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Irrigated agriculture enhances crop yields and climate resilience but also
contributes to CO, emissions through energy use. Here, we apply energy
system modeling to evaluate cost-emission trade-offs in electrified irrigation
across the United States, integrating hourly energy production and historical
water demand. We find that current practices are highly inefficient, leading to
23% (0.89 billion US dollar) higher costs and 39% (3.8 million metric tons of
CO,) more CO, emissions compared to the cost-optimal scenario, primarily
due to reliance on diesel water pumps and limited solar photovoltaic adoption.
Under cost-optimal conditions, 6.6 gigawatt of solar photovoltaic is deployed,
and electric water pump installation capacity increase by 14% (11.3 10° m*h?)
relative to current levels. Emission reductions of 85% are achievable at mar-

ginal additional cost (+0.7%), whereas reaching net-zero roughly doubles
system costs relative to business-as-usual. Renewable-powered electrified
irrigation can thus deliver substantial, low-cost emission reductions but
requires operational adaptation to solar-based systems.

Humanity faces the dual challenge of increasing food production to
sustain a growing and wealthier population’, while mitigating the
environmental impacts of agriculture’. At the same time, global
warming is expected to alter rainfall patterns and intensify the fre-
quency and severity of droughts, although these changes will vary
regionally and are subject to uncertainties in climate projections™*.
This is particularly concerning given that approximately 80% of global
agricultural land relies on rain-fed systems, which are vulnerable to
droughts>®.

Irrigated cropping systems offer a viable solution, providing
higher yields than rain-fed agriculture and enhancing resilience by
reducing dependence on unpredictable rainfall’. However, irrigation
accounts for ~90% of global water consumption, making it a primary
driver of global water scarcity®, which leads to aquifers, rivers, lakes,
and environmental flows depletion® ™. Moreover, as global tempera-
tures rise, water availability for irrigation is becoming increasingly
uncertain, amplifying risks to agricultural sustainability'>”. Addition-
ally, irrigation itself contributes to greenhouse gas emissions, primarily
through energy-intensive water pumping', emitting about 213 million
metric tons of carbon dioxide (Mt CO,) annually worldwide, or 0.6% of
global CO, emissions”. Groundwater pumping accounts for 91% of

these emissions, with diesel-powered pumps contributing 55% and
electric pumps 45%, highlighting the potential for electrified low-
carbon systems to reduce emissions™'. In the United States (U.S.),
energy-related emissions from irrigation were 12.6 Mt CO, in 2018,
with emissions varying by energy source, crop type, and location”.
Recent work has also quantified additional greenhouse gas emissions
from nitrous oxide, groundwater degassing, and water transfers,
underscoring the broader climate impacts of irrigation practices'®".

Efforts to reduce energy-related emissions from irrigation have
highlighted promising solutions®. The introduction of energy- and
water-efficient irrigation systems, such as low-energy precision appli-
cation and drop nozzle spray systems, can cut energy use by ~20% and
greenhouse gas emissions by ~15%°. These technologies use less water
than traditional systems by minimizing evaporative losses, lowering
flow rates, and reducing pressurization requirements”. Other studies
have proposed using renewables to power electric water pumps to
reduce CO, emissions from irrigation practices™"*"*2, Agrivoltaics, the
simultaneous use of land for agriculture and solar photovoltaic (PV)
systems energy production, could offer benefits such as reducing plant
drought stress, increasing crop yields, and improving solar PV panel
energy efficiency®.
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While solar PV presents a promising low-carbon energy solution
for irrigation, a considerable challenge lies in the mismatch between
renewable energy production and the timing of irrigation water
demand. This temporal misalignment necessitates strategies for stor-
ing either water or electricity to ensure reliable operations. Despite the
critical role of irrigation in global food production, few studies have
applied macro energy system modeling and optimization to assess the
alignment of renewable energy availability with irrigation water needs.
Addressing this gap is essential to advance knowledge on achieving
net-zero energy emissions in irrigation practices and optimizing
renewable energy use for agricultural sustainability. Additionally,
regional variations in irrigation water demands, irrigation systems,
energy sources for pumping, and factors like groundwater depth
create unique challenges. The impact of these regional differences on
the cost-effectiveness or feasibility of net-zero emission solutions is
not well understood.

Here, we design optimal irrigation systems to minimize both costs
and energy-related CO, emissions, accounting for existing infra-
structure and practices across 774 irrigated counties in the U.S.,
representing high irrigation demand areas and covering 98% of U.S.
agricultural irrigation water use. A unique aspect of this work is the
application of methodologies traditionally used in energy system
modeling to water resources research. Specifically, we address the
critical yet often-overlooked challenge of hourly mismatches between
irrigation water demand and renewable energy availability, particularly
from solar PV. We focus on solar PV systems as a distributed energy
resource because they are cost-competitive, widely deployable at the
farm scale, and can directly power irrigation infrastructure*, while
other options such as wind or hydropower face geographic, infra-
structural, or scalability constraints in many agricultural regions?.
Using a multi-objective analysis, for each county with irrigation in the
U.S., we examine the trade-offs between cost and emissions for irri-
gation systems while incorporating detailed hourly modeling of
energy production and water demand. This temporal granularity
enables us to assess the alignment, or misalignment, between solar PV
energy generation and irrigation water needs. To ensure water avail-
ability during periods of low or no solar PV production, we incorporate
electricity and water storage solutions, such as batteries and water
tanks. Our methodology accounts for regional variations in climate,
agricultural practices, and energy resources. The U.S. was chosen for
this analysis due to its important role as a global food producer,
accounting for about 7% of the global harvested crop area”, 13% of
global cereal production by mass”, and 6% of global agricultural irri-
gation water withdrawals®. Additionally, the U.S. offers comprehen-
sive, reliable historical irrigation data at the county level, which is
essential for this spatially explicit analysis®.

By bridging energy system modeling with water research, our
study provides a framework to explore pathways for achieving net-
zero energy emissions in irrigation. This approach identifies energy-
related cost-emission trade-offs while addressing challenges arising
from location-specific water demands, renewable energy potential,
and infrastructure constraints. This study aims to inform strategies for
enhancing economic and environmental sustainability in agricultural
water management, contributing to climate change mitigation and the
resilience of agricultural systems.

