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Significance 

Agrivoltaics, colocating agriculture 
and solar photovoltaics, reduce 
land competition but face 
adoption challenges due to 
biophysical–economic 
complexities. By developing an 
integrated biophysical–economic 
modeling framework, we find 
significant climate-driven 
divergences in the US Midwest: 
agrivoltaics reduce crop yields 
and profits in the humid east but 
can enhance crop productivity 
and economic returns in the 
semiarid west by alleviating water 
stress. Despite consistent 
electrical energy benefits, high 
upfront costs challenge adoption. 
However, we identify promising 
“win-win” opportunities in 
semiarid soybean systems where 
both farmers and developers 
benefit. Climate projections show 
semiarid conditions expanding 
eastward by 2100, potentially 
broadening viable regions where 
agricultural and economic 
benefits align. This work 
highlights the importance of 
evidence-based, region-specific 
agrivoltaic strategies to ensure 
food and energy security. 

Increasing global demands for food and energy necessitate innovative land-use solutions. 
Agrivoltaics, colocating solar photovoltaics with agriculture, shows promise, but its wide-
spread adoption faces complex biophysical and economic trade-offs in a changing climate. 
Here, we develop an integrated biophysical–economic modeling framework to quantify 
how agrivoltaics affect biophysical and economic impacts across the Midwestern United 
States under both current and project climate conditions. We find strong regional diver-
gences driven by climate gradients. In the humid eastern Midwest, solar panel shading 
limits photosynthesis, leading to reduced yields (maize −24%; soybean −16%) and lower 
farmers’ profitability (maize −16%; soybean −2%) compared to conventional agricul-
ture. Conversely, in the semiarid western region, shading alleviates heat and water stress, 
moderating yield reductions for maize (−12%) and even boosting soybean yields (+6%), 
resulting in improved economic returns (−6% for maize; +9% for soybean), for a scenario 
with 33% photovoltaic ground coverage ratio. Although agrivoltaics generate substan-
tial electrical energy across all regions, high upfront installation costs challenge solar 
developers compared to standalone solar photovoltaics. However, our analysis identifies 
“win-win” opportunities where soybean-based agrivoltaics in the semiarid region pro-
duce economic benefits for both farmers and solar developers, highlighting the necessity 
for region-specific designs tailored to local climate conditions. Critically, future climate 
projections indicate eastward expansion of semiarid conditions, broadening areas where 
agrivoltaics can mitigate crop yield penalties (even boosting yield) and improve overall 
profitability, especially under high-emission scenarios. The results provide a mechanistic 
and economically integrated understanding essential for developing evidence-based and 
region-specific strategies to scale agrivoltaics in a changing climate. 

agrivoltaics | climates | divergent impacts | biophysical feedbacks | economic incentives 

Meeting the dual challenges of feeding a growing population and accelerating the clean 
energy transition presents one of the most pressing sustainability issues of the 21st century 
(1, 2). Climate change compounds this dilemma, threatening crop yields through extreme 
weather events while urgently necessitating the widespread deployment of renewable 
energy infrastructure (3, 4). Harvesting solar energy with ground-mounted photovoltaic 
arrays has emerged as a cost-effective strategy for meeting rising energy demand, enabling 
electricity generation across different landscapes while maintaining low life-cycle carbon 
emissions (5). With the global growth of solar energy adoption, utility-scale photovoltaics 
are becoming significant competitors for land. For example, solar arrays generating energy 
equivalent to a conventional 1 giga-watt power station (e.g., coal, natural gas, or nuclear) 
typically require approximately 80 km2 of land (6). This significant land requirement raises 
concerns as stakeholders must make difficult decisions about land-use priorities between 
agriculture and energy. Agrivoltaics (Fig. 1), also termed “dual-use” photovoltaics, presents 
an innovative solution to this complex land-use dilemma (7–9). Integrating solar energy 
and agriculture on shared land offers a promising pathway to harmonize food and energy 
production. Such efforts may challenge the traditional view that farming and renewable 
energy must compete for land in a “zero-sum-game” (10, 11). Pioneering installations 
across the United States, European Union, and East Asia demonstrate the technology’s 
scalability and potential to transform land productivity (12–14).          

Despite potentially promising cobenefits, emerging research highlights complexities 
that hinder the widespread adoption of agrivoltaics in a changing climate (15, 16). Existing 
work focuses on isolated components of the food–energy–water nexus (17) or relies on 
site-specific experiments and modeling (18, 19), limiting our understanding of how inte-
grated systems respond to deployment and environmental change. This narrow scope D
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Fig. 1. Conceptual diagram of agrivoltaics colocating solar photovoltaics and conventional agriculture on the same land. (A) Solar panels installed by developers 
generate electricity; (B) Conventional agriculture supports food production; and (C) Agrivoltaics follow traditional utility-scale solar layouts, modified to allow 
light penetration and accommodate crop growth, harvesting equipment, and farmer access beneath and between panel rows. 
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hampers assessment of agrivoltaics’ effects on key ecosystem func-
tions, including land productivity (20), carbon sequestration (21), 
physical climate feedback (22, 23), water dynamics (24), and 
biodiversity (25, 26), particularly across diverse geographic and 
climatic gradients. Moreover, generalizing results remains difficult, 
as the performance and economic viability of specific agrivoltaic 
designs vary widely with local environmental conditions (27, 28). 
While advances in photovoltaic technologies and smart land man-
agement have been explored at small scales, these efforts fall short 
of the broader assessments. As a result, critical knowledge gaps per-
sist in understanding how agrivoltaics can maintain ecosystem sus-
tainability and economic resilience while adapting to climate change. 

Here, we develop an integrated biophysical–economic mode-
ling framework (Materials and Methods) to quantify the potential 
impacts of agrivoltaics on rainfed maize and soybean systems 
across in the Midwestern United States under current and future 
climate conditions. This region serves as both the nation’s bread-
basket and an emerging center for renewable energy development 
(29). The biophysical component explicitly represents agrivoltaics, 
enabling detailed simulation of hydrological dynamics, energy 
generation patterns, along with plant-soil dynamics across diverse 
climate conditions and system designs. This integrated capability 
then supports a benefit–cost analysis that examines profitability 
determinants for both agricultural producers and solar developers. 
Finally, we perform paired simulations under three distinct shared 
socioeconomic pathways (SSPs), including a low-emission sce-
nario (SSP1-2.6), a high-emission scenario (SSP3-7.0), and a 
highest-emission scenario (SSP5-8.5), to evaluate how different 
development trajectories influence ecosystem sustainability and 
economic viability. This study provides critical insights to support 
evidence-based land-use planning and offer policymakers, land 
managers, and investors with actionable strategies for scaling agri-
voltaics in regionally tailored and climate-resilient ways. 

