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Abstract

Agriculture faces intensifying challenges from climate change, threatening both perennial and annual

crops that are crucial to global food and nutrient security. This dissertation advances the modeling

of climate impacts on agriculture by developing and applying a novel statistical framework for

perennial crops, and by scaling and calibrating a process-based model for annual crops, thereby

improving yield projections under climate change and informing adaptation planning.

The first study develops a novel modeling framework that integrates climate modeling, horti-

cultural science, and statistical yield modeling, and applies it to California almonds. Results show

that increasing minimum temperatures and humidity during the bloom and pollination stage, along

with heat stress during the growing stage, are primary drivers of yield losses. Climate change is

projected to reduce almond yields by up to 49% by 2100 under the high warming scenario (SSP585).

However, sustained innovation gains could more than offset climate damages, highlighting the joint

role of technological progress and climate adaptation in perennial systems.

The second study expands AquaCrop, a process-based crop model developed by the Food

and Agriculture Organization, for regional-scale applications. A flexible Python-based gridded

implementation is developed and calibrated using two decades of county-level U.S. maize yield

data, which substantially improves model performance compared to the default field-scale calibrated

AquaCrop. This county-level calibration approach enables AquaCrop to capture both spatial and

temporal dynamics of observation data more effectively than existing approaches, demonstrating

the value of regional calibration for large-scale applications and establishing a scalable framework

for future continental and global assessments.

The third study applies the county-level calibrated AquaCrop to examine U.S. maize production

under climate change. Driven by CMIP6 climate projections, simulations indicate that U.S. maize

production could decline by 17% by the end of the century under the high warming scenario (SSP585),

with particularly severe impacts in the Corn Belt region. Analyses of adaptation strategies show

that irrigation, fertilization, and spatial relocation of maize systems can potentially offset climate

damages, but feasibility is constrained by water availability, land competition, and resource efficiency.

County-level projections provide actionable insights for agricultural policy, crop insurance, and

farm-level planning.
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Together, these studies advance crop modeling for both annual and perennial systems, demon-

strating new approaches to evaluate climate risks and identify potential adaptation strategies. By

bridging methodological innovation with practical case studies of California almonds and U.S. maize,

the dissertation provides insights that are broadly applicable to assessing climate impacts and

informing adaptation strategies across diverse crops and regions.
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Introduction

Food and nutrient insecurity is one of the greatest global challenges, with more than 2 billion people

experiencing moderate to severe food insecurity in 2023 (FAO, 2024). Pressures from population

growth, climate change, and dwindling water resources intensify this crisis (Molotoks et al., 2021;

Singh et al., 2017; Wheeler & Von Braun, 2013; Zhao et al., 2017). Evidence shows that rising

temperatures, shifting precipitation, and more frequent extremes are already depressing yields and

increasing volatility across major crops, with elevated risks of simultaneous production shocks in

multiple breadbaskets (Iizumi et al., 2018; Lesk et al., 2016; Lobell et al., 2011; Ray et al., 2015;

Tigchelaar et al., 2018). Yet most assessments emphasize staple annual crops such as wheat, maize,

soybeans, and rice (Haqiqi et al., 2021; Lobell et al., 2020; Lobell & Gourdji, 2012; Rosenzweig et

al., 2014; Wing et al., 2015), while impacts on perennial crops, such as nuts and fruits that provide

vital nutrition and substantial economic benefits, remain comparatively understudied (Kreitzman et

al., 2020; Leisner, 2020; Olba-Zięty et al., 2021; Shi et al., 2023). Therefore, understanding climate

impacts on both annual and perennial crops is essential to guide effective adaptation and safeguard

food and nutrition security.

In this context, crop models serve as pivotal tools to support research, farm-level decisions,

and policymaking. Statistical crop models find relationships between yield and climate variables

and use these relationships to predict yield under different climate conditions (Lobell et al., 2006).

Without the strict limitation of data inputs, a wide range of variables can be fed to the model. In

addition to weather data and their derivatives, soil characteristics, and water availability, which

are present in most data-driven analysis, cross-disciplinary variables can be included as well to

investigate the interaction between agriculture and other fields. Moreover, statistical modeling

is more widely used to simulate the influence of climate on the yield of perennial crops because
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it is challenging for process-based models to account for long lifespans, multi-year reproductive

cycles, and complex physiology of perennial crops (Zhu et al., 2021). However, statistical crop

models typically lack interpretability and transparency because they do not explicitly represent

crop physiological processes, which limits their utility for understanding biological mechanisms

(C. Kumar et al., 2025; Paudel et al., 2023). In addition, most studies using statistical models to

simulate corp yield do not identify the actual crop physiological processes involved in the climate

effects. Therefore, new approaches are needed to support adaptation to climate change for crops

Process-based crop models simulate the growth of crops with a daily to hourly time step and

generate a series of crop variables, such as yield and biomass, based on equations and theories

from crop physiology, phenology, soil science, and biometeorology (Roberts et al., 2017). Although

the structure of process-based crop models can vary, they usually incorporate multiple modules,

which include but are not limited to plant development, soil-water balance, weather, and farming

management, to comprehensively represent the underlying physical process of crop growth and

the interaction of crop, environment, and farming system (Jones et al., 2003; Keating et al.,

2003; Steduto et al., 2009).Despite their extensive application in crop simulations, process-based

crop models face multiple challenges (Pasquel et al., 2022). For example, inconsistent calibration

procedures are a major source of calibration uncertainty due to variations in parameter selection,

evaluation metrics, and calibration algorithms (Pasquel et al., 2022; Wallach et al., 2021). The lack

of extensive, complete, and consistent observational data is another major limitation, especially

for regional calibration (Grassini et al., 2015). The majority of process-based crop models were

originally developed as site-based to accurately simulate the crop growth process at the field scale

and their initial parameterizations were mostly conducted at the field or plot scale (Seidel et al.,

2018; Wallach et al., 2021). However, parameters obtained from site-specific calibration usually

fail to account for the spatial heterogeneity in crop growth environment, cultivar characteristics,

and management practices, which casts doubts on models’ accuracy and robustness for large-scale

application (Ramirez-Villegas et al., 2017). On the other hand, process-based models are often run

at coarse spatial resolutions, which limit their ability to inform stakeholders. As a result, there is a

need to develop flexible and transparent modeling frameworks that stakeholders can use at higher

resolutions but across large scales.

To assess climate change impacts on agriculture and explore adaptation options, we develop two
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approaches. First, we build a statistical modeling framework for perennial crops by linking crop

yields with key optimal and damaging environmental conditions associated with various growth

stages, and apply it to California almonds, which supply about 80% of the world’s almonds and

provide robust data (California Department of Food and Agriculture, 2022). Second, we scale the

stakeholder-focused process-based model AquaCrop to the continental scale and calibrate it using

U.S. maize as a case study, because maize is the most extensively cultivated and consumed cereal

globally, and U.S. leads in maize production by volume and economic value (FAO, 2024; USDA

NASS, 2025). Together, these efforts advance crop modeling of climate impacts in annual and

perennial systems and provide critical insights for adaptation.
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Chapter 1

Advancing the Modeling of Future Climate and Innovation Impacts

on Perennial Crops to Support Adaptation: A Case Study of

California Almonds

Wu, S., Zikalala, P. G., Alba, S., Jarvis-Shean, K. S., Kisekka, I., Segaran, M., Snyder, R., Monier,

E. (2025). Advancing the modeling of future climate and innovation impacts on perennial crops to

support adaptation: A case study of California almonds. Earth’s Future, 13, e2024EF005033.

https://doi.org/10.1029/2024EF005033
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Abstract

Perennial crops are vital to the global food supply, providing valuable nutrition and economic

benefits, but are at risk of severe climate damages. Most climate research has focused on major

annual crops like cereals and has focused on the overall impact of climate change on yields providing

limited actionable knowledge to support adaptation. In this study, we bring together climate

scientists, biometeorology specialists, plant scientists, and agricultural engineers to develop a new

perennial crop modeling framework that integrates climate modeling, horticulture and agronomy

science, and statistical modeling. We apply this framework to California almonds as a case study,

because they offer robust data to calibrate and evaluate our model. Our model quantifies the

influence of climate in each almond development stage and of innovation on county-level yields.

We simulate future yield changes under a large multi-model ensemble of high-resolution climate

simulations and innovation scenarios. We find that climate change could lead to yield losses of 17%

by 2100 under moderate warming (SSP245) and 49% under high warming (SSP585); however, we

also find that sustained innovation gains could more than offset these negative climate impacts. We

identify increasing minimum temperatures and humidity during the bloom and pollination period

as well as heat stress during the growing period as the main drivers of yield losses. We discuss

synergistic strategies to limit the negative impacts of climate change and to ensure continued gains

from innovation. This modeling approach could provide valuable insights into climate adaptation

strategies for other perennial crops and regions.

1.1 Introduction

Climate change threatens current and future crop production and poses a risk to global food security

(Gregory et al., 2005; Tubiello et al., 2007; Wheeler & Von Braun, 2013). Most studies examining

the impact of climate change on agriculture focus on staple annual crops like wheat, maize, soybeans,

and rice, because these crops are the main source of calories for the global population (Haqiqi et al.,

2021; Lobell et al., 2020; Lobell & Gourdji, 2012; Rosenzweig et al., 2014; Wing et al., 2015). In

contrast, there is limited research on the impacts of future climate change on perennial crops like

nuts and fruits although they serve as a vital source of nutrition and provide significant economic

benefits to society (Kreitzman et al., 2020; Leisner, 2020; Olba-Zięty et al., 2021; Shi et al., 2023).
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The current knowledge gaps in understanding climate-related damages to perennial crops pose

risks to global food and nutrition security and hinder growers’ ability to develop and implement

effective adaptation strategies. To address this, our study advances the modeling of future climate

change and innovation impacts on perennial crops and uses California almonds as a case study. The

Mediterranean climate, the soil, and the geographical conditions of the Central Valley of California

have historically produced high yields for specialty crops, including almond; however climate change

is presenting new challenges that threaten the California almond industry. Ranked second among

agricultural goods produced in California by value, almonds provided cash receipts of $ 5.03 billion,

approximately 10% of the total revenue generated from Californian agriculture in 2021 (California

Department of Food and Agriculture, 2022). Besides accounting for 99% of the domestic supply, the

California almond industry produced about 80% of the world’s almonds and contributed the highest

export value to California among all other agricultural export commodities in 2021. Additionally,

more than 1.2 million jobs were supported by the almond industry in California in 2016 (California

Department of Food and Agriculture, 2022). The importance of California almonds to the global

almond supply and to the agriculture sector of California, coupled with the availability of robust

data, drive our decision to select almonds in California as the case study. Better understanding

the exact pathways involved in climate damages to perennial crops is crucial to identifying and

supporting adaptation strategies to ensure the resilience of the agriculture sector.

Developing process-based models representing the impact of climate on almond yield is challenging

because process-based models generally struggle to simulate the periodic defoliation and subsequent

regrowth of perennial crops (Maestrini et al., 2022). Therefore, empirical modeling is more widely

used to simulate the influence of climate on the yield of perennial crops. Previous research has

indicated certain statistical relationships between almond yield and climate; however, most studies

only focus on key variables like temperature and precipitation or on seasonal averages, thus not

providing direct linkages to almond phenology. For example, previous studies have relied solely on

average minimum daily temperature in February and average January precipitation (Lobell et al.,

2006) or on seasonal average maximum daily temperature and precipitation (Hong et al., 2020) as

predictors of California almond yields. In both studies, little insight is provided on how each variable

considered influences the almond phenological development stages. In fact, almond phenological

stages do not always match seasons, and yields can be influenced by numerous environmental
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factors beyond average temperature and precipitation, like humidity, extreme heat, and wind speed

(Brittain et al., 2013; Connell, 2000; Palacio-Bielsa et al., 2017). As a result, current studies provide

limited actionable information to help growers and production agriculture researchers understand

the major climate drivers that impact almond yield and to support potential adaptation strategies.

In California, the annual life cycle of commonly grown almond varieties encompasses dormancy

stage from November to January, pollination and bloom from February to mid-March, nut growth

stage from mid-March to June, hull split stage from June to July, and the harvest between August

and October (Almond Board of California, n.d.). During the dormancy period, almond trees must

experience a certain amount of winter chill to meet the cultivars’ specific threshold to emerge from

dormancy and bloom in the spring (Benmoussa et al., 2017; Hayhoe et al., 2004; Luedeling et al., 2009;

Rodríguez et al., 2019). The success of pollination is crucial to almond production and honeybee

colonies play a crucial role in transporting almond pollen from one cultivar to another because of

the self-incompatibility of most commercial almond varieties (Connell, 2000; Ortega et al., 2004).

Unfavorable environmental conditions such as cold temperatures (below 12.8◦C) and high wind speed

(higher than 24 km/hr) can hinder the foraging performance of honeybees, compromising almond

harvest (Connell, 2000). The almond pollen physiology including anther dehiscence, germination,

and tube growth is also sensitive to temperature with specific optimum temperature ranges (Connell,

2000). A strong negative correlation between almond yield and February minimum daily temperature

was identified by (Lobell & Field, 2011), of which the underlying mechanism is associated with

higher temperatures shortening the pollination window and impacting the stigma’s reception to

pollen (Lobell & Field, 2011; Ortega et al., 2004). Fungal and bacterial diseases, such as blossom

and twig blight, and delayed dehiscence are serious concerns for almond fruit growth especially

with high humidity or precipitation during the bloom phase (Gradziel, 2009). After the bloom and

before harvest, heat accumulation controls the growth of the almond fruit and nut (Tombesi et

al., 2010). Excessive (or insufficient) heat accumulation can lead to advancing (or delaying) the

fruit maturation, thus impeding the harvest schedule (Benmoussa et al., 2017; Campoy et al., 2011;

Ramírez et al., 2015). Finally, precipitation during the harvest period can delay the timing of

harvest and increase the risk of post-harvest microbial contamination (Hayman & Thomas, 2017;

Palacio-Bielsa et al., 2017; Thomas, 2019).

In addition to being impacted by climate conditions, historical almond yields in California have
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shown steady increases in the past four decades, a direct consequence of continuous efforts to improve

farming practices and advance agronomic technology like pest management, fertilizer application,

and new rootstock varieties (Buchner et al., 2001; Epstein et al., 2001; Ewert et al., 2005; Muhammad

et al., 2015; Romero et al., 2004). Meanwhile, cultivation of drought tolerant almond varieties,

regulated deficit irrigation, and evaporative cooling are studied to adapt to negative influences

such as water scarcity and extreme heat from climate change (Freitas et al., 2023; Jahanzad et

al., 2020; Martínez-García et al., 2022; Parker et al., 2020). For these reasons, it is important to

frame potential future impacts of climate change on almond yields in the context of an industry

experiencing major gains in yield from innovation, which no studies to date have done for future

California almonds. However, because there is limited historical information on the introduction of

improved farming practices and new agronomic technologies, explicitly modeling future innovation

and its impact on future yields is challenging and most studies rely on innovation scenarios (Alston

et al., 1995; Askari & Cummings, 1977; Ewert et al., 2005).

Previous studies using statistical models to simulate crop yield often fail to capture the complex

physiological and phenological processes that drive crop development and yield. Meanwhile, future

yield gains from innovation are usually overlooked in yield projections for perennial crops. To remedy

these shortcomings, we rethink the traditional disciplinary approaches to modeling the impact of

climate change on agriculture and bring together climate scientists, biometeorology specialists, plant

scientists, and agricultural engineers to integrate climate modeling, horticulture and agronomy

science, as well as statistical modeling and machine learning to further our understanding of how the

human-Earth systems interactions shape the future of perennial crops and identify possible adaptation

strategies (Reed, Hadjimichael, Moss, Brelsford, et al., 2022; Reed, Hadjimichael, Moss, Monier,

et al., 2022). We are dealing with the complex integration of human-driven systems (agriculture

and innovation) and natural systems (climate changes), which are interacting dynamically in time

and space, and thus require novel modeling approaches. Specifically, we develop a Least Absolute

Shrinkage and Selection Operator (LASSO) regression modeling framework that links county-level

almond yield to 14 different agro-climate indices (ACIs) (Monier et al., 2016) that represent the main

optimal and damaging environmental conditions associated with the various almond growth stages

and to temporal trends representing yield gains from innovation. The inclusion of phenology-derived

ACIs enables the model to quantify the impact of climate change directly on each phenological
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development stage and provide actionable information to develop targeted adaptation strategies

to limit the negative influence of climate change. We build 1000 LASSO regression models by

randomly selecting 70% of the data 1000 times to estimate confidence intervals in the statistical

relationship between almond yield and ACIs and test each model on the remaining 30%. We then

simulate future almond yields under two high-resolution multi-model ensembles of downscaled

simulations with 8 CMIP6 (Eyring et al., 2016) and 18 CMIP5 (Taylor et al., 2012) climate models,

and under two sets of climate scenarios correspondingly, namely Shared Socioeconomic Pathways

(SSP, (Riahi et al., 2017)) and Representative Concentration Pathways (RCP, (Van Vuuren et al.,

2011)). Finally, we attempt to incorporate future innovation in our modeling framework by assuming

three innovation scenarios based on historical almond yield trends: a sustained innovation scenario

that assumes continued historical yield trends; a decelerating innovation scenario that assumes

innovation exponentially plateaus by 2100; a climate change only scenario, where no additional

innovation is assuming past 2020.

1.2 Data and methods

1.2.1 County-level Almond Data in California

The United States Department of Agriculture (USDA) National Agricultural Statistics Service

archived and published detailed county-level crop statistics, including yields, production, harvested

areas, and prices (USDA NASS, 2023). The recorded crop data dates back to 1980, which provides

us with more than 40 years of observed crop yields for major agricultural products in California.