Results

Optimization framework and scenario design

We developed a multi-objective optimization model using linear pro-
gramming to minimize energy-related costs and CO, emissions (direct
emissions from fuel combustion and indirect from electricity usage)
from irrigated agriculture in the U.S. with a county level spatial reso-
lution. The model determines the optimal portfolio of technologies,
capacity expansion, and operations to minimize these objectives.
Specifically, we quantified trade-offs associated with solar PV capacity,

water storage, electricity storage via batteries, and the capacities and
usage of electric and diesel water pumps.

To solve the model, we applied the epsilon constraint method*°,
where energy-related costs are minimized while CO, emissions are
incorporated as a constraint. By progressively reducing emission limits,
the model identifies optimal solutions that balance costs and emissions.
Based on these solutions, we define three key scenarios: (i) Business-as-
Usual (BAU), (ii) Cost-Optimal, and (iii) Net-Zero, where energy-related
emissions are fully eliminated. The BAU scenario reflects the continued
operation of the currently installed diesel and electric pumps, without
any new investments or technological changes. It represents the exist-
ing infrastructure and its associated operating costs, serving as a
baseline for comparison, with the grid carbon intensity fixed at 2023
levels. The Cost-Optimal scenario aims to minimize total system costs
without explicitly constraining CO, emissions. This scenario allows us to
explore whether a purely cost-driven approach could lead to emissions
reductions, thereby highlighting potential inefficiencies in the current
irrigation system. Finally, the Net-Zero scenario imposes a constraint to
eliminate both direct emissions from fuel combustion and indirect
emissions from electricity use, representing a fully decarbonized irri-
gation system. The analysis accounts for energy and water balances,
technology-specific constraints (e.g., maximum installed capacity, effi-
ciency limits), and storage dynamics (e.g., charging or discharging los-
ses). We optimized a single representative day of each month over the
course of one year, reflecting the monthly resolution of water with-
drawals data, while capturing the daily variation in water demand and
solar PV energy production.

Figure 1 summarizes the methodological framework, which is
described in detail in the Methods section. Input data (Fig. 1a),
including irrigation types, water withdrawals, costs, CO, emissions,
and technology parameters, undergo preprocessing (Fig. 1b) to ensure
consistency and suitability for the optimization model. Preprocessing
steps include calculating the energy required to pump water in each
county based on groundwater depth and the shares of surface and
groundwater, converting annual withdrawals to monthly, estimating
the installed capacity of diesel and electric water pumps and aggre-
gating hourly solar PV capacity factors into one representative day per
month. The system design (Fig. 1c) integrates water pumps, solar PV,
grid electricity, diesel, water storage, batteries, and irrigation tech-
nologies (drip, surface, and sprinkler). Figure 1d illustrates the model’s
spatial resolution at the county level and a temporal resolution of one
representative day per month over a year. The optimization approach
(Fig. 1e) is based on a multi-objective linear programming model that
minimizes costs and CO, emissions using the epsilon constraint
method. Finally, the outputs (Fig. 1f) outline possible transition path-
ways, including cost-optimal and net-zero emission solutions, as well
as technology selection and operation strategies for irrigation systems.

Trade-offs between cost and carbon emissions

Figure 2 presents the Pareto front between irrigation costs and energy-
related emissions in the U.S. The curve spans the full design space,
from net-zero emissions systems (achieved at higher costs) to today’s
high-emissions systems (associated with lower costs). This trade-off
curve highlights how reducing emissions increasingly requires higher
investment, while minimizing costs generally leads to higher emis-
sions. The BAU scenario results in total costs of $3.8 billion per year
and emits 9.89 Mt CO, emissions annually (Fig. 2) aligning with pre-
vious CO, emissions estimates". We found that 33% of energy-related
CO, emissions originate from diesel use, while the remaining 67% are
attributed to grid electricity consumption annually (Fig. 2).

The cost-optimal scenario reduces both cost and CO, emissions
compared to the BAU. It lowers total costs by $0.89 billion per year
(-23%), bringing annual costs down to $2.95 billion per year (Fig. 2).
Additionally, the cost-optimal scenario achieves a 39% (3.8 Mt CO, per
year) reduction in CO, emissions, resulting in 6.1 Mt CO, per year (1.6%
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Fig. 1| Methodological framework for identifying optimal decarbonization
pathways in irrigation systems based on energy-related costs and emissions.
a Input data include irrigation water demand, cost data, CO, emissions, and tech-
nology parameters. b Preprocessing converts raw input data into formats suitable
for the optimization model. ¢ The schematic illustrates the technologies (diesel and
electric water pumps, water storage, batteries, solar photovoltaic (PV), and irriga-
tion technology, drip, sprinkler, surface irrigation) and energy inputs (grid elec-
tricity, diesel, and solar PV) used in this analysis. Energy and water flows are color-

coded: electricity in green, diesel in orange, and water in blue. d Spatial resolution
focuses on county-level analysis across the U.S., while temporal resolution captures
one representative day per month over a year. e Multi-objective optimization
minimizes costs and CO, emissions using an epsilon constraint method. f Outputs
provide transition pathways for cost-optimal and net-zero scenarios, detailing
technology selection and operation. Icons from Flaticon or Microsoft PowerPoint.
County boundaries from the U.S. Census Bureau 2023 Cartographic Boundary Files
(data.gov).

from diesel and 98.4% from grid electricity) (Fig. 2). Further reductions
in emissions can be achieved with minimal cost increase (Fig. 2). For
instance, CO, emissions can be reduced to 1.53 Mt CO, per year, which
is an 84.6% reduction compared to the BAU, with only exceeding the
costs of the BAU scenario by 0.7% (Fig. 2). However, achieving net-zero
emissions comes at a substantial cost, doubling total costs compared
to the BAU scenario, reaching $8.0 billion per year (Fig. 2). The non-
linear cost increase when approaching net-zero underscores the need
to balance financial feasibility with environmental goals, particularly in
addressing “last-mile” emission reductions.