Results 

Divergent Biophysical Feedbacks of Agrivoltaics. We compare 
multiyear (2000–2014) averaged crop yield, water-use efficiency 
(WUE), and land equivalent ratio (LER) between agrivoltaics 
(with a 33% photovoltaic ground coverage ratio (PV GCR)) and 
conventional agriculture (Fig. 2 A–I and SI Appendix, Figs. S1–S2). 
First, our analysis reveals regional differences in how agrivoltaics 
affect crop yields compared to conventional agriculture. In the 
semiarid region (i.e., most of North Dakota, South Dakota, Kansas, 
and western Nebraska), agrivoltaics lead to a 21.41 ± 10.96 Bu/ 
acre (mean ± SD; the SD reflects interannual variability) (−12%) 
decline in maize yield but a 2.0 ± 0.7 Bu/acre (+6%) increase in 
soybean yield. Conversely, in both semihumid and humid regions 

(the other eight states), agrivoltaics decrease yields for both crops. 
Maize yield decreases by 26 ± 10 Bu/acre (−22%) in semihumid 
and 32 ± 6 Bu/acre (−24%) in humid regions, while soybean yield 
decreases by 4 ± 3 Bu/acre (−11%) and 6 ± 1 Bu/acre (−16%), 
respectively. Second, agrivoltaics consistently increase WUE across 
all regions compared to conventional agriculture. The largest 
increases are observed in the semiarid region, where maize WUE 
rises by 0.36 ± 0.17 gC/kg H2O (+14%) and soybean WUE by 
0.41 ± 0.13 gC/kg H2O (+16%). Third, agrivoltaics also enhance 
LER (SI  Appendix, Supplementary Text: Land Equivalent Ratio 
Definition) across all regions. The semiarid region demonstrates 
the greatest improvements, with LER for maize increasing by 
0.12 ± 0.09 (+12%) and for soybean by 0.29 ± 0.14 (+29%). 
Building on the observed shifts in crop yields, WUE, and LER 
across the climate gradient, we apply linear regression to quantify 
how microclimatic and crop growth variables vary with the aridity 
index under present-day conditions. In the Midwest, solar panels 
consistently reduce photosynthetically active radiation (PAR), 
canopy temperature (CT), evapotranspiration (ET), canopy 
vapor-pressure deficit (CVPD), while increasing soil moisture 
(SM) (SI Appendix, Fig. S3). Regression analyses reveal that these 
effects vary systematically along the aridity gradient: reductions in 
PAR, CT, and CVPD strengthen toward more humid conditions 
(higher aridity index), whereas the reductions in ET and gains 
in SM become more pronounced toward drier regions (lower 
aridity index). Consequently, solar panels generally suppress 
gross primary productivity (GPP), plant respiration, and net 
primary productivity (NPP) across the humid region. However, 
under more arid conditions (lower aridity index), these negative 
crop growth responses weaken and can even reverse, indicating 
microclimatic buffering by panels enhances plant performance. 

Beyond these climate-dependent biophysical effects, we quantify 
the electricity generation potential of agrivoltaics across the Midwest, 
assuming a 33% PV GCR. The multiyear average electrical energy 
flux density across the region is 41.10 ± 2.35 W/m2   (Fig. 2J). This 
density varies with latitude, consistent with solar radiation patterns 
(SI Appendix, Fig. S4). For instance, it is highest in lower-latitude 
areas such as Kansas (45.56 ± 1.65 W/m2), where the potential is 
greater than in higher-latitude areas like Wisconsin (38.87 ± 0.68 
W/m2). In addition, the multiyear average potential electrical energy 
generation in the Midwest is 4.63 ± 3.04 TWh (Fig. 2L). Across the 
climate gradient, higher values are observed in the humid (5.19 ± 
2.97 TWh) and semihumid regions (3.37 ± 1.02 TWh), compared 
to the semiarid region (1.78 ± 1.73 TWh). This disparity is primarily 
driven by the greater aggregate land area available for solar panel 
installation in the eastern Midwest (Fig. 2K). 

We further examine the impact of varying PV GCR, specif-
ically 20% and 50%, on key biophysical variables (Fig. 2 M–O D
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Fig. 2. Divergent impacts of agrivoltaics on biophysical feedbacks in the Midwestern United States. Multiyear (2000–2014) averaged differences between 
agrivoltaics and conventional agriculture: Panels (A and B) show crop yield differences for maize and soybean, (C) shows the frequency distribution of crop 
yield differences, with vertical dashed lines indicating mean values for maize and soybean. Panels(D and E) show WUE differences for maize and soybean, (F) 
shows the frequency distribution of WUE differences. Panels (G and H) show the LER differences for maize and soybean, (I) shows the frequency distribution 
of LER differences. Panels (J–L) show average electrical energy flux density (W m−2), total solar panel coverage area over maize and soybean croplands (acre), 
and gridcell-level potential electrical energy (TWh), respectively. Box plots (M–O) present the relative differences in these variables between agrivoltaics and 
conventional agriculture; boxes represent the 5th–95th percentile range, and horizontal lines indicate zero. 
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and SI Appendix, Figs. S5 and S6). These levels are selected for 
sensitivity analysis and fall within the typical 10 to 55% global 
range for such systems (15, 30). While optimal real-world 
deployment considers numerous site-specific design, environ-
mental, and socioeconomic factors, this analysis focuses on the 
biophysical consequences of these selected coverage levels. 
Increasing PV GCR can significantly reduce crop yield, WUE, 
and LER for both crops across the Midwest. However, these 
effects are region-specific: in the semiarid region, yield losses 
for both crops are reduced and eventually convert to gains for 
soybean at high PV GCR, whereas in the semihumid region, 
losses for maize and soybean are mitigated, but in the humid 
eastern region, yield penalties for both crops intensify. In 

addition, WUE and LER for both crops exhibit consistent 
regional trends: as PV GCR rises, both metrics decline in the 
overall and humid regions but increase in the semiarid region; 
in the semihumid region, WUE decreases while LER increases. 
These regional disparities highlight the importance of balancing 
trade-offs between food, energy, water, and land outcomes when 
designing agrivoltaics.  

