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ABSTRACT OF THE DISSERTATION

Coupled water-food system analysis of agriculture in California’s San Joaquin

Valley: vulnerabilities, adaptations and policy trade-offs

by

José Manuel Rodríguez Flores

Doctor of Philosophy in Environmental Systems

University of California Merced, 2023

Josué Medellín Azuara, Graduate Advisor

The San Joaquin Valley has experienced a significant rise in water demand for irriga-

tion, met to a large extent by groundwater resources. Groundwater serves as a dependable water

source not only for irrigation but also for sustaining local communities and ecosystems. However,

inadequate management of groundwater over the past few decades has led to detrimental outcomes

such as aquifer depletion, subsidence, deteriorating water quality, and the failure of domestic wells.

In response, the implementation of the Sustainable Groundwater Management Act (SGMA) since

2014 has fostered the development of Groundwater Sustainability Plans (GSPs) aimed at achieving

groundwater sustainability goals by 2040. Consequently, it is crucial to develop approaches that

allow us to identify vulnerabilities within the food-water system and evaluate potential strategies

for addressing groundwater sustainability challenges. This dissertation is driven by five objectives:

1) model the food-water system, including the feed-back between agriculture and groundwater

2) incorporate uncertainty into water management policy assessment and exploration, 3) seek dy-

namic and adaptive policies that offer flexibility in wet and dry years, 4) assess the trade-offs

between groundwater sustainability and economic revenues derived from food production, and 5)

identify factors contributing to domestic well failures to inform domestic well protection efforts.

These objectives are addressed through three comprehensive studies, corresponding to manuscripts

published or currently under review. Chapter 2 employs Global Sensitivity Analysis to examine

influential factors in a candidate groundwater pumping restriction, discovering parameters that af-

fect its performance. Chapter 3 advances the incorporation of uncertainty within a multi-objective
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optimization framework, enabling the search for dynamic policies adapting to system changes and

achieve economic and groundwater sustainability objectives. Finally, in Chapter 4, a spatial anal-

ysis is developed to identify specific components within the food-water system that can be tar-

geted through effective land and water management strategies, thus reducing the risk of domestic

well failures. This dissertation provides significant insights into the implementation of sustainable

groundwater management practices in the San Joaquin Valley, with a particular emphasis on four

groundwater basins. However, the findings and results derived from this research have broader

applicability across the San Joaquin Valley region, offering valuable implications for groundwater

management practices beyond the study area.
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Chapter 1

Introduction

1.1 Background

Global groundwater resources are facing unprecedented pressures due to the escalating

water demand for food production. Agriculture heavily relies on groundwater as source for irriga-

tion (Dalin et al., 2017; Qin et al., 2019), particularly in semi-arid regions such as California (W.-Y.

Wu et al., 2020). Moreover, the combined effects of anthropogenic climate change and unsustain-

able water management practices have exacerbated global water scarcity, intensifying the strain on

groundwater sources (Lall et al., 2020; Scanlon et al., 2021; Taylor et al., 2013). Consequently,

this has led to the depletion of groundwater reserves in several of the most important agricultural

regions worldwide (de Graaf et al., 2017; Famiglietti, 2014; Huggins et al., 2022). The depletion

of groundwater reserves poses a significant threat to safe and reliable water access for various sec-

tors, including agriculture, domestic use (Jasechko and Perrone, 2021), and ecosystems (Bierkens

and Wada, 2019). Thus, addressing these challenges is of crucial importance to ensure sustainable

water management and safeguard the long-term availability of groundwater.

Groundwater depletion has prompted the need to pursue sustainable use, leading to the

development and implementation of policies and economic instruments (Elshall et al., 2020). How-

ever, it is important to recognize that the embedded food-water system, with its co-evolving dynam-

ics and interdependencies, possesses distinct characteristics that must be considered when devel-

oping policies that can effectively achieve sustainability objectives. Coupled food-water systems,
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as other socio-ecological or human-natural systems, exhibit co-evolving dynamics and feedback

mechanisms (Konar et al., 2019; J. Liu et al., 2007; Polhill et al., 2016). Moreover, the evolution

of these systems is subject to uncertainties arising from exogenous factors (Di Baldassarre et al.,

2016; Pérez-Blanco, 2022; Yung et al., 2019), and the implementation of management policies

may give rise to trade-offs (Lu et al., 2021; Null et al., 2021; Schreckenberg et al., 2018; Torhan

et al., 2022).

To comprehensively investigate the complexities inherent in the food-water system, it is

imperative to consider multiple dimensions. Modeling frameworks have been developed to cap-

ture the dynamic interplay of the coupled food-water system, such as Hydro-economic models

(HEMs). These models have been successfully applied to study the evolving dynamics of food

production and its feed-backs, encompassing aspects such as reservoir releases, environmental

flows, and groundwater dynamics (Ortiz Partida et al., 2023). Extensive literature exists on the

application of HEMs in climate change adaptation and the search for water management policies

(Pérez-Blanco et al., 2021; Ward, 2021). However, there remain research gaps in exploring key

uncertainties that can be included in the development of modeling as a decision-making support

tool, for example through the application of sensitivity analysis (Lo Piano et al., 2022).

Furthermore, it is crucial to address the limitations of static assumptions prevalent in

many HEMs, which do not account for the adaptive nature of policies in response to system

changes. Modeling frameworks used in water systems have made remarkable advancements in in-

tegrating uncertainties and addressing trade-offs within multi-objective optimization frameworks.

Implementations can be observed in various domains, such as reservoir operation (Gupta et al.,

2020; W. Wu et al., 2022), water pollution control (Leng et al., 2021; Quinn et al., 2017; Rong

et al., 2019), ecosystem preservation (Dalcin et al., 2023; Lu et al., 2021), social equity (Deng et

al., 2022; Nyahora et al., 2020; Yuan et al., 2022) and groundwater management (Banihabib et al.,

2019; Habibi Davijani et al., 2016; Mehrabi et al., 2021). These frameworks can also consider the

potential for dynamic adaptiveness in decision-making processes (Giuliani et al., 2016; Reed et al.,

2013). Moreover, the evaluation of policies can be augmented by assessing their capacity to achieve

stakeholders’ objectives under potential states of the system via robustness analysis (Herman et al.,

2015; McPhail et al., 2018).

In addition to the utilization of optimization and simulation modeling frameworks (Harou
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et al., 2009), water systems have also been extensively studied using statistical models (Müller and

Levy, 2019). These methods have demonstrated their efficacy in numerous applications to develop

a comprehensive understanding of the food-water system while capturing spatial processes (Di Bal-

dassarre et al., 2019). Notably, they have proven instrumental in capturing complex associations,

such as those between land use changes and streamflows (M. C. Levy et al., 2018), groundwater

pumping and subsidence, groundwater pumping and water quality (M. C. Levy et al., 2020; Z. F.

Levy et al., 2021), and complex socio-hydrological associations that drive shifts in water use and

conservation (Breyer et al., 2018; Deines et al., 2019; Worland et al., 2018). Importantly, these

modeling frameworks offer flexibility in incorporating inference methods to address data com-

plexities, including spatial and temporal autocorrelation, and assumptions that we have of the sys-

tem. These methods hold the potential to identify critical relationships among system components,

particularly during drought events when feedback loops and associations between components of

the system intensify. For instance, during dry periods, agriculture heavily relies on groundwater

pumping, leading to exacerbated externalities affecting other sectors, such as domestic well failures

(Jasechko and Perrone, 2020).

1.2 Agriculture and groundwater in the San Joaquin Valley

The agricultural sector in the California’s San Joaquin Valley occupies the first place in

value in the US and is a vital economic sector in the region, leading with Kern, Fresno and Tulare

Counties (CDFA, 2022). Its production value is $24 billion in annual gross revenues, mainly

from orchards and vines with almost $20 billion, and employs 340 thousand people (17% of the

employment in the Valley) (Escriva-Bou et al., 2023). This region hosts approximately 1.8 million

(in 2018) hectares of irrigated agriculture, which is 73% of the irrigated land in the Central Valley.

The water use in the region accounts to 19.8 km3 sourced from both surface water (60%) and

groundwater (40%). Notably, during dry years, groundwater supplies the majority of water, as

observed in 2021 when it accounted for 70% of the total supply (Medellin-Azuara et al., 2022).

One of the main reasons this region has achieved the scale and specialization tree and

vine crops is the use of reliable groundwater pumping. The expansion of perennial tree crops, as

shown in Figure 1.1, especially of nut trees, has become economically significant but poses higher
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financial risk and inflexible water demands due to higher establishment costs compared to other

crops (Mall and Herman, 2019). However, groundwater pumping has been used to mitigate surface

water shortages, that in addition to uncoordinated management has resulted in significant declines

in groundwater levels (P.-W. Liu et al., 2022; Qin et al., 2019).