In the BAU scenario, grid electricity accounts for 55.3% of total
costs, while diesel contributes 27.5% (Fig. 2). In the cost-optimal sce-
nario, diesel use is nearly eliminated (1.1%), the share of grid electricity
falls slightly to 51.8%, and solar PV emerges as a major cost component,
representing 21.5% of total costs. This shift indicates that solar PV-
driven irrigation is a more cost-effective option than diesel pumping.
In the net-zero scenario, the share of grid electricity drops to zero, as
the grid is not carbon free. New cost contributions arise from solar PV
(51.1%), battery storage (6.5%), and water storage (31.2%). Electric water
pump costs remain essentially constant across all scenarios.

Trade-offs in infrastructure deployment for CO, emissions
reduction

Figure 3 illustrates the installed capacities of solar PV, water storage,
batteries, and electric water pumps for varying levels of CO, emissions.

These results underscore the complex trade-offs between achieving
emissions reductions and the required infrastructure investments. As
emissions approach net-zero, the cost increase becomes increasingly
steep and non-linear, emphasizing the economic and operational
challenges associated with stringent emission targets.

Grid electricity usage remains largely consistent between the BAU
and cost-optimal scenarios (Fig. 3b) but is gradually reduced as emis-
sions targets become more stringent, eventually being phased out
completely in the net-zero scenario due to its associated emissions.
Throughout this transition, electric pumps are increasingly supplied
by renewable energy from newly installed solar PV systems (Fig. 3d). In
contrast, diesel usage is already substantially lower in the cost-optimal
scenario compared to BAU and continues to decline linearly as emis-
sions reductions deepen, until they are fully eliminated in the net-zero
scenario (Fig. 3a). This transition highlights key trade-offs. Diesel
pumps are not cost-optimal due to their low efficiency (30% for diesel
pumps vs. 80% for electric pumps). While grid electricity remains cost-
effective for moderate decarbonization, net-zero scenarios require
substantial investments in renewable energy, particularly solar PV.

Additional electric water pump capacity in the cost-optimal sce-
nario reaches 1.13 x107 m3 h™ capacity compared to BAU, increasing
gradually until emissions are reduced to 3.0 Mt CO, per year (Fig. 3¢).
Achieving net-zero emissions requires a 2.6-fold increase in capacity
compared to the cost-optimal scenario. This oversizing reflects the
need to maximize solar PV utilization, ensuring efficient use of
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capacity of electric water pumps [10’ m*h™], d installed capacity of solar PV [GW],
e installed energy storage capacity of batteries [GWh], finstalled capacity of water
storage [10” m’]. The cost-optimal, net-zero, and business-as-usual (BAU) scenarios
are highlighted for reference.

renewable energy during periods of high generation. However, this
strategy introduces inefficiencies, as the oversized pump capacity may
remain underutilized during periods of lower energy availability.

The steep increase in solar PV installations from 6.6 GW in the
cost-optimal scenario to 42.3 GW in the net-zero scenario demon-
strates the system’s heavy reliance on solar energy to achieve emis-
sions reductions (Fig. 3d). The U.S. had a total installed solar PV
capacity of 122.1 GW in 2024, meaning that achieving net-zero irri-
gation in our scenario would require a capacity increase equivalent to

almost 35% of the entire solar PV fleet. Given that solar PV installations
require around 10 km2 per GW*, the cost-optimal scenario would
necessitate between 66 km?2, while the net-zero scenario would require
approximately 423km2 By comparison, California covers
424,000 km?, and San Francisco County spans 121 km2*, Expanding
solar PV to this extent highlights the challenge of efficiently integrating
growing generation into the system, raising concerns about resource
use and overall efficiency. However, it also presents opportunities to
repurpose curtailed energy for powering other industries or storing
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energy for later use*, which represents a relevant opportunity but is
beyond the scope of this study.

Water storage capacity is not cost-effective at higher emissions
levels but becomes essential as emissions approach net-zero. Storage
is first deployed at an emission level of 1.5 Mt CO, per year, requiring
0.95x107m3 of capacity (Fig. 3f). At net-zero, the required water
storage reaches 9.79 x 107 m3, 1.64 times larger than California’s Oro-
ville Dam™®, the largest dam in the U.S., which holds -6 x 107 m3. This
large water storage requirements highlight a critical trade-off: as
renewable energy dependence increases, so does the need for large-
scale storage to buffer variability. This not only drives up costs but also
intensifies resource consumption, including land, materials, and
infrastructure, challenging the feasibility and sustainability of large-
scale deployment.

Battery installations mirror the non-linear increase observed in
water storage. While absent at higher CO, emissions levels, batteries
become crucial as emissions approach net-zero, reaching a capacity of
2.2 GWh with an associated cost of $0.5 billion per year (Fig. 3e). For
context, the U.S. planned 16 GW of utility-scale battery capacity by
2023; the battery storage required for net-zero in our scenario would
represent 12.5% of this capacity®. The sharp increase reflects the need
to store excess solar PV generation during peak periods and supply
power during low-generation intervals.

County-specific technology and energy sources

While Fig. 3 highlights the non-linear increase in installed capacities
and fuel usage as emission constraints become stricter, Fig. 4 offers a
spatial perspective on the deployment of energy sources (grid elec-
tricity and diesel) and technologies such as diesel water pumps, elec-
tric water pumps, solar PV, batteries, and water storage across U.S.
counties. The spatial analysis reveals key trade-offs in the transition
toward low-emission and net-zero systems, showing substantial het-
erogeneity across counties. This variability reflects differences in
resource availability, infrastructure, and technological feasibility,
shaping each county’s pathway to decarbonization.

In the BAU scenario, no new capacity is added. Instead, existing
diesel and electric water pump capacities are used to reflect current
infrastructure as accurately as possible (Fig. 4a, d, g, j). Water pumping
remains dependent on diesel and grid electricity, following present
usage patterns. This scenario represents the status quo, illustrating
how continued reliance on current systems leads to high operational
costs and CO, emissions.

In the cost-optimal scenario, grid electricity and diesel usage
decline substantially, particularly in counties with high energy con-
version factors for water pumps (Fig. 4b, e). For example, Kansas and
Oklahoma completely phase out diesel use due to its inefficiency.
While diesel pump installations remain largely unchanged with mini-
mal new deployments (Fig. 4k), electric water pump installations vastly
increase in areas where diesel is more cost-intensive (Fig. 4h). Solar PV
emerges as a dominant energy source across most regions, driven by
its cost-competitiveness (Fig. 4n).