Mechanisms Underlying Biophysical Divergence across Climate 
Gradients. To understand the mechanisms driving the contrasting 
biophysical impacts of agrivoltaics across the climate gradient, 
we use a structural equation modeling (SEM; see Materials and 
Methods) (Fig. 3). This approach enables us to trace how solar 

Fig. 3. Mechanisms underlying biophysical divergence under varying climate regimes. Piecewise structural equation modeling (SEM) is used to quantify the 
direct and indirect effects of key biophysical variables under two representative climate conditions: (A) humid and (B) semiarid. The SEM framework evaluates 
the influence of PV GCR, electrical energy output (EE), top-of-crop solar radiation (R), CT, CVPD, SM, ET, WUE, GPP, and crop yield (Y) on the LER. Solid red arrows 
denote positive pathways; solid black arrows denote negative pathways. Numbers adjacent to arrows are standardized path coefficients (comparable to 
regression weights). Significance levels: *P < 0.05, **P < 0.01, ***P < 0.001. Only significant pathways are displayed (P < 0.05). Goodness-of-fit statistics indicate 
strong model-data agreement: for panel (A), Fisher’s C = 6.01, P = 0.10 (maize) and Fisher’s C = 3.55, P = 0.23 (soybean); for panel (B), Fisher’s C = 2.10, P = 0.34 
(maize) and Fisher’s C = 3.20, P = 0.39 (soybean). (C and D) Standardized total effects (direct + indirect) for crop yield under humid (C) and (D) semiarid conditions. D
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panels alter key energy, water, and crop variables ultimately 
influencing crop yields, WUE, LER, and electrical energy in both 
maize-  and soybean-based agrivoltaics. All models are statistically 
robust (Fisher’s C > 0.05 and P < 0.05), confirming their strong 
representation of the investigated relationships. 

Light limitation prevails in the humid eastern Midwest: in areas 
where energy typically limits plant growth, the SEM explains 
44% and 41% of the variance in maize and soybean yields, 
respectively. Increased PV GCR directly boosts electrical energy 
generation (standardized coefficient, r  = 0.82 for maize; r  = 0.91 
for soybean) but markedly reduces the solar radiation reaching 
the crop canopy (r  = −0.62; r  = −0.46). The reduced radiation 
lowers CT (r  = 0.64; r  = 0.60), and this combined decline in 
light availability and canopy warmth emerges as the primary 
constraint on photosynthesis, ultimately decreasing GPP in both 
crops. Consequently, the lower GPP translates into reduced crop 
yields (r  = 0.49; r  = 0.86) and diminished WUE (r  = 0.77; r = 
0.87), despite concurrent decreases in ET. However, the sub-
stantial gains in electrical energy partially offset these agricultural 
losses, leading to improved LER when crop and energy outputs 
are jointly considered. 

Water conservation prevails in semiarid western Midwest : in 
regions where water scarcity primarily constrains plant growth, 
the SEM accounts for 43% and 40% of yield variance for maize 
and soybean, respectively. While solar panels similarly reduce 
incoming radiation and increase electrical energy generation, the 
shading effect benefits crops by lowering ET and moderating CT. 
The resulting decrease in CVPD (r  = −0.27; r  = −0.30) and increase 
in SM (r  = 0.43; r  = 0.71) improve plant water availability, enhanc-
ing stomatal conductance and significantly increasing GPP. This 
moisture-driven productivity enhancement largely compensates 
for potential yield losses from reduced solar radiation, demon-
strating how agrivoltaic benefits depend critically on regional 
water availability. In this water-limited environment, SEM further 
reveals that stomatal conductance exerts stronger positive effects 
on productivity and yield in C3 soybean than C4 maize, indicating 
that agrivoltaic microclimates provide greater relative benefits to 
C3 crops in water-limited environments.  

Divergent Economic Incentives of Agrivoltaics. We next analyze 
the profitability of agrivoltaics across the Midwestern United 
States under current climate conditions (2000–2014), considering 
outcomes for both farmers and solar developers. With agrivoltaics, 
the farmers retain profits (πF,AgPV) from both grain sale and land 
lease revenue from the solar developers, whereas the solar developers 
own the generated electricity and its associated profits (πSD,AgPV) 
(Materials and Methods). For a scenario with the base economic 
parameters and a PV GCR of 33%, we first assess the economic 
impact on farmers by analyzing the change in their profitability 
from agrivoltaics relative to conventional agriculture (∆πF = πF,AgPV 
− πSD,AgPV) (Fig. 4 A and B). This analysis reveals distinct regional 
differences in ∆πF across the entire region. For maize, agrivoltaics 
consistently reduce farmer total profits (ΔπF_maize < 0). This profit 
reduction is relatively modest in the semiarid west (−6% compared 
to conventional agriculture) but more substantial in the humid 
east (−16%). In contrast, soybean profitability under agrivoltaics 
exhibits a divergent regional response: farmers in the semiarid 
west achieve a 9% profit increase (ΔπF_soybean > 0), while those 
in the humid east face a 2% reduction in profit (ΔπF_soybean < 0). 
These regional variations in ΔπF are positively associated with 
agrivoltaic-induced changes in crop yields. 

Besides, we evaluate the economic impact on solar developers 
by comparing their profitability relative to standalone solar (∆πSD 
= πSD,AgPV − πSD,PV) (Fig. 4 C and D). Our analysis reveals that 

agrivoltaics reduce solar developer total profits (∆πSD < 0) across 
most Midwestern counties: 82.30% for maize (comprising 
78.24% + 4.06%) and 86.02% for soybean (53.74% + 32.28%). 
However, a small fraction of counties experience increased total 
profits (∆πSD > 0): 17.70% for maize (16.73% + 0.97%) and 
13.98% for soybean (3.94% + 10.04%). These widespread profit 
reductions arise from a combination of diminished electricity rev-
enue and elevated infrastructure costs. Compared to standalone 
solar, agrivoltaics generate lower multiyear average revenues, with 
the effect most pronounced in eastern counties (SI Appendix, 
Fig. S7 A and B). Simultaneously, the levelized costs of energy 
(LCOE) increases substantially due to the additional infrastructure 
required to integrate agriculture with solar installations 
(SI Appendix, Fig. S7 C and D). In addition, per-acre farmer prof-
its follow spatially divergent patterns similar to total profits, 
whereas per-acre solar developer profits are nearly uniform across 
regions (SI Appendix, Fig. S8). Normalizing by land area for maize 
and soybean isolates economic viability from land availability, 
providing a scale-independent metric to evaluate outcomes across 
different deployment scenarios. 