A total of 16 counties where almond trees are planted are mostly located in the Central Valley

region: Tehama, Butte, Glenn, Yuba, Colusa, Sutter, Yolo, Solano, San Joaquin, Stanislaus, Madera,

Merced, Fresno, Tulare, Kinds, and Kern.

1.2.2 Climate Data

To examine the historical influence of weather and climate on observed California crop yields, we

require high-resolution historical gridded climate information. We use the gridMET dataset for

that purpose (Abatzoglou, 2013). GridMET is derived from the PRISM observational climate data

(Daly et al., 2008) with desirable temporal attributes (and additional variables) from the NLDAS-2
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regional reanalysis (Mitchell et al., 2004), and provides daily gridded surface meteorological variables

at a spatial resolution of 1/24th degree (∼4 km) covering the contiguous United States from 1979 to

present.

To estimate the impact of climate change on California crop yield, we use two large ensembles

of high-resolution future climate projections. We rely on the 3-km resolution version of the

Localized Constructed Analogs Version 2 (LOCA2-Hybrid) climate ensemble developed specifically

for California and that consists of 15 CMIP6 Global Climate Models (GCMs) downscaled using the

Livneh high-resolution historical gridded climate dataset (Livneh et al., 2015) as observational data

for training purposes (Pierce et al., 2023, 2014). LOCA2-Hybrid provides both historical (1950-2014)

and future (2015-2100) climate projections under SSP245, SSP370, and SSP585 scenarios. We also

use the Multivariate Adaptive Constructed Analogs (MACA) version 2 climate ensemble that consists

of 20 CMIP5 GCMs downscaled at 4-km resolution using GridMET as the baseline observational

dataset (Abatzoglou & Brown, 2012), also commonly referred to as MACAv2-METDATA. MACAv2-

METDATA projects both historical (1950-2005) and future (2006-2099) climate variables under

RCP 4.5 and RCP 8.5 scenarios. Because some downscaled GCM simulations lack the variables

needed in this study, we use 8 CMIP6 GCMs from LOCA2-Hybrid and 18 CMIP5 GCMs from

MACAv2-METDATA. Although assumptions used to develop the SSP and RCP scenarios are

different, SSP245 and SSP585 have similar forcing levels as RCP4.5 and RCP8.5 respectively and

they are representative medium and high warming scenarios in their own pathways(O’Neill et al.,

2016).

1.2.3 Almond Cropland Layer

In previous studies developing statistical models linking climate to almond yield at the county level,

climate information is averaged over the entire county, including regions where crops have not been

grown in the historical record, like foothills and mountains. Here, we use the geospatial Cropland

Data Layer (CDL), developed by the USDA, a raster dataset containing historical geographical

locations of croplands across the contiguous U.S. at a 30-m resolution (Boryan et al., 2011). We use

the CDL dataset to identify grid cells where almonds are grown and to calculate the county-level

average climate that almond orchards have been exposed to eliminate regions where almonds have

not been grown historically. Since the CDL dataset for California is only available after 2007, we
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assume that almond orchards prior to 2007 were generally located within the boundaries of the

planting areas of the past 14 years (2007-2020).

1.2.4 ACI calculation

Leveraging the expertise in crop physiology, horticulture, and agronomy of our interdisciplinary

team, we identify the optimal and damaging environmental conditions in each phenological growth

stage, which we refer to as agro-climate indices (ACI). These ACIs can be adapted to other perennial

crops and potentially to annual crops by carefully tailoring them to the specific phenology and

physiology of the crop considered. It is worth mentioning that ACIs may vary across large spatial

scales so ACIs may need to be modified when applied to different regions of the world. The ACIs

used in this study (Table 1) are summarized as follows:

Table 1.1: Agro-Climatic Index list

Dormancy November to January
1. Dormancy_Chill (Benmoussa et al., 2017; Palacio-
Bielsa et al., 2017)
2. Dormancy_ETo (Spinelli et al., 2018; Xue et al.,
2021)
3. Jan_P (Lobell et al., 2007)

Bloom (pollination)
February to

March (First Half)

1. Bloom_P (Connell, 2000; Palacio-Bielsa et al., 2017)
2. Bloom_Tmin (Lobell et al., 2007; Ortega et al., 2004)
3. Bloom_FrostDays (Traynor, 2017)
4. Bloom_ETo (Spinelli et al., 2018; Xue et al., 2021)
5. Bloom_GDD (Connell, 2000)
6. Bloom_Humidity (Palacio-Bielsa et al., 2017)
7. Bloom_WindyDays (Brittain et al., 2013; Connell,
2000)

Growing March to June 1. Growing_GDD(Parker & Abatzoglou, 2018; Rattigan
& Hill, 1986)

2. Growing_KDD(Freitas et al., 2023; Parker et al., 2020)

Hull split June to July 3. Growing_ETo(Spinelli et al., 2018; Xue et al., 2021)

Harvest August to October 1. Harvest_P(Palacio-Bielsa et al., 2017; Thomas, 2019)

Dormancy_Chill: The cumulative chill degree hours during dormancy are calculated by applying
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the trigonometric concept and following the method of (Baldocchi & Wong, 2008):

ChillDegreeHours = 2 ∗ 6
Tave − Tmin

∗ (Tref − Tmin) (1.1)

ETo: Given the available meteorological variables provided by the LOCA2-Hybrid and MACAv2-

METDATA climate datasets, the averaged Reference Evapotranspiration (ETo) is calculated through

the FAO Penman-Monteith equation for dormancy, bloom, and growing periods (R. G. Allen et al.,

1998). Daily ETo data are available in the gridMET dataset but we calculate daily ETo for both

LOCA2-Hybrid and MACAv2-METDATA.

Bloom_FrostDays: Sum of days with daily minimum temperature below 0 ◦C during the bloom

period.

P: Accumulated precipitation (P) over dormancy, bloom, and harvest periods.

Bloom_Tmin: Averaged daily minimum temperature of bloom period.

Bloom_GDD: The cumulative growing degree days (GGD) with base temperature of 4.5 ◦C and

upper temperature of 30 ◦C for the bloom period are calculated based on the single sine method

(J. C. Allen, 1976).

Bloom_Humidity: Averaged daily humidity over bloom period.

Bloom_WindyDays: Sum of days with wind speed greater than 24 km/hr.

Growing_GDD: Cumulative growing degree days (GDD) are calculated using the method as

Bloom_GDD with a base temperature of 4.5 ◦C and a upper temperature of 35 ◦C for the growing

period.

Growing_KDD: Cumulative killing degree days (KDD) are computed using the method as

Bloom_GDD but with a base temperature of 35 ◦C.

The ACIs chosen are largely uncorrelated (Fig. S1).

1.2.5 Statistical Modeling

We select the LASSO regression method to build the statistical relationship between yearly county-

level almond yields and ACIs because LASSO can successfully mitigate the potential multicollinearity

(Chong & Jun, 2005) and provide direct relationships between yields and each ACI. Multicollinearity

is a concept that refers to when several predictor variables in a model are highly correlated (R2 > 0.7),
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Figure 1.1: Evaluation of statistical models. Coefficients of determination (R2) obtained from training
dataset (70%) and testing dataset (30%) for the 1000 statistical models are shown in a. b and c display the
California average yield time series simulated by the 1000 statistical models driven by GridMet climate and
by LOCA2-Hybrid climate over the historical period (1980-2020). Dark (light) shadings represent the 67%
(95%) confidence interval.

which can result in less reliable statistical inferences. LASSO applies the regularization technique

to assign a penalty to the summation of magnitudes of the coefficients, thereby minimizing the

multicollinearity. We teased out outliers and extreme values in data inputs (ACIs) based on Cook’s

distance and standardized them by removing the mean and dividing them by their standard deviation

(Cook, 2000). We trained a total of 1000 statistical models over the 1980-2020 period by randomly

selecting a subset of 70% of the observational dataset and evaluating on the remaining 30%. The

Lasso regression model is shown below:

Yc(t) = Fc + γct +
N∑
i

[αACIi
c(t) + βACIi

c(t)2] + εc(t) (1.2)

where subscripts c, i, and t indicate county, ACI, and year, respectively; Yc(t) is the almond yield for

county c and year t; Fc refers to the county-level fixed effects representing average yield differences

between counties and thus, for example, overall differences in soil quality between counties; γc

represents county-level temporal trends that cannot be explained by climate variations and generally

indicate innovation in agriculture; α and β are the linear and quadratic coefficients; εc is the error

term.

An evaluation of the statistical models over the historical period driven by the gridMET observed

climate (Fig. 1, panel a) shows high coefficients of determination (R2) for both the training set
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(median R2=0.85) and the testing set (median R2=0.80) and the ability to reproduce the trends

and the year-to-year fluctuations in almond yields, thus demonstrating the robust performance of

the statistical modeling approach. Our modeling approach yields higher R2 than the most recent

study that simulates county-level almond yields (Hong et al., 2020) who achieve a training R2

close to 0.78 and a testing R2 close to 0.58, which provides additional evidence that our approach

is effective. We note that when driven by the LOCA2-Hybrid simulated climate, in some years

(i.e. 1984), observed yields fall outside the simulated range, reflecting the well-known inability of

global coupled climate models to capture the exact year-to-year chronological climate fluctuations

observed in the real world. However, the simulated yields accurately reproduce the observed trend

and statistics of year-to-year fluctuations.

1.2.6 Innovation scenarios

We consider three innovation scenarios corresponding to yield increases associated with agronomic

innovation such as improved pest management, deficit irrigation, precision agriculture, introduction

of new varieties, etc. The sustained innovation scenario assumes that advancement of innovation will

continue at the same pace as historical gains (1980-2020), of which the model includes innovation

variables that increase by 1 unit per year and range from 1 at 1980 to 120 at 2099. The decelerating

innovation scenario assumes the increment of innovation variable decreases by year, reaching a

plateau by 2099 with the following equation:

V ariableyear = V ariableyear−1 + (2099 − year)
2099 − 2020 (1.3)

for year ranges from 2021 to 2099 (future period). The stopped innovation scenario assumes no

further agronomic innovation after 2020, of which innovation variable increases from 1 at 1980 to 41

for 2020 and stays at 41 for the future years.

1.2.7 Yield change analysis

When calculating impacts of climate change, we are considering a constant innovation level fixed at

the year of 2020 to capture only the impact of climate change and to remove any influences from

changes in yield associated with innovation trend.
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Figure 1.2: Left panel: projections of historical (1980-2020) and future (2021-2099) California state-wide
yields under the SSP245 (a) and the SSP585 (b) LOCA2-Hybrid climate scenarios for three innovation
scenarios: stopped innovation (red), decelerating innovation (purple), and sustained innovation (blue). Box
plots show distributions of end-of-century (2080-2099) yield predictions, followed by medians of yields and
yield changes (shown in bracket) compared with the historical period (2001-2020). Dark (light) shadings
represent the 67% (95%) confidence interval from the simulations with 8 GCM6 climate models and 1000
statistical models. Right panel: joint probabilistic distributions of different levels of yield losses and number of
years at each loss level for SSP245 scenario (c and d) and SSP585 scenario (e and f) for periods of 2040-2059
and 2080-2099. The dotted, solid, and dashed lines represent curves of probabilities of 10%, 50%, and 90%

1.3 Results

1.3.1 Future state-wide yield projections

Climate change is projected to negatively impact California almond yields by 2100 if growers do

not adopt effective adaptation strategies, but sustained innovation would offset the damages from

climate change (Fig. 2). Under SSP585, climate change alone is projected to decrease yields by

approximately 49% for the median simulation by 2100 compared to the historical period (2001-2020)

but assuming the same innovation rates as in the past four decades, these yield losses would be
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Figure 1.3: Left panel: projections of historical (1980-2020) and future (2021-2099) California state-wide
yields under the RCP4.5 (a) and the RCP8.5 (b) MACAv2-METDATA climate scenarios for three innovation
scenarios: stopped innovation (red), decelerating innovation (purple), and sustained innovation (blue). Box
plots show distributions of end-of-century (2080-2099) yield predictions, followed by medians of yields and
yield changes (shown in bracket) compared with the historical period (2001-2020). Dark (light) shadings
represent the 67% (95%) confidence interval from the simulations with 18 GCM5 climate models and 1000
statistical models. Right panel: joint probabilistic distributions of different levels of yield losses and number of
years at each loss level for RCP4.5 scenario (c and d) and RCP8.5 scenario (e and f) for periods of 2040-2059
and 2080-2099. The dotted, solid, and dashed lines represent curves of probabilities of 10%, 50%, and 90%

more than offset with a net increase by about 42%. Even under the decelerating innovation scenario,

yield losses would be completely offset for the median simulation. Under a milder warming scenario

(SSP245), climate change alone would lead to yield decreases by 17% while both sustained and

decelerating innovation scenarios would far offset these losses with overall gains between 37 and

79% by 2100 for the median simulation. Our analysis demonstrates the large uncertainty in future

changes in Californian almond yields associated with different levels of future innovation scenarios,

and to a lesser degree with future warming levels. In addition, there are significant variations in yield

changes across simulations with climate projections from different climate models and with different
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LASSO regression models. For example, while the median yield loss from climate change is 49%

under SSP585, the 95th confidence interval ranges from 22 to 90%. Under the decelerating innovation

scenario approximately 3000 simulations out of 8,000 show that innovation is not enough to offset the

impact of climate change. We explore these sources of uncertainty in detail in subsequent sections.

Under climate change alone, a number of simulations projects near total losses in specific years by

the end of the century under SSP585, thus indicating severe climate risks to the California almond

industry under a high warming scenario. Finally, without future climate change, innovation could

increase yields by 155% by 2100 assuming the same innovation rates as in the past four decades,

and 113% under the decelerating innovation scenarios.

The yield simulations using the MACAv2-METDATA ensemble under the RCP4.5 and RCP

8.5 scenarios (Fig. 3) provide nearly identical results as with the LOCA2-Hybrid ensemble under

the SSP245 and SSP585 scenarios. Since the two climate ensembles vary in the climate models

considered, the downscaling technique used, the underlying observational meteorological datasets

used for the downscaling, and the scenarios, the consistency in yield projections indicates that the

projected yield changes are robust and that the statistical modeling framework is appropriate.

1.3.2 Volatility of projected almond yield

Climate change is also projected to substantially increase year-to-year yield fluctuations, especially

in the second half of the 21st century. Under SSP585, 75% of the 8,000 simulations display a

significantly higher variance (using an F-test) between the 2080-2099 period and the 2001-2020

period; on average, the variance is projected to increase by roughly 300%. This large increase in

yield volatility further demonstrates the substantial risk from climate change under a high warming

scenario, if growers are not implementing changes in management. We further examine the impact

of climate change on almond yield by examining the frequency and severity of yield losses compared

with the historical period (2001-2020) under simulations without innovation past 2020 (Fig. 2). By

mid-century, 90% of the simulations under either SSP245 or SSP585 project the maximum annual

loss to exceed 15 and 20%, respectively, further increasing to at least 25% under SSP245 and 50%

under SSP585 by end-of-century. Furthermore, 90% of the simulations show at least 10 and 13 years

of loss out of 20 by mid-century under SSP245 and SSP585, respectively, rising to at least 15 years

under SSP245 and 19 years under SSP585 over the 2080-2099 period. Meanwhile, by 2100 under
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the high warming scenario, 10% of simulations show at least 3 years with 100% loss and all years

with a minimum of 35% yield loss. Overall, our analysis shows that climate change will not only

impact average yields but will significantly increase the risk of major annual losses and sustained

losses over multi-decadal periods. However, Fig. 2 (right panel) shows that California is generally

projected to experience frequent but mild yield losses instead of few but severe yield losses.

1.3.3 Spatial distribution of yield change

At the county level (Fig. 4), yield gains from innovation display a large heterogeneity in the northern

half of the Central Valley but are more homogeneous in the southern half. Yuba and Sutter counties,

two northern counties that are directly adjacent to each other, are modeled to benefit the least

from innovation with median yield gains of 0.42 and 0.91 ton/acre by the end of the century with

sustained innovation; Colusa county, which is contiguous to Sutter county, however, is projected

to experience the largest innovation gains with 2.64 ton/acre. Sustained innovation is projected

to result in yield gains between 1 to 2 ton/acre for the other counties by 2100. We note that

our approach to represent innovation assumes that historical innovation gains will drive future

innovation gains in each county independent of other counties. In reality, there is a state-wide trend

in innovation adoption, such as innovations led by Universities or by the California Almond Board,

and county-specific adjustments to that trend, based on local farm advisors and historical differences

in how large and well-resourced farmers are in one county compared to another. In addition, counties

with weak innovation gains coincide with counties that do not have a strong and widespread history

of almond production in the last four decades. These counties may have more recent innovation

adoption but have not yet fully benefited from these innovations and these adoptions may not have

occurred for a sufficient number of years to influence the modeled regressions. For example, given

that almond trees begin bearing fruit in the third or fourth year after planting, widespread adoption

of new rootstock technology would take at least four years to start to reflect in the data. As a

result, innovation trends in this study should not be interpreted as indicating that some counties

will continue to fail to adopt innovation just because they have not yet. Instead, they point to

heterogeneity in past innovation and the potential for yet-to-be-realized innovation gains in various

counties.

The Discrepancy exists in the county-level historical yield changes between LOCA2-Hybrid and
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Figure 1.4: California map of county-level historical yields (green) and yield changes due to climate change
(red) and innovation (purple). A total of 16 counties in California produce most of the almonds. The
county-level historical yields are simulated over the period of 2001-2020. The historical yield changes are
calculated by comparing simulated yields over 2001-2020 with those over 1981-2000, and the future yield
changes are calculated by comparing simulated yields over 2080-2099 with those over 2001-2020 under high
warming scenario (SSP585 for LOCA2-Hybrid and RCP8.5 for MACAv2-METDATA) for those due to climate
change, and under sustained innovation scenario for those due to innovation. The green and purple maps
and the color of each bar in bar plots indicate the yield changes in percentage for each county; The bar plots
show the yield changes in magnitude with error bars representing ranges between 25 and 75% percentiles for
each county.
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MACAv2-METDATA ensembles. In the LOCA2-Hybrid ensemble, Tulare and Kern counties, which

are located in the south, experience the least impact from climate change with yield losses less

than 0.005 ton/acre. Meanwhile, in the MACAv2-METDATA ensemble, the northern counties of

Tehama and Colusa show the least climate change impacts. Generally, LOCA2-Hybrid simulations

demonstrate a more severe yield loss over the historical period than MACAv2-METDATA simulations.