In the net-zero scenario, grid electricity and diesel are eliminated
(Fig. 4c, f). The already existing diesel water pumps remain unused,
and the missing capacity is replaced by electric water pumps (Fig. 4i, I).
Solar PV becomes the sole energy source, with capacity expanding well
beyond the cost-optimal scenario (Fig. 40).

County-specific costs

Figure 5 shows the annual irrigation costs per county and state, high-
lighting where investment is most critical to reduce energy-related
carbon emissions. California has the highest contribution to total
annual costs in the U.S., accounting for 21% under the BAU scenario,
18.7% under the cost-optimal scenario, and 15.1% under the net-zero
scenario, due to its high irrigation water withdrawals of 24.9 m® (-17.0%
of the national total)” and reliance on groundwater pumping.

Following California are Arkansas (16.5% BAU scenario, 14.5% cost-
optimal scenario, 18.7%), Nebraska (9.2% BAU scenario, 8.9% cost-
optimal scenario, 9.5% net-zero scenario) and Idaho (8.5% BAU sce-
nario, 10.6% cost-optimal scenario, 12.8% net-zero scenario).

Cost reduction in the cost-optimal scenario compared to BAU is
driven by two main factors: the conversion efficiency of water pumps
and the current distribution of diesel and electric pumps. Areas with
high conversion factors for diesel pumps (Supplementary Fig. 1) also
tend to have high conversion factors for electric pumps (Supplemen-
tary Fig. 2), as both are influenced by the relative shares of ground-
water and surface water as well as groundwater depth, which are
identical across the two technologies. Regions with high diesel pump
usage benefit the most from switching to electric pumps, as the effi-
ciency gains and cost savings are substantial. Conversely, regions with
a high share of electric pumps are already closer to optimal efficiency,
leaving less potential for further cost reductions. For example, Kansas
and Oklahoma have very high conversion factors for water pumps and
a large share of diesel pumps, leading to substantial cost-reduction
potential. In contrast, some counties in Texas also exhibit high con-
version factors for both pump types, but the state’s low share of diesel
water pumps limits its potential for cost reduction.

Sensitivity analysis

A univariate sensitivity analysis was conducted to evaluate how varia-
tions in key parameters influence total costs and CO, emissions in the
cost-optimal and net-zero scenarios. We varied cost parameters, effi-
ciency factors of diesel and electric water pumps, and the annual
emission factor of the electricity grid. The sensitivity analysis for cost
parameters was performed by defining upper and lower bounds for
the capital expenditures (capex) of all technologies, as well as for
diesel and grid electricity prices (Supplementary Table 2). The sensi-
tivity analysis (Fig. 6) shows that solar PV capital costs lead to the
largest variation in model outputs. In the cost-optimal case, lowering
PV capex by 4.0% reduces annual costs by 15% and CO, emissions by
43%. When PV capex is tripled (upper bound), costs rise by 11%, and
emissions increase by 139%. This shows that the model output for
emissions reacts more strongly to changes in PV capex than the output
for costs, especially when PV becomes more expensive. In the net-zero
case, PV capex variations affect costs between -25% and +46%.

Electric pump capex is the second most influential parameter
after PV capex. In the cost-optimal scenario, electric pump capex
changes annual costs by -16% to +69%, while the variation in emissions
is comparatively small (-0.6% to +6.4%). The small change in emissions
indicates that, even when electric pump capex is varied, the model
does not shift substantially toward diesel pumping, which would
otherwise lead to higher emissions. Electric pumping therefore,
remains part of the cost-optimal technology mix across the tested
range. Electric pump efficiency leads to cost variations of -8% to +5%
and emissions variations of -11% to +7%. In the net-zero scenario,
electric pump capex affects costs between -7% and +32%. Diesel-
related parameters show limited effects. In the cost-optimal scenario,
diesel pump capex leads to cost changes from -0.6% to +10% and no
meaningful change in emissions, indicating that changes in diesel
pump capex do not alter the technology choice in the model; if they
did, emissions would vary. Diesel pump efficiency produces small
variations in both costs (-1.3% to +0.4%) and emissions (-0.3% to
+0.08%). Diesel fuel price leads to cost changes between -0.6% and
+0.2% and emissions shifts between -2.3% and +1.8%. These results
show that the outcomes presented in Fig. 3 are not sensitive to
assumptions about diesel efficiency, diesel price, or diesel pump capex
within the tested range.

Water storage capex has little influence in the cost-optimal sce-
nario but affects costs by -12% to +24% in the net-zero scenario,
reflecting the role of water storage in systems with high PV penetra-
tion. Battery capex produces minimal variation in both scenarios, with
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installed capacity per county. Panels represent three scenarios: Business-as-Usual installed capacity of water storage (p, q, r) [10° m’], and installed capacity of bat-
(BAU) (a,d, g,j, m, p, s), cost-optimal (b, e, h, k, n, q, t), and net-zero (¢, f,i,1,0,r,u).  teries (s, t, u) [MWh].

Sub-figures show: diesel usage (a, b, ¢) [TWh], grid electricity usage (d, e, f) [TWh],
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Fig. 5 | Energy-related costs by county and state for Business-as-Usual (BAU),
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net-zero-emissions scenario (total: $8.0 billion per year).
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Fig. 6 | Univariate sensitivity analysis. This figure presents the results of a uni-
variate uncertainty analysis, showing the impact of individual input variables on the
upper and lower bounds of key output metrics, which can be found in Supple-
mentary Table 1. a illustrates the variation in total annual costs for the cost-optimal
scenario, b displays the variation in total annual CO, emissions for the cost-optimal
scenario, and ¢ shows the variation in total annual costs for the net-zero scenario.
Each bar represents the range of possible outcomes resulting from changes in one
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input factor, such as the capital expenditures (Capex) for PV, electric water pumps,
water storage, and batteries, diesel and grid electricity prices, efficiency for diesel
and electric water pumps, and three National Laboratory of the Rockies long-run

marginal emission rates* (mid-case (mid), high renewable energy cost (high), and
100% decarbonization by 2035(low)). The dashed line in each panel indicates the

baseline output value.

changes below +4%. Changes in grid electricity price leads to cost
differences of -2.5% to +3.1% in the cost-optimal scenario, with emis-
sions effects between -5.6% and +2.5%. Finally, variations in long-run
marginal grid emission factors do not affect the net-zero scenario, as
this scenario is independent of grid electricity given that the grid is not
assumed to be fully decarbonized. The vertical line in Fig. 6 represents
the baseline case based on 2023’s grid emission intensity, while all
three NRL sensitivity scenarios reflect future grid projections with
lower carbon intensities. As a result, emissions in the cost-optimal

scenario decrease (-41% to -66%), while technology choices and sys-
tem costs remain unchanged, since only the grid emission factors vary.