We further examine the economic trade-offs of adopting agri-
voltaics relative to conventional agriculture or standalone solar 
systems (Fig. 4 E and F). All 1,034 Midwestern counties are clas-
sified into four profitability categories based on whether agrivol-
taics increase or decrease profits relative to conventional agriculture 
(∆πF) or relative to standalone solar (∆πSD): a win-win scenario 
where both farmers and solar developers gain (∆πF > 0, ∆πSD > 0; 
F+ SD+); two trade-off scenarios favoring either solar developers 
(ΔπF < 0, ΔπSD > 0; F− SD+) or farmers (ΔπF > 0, ΔπSD < 0; F+ 
SD−); and a lose-lose scenario where both incur losses (ΔπF < 0, 
ΔπSD < 0; F− SD−). For maize-based agrivoltaics, we observe a 
clear west-to-east reduction in overall economic viability. In the 
semiarid western region, 38.6% of counties show profits for solar 
developers but losses for farmers (F− SD+), while 21.1% of coun-
ties display the opposite (F+ SD−); the remainder mostly experi-
ence mutual losses (F− SD−). In contrast, in more humid regions, 
losses for both stakeholders dominate: 71.1% of semihumid mid-
dle counties and 85.9% of humid eastern counties show F− SD− 
outcomes. Soybean-based systems exhibit a significantly more 
favorable economic profile across all regions. In the semiarid west-
ern region, 98% of counties benefit farmers, with 64.7% of coun-
ties favoring farmers alone (F+ SD−) and 33.3% of counties create 
win-win scenarios (F+ SD+). This positive pattern extends partially 
into the semihumid middle region, where 58.9% of counties still 
favor farmers despite developer losses (F+ SD−). In the humid 
east, conditions worsen, with 65.9% of counties experiencing 
mutual losses (F− SD−) for both stakeholders. These findings sug-
gest two critical patterns: first, soybean consistently outperforms 
maize in economic viability for agrivoltaics across all climate 
regions; second, regardless of crop choice, the semiarid western 
region provides the most economically favorable conditions for 
agrivoltaic implementation. 

The economic incentives for agrivoltaic adoption are highly sen-
sitive to market fluctuations. We conduct sensitivity analyses for 
key parameters for both total-area and per-acre profits: crop prices 
and land lease rates for farmers, and power purchase agreement 
(PPA) prices for solar developers (Materials and Methods ). Farmers’ 
profitability (∆πF) is primarily determined by crop prices and land 
leasing fees. Lower crop prices and higher lease fees both increase 
∆πF, shifting more counties toward win-win (F+ SD+) or 
farmer-favored trade-off (F+ SD–) scenarios (SI Appendix, Figs. S9– 
S12). Solar developers’ profitability (∆πSD) is governed mainly by 
the PPA price, where higher values increase ∆πSD and move addi-
tional counties toward win-win (F+ SD+) or solar developer-favored D
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Fig. 4. Divergent impacts of agrivoltaics on economic outcomes for farmers and solar developers in the Midwestern United States for a scenario with base 
economic parameters and a PV GCR of 33%. Multiyear (2000 to 2014) averaged differences between agrivoltaics and conventional systems in (A and B) farmers’ 
profitability (∆πF) relative to conventional agriculture, and (C and D) solar developers’ profitability (∆πSD) relative to standalone solar systems. Panels (E and F) 
classify outcomes into four quadrants: “win-win” (F+ SD+), “trade-off” (F− SD+ or F+ SD−), and “lose-lose” (F− SD−). Note that proportions shown in red denote 
the exact shares across the four profitability scenarios. Circle sizes represent climate zones, large: semiarid, medium: semihumid, small: humid. Panels (G and 
H) show the percentage of counties for maize and soybean falling into each scenario under high, control, and low photovoltaic ground coverage ratio. 

trade-off (F− SD+) scenarios (SI Appendix, Figs. S13 and S14). We 
further identify the market thresholds required for agrivoltaics to 
achieve parity, with conventional agriculture for farmers and with 
standalone solar systems for solar developers (SI Appendix, Fig. S15). 
Maize requires substantially higher crop prices than soybean to reach 
profit equivalence with conventional farming, but correspondingly 
lower land lease thresholds. For the two agrivoltaic systems, the PPA 
break-even thresholds are substantially below those of standalone 
solar systems, highlighting the economic challenges of achieving 
profitability parity under current market conditions. Additionally, 
we assess the influence of PV GCR on economic incentives for 
adoption, with a focus on the semiarid western region (Fig. 4 G and 
H). Our analysis of PV GCR in the context of win-win outcomes 
indicates that, for both maize- and soybean-based agrivoltaics, 

increasing panel coverage progressively increases the proportion of 
win-win counties (F+ SD+) across the Midwest and within each 
climate zone. This effect is most pronounced in semiarid regions, 
where increased shading alleviates crop water stress while additional 
panels, combined with abundant solar resources, enhance electricity 
generation.  

Future Climate Reduces Regional Disparities in Agrivoltaic 
Outcomes. Finally, we evaluate the impact of future climate 
change on agrivoltaics at mid-century (2040–2054) and end- 
of-century (2086–2100) across the Midwest under three climate 
scenarios from Coupled Model Intercomparison Project Phase 
6 (CMIP6): SSP1-2.6, SSP3-7.0, and SSP5-8.5. Multimodel 
ensemble models (Materials and Methods) project significant D
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warming by 2100 compared to 2000–2014 baselines (SI Appendix, 
Fig.  S16). By 2100, annual mean 2-m air temperatures are 
projected to increase to approximately 11.2 °C (+9%) under 
SSP1-2.6, and to 14.9 °C (+43%) and 15.8 °C (+55%) under 
SSP3-7.0 and SSP5-8.5, respectively. Precipitation projections 
remain uncertain, showing slight spring (April–May) increases 
about 500 mm y−1 (+1%) under SSP1-2.6 and SSP3-7.0, and 
520 mm y−1 (+0.3%) under SSP5-8.5, contrasted by mid-
summer (July–August) declines of 3 to 5% across all scenarios. 
Surface solar radiation flux is projected to reach 179.25 W m−2 

(+1%), 175.81 W m−2 (+0.1%) and 176.03 W m−2 (+0.04%) 
under SSP1-2.6, SSP3-7.0, and SSP5-8.5, respectively. The 
climate projections indicate a substantial eastward expansion 
of semiarid conditions across the Midwest by 2100, based on 
model-based estimates of the aridity index (Fig.  5 A–C and 
SI  Appendix, Fig.  S17). Relative to the 2000–2014 baseline, 
the area of semiarid cropland is projected to increase modestly 
by 5.3% under SSP1-2.6, reaching 101,822 km2 (8.46% of 
total cropland). Under higher emission scenarios, however, this 
expansion accelerates markedly: SSP3-7.0 projects a 21.6% 
increase to 165,820 km2 (13.77%), while SSP5-8.5 forecasts a 
striking 174% expansion to 373,640 km2 (31.04%). 