Transitioning to a sustainable groundwater use in the San Joaquin Valley has challenges

that need comprehensive understanding of the food-water system. This dissertation highlights three

key trends that pose challenges to the development of sustainable groundwater policies in the re-

gion. First, the current proportion of perennial crops, has heightened vulnerability to surface water

shortages and resulted in a surge of well drilling and groundwater pumping. Second, despite inter-

mittent wet periods following droughts, intensive pumping practices have not allowed groundwater

recovery. Finally, communities that rely heavily on groundwater are disproportionately affected by

basin-wide declines in groundwater levels and the pumping activities of neighboring agricultural

operations.
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Figure 1.1: Land use in California’s San Joaquin Valley in 2012 and 2022. Maps show the bound-

aries of the groundwater subbasins. Source: Chen et al. (2023)

In the past decade, the San Joaquin Valley has faced two prolonged drought periods: from

2012 to 2016 and from 2020 to 2022. These droughts have revealed the vulnerability of the region’s

food-water system, resulting in various consequences. These include significant economic costs to

agriculture and related sectors (Medellin-Azuara et al., 2022; Medellín-Azuara et al., 2016), the

emergence of dry domestic wells in disadvantaged communities (Méndez-Barrientos et al., 2022),

and disparities in water curtailments leading to lower environmental flows (Stewart et al., 2020).

Additionally, the distinctive climate of the region renders it highly susceptible to water shortages,

which are expected to worsen due to climate change, including increased temperatures, heightened

evapotranspiration rates, and diminished snowpack (Fernandez-Bou et al., 2021; Pathak et al.,

2018).
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Extensive deliberation has taken place regarding the implementation of demand and sup-

ply management strategies to achieve the sustainability objectives outlined by the state in the Sus-

tainable Groundwater Management Act (SGMA). Demand-side management approaches include

groundwater pumping restrictions and land fallowing (Escriva-Bou et al., 2023; Hanak et al., 2019);

however, these policies entail significant economic costs. Additionally, numerous opportunities

exist to develop adaptive policies that balance between sustainability goals and reduced economic

impacts through coordinated water management between dry and wet years. State-level initiatives

are also incorporating frameworks that incentivize strategic allocation of land and water resources

to fulfill SGMA objectives while also addressing broader social and ecosystem benefits. Examples

of such initiatives include cropland re-purposing (Fernandez-Bou et al., 2023) and groundwater

recharge (Wendt et al., 2021). This dissertation offers a thorough and comprehensive analysis of

these challenges and opportunities, providing an in-depth exploration of their complexities and

potential implications.

1.3 Dissertation Overview

The general objective of this dissertation is to develop systemic understanding of San

Joaquin Valley’s food-water system using two modeling approaches, hydro-economic models and

spatial statistical modeling, used to develop informed policy suggestions.

In Chapter 2, a global sensitivity analysis is conducted on a coupled hydro-economic

model to identify vulnerabilities within the system that may significantly impact the effectiveness

of groundwater management policies. This analysis characterizes the uncertainties inherent in the

food-water system and examines the key influential factors that affect the performance of a potential

groundwater pumping restriction.

In Chapter 3, the investigation into uncertainty is extended by integrating it into a simulation-

optimization approach aimed at formulating adaptive and dynamic irrigation management policies.

A bi-level optimization framework is developed, enabling the incorporation of feedback mecha-

nisms between groundwater pumping and groundwater depth. Additionally, the framework uses

Evolutionary Multi-Objective Direct Policy Search to effectively account for both economic ob-

jectives related to food production and sustainability objectives associated with groundwater man-
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agement. Optimal policies are identified, and their performance is evaluated through robustness

analysis. This chapter significantly contributes to enhancing our understanding of irrigation man-

agement strategies in the face of uncertainty, fostering the development of more adaptive ground-

water management practices.

In Chapter 4 a statistical spatial analysis is performed to identify key factors in the food-

water system that increase the risk of domestic wells to go dry during droughts. In this chapter

multiple data sets are integrated such as reported dry wells, well completion records, groundwater

levels, and land use information. Additionally, the used spatial model employs a Bayesian ap-

proach, to account for spatial autocorrelation among the observations. The model is able to predict

the probability of domestic well failure within the Tule, Kaweah, Kings and Madera subbasins.

Results provide valuable insights into the most significant factors within the system, which can

guide the prioritization and development of effective groundwater management strategies.

Finally, in Chapter 5 insights and remarks on the research conducted in the main three

chapters are included. The chapter also discusses the limitations and potential areas for further

investigation, suggesting avenues for future exploration.
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Chapter 2

Global Sensitivity Analysis of a Coupled

Hydro-Economic Model and

Groundwater Restriction Assessment
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Reed, P.M., Escriva-Bou, A., and Medellín-Azuara, J. (2022). Global Sensitivity Analysis of

a Coupled Hydro-Economic Model and Groundwater Restriction Assessment. Water Resources

Management, 36(15), 6115-6130. https://doi.org/10.1007/s11269-022-03344-5

2.1 Abstract

Assessing impacts on coupled food-water systems that may emerge from water policies,

changes in economic drivers and crop productivity requires an understanding of dominant uncer-

tainties. This paper assesses how a candidate groundwater pumping restriction and crop prices,

crop yields, surface water price, electricity price, and parametric uncertainties shape economic and

groundwater performance metrics from a coupled hydro-economic model (HEM) through a diag-

nostic global sensitivity analysis (GSA). The HEM used in this study integrates a groundwater

16
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depth response, modeled by an Artificial Neural Network (ANN), into a calibrated Positive Math-

ematical Programming (PMP) agricultural production model. Results show that in addition to a

groundwater pumping restriction, performance metrics are highly sensitive to prices and yields of

perennial tree crops. These sensitivities become salient during dry years when there is a higher

reliance on groundwater. Furthermore, results indicate that performing a GSA for two different

water baseline conditions used to calibrate the production model, dry and wet, result in different

sensitivity indices magnitudes and factor prioritization. Diagnostic GSA results are used to under-

stand key factors that affect the performance of a groundwater pumping restriction policy. This

research is applied to the Wheeler Ridge-Maricopa Water Storage District located in Kern County,

California, region reliant on groundwater and vulnerable to surface water shortages.

2.2 Introduction

Worldwide groundwater demand for irrigation is increasing due to diminishing and vari-

able surface water supplies that stress aquifer systems (Richey et al., 2015). For this reason it is

important to assess how food production, aquifers and their feedback respond to water policies

and economic and crop production changes. Models used to understand these relationships have

intrinsic uncertainties in their input and calibration parameters. In order to develop better informed

modeling support tools is important to assess how changes in the results are attributed to these

uncertainties.

Modeling efforts have explored the dynamics and feedbacks of food-water systems using

hydro-economic modeling approaches (Harou et al., 2009), factoring the particular characteristics

of water and agricultural production systems. Various studies have used modular and response

functions coupling taxonomies to represent the coevolution of agricultural production systems with

surface water systems (Forni et al., 2016; Giuliani et al., 2016; Maneta et al., 2020) and ground-

water systems (Afshar et al., 2020; Graveline, 2019; MacEwan et al., 2017), to assess impacts of

exogenous changes and water policies.

As HEMs grow in their complexity, improved diagnostic tools to better map how inputs

and calibration uncertainties shape the outputs become increasingly important. Sensitivity Analysis

(SA) is a formalized methodology to study how the uncertainty in the output of a model is attributed
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to uncertainties in the model inputs (Saltelli, 2002). Two general SA methods are used depending

on the taxonomy of the model: local and global sensitivity analysis. Global sensitivity analysis is

used for non-additive models where there are nonlinear interactions among inputs. The objective

of this analysis is to quantify the variability of model outputs that result from direct and higher

order effects (interactive effects) of uncertain inputs. Additionally, GSA considers the variation of

all the uncertain inputs at the same time, whereas local SA is performed by varying one input at a

time.

SA is widely employed in environmental and hydrologic modeling (Pianosi, 2016; Song

et al., 2015), to explore inputs prioritization (Budamala and Baburao Mahindrakar, 2020; Hashemi

and Mahjouri, 2022; Karimi et al., 2022), climate change uncertainties( Fayaz et al., 2020), and

calibration performance (El Harraki et al., 2021). Despite the large use of HEMs in food-water sys-

tems, diagnostic sensitivity analysis is seldom performed and is often limited to exploring impacts

on the outputs from a single input through scenario analysis without exploring all the uncertain

space of inputs with some exceptions (D’Agostino et al., 2014; Ghadimi and Ketabchi, 2019;

Singh, 2022). Furthermore, sensitivity analysis has also been applied to calibrated agricultural

production models, where the diagnostic results were used to identify how changes in economic

variables (Arribas et al., 2017; Shirzadi Laskookalayeh et al., 2022) and calibration parameters

(Graveline and Merel, 2014) shape revenues and inputs allocation forecasts.

In this work, we contribute a coupled HEM and a GSA diagnostic framework for an im-

proved understanding of the most consequential factors that shape the evolution of the food-water

system in California’s San Joaquin Valley (SJV), and provide insight for assessing a groundwater

pumping restriction policy. The HEM used in this study uses a PMP model to emulate agricul-

tural production, coupled with a groundwater response function (GRF), which was embedded in

the PMP model through an ANN. Our diagnostic GSA explores uncertainties in economic, crop

production, groundwater restriction and calibration factors. Additionally, we perform the diagnos-

tic for two baseline conditions, to show how the selection of the baseline changes the results of

the GSA and groundwater restriction impacts. This framework is applied for the Wheeler Ridge-

Maricopa Water Storage District, a water district representative of the SJV.

This paper is organized as follows. In Section 2, we describe the study area and the

agricultural and water characteristics of the water storage district. In Section 3, we lay out the
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coupled hydro-economic modeling framework used in this paper, including a description of the

calibration process and the GSA experiment. Results are summarized in Section 4, where we

analyze the diagnostic insights from the GSA to clarify key factors shaping the performance metrics

of the model. Finally, conclusions and areas for future research are described in Section 5.