Meanwhile, MACAv2-METDATA simulations show a pattern of climate change impact whereby

the southern half of the Central Valley experiences higher climate damages than the northern half

over the historical period, a pattern that is less clear in the LOCA2-Hybrid ensemble. However,

Solano county experiences the largest yield decline (in percentage) in both ensembles. This shows

that both ensembles have local differences in historical trends.

While the county-level historical yield changes show clear differences between the LOCA2-Hybrid

and MACAv2-METDATA, the future yield changes between the two ensembles are very similar in

terms of magnitudes, percentages, and spatial distributions with median gain losses from climate

change ranging between 0.33 and 0.71 ton/acre under SSP585 (LOCA2-Hybrid) and between 0.39

and 0.7 ton/acre under RCP8.5 (MACAv2-METDATA) over the entire Central Valley. Since counties

in the northern half of the Central Valley tend to have lower yields over the historical period, this

leads to large yield losses associated with climate change in term of percentage for several counties.

The county-level analysis also shows large variations in yield changes among counties. For example,

future almond yields in Yuba and Sutter are projected to decline by about 65% from climate change

under SSP585 by 2100. Meanwhile, Colusa county is projected to be the least impacted by climate

change and to gain the most from innovation. By contrast, Merced county is projected to experience

moderate innovation gains and suffer larger losses from climate change.

1.3.4 Uncertainty of yield projection

This analysis is subject to several sources of uncertainty, namely internal climate variability, statistical

model, climate model, climate scenarios, and innovation scenario uncertainty. By applying the

approach from (Hawkins & Sutton, 2009), we partition the sources of uncertainty and present

their fractional contributions to the overall uncertainty in yield projections (Fig. 4). As expected,

the overall uncertainty keeps increasing with time. Except for the first few years of the future

projections, the uncertainty associated with the choice of innovation scenarios made in this study is

20



2020
2030

2040
2050

2060
2070

2080
2090

2100

Year

20

40

60

80

100

%

b
Fractional contribution to total uncertainty

2020
2030

2040
2050

2060
2070

2080
2090

2100

0.5

1.0

1.5

2.0

2.5

To
n/

ac
re

a
Source of yield uncertainty

Internal Variability Statistical Model Climate Model SSP Scenario Innovation Scenario

2020
2030

2040
2050

2060
2070

2080
2090

2100

20

40

60

80

100

%

c
Fractional contribution to total uncertainty 

 with climate change impacts only

Figure 1.5: Analysis of uncertainty sources within the LOCA2-Hybrid ensemble. The uncertainty of
projected yields is partitioned into internal variability, statistical models, climate models, SSP scenarios,
and innovation scenarios. a shows the time-series of total partitioned uncertainties.b-c show the fractional
contribution of uncertainties with (b) and without innovation scenarios (c).

the most important, which reveals that the selection of innovation scenarios largely influences yield

simulation results, and remains a major limitation in our ability to predict the fate of the almond

industry over the 21st century. The absolute magnitude of the uncertainty due to internal climate

variability is nearly constant, and represents the irreducible error in the projections; however, its

relative contribution to the total uncertainty decreases continuously over the century. Climate model

uncertainty, which represents the differences in yield simulations from using different climate models,

is the second dominant contributor to the total uncertainty from 2050 until 2070 when it is overcome

by the uncertainty in climate scenarios. Finally, the statistical uncertainty, which represents the

differences in yield simulations from using different statistical models, is the smallest source of

uncertainty, implying that the 1,000 statistical models trained on different random samplings of the

observational record have similar behavior and thus are well-constrained by observations.

The uncertainty analysis of simulations generated from MACAv2-METDATA shows similar

partitioning patterns as those from LOCA2-Hybrid (Fig. S2). As 18 GCMs from MACAv2-

METDATA were included in the analysis, climate models account for more than half of the

uncertainty from the mid-2030s to 2080 without including the innovation scenarios and their

maximum fractional contribution reaches nearly 70%. By contrast, 8 GCMs from LOCA2-Hybrid

were included in our analysis and their maximum contribution is less than 60%.
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Figure 1.6: Statewide ACI contributions for the LOCA2-Hybrid ensemble. Area-weighted relative contribu-
tions (%) of all ACIs are calculated by dividing the magnitude of each ACI’s contribution to the magnitude of
total yield change caused by climate for 2 climate scenarios (SSP245 and SSP585) and 2 periods (2040-2059
and 2080-2099). Red (green) bars represent negative (positive) contributions.

1.3.5 Relative contributions of ACIs to yield change

The statewide and county-level almond yield projections demonstrate the overall negative effects of

future climate change on the California almond industry. Few studies provided actual adaptation

strategies to the agricultural industry. Here, we compute the relative contribution of each ACI to

the projected almond yield changes to better understand the physiological processes impacted by

climate change.

The majority of simulated yield losses under both SSP scenarios is attributed to increases in

the daily minimum temperature during the bloom stage (Bloom_Tmin) (Fig. 6). Our results

find that changes in Bloom_Tmin account for 68 and 55% of the yield losses at mid-century and
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Figure 1.7: County-level ACI contributions for the LOCA2-Hybrid ensemble by 2040-2059 under SSP585.
The magnitude of each ACI’s contribution for each county is divided by that county’s total yield change in
magnitude.
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end-of-century under SSP245. The relative contributions of Bloom_Tmin decrease slightly under

SSP585 but still dominate the yield loss at mid-century being responsible for 56% of yield losses.

Increased humidity levels during the bloom stage (Bloom_Humidity) explain 2% (mid-century) and

21% (end-of-century) of yield losses under SSP245, and 16% (mid-century) and 19% (end-of-century)

under SSP585. Increases in the exposure to temperatures higher than 35 ◦C during the growth

stage (Growing_KDD) also play a detrimental role by explaining 13 and 48% of yield losses by

end-of-century under SSP245 and SSP585 respectively. Meanwhile, other ACIs have noticeable

contributions to the simulated yield changes. For example, decreases in accumulated chill hours

during the dormant phase (Dormancy_Chill) explain 7 to 12% yield losses. Meanwhile, the increased

cumulative exposure to optimal temperatures during the bloom phase (Bloom_GDD) provides

small offsetting gains in yield between 3 and 15%. Given that climate change is projected to

worsen over the 21st century and between SSP245 and SSP585, the contribution of each ACI to

the overall yield change is also evolving with time and warming level. The relative contributions of

Bloom_Tmin, Dormancy_Chill, and Bloom_GDD are projected to decrease with time and under

increasingly more severe climate change between SSP245 and SSP585. Conversely, Bloom_Humidity

and Growing_KDD35 contribute more to the yield losses with more severe climate change, which

also occurs in the contribution analysis of MACAv2-METDATA (Fig. S3)

Though the county-level ACI contributions generally follow the same pattern as the state-wide

ACI contributions, some variations exist among counties due to differences in local climates (Fig.

7). For example, Bloom_Humidity contributes negatively to yield change in most counties, but

Kern and Tehama counties are projected to benefit from changes in Bloom_Humidity during the

mid-century period under SSP585. Similarly, Growing_KDD is a damaging ACI for almond yields

in all counties except for Solano and San Joaquin counties during the mid-of-century period under

SSP585. As a result, this county-level analysis demonstrates that the impacts of climate change

on certain phenological development of almonds can vary a lot due to differences in local climates.

Similar to the state-wide analysis, the county-level ACI contributions change with different levels

of warming (see Fig. S4, S5, and S6). However, they remain consistent and robust between the

LOCA2-Hybrid and MACAv2-METDATA ensembles (see Fig. S7, S8, S9, and S10).
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1.4 Discussion and conclusion

Perennial crops provide valuable nutrition and economic benefits to society and are a crucial

component of the global food supply and agricultural industry. Investigating the climate risks,

potential innovation gains, and adaptation opportunities of perennial crops is vital to ensure their

resilience. Given the major role of the California almond industry in supporting the state’s agriculture

and the global supply of almonds as well as its comprehensive data availability, we select California

almonds as a case study to evaluate the performance of our modeling approach on exploring the

complex interaction between human-driven systems (agriculture and innovation) and natural systems

(climate change). In this study, we develop a statistical framework to identify the historical influence

of key agro-climate indices (ACI) on specific phenological development stages of almonds, apply it to

two large ensembles of future climate projections to assess the future impact of climate change and

innovation on almond yields, and assess potential strategies to adapt to climate change. Instead of

including seasonally averaged temperature and precipitation (Hong et al., 2020) or only focusing on

weather variables in January and February (Lobell et al., 2006), our method provides a direct analysis

of the impacts of climate change on key physiological processes driving the phenological development

of almonds. Our approach to bring together climate scientists, biometeorology specialists, plant

scientists, and agricultural engineers to integrate climate modeling, horticulture and agronomy

science, with statistical modeling and machine learning provides important insights into the direct

impact of climate change on each physiological growth stage and thus enables the identification of

adaptation strategies to minimize future yield losses that current crop modeling studies do not. In

comparison, most crop modeling studies provide projections of future crop losses due to climate

change but they cannot identify what physiological pathways are responsible for these impacts. We

argue that our modeling approach can be applied not only to other almond growing regions, but

also to other perennial crops like other nut and fruit trees, and even annual crops, after identifying

appropriate ACIs.

We find that climate change could have a substantial impact on future almond yields in California,

with projected median yield losses of 17% and 49% by the end of the century for SSP245 and

SSP585, respectively, if growers do not change their current management. Future innovations in

technology and management practices could potentially offset these adverse effects and even result in
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yield gains over the 21st century. We also find that the negative impacts of climate change are more

severe in the South of the California Central Valley than in the North, while innovation gains show

some strong heterogeneity in northern counties, with overall lower gains compared to the South.

The distribution and adoption of agricultural innovations are subject to various factors such as water

availability, policy interventions, farm sizes, and crop prices (Caswell & Zilberman, 1985; Feder &

Umali, 1993; Pardey et al., 2010). The history of large-scale production of almonds in the South of

the Central Valley facilitates the adoption of agricultural innovations in these counties. By contrast,

counties that do not have a history of widespread almond production and large-scale farming

operations over the last four decades, like Yuba and Sutter counties (USDA National Agricultural

Statistics Service, 2021, 2022), have started to adopt innovations in recent years but have yet to

benefit from these innovations. However, the prospective introduction and adoption of existing

agronomic technology and practices also indicate a large potential of yield increases in these counties,

which are not modeled in this study. Large uncertainties exist in our analysis, driven by four major

sources: the future innovation scenario (the largest overall source of uncertainty), the internal

variability in the climate system (largest in the first decade), the climate model uncertainty (largest

during mid-century) and the warming level scenario (largest by end-of-century). The uncertainty

partitioning in this study is consistent with analyses of projected temperature and precipitation

conducted in previous studies (Hawkins & Sutton, 2009, 2011; Lehner et al., 2020; Monier et al.,

2015). The relatively small uncertainty across the 1,000 statistical models demonstrates that the

statistical modeling framework developed and used in this study is well-constrained and does not

suffer from overfitting, thus providing additional confidence in our approach.

We further identify the specific climatic conditions that are projected to reduce almond yields

and the phenological growth stages that are impacted. The current literature modeling the effects

of climate change on crop yields often lack details on the impact pathways of climate damages

focusing more on estimating yield changes instead. This is true for studies focusing on annual crops

(Jägermeyr et al., 2021; Rosenzweig et al., 2014; Wing et al., 2021) and perennial crops (Hong et al.,

2020; Lobell & Field, 2011; Medellín-Azuara et al., 2011). By identifying the specific physiological

processes and phenological growth stages involved in the yield losses, we aim to provide actionable

information for growers, farmers, researchers, funders, and policy-makers to focus their adaptation

efforts and identify what adaptation strategies to prioritize. We find that the dominant damaging
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ACIs are daily minimum temperature during the bloom stage (Bloom_Tmin), especially under mild

warming by mid-century or under the lower warming scenario SSP245, as well as humidity levels

during the bloom stage (Bloom_Humidity) and the exposure to temperature higher than 35◦C

during the growth stage (Growing_KDD), especially under higher warming such as by end-of-century

or under the higher warming scenario SSP585. Increases in Bloom_Tmin can lead to earlier and

quicker blooming for certain commercial cultivars while the pollenizer cultivars might not bloom

yet, which dramatically shortens the overlap of blooming and shorten the cross-pollination period,

which would lead to compromised pollination and decreased yields (K. S. Pope et al., 2015). In

addition, higher Bloom_Tmin could affect stigma’s reception of pollen, pollen tube growth and

ovule viability, and thereby damage the overall productivity of almonds (Ortega et al., 2004). The

damaging impacts of increasing minimum temperatures during bloom have only been considered in

a handful of almond yield modeling studies to date (Lobell & Field, 2011; Lobell et al., 2006). In

fact, there has been a large emphasis on examining frost damages during bloom rather than heat

damages (Guillamón et al., 2022; Martínez-Gómez et al., 2017; Segura et al., 2017). Higher humidity

levels during bloom can also increase the risk of fungal and bacterial diseases, such as blossom and

twig blight (Freitas et al., 2023), and can also suppress dehiscence, a key process in pollen release

(Gradziel, 2009), and thus result in reduced yields. While the response to extreme heat exposure

during the growing season has been extensively studied for annual crops, its underlying mechanisms

and impacts are relatively lacking for perennials, especially for crops that are well irrigated and

thus can withstand higher temperature levels (Deryng et al., 2014; Lobell et al., 2013; Parker et al.,

2020). However, the combined effect of heat stress and water deficit has been shown to affect the

photosynthetic capacity, hydraulic system, and carbon efficiency of perennial crops (Carins-Murphy

et al., 2023; Haworth et al., 2018). The identification of the specific environmental conditions that

are resulting in yield losses under climate damage provide usable information to support future

investment in agronomic innovation and to formulate adaptation strategies to ensure limited impacts

from climate change on the California almond industry.

Our results suggest there exists a potential synergy between continued innovation yield gains

and climate adaptation strategies to counteract the detrimental effect of future climate change. Such

strategies can range from the development of resilient almonds through breeding and genetic editing

to the improvement of orchard conditions through management practices. However, identifying the
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specific damaging climatic conditions as well as the physiological processes and phenological stages

affected is crucial to developing almond breeds resilient to climate change through genetic editing

(Driedonks et al., 2016; Hedhly, 2011; Kakoulidou et al., 2021). In addition, understanding the

timing of climate damages is key to prioritizing adaptation strategies. Since almonds are commonly

self-sterile, they require cross-pollination and pollinators like the honeybees, which promotes their

genetic variability and facilitates the breeding of new cultivars with favorable traits (Gradziel, 2009),

but leaves them vulnerable to warming minimum bloom temperature. Previous almond breeding

programs mostly focused on developing and planting late-blooming cultivars to avoid frost damages

in Mediterranean regions and pursuing self-fruitfulness to ensure sufficient pollination in California

(Gradziel, 2022; Segura et al., 2017). Besides continuing to introduce and invest in early-blooming

almond cultivars and self-compatible cultivars with a high level of autogamy, innovation efforts

could focus on identifying the genotypes that show resilience to warming during the pollination and

breeding new cultivars with such genetic traits to ensure pollination success under climate change

(Gradziel et al., 2007; Henselek et al., 2018; Kodad et al., 2009). Orchard managers can try to

mitigate the rise in daily minimum temperature in orchards or even shift orchards to cooler areas

(Parker & Abatzoglou, 2018). Similarly, potential strategies to counteract the negative impact of

higher humidity levels include improved fungal disease management and enhancing almond’s genetic

resistance to diseases (Adaskaveg et al., 2022; Gradziel & Martínez-Gómez, 2013; Palacio-Bielsa

et al., 2017). To account for the intensifying heat stress during the growing stage, optimizing

irrigation systems and breeding cultivars with high tolerance to drought and heat are potential

solutions (Campalans et al., 2001; Parker et al., 2020). Given the relative impacts of Bloom_Tmin,

Bloom_Humidity, and Growing_KDD under different levels of warming, priorities should be given

to address pollination resilience in the coming decades, and then focusing on fungal disease resilience

and management efforts, as well as heat tolerance in future decades. Adopting adaptation strategies

that target specific climate damages, as identified in this study, is more likely to limit harvest failure,

stabilize the agricultural market, and ensure the well-being of agricultural worker communities.

While this study provides important insights into the future of almonds in California, we

acknowledge several limitations in our modeling framework, which should be addressed in future

research. First, the reliance on a statistical modeling framework limits our ability to account

for unknown physiological drivers of yield changes. Because almond orchards in California are

28



well-irrigated, with the reliance on groundwater irrigation during drought periods when surface

water availability is scarce, our analysis shows little impacts of water-related agro-climate indices

like reference evapotranspiration or precipitation on almond yields. However, with the passage of

the Sustainable Groundwater Management Act (SGMA) in 2014, which aims to use and manage

groundwater sustainably by 2042, water availability for irrigation may become constrained in the

coming decades. As a result, the lack of representation of the impact of future irrigation deficit on

almond yield could become a major limitation in our yield projections. This could be addressed in

the future by the development of an integrated modeling framework that simulates the impact of

climate and socioeconomic changes on water availability for irrigation and its subsequent impacts

on almond yields. Such frameworks have been developed for major annual crops, and have shown

large yield declines in regions where irrigation is not sustainable (Blanc et al., 2017). It is also

important to note that this modeling approach does not account for how extreme conditions leading

to crop loss in a particular year might influence yields in subsequent years. This limitation could

potentially be addressed by employing a time-dependent model (Z. Zhang et al., 2019) in future

efforts. In addition, our statistical modeling framework assumes fixed phenological stages during the

study period, thus implying that almonds will not respond to climate change. Instead, a dynamical

phenology model could be developed in the future to improve the accuracy of calculated ACIs

(K. Pope et al., 2014). Finally, we acknowledge that differences in downscaling and bio-correction

can introduce large uncertainty to projections (Lafferty & Sriver, 2023), which is reflected in the

county-level historical yield change analysis (Fig. 4). However, our projections of almond yields

agree well between LOCA2-Hybrid and MACAv2-METDATA at the state level and county level by

mid-century and end-of-century, further validating the statistical modeling framework developed

and used in this study and demonstrating the robustness in our analysis.