Climate change is projected to reshape conventional agriculture 
across the Midwest by 2100 (SI Appendix, Figs. S18 and S19). 
Under the SSP1-2.6, maize and soybean yields remain comparable 
to the baseline (2000–2014), with reduced productivity in the sem-
iarid western Midwest and higher yields in the east. Under the 
SSP3-7.0 and SSP5-8.5, however, yield reductions intensify and 
extend eastward, leaving only the far eastern Midwest with relatively 
high yield by 2100. These climate scenarios also fundamentally alter 
yield differences between agrivoltaics and conventional agriculture 
through 2100. While agrivoltaics show significant yield penalties 
relative to conventional agriculture during the baseline period 
(2000–2014), particularly for maize, this gap narrows as climate 
stress intensifies. As water limitation becomes more widespread, the 
relative benefit of shading-induced moisture conservation increases, 
leading regional yield penalties to diminish or even reverse 
(SI Appendix, Figs. S20 and S21). For maize under SSP5-8.5, the 
yield penalty decreases from −16.41 ± 8.47 Bu/acre (2040–2054) 
to −10.35 ± 6.91 Bu/acre (2086–2100). Notably, soybeans shift 
from yield penalty to gains under SSP5-8.5, agrivoltaic soybean 
yields exceed conventional agriculture by 5.35 ± 4.91 Bu/acre 
(2040–2054), increasing to 7.97 ± 4.16 Bu/acre (2086–2100). 
Besides, WUE in agrivoltaics show consistent improvements relative 

Fig. 5. Projected impacts of climate change on the biophysical and economic outcomes of agrivoltaics in the Midwestern United States for a scenario with 
base economic parameters and PV GCR of 33%. Panels (A–C) show hydroclimatic classifications of the US Midwest including semiarid, semihumid, and humid 
during the (A) baseline period (2000–2014), (B) mid-century (2040–2054), and (C) end-century (2086–2100) under SSP5-8.5. Multiyear average differences 
between agrivoltaics and conventional systems in (D1–D4) crop yield, (E1–E4) WUE, (F1–F4) LER, (G1–G4) potential electrical energy generation, (H1–H4) farmers’ 
profitability, and (i1–i4) solar developers’ profitability across three climate scenarios and time periods. D
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to conventional agriculture over time (Fig. 5, e1-e4). LER similarly 
increases, with projected gains widening through the century 
(Fig. 5, f1-f4). Electrical energy generation also shows positive 
trends across all climate scenarios (Fig. 5, g1-g4), with advantages 
reaching 12.38±5.43 TWh, 12.41±5.46 TWh, and 12.13±5.32 
TWh under SSP1-2.6, SSP3-7.0, and SSP5-8.5, respectively. 

For farmers, profitability changes (∆πF) vary significantly by 
climate scenario. Under the SSP1-2.6 scenario, farmer profitability 
remains relatively stable near baseline levels for both maize and 
soybean through 2100 (Fig. 5, h1-h2 and SI Appendix, Fig. S22). 
However, under SSP3-7.0 and SSP5-8.5, farmer profitability con-
sistently improves over time, particularly for soybean (Fig. 5, 
h3-h4). For instance, under SSP5-8.5, soybean farmers across the 
regions could see their profit advantage increase from $1.99 mil-
lion by 2054 to $3.81 million by 2100, representing a 69.43% 
improvement in the profit differential compared to current climate 
conditions. Further examination of spatial patterns reveals that by 
2100, farmer profitability for maize and soybean increases in the 
western Midwest and progressively expands eastward into the 
central Midwest, whereas the eastern Midwest experiences still 
reduced profitability for both crops (SI Appendix, Fig. S22). It 
suggests that the zone of farmers’ advantage stays largely in the 
same western regions but becomes more profitable. The advantage 
in the central Midwest gradually increases, but the advantage in 
the east remains negligible. For solar developers, agrivoltaics gen-
erally remain less profitable than standalone solar installations 
(∆πSD), though this disadvantage diminishes under higher emis-
sion scenarios (Fig. 5, i1-i4 and SI Appendix, Fig. S22). By 2054, 
solar developer losses are projected to decrease to approximately 
$273-348 million under SSP3-7.0 and SSP5-8.5. By 2100, these 
losses further decrease to $203-305 million under the respective 
scenarios, indicating a gradual improvement in the economic via-
bility of agrivoltaics for energy producers as climate condi-
tions evolve.   

Discussion 

Rising global food and energy demands are intensifying compe-
tition for land, highlighting the need for multifunctional land use. 
Agrivoltaics, the colocation of agriculture and solar energy pro-
duction, offers a promising dual-use strategy, yet its benefits are 
uncertain across climate-diverse regions like the Midwestern 
United States, a nation’s breadbasket and an emerging renewable 
energy hub. In this study, we highlight significant divergent 
impacts of agrivoltaics on biophysical feedbacks and economic 
incentives across the Midwestern climate gradient. Our findings 
indicate that agrivoltaics fail to deliver consistent benefits through-
out the region without careful consideration of climate gradients, 
crop choice, and system design parameters. However, using future 
climate projections, we find a potential narrowing of regional 
disparities due to eastward expansion of semiarid conditions across 
the Midwest. In such water-limited environments, agrivoltaics are 
likely to become more beneficial, offering stronger synergies for 
sustainable land use. These findings provide potential guidance 
for policymakers, land managers, and investors aiming to scale 
agrivoltaics in ways that are both regionally appropriate and cli-
mate resilient. 

Agrivoltaics generate significant biophysical divergences across 
the Midwestern United States, primarily due to the region’s strong 
west-to-east climate gradient. These divergent feedbacks align with 
Liebig’s Law of the Minimum (31, 32), which posits that plant 
growth is constrained not by total resources but by the scarcest 
resource. The microclimatic effects of solar panels exhibit distinct 
spatial patterns across the climatic gradient. In the water-limited 

western region, water availability represents the primary limiting 
factor, and solar panel shading serves as a way to reduce plant stress 
by reducing evapotranspiration, moderating air-ground temper-
atures, and conserving soil moisture. Thus, the reduced solar radi-
ation is outweighed by improved water conservation, shifting the 
limiting factor equation. Conversely, in the cooler, more humid 
eastern regions where water is abundant, light availability becomes 
the limiting factor, and panel shading negatively impacts photo-
synthetic potential and thus potentially inhibiting crop growth. 
Our findings complement and extend earlier site-specific studies 
(33, 34). Earlier studies have documented enhanced crop produc-
tion or resource-use efficiency under agrivoltaics in water-limited 
ecosystems like Arizona (USA) (10, 35) and Herdwangen-Schönach 
(Germany) (36), while yield reductions have been observed for 
some crops in well-watered environments (e.g., Chengdu, China) 
(37). Our findings highlight the particular suitability of agrivol-
taics for water-limited ecosystems, thereby providing a strong 
evidence-based rationale for prioritizing their deployment in arid 
and semiarid regions. This contrasts with the broader Midwestern 
context where, for instance, average crop yields from agrivoltaics 
cannot uniformly surpass those from conventional agriculture. 
Critically, incorporating ecological knowledge of climate gradients 
and limiting factors can inform agrivoltaics design and operation, 
particularly when developing arrays that coprioritize renewable 
energy generation and sustainable farming practices. 