2.3 Study area description

The Wheeler Ridge-Maricopa Water Storage District (Figure 2.1) is the third-largest dis-

trict in crop acreage in Kern County, one of the most productive counties in the United States

(USDA, 2019). Perennial crops are the commodities mainly produced in the district, including

vines, subtropical fruit trees and nut trees. Perennials cropland has increased overtime as shown in

Figure A2 of Appendix A. In the SJV, highly variable surface water supplies have significant im-

pacts on aquifers as groundwater pumping for irrigation serves as an important backstop source of

water during dry periods (Lund et al., 2018), affecting groundwater storage (Xiao et al., 2017; Yin

et al., 2021) and groundwater depths (Vasco et al., 2019). With climate change, stress on groundwa-

ter is expected to exacerbate as changes in precipitation, temperature and snow-pack have impacts

on surface water supply (Fernandez-Bou et al., 2021). Water stakeholders located on overdrafted

groundwater basins are facing regulatory pressure to achieve groundwater sustainability following

the objectives of the Sustainable Groundwater Management Act (SGMA) (DWR, 2021). Recent

studies highlight the implementation of groundwater and land use controls on agriculture to achieve

sustainability (Hanak et al., 2019), such as pumping restrictions (MacEwan et al., 2017; Miro and

Famiglietti, 2019), pumping fees (Stone et al., 2022) and land fallowing (Bryant et al., 2020; Li

et al., 2018; Van Schmidt et al., 2022). In this study, we assess a candidate groundwater pumping

restriction while considering other uncertainties.

2.4 Methodological framework

The coupled HEM approach used in this paper integrates a groundwater depth response

function, modeled using an ANN, in a calibrated agricultural production model. Both models were

calibrated separately and coupled as explained in the following subsections.
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Figure 2.1: Wheeler Ridge-Maricopa Water Storage District located in the San Joaquin Valley,

California. The district spans two groundwater basins: Kern County and White Wolf.

2.4.1 Agricultural production model

We modeled the agricultural production system following PMP (Howitt et al., 2012)

using two baselines: the average of 2010-2012 (wet period) and the average of 2013-2015 (dry

period). The average of these years was taken from observed data used in the calibration process.

By using a time window average, we capture the average farmers behaviour during each water

condition. The calibration process can be found in the Appendix A.

The calibrated model (Equations 2.1 to 2.6) maximizes the economic revenue at the water

district level by optimizing the input allocation (xi,j) of j={water, land, labor, other supplies} for

production of crop i={almonds and pistachios, alfalfa, cotton, cucurbits, other deciduous, other

truck, grain, other field, fresh tomatoes, processing tomatoes, onions and garlic, sugar beets, dry

beans, pasture, subtropical, vine, potatoes, safflower, corn} and use of water (watw) by source w =

{surface water, groundwater}. The second term in the objective function (Equation 2.1) is the crop

specific exponential cost function, where the calibration parameters γi and δi are parameterized

using dual values (λ̄land,i) obtained from solving the linear model in the Appendix A (Equations
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A.1-A.4). δi equals (ωi,land + λ̄land,i)/(γi exp(γx̄land,i)) where γi equals 1/θix̄i, x̄land,i is the

baseline land use and θi is the own-price supply elasticity.

Maxxi,j ,watw

∏
=

∑
i

(piyldiyi)−
∑
i

(δi exp(γixi,land))−∑
i

∑
j ̸=land,water

(ωi,jxi,j)−
∑
w

(ω̂wwatw)
(2.1)

Where pi is the price by crop ($/ton), and yldi is the crop yield change coefficient. In

the third term there is a linear cost of the use of inputs j, where ωi,j is the marginal cost of each

input per acre. Lastly ω̂w is the cost per acre foot of water used from every source. The pumping

cost (ω̂GW ) is a function of depth and electricity price described in the Appendix A. yi is the total

production (tons) by crop given by a Constant Elasticity of Substitution (CES) production function

with constant returns to scale (Debertin, 2012), defined as:

yi = τi[
∑
j

βi,jx
ρi
i,j ]

1/ρi (2.2)

Where τi is a scale parameter given by ȳix̄i/[
∑

j βi,jx
ρi
i,j ]

1/ρi , where ȳi is the baseline

crop yield. The parameter βi,j represents the relative use of each input. The parameter ρ is equal

to (σ-1)/σ where σ, elasticity of substitution, is 0.17 for all crops.

The optimization model has a set of resource constraints: land availability (Equation

2.3), surface water availability (Equation 2.5), and groundwater pumping restriction (Equation 2.6).

Where bland is the available land, bSW is the available surface water and bGW is the groundwater

pumping capacity. GWR represents the groundwater pumping restriction policy.

∑
i

xi,land ≤ bland (2.3)

∑
i

xi,water ≤
∑
w

watw (2.4)

watSW ≤ bSW (2.5)
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watGW ≤ (1−GWR)bGW (2.6)

2.4.2 Groundwater depth change response

In order to estimate the groundwater depth (GWD) change response from agricultural

pumping, an ANN was calibrated. The groundwater depth change (∆dg,t) at each year (t) of

simulation is modeled at a water district level. The ANN was calibrated using data from twenty-

four water districts within the Kern county region listed in Table A.1, and using a categorical

variable to forecast district-specific changes (g). The ANN has nine input variables, one output

variable, and two hidden layers, each with nine neurons, as shown in Figure 2.2. The variables

used from the year of the simulation t and the previous year t-1 are: San Joaquin Valley Water Year

Hydrologic Classification Index (WYI), total volume of surface water used for irrigation (VSW),

total volume of groundwater used for irrigation at the end of the irrigation season (VGW), and

volume of intentional groundwater recharge (VIR). Data sources for the calibration process are

explained in Section 3.4. Details about the ANN calibration and validation results for Wheeler

Ridge-Maricopa can be found in the Appendix A.

Figure 2.2: Artificial Neural Network (ANN) graphic representation which estimates the change in

the average groundwater depth (∆dg,t) by water district
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2.4.3 Global sensitivity analysis

The economic production model and groundwater depth response neural network were

calibrated and coupled in a single model in Python. The selected model input variables analyzed in

the GSA are: crop prices, crop yield change coefficients, surface water price, price of electricity and

crops own-price supply elasticities. Additionally, a potential groundwater restriction was included.

Three outputs were analyzed in the diagnostic: groundwater depth change, total land use and total

net revenue. Figure 2.3 shows the flow of inputs for the calibration of the model and simulation.

Figure 2.3: Global Sensitivity Analysis experiment. In red are the inputs selected for the GSA

experiment from all the inputs used (green boxes). The gray arrows represent the flow of inputs for

the calibration of the PMP model. The flow of inputs (in red) and outputs for the GSA experiment

is depicted with black arrows. The yellow boxes represent the two models (PMP and ANN) and

the red boxes represent the outputs of analysis. Pi =
∑

i,j(piyi − ωi,jxi,j)xland,i

A variance-based GSA method, Sobol, was used for this study (Sobol, 2001). It uses the

principle of variance decomposition to estimate the single interaction, higher order, and total effects

of each input variable on the output. This method is computationally efficient, easy to interpret,

and mathematically reliable.

Following Saltelli et al. (2010), the first order sensitivity index (S1) represents the con-

tribution of a parameter Xi to the variance of the output Y given by Equation 2.7. V (Y ) is the
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total variance of the output and X∼i is a matrix of all parameters but Xi. The mean of Y is taken

over all the possible values of X∼i while keeping Xi constant. S1i is normalized so the first order

indices have values between zero and V (Y ).

S1i =
VXi(EX∼i(Y |Xi))

V (Y )
(2.7)

Using variance decomposition, Sobol indices capture interactions among parameters that

are present due to nonlinearities in the model. The second order sensitivity (S2) is given by the

joint effect of two parameters (Xi, Xj) on the variance of the output Y. This index is the result

of the difference between the joint effect of the two parameters minus their first order effects as

described by Equation 2.8.

S2ij = V (EX∼ij (Y |Xi, Xj))− V (EX∼i(Y |Xi))− V (EX∼j (Y |Xj)) (2.8)

Finally the total order index (ST) for an inputXi is given by Equation 2.9. This represents

the total effect of any input parameter Xi on the output Y, accounting for the first order effect and

higher order effects. Where VX∼i(EXi(Y |X∼i)) is the first order effect of X∼i.

STi = 1− VX∼i(EXi(Y |X∼i))

V (Y )
(2.9)

Since the distribution of the selected input variables is unknown we used the Saltelli

sampling scheme (Saltelli, 2002), using minimum and maximum boundaries for each input (Table

2.1). For uncertainty on crop prices, we assume a relative price uncertainty of 20% and changes

in yields of plus and minus 10% from the baseline as assessed by Medellín-Azuara et al. (2011)

and Pathak et al. (2018). Crop prices show constant volatility as they are subject to global markets,

while yield changes can be the result of farm-scale decisions (e.g. water stress, technology and

fertilization) and climate factors. We used the baseline surface water price plus and minus 20%

boundaries. For the price of electricity we used the minimum and maximum values reported in

the analysis period. For own-price supply elasticities we used the minimum and maximum values

found in the literature (Maneta et al., 2020; Russo et al., 2008; Volpe et al., 2010), or plus and

minus 20% from the estimated values. Finally, we included a groundwater pumping restriction
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policy, which can restrict up to 50% from the baseline groundwater pumped for each year. Values

used for the GSA experiment are reported in Tables A.2-A.4 of the Appendix A.