Since California is the largest almond producer in the world, the future changes in average

yields and year-to-year yield fluctuations projected in this study have the potential to affect the

global almond market, and thus have large socioeconomic implications. Integrating our results

into economic modeling frameworks that can estimate price and economic welfare impacts and

supply and demand dynamics would provide additional insights into the fate of California almonds

over the 21st century (Medellín-Azuara et al., 2011; Moore et al., 2017; Wing et al., 2015). For

example, Medellín-Azuara et al. (2011) uses the Statewide Agricultural Production Model (SWAP) to
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examine the changes in price, land use, water supply, and revenue of major agricultural commodities

aggregated by types in California in the context of a growing demand and estimates of innovation

gains and climate damages from the literature. Our analysis also shows that innovation gains have

the potential to shape the future of almonds in California over the next several decades. For this

reason, developing a greater understanding of drivers of innovation and their potential impacts on

future yields (Chemeris et al., 2022) is key to developing science-based future innovation scenarios,

which are a major gap in long-term agricultural climate change impact studies. For example, the

production risk and higher crops prices caused by climate change could drive the advancement of

agricultural technology and innovation, and facilitate their adoptions by growers (Pardey et al.,

2010; Sassenrath et al., 2008; Sunding & Zilberman, 2001). It is also important to better understand

the potential implications of future innovation on farming communities; for example, automation

in farming can have complex political, social, cultural, and security implications that need to

be better understood and examined (Sparrow & Howard, 2021). Furthermore, since our study

identifies increases in daily minimum temperatures in February as the leading cause of almond yield

declines in the coming decades, we argue that a better understanding of the underlying physiological

processes driving the associated yield declines would benefit the almond industry. Similarly, since

the relative impact of ACIs on future almond yield losses can change by county, we recommend

that additional studies be conducted using more detailed yield information beyond county-level

data, such as field studies, to further refine our understanding of the impact of climate change on

the phenology of almonds. Finally, we recommend that our approach to bring together climate

scientists, biometeorology specialists, plant scientists, and agricultural engineers be applied and

evaluated for other almond growing regions, other perennial crops like other nut and fruit trees, and

possibly annual crops, after careful identification of appropriate ACIs by experts.

Supplement
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Figure S1: Correlation matrix of ACIs. The value within each cell represents the correlation coefficient
between the two corresponding ACIs that are calculated using the GridMet historical meteorological dataset
for each county from 1980 to 2020.

Figure S2: Analysis of uncertainty sources within the MACAv2-METDATA ensemble. See caption of Figure
1.5 for more details.
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Figure S3: Statewide ACI contributions for the MACAv2-METDATA ensemble. See caption of Figure 1.6
for more details.
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Figure S4: County-level ACI contributions for the LOCA2-Hybrid ensemble by 2040 2059 under SSP245.
See caption of Figure 1.7 for more details.
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Figure S5: County-level ACI contributions for the LOCA2-Hybrid ensemble by 2080-2099 under SSP245.
See caption of Figure 1.7 for more details.
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Figure S6: County-level ACI contributions for the LOCA2-Hybrid ensemble by 2080-2099 under SSP585.
See caption of Figure 1.7 for more details.
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Figure S7: County-level ACI contributions for the MACAv2-METDATA ensemble by 2040-2059 under
RCP4.5. See caption of Figure 1.7 for more details.
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Figure S8: County-level ACI contributions for the MACAv2-METDATA ensemble by 2080-2099 under
RCP4.5. See caption of Figure 1.7 for more details.
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Figure S9: County-level ACI contributions for the MACAv2-METDATA ensemble by 2040-2059 under
RCP8.5. See caption of Figure 1.7 for more details.
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Figure S10: County-level ACI contributions for the MACAv2-METDATA ensemble by 2080-2099 under
RCP8.5. See caption of Figure 1.7 for more details.
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Chapter 2

Scaling AquaCrop for Continental Applications: A Python-Based,

County-Calibrated Framework with a U.S. Maize Case Study

Wu, S., Monier, E. (2025). Scaling AquaCrop for continental applications: A Python-based,

county-calibrated framework with a U.S. maize case study. In preparation for the Journal of

Advances in Modeling Earth Systems.
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Abstract

Process-based crop models are widely applied to investigate environmental impacts on agricul-

tural productivity, optimize agricultural management practices, and support adaptation strategies.

AquaCrop, developed by the Food and Agriculture Organization, simulates crop growth and response

to water stress and has been applied extensively at the field scale and more sparingly at regional

scales. However, most existing parameterizations are based on limited site-specific experiments,

raising concerns about their ability to capture spatial and temporal dynamics of maize productivity

across large regions. In this study, we present a flexible Python-based implementation of AquaCrop

calibrated with two decades of county-level maize yield data of multiple strategically selected

counties over the contiguous U.S. Using a global sensitivity analysis, we identify the most influential

parameters and calibrated them with yield records from 17 counties representing diverse climate

conditions and distinct irrigation managements. This targeted county-level calibration approach

substantially improves model performance compared to the default field-scale calibration, enhancing

the model’s ability to capture both spatial heterogeneity and interannual yield variability. We further

compare gridded simulations between county-level calibrated AquaCrop and 14 global crop models

participating in GGCMI Phase 1 and show that AquaCrop performs competitively in reproducing

yield levels, temporal dynamics, and spatial patterns at state and national scales, with consistent

performance across harmonization scenarios. This study demonstrates that regional calibration

using county-level yield data can enhance AquaCrop’s accuracy, spatial representativeness, and

robustness for large-scale applications. More broadly, it highlights AquaCrop’s ability to operate at

continental scales and establishes a framework that can be extended to other crops and regions.

2.1 Introduction

Food and nutrient insecurity is one of the greatest challenges in the world, with more than 2

billion people experiencing moderate to severe food insecurity in 2023 (FAO, 2024). This crisis

is further exacerbated by pressures from overpopulation, climate change, and dwindling water

resources (Molotoks et al., 2021; Singh et al., 2017; Wheeler & Von Braun, 2013; Zhao et al.,

2017). A growing body of evidence indicates that rising temperatures, shifting precipitation, and

more frequent extremes are already depressing yields and increasing volatility across major crops,

41



including wheat, rice, and maize, with elevated risks of simultaneous production shocks in multiple

breadbaskets (Iizumi et al., 2018; Lesk et al., 2016; Lobell et al., 2011; Ray et al., 2015; Tigchelaar

et al., 2018). As pressures mount, there is a critical need for tools that translate climate risks into

actionable information at the scales where decisions are made.

In this context, crop models serve as pivotal tools to support research, farm-level decisions, and

policymaking. Empirical crop models, which develop statistical relationships between observed yield

and meteorological data, play an important role in examining the impacts of climate change (Hultgren

et al., 2025; Schlenker & Roberts, 2009; Tigchelaar et al., 2018; Wing et al., 2015); however, because

they are generally limited to data-rich crops and regions and do not explicitly represent physiological

processes or crop management (i.e., soil management, planting dates, irrigation management), they

are limited in scope. Meanwhile, process-based models, which explicitly represent the physiological

processes of growth as impacted by environmental conditions, are employed to estimate yield gaps,

optimize agricultural management practices, evaluate climate change impacts, support crop breeding

programs, and develop adaptation strategies (Bo et al., 2024; Chapman, 2008; Chun et al., 2016;

Dlamini et al., 2023; Hammer et al., 2006; Kang et al., 2009; M. Kumar, 2016; Reynolds et al.,

2018; Tita et al., 2025; Weih et al., 2022). Large coordinated efforts such as the Agricultural Model

Intercomparison and Improvement Project (AgMIP, Rosenzweig et al., 2013), a major international

collaborative effort to assess and improve global agricultural modeling, and its Global Gridded Crop

Model Intercomparison initiative (GGCMI, Elliott et al., 2015; Müller et al., 2017, 2019), which

brings together process-based crop modeling teams to conduct coordinated modeling exercises on

climate impacts, advance understanding and benchmarking of climate impacts. While these efforts

lead to several seminal studies (Franke et al., 2020; Jägermeyr et al., 2021; Rosenzweig et al., 2014),

the underlying models are often challenging for stakeholders to use and run at scales that may not

always provide decision-relevant information.

One widely used process-based crop model is AquaCrop, which is developed by the United

Nations Food and Agriculture Organization and focuses on simulating crop growth and response to

water stress (Steduto et al., 2009). At the field scale, AquaCrop is extensively applied for various

crops such as maize, rice, wheat, and cotton, to estimate crop productivity and optimize irrigation

amount and scheduling across the world (García-Vila & Fereres, 2012; Khasraei & Eslamian, 2024;

F. Li et al., 2019; Sharafkhane et al., 2024; Tang et al., 2023). The application of AquaCrop is also
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upscaled to the regional or national level in some regions. For example, Lan et al. (2021) employ

AquaCrop to estimate the exploitable yield and harvest area gaps for rice in China. Busschaert

et al. (2022) apply it to project the net irrigation requirement of C3 field crops for Europe under

different climate scenarios. However, AquaCrop is rarely involved in large-scale studies in the U.S.,

and its national-level application is even more limited. Previous applications of AquaCrop in the

U.S. mostly focus on particular locations or small areas (Fazel et al., 2023; D. Kim & Kaluarachchi,

2015; Sandhu & Irmak, 2019). Furthermore, the few U.S. regional-scale AquaCrop studies to date

rely solely on parameters from the default field-scale calibration or on site-specific calibration

that may not represent the most accurate model at regional scales (Fazel et al., 2023; Lamsal &

Marston, 2025). Existing regional AquaCrop implementations extend the official AquaCrop release

by automating input-file generation and streamlining large-scale simulation workflows (de Roos et

al., 2021; Lorite et al., 2013). However, they usually lack flexibility in model modification, efficient

calibration, data assimilation, and integration with machine learning or artificial intelligence (Chen

et al., 2023; Williamson et al., 2023).

In this study, we develop a gridded and Python-based version of AquaCrop and apply an

advanced calibration approach using county-level yield data to develop a version of AquaCrop

that can run at continental scale. We select maize in the U.S. as a case study because maize is

the most extensively cultivated and consumed cereal globally, with roughly 200 million hectares

across tropical, subtropical, and temperate zones (Erenstein et al., 2022; FAO, 2024; García-Lara &

Serna-Saldivar, 2019), and because the U.S. leads maize production by volume and economic value

with almost 30% of the global maize production and over 70 billion dollars in economic value in

2023 (FAO, 2024; USDA NASS, 2025). We implement a version of AquaCrop in Python to enhance

flexibility and scalability of the model, and to enable seamless integration with various datasets,

visualization tools, and other Python-based models (Chen et al., 2023; Kraft et al., 2010). We use

SpotPy (Houska et al., 2015), a Python package offering an extensive set of calibration algorithms,

to calibrate AquaCrop in parallel, which dramatically shortens computational time and is readily

adopted by other practitioners. The first published Python-based AquaCrop, AquaCrop-OSPy

(Kelly & Foster, 2021), represents a significant advance in Python implementations of process-based

crop models. However, our analysis reveals that it still exhibits minor discrepancies compared to

the official FAO release, which can compound over multi-year simulations. In contrast, our gridded
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Python-based implementation produces outputs virtually identical to the official AquaCrop version,

thereby improving accuracy in long-term simulations.

By applying advanced calibration techniques on county-level yield data from USDA (USDA

NASS, 2023), our approach significantly improves the accuracy and applicability of AquaCrop

for large-scale crop simulations. We leverage high-resolution spatial data on climate, soil, and

management practices to simulate both county-level and gridded maize yields for the contiguous

United States. We evaluate model performance against county-level yield and demonstrate that

our calibration approach substantially enhances the ability to capture both spatial and temporal

dynamics of observed maize yields under both rainfed and irrigated conditions, compared to the

default field-scale calibration. We further run gridded simulations with our county-level calibrated

model following the GGCMI Phase 1 protocol and demonstrate that our version of AquaCrop

performs well compared to the GGCMI process-based crop models. Overall, this work provides

a transparent and reproducible pathway to develop a version of AquaCrop that can be used over

the entire U.S. and thus provide decision-relevant county-scale simulation of crop yield, supporting

efforts to enhance agricultural resilience and inform decision-making under changing environmental

conditions.

2.2 Materials and Methods

2.2.1 Model Description

The Food and Agriculture Organization (FAO) develops AquaCrop to simulate crop growth and

responses to water stress with relatively few data and parameter requirements to balance the

simplicity, robustness, and accuracy of the model. AquaCrop provides a straightforward and

simplified running procedure, allowing governmental agencies, consulting engineers, and other

agricultural stakeholders to model crop growth conveniently (Steduto et al., 2009). The crops

simulated by AquaCrop include maize, potato, quinoa, rice, soybean, sugar beet, sunflower, wheat,

barley, sugar cane, sorghum, and tef. Various studies calibrate AquaCrop for additional crops,

including lettuce and table grape (Amirouche et al., 2021; Er-Raki et al., 2021), demonstrating the

applicability of the model to a wide range of crops including cereals, vegetables, fruits, legumes, oil

crops, and sugar crops. AquaCrop simulates crop growth (i.e., canopy cover, CC), transpiration
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(Tr), aboveground biomass production (B), and yield (Y ) at a daily step (Steduto et al., 2009).

Several studies show that AquaCrop performs comparably to, and sometimes better than, other

widely used process-based models, highlighting its potential for large-scale application (Abedinpour,

2021; Battisti et al., 2017; Feleke et al., 2021).

Soil Water Balance

AquaCrop divides the soil profile into 12 compartments with a depth of 0.1 meters by default. If

the crop’s effective rooting depth exceeds 1.2 meters, the depth of each compartment is adjusted

to cover the root zone. Each soil compartment has its own hydrological characteristics based on

the soil profile inputs. At each time step (day), AquaCrop estimates the soil water balance by

simulating redistribution between soil compartments, deep percolation, surface runoff, capillary rise,

soil evaporation, and crop transpiration. The redistribution of water within the soil is described by

the drainage function:

∆θi

∆t
= 0.0866 (KSAT,i)0.35 (θSAT − θF C) eθi−θF C − 1

eθSAT −θF C − 1 (2.1)

where ∆θi
∆t represents the daily change in water content at depth i; KSAT is the hydraulic

conductivity at saturation; θi, θSAT , and θF C are the actual soil water content at depth i, soil water

content at saturation, and soil water content at field capacity, respectively. The drainage ability

(i.e., ∆θ
∆t ) of each compartment is compared with its overlying one to decide if the compartment

keeps the drained water or transfers the water to the next compartment. At the bottom of the soil

profile, the net cumulative drainage becomes deep percolation loss. The surface runoff is given by:

RO = (P − Ia)2

P + S − Ia
(2.2a)

S = 254 ( 100
CN

− 1) (2.2b)

where RO is the amount of surface runoff loss; P is the precipitation amount; S refers to the

potential maximum soil water retention, which is a function of soil curve number (CN); Ia represents

the amount of water that can infiltrate before runoff occurs. With a shallow groundwater table, the
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capillary rise is estimated by the following equation:

CR = e
len(z)−b

a (2.3)

where CR is the amount of water from the shallow groundwater; z is the depth of the water

table; a and b refer to soil-specific parameters used to describe the capillary rise. The evaporation

from soil is calculated in two stages: the energy-limiting stage and the falling-rate stage. The former

occurs when precipitation or irrigation wets the soil surface layer and evaporation is determined

by the energy available for soil evaporation. Once water is fully evaporated from the surface layer,

evaporation enters the falling-rate stage, where water flows upward from the subsurface layer. In

this stage, evaporation depends on both available energy and soil hydraulic properties. As soil water

content decreases, the ability to transfer water to the surface diminishes, causing evaporation rates

to decline over time.

EEnergy Limiting =
(
1 − (1.72 CC − CC2 + 0.3 CC3)

)
Kex ETo (2.4a)

EF alling Rate = Kr
(
1 − (1.72 CC − CC2 + 0.3 CC3)

)
Kex ETo (2.4b)

where E is the amount of evaporated water; CC represents the canopy cover; Kex refers to the

maximum soil evaporation coefficient for a fully wet and unshaded surface; Kr is the evaporation

reduction coefficient, which decreases with declining water content in the subsurface layer; ETo is the

reference evapotranspiration, calculated through the FAO Penman-Monteith equation (R. G. Allen

et al., 1998):

ETo =
0.408∆(Rn − G) + γ 900

Tmean+273u2(es − ea)
∆ + γ(1 + 0.34u2) (2.5a)

ea = 0.6108 e
17.27Tmin

Tmin+237.3 (2.5b)

where ∆ refers to the slope of the vapor pressure curve and γ refers to the psychrometric

constant; Rn represents the net radiation at the crop surface and G is the soil heat flux density;
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Tmean and Tmin are the daily mean and minimum temperatures, respectively; u2 refers to the wind

speed at 2 meters height; es is the saturation vapor pressure. Since the AgMERRA climate dataset

(Ruane et al., 2015) only provides relative humidity at the maximum temperature, we consider the

vapor pressure at the minimum temperature as the actual vapor pressure (ea) by assuming the

dewpoint temperature is close to the minimum temperature (R. G. Allen et al., 1998).