Discussion

Achieving a sustainable and resilient agricultural system requires cost-
effectively decarbonizing energy-intensive irrigation. Our analysis
reveals that the current irrigation system in the U.S. is highly inefficient
in both costs and emissions (Fig. 2). The cost-optimal scenario
demonstrates that more sustainable irrigation practices can also be
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economically viable, simultaneously reducing costs and CO, emis-
sions. Compared to BAU, this scenario lowers total costs by 23% ($0.89
billion per year) while achieving a 39% reduction in CO, emissions (3.8
Mt CO, per year) (Fig. 2).

The inefficiency of the BAU scenario primarily stems from its
reliance on inefficient diesel water pumps and the absence of solar
PV systems, which are critical for a low-carbon transition. Currently,
only 0.7% of all water pumps in the U.S. are powered by solar energy,
with 53% of these located in California®. This highlights a gap
between cost-effective solutions and real-world implementation,
likely due to limited technological awareness and insufficient finan-
cial support. While resources already exist to help farmers incorpo-
rate solar PV¥, the scale of funding and technical assistance may not
yet fully meet demand.

A more ambitious 85% reduction in CO, emissions can be
achieved with just a 0.7% increase in costs. However, achieving net-
zero emissions requires substantial investments in solar PV, water
storage, and batteries, ultimately doubling costs compared to the BAU
scenario (Fig. 2). This non-linear cost increase underscores both the
economic challenge and the importance of prioritizing large emission
reductions as a first step, before pursuing complete elimination of
emissions in a second stage. As reliance on renewables grows, over-
sized capacities and additional storage become necessary to coun-
terbalance intermittency, introducing land and resource constraints
that may vary locally. Solar PV expansion, for instance, reduces
dependency on grid electricity and diesel but requires vast land and
may create substantial land-use pressure, potentially competing with
agricultural or conservation priorities®, although successful examples
of agrivoltaics demonstrate that co-existence is possible under certain
conditions. Beyond these challenges, large-scale PV deployment also
involves indirect emissions from manufacturing and installation that
are not captured in our model. Future work incorporating a full life
cycle assessment should discuss whether decarbonization efforts
deliver a true net climate benefit. At the same time, the oversized PV
capacities required for net-zero also present an opportunity: selling
excess electricity back to the grid could provide additional revenue
streams, partially offsetting system costs.

Although our results show that PV-powered pumping can be cost-
optimal compared to diesel, real-world adoption remains limited due
to several barriers. A key issue is the allocation of costs: diesel systems
involve lower upfront cost but higher ongoing fuel expenses, while PV
systems require a significant capital investment upfront but offer
lower operating costs. Even when total costs over time are lower,
farmers may lack the liquidity, credit access, or risk tolerance to invest
in PV systems without appropriate financial support. Additional bar-
riers include sunk costs in existing diesel equipment, uncertainty
about performance, changes in farm routines, and limited familiarity
with solar technologies. These factors help explain why PV systems are
not yet widely deployed despite their modeled cost advantages.
Closing this gap between modeled cost advantages and real-world
deployment will require targeted financial instruments and improved
access to technical support.

While these results highlight both the promise and complexity of
large-scale irrigation decarbonization, the analysis is subject to several
limitations that should be considered when interpreting the findings.
Our study relies on historical data and therefore does not incorporate
future changes in irrigation demand, or energy price. While this
approach provides a clear baseline of the current system, integrating
projections could offer a more dynamic view of future performance. A
related limitation is that the model does not include the adoption of
more efficient irrigation technologies, such as drip irrigation, as these
are crop dependent and future irrigation expansion remain
uncertain'. Transitioning to such systems often requires a change in
crop type or is feasible only in specific regions, and farmers may be

reluctant to adopt them given high upfront costs and familiarity with
existing infrastructure.

Beyond scope decisions, several modeling choices were driven by
computational tractability and data availability constraints. For
instance, since water withdrawal data are only available at monthly
resolution, we use one representative day per month. Although more
advanced selection methods of representative day exist*’, the monthly
data resolution prevents their application here. This approach still
captures the main seasonal and monthly variability, but falls short in
representing short-term fluctuations or prolonged drought events,
which should be considered when interpreting results. A related sim-
plification is the absence of hourly variation in grid CO, intensity,
which may be relevant in regions with high solar penetration, where
midday carbon intensity is significantly lower than evening peaks.
Incorporating hourly grid emissions should be considered in future
analysis. At the spatial level, county-level aggregation implicitly pools
many individual farms into representative county assets, which may
overestimate utilization and capacity factors of pumps and solar PV
compared to site-specific operations. In practice, irrigation loads are
small, non-coincident, and equipment is not freely shareable across
fields, meaning discrete farm-scale units would likely have lower uti-
lization and higher capex/opex than our aggregated estimates suggest.
As high-resolution irrigated cropland datasets are becoming available,
future analyses focused on specific regions could incorporate site-
specific irrigation patterns, farm-scale equipment sizing, and utiliza-
tion to provide more precise cost and capacity estimates.