Parameter Name Lower bound Upper bound
pi Price by crop 80% 120%
yldi Yield change by crop 90% 110%
ω̂SW Price of surface water 80% 120%
ωelectricity Price of electricity $0.1/kWh $0.25/kWh

θi
Own price supply
elasticity by crop

Lowest value in
literature or 20% less
than approximation

Highest value in
literature or 20% more
than approximation

GWR
Groundwater pumping
restriction

0 50%

Table 2.1: Boundaries of input variables for Global Sensitivity Analysis Experiment

To perform this experiment we used the Python library SALib (Herman and Usher, 2017).

The number of simulations to achieve significance and convergence on the sensitivity indices de-

pend on the number of samples and number inputs (Saltelli et al., 2010). We performed simula-

tions using 1,000 to 20,000 samples (n) for each input. The convergence of ST indices happened

after n=2,000, however S1 indices converged after n=15,000. For the final simulations we chose

n=20,000 samples for each input for a total of 2,080,000 state of the world simulations for the wet

year conditions and 1,960,000 for the dry year conditions.

2.4.4 Data sources

Land use data is available from KCDAMS (2021). Crop water requirements were ob-

tained from the California Department of Water Resources (DWR) (DWR, 2020a). Price and yield

information was obtained at the county-level data for Kern (USDA, 2019). We assumed subsi-

dies for crops that exhibit potentially negative marginal profitability under historical conditions.

Costs of production were obtained from UC Davis Cost and Return Study estimates, using proxy

crop costs per crop category (UC Davis, 2015). Agricultural surface water cost was estimated

from rates published in the water district Agricultural Water Management Plans (DWR, 2020b).

Surface water delivery, groundwater pumping and groundwater recharge amounts were obtained
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from simulations of the California Food-Energy-Water Systems (CALFEWS) model(Zeff et al.,

2021). Groundwater depths and pumping rates used for the ANN calibration were obtained from

C2VSim-FG outputs (Brush and Dogrul, 2013) using the weighted-averaged groundwater depth to

agricultural pumping. Water year classification was obtained from DWR (2020c). Additionally,

the electricity costs, used in the pumping cost function, were obtained for agricultural customers

reported by PG&E (2021).

2.5 Results and discussion

Results allow us to compare the sensitivity of groundwater depth change, total net rev-

enue and total land use to input variable uncertainties. Figures 2.4 and 2.5 show the Sobol indices

for wet year and dry year conditions, respectively. Second order indices are depicted by the ribbons

of the chord-diagram. First order indices are the next outer circle, and total order indices are de-

picted in the outermost color circle. Variables related to the water supply (surface water price, price

of electricity and groundwater restriction) are labeled as “water”. Visualizations of the results were

filtered to show the ten inputs with the highest ST for each output. The Python library used for the

experiment, SALib, computes confidence intervals for the three indices, which satisfied a signifi-

cance level of 0.05 for all the results. First order effects (S1) from Sobol were compared to Delta

Moment-Independent Measure indices which can be found in the Appenix A (Tables A.5-A.10).

For wet year conditions (Figure 2.4), the results show that highest ranked input variables

are the groundwater restriction and variables related to the most produced crops: vine, almonds

and pistachios, other truck and subtropical. Allocation of land is highly sensitive to a restriction of

groundwater pumping, which has a 68.3% ST. Additionally, the price of almonds and pistachios,

price of other truck, and yield of cotton are among the most important inputs that affect land

allocation based on their ST. Total net revenue is highly sensitive to price and yield of vine, the

most produced crop in the district, and price of other truck crops.

For the wet year baseline 74% of irrigation was supplied from surface water, which

price has a 13% ST to the groundwater depth change. Additionally, joint effects for GWD change

are significant between price of almonds and pistachios with groundwater restriction (2.6% S2),

which is also the largest joint effect of the study, and between the yield and price of almonds and
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pistachios. Groundwater pumping restriction has the largest ST to GWD change of 73.08%.

Figure 2.4: Results GSA for wet year conditions for Total Land Use (A), Total Net Revenue (B),

and Groundwater Depth Change (C). SE=Supply Elasticity

As shown by the singular and joint effects, profitability changes due to crop price, yield

and surface water price variation, have large impacts on land use and water use. This translates

to changes in groundwater depth. The supply elasticity of almonds and pistachios used in the

PMP calibration process has a total effect of 4% on total land use and 7.6% on groundwater depth

change, showing the highest sensitivity indices from these calibration parameters in the analysis.

Results for the dry year are shown in Figure 2.5. Compared to the wet year, a lower

number of inputs have large ST. Given a higher dependence on groundwater pumping (68.4% of

the baseline water demand), crop production is less flexible and more sensitive to water shortages.
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Expansion of perennial tree crops has been driven by increasing profits. However, these crops have

a large water demand, 4 acre-feet per acre on average, making the food system vulnerable to water

shortages. Groundwater restriction is the variable with the largest first order and total order effects

on the total land allocation and groundwater depth change, with 90% ST.

Figure 2.5: Results GSA for dry year conditions for Total Land Use (A), Total Net Revenue (B),

and Groundwater Depth Change (C). *=Price, PT=Processing tomatoes, SE=Supply Elasticity,

Al.&Pis.=Almonds and Pistachios

Total land use is sensitive to price of other truck crops with 7.0% ST. Total net revenue

as in the wet year is highly sensitive to price and yield of vine. The groundwater depth changes

is highly sensitive to yield and price of subtropical crops with ST of 20% and 15% respectively,

which are highly contributed from the high joint effect between these two inputs (2.7% S2), and
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the joint effect between subtropical crop yield and the groundwater restriction (2.5% S2).

By comparing wet and dry year conditions, we can observe that during a dry year S1

and ST effects of variables related to the most important crop groups are the most significant

along with a groundwater restriction. This highlights the importance of groundwater, and that with

a groundwater restriction the allocation of total land would likely be substantially reduced. S1

effects for the dry year are closer to representing the total variance of the outputs than in the wet

year, meaning that direct effects are largely shaping the performance of the system. Additionally,

during a wet year, multiple single and join effects are affecting the outputs of analysis, given the

adaptation of farmers modeled by PMP in a year with more flexible water supply. In both years the

price of electricity resulted in low indices, given the low electricity tariffs for agricultural users.

Other objectives beyond factor ranking can be achieved using the results of the diagnostic

GSA. Factor fixing is a common practice that can reduce the uncertainty in the forecasts. Inputs

with ST ≃ 0 can be fixed at any value in the space of the variation boundaries and will not affect

the outputs. Since we are focusing on three outputs of the model and two base conditions, we have

six total order indices for each input. Even though there are no inputs that satisfy this condition for

all the outputs, some inputs show consistently low total order sensitivity, for example the supply

elasticity of other deciduous and corn, yield of fresh tomatoes, and price of alfalfa and grain;

suggesting that changes of these outputs would not have any significant effect to the outputs and

can be fixed. In PMP modeling, crop own-price supply elasticities is one of the most uncertain

inputs due to the limited information about them in the context of the SJV. Our analysis suggests

that these parameters are candidates for factor fixing given their low ST.

Results from the diagnostic GSA can be used to explore the uncertainty space of the

outputs, which can support stakeholders to identify areas of interest in the output space and trade-

offs. Figure 2.6 shows the performance of the outputs at different percentage levels of groundwater

pumping restrictions (color gradient). Trade-offs among outputs are depicted by the lines in the

parallel-coordinate plot, each one represents the results from a state of the world simulated in the

GSA experiment.
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Figure 2.6: Random sample of five hundred scenarios for wet year and dry year from the diagnostic

sensitivity analysis experiment

Our results show that the same level of pumping restriction can have different outcomes.

For example, scenarios with a 50% pumping restriction in both water conditions can result in dif-

ferent levels of total land use and depth change. This is driven by the profitability of crops with

high ST and high joint effects with the restriction policy, such as price and yield of almonds and

pistachios, price and yield of subtropical crops and surface water price. The diagnostic GSA results

show the dominant inputs and joint effects that explain the nuances in the trade-offs. Furthermore,

the pumping restriction does not have a clear effect on the net revenue for which other inputs with

higher ST have a greater impact. Stakeholders can use these results to identify specific scenarios
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supported by the diagnostic GSA results and understand the drivers of particular results. Addi-

tionally, these results can inform policy makers about the expected magnitude of change in policy

performance and the largest vulnerabilities in the system.

2.6 Conclusions

GSA diagnostic results inform how much each input and their joint effects impact three

outputs of interest: total land use, total net revenue, and groundwater depth change. The diag-

nostic provides insight about dominant inputs (with high ST) or inputs (with ST ≃ 0) that can be

fixed. The inclusion of a groundwater restriction policy allowed us to explore its impacts on the

food-water system and how other dominant inputs can affect its performance. Even though the

restriction parameter showed the largest sensitivity indices, other inputs also showed substantial

total order effects. Changes in prices and yields of tree crops and vines can be considered vulner-

abilities of the system and affect policy results and trade-offs among system performance metrics.

Diagnostic results can be used to inform stakeholders about potential drivers of undesirable results,

vulnerabilities and other elements to consider for the development of a robust policy. Future work

will include other groundwater management policies such as a groundwater pumping fee and land

restrictions.