Beyond broad climatic influences, the specific crop cultivated 
introduces further local variability to how agrivoltaics perform. 
For example, soybean (a C3 crop) outperformed maize (a C4   crop) 
in relative yield, water-use efficiency, and land equivalent ratio in 
the hot, water-limited western region. The differing responses are 
likely due to their different photosynthetic physiologies (36, 37). 
C4 plants like maize, adapted for high efficiency under intense 
light and heat by minimizing photorespiration, could experience 
reduced photosynthetic potential under significant shading. 
Conversely, C3 plants such as soybean, while more susceptible to 
photorespiration at high temperatures, can benefit from the micro-
climatic moderation under solar panels in hot, high-light envi-
ronments. For soybean, reduced heat and light stress and lower 
evapotranspiration under panel shade more than offset the 
shading-induced loss of light, a balance not achieved by maize. 
Our results, showing that shade benefits certain C3 crops in arid, 
stressful environments by enhancing physiological performance, 
align with previous findings for crops such as chiltepin peppers, 
jalapenos, and tomatoes (10). Future research focusing on 
crop-specific shade adaptation and acclimation mechanisms will 
be key to accurately predicting and optimizing agrivoltaics 
performance. 

These complex biophysical outcomes translate into divergent 
economic realities for farmers and solar developers. Our analysis 
reveals that for farmers, profitability is strongly tied to a crop-specific, 
climate-driven pattern rooted in biophysical effects. Agrivoltaics 
colocated with soybean in the semiarid western Midwest demon-
strate clear economic potential due to enhanced yields, but systems 
with both maize and soybean in the humid east typically incur net 
financial losses, as reduced crop revenues are not fully offset by 
land-lease income. Thus, soybean-based agrivoltaics could offer 
economic incentives in water-limited regions if maximizing farm 
profit is the primary goal, though even in these cases, returns remain 
lower than those from leasing land entirely for solar development. 
Additionally, given the inherent volatility of agricultural commodity 
prices (38), revenue from leasing land for solar energy provides a 
more stable and predictable income stream. Agrivoltaics can further 
benefit farmers by diversifying income sources and reducing finan-
cial risk, an especially attractive feature for risk-averse producers. D
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For solar developers, agrivoltaics are generally less economically 
attractive than standalone solar across the Midwest, primarily due 
to the higher costs of installation of panels and infrastructure needed 
for integrating agriculture (15, 39). Consequently, mutually bene-
ficial (win-win) scenarios for both farmers and developers are limited 
to specific cases, such as soybean-based systems in the semiarid 
western region. This mismatch often creates an adoption dilemma: 
agrivoltaic designs that are profitable for one producer group may 
be financially unviable for the other. This tension highlights the 
need for targeted policy interventions to align incentives for two 
stakeholder groups. 

Furthermore, our sensitivity analysis reveals distinct policy 
levers for each stakeholder group. Agrivoltaic adoption reflects a 
balance of opportunity costs shaped by crop prices and land lease 
fees: high crop prices discourage adoption, while higher lease fees 
incentivize it. In contrast, solar developers’ profitability depends 
on PPA prices, independent of agricultural markets. This diver-
gence in economic drivers explains why uniform subsidies often 
fail; effective policies must target these distinct levers concurrently 
(9). While sensitivity analysis identifies the key drivers, threshold 
analysis quantifies the levels required for agrivoltaics to become 
viable. This study defines breakeven values for land lease fees, crop 
prices, and PPA prices, points where each stakeholder shifts from 
loss to profit. Comparing these thresholds with current market 
conditions reveals the “incentive gap” or the minimum financial 
support needed to achieve profitability. This framework enables 
policymakers to calibrate subsidies precisely, closing viability gaps 
for farmers, developers, or both while avoiding oversubsidization. 
Future work should extend this approach to include additional 
stakeholders, such as agricultural lenders, rural cooperatives, and 
food processors, to better capture the broader incentive landscape 
governing agrivoltaic adoption at scale. 

These biophysical and economic divergences thus paint a clear 
picture: the potential of agrivoltaics is unlikely to be uniformly 
distributed across the Midwest. Optimizing solar panel coverage to 
minimize negative outcomes depends heavily on local climate con-
ditions, yet such region-specific guidance is largely lacking (40, 41). 
Our results underscore the need for climate-tailored design rather 
than a one-size-fits-all approach. In drier regions, “energy-centric” 
installations on water-limited cropland should be prioritized, uti-
lizing higher solar panel density while incorporating shade-tolerant 
crops that benefit from the modified microclimate from agrivoltaics. 
In contrast, more humid regions require “agriculture-centric” 
approaches (42) that maintain crop yield by using lower panel den-
sities to minimize shading. This adaptive framework embodies 
principles of ecological engineering, where human-built systems are 
designed to work synergistically with natural processes. While 
grounded in the Midwestern United States, this framework may 
apply to other climate-vulnerable regions under ecological or eco-
nomic stress, such as India and China (41, 43). 

Looking forward, however, these established regional diver-
gences are not necessarily static; our projections indicate that 
they may significantly shift, and even narrow, as the climate 
continues to change. Climate projections indicate increasing 
water scarcity in the eastern Midwest (under the high-emission 
and highest-emission scenarios), suggesting that these integrated 
solar-agricultural systems will become increasingly beneficial in 
this previously less favorable region (44, 45). Without effective 
adaptation strategies, conventional agriculture in these areas faces 
significant production declines (44, 46). Our research demon-
strates that agrivoltaics can effectively mitigate drought impacts, 
enhance crop yields, and improve water and land use efficiency 
throughout the Midwest. This translates to more favorable finan-
cial returns for farmers compared to conventional agriculture as 

climate warming. While agrivoltaics currently show lower profit-
ability than standalone solar installations, our projections indicate 
this gap will progressively narrow over time. This economic tra-
jectory suggests that “dual-use” agrivoltaics will increasingly com-
pete with “single-purpose” photovoltaics, promoting adoption by 
farmers and solar developers seeking climate resilience and income 
diversification. Supportive future policies, such as incentives and 
streamlined permitting, could further accelerate deployment. 
However, we acknowledge several limitations to our projections. 
First, our modeling does not account for potential land-atmosphere 
feedback effects from large-scale agrivoltaics (47). When deployed 
over sufficiently large areas, these systems may influence local 
rainfall patterns and temperature regimes by altering energy and 
water exchanges (48). Future research should investigate these 
feedbacks to improve regional climate projections and assess the 
full environmental impact of widespread agrivoltaics. Second, 
although we account for market price sensitivity when assessing 
current profitability for both farmers and solar developers, our 
future economic projections assume static prices for electricity, 
photovoltaic components, and agricultural products. This simpli-
fication reduces realism, as future outcomes will likely depend on 
such as raw material costs and evolving policy environments (e.g., 
subsidies, tariffs) (10, 49). Incorporating dynamic market models 
and policy scenarios in future analyses would yield more robust 
economic forecasts for agrivoltaics under changing climate 
conditions. 