Growing Degree Days

The fraction of soil surface covered by the canopy (CC) is calculated as a function of growing degree

days (GDD) to indicate the growth of the crop, instead of relying on the leaf area index (LAI).

The AquaCrop reference manual (Raes et al., 2023b) provides three methods to calculate GDD,

and we use the default method for maize (method 2):

GDD =
∑

Tavg − Tbase (2.6a)

Tavg = Tmax + Tmin

2 (2.6b)

where daily maximum temperature (Tmax) and minimum temperature (Tmin) are constrained to

an upper threshold and the base temperature.

Canopy Cover

In a stress-free growing season, CC typically experiences three stages: growth, plateau, and decay.

The growth of CC is simulated by two equations:

CC = CCo et CGC if CC ≤ CCx/2 (2.7a)

CC = CCx − 0.25 (CCx)2

CCo
e− t CGC (2.7b)

where CCo and CCx represent, respectively, the initial canopy cover and maximum canopy cover;

t is the accumulated GDD since the planting date and CGC refers to the canopy growth coefficient.

After the growth stage, CC stays at CCx and begins to decline until senescence. The decline of CC
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is described by the equation:

CC = CCx

[
1 − 0.05

(
e

3.33 CDC
CCx+2.29 t − 1

)]
(2.7c)

where t is the accumulated GDD since senescence starts and CDC refers to the canopy decline

coefficient.

Transpiration

The crop transpiration (Tr) is calculated by multiplying the reference evapotranspiration (ETo) by

the crop transpiration coefficient (KcT r):

Tr = KcT r ETo (2.8a)

The crop transpiration coefficient (KcT r) is calculated as follows:

KcT r = (1.72 CC − CC2 + 0.3 CC3) KcT r,x (2.8b)

where KcT r,x is the crop coefficient for maximum crop transpiration. KcT r,x also responds to

canopy aging and CO2 elevation, and starts to reduce when senescence is triggered, as described in

the following equations:

KcT r,x,adj = KcT r,x − (t − 5) fage CCx (2.8c)

KcT r,x,CO2,adj = KcT r,x,adj

(
1 − 0.05 CO2 − 369.41

550 − 369.41
)

(2.8d)

KcT r,x,sen = KcT r,x,CO2,adj

( CC

CCx

)a (2.8e)

where t is the time in days after CC reaches CCx; fage is a crop-specific parameter that indicates

the reduction of KcT r,x in response to canopy aging; a refers to a model parameter that controls

the extent of decline in transpiration efficiency.
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Harvest Index and Biomass

The harvest index (HI) is the ratio of the dry grain yield to the total above-ground biomass. During

the yield formation period, HI increases following a logistic growth pattern.

HIi = HIini HIo

HIini + (HIo − HIini) e−(HIGC) t
(2.9)

In this equation, i indicates the day after planting and t indicates the day after flowering; HIGC

refers to the growth coefficient of HI. The initial harvest index, HIi, is set to 0.01 in the model,

while the reference harvest index, HIo, is a crop-specific parameter. To obtain the above-ground

biomass (B), water productivity (WP ) is normalized for CO2 concentration and multiplied by the

accumulation of Tr/ETo:

B = WP ∗ ∑ Tr

ETo
(2.10)

The normalized water productivity (WP ∗) needs to be adjusted if the CO2 concentration is

different from the reference value (369.41 ppm). Finally, the harvest index (HI) is used to partition

B into the attainable yield:

Y ield = HI ∗ B (2.11)

Water Stress and Temperature Stress

Water stress is the most important driving force for attainable yield and is deeply involved in the

simulation process of AquaCrop. Water stress is determined by comparing the depletion (water

shortage versus field capacity) with upper and lower water level thresholds, which are distinct

for canopy expansion, pollination, canopy senescence, and stomatal closure. Water stress slows

canopy growth, accelerates canopy decline, and can even trigger early senescence if severe enough.

Stress-induced stomatal closure decreases transpiration (Tr) and limits crop root zone expansion.

Additionally, HI is reduced if water stress affects pollination or stomatal conductance (Steduto

et al., 2009). To represent the impacts of water shortage on these crop physiological processes,

AquaCrop employs four water stress coefficients: Ksexp for canopy expansion, Kspol for pollination,

Kssen for canopy senescence, and Kssto for stomatal closure. These coefficients are calculated
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through the following equations:

Ks = 1 − eSrel∗fshape − 1
efshape − 1

(2.12a)

Ks = 1 − Srel (2.12b)

Srel =
Dr

T AW − Pup

Plow − Pup
(2.12c)

where Srel is the relative stress level; fshape is the shape factor that determines the convex

response curve. Each coefficient (Ksexp, Kssen, and Kssto) has its distinct fshape. The response

of Kspol to Srel is assumed to be a linear relationship (Eqn. 11b). TAW represents the total

available water (i.e., the difference between field capacity and permanent wilting point) and Dr is

the difference between field capacity and the actual water content in the root zone. Pup refers to

the fraction of TAW at which water stress starts to affect crop growth. Plower refers to the fraction

of TAW when water stress is at its full strength (i.e., Ks = 0). When simulating the water stress

effects on canopy cover, CGC is adjusted by Ksexp during the growth stage and CDC is adjusted

by Kssen when early senescence is triggered.

CGCadj = Ksexp CGC when CC > 1.25 CCo (2.13)

CDCadj = (1 − Ks8
sen) CDC when CC > CCo (2.14)

AquaCrop disregards the influence of water stress on canopy cover until germination ends (i.e.,

CC > 1.25 CCo) due to the assumed protection of seedlings, which is a common crop modeling

practice. AquaCrop allows crop recovery if early senescence occurs by assuming the crop enters a

dormant period during which CC declines at a slower pace. The CC during the dormant period is

simulated by the following equation:

CCi = CCo +
(1 −

∑
EToi

Ldormant

)
(CCdormant − CCo) (2.15)
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where subscript i indicates the day since the crop enters the dormant period and Ldormant is

the accumulation of ETo over the entire dormant period. As long as CC does not decline to the

initial canopy cover (CCo), canopy expansion can continue when sufficient water is available. When

estimating the response of transpiration to water stress, AquaCrop considers the effects of water

deficit (Kssto), waterlogging (Ksaer), and cold stress (Kscold,tr).

Tradj = Tr min(Kssto, Ksaer) Kscold,tr (2.16)

The expansion of the crop root is also subject to Kssto, as described in the following equations:

dZadj = Kssto dZ when fshape,sto,root = 0 (2.17a)

dZadj = dZ
eKssto fshape,sto,root − 1

efshape − 1
when − 8 ≤ fshape,sto,root < 1 (2.17b)

where fshape,sto,root is the shape factor that describes how the root expansion rate responds

to stomatal closure. HI is also adjusted in response to a series of effects from pollination failure,

reduced transpiration, and inhibited vegetative growth. Water stress occurring before the yield

formation period can potentially lead to an increase in HI due to the saved energy in vegetative

growth. The coefficient to quantify this positive adjustment, fante, is calculated by the following

equations:

fante = 1 + 1 + sin((1.5 − Ratiolow)π)
2

∆HIante

100 when Br,low ≤ Brel < Br,top (2.18a)

0 ≤ Ratiolow = Brel − Br,low

Br,top − Br,low
≤ 1 (2.18b)

fante = 1 + 1 + sin((0.5 + Ratioup)π)
2

∆HIante

100 when Br,top ≤ Brel < Br,up (2.19a)
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0 ≤ Ratioup = Brel − Br,top

Br,up − Btop
≤ 1 (2.19b)

where ∆HIante is the maximum allowable increase of HIo; Brel refers to the ratio between the

actual biomass and the potential biomass at the start of flowering; Br,low and Br,up are the lower

and upper limits of the Brel range affecting HIo, respectively; Br,top indicates the value of Brel

at which fante has the strongest effect. During flowering, the pollination process is susceptible to

adverse effects from both water stress and temperature extremes (cold and heat stress), which

decrease HI, as described in the following equations:

HIadj =
j∑
1

(
min(Kspol,j , Kscold,pol,j , Ksheat,pol,j)(1 + fexcess

100 ) Fj HIo
)

(2.20a)

Fj = 100
Lflowering

f̄j (2.20b)

where j indicates the number of days since the beginning of flowering; fexcess is a crop-specific

parameter that represents the overproduction of flowers; Lflowering refers to the total length of the

flowering period and fj is the average fraction of flowers at day j; Kscold,pol and Ksheat,pol represent

the cold and heat stress coefficients for crop pollination, respectively. Within the build-up period of

HI, AquaCrop accounts for both the positive effect from inhibited leaf expansion (fpost,positive) and

the negative effect from reduced transpiration (fpost,negative) on HI.

fpost,positive = 1 +
∑nexp

i=1
1−Ksexp,i

a

nexp
(2.21a)

fpost,negative =
∑nyield

i=1
(

10
√

Kssto,i (1 − 1−Kssto,i

b )
)

nyield
(2.21b)

fpost =
(nexp fpost,positive + (nyield − nexp)

nyield

)
fpost,negative (2.21c)

where nexp and nyield are the total lengths of the period when vegetative growth is still possible

after the start of flowering and the period for building up HI; i indicates the day within each period;

a and b are crop-specific parameters that determine the strength of these adjustments. At the end
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of yield formation, the final HI is given by:

HI = fante fpost HIadj (2.22)

Fertility Stress

Unlike crop models such as DSSAT (Jones et al., 2003) and APSIM (Holzworth et al., 2014; Keating

et al., 2003), which contain modules to simulate nutrient balances and crop responses to fertilizer

application rates, AquaCrop does not compute nutrient balances or take application rates as input

(Steduto et al., 2009). Instead, AquaCrop requires observed maximum canopy cover, a qualitative

description of the observed canopy decline, and relative biomass (the ratio between biomass with

limited fertility and stress-free biomass) to employ a semi-quantitative approach that derives the

relationship between fertility stress and relative biomass for the specific location (Van Gaelen et al.,

2015). Although AquaCrop matches or outperforms some nutrient-balance-based crop models for

maize with fertility stress in the evaluation analysis conducted by Van Gaelen et al. (2015), it neither

accepts fertilizer application rates as input nor provides recommendations for fertilizer application.

To facilitate large-scale yield simulation and comparison with other global gridded crop models, and

to comply with the GGCMI Phase 1 protocol, we incorporate an equation of relative biomass as a

function of total fertilizer application rates (sum of nitrogen, phosphorus, and potassium nutrients)

to represent the crop response to fertility stress. Assuming that crop growth responds to fertilizer

application with an exponential growth followed by a plateau (Cerrato & Blackmer, 1990), we apply

the Mitscherlich equation (Balba & Bray, 1956; Dhanoa et al., 2022), which is developed to describe

crop yield response to nutrient application, to link the GGCMI Phase 1 maize fertilizer rates with

the ratio of biomass simulated under perfect irrigation by pAPSIM between fullharm (harmonized

fertilized inputs) and harmnon (no nutrient limitation) experiments. pAPSIM is selected because it

demonstrates a high correlation coefficient and low bias when simulating U.S. maize yields, and

exhibits a high R2 value of 0.76 for the relationship between fertilizer application rate and relative

biomass. The derived equation relating fertilizer application rate to relative biomass is:

Brel = 1 − 0.92 ∗ exp(0.0069 ∗ F − 0.38) (2.23)
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where Brel represents the relative biomass ranging from 0 to 1, which is the ratio of biomass

under nutrient-limited conditions to nutrient stress-free biomass, and F is the fertilizer application

rate in kilograms per hectare per year (kg ha-1 yr-1).

Field-scale Calibration

The default field-scale parameterization for maize in AquaCrop is determined from a six-year field

experiment dataset and a four-year canopy dataset collected at the University of California, Davis

(Hsiao et al., 2009). However, the experimental site at Davis is characterized by a Mediterranean

climate and relatively homogeneous soil conditions (ranging in texture from loam to silt loam). As

a result, the initial parameter set may not adequately capture the wide diversity of climate, soil

types, and other environmental conditions encountered across broader spatial scales.

2.2.2 Simulations Description

We run simulations at the county level to calibrate and evaluate the model against county-level yield

data. We select 17 counties to conduct a global sensitivity analysis to identify the model parameters

to which the output is most sensitive and that must be carefully calibrated. These 17 counties

are also used for calibration (more details are provided below). We then compare the field-scale

calibration version of AquaCrop and the new county-level calibration version over the entire U.S.,

with the model run under rainfed conditions in counties with historical rainfed maize production

and under perfect irrigation in counties with historical irrigated maize production. To simulate

maize growth under perfect irrigation conditions, water is added to the soil reservoir to ensure soil

water content in each compartment reaches its field capacity.

We also run gridded simulations of the county-level calibrated model to evaluate it against 14

global gridded crop models (GGCMs) under the GGCMI Phase 1 protocol (Müller et al., 2019).

The simulation protocol identifies three harmonization scenarios: default, fullharm, and harmnon,

which represent different harmonization levels. The default setup allows modeling groups to run

simulations for the default setup of their model. The fullharm configuration requires modeling

groups to apply harmonized grid-cell specific and crop-specific growing seasons and fertilization

inputs. The harmnon configuration also requires harmonized growing seasons but assumes unlimited

nutrient supply. However, soil property inputs are not harmonized in GGCMI Phase 1 since GGCMs

54



have very diverse requirements for soil variables. Similarly, the calibration method, target datasets,

temporal and spatial scales of calibration, and calibrated parameters are not consistent across

GGCMs. Site-based crop models are usually calibrated at field scale, while ecosystem models are

either uncalibrated or calibrated at large spatial scales, i.e., global or national (Müller et al., 2019).

2.2.3 Data Description

Yield and Irrigation Data

We use annual county-level maize yield data from the United States Department of Agriculture

(USDA) National Agricultural Statistics Service (NASS, USDA NASS, 2023) to calibrate AquaCrop

and conduct a county-level evaluation. For some counties, yield observations are explicitly reported

as irrigated or non-irrigated, whereas most counties do not specify the irrigation condition of the

yields. When irrigation information is not available, we rely on the high-resolution gridded (5 arc

min) irrigated and rainfed harvested areas for maize from the MIRCA2000 dataset (F. T. Portmann

et al., 2010), which we regrid to the county scale.

When comparing AquaCrop gridded simulations with the GGCMI Phase 1 dataset, we use U.S.

national maize yields published by the FAO for national-level analysis and state-level yield records

provided by USDA NASS for state-level analysis. We also use the gridded irrigated and rainfed

harvested areas for maize from the MIRCA2000 dataset, consistent with GGCMI Phase 1.

We compute the area-weighted yield for each grid cell or county with the following equation:

Y ieldi,t = Y ieldi,ir,t ∗ areai,ir + Y ieldi,rf,t ∗ areai,rf

areai,ir + areai,rf
(2.24)

where subscript i refers to the index of the grid cell or county within the contiguous U.S., and t

refers to the year. The subscripts ir and rf represent irrigated and rainfed, respectively.

Climate Data

Climate inputs required by AquaCrop include daily maximum temperature, minimum temperature,

precipitation, and reference evapotranspiration (ETo). In this study, we use the high-resolution

gridded meteorological dataset gridMET (Abatzoglou, 2013) and spatially average its climate

variables over each county to generate county-level climate inputs. These inputs are used to conduct
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the global sensitivity analysis, calibrate the model, and evaluate its performance against county-level

yield data. The gridMET dataset is derived from the PRISM observational climate data (Daly et

al., 2008) with desirable temporal attributes from the NLDAS-2 regional reanalysis (Mitchell et

al., 2004), and contains daily climate variables at a resolution of ∼4 km over the contiguous United

States.

To facilitate the comparison between AquaCrop and other gridded crop models, we follow the

GGCMI Phase 1 protocol and use the AgMERRA climate forcing dataset (Ruane et al., 2015)

to produce gridded yield simulations. AgMERRA combines NASA’s Modern-Era Retrospective

Analysis for Research and Applications (MERRA, Rienecker et al., 2011) with multiple gridded

and in situ observational datasets to produce daily climate variables with a spatial resolution of

0.25 degrees at the global scale spanning 1980 to 2010. With its improved representation of daily

precipitation distributions and extreme events, and calibration using station data from agriculturally

important regions, AgMERRA is particularly well suited for applications in agricultural modeling

(Ruane et al., 2021).

Soil Data

AquaCrop identifies the soil type based on the percentages of clay, sand, and silt. For the purpose

of the global sensitivity analysis, model calibration, and model evaluation, we rely on soil property

data from the Gridded Soil Survey Geographic Database (gSSURGO, Soil Survey Staff, 2024)

and aggregate them for each county. gSSURGO merges soil geographical data from the National

Cooperative Soil Survey (NCSS) and soil attributes from the National Soil Information System

(NASIS), providing gridded soil properties and characteristics at a resolution of 30 m for the

conterminous United States.

Soil input is not completely harmonized across GGCMs in GGCMI Phase 1. Many GGCMs

employ one of two widely used global gridded soil datasets: the International Soil Reference and

Information Centre–World Inventory of Soil Emission Potentials (ISRIC-WISE) soil profile dataset

(Batjes, 2006), or the Harmonized World Soil Database (HWDS Fischer et al., 2008). We choose to

use HWSD (Wieder, 2014) for its ease of implementation in AquaCrop.
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Fertilizer Application Data

In both county-level and gridded simulations, fertilizer application follows the GGCMI Phase 1

fertilizer input, which consists of combined published data on application rates of mineral fertilizers

(Mueller et al., 2012) and manure (Foley et al., 2011; Potter et al., 2010) to produce a global gridded

dataset at 0.5◦ × 0.5◦ of crop-specific fertilizer rates of nitrogen, phosphorus (reported as P2O5),

and potassium (reported as K2O) nutrients (Elliott et al., 2015). In the harmnon experiment, we

assume perfect fertilization and set the relative biomass Brel to 1, thereby removing any stresses

related to imperfect fertilization.