Our findings show that significant differences in the diagnostic results emerge from two

baseline water condition scenarios. We suggest that the use of the diagnostic framework shown

in this study is applicable for any HEM. Furthermore, performing this diagnostic under different

baselines is particularly important for studies of places with highly variable water supplies such as

the San Joaquin Valley, and other places in Mediterranean, arid, and semi-arid climate regions.
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Chapter 3

Identifying robust adaptive irrigation

operating policies to balance deeply

uncertain economic food production and

groundwater sustainability trade-offs

This chapter is currently in review in the Journal of Environmental Management:

Rodríguez-Flores, J.M., Gupta, R.S., Zeff, H.B., Reed, P.M., Medellín-Azuara, J. (2023). Iden-

tifying robust adaptive irrigation operating policies to balance deeply uncertain economic food

production and groundwater sustainability trade-offs.

3.1 Abstract

Increasing irrigation demand has heavily relied on groundwater use, especially in places

with highly variable water supplies that are vulnerable to drought. Groundwater management in

agriculture is becoming increasingly challenging given the growing effects from overdraft and

groundwater depletion worldwide. However, multiple challenges emerge when seeking to develop

sustainable groundwater management in irrigated systems, such as trade-offs between the eco-
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nomic revenues from food production and groundwater resources, as well as the broad array of

uncertainties in food-water systems. In this study we explore the applicability of Evolutionary

Multi-Objective Direct Policy Search (EMODPS) to identify adaptive irrigation policies that water

agencies and farmers can implement including operational decisions related to land use and ground-

water use controls as well as groundwater pumping fees. The EMODPS framework yields state-

aware, adaptive policies that respond dynamically as system state conditions change, for example

with variable surface water (e.g., shifting management strategies across wet versus dry years). For

this study, we focus on the Semitropic Water Storage district located in the San Joaquin Valley, Cal-

ifornia to provide broader insights relevant to ongoing efforts to improve groundwater sustainability

in the state. Our findings demonstrate that adaptive irrigation policies can achieve sufficiently flex-

ible groundwater management to acceptably balance revenue and sustainability goals across a wide

range of uncertain future scenarios. Among the evaluated policy decisions, pumping restrictions

and reductions in inflexible irrigation demands from tree crops are actions that can support dry-year

pumping while maximizing groundwater storage recovery during wet years. Policies suggest that

an adaptive pumping fee is the most flexible decision to control groundwater pumping and land

use.

3.2 Introduction

As irrigation water demand increases due to increased crop acreage and droughts become

more frequent, agricultural regions in the world are relying more on groundwater to make up for

surface water losses. In Mediterranean climate regions, such as California, groundwater is the

primary water source for buffering drought impacts on food production (Malmgren et al., 2022;

Priyan, 2021). Aquifer systems’ dynamics are sensitive to changes in temperature, precipitation,

and surface water flows, that can be directly impacted by climate change (Cuthbert et al., 2019;

W.-Y. Wu et al., 2020). However, one of the largest impacts from climate change are the resulting

adaptation driven changes in land use and shifting water demands from human activities (R. G.

Taylor et al., 2013). Globally, groundwater provides 43 percent of the total irrigation needs (Siebert

et al., 2010), and its share is expected to increase as surface water scarcity increases (Bierkens and

Wada, 2019). In California, the limits in coordinated and regulated groundwater management in
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irrigation-based agriculture have led to decades of increasing stress and depletion of the state’s

aquifers (Vasco et al., 2019), affecting dependent ecosystems (Bierkens and Wada, 2019), limiting

its access to shallow water-table reliant communities (Pauloo et al., 2020; Perrone and Jasechko,

2017), increasing land subsidence (Smith and Majumdar, 2020), reducing groundwater storage and

storativity (Alam et al., 2021), and degradation of water quality (Levy et al., 2021).

The largest rate of groundwater depletion in California has been observed in the San

Joaquin Valley (SJV) (Ojha et al., 2018). The SJV is the most important agricultural region in

the United States by economic value (USDA, 2020), but also strongly susceptible to drought risk.

Most of the region’s snowpack and water supply comes from limited atmospheric-river driven

events (Espinoza et al., 2018). Increasing temperatures and evapotranspiration linked to a warming

climate are expected to further reduce snowpack runoff and surface water supply (Fernandez-Bou et

al., 2021; Vahmani et al., 2022). Additionally, human factors such as increasing irrigation demand

can exacerbate vulnerabilities to increasingly intense droughts (He et al., 2017). Over the past

decade, the agricultural sector has been significantly impacted by multi-year droughts (Lund et

al., 2018; Medellin-Azuara et al., 2022). Groundwater pumping is used as a buffer to reduce the

negative impacts to agricultural production from surface water shortages, but increasing pumping

and a lack of coordinated management have led to significant declines in groundwater levels and

reductions in the regional aquifer’s capacity to recover (Liu et al., 2022). Additionally, the SJV has

seen a significant expansion of perennial tree crops, mainly almonds, which is the most important

commodity by value in the region (USDA, 2020). Although highly profitable, the expansion of

perennial tree crops represents a less flexible water demand and a higher financial risk to water

shortages due to high establishment costs (Mall and Herman, 2019; Qin et al., 2019).

Given the consequences from overdraft in California, the 2014 Sustainable Groundwater

Management Act (SGMA) (DWR, 2021b) was put in place to require critically over-drafted basins

to achieve sustainability in terms of balancing their recharge and extraction by 2040. Groundwater

Sustainability Agencies (GSAs) are locally formed agencies responsible for developing and en-

forcing policies to manage water conjunctively to address groundwater sustainability. The state

defined guidelines in the Sustainable Management Criteria (DWR, 2017) that GSAs can use to

develop management strategies to achieve sustainable goals, including sustainable groundwater

levels. The sustainable criteria define a margin of operational flexibility where the groundwater
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depth can go above the upper bound of the groundwater level range but not below the lower-bound

depth where undesirable results (e.g., dry wells) may occur. Henceforth, the margin of operational

flexibility will be referred to the groundwater level requirement as shown in Figure B1 in Appendix

B. Within this framework, GSAs can develop flexible groundwater management strategies, allow-

ing pumping during dry years and maximizing groundwater recovery during wet years. Overall,

California’s food production needs to adapt operational water and land allocation decisions and

crop choice to achieve groundwater sustainability goals and be less vulnerable to surface water

shortages.

Multiple challenges that are inherent to coupled food-water systems (Polhill et al., 2016)

impact the development of groundwater management policies in the SJV. First, food-water systems

are dynamic, where each component can evolve and lead to feed-backs (Filatova et al., 2016). Thus,

management decisions need to adapt as the coupled system evolves. Second, water management

policies may result in trade-offs between economic and sustainability objectives (McDermid et al.,

2021; Null et al., 2021; Stone et al., 2022; Torhan et al., 2022). Lastly, there are intrinsic deep

uncertainties (Stirling, 2010) that need to be considered to implement robust policies, including

uncertain surface water supplies and crop prices. There is a growing base of literature focused

on assessing management policies and mechanisms for groundwater sustainability in agriculture.

Water and land use controls as well as economic instruments are the most common strategies

that have been implemented. Examples of these mechanisms are groundwater pumping taxing

and pricing (Madani and Dinar, 2013; Mulligan et al., 2014; Stone et al., 2022; S. Wang et al.,

2023), pumping restrictions (Lan et al., 2021; MacEwan et al., 2017; Rodríguez-Flores et al., 2022;

S. Wang et al., 2023; Young et al., 2021), pricing energy (Hrozencik et al., 2022), groundwater

markets or water trading mechanisms (Khan and Brown, 2019; Kuwayama and Brozović, 2013;

Safari et al., 2023), land fallowing (Van Schmidt et al., 2022) and land management (Bourque et

al., 2019; Bryant et al., 2020; Li et al., 2018), implemented individually or utilized in conjunction

(Graveline, 2020; Hrozencik et al., 2017). However, most of these studies do not capture the

complexity of actually implementing these mechanisms in decision making. For example, they do

not take into account intrinsic uncertainties such as annual variability in surface water supplies and

the trade-offs between groundwater sustainability objectives and economic revenues.

Secondly, finding optimal groundwater management policies is a nontrivial task. Most
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formulations that do so are characterized by non-linearity and non-convexity, and must consider

a broad array of objectives that balance trade-offs across groundwater sustainability agencies and

farmers (i.e., maximizing economic revenues and minimizing distance to groundwater). Heuristic

methods such as multi-objective evolutionary algorithms (MOEAs) have been demonstrated in

their ability to address these complexities and discover high quality approximations of optimal

trade-offs among objectives that compose the Pareto-front (Reed et al., 2013). Thus, the resulting

Pareto optimal approximate set of solutions are those where performance in any given objective

cannot be achieved without degrading the performance in one or more of the remaining objectives

(Coello et al., 2007). Even though heuristic optimization frameworks hold promise for aiding

decision making in agriculture (Memmah et al., 2015), there are few applications addressing larger

and more complex inter-connected food-water systems. Prior studies have focused on utilizing

MOEAs in groundwater management controls (Afshar et al., 2020; Banihabib et al., 2019; Habibi

Davijani et al., 2016; Hesamfar et al., 2023; Mehrabi et al., 2021; Salehi Shafa et al., 2023). This

study expands the application of MOEAs to find coordinated optimal land and water use decisions

to clarify groundwater sustainability and economic trade-offs in agriculture.