Finally, the cost model itself has several important boundaries
worth noting. Our analysis does not account for the additional capital
required to extend electrical service to remote cropland, such as
transmission lines, transformers, or service upgrades. This limitation
has limited impact on the net-zero scenario, where solar systems can
be deployed off-grid similarly to diesel setups. For groundwater-
intensive regions transitioning to grid-connected electric pumps,
these infrastructure costs could affect the overall cost assessment
(Supplementary Note 1). Similarly, the model does not incorporate the
age distribution of existing diesel and electric pumps, nor does it
account for end-of-life value or phased replacement schedules. Since
detailed infrastructure data are unavailable, sunk costs of existing
equipment are not explicitly represented. As a result, the transition
costs for individual farmers may differ from the system-level costs
presented here, even though our results show that the annualized
capex plus opex of new technologies is lower than the opex of con-
tinuing diesel operation. Finally, our comparison of diesel and electric
pumps focuses on device-level efficiency, i.e., the energy required at
the pump shaft per unit of diesel fuel or electricity consumed. We note
that a full thermodynamic comparison would also include upstream
conversion efficiencies of power generation and transmission losses.
In our study, these upstream factors are already reflected in the
emission intensity and cost of grid electricity, so they are not modeled
separately. From the farmer’s perspective, the relevant comparison is
the cost and emissions of the fuels and electricity they purchase, rather
than the primary energy inputs to the system.

Future work could advance this research along three directions.
First, farm- and region-specific analyses incorporating site-specific
irrigation schedules, crop-type constraints, and grid connection costs
would improve cost and feasibility assessments, particularly in regions
where electrification infrastructure remains underdeveloped. Second,
optimizing on-farm electricity use, including the potential to sell
excess solar generation back to the grid, could clarify the role of bat-
tery storage and reduce net system costs. Third, integrating projec-
tions of future irrigation demand, energy prices, and the evolving
carbon intensity of the grid would enhance the long-term relevance of
the model and better capture the interplay between agricultural dec-
arbonization and broader energy transitions.
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Methods

Energy requirements for irrigation water pumping

We assessed energy requirements for irrigation water pumping fol-
lowing the methods of Rosa et al.. Irrigation energy requirement
depends on the volume of water applied and the total pressure head,
which is influenced by the type of irrigation system (drip, sprinkler, or
surface), the energy source (diesel or electric), and the water source
(surface or groundwater)*",

To focus our analysis on areas with high irrigation demand, we
selected counties where irrigation water demand exceeds the 75th
percentile, resulting in a subset of 774 counties. While this includes
only a fraction of all U.S. counties, these 774 counties account for 98%
of the nation’s total agricultural water demand. For each county, we
calculated the energy required to pump water, considering variations
in groundwater depth and irrigation system types. This is expressed
using the conversion factor (CF), which quantifies the energy needed
to pump a given water volume. Higher CF values indicate greater
energy requirements for the same amount of water. Eq. 1 describes the
computation of the CF for each county n (CF,) following the calcula-
tion of Qin et al. ™:

EQ TH
CF =—f—-___ " n 1
"V, T 367 Moy @

EQ,, denotes the energy input in kilowatt-hours (kWh), while V;, is
the volume of water being pumped in a county (n) in m®. TH,, repre-
sents the total water pressure head for each county expressed in
meters (equivalent of the pressure of a 1-meter water column), and the
pump’s efficiency (17pump) is 80% for electric water pumps and 30% for
diesel pumps?®. The factor 367 converts the total pressure head (in
meters) to energy input (in kWh) for pumping 1 cubic meter of water,
accounting for water density (1000 kg m™3), gravitational acceleration
(9.81 ms2), and unit conversion from joules to kWh.

The total pressure head (TH,,) for a given county n (Eq. 2) consists
of three components: the groundwater depth (Lift,), the operating
pressure (H,), and the friction loss (poss), With the friction loss speci-
fied at 0.69 bar®”. Groundwater depth is the vertical distance between
the ground surface and the water table, indicating how far water must
be lifted during pumping to reach the surface. Operating pressure
depends on the water source and irrigation system type, expressed as
the equivalent height of a water column. Friction loss refers to the
energy lost as water moves through pipes, valves, and fittings due to
resistance and turbulence in the flow. Since p,, is given in bars, it must
be converted to meters using water density (p) and gravitational
acceleration (g).

TH, =Lift,+H,+ % 2)

The operating pressure (H,,) in meters for county n (Eq. 3) is cal-
culated as the weighted sum of the pressures required for different
irrigation system types and water sources. by, ; represents the share of
each irrigation system® type i in county n, while p; denotes the pres-
sure requirement (in bar) for irrigation system type. Here, i corre-
sponds to the three irrigation system types: sprinkler, drip, surface.
Similarly, b, ,[%] and b, ,[%] denote the shares of groundwater and
surface water usage from Driscoll et al.” (Supplementary Fig. 3). The
pressure requirements p; for each irrigation system using groundwater
are 0.41 bar for surface irrigation, 1 bar for sprinkler systems, and 3 bar
for drip irrigation®. The pressure associated with surface water bodies
(psy) is O bar®. Since pressure is given in bars, it must be converted to
meters to obtain the equivalent pressure head. This conversion is
performed using water density (p) and gravitational acceleration (g),

ensuring consistency with the total pressure head calculations.

1
Hn: p—g o bn,i “Pi- bn,gw+psw : bn,sw (3)

The groundwater depth (Lift,,) (Eq. 4) is the weighted average of
groundwater depth d,[m], sourced by Lin et al. *°, adjusted by the
share of groundwater use bn,gw[%]”.

Lift, :bn,gw -dy 4)

Because our analysis is at the county-level and detailed monthly
data on groundwater depth are not available, energy losses due to
groundwater decline are out of the scope of this study and are not
quantified.

Irrigation water withdrawals

Crop water demand is met either through rainfall (“green water”) or
irrigation (“blue water”) when rainfall is insufficient’®. Green water
refers to moisture available in the plant’s root zone, while irrigation
water demand represents the supplemental water needed to meet
crop needs'. Water withdrawal refers to the total volume of water
extracted from natural sources (such as rivers, lakes, groundwater, and
reservoirs) for irrigation purposes.

Monthly, county-level irrigation water withdrawals were derived
by scaling annual irrigation water withdrawal data for 2015 from
Driscoll et al. " with monthly distribution patterns provided by Huang
etal. *. Driscoll’s data builds upon the U.S. Department of Agriculture’s
dataset?, resolving inconsistencies and providing a more detailed
account of total water extraction for crop irrigation across U.S. coun-
ties. Huang’s data were derived from four hydrological models
(WaterGAP, HO8, LPJmL, and PCR-GLOBWB for the years 2001 to
2010). These hydrological models provide monthly irrigation water
data at a 5-arcminute resolution (approximately 10 km at the equator)
for the period 2001-2010. For counties with missing monthly data in
Huang et al.”, state-level averages were used to fill the gaps. To assess
the daily balance of energy and water flows, monthly irrigation water
demand was converted to an hourly resolution. We assumed irrigation
occurs evenly between 8 a.m. and 8 p.m., aligning with the daytime
photosynthesis period when crops primarily require water. Monthly
water demand was distributed across the number of days in each
month and further divided by the 12-h irrigation window to calculate
hourly demand.