Crop Calendar

Consistent with GGCMI Phase 1, we use planting and harvesting dates from the global crop calendar

dataset developed by Sacks et al. (2010), which compiles observations from different sources in the

1990s and early 2000s, presenting typical planting and harvesting dates at the sub-national level.

2.2.4 Sensitivity Analysis and County-level Calibration

To calibrate the model efficiently, we first identify the parameters to which the model output is

most sensitive by performing a global sensitivity analysis. To perform the global sensitivity analysis,

and then the county-level calibration, we select counties across the U.S. where maize has historically

been grown and that display diverse climatic conditions and irrigation management (i.e., rainfed

maize production and irrigated maize production).

To select these counties, we classify all maize-growing counties that have observed yield data for

at least 20 consecutive years during 1980–2015 into three types: irrigated, rainfed, and mixed. We

start by examining USDA NASS maize statistics, which report irrigated yields and rainfed yields

for some counties. We classify as irrigated the counties where only irrigated yields are reported, as

rainfed the counties where only rainfed yields are reported, and as mixed the counties where both

irrigated and rainfed yields are reported. For counties without any specification on the irrigation

system, we aggregate the gridded monthly irrigated and rainfed maize harvested areas from the

MIRCA2000 dataset over each county. We classify as irrigated the counties where more than 90%

of the harvested area is irrigated, as rainfed the counties where more than 90% of the harvested
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Figure 2.1: U.S. maps of maize-producing counties that have USDA yield records of at least 20 consecutive
years during the period of 1985-2015 and temperature-precipitation plots over maize growing season for
rainfed (green) and irrigated (yellow) counties. The types (i.e., rainfed or irrigated) of counties with light
colors in the map are identified according to irrigated and rainfed crop areas provided by the MIRCA2000
dataset. If the ratios of irrigated areas or rainfed areas to the total cropland area do not exceed 90%, it is
colored light purple. Types of counties with dark colors are identified based on the irrigated and non-irrigated
yields reported by USDA. If both irrigated and non-irrigated yields were reported for a county, it is colored
dark purple. The solid lines in temperature-precipitation plots partition counties’ total precipitation and
average temperature by 20%, 40%, 60%, and 80% percentiles. The top and right side plots are the cumulative
distribution function plots of climate variables versus number of counties.

area is rainfed, and as mixed the remaining counties. When selecting counties with irrigated maize,

we select from irrigated and mixed counties; when selecting counties with rainfed maize, we select

from rainfed and mixed counties (see Fig. 1).

To represent diverse climatic conditions, we partition for each county the average precipitation

and average temperature over the growing period by percentiles of 20%, 40%, 60%, and 80%, and

assign five classes: high (H), medium high (MH), medium (M), medium low (ML), and low (L).

This generates 25 bivariate precipitation–temperature climate categories (e.g., H–M refers to high

precipitation and medium temperature). For rainfed maize and for irrigated maize, we select nine
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counties, each corresponding to one of the following categories: H–H, H–M, H–L, M–H, M–M, M–L,

L–H, L–M, L–L. Due to the absence of irrigated counties in the H–L category (i.e., high precipitation

and low temperature), only eight counties are selected for the sensitivity analysis and calibration of

irrigated maize. Within each representative climate category, we choose the county with relatively

high historical maize production to ensure that the sensitivity analysis and calibration focus on

agriculturally significant areas. To capture physiographic variation and avoid spatial clustering,

we also prioritize counties that are geographically distant from one another. The final 17 counties

selected for the global sensitivity analysis and county-level calibration are shown in Fig. 1.

To conduct the global sensitivity analysis, we use Sobol’s method (Sobol, 2001), a variance-based

global sensitivity analysis, to calculate the first-order and total-order sensitivity indices for each

input parameter. The first-order index represents the individual relative contribution of a parameter

to the total variance of the model output, and the total-order index accounts for both the individual

contribution of the parameter and its interactions with other parameters. The threshold of Sobol’s

sensitivity indices to identify sensitive parameters is not clearly defined, although previous work

often uses 0.05 (X.-Y. Zhang et al., 2015). In our study, we include parameters with total sensitivity

indices above 0.01 to expand the dimensionality of the calibration space (Fig. 2).

We apply the Shuffled Complex Evolution algorithm developed at the University of Arizona

(SCE-UA, Duan et al., 1993, 1994) to calibrate and optimize AquaCrop. This calibration method

randomly samples parameter sets from defined parameter ranges and partitions them into complexes

to broadly explore the parameter space. Parameter sets are updated by nudging toward the

one with the best performance or by taking random jumps to explore new parameter regions.

Updated parameter sets are merged and re-partitioned into complexes repeatedly until convergence

is achieved. The SCE-UA approach balances exploration and exploitation when searching for the

best-performing parameter set, and its use of complexes allows us to calibrate AquaCrop in parallel.

The calibration ranges are defined based on the AquaCrop reference manual, previous calibration

studies for AquaCrop, and maize phenology. For parameters with ranges specified for maize in the

reference manual, such as GDD_sene and Water_Productivity, their ranges are directly adopted in

the calibration (Raes et al., 2023a). Parameters representing soil water stress thresholds, such as

P_up_exp, are inherently bounded between 0 and 1, and their full feasible ranges are used. The

lethal maximum temperature reported in a review study that summarizes critical thresholds for
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Figure 2.2: Sobol’s sensitivity indices (first-order and total-order) for irrigated counties (green) and rainfed
counties (yellow) of parameters.

maize and rice (Sánchez et al., 2014) is used as the upper bound for Crop_T_heat, and we set the

default minimum temperature for cold stress as the lower bound for Crop_T_heat to allow broader

exploration of the parameter space. We show the parameters values resulting from the county-level

calibration, along with the default field-scale calibration values in Table 1.

2.3 Results

2.3.1 County-level Performance

To evaluate the performance of AquaCrop using both field-scale calibrated parameters and county-

level calibrated parameters against USDA county-level maize yields, we run simulations for both

irrigated and rainfed counties that have at least 20 consecutive years of data during 1985–2015.

All county-level simulations use the gridMET climate dataset (Abatzoglou, 2013), the gSSURGO
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Table 2.1: Calibrated and default values of calibrated AquaCrop parameters

Parameter Description Default Calibrated

CDC Canopy decline coefficient (fraction per growing
degree day)

0.01 0.013

GDD_Sene GDD from sowing to start of senescence 1400 1294
GDD_Flowering GDD from sowing to flowering 880 624
Z_max Maximum root depth (m) 2.3 1.82
Water_Productivity Water productivity normalized for ETo and CO2

(g/m2)
33.7 31.1

Kctrx Crop coefficient when canopy is complete but prior
to senescence

1.05 1.01

P_up_exp Soil water depletion threshold for canopy expansion
– Upper threshold

0.14 0.48

P_low_exp Soil water depletion threshold for canopy expansion
– Lower threshold

0.72 0.92

P_up_sto Soil water depletion threshold for stomatal control
– Upper threshold

0.69 0.27

P_up_sen Soil water depletion threshold for canopy senes-
cence – Upper threshold

0.69 0.95

Crop_T_heat Max air temperature above which pollination fails
(heat stress) (°C)

40 43

soil dataset (Soil Survey Staff, 2024), and the fertilization application rates provided by GGCMI

Phase 1 (Müller et al., 2019) as inputs. To obtain county-level yields for all counties meeting this

criterion, we follow the GGCMI Phase 1 approach: running county-level simulations under both

perfectly irrigated and purely rainfed conditions, and then calculating the area-weighted yield based

on irrigated and rainfed crop areas provided by MIRCA2000.

Compared with USDA county-level maize yield records, the field-scale calibrated AquaCrop

exhibits a systematic spatial trend of substantial underestimation in several northern states and

overestimation in the southeast, with a U.S. production-weighted mean absolute bias of 28%(Fig. 3a).

The county-level calibrated AquaCrop substantially reduces the absolute bias percentage (Fig. 3b)

to 16%. This indicates that county-level calibrated parameters account more effectively for spatial

heterogeneity in environmental and agronomic conditions and significantly mitigate systematic error

in AquaCrop. In addition, the county-level calibrated version demonstrates improved performance

in the Corn Belt region. However, the spatial pattern of underestimation in the northwestern Corn

Belt and overestimation in the southeast is still present in county-level calibrated version, although

much more dampened.
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Figure 2.3: U.S. maps of county-level evaluation metrics for all counties that have USDA yield records of at
least 20 consecutive years during the period of 1985-2015. a, c, e, and g show county-level bias in percentage,
standard deviation difference in percentage, correlation coefficient, and root mean square error normalized by
averaged observed yield for field-scale calibrated simulations. b, d, f, and h show county-level evaluation
metrics for county-level calibrated simulation.
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To assess AquaCrop’s performance in capturing the temporal variability of maize yields, we

compute the percentage difference between the simulated and observed standard deviations (SD)

at the county level (Fig. 3c and 3d). The field-scale calibrated AquaCrop demonstrates strong

spatial heterogeneity across states, with substantial overestimation of yield variability in some

northern states such as South Dakota, Wisconsin, Michigan, and New York (Fig. 3c). After

county-level calibration, the magnitudes of SD differences are reduced across nearly all counties,

with particularly large improvements in those northern states. The U.S. production-weighted

average absolute relative difference in county-level SD decreases from 127% to 36%. Similar to the

analysis of bias, the calibrated AquaCrop performs well in the core Corn Belt region, where SD

differences after calibration are clearly smaller than in other areas. However, calibration also leads

to an overall underestimation of variability. The number of counties with negative SD differences

increases from 700 to 1104. This shift from overestimation to underestimation suggests that the

initial parameterization may have exaggerated maize’s sensitivity to interannual climate variability,

while the county-level calibrated parameters may reduce this sensitivity too much. Despite this

limitation, the overall reduction in SD differences and the improved agreement in the Corn Belt

highlight the model’s improved ability to reproduce yield variability.

The maps of county-level correlation coefficients (Fig. 3e and 3f) indicate the model’s ability

to capture temporal trends in yields. Simulated yields from the field-scale calibrated AquaCrop

have weak correlation with observed yields, particularly in counties in Iowa, Nebraska, Missouri,

Pennsylvania, and Ohio (Fig. 3e). After calibration, the temporal correlation improves across most

counties, especially in Missouri, Illinois, Pennsylvania, and the east coastal regions (Fig. 3f), with

the U.S. average correlation coefficient increasing from 0.32 to 0.42. The number of counties with

correlation coefficients above 0.5 nearly doubles from 320 to 611, while the number of counties with

negative correlation drops from 247 to 220. Spatially, the strongest improvements are concentrated

in the Great Lakes region and the east coast, while counties in Nebraska and Iowa show only modest

gains or even deterioration.

The county-level RMSE normalized by observed mean yields (NRMSE, in percentage) (Fig. 3g

and 3h) indicates the overall accuracy of AquaCrop in simulating maize yields. Across nearly all

simulated counties (except for some in Colorado, Nebraska, and Kansas) the field-scale calibrated

AquaCrop exhibits high NRMSE, with a U.S. production-weighted average of 47%, indicating

63



considerable deviation from observed yields and highlighting poor model accuracy (Fig. 3g). The

county-level calibration successfully reduces the NRMSE to 26%, although counties in the West show

limited improvements, suggesting that including more counties from these areas will be necessary in

future calibrations.

In terms of regional variation in model performance, our analysis reveals differences in the

sources of deviation between observed and simulated yields after county-level calibration. Along

the east coast, AquaCrop simulations show strong correlation but large bias, implying that the

model can capture overall yield fluctuations but systematically overestimates or underestimates yield

levels. However, despite the strong correlation, this region exhibits relatively large SD differences,

indicating that AquaCrop does not always capture the magnitude of interannual variability. Reliable

performance is observed in counties with low bias, strong correlation, and similar SD. For example, in

Indiana, the county-level calibrated AquaCrop successfully reproduces both the magnitude and the

interannual variability of yields. In contrast, counties with large bias, large SD differences, and low

or negative correlation are found in Wyoming, Idaho, Oregon, and Utah, indicating consistent yield

misestimation and failure to reproduce temporal dynamics in these regions. This spatial pattern

provides critical insight into the regional strengths and limitations of AquaCrop and highlights areas

where further refinement or region-specific calibration may be needed.

We also conduct separate analyses for rainfed and irrigated counties to validate AquaCrop’s

performance under purely rainfed and perfectly irrigated conditions. As described in the methods

section, counties with USDA-specified irrigated or non-irrigated yields are included in the irrigated

and rainfed analyses, respectively, even when their irrigation percentages fall between 10% and 90%.

For rainfed counties, evaluation metrics demonstrate substantial improvement after county-level

calibration, except in the border region shared by Nebraska, Colorado, and Kansas (Supplement

Fig. S1). In this region, counties typically have high irrigation percentages, so their simulated yields

are evaluated against USDA-specified non-irrigated yields for the rainfed analysis. Considering

AquaCrop’s robust performance in other rainfed counties, these discrepancies may reflect data

classification issues rather than model limitations. For irrigated countie (mostly located in Nebraska,

Colorado, and Kansas) calibration reduces bias but shows little improvement in correlation or

NRMSE, highlighting the challenge of simulating irrigated maize yields (Supplement Fig. S2).

The combined reduction in yield bias, NRMSE, and SD differences, along with the improved
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correlation coefficients across most simulated counties, clearly demonstrate that our calibration

approach, using only 9 rainfed counties and 8 irrigated counties, remarkably improves AquaCrop’s

ability to reproduce both yield levels and interannual yield variability. These improvements under-

score the effectiveness of county-level calibrated parameters in accounting for spatial heterogeneity

in soil, climate, and management practices that are not captured by the initial parameterization.

By correcting systematic spatial errors and enhancing the model’s ability to reproduce interannual

yield fluctuations, the county-level calibrated AquaCrop provides a more robust and reliable tool for

simulating maize yield dynamics at large spatial scales.

2.3.2 Comparison with GGCMI Phase 1

To evaluate the performance of AquaCrop relative to other gridded crop models, we compare the

gridded maize yield simulations from the county-level calibrated AquaCrop with the GGCMI Phase

1 dataset for the contiguous U.S., following its evaluation approach (Müller et al., 2017, 2019).

The GGCMI Phase 1 dataset provides an ensemble of global gridded yield simulations from 14

crop models, offering a robust benchmark for assessing crop model performance. Through this

comparison, our aim is to identify the strengths and limitations of AquaCrop at different spatial

scales. Following the simulation protocol of GGCMI Phase 1, we conduct gridded maize yield

simulations under both purely rainfed and perfectly irrigated conditions spanning 1980 to 2009. We

use AgMERRA as climate input and HWSD as soil input, the same datasets used in GGCMI Phase

1 simulations. Rainfed and irrigated yields of each grid cell are weighted by their corresponding

areas from the MIRCA2000 dataset to obtain the final maize yield for that grid cell. We provide

two harmonization scenarios: fullharm and harmnon.

State-level Analysis

When comparing area-weighted state-level yields against USDA observations, we find significant

spatial variation in model performance. Under the fullharm harmonization setup, most crop models

exhibit a consistent bias pattern: underestimating yields in western states while overestimating

them in eastern states (Fig. 4). For example, all models consistently overestimate maize yields

in Florida while significantly underestimating yields in Idaho, which may result from inaccuracies

in harvested area estimates (i.e., MIRCA2000). On the other hand, models vary considerably in
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Figure 2.4: U.S. maps of state-level maize yield bias (in percentage) between the simulated yield under the
fullharm harmonization scenario and the observation for the period of 1980-2009. GCMs that didn’t provide
fullharm simulations were not included.

Figure 2.5: Same as Fig. 4 but showing the standard deviation difference (in percentage).

66



Figure 2.6: Same as Fig. 4 but showing the temporal correlation coefficient.

Figure 2.7: Same as Fig. 4 but showing the RMSE normalized by observed state-level standard deviation.
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their ability to capture state-level yield variability (Fig. 5). AquaCrop tends to underestimate

temporal variability across states, a pattern shared by ORCHIDEE-Crop, PEGASUS, CLM-Crop,

and EPIC-IIASA. Conversely, models like EPIC-Boku overestimate standard deviation in the Corn

Belt region. Despite differences in skill in capturing variability, most models show strong performance

in reproducing temporal variations of state-level yields (Fig. 6). However, GEPIC exhibits poor

temporal correlations in western states, while PEGASUS performs poorly along the east coast. In

terms of overall accuracy, Idaho shows the largest deviations across all models, while most models

exhibit relatively smaller RMSE normalized by standard deviation in the Corn Belt region (Fig. 7).

AquaCrop demonstrates consistent performance across scenarios (fullharm, and harmnon), whereas

other models show substantial variation between scenarios. For instance, PEGASUS shows opposite

patterns between fullharm and harmnon: underestimating yields and standard deviation in fullharm,

while overestimating both in harmnon, likely reflecting its high sensitivity to fertility variations.

National-level Analysis

Figure 2.8: Time-series of U.S. national yield anomalies from calibrated AquaCrop simulations, 14 GGCMs,
and FAO data for 3 harmonization scenarios: default, fullharm, and harmnon. The yield anomalies were
obtained by detrending yields with 5-year moving average.
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To evaluate performance at the national level, we aggregate gridded yields to national yields by

weighting each grid cell by its maize production. Compared with other global gridded crop models

(GGCMs) included in GGCMI Phase 1, county-level calibrated AquaCrop demonstrates competitive

skill in capturing the temporal dynamics of detrended yields in both magnitude and variability

across all three scenarios (Fig. 8). Under the harmnon setup, which assumes unlimited nutrient

supply, interannual yield variability shows greater amplitude compared to the fullharm scenarios

for both AquaCrop and most GGCMs. Without nutrient limitations, models exhibit exaggerated

yield fluctuations, especially in years with extreme yields, and pDSSAT shows the most pronounced

variation. Notably, in certain years such as 1993, several GGCMs exhibit yield anomalies opposite

in direction to those reported in the FAO data, while AquaCrop successfully captures the anomaly.