As reviewed by Thomann et al. (2020), there is a need for new groundwater manage-

ment frameworks that are dynamic and adaptively responsive to observed system changes. In this

study, we draw on Direct Policy Search (DPS) introduced by Rosenstein and Barto (2001) as a

parameterization-simulation-optimization formulation where a control policy is parameterized us-

ing non-linear universal functions such as neural networks or radial basis functions. In DPS, the

parameters of the control policy function are optimized rather than the decisions themselves using

a simulation-optimization process to search for optimal operations for a system. The application of

DPS to water systems was introduced by Koutsoyiannis and Economou (2003) in reservoir opera-

tions and subsequently extended to Evolutionary Multi-objective Direct Policy Search (EMODPS)

formalized by Giuliani et al. (2014). As reviewed by Giuliani et al. (2021), the EMODPS frame-

work has proven capable of discovering optimal dynamic adaptive control policies in a broad array

of recent applications (Bertoni et al., 2021; Doering et al., 2021; Geressu et al., 2022; Gupta et al.,

2020; Hamilton et al., 2022; Macian-Sorribes and Pulido-Velazquez, 2019; Veena et al., 2021; W.

Wu et al., 2022). Additionally, EMODPS aids in the direct use of simulation models and over-

coming the "curse of dimensionality" inherent to other control frameworks as Stochastic Dynamic
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Programming that have been previously applied in agriculture (Giuliani et al., 2016; C. R. Taylor,

1993).

In this study, we formulate a 5-objective application of EMODPS where the resulting

irrigation control policies utilize state information (e.g., surface water availability, groundwater

depth and irrigation demand) to adaptively inform decisions related to pumping and land use con-

trols as well as pricing pumping, for a given production year at the GSA level. The 5-objectives

considered in this study include: maximize revenue from food production, minimize distance to

groundwater (groundwater depth), maximize minimum economic revenue, minimize maximum

groundwater depth change and maximize the number of years the groundwater level is at or below

the groundwater level requirement. We further test the robustness of the resulting irrigation con-

trol policies (Groves et al., 2019; Kasprzyk et al., 2013; Lempert et al., 2013) by assessing how

well they perform across a broader sampling of system conditions or states of the world (SOWs).

Exploratory modeling-based evaluation of systems’ robustness is being used across a broad array

complex water management application contexts balancing human demands objectives, economic,

sustainability and engineered performance (Bertoni et al., 2019; Graveline, 2020; Hadjimichael et

al., 2020; Huskova, 2016; Miro et al., 2021; Moallemi et al., 2020; Quinn et al., 2018; Shuai et al.,

2022; Trindade et al., 2019). Building off these examples, we identify robust irrigation control

policies that consistently achieve performance goals for groundwater depth and economic revenues

at the GSA level across a range of challenging SOWs.

A core technical contribution of this study is a novel application of a bi-level optimization

framework where the hydro-economic model agricultural production model with a groundwater

depth response function is nested within a broader MOEA-based search to find adaptive irrigation

management policies that compose optimal groundwater sustainability and ecoomic revenue trade-

offs. This modeling framework is applied to the Semitropic Water Storage District (SWSD) GSA,

which represents a broad set of groundwater sustainability agencies in the San Joaquin Valley. The

objectives of this study are twofold. First, we use EMODPS to identify adaptive strategies that

achieve groundwater sustainability and economic goals accounting for the characteristics of the

food-water system. Second, we assess the robustness of the optimal policies within the context of

the sustainable groundwater management criteria defined by the state of California.
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3.3 Study area

The study area of this research is the SWSD, located in the SJV and the Kern County

groundwater basin (Figure 3.1). The SWSD also operates its own Groundwater Sustainability

Agency, which coordinates irrigation operations and water management strategies that can be im-

plemented depending on the water budget of each year. Four possible management instruments are

analyzed in this study: (1) a control on groundwater use, (2) a groundwater pumping fee that is

implemented by the GSA, (3) total land use control, and (4) a perennial crops planting restriction.

Other management strategies such as water market mechanisms and supply-side policies focused

on augmenting groundwater storage, as managed aquifer recharge (Ulibarri et al., 2021), are out

of the scope of this study. As has been seen in other regions of the SJV, there has been a signifi-

cant expansion of almonds and other perennial crops in the SWSD over the past 10 years. Other

important commodities in the district include vines, alfalfa, corn, cotton, and cucumbers shown in

Appendix B Figure B2.
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Figure 3.1: Semitropic Water Storage District study area located in the California’s San Joaquin

Valley.

3.3.1 Semitropic GSA Hydro-Economic model

In coupled food-water systems, Hydro-Economic Models have been used as decision

support modeling tools to assess water policy and climate change adaptation decisions (Harou et al.,

2009; Ward, 2021). HEMs are able to abstract stakeholders decisions (e.g., farmers) and hydrologic

dynamics, as well as their feedback, by integrating economic models with hydrologic response

functions (Harou et al., 2009). They have played an important role in supporting human and natural

systems modeling studies focused on better understanding interdependent economic revenues and

aquifer dynamics, as shown by MacEwan et al. (2017), Afshar et al. (2020), Graveline (2020)

and Rodríguez-Flores et al. (2022). Additionally, HEMs have proven to be flexible in assisting

assessments of the performance of water management policies under different climate scenarios

across a range of space and time scales (Partida et al., 2023).
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Economic model

The SWSD’s food production system is modeled using a yearly net profit maximization

at the irrigation district level. With this economic model, we can model land and water (sur-

face and groundwater) allocation decisions for crop production. This model assumes that farmers

make production decisions to maximize their net revenues by considering crop prices, surface wa-

ter availability, price of surface water, price of electricity and water management policies. The

mathematical model is based on Positive Mathematical Programming (PMP) formalized by Howitt

(1995). PMP is a HEM method that uses observed agricultural production behavior to define

a constrained non-linear optimization model, used to simulate water allocation for policy analy-

sis assuming profit maximization (Graveline, 2020; Howitt et al., 2012; MacEwan et al., 2017;

Rodríguez-Flores et al., 2019). In this study we implement a PMP calibration that uses a stochastic

data assimilation method to calibrate the economic parameters described by Maneta and Howitt

(2014) and Maneta et al. (2020). This calibration framework enables the update of the distribution

of the calibration parameters every time data becomes available. More details on the calibration

process are described in Appendix B.2.

For the calibration of the model, we use statistical data on prices, costs, water applied and

yields for each crop category and water supply by source from 1998 to 2015. After the last year of

historical observations was incorporated in the recursive data assimilation process, the final ensem-

ble with 400 samples of the PMP calibration parameters θi = [µi, βi,water, βi,land, δi, λi,land, λi,water, λ̄land]

are used in the economic model. Equations 3.1-3.7 define the PMP net profit maximization prob-

lem for food production within the SWSD that is nested in the MOEA for a Bi-level optimization

problem (Section 3.4.2).

max
xi,land,t≥0
xi,water,t≥0
wati,w,t≥0

∑
i

{pi,tµi(βi,landxρii,land,t + βi,waterx
ρi
i,water,t)

δi/ρi − (ωi,land + λi,land + λ̄land)xi,land,t

− (ωSW,t + λi,water)wati,SW,t − (ωGW,t + λi,water + uGWF
t )wati,GW,t}

(3.1)
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subject to ∑
i

xi,land,t ≤ uTL
t (3.2)

∑
i∈PC

xi,land,t ≤ uPL
t (3.3)

∑
i∈PC

xi,land,t ≥
∑
i∈PC

xi,land,t−1 ∗ 0.95 (3.4)

xi,water,t = wati,SW,t + wati,GWt (3.5)∑
i

wati,SW,t ≤ bSW,t (3.6)

∑
i

wati,GW,t ≤ uGWP
t (3.7)

xi,water,t ≥ x̄i,water ∗ 0.98 (3.8)

Where Equation 3.1 represents the net revenue maximizing objective function, allocating

xland,i, total water xwater,i, surface water watSW,i and groundwater watGW,i to each crop i (Figure

B2). pi,t is the price per ton of crop i. Crop production in the first term of Equation 3.1 is repre-

sented by a Constant Elasticity of Substitution (CES) production function (Debertin, 2012; Merel

et al., 2010), with the two inputs, land and water. βi,j=[land,water] are the relative use of land and

water. ρ = (σ−1)/σ, where σ is the elasticity of substitution between inputs used to produce each

crop. For this study we defined σ = 0.17 following Howitt et al. (2012). The scale parameter µi

and δi are calibrated using the first order conditions of the first step of the PMP calibration process

(Appendix B.2). The rest of the parameters used in the linear costs are the calibrated Lagrange

multipliers λwater, λland, associated to the observed water and land allocation per crop calibration

constraints, respectively. Variable costs are linear and include cost of land (ωi,land) and the unit

price of surface water (ωSW,t). In contrast the volumetric cost of groundwater pumping is given by

ωGW,t, which is a function of price of electricity (ωE,t), the groundwater depth (GWDt) and other

parameters related to the characteristics of the wells (Appendix B.3). Additionally, a per cubic

meter uGWF
t pumping fee can be implemented on top of the pumping cost.

The PMP net revenue maximization problem is subject to land and water availability as

well as the quantitative controls of groundwater and land use that are provided by the adaptive

policies (Section 3.4). Equation 3.2 is a total land restriction where uTL
t is the total land use
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control that can be implemented in a year t. Equation 3.3 is an upper boundary perennial crops

restriction uPL
t that influences the expansion or reduction of land allocated to perennial crops,

where PC ∈ {Almonds and Pistachios, Subtropical, Other Deciduous and Vine}. Maintaining

the perennial crops removals to what has been observed historically, we add a perennial removal

constraint (Equation 3.4) such that no more than 5 percent from the previous year perennial crops

land can be allocated to other crops or taken out of production. Equation 3.5 is a mass balance

restriction for each crop water use from both surface water and groundwater. Equation 3.6 is

the surface water availability (bSW,t) restriction. Equation 3.7 is the total groundwater pumping

restriction where uGWP
t is the maximum allowed groundwater pumping decision. uGWF

t , uTL
t ,

uPL
t , uGWP

t are the four management decision that this study assess formulated in the adaptive

control policy (Section 3.4). Finally, we allow up to 2% deficit irrigation through Equation 3.8

which allows reductions in the applied water per unit of land (x̄i,water) with respect to baseline

calibration conditions.

Groundwater Depth Response Function

The dynamics of groundwater in the San Joaquin Valley depend on many geological,

hydrological, climate and human components. To represent the dynamics of groundwater depth

level, we emulate the physical model Fine Grid California Central Valley Groundwater-Surface

Water Simulation Model (C2VSIM-FG version 1.01) (DWR, 2021a) using a response function.

C2VSIM-FG has a finite element grid of more than 35,000 elements for California’s Central Valley

California, and each element is able to link land surface, surface water and ground-water. The

model detailed historical data (i.e., cropland use, crop water demand, surface water diversions,

precipitation, soil moisture) to inform the simulations process. C2VSIM-FG simulates the period

from 1973 to 2015 at a monthly time step. Water budgets are generated for each element in the

grid including groundwater pumping and groundwater depth and can be post-processed to create

water budgets for defined boundaries (group of elements). We use the water budget generated for

the Semitropic Water Storage District’s boundary as represented on the finite element grid.

From C2VSIM-FG outputs we used the weighted-average groundwater depth level to

agricultural pumping. Since the economic model simulates farmers’ decisions at a yearly time step,

we use the groundwater depth change from the beginning of the water year (October) to the end of
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the water year and irrigation season (September), and the total agricultural groundwater pumping

in a water year to calibrate the response function. Figure B3 shows the simulated groundwater

depth and agricultural pumping from C2VSIM-FG at the end of each water year from 1972-2016.

The groundwater depth change response function was calibrated using a Bayesian linear

regression (Appendix B.4). The response function predicts the groundwater depth change each

year as a function of total agricultural pumping. As shown by Equation 3.9, the ground water depth

level at the beginning of the water year t (GWDt) is calculated as the sum of the groundwater depth

level at the beginning of the prior water year t-1 (GWt−1) and the median of the predictive posterior

distribution for groundwater depth change (∆GWDt−1) estimated at the end of the water year t-1.

By embedding this function into the economic model defining the pumping cost as a function of

the groundwater depth enables our ability to directly model the feed-back between food production

and groundwater levels. In Appendix B.5 we show the capacity of the coupled hydro-economic

model to replicate historical cropland, water allocation and groundwater depth dynamics.

GWDt = GWDt−1 +∆GWDt−1 (3.9)

3.3.2 Stochastic time series

To run the model dynamically, we build Monte Carlo time series for economic and hy-

drologic conditions that are used to force the HEM. Each time series starts at t1 = 2016. In our

analysis, we included simulated surface water supplies to the irrigation district (Figure B12) from

the California’s Food-Energy-Water System simulation model (CALFEWS) (Zeff et al., 2021).

These were simulated with down-scaled data from seven of the ten Global Circulation Models

(GCMs) suggested by Pierce et al. (2018) (CCSM4, MIROC5, CanESM2, CNRM-CM5, GFDL-

CM3, HadGEM2-CC and HadGEM2-ES), and using the Representative Concentration Pathway

(RCP) 4.5 (moderate scenario) and 8.5 (high emissions scenario).

Additionally, we model uncertainties for the economic variables and calibration param-

eters of the economic model, summarized in Table 3.1. Crop prices pi,t were randomly sampled

using the historical data from 1980 to 2020 (USDA, 2020) and the price of electricity (ωE,t) was

sampled from the historical (2008-2021) reported by the Pacific Gas and Electricity Company

(PG&E) for small and large agricultural users. The price of surface water (ωSW,t) is correlated to
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the surface water deliveries depending on the water-year type(wet or dry) and randomly sampled

from reported rates in the district using surface for different water supply conditions. All prices

were adjusted for inflation using the consumer price index based on the year 2016. Finally a sample

from the posterior distribution of the calibration parameters θi is sampled.

Table 3.1: Data Sources for Monte Carlo Time Series

Variable Symbol Units Source
Crop prices pi $/ton USDA (2020)
Price of electricity ωE,t $/Kwh PG&E (2021)
Price of surface water ωSW,t $/m3 SWSD reports
Surface water supply bSW,t m3 Zeff et al. (2021)
Calibration parameters θi - PMP Calibration

3.4 Dynamic and Adaptive Decisions

Searching for adaptive groundwater management policies using DPS consists of finding

parameters of the control policy function that yield the optimal control alternatives that compose the

trade-offs between the groundwater sustainability and economic objectives. Different parametric

functions can be used to model control policies, including linear, polynomial, neural networks,

decision trees and radial basis functions (Giuliani et al., 2021; Giuliani et al., 2014). In this study,

we used cubic radial basis functions (RBFs) to accommodate the complexity of the dynamic GSA

level decisions that are coordinated and responsive to surface water supply conditions, crop-land

decisions, and the groundwater depth observed at the beginning of a water year. The four decisions

that comprise the control policy are: the groundwater pumping fee (GWF), total land restriction

(TL), perennial cropland restriction (PL) and groundwater pumping restriction (GWP).

3.4.1 Direct Policy Search

Dynamic land and groundwater management decisions made at every yearly step t are

represented by the vector uDt where D ∈ {GWP, TL, PL,GWF} represent the four possible

decisions. The control policy in Equation 10 equates to the outputs of a policy PD, which is a

mathematical function with two vector inputs: the structural parameters of the RBFs (ψD) and
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system-state information vector (It′). The state information variables in It′ represent key com-

ponents of the food-water system are observed in the current water year t or previous water year

t− 1.

uDt = PD(It′ |ψD) (3.10)

In direct policy search, the use of RBFs has been shown to be an efficient way to rep-

resent complex sequential decisions. Recent applications include lake pollution control (Quinn

et al., 2017), reservoir operations (Giuliani et al., 2021; Giuliani et al., 2014; Zatarain Salazar

et al., 2017), sea-level rise protection (Garner and Keller, 2018), flood risk management (J. Wang

and Johnson, 2023), and financial risk management in water-energy systems (Gupta et al., 2020;

Hamilton et al., 2022). For this study, we define the control policy function PD as a set of cubic

radial basis functions given by Equation 3.11.

uDt = ϕD

 M∑
m=1

wD
m

J∑
j=1

∣∣∣∣ [It′ ]j − cj,m
rj,m

∣∣∣∣3
 (3.11)

In Equation 11, ϕD is an outer function, wD
m is the weight of M cubic radial basis func-

tions. The weights can have values 0 ≤ wm ≤ 1 and are subject to
∑M

m=1m
D
m = 1. The four

decisions in the control policy share the same RBFs structure; hence the information vector It′ is

shared for all decisions. Additionally, cj,m ∈ [−1, 1] and rj,m ∈ (0, 1] are the center and radius

respectively shared by all the RBFs. It′ in Equation 3.12 is a vector with system state variables

that inform the policies, where GWDt is the normalized level to groundwater at the beginning

of the year, PCLt−1 is the normalized area devoted for perennial crops production in the year

t − 1. bSW,t is the normalized surface water available in year t. Normalization was performed

using kGWD, kTL, kSW to obtain GWDt, PCLt−1, bSW,t respectively summarized in Table 3.2.

It′ = [GWDt, PCLt−1, bSW,t] (3.12)
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Table 3.2: Normalization factors used in the control policy

Variable Symbol Units Value
Normalization for cropland kTL Kha 62
Normalization for groundwater pumping kGW Mm3 732
Normalization groundwater depth kGWD m 198
Normalization for pumping fee kGWF $/m3 0.5
Normalization surface water kSW Mm3 208

The function ϕD in Equation 3.11 can consist on two functions, a scaling function ϕD,N

and constraint function ϕD,C . zt in Equation 3.13 is the argument to the ϕD, where ϕD,N is used

to first constrain zt values to lie between 0 and 1 and later scale them to the specific units of

each irrigation management policy using the normalization factors in Table 3.2. ϕD,C is used to

constrain the values of the candidate policy actions to be realistic considering other water balance

and land constraints.

uDt = ϕD,C(ϕD,N (zt)) (3.13)

For the groundwater pumping restriction policy (uGWP
t ), Equation 3.14 scales the ground-

water that farmers will have available to pump between zero and the pumping capacity of the district

kGWP (maximum observed pumping). Equation 3.15 constrains the groundwater pumping to be at

least the difference between the water demand by perennial crops of the year t− 1 and the surface

water available in the year t.

z′t = ϕGWP,N (zt) = kGWPmax(min(zt, 1), 0) (3.14)

uGWP
t = ϕGWP,C(z′t) = max(z′t,

∑
i∈PCL

xi,watert-1 − bSW,t) (3.15)

In Equation 3.16, where the scaling function (ϕTL,N ) results in the total land available

that farmers can produce in the district for the year t and can have values between zero and the
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total land in the district kTL (maximum observed produced land). Additionally, Equation 3.17

constrains the total land decision to be at least the land used by perennial crops in the the year

t− 1.

z′t = ϕTL,N (zt) = kTLmax(min(zt, 1), 0) (3.16)

uTL
t = ϕTL,C(z′t) = max(z′t,

∑
i∈PC

xi,landt-1) (3.17)

Equation 3.18 governs actions associated with perennial crops planting restriction (uPL
t ),

where ϕPL,N results in the total land that can be allocated to perennial crops production with value

between zero and the total land available in the district (kTL). In Equation 3.19, ϕPL,C constrains

the available land for perennial crops to be at least 95% of the previous year perennial crops land,

and it limits the expansion of perennial crops to no more than 5% relative to the previous year t−1.

These restrictions are applied to ensure that solutions of the perennial crop acreage control policy

are realistic to what has been observed the region.

z′t = ϕPL,N (zt) = kTLmax(min(zt, 1), 0) (3.18)

uPL
t = ϕPL,C(z′t) =



∑
i∈PC

xi,landt-1 ∗ 1.05, if z′t >
∑

i∈PC

xi,landt-1 ∗ 1.05∑
i∈PC

xi,landt-1 ∗ 0.95, elif z′t <
∑

i∈PC

xi,landt-1 ∗ 0.95

z′t, otherwise

(3.19)

Finally for the pumping fee control action (uGWF
t ), the function ϕGWF in Equation 3.20,

scales the groundwater pumping fee that can have values between [0,kGWF ]. kGWF is set to be

$0.5/m3, hence the upper boundary of the pumping fee is 0.5 USD per cubic meter. This fee sums

to the groundwater pumping cost in the objective function of the economic model (Equation 1).
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uGWF
t = ϕGWF,N (zt) = kGWFmax(min(zt, 1), 0) (3.20)

The dynamic control policy is represented by the set of Equations 3.11 to 3.20, where

the vector of structural parameters ψ = [wD, c, r] of the RBFs is optimized. Since the information

vector It′ of size J is shared across decisions in M number of RBF’s the vectors of centers (c) and

radii (r) are equal to c = [c0,0, ..., cJ,M ] and r = [r0,0, ..., rJ,M ].

3.4.2 Bi-level Optimization Problem

A core contribution of this study is the bi-level optimization framework illustrated in

Figure 3.2. The Borg MOEA (Gupta et al., 2020; Hadka and Reed, 2013) is used to optimize the

vector of structural parameters in the RBFs (Ψ). Each set of structural parameters define a control

policy (Section 3.4) or set of annual groundwater management decisions (uD) that are assessed

using the HEM (Section 3.3.1) across N sampled Monte Carlo times series of T years (Section

3.3.2). Within its evaluations, the HEM then finds optimal land and water allocations for the first

five years of each time series. At year t=5, the HEM initiates the implementation of the DPS-based

management decisions and the evaluation of the overall evaluation of the performance objectives.

This framework provides a multi-scale abstraction of dynamic and adaptive flexible groundwater

management that has direct relevance to addressing the sustainability challenges discussed in Sec-

tion 3.2. The bi-level optimization clarifies the performance trade-offs across the five objectives

that represent the groundwater sustainability and economic goals of the GSA.
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Figure 3.2: Bi-level optimization problem schematic adapted from Hamilton et al. (2022). Rect-

angles represent the modules that contain optimization and simulation models (squares) and in-

puts/outputs (diamonds). Dashed arrows depict the Borg MOEA feed-back process where the val-

ues of objectives and constraint are from performance metrics of HEM result of an implemented

control policy.

The first level optimization focuses on the multi-objective evolutionary search to identify

the trade-offs across the five performance objectives where the decision variables are the control

policy parameters of the RBFs in the vector Ψ, used to parameterize the control policy.

argmin
Ψ

= (−Oavgrev(Ψ), Oavgdepth(Ψ),−Oworstrev(Ψ), Oworstdepth∆(Ψ),−Odepthrel(Ψ))

(3.21)

The first objective (Oavgrev) is to maximize the average total revenues from the average

total net revenue of N ensemble realizations with T years. This objective represents the economic

objective of farmers for revenue maximization. A lower boundary constraint for this objective is

defined to achieve at least an average total revenue greater or equal than $11 billion. This restriction

constrains the algorithms from finding unrealistic policies far from farmers preferences.
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Oavgrev =
1

N

N∑
n=1

(

T∑
t=5

πn,t) (3.22)

Oavgrev ≥ 11, 000 (3.23)

The second objective is the minimization of the average groundwater depth in meters

below surface (m bls). The average groundwater depth is calculated over the years of management

implementation (T-5) for each Monte Carlo realization, and then the average of these are taken over

the N sampled Monte Carlo realizations.

Oavgdepth =
1

N

N∑
n=1

(
1

T − 5

T∑
t=5

GWDn,t) (3.24)

The third objective is to maximize the 5th percentile of the minimum profits attained

across the Monte Carlo samples. This metric represents a max-min objective formulation that is

used to inform decision makers about the worst case 5th percentile of profits achieved in a given

year. Even though there are economic factors included in the stochastic ensemble that can be

drivers of low economic revenues, management decisions can be the main factors driving poor

profits particularly during dry years, as shown by Rodríguez-Flores et al. (2022).

Oworstrev = Q5N

[
min

t∈(5,...,T )
[πn,t]

]
(3.25)

The fourth objective is to minimize the 95th percentile of maximum groundwater depths

change (m bls) attained across the Monte Carlo samples. This objective represents a min-max ob-

jective formulation focused on identifying the outcomes with significant increases in groundwater

depth. The maximum groundwater depth level change is evaluated over each annual management

implementation period and the Q95 operator takes the 95th percentile over all of the sampled Monte

Carlo realizations.
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Oworstdepth∆ = Q95N

[
max

t∈(5,...,T )
[∆GWDt]

]
(3.26)

As explained in Section 3.2, groundwater management allows groundwater depth to fluc-

tuate in the marginal of operational flexibility. During dry years the groundwater depth can go

above the groundwater level requirement but not beyond the minimum threshold with the expecta-

tion that in wet years it will recover. Thus, the fifth objective is to maximize the average fraction of

years (reliability) that the groundwater depth is at the level requirement (GWDSGMA) or below.

For illustration purposes we used the 2015 groundwater level from C2VSim-FG as a measurable

objective as it was the deepest year in the 2012-2016 drought Lund et al., 2018. Additionally, we

included a constraint (Equation 3.28) that the reliability must be at least 20% (i.e., one of every five

years).

Odepthrel =
1

N(T − 5)

N∑
n=1

(

T∑
t=5

τn,t) where τn,t =

1, GWDn,t ≤ GWDSGMA

0, GWDn,t > GWDSGMA
(3.27)

Odepthrel ≥ 0.2 (3.28)

3.4.3 Robustness and Scenario Discovery Analysis

The bi-level multi-objective optimization problem presented in the prior section provides

a direct means for understanding the management trade-offs for the SWSD GSA through analysis

of a high quality approximations of the resulting Pareto front. Solutions in the Pareto front are each

distinct control policies that prioritize a subset of objectives. Stakeholders can then choose accept-

able policies based on their preferences. However, it is important that these policies can perform

well in alternative SOWs beyond those used in the optimization that can change the decision mak-

ers’ preferences from their initial expected trade-offs performance (Herman et al., 2015). Thus, we

reevaluate these policies across a broader sampling of deep uncertainties (Section 3.3.2) to quantify

their robustness. Different metrics can be used to measure the robustness of each control policy
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which inherently represents a variety of farmers’ and water managers’ acceptability thresholds and

their perception of risk (McPhail et al., 2018).

All of policies from the Pareto approximate set, are re-evaluated for deeply uncertain

SOWs using N=1,000 sampled Monte Carlo realizations each covering T=30 years. Each sampled

time series has a set of surface water supplies, crop prices, electricity price, surface water price and

calibration parameters. For this study, we selected the domain criterion satisficing metric (Schneller

and Sphicas, 1983) that quantifies the fraction of scenarios (rate of success) that achieve a minimum

performance threshold, from a larger set of SOWs beyond those used in the EMODPS search. To

illustrate this process, we defined an example of performance criteria and rates of success, shown

in Table 3.3, all of which a control policy must achieve in N resolutions and 25 years of manage-

ment implementation to be considered robust. These performance criteria include a minimum total

revenue of $12,500 million (yearly expectation of 60% from the average yearly revenue between

2011 and 2015) and a groundwater depth requirement that the flexible management is expected to

reach during wet years (depth observed in 2015). Additionally, a minimum perennial trees land

in a year is defined to be at least 60% from the observed in 2015, as a metric of the reliability of

keeping perennial trees at that minimum threshold. This framework to asses robustness is flexible

and can support other definitions of robustness subject to stakeholders preferences.
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Table 3.3: Performance Criteria for selection of robust policies

Criteria Threshold Units Rate of Success
Minimum Total Revenue > 12,500 M USD ≥ 85%
Groundwater Depth Requirement < 92 m bls ≥ 20%
Minimum Perennial Trees Land > 19,896 hectares ≥ 85%

In order to identify the factors that cause solutions to fail to meet the robust performance

criteria or poor performance, we use scenario discovery as is commonly employed in robust deci-

sion making frameworks (Kasprzyk et al., 2013; Lempert and Groves, 2010). For this study, we use

the Patient Rule Induction Method (PRIM) (Friedman and Fisher, 1999; Kwakkel and Jaxa-Rozen,

2016), a statistical learning algorithm that provides factor mapping and visualization to