In summary, our integrated modeling framework quantifies 
how climate drives divergent biophysical and economic impacts 
of agrivoltaics. We find that agrivoltaics currently offer greater 
synergistic benefits across food, energy, water, and economics in 
the semiarid western Midwest compared to the more humid east-
ern regions. However, this prevailing regional disparity is projected 
to diminish under modeled climate change scenarios. This evolv-
ing climatic landscape can, in turn, transform initially challenging 
agrivoltaic prospects into broadly positive ones, fostering more 
widespread dual land use and enhancing food-energy synergies 
throughout the entire Midwest. Ultimately, our holistic frame-
work provides a robust and economically grounded foundation 
for designing effective, region-specific strategies to scale agrivol-
taics in a rapidly changing world. 

Materials and Methods 

Integrated Biophysical–Economic Modeling Framework. We develop an 
integrated biophysical–economic modeling framework to assess how the cur-
rent and projected climate conditions influence the biophysical and economic 
outcomes of agrivoltaics in the Midwestern United States. The framework begins 
with a regional-scale biophysical model explicitly designed to capture the impacts 
of agrivoltaics on energy, water, and plant-soil dynamics. A benefit–cost analysis 
is then used to evaluate the economic feasibility of agrivoltaic adoption, and 
to quantify its potential profitability for both farmers and solar developers. The 
following sections detail the algorithms and methodologies underpinning this 
comprehensive modeling approach. 

Land Model. CLM5 (50) is a state-of-the-art land model and serves as the land 
component of Community Earth System Model (CESM) version 2 (51). Biophysical 
and biogeochemical processes are simulated separately for each subgrid land 
unit, column, and plant functional type, with all units sharing the same atmos-
pheric forcing. Surface variables and fluxes are area-weighted averages of subgrid 
quantities. This study simulates key processes including land-type heterogene-
ity, radiation, turbulent fluxes, soil hydrology, plant hydraulics and physiology, 
carbon and nitrogen cycling, and plant growth. Of particular relevance to this 
study is the capability of CLM5 to explicitly represent agriculture. The CLM5 crop 
module, derived from Agro-IBIS (52), has been enhanced to simulate actively 
managed croplands worldwide (53). It includes multiple crop functional types D
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(e.g., temperate and tropical maize and soybean) and dynamically represents phe-
nology, carbon allocation to grain and structural pools, and management practices 
such as planting and fertilization. Crop yields are mechanistically derived from 
photosynthesis and carbon allocation. C3 photosynthesis follows the Farquhar 
model with temperature acclimation (54, 55), while C4 photosynthesis uses the 
Collatz formulation (56). Stomatal conductance is calculated using the Medlyn 
formulation (57), accounting for water and nitrogen limitations. Soil biogeochem-
istry is represented through a vertically resolved decomposition cascade that 
conserves carbon, nitrogen, water, and energy during land-use and management 
transitions (58, 59). Detailed descriptions of these processes are available in ref. 
60. However, the default CLM5 does not support the simulation of agrivoltaics 
and their interactions with dynamic ecosystems. 

Agrivoltaics Model. To simulate the impact of agrivoltaics on food–energy–water 
nexus, an agrivoltaics model is integrated into the CLM5 (referred to CLM5-AgPV) 
(61). To our knowledge, most, if not all, agrivoltaic models inadequately repre-
sent how biophysical and biogeochemical processes responses to agrivoltaics, 
primarily due to the limitations of rigid frameworks. Although a few modeling 
studies examine how solar panels create shade and alter microclimates, they 
often ignore changes to complex carbon cycle and crop growth (14), limiting 
insights into synergies among food production, renewable energy, and water 
conservation. In this study, we develop the CLM5-AgPV model by extending the 
subgrid heterogeneity framework, incorporating rainfall redistribution by solar 
panels (62), refining surface roughness (63), and integrating the electrical energy 
budget into the surface energy budget (64) of CLM5 (SI Appendix, Figs. S23–25). 
Detailed information on model formulations can be found in the Supplementary 
Text: CLM5-AgPV model development. 

Economic Model. We next integrate a benefit–cost analysis (15) with CLM5-
AgPV, which allows us to assess the profitability of agrivoltaics compared to 
conventional agriculture (crop-only) or standalone solar systems (PV-only). We 
estimated annual net profits per acre from crop production and electricity gen-
eration for agrivoltaics (πF,AgPV and πSD,AgPV), conventional agricultural (πF,CA), and 
standalone solar systems (πSD,PV). For crop production, profits account for yield, 
crop price, variable and fixed costs, and land-lease expenses, with all economic 
parameters specified.The agrivoltaic configuration assumes that a fraction of each 
acre is allocated to solar panels, with the remainder cultivated, and no buffer area 
reserved. For electricity generation, net profits are calculated from annual elec-
tricity production, power purchase agreement prices, renewable energy credits, 
and the levelized cost of energy. Model formulation and parameterization are 
detailed in SI Appendix, Supplementary Text: Economic Model Development, with 
a full list of parameters provided in SI Appendix, Table S1. For farmers, agrivol-
taic adoption depends on whether profitability exceeds the threshold at which 
net returns surpass those from conventional agriculture. For solar developers, 
adoption similarly requires net returns greater than those from standalone solar 
installations. These distinct economic thresholds define adoption decisions for 
each stakeholder group and are consistent with approaches used in previous 
studies (39). 

Field Measurements and Model Evaluation. Our comprehensive validation fol-
lows a multistep, multiscale framework. First, we perform an extensive, multiscale 
evaluation of the CLM5 model to establish its reliability in simulating agricultural 
processes. At the site scale, we select two AmeriFlux network sites that represent 
different climate and soil conditions for maize and soybean across the Midwestern 
United States. Specifically, we use comprehensive eddy-covariance data from the 
US-Ne3 site (University of Nebraska-Lincoln, Mead) and US-Ro1 site (Minnesota), 
obtaining GPP, net ecosystem exchange (NEE), and ecosystem respiration (Reco) from 
FLUXNET2015 Tier 1 (US-Ne3) and AmeriFlux Level 2 (US-Ro1) datasets (SI Appendix, 
Fig. S26). At the regional scale, we benchmark model performance using county- 
level rainfed yield data from the USDA NASS and the high-resolution (30 m) daily 
SLOPE GPP dataset (SI Appendix, Figs. S27 and S28), providing a robust assessment 
of model fidelity. Furthermore, we conduct a dedicated, site-specific validation of the 
CLM5-AgPV model. We select two representative agrivoltaic field sites characterized 
by contrasting environmental conditions.The first one is Solar Farm 2.0 in Champaign, 
Illinois (40.07°N, 88.18°W) representing temperate climate conditions, where we 
collect soybean yield and aboveground biomass measurements (SI Appendix, Fig.S29 
A and B). The second site is Jack’s Solar Garden in Longmont, Colorado (40.16°N, 
105.07°W), which experiences a semi‐arid climate with a mean annual temperature 