Solar PV

Hourly and county-specific solar PV capacity factors, representing the
ratio of actual electricity generation to the maximum possible based
on installed capacity, were sourced from Seel et al.** for the year 2022.
These data, derived from the Lawrence Berkeley National Laboratory
and based on historical irradiance estimates from NRL’s National Solar
Radiation Database, include values from multiple utility-scale solar
projects*’. When county-specific data were unavailable, state averages
or data from Bracken et al.”> were used as substitutes. To match the
temporal resolution of water demand data, hourly solar PV capacity
factors were averaged for each hour of a representative day in each
month. This harmonization improved the analysis by ensuring both
datasets aligned, enhancing the accuracy of the results. Details on
capital costs**, operational costs**, and system lifetimes*’ can be found
in Supplementary Table 3.

Grid electricity and diesel prices

For diesel and grid electricity prices, we used state-level mean values
from the years 2013 till 2023, with data from the U.S. Department of
Agriculture*® for diesel and the US. Energy Information
Administration*’ for grid electricity. The carbon intensity of the grid
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represents the grid of the year 2023*®, The prices of diesel*, grid
electricity’” and carbon intensity*® of the grid are presented in Sup-
plementary Figs. 4-6.

Energy and water storage

Solar PV energy production does not always align with irrigation
demand, making energy and water storage necessary. To address this,
we considered batteries for energy storage and water tanks for water
storage, as these are practical options for farmers. Capital and opera-
tional costs (battery®®, water storage’®), lifespan (battery™°, water
storage®), and charging and discharging efficiencies (battery*’) were
sourced from recent literature and are presented in Supplementary
Table 3.

Electric and diesel water pumps

In the BAU scenario, diesel and electric water pumps operate at the
existing installed capacity (measured in m* h™), without modeling any
capacity expansion. Since no dataset reports installed water pump
capacities, we estimated them by allocating each county’s maximum
hourly water demand to diesel and electric pumps based on the share
of each energy source used. These shares were derived from state-level
data on the number of electric and diesel pumps provided by the U.S.
Department of Agriculture and applied uniformly to counties within
each state” (Supplementary Fig. 7). The estimated capacities for each
pump type, along with their capital costs™** and lifetimes, are pro-
vided in Supplementary Table 3.

Formulation of the optimization problem

We formulated and solved a linear programming optimization model
that determines the cost, CO, emissions, installed capacities of tech-
nologies (electric and diesel water pumps, solar PV, batteries, water
storage tanks) and the amount of used water, diesel, and grid elec-
tricity. The optimization problem was solved using Gurobi, a com-
mercial solver”. We used the open-source model ZEN-Garden for
running our simulation®.

We conducted a one-year snapshot analysis for a representative
future year, using current technology costs. Investment costs are
annualized to equivalent annual cost using a 6% discount rate. The
discount rate can be interpreted as either a social rate reflecting long-
term societal welfare or a financial (investor) rate reflecting private
capital costs and risk, with typical ranges of 3-5% and 6-12%,
respectively”. Our use case lies between societal welfare and private
capital perspectives, as it addresses long-term infrastructure planning
while requiring implementation by individual farmers. We therefore
applied a 6% discount rate, which reflects both perspectives and is
commonly used in energy system studies®®. To ensure that technolo-
gies are placed on a comparable economic basis we accounted for
technology specific lifetimes while calculating the annualized invest-
ment costs. The BAU scenario reflects continued operation of the
existing diesel and electric pump stock, while alternative scenarios
allow investment in new technologies.

The multi-objective optimization problem aims to achieve two
key objectives: minimizing cost and CO, emissions. To solve this
problem, we employ the epsilon constraint method®, where one
objective is minimized while the other is converted into a constraint.
The optimization problem is formulated for each county as Eq. 5:

min, Z., =q'x (5)
subjectto Ax<b, (6)
x e RN

Where Z represents the objective function, in this case, the total sys-
tem cost (Z..). The vector x contains the decision variables, q
represents their coefficients, and they are combined into a linear
function. The problem dimension, N, corresponds to the number of
decision variables. The decision variables in our case are the amount of
diesel and grid electricity [MW] used, as well as the capacity expansion
of each technology (solar PV [MW], battery [MW], water storage [m?],
diesel and electric water pumps [m*h™]). The inequality Ax<b (Eq. 6)
defines the constraints in matrix form, where A is the constraint matrix,
and b is a vector representing the upper limits of these constraints.
These constraints ensure the solution satisfies the physical laws, or
technical feasibility, such as energy balances, or capacity limitations.
The full equation of all constraints can be found in the Supplemen-
tary Note 2.

Using the epsilon-constraint method (Eq. 7), CO, emissions were
incorporated as a constraint within Ax<b. First, the model is run
without constraining CO, emissions, representing the unconstrained,
cost-optimal scenario. This initial run determines the maximum CO,
emissions (fco, max) associated with the lowest-cost solution. Next,
progressively stricter CO, emission constraints were applied, limiting
emissions to 75%, 50%, 25%, and 0% of the cost-optimal value by setting
« to 0.75, 0.50, 0.25, and O, respectively (Eq. 7). Setting CO, emissions
to 0% represents the net-zero energy emissions scenario.

Zc02 <4 - Feor ma @ € {0.75, 0.5, 0.25, 0} @)

The total system cost (Z.) include capital cost (Cgypey) and
operational cost (C,y). The operational cost (C,) is adjusted by the
discount factor (df) based on the interest rate (r) (Eq. 8). The discount
factor is used to account for the time value of money, ensuring that
costs incurred in different years are comparable by converting them to
their present value (Eq. 9). This adjustment is necessary for accurately
evaluating long-term investments and operational costs within the
optimization framework.