Figure 2.9: U.S. national mean yield bias and correlation coefficient for maize simulated by AquaCrop and
GGCMs when evaluating against the FAO data.

The correlation coefficients of the detrended yield time series range from –0.25 (fullharm

PEGASUS) to 0.84 (default pDSSAT) (Fig. 9). pDSSAT consistently outperforms the other models

in reproducing maize yield trends at the national scale in this study and at the global scale in Müller

et al. (2017), while PEGASUS under the fullharm configuration performs the worst at both scales.

AquaCrop also demonstrates competitive skill in reproducing the temporal pattern of FAO data,

with correlation coefficients of nearly 0.71 across the three scenarios. In terms of yield bias, which

indicates a model’s ability to estimate the national yield level, PEGASUS (harmnon) exhibits the

largest overestimation (6.6 t/ha), while LPJ-GUESS shows the largest underestimation (–4.7 t/ha)
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in both the default and harmnon scenarios. Although pDSSAT displays the strongest temporal

correlation with the reference data, its simulations deviate substantially from the national maize

yield level, with overestimation between 2.8 and 4.9 t/ha. The smallest deviation is provided by

EPIC-Boku under the default scenario (–0.05 t/ha), though its correlation coefficient is less than

0.4. AquaCrop performs notably well with minor underestimation of U.S. baseline maize yields,

particularly in the harmnon scenario, with a bias of only 0.12 t/ha.

Crop models show different responses to changes in harmonization settings. For models such as

CLM-Crop and ORCHIDEE-Crop, biases and correlation coefficients do not change much across the

three scenarios, indicating their relative insensitivity to fertilizer inputs. In contrast, simulations of

PEGASUS are dramatically affected by the choice of harmonization setup. After removing nutrient

limitation (i.e., harmnon), its correlation coefficient rises from –0.25 to 0.34, while its bias increases

from –2.9 to 6.6 t/ha. Other models, including AquaCrop, show reasonable changes in bias and

correlation across scenarios, indicating a balance of robustness and sensitivity to harmonization

settings.

Spatiotemporal Analysis

To summarize the evaluation of AquaCrop’s performance in reproducing both temporal dynamics

and spatial patterns of observed maize yields, we plot the spatiotemporal-dynamic Taylor diagram

using two-dimensional data (State × Year) (Fig. 10). Following the GGCMI Phase 1 evaluation

approach, we detrend yield time series while preserving the mean yield for each state, and then

weight them by their state-level production to construct the Taylor diagram. In terms of normalized

root mean square deviation (NRMSD), the default GEPIC provides the best performance, and

fullharm AquaCrop achieves the second-lowest NRMSD out of 37 model–harmonization combinations.

pDSSAT demonstrates the strongest spatiotemporal correlation with state-level yield records,

consistent with the national-scale analysis. However, under the harmnon setup, pDSSAT tends to

overestimate the amplitude of yield variation, with a normalized standard deviation (NSD) of 2.36,

which is also reflected in Fig. 5, resulting in a large deviation from the reference data. Overall,

AquaCrop is showing high performance compared to the other GGMI models.

We also plot the temporal-dynamic-only Taylor diagram by removing each state’s mean yield,

and the spatial-dynamic-only Taylor diagram by averaging time series across years, to further
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Figure 2.10: Taylor diagram of U.S. state-level yields simulated by calibrated AquaCrop and GGCMs
evaluating against the USDA data records. Yields were detrended but preserving the baseline yield for each
state. The standard deviation for each model was normalized by that of reference data (USDA). Individual
states were weighted by their productions.

investigate the sources of yield variability (Supplement Fig. S7 and Fig. S8). We find that the

spatiotemporal-dynamic Taylor diagram is similar to the spatial-dynamic-only version for most

models, though with different magnitudes, suggesting that the majority of the simulation variability

arises from spatial variability.

2.4 Discussion and Conclusion

Rising food demand and adverse environmental impacts on crop production continue to heighten

concerns about global food security (Tilman et al., 2011). Process-based crop models such as

AquaCrop, DSSAT, and APSIM are widely used to simulate crop responses to environmental

conditions and management practices, assess climate impacts, and explore adaptation strategies

(M. Kumar, 2016). AquaCrop, developed by the Food and Agriculture Organization, explicitly

represents crop growth and responses to water stress. Despite its relatively simple structure,

many studies have validated its performance (Abedinpour, 2021; Battisti et al., 2017; Feleke et al.,
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2021). This balance of simplicity, robustness, and accuracy makes AquaCrop accessible to diverse

users and useful for large-scale analyses. However, regional implementations often lack flexibility

for modification, calibration, and integration with other datasets or models (Chen et al., 2023).

Moreover, most process-based models are parameterized with data from only a few sites, raising

concerns about their ability to capture the diversity of climate, soils, and management practices

across large regions. Collecting in situ data at broader scales is also resource intensive. To address

these limitations, we develop a gridded, Python-based implementation of AquaCrop and proposed a

calibration approach using U.S. county-level yield data. We focus on maize because it is central to

the human diet, animal feed, and bioethanol production (García-Lara & Serna-Saldivar, 2019), and

because the United States produces nearly 30% of global maize, worth about 70 billion US dollars

annually (FAO, 2024; USDA NASS, 2025).

We evaluate how a version of AquaCrop calibrated using county-level yield data only performs

compared to a version calibrated at the field scale with multiple target variables. County-level

calibration significantly improves performance, as the U.S. production-weighted average absolute

bias decreases from 28% to 16%, the U.S. production-weighted average SD error decreases from 127%

to 36%, the U.S. production-weighted average NRMSE drops from 47% to 26%, and the average

temporal correlation coefficient rises from 0.32 to 0.42. Importantly, these gains are achieved with

calibration based on only 9 rainfed and 8 irrigated counties, showing that carefully selected sites,

along with the selection of parameters for calibration based on a global sensitivity analysis, can

improve model performance across most maize-producing regions of the U.S. by better capturing

environmental and management heterogeneity.

Despite the standardized protocols of GGCMI Phase 1, global gridded crop models (GGCMs)

vary widely in calibration procedures (Müller et al., 2019). Ecosystem models such as LPJ-GUESS

and ORCHIDEE-Crop are not calibrated; LPJmL is calibrated with FAO national yields; and others,

like PEGASUS and PRYSBI2, rely on global gridded yield datasets (Iizumi et al., 2014; Monfreda

et al., 2008). Site-based models often use field-scale calibrations, though some EPIC models are

calibrated at national scales (Deppermann et al., 2018; Sauer et al., 2010). Temporal calibration

coverage also differs: most GGCMI Phase 1 calibrations use single-year reference data around

2000, except PRYSBI2, which uses 1982–2006. These differences limit models’ ability to capture

interannual variability, as reflected in Müller et al. (2017). Our analysis, like theirs, shows that spatial

72



variability dominates overall yield variability, but we also find that temporal variability contributes

more at the U.S. state level than in global analyses. This is expected, as spatial heterogeneity declines

at smaller scales. Still, accurate simulation of interannual fluctuations is critical for applications

such as harvest forecasting, early warning systems, and policy planning (Maestrini & Basso, 2018).

Improving temporal dynamics should therefore remain a priority alongside spatial accuracy.

Our calibration approach enhances AquaCrop’s regional representativeness by incorporating

two decades of observed county-level yield data from diverse climatic zones and major production

areas. Unlike traditional site-specific calibrations that focus on a few years of in situ data (Seidel

et al., 2018), our approach captures broader spatial and temporal variability. Similar regionalized

calibrations in Europe (Angulo et al., 2013) and global efforts with EPIC (Xiong et al., 2016) have

shown the value of extending beyond site-level data, though they also highlight challenges of dataset

requirements and computational demand (Pasquel et al., 2022). We expand the calibration parameter

space more than many previous regional studies (11 parameters) based on Sobol’s sensitivity analysis.

Using 20 years of records from 17 counties strategically chosen to span precipitation–temperature

regimes, we achieve substantial performance gains while keeping computational cost feasible. Adding

more counties would likely improve results further but at greater cost. Our strategy balances

accuracy and practicality, providing a pathway for robust large-scale calibration of AquaCrop.

We acknowledge several limitations. Our calibration relies on the accuracy of USDA yield records

and MIRCA2000 harvested area data, and the focus on maize means further work is needed to

extend this approach to other crops. Irrigation representation also remains simplified, suggesting

the need for more detailed water-use datasets to improve performance in irrigated systems. In

addition, our comparison to other GGCMI models is based solely on the AgMERRA climate forcing

dataset and there is clear evidence of strong regional influence of the choice of the climatic forcing

datasets on crop model simulations. Nonetheless, the consistent evaluation across simuations with

the same climatic forcing dataset should provide a fair assessment of the strengths and weaknesses

of AquaCrop compared to the other GGCMI models.

By improving both spatial representativeness and temporal fidelity, our approach enhances the

utility of AquaCrop for applications ranging from regional adaptation planning to national-scale

assessments of climate impacts. The calibrated framework can also support model intercomparison

projects such as AgMIP and GGCMI by providing a benchmark that bridges field-scale processes
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and large-scale decision needs. Future work should expand the calibration framework to additional

crops, incorporate dynamic management practices such as cultivar choice and fertilizer timing, and

explore integration with machine learning approaches to further improve predictive skill.

Supplement
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Figure S1: As Figure 2.3 in the main text, but for rainfed counties.
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Figure S2: As Figure 2.3 in the main text, but for irrigated counties.
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Figure S3: As Figure 2.4 in the main text, but for harmnon harmonization scenario.
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Figure S4: As Figure 2.5 in the main text, but for harmnon harmonization scenario.
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Figure S5: As Figure 2.6 in the main text, but for harmnon harmonization scenario.
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Figure S6: As Figure 2.7 in the main text, but for harmnon harmonization scenario.

Figure S7: As Figure 2.10 in the main text, but for temporal-dynamic only.
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Figure S8: As Figure 2.10 in the main text, but for spatial-dynamic only.
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Figure S9: Relationship btween B_rel (ratio of fertility-limited biomass and stress-free biomass under
irrigation) and total fertility application rate with Mitscherlich equation fit.

82



Chapter 3

County-level Projections of U.S. Maize Production under Climate

Change: Impacts, Yield Gaps, and Adaptation Strategies

Wu, S., Monier, E. (2025). County-level projections of U.S. maize production under climate change:

impacts, yield Gaps, and adaptation strategies. In preparation for Earth’s Future.
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Abstract

Maize is the most extensively cultivated cereal crop and plays a pivotal role in global food supply.

However, its production is highly vulnerable to climate change. In this study, we use a flexible Python-

based implementation of AquaCrop to simulate county-level maize yields across the contiguous

United States which is the world’s leading maize producer. Simulations are driven by a large

ensemble of climate projections from 13 CMIP6 global climate models under two scenarios, SSP126

(low warming) and SSP585 (high warming). We examine (1) national-scale and county-level maize

productivity changes, (2) yield gaps between rainfed and irrigated systems, (3) the effectiveness of

irrigation and fertilization as adaptation strategies, and (4) the potential for relocating production

to new regions. We project that U.S. maize production could decline by 17% by the end of the

century under SSP585, and by 1% under SSP126. Maize yields across the Corn Belt region are

projected to decline by 10–20%, highlighting this region’s high vulnerability to climate change.

Perfect irrigation and fertilization for existing maize systems can offset yield losses during the

mid-century and their combined implementation can increase production by roughly 30%, but

under SSP585 neither measure alone fully offsets climate damages. Relocating maize production to

northeastern and western counties provides additional potential, although its feasibility is constrained

by land protection and water scarcity. Our analysis highlights the importance of water management,

nutrient availability, and spatial adaptation for sustaining maize productivity. By providing county-

level projections, we generate insights directly relevant to agricultural policy, crop insurance, and

farm-level decision-making.

3.1 Introduction

Securing adequate food supplies for the world’s population represents one of the most pressing global

challenges, particularly in a changing climate (Kang et al., 2009; Wheeler & Von Braun, 2013).

Rising temperature, shifting precipitation patterns, more frequent extreme events, and elevated

CO2 concentration are expected to affect both staple and perennial crop production (Hong et al.,

2020; Leisner, 2020; Rezaei et al., 2023; Wu et al., 2025). Climate change therefore threatens to

exacerbate existing pressures on global food systems, with potentially severe consequences for food

security, livelihoods, and agricultural sustainability (IPCC, 2019; Myers et al., 2017; Wheeler &
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Von Braun, 2013). As the most extensively cultivated and consumed cereal in the world, maize is a

key crop to examine, and understanding climate change impacts on maize yields provides important

insights into the future of food production. Globally, maize accounts for nearly 20% of total calories

consumed by humans and livestock and is produced in volumes exceeding 1.1 billion metric tons

annually (FAO, 2024), underscoring its central role in both food and feed systems worldwide.

Maize has already experienced the effects of rising temperatures and altered precipitation

patterns, which have intensified heat and drought stresses on production (Djalovic et al., 2024;

K.-H. Kim & Lee, 2023; R. W. Portmann et al., 2009; Vadez et al., 2024). Extreme drought events

during the development stage have led to yield reductions of up to 43% in the southeastern U.S.,

and increasing drought sensitivity has been observed nationwide (Lobell et al., 2020, 2014; Nguyen

et al., 2023). Using an ensemble of process-based crop models under two Shared Socioeconomic

Pathway (SSP) scenarios (Riahi et al., 2017), Jägermeyr et al. (2021) report that global maize yields

will decline by 24.1% under a high-warming scenario (SSP585) and by 6.4% under a low-warming

scenario (SSP126) by the end of the century. In contrast, global wheat yields increase by 17.5% and

8.8% under SSP585 and SSP126, respectively. Similarly, C. Li et al. (2025), using statistical crop

models, estimate that maize will experience the steepest decline (22.2%) among maize, rice, soybean,

and wheat under SSP585. Both studies also highlight that climate change poses greater risks to

maize productivity in the United States than elsewhere, with projected yield losses of 26–40% by

century’s end. As the world’s leading maize producer, the U.S. supplies nearly 30% of global maize

and generates over 70 billion dollars annually from the crop (FAO, 2024; USDA NASS, 2025). Given

maize’s central role in U.S. food, feed, and biofuel systems (García-Lara & Serna-Saldivar, 2019),

these findings underscore the urgent need to assess climate impacts on maize productivity and to

evaluate practical adaptation strategies.

Water availability is central to maize responses under climate change. Water shortage constrains

physiological processes such as germination, leaf growth, transpiration, and grain filling (K.-H. Kim

& Lee, 2023). Yang & Wang (2023) show that water stress is the primary driver of projected maize

yield losses in the Corn Belt before mid-century, while Caparas et al. (2021) estimate that the

probability of water stress–induced yield failure will more than double by mid-century. Irrigation

can offset these risks. For example, in the Ogallala Aquifer region, adding 100 mm of irrigation

reduces maize heat sensitivity by 7.6% (L. Zhang et al., 2025). Irrigation also helps stabilize yield
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variability (Irmak et al., 2022), although Partridge et al. (2023) argue that irrigation costs may

exceed benefits across most U.S. maize croplands by mid-century. Assessing the yield gap between

rainfed and irrigated systems under future climates therefore provides important insight into both

the potential and the limitations of irrigation as an adaptation measure.

Most previous studies projecting U.S. maize yields under climate change have mainly generated

gridded simulations (Jägermeyr et al., 2021; Partridge et al., 2023), while county-level projections

remain limited to a few states (Johnston et al., 2015; Urban et al., 2015). Yet most relevant

datasets—including yields, harvested areas, crop risk management data, water use, and irrigation

amounts—are primarily reported at the county scale (Dieter et al., 2018; Elias et al., 2018; National

Academies of Sciences et al., 2023; Ruess et al., 2023). County-level projections therefore provide

critical advantages for integrating with these datasets in both research and decision-making. More-

over, existing work largely focuses on current maize-growing areas, overlooking regions that may

become suitable for cultivation under future climates (Beyer et al., 2022).

To address these gaps, we use the gridded, Python-based implementation of AquaCrop (Wu

& Monier, 2025), originally developed by the Food and Agriculture Organization for field-scale

simulations (Steduto et al., 2009). AquaCrop explicitly represents crop–atmosphere–soil interactions

and simulates canopy cover, transpiration, biomass, and yield at a daily time step while accounting

for water, temperature, fertility, and salinity stresses as well as management practices such as

irrigation. Because the default maize parameterization in AquaCrop is based on conditions at the

University of California, Davis, which do not adequately represent the diverse environments of

U.S. maize-growing regions (Hsiao et al., 2009), we apply parameters calibrated for counties with

substantial maize production but distinct climates and geographical locations. Using this framework,

we provide county-level projections of U.S. maize yields under future climates, quantify yield gaps

between rainfed and irrigated management, and assess the potential and limitations of irrigation as

an adaptation strategy.
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3.2 Materials and Methods

3.2.1 AquaCrop

AquaCrop simulates crop growth on a daily time step by explicitly modeling crop physiological

processes and biophysical interactions among the crop, climate, soil, and water management

(Steduto et al., 2009). Daily yield estimation follows four major steps: (1) calculating the canopy

cover (CC) fraction based on the accumulation of growing degree days (GDD); (2) calculating

crop transpiration (Tr) by multiplying reference evapotranspiration (ETo) by a crop coefficient

(Kctr) that is proportional to canopy cover; (3) normalizing biomass water productivity based

on atmospheric CO2 concentration and multiplying it by the accumulation of Tr/ETo to obtain

above-ground biomass; and (4) multiplying the harvest index (HI) with accumulated biomass

to estimate attainable yield. In this study, we use a gridded, Python-based implementation of

AquaCrop. A detailed description of the calculation procedure and model setup is provided in (Wu

& Monier, 2025).