of 9.7 °C and mean annual precipitation of 365 mm. Beneath the panels, perennial 
C3 grasses are grown, with measurements including PPFD, soil moisture, and NPP 
(SI Appendix, Fig. S29 C–H).While this site represents grassland rather than cropland 
and lies outside our primary study region (US Midwest), it provides the only accessi-
ble long-term dataset for agrivoltaics validation in North America.To our knowledge, 
no comparable observational datasets exist for agrivoltaics over cropping systems in 
the US Midwest. Despite ecological and geographic differences, Jack’s Solar Garden 
remains a critical site for assessing model credibility. Our ongoing fieldwork across 
multiple locations aims to support future refinement and validation of CLM5-AgPV. 
Detailed information on plant characteristics and agrivoltaics for the two sites is availa-
ble in refs.17 and (65),respectively.All model-observation comparisons are evaluated 
using the coefficient of determination and rms error. 

Simulation Experiment Design. We use the CLM5 with agrivoltaic capabili-
ties (CLM5-AgPV) to perform offline simulations assessing food–energy–water 
interactions under agrivoltaics. Our study focuses on maize and soybean pro-
duction across the Midwestern United States (25°N-53°N, 83°W-104°W) at a 
spatial resolution of 0.47° × 0.63°. The region satisfies key criteria for agrivoltaic 
deployment, characterized by extensive, contiguous croplands and gentle topog-
raphy suitable for both agriculture and solar development. Within each county, 
terrain with slopes <10° constitutes the dominant land area, while slopes >10° 
represent only a minor fraction. It also receives ample solar radiation, with mean 
global horizontal irradiance of 3.97 kWh m−2 day−1 , exceeding commonly used 
thresholds (>3 kWh m−2 day−1) for efficient electricity generation (SI Appendix, 
Fig. S30). Moreover, several states, including Illinois and Minnesota, are advanc-
ing dual-use solar through supportive policies (13). In the simulations, solar 
panels are configured exclusively over existing maize and soybean croplands, 
with panel coverage levels varying across scenarios. We exclude agrivoltaics 
over irrigated maize and soybean systems because a) irrigation accounts for 
only a small fraction (~13%) of maize and soybean cropland in the Midwest, 
and b) integrating solar infrastructure with large-scale irrigation systems, such as 
center pivots, poses substantial engineering and economic challenges that merit 
dedicated future investigation. Accordingly, our analysis focuses on the region’s 
extensive rainfed agroecosystems, which dominate Midwestern agriculture and 
are most representative of large-scale deployment potential of agrivoltaics. The 
paired offline simulations are used to compare the biophysical and economic 
outcomes from conventional agriculture and agrivoltaics over rainfed maize and 
soybean land across the climate gradient in the US Midwest. Model parameteri-
zation incorporates soil properties from the International Geosphere-Biosphere 
Programme datasets (66) and crop-specific physiological parameters validated 
against field observations. 

Our simulation experiments employ a systematic, multistep design. First, a 70- 
year model spin-up (1929–1999) is performed to achieve quasi-equilibrium in 
carbon, water, and energy states for subsequent analysis. Second, for the current 
period (2000–2014), we conduct a control simulation representing conventional 
agriculture (crop-only, no solar panels) using climate forcing from the Global Soil 
Wetness Project Phase 3 (GSWP3) (67).Third, we simulate agrivoltaics over the same 
2000–2014 period, testing solar panel ground coverage ratios of 20%, 33%, and 
50% to reflect realistic deployment ranges. For each scenario, we assess biophysical 
and economic impacts of agrivoltaics across the regions.To capture market dynam-
ics, we conduct a sensitivity analysis to evaluate how changes in economic param-
eters affect the profitability of farmers and solar developers during 2000–2014. 
Three key parameters, crop price, land leasing fee, and PPA price, are varied based 
on their central roles in determining economic outcomes. This analysis explores a 
realistic range of market conditions and their implications for the economic viability 
of agrivoltaics. Finally, land-use scenarios, including conventional agriculture and 
agrivoltaics, are projected from 2015 to 2100 using CMIP6 data (68–73). Detailed 
information can be found in the SI Appendix, Supplementary Text: Future Climate. 
Note that our model does not explicitly incorporate potential land-use transitions 
under future climate conditions, such as the potential emergence of abandoned 
or marginal lands in the western U.S. Midwest, as this would require additional 
assumptions about land-use dynamics beyond the scope of this study. 

Causal Analysis. To disentangle the direct and indirect effects of agrivoltaic 
design on energy, water, food, and land outcomes, we use a piecewise struc-
tural equation modeling (SEM) to quantify the causal relationships among 
photovoltaic ground coverage ratio, top-of-crop radiation, canopy temperature, D
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evapotranspiration, canopy vapor-pressure deficit, soil moisture, water-use 
efficiency, GPP, crop yield, electrical energy generation, and land equivalent 
ratio across semiarid and humid climate zones. We first construct a hypothe-
sized conceptual model (SI Appendix, Fig. S31 and Table  S3) that include all 
reasonable pathways. Nonsignificant paths and variables are then sequentially 
removed until only statistically significant relationships remain and/or model fit 
ceased to improve, as indicated by the minimization of the Akaike Information 
Criterion (AIC) (74). Model fit is evaluated using Fisher’s C test (75). To assess 
model explanatory power and hypothesis significance, we calculate R2 values for 
maize and soybean yield. Upon achieving satisfactory model fit, we interpret the 
standardized path coefficients and their associated P values, where each coeffi-
cient represents the strength and direction of the partial relationship between two 
variables. The SEM is conducted in R package piecewiseSEM (version 2.3.0) (76). 

Data, Materials, and Software Availability. The NCAR Community Land Model 
version 5.0 (CLM5.0) is available on GitHub: https://github.com/ESCOMP/ctsm 
(50). The developed agrivoltaics model (CLM5-AgPV) is deposited on Figshare 
(77). Measurement datasets from two agrivoltaic sites, Solar Farm 2.0 in 
Champaign, Illinois, and Jack’s Solar Garden in Longmont, Colorado, are archived 
on Figshare (78). FLUXNET2015 dataset is available at http://fluxnet.fluxdata.org/ 
data/fluxnet2015-dataset/. NLDAS-2 forcing dataset can be accessed at https:// 
ldas.gsfc.nasa.gov/nldas/nldas-2-forcing-data, and GSWP3v1 dataset at https:// 
search.diasjp.net/en/dataset/GSWP3_EXP1_Forcing. Remote sensing SLOPE GPP 
data are obtained by ref. 79, and maize and soybean yield data are provided by 
the USDA at https://quickstats.nass.usda.gov/. 
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