cons1n>cbon type 
All other oonstruction l)lpes 
Heating type miulng• 
<:.enlral heat 
Forced al.I' 
Unknown heating type 
Forced hot wa1u 

(cont:inu,d on next P<l,f<) 
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Mtd. Max. 

$240,000.00 $1,299,000.00 
12.39 H .08 
1740.SO ◄2,8-40.00 

0.26 I 1.87 
3S 134 
1225.00 17,956.00 
2 ◄ 

2016 2020 

Med. Max 

Sl94,000.00 $1,499,SOO.OO 
12 18 14 22 
1852.00 120,215.00 
0.36 14.14 
22 11◄ 

484 12.9'l6.00 
2 4 
2016 2020 

Med. Mu 

$3◄0,000.00 $1,599,999.00 
)2.7◄ l◄.29 

1786.00 19,176.00 
0.185 6.167 
S7 139 
3249.00 19,321.00 
2 4 
2014 2020 
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Table A.9 (conlinued) 

Variable 

E<twalhype 

Piceplace 

Garagecode 
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