Crop responses to stresses

AquaCrop accounts for multiple stresses, including water shortage, waterlogging, extreme tem-

perature, salinity, and limited fertility. Water stress inhibits canopy development and accelerates

canopy decline. Stress-induced stomatal closure reduces transpiration and constrains root expansion.

Harvest index also decreases when water stress impairs reproductive processes such as pollination

or reduces stomatal conductance (Raes et al., 2009). AquaCrop incorporates a detailed soil water

balance, simulating daily water fluxes at each soil depth and computing stress coefficients for canopy

expansion, canopy senescence, pollination, and stomatal closure based on corresponding thresholds.

For temperature stresses, harvest index is adjusted for both cold and heat extremes, with cold

stress additionally decreasing transpiration. Canopy cover and transpiration are both reduced under

salinity stress, while fertility stress primarily limits canopy development and biomass accumulation.

Crop response to elevated CO2

AquaCrop considers both the reduction in transpiration and the enhancement of biomass production

under elevated CO2 concentrations. Elevated CO2 decreases crop stomatal conductance, thereby
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reducing transpiration. AquaCrop adjusts the crop coefficient for maximum transpiration (KcT rx) to

capture this effect. At the same time, water productivity is increased to account for the fertilization

effect of higher CO2, which enhances biomass accumulation.

Calibration

The parameters used in this study are calibrated with county-level maize yield data from the United

States Department of Agriculture (USDA) National Agricultural Statistics Service (NASS) (USDA

NASS, 2023). The calibration includes 8 irrigated counties and 9 rainfed counties strategically

selected to represent diverse environmental conditions of maize-growing areas across the contiguous

U.S. under rainfed and irrigated management. Wu & Monier (2025) demonstrates that the county-

level calibration significantly improves AquaCrop’s performance for large-scale simulations.

3.2.2 Model input

To investigate the impacts of climate change coupled with water management on maize yields

across the contiguous U.S., we use a large ensemble of high-resolution global climate projections:

the NASA Earth Exchange Global Daily Downscaled Projections (NEX-GDDP) based on the

Coupled Model Intercomparison Project Phase 6 (CMIP6) (O’Neill et al., 2016; Thrasher et al.,

2022). The NEX-GDDP-CMIP6 dataset is derived through statistical downscaling of 35 General

Circulation Model (GCM) outputs from CMIP6 for one historical experiment and four Shared

Socioeconomic Pathways (SSP) experiments (Riahi et al., 2017). The downscaling process employs

the daily Bias Correction Spatial Disaggregation (BCSD) method (Wood et al., 2004) using the

Global Meteorological Forcing Dataset for Land Surface Modeling (GMFD) as observational input

(Sheffield et al., 2006). NEX-GDDP-CMIP6 provides daily climate variables at a spatial resolution of

0.25 under both historical (1950–2014) and future (2015–2100) scenarios, including SSP126, SSP245,

SSP370, and SSP585. In this study, we simulate maize yields with climate projections from 13

GCMs under SSP126 and SSP585, which represent low- and high-warming scenarios, respectively.

AquaCrop determines soil hydraulic properties based on soil texture (proportions of sand, silt,

and clay). We employ gridded soil data from the Harmonized World Soil Database (Fischer et al.,

2008), consistent with previous large-scale crop yield simulations (Jägermeyr et al., 2021; Müller

et al., 2019). Irrigated and rainfed harvested areas for maize are obtained from the MIRCA2000
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dataset (F. T. Portmann et al., 2010), which provides gridded cropland area data for 26 crops. The

growing period for each county is identified using typical planting and harvesting dates from Sacks

et al. (2010). Nutrient input is represented by gridded fertilizer application rates produced by the

GGCMI Phase 1 project (Müller et al., 2019).

3.3 Results

3.3.1 Future U.S. maize production change

Climate change is projected to negatively affect maize production in the U.S. under both SSP126

and SSP585 scenarios (Fig. 1). Yields under purely rainfed and perfectly irrigated conditions are

simulated for each county across the contiguous U.S. We aggregate simulated county-level yields

(for counties that reported maize yields to the USDA during 2000–2019) to estimate U.S. national

maize production, weighted by irrigated and rainfed harvested areas from MIRCA2000. Compared

with the historical period (2000-2019), U.S. maize production declines by roughly 1% (multi-model

median across 13 GCMs) with ranges between –9% to 2% under the low-warming scenario (SSP126),

and by 17% with a confidence interval of –27% to –9% under the high-warming scenario (SSP585)

by the end of the century (2080–2099). Under SSP126, which represents an optimistic scenario

assuming atmospheric CO2 concentrations gradually decline after mid-century (Tebaldi et al., 2021),

simulated decreases in maize production are similar for the mid-century period (2040–2059) and the

end-of-century period (2080–2099). In contrast, production under SSP585 demonstrates notably

larger reductions than SSP126 after the mid-2070s. All models agree on the production decline by

2080-2099, indicating robust directionality under high warming. In addition, 8 of 13 GCM-driven

simulations include at least one year in the latter half of the century with national production losses

exceeding 40%. The decline in rainfed maize production (17.8%) is larger than that in irrigated

maize production (13.7%), and rainfed simulations demonstrate more intense uncertainty which

indicates the large uncertainty in precipitation projections across GCMs

3.3.2 County-level yield change

During the middle of the century, most counties in the Corn Belt region experience yield losses

between 0 and 10%, while the southeast coast achieves modest yield gains of up to 10% (Fig. 2).
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Figure 3.1: Time-series of yearly U.S. national maize production median changes (%) (and 10yr moving
average) relative to the mean nationwide production during the historical period (2000-2019) under SSP126
(blue) and SSP585 (orange) climate scenarios. Shadings represent the ranges of simulations with 13 GCMs.
Box plots show the distributions of end-of-century (2080-2099) production changes, followed by multi-model
median of productions changes.

Under both climate scenarios, yield gains are projected for the Rock Mountains region. By the end

of the century, county-level yield changes under SSP126 show similar patterns and magnitudes to

mid-century results (Fig. 3). In contrast, SSP585 leads to nationwide yield declines, particularly

in northern states and parts of Texas. In the Corn Belt region, end-of-century outcomes shift

toward larger losses, with yield declines spanning –10 to –30%. Counties near the Rocky Mountains

continue to benefit, which might result from the inclusion of climate data over the non-agricultural
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mountainous areas.

Figure 3.2: U.S. maps showing county-level multi-model mean yield change (%) for mid-century period
(2040-2059). Combined yield change is weighted by irrigated and rainfed harvested areas. Rainfed (irrigated)
yield changes are plotted for counties with rainfed (irrigated) cropland area exceeding 1% of total area.

3.3.3 Effects of adaptation strategies

To explore potential pathways for mitigating adverse climate impacts on the maize industry, we

examine the effects of irrigation and fertilization (Fig. 4). Perfect irrigation of historically rainfed

croplands not only offsets climate change impacts by mid-century but also increases national maize
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Figure 3.3: Same as Fig. 2 but for end-of-century period (2090-2099).

production by about 14% and 13% under SSP126 and SSP585, respectively. Assuming perfect

fertilization in all maize-growing counties results in increases of 10% (SSP126) and 8% (SSP585).

Notably, the combined effect of irrigation and fertilization can increase maize productivity by roughly

28%. By the end of the century, both strategies still provide yield benefits under SSP126. However,

under SSP585 neither irrigation nor fertilization alone fully offsets production losses, but their

combined effect does offset the climate damages and even yields a 9% increase.
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Figure 3.4: Changes (%) of U.S. national maize productions compared with the mean historical production
for 4 adaptation scenarios: no adaptation (red), perfectly irrigating all rainfed maize croplands (blue),
perfectly fertilizing all maize-growing counties (yellow), and combining both irrigation and fertilization
(green). Light (dark) bars represent simulations under SSP126 (SSP585). Error bars represent the 95%
confidence interval.

3.3.4 Counties with high yield potential

In addition to applying adaptation measures to existing maize-growing areas, cultivating maize in

new counties with high yield potential offers another strategy for building resilience in the U.S.

maize industry (Fig. 5, Fig. 6). Under purely rainfed conditions, counties in the northeastern U.S.

provide higher simulated maize yields than 95% of current maize-growing counties by mid-century

under both scenarios. Some southeastern counties also show relatively high yield potential. By

the end of the century, however, only a limited number of these counties exceed 50% of current

production regions under SSP585. With unlimited water supply, western counties demonstrate

substantial yield potential by mid-century, but these regions typically face limited water availability,

constraining irrigation feasibility. Under SSP585, states such as Arizona cannot outperform most

current maize-growing regions during 2090–2099, even under perfect irrigation.

3.4 Discussion and Conclusion

As the most extensively cultivated cereal crop in the world, maize is a crucial component of the

global food supply, supporting both direct human consumption and livestock production. Assessing
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Figure 3.5: U.S. maps showing counties that did not report maize yield to the USDA during the historical
period but are simulated to achieve yields exceeding the 5th, 25th, 50th, 70th and 95th percentile levels of
mid-century (2040-2059) yields of historically maize-growing counties. Green (blue) represents simulated
rainfed (irrigated) yield under SSP126 (light) and SSP585 (dark) scenarios.

the impacts of climate change on maize production and exploring adaptation pathways are essential

for ensuring future food security. In this study, we employ a gridded, Python-based implementation

of the process-based crop model AquaCrop to simulate county-level maize yields in the U.S., the

world’s largest maize producer. Using a large ensemble of high-resolution climate projections from

13 CMIP6 GCMs under two representative scenarios, we examine: (1) how climate change affects

U.S. maize productivity, (2) the extent of yield gaps between rainfed and irrigated systems, (3)

the potential benefits of adaptation strategies such as irrigation and fertilization, and (4) the

opportunities and constraints of relocating maize production to new regions.

Our simulations project a multi-model median decline of 18% in U.S. national maize production

by the end of the century under the high-warming scenario (SSP585), and a smaller decline of

1% under the low-warming scenario (SSP126). These results are broadly consistent with prior

global-scale analyses, including a multi-model ensemble of 12 global gridded crop models (GGCMs)

driven by CMIP6 projections (Jägermeyr et al., 2021) and statistical modeling studies incorporating
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Figure 3.6: Same as Fig. 4 but for end-of-century period (2080-2099) period.

23 GCMs (C. Li et al., 2025). We also find substantial yield reductions of 10–20% in the Corn Belt,

confirming the region’s high vulnerability to warming despite differences in magnitude compared to

other studies. For example, Hultgren et al. (2025) report losses of up to 40%, while our estimates

are smaller but still confirm significant regional risk.

To support the development of adaptation strategies, we quantify production changes in response

to irrigating all maize-growing areas and applying optimal fertilization. Our results show that either

measure alone offsets climate change damages and even generates yield gains during mid-century.

In combination, these strategies increase national maize production by nearly 30%. However, under

the warmest conditions (end-of-century SSP585), only their joint implementation fully counteracts

negative impacts. Similarly, Ren et al. (2025) find that the integrated benefits of irrigation and

fertilization outweigh associated costs for more than 80% of U.S. maize production, although long-

term soil fertility loss may increase fertilizer requirements and expenses (Jang et al., 2021). Moreover,

irrigation expansion must avoid depleting freshwater resources or harming aquatic ecosystems

(Blann et al., 2009). Enhancing water-use efficiency through improved irrigation scheduling and

infrastructure modernization is therefore essential to ensure sustainable intensification. We also
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evaluate the potential for relocating maize production to regions with higher future yield potential.

Our results suggest that northeastern counties achieve higher productivity than most current maize-

growing counties by mid-century under both SSP126 and SSP585, while some western counties

show significant potential under sufficient irrigation. Yet relocation faces important constraints: for

example, some high-yield areas in Colorado overlap with national forests, precluding large-scale

cultivation, while water scarcity limits the feasibility of expanding irrigation in western states such

as Arizona (Warziniack & Brown, 2019).

While our work advances understanding of U.S. maize production under climate change, several

limitations remain. First, our analysis relies on a single crop model, and thus does not capture

structural and parametric uncertainties inherent in multi-model ensembles. Previous studies show

that crop model differences can introduce uncertainties as large as those from climate projections

themselves (Jägermeyr et al., 2021; Rosenzweig et al., 2014). Second, our harvested area and

crop calendar inputs rely on MIRCA2000 and the dataset of Sacks et al. (2010), which represent

conditions around the year 2000. These may not fully reflect more recent changes in cropping

patterns, irrigation shares, and growing periods. Incorporating updated datasets such as MIRCA-OS

(Kebede et al., 2025), which provides harvested areas and crop calendars for 2000–2015, improves

accuracy. Third, our adaptation experiments assume perfect irrigation and fertilization across

all counties, which is unlikely to be achievable in practice due to economic, environmental, and

social constraints. Future studies should integrate biophysical feasibility with economic and policy

considerations, particularly regarding water allocation trade-offs across agricultural, municipal, and

ecological sectors. Additionally, uncertainties in the CO2 fertilization effect, as well as interactions

with pests, diseases, and technological change, remain unrepresented but could strongly influence

future maize outcomes. Finally, we acknowledge that our method to average climate variables for

each county can be improved by incorporating the Cropland Data Layer dataset (Boryan et al.,

2011) to exclude climate information over areas that are unlikely to cultivate maize such as foothills

and mountains. The inclusion of climate data from high-elevation areas can reduce the county-level

average temperature especially in those large-size counties near the Rock Mountain regions, which

explains the yield gains in this area under cliamte change.

In conclusion, our study shows that climate change poses a substantial threat to U.S. maize

production, with national declines of up to 20% projected by the end of the century under high
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warming. By explicitly revisiting the objectives, we demonstrate that: (1) climate change reduces

maize productivity nationally and in the Corn Belt; (2) irrigation narrows the yield gap between

rainfed and irrigated systems; (3) irrigation and fertilization, particularly in combination, provide

substantial though incomplete mitigation; and (4) relocating maize to new high-potential regions

offers opportunities but faces serious constraints. Together, these findings underscore that sustaining

U.S. maize productivity in a changing climate requires integrated strategies that combine biophysical

adaptation, resource-efficient management, and supportive policies. Importantly, our county-level

results provide critical insights for policy design, crop insurance programs, and farm-level decision-

making by aligning directly with the scales at which agricultural management and risk assessments

occur. Future work linking crop modeling with water resource planning, socio-economic analysis,

and regional adaptation strategies is essential for developing robust pathways that safeguard both

food security and environmental sustainability.
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Conclusion

This dissertation aims to advance the understanding of how climate change affects both perennial

and annual cropping systems and how innovation and adaptation can mitigate those impacts. The

first study develops a novel statistical framework that links agro-climate indices (ACIs) to the

phenological stages of a major perennial crop (California almonds) to identify impact pathways and

inform adaptation. It shows that climate change can substantially reduce California almond yields

by the end of the century, with projected median losses of 17% under SSP245 and 49% under SSP585

if current management remains unchanged. Negative impacts are more severe in the southern

Central Valley, while innovation gains show heterogeneity in northern counties and are overall lower

there. This study provides insights into the direct impact of climate change on each physiological

growth stage and thus enables the identification of adaptation strategies to minimize future yield

losses that current crop modeling studies do not. It reveals that the dominant damaging ACIs are

daily minimum temperature during the bloom stage, especially under mild warming by mid-century

or under the lower warming scenario SSP245, as well as humidity levels during the bloom stage

(Bloom_Humidity) and the exposure to temperature higher than 35◦C during the growth stage,

especially under higher warming such as by end-of-century or under the higher warming scenario

SSP585. This modeling approach can be applied to other almond growing regions and and other

perennial crops such as other nut and fruit trees, after identifying appropriate ACIs.

The second study addresses limitations that often hinder regional applications of process-based

crop models including flexibility of implementation, scalability of calibration, and representativeness

across diverse climates, soils, and management. We develop a flexible, Python-based implementation

of AquaCrop and propose a county-level calibration approach for U.S. maize. Relative to a field-scale

calibration, our approach substantially improves AquaCrop performance with the U.S. production-
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weighted average absolute bias decreasing from 28% to 16%, the SD error from 127% to 36%, the

NRMSE from 47% to 26%, and the temporal correlation increasing from 0.32 to 0.42. Notably,

these gains are achieved with calibration data from only 9 rainfed and 8 irrigated counties, enabled

by a Sobol’s sensitivity-guided selection of 11 parameters. This strategy balances accuracy and

computational cost, broadening regional representativeness while remaining practical. The study

also clarifies where variability arises in regional assessments. In the global analysis, spatial variability

dominates overall yield variability; however, temporal variability contributes more at the U.S.

state-scale than in global studies, highlighting the importance of accurately capturing interannual

fluctuations for applications such as forecasting and early warning. By embedding multi-year,

multi-county observations directly in the calibration, our approach improves AquaCrop performance

in capturing spatial patterns and temporal dynamics of maize yields.

Leveraging the county-level calibrated AquaCrop, the third study evaluates U.S. maize outcomes

with climate projections from 13 CMIP6 GCMs under SSP126 and SSP585 scenarios. It finds a

multi-model median decline of 20% in national maize production by end-of-century under SSP585

and a smaller 1% decline under SSP126. The Corn Belt shows severe yield reductions between

10–20%. To inform adaptation, this study quantifies production responses to irrigating all maize-

growing croplands and applying optimal fertilization. Either measure alone offsets climate damages

and generates gains at mid-century, and combined they increase national production by nearly 30%.

Under SSP585, only the joint implementation can fully counteract negative impacts by the end of

the century. The analysis also explores relocating current maize croplands to areas with higher yield

potentials.

Finally, this dissertation provides practical and scalable tools the agricultural industry can use

to adapt to climate change: a statistical modeling approach for perennial systems and a scalable

calibrated process-based crop model for annual systems. Together, they help assess climate risk

and investigate adaptation options, such as irrigation, fertilization, and strategic relocation, at

decision-relevant (county and regional) scales. Both approaches can be applied to other crops and

regions, supporting climate-resilient planning and management.
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