Z o5t = CCapex + COpex -df (8)
1
df = 1+r 9)

The capital cost (Cgpex) (Eq. 10) is based on the installed capacity
(Py) and the annuity factor (a,) (Eq. 11) of each technology k. Here, k
denotes the set of technologies modeled, which includes electric water
pumps, diesel water pumps, and the irrigation technology (drip, sur-
face, and sprinkler).

The annuity factor (a,) converts the upfront investment cost into
an equivalent annual cost over the lifespan (1) of the technology,
considering the interest rate (r).

K
Ccapex = Z Ck,capex Py ay 10)
k
r
O —— 1
a+n'k

The operational cost (Copex) include operational cost of technol-
ogies (Copex techonology), COSts associated with diesel (Cp) and electricity
(Cq), as well as costs for CO, emissions (Cco,) (Eq. 12). The CO>
emission cost is set to a nominal value of $0.05 per ton. This value is
not intended to reflect real-world carbon prices or a social cost of
carbon, but to act as a small penalty that avoids near cost-equivalent
but high-emission solutions. We verified that this choice has no
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material impact on results, as it contributes less than 1% to total costs.

Copex = Copex, technology + CD + CE[ + CCOZ (12)

The operational cost (Cypey, rechnology) IS defined as the sum of three
terms. The first term accounts for the variable operational costs
(Cy, opexvariavle) OF €ach technology, multiplied by its usage (Uy ,) across
all time steps (t). The second term represents the fixed operational
costs per unit of power capacity (Cy opex fixed power) Multiplied by the
installed power capacity (Py powe)- Finally, the third term accounts for
the fixed operational costs per unit of energy capacity (Cy opexfixedenergy)
multiplied by the installed energy capacity (Py energy)- Each of these
terms is summed over all technologies (k) (Eq. 13). Supplementary
Table 4 provides an overview of the units assigned to each variable and
parameter in the operational cost equation for different technologies.
T K K
copex, technology = Z Z Ck, opexvariable Uk,t + Z Ck, opexfixedpower
=1 k k

t=1
p 13

'Pk, power + Z ck, opexfixedenergy * Pk, energy
k

The cost of diesel and electricity (C, Cp) is calculated as the
product of the amount of diesel and electricity used (U, Up) and their
respective prices (priceg, pricep) (Eq. 14, Eq. 15).

.
Cy =) Up, - pricey (14)

t=1

;
Cp= > Up, - price, (15)

t=1

The sources of CO, emissions are the energy feedstock, specifi-
cally diesel and grid electricity. This implies that minimizing CO,
emissions involves reducing the amount of diesel and electricity
(Ug, Up) used. CO, emissions (Zcq,) are quantified as the product of
the amount of diesel and electricity used (U, Up) by their respective
emission factor, yg,yp (Eq. 16).

Zeo,=Un - Yu+Up - Yp (16)

For emissions, we accounted for Scope 1 and 2 by including CO,
emissions from energy sources such as diesel and grid electricity.
Scope 1 refers to direct emissions from owned or controlled sources,
while Scope 2 includes indirect emissions from the generation of
purchased electricity, steam, heating, and cooling consumed by the
reporting entity”. Scope 3 emissions, which cover all other indirect
emissions across a company’s value chain, were excluded from this
analysis®. The carbon intensity of the grid is based on state-level 2023
data*® and the carbon intensity of diesel was assumed to be 253.1kg
CO,-eq per MWh®,

Sensitivity analysis

A univariate sensitivity analysis was conducted to evaluate how varia-
tions in key parameters influence total costs and CO» emissions in the
cost-optimal and net-zero scenarios. We varied cost parameters, effi-
ciency factors of diesel and electric water pumps, and the annual
emission factor of the electricity grid. The sensitivity analysis for cost
parameters was performed by defining upper and lower bounds for
the capex of all technologies, as well as for diesel and grid electricity
prices (Supplementary Table 2). The uncertainty range for solar PV
system capex was obtained from the International Renewable Energy
Agency**. To determine the range for diesel and electricity prices, we
used data from the U.S. Department of Agriculture*®, and from the U.S.

Energy Information Administration*’, respectively. These ranges
represent the 5th and 95th percentiles of price data from the past
decade. Battery cost ranges were sourced from Cole et al. *°. For water
storage, diesel water pumps, and electric water pumps, price data were
collected from various online sources®****', and the 5th and 95th
percentiles of these values were used to determine the bounds. A
comprehensive table listing all references and parameter ranges can
be found in Supplementary Table 2.

We assumed static efficiencies for electric and diesel pumps. In
practice, pump efficiency depends on the installed pump types, flow
rates, and pumping heads. Because detailed information on the pumps
in use was not available, a flow-rate-based analysis was not feasible.
Instead, we conducted a sensitivity analysis on pump efficiency using
literature-based ranges: 15-50% for diesel pumps and 75-93% for
electric pumps (lower bound: diesel and electric®?, lower bound:
diesel®® and electric®*). From provided sources, we took the largest
range available. All considered data sources are listed in the Supple-
mentary Table 3. To account for different electricity grid conditions,
we used long-run marginal emission rates provided by NRL*, which
capture changes in electricity demand, technology cost, fuel prices
affect grid emissions®® Annualized emission factors were calculated
over a 20-year horizon using a 6% discount rate, consistent with the
rest of the analysis. We evaluated three grid scenarios defined by
NRL®: mid-case (mid), high renewable energy cost (high), and 100%
decarbonization by 2035 (low), which together cover the highest
expected variance in grid carbon emissions. The mid-case reflects
moderate assumptions on technology costs, fuel prices, and demand
growth under continuation of current policies, the high-cost scenario
assumes higher renewable and battery costs, and the 100% dec-
arbonization scenario represents an accelerated transition with rapid
emissions reductions. In Supplementary Table 5 the annual grid
emission values can be found for all NRL scenario as well as the annual
value used for 2023 condition.

Data availability

The data generated in this study have been deposited in the Zenodo
database under accession code https://doi.org/10.5281/zenodo.
18803044.

Code availability

The code used in this study is available in the Zenodo repository at
https://doi.org/10.5281/zenodo.18803044. The open-source ZEN-gar-
den optimization framework is available at https://github.com/ZEN-
universe/ZEN-garden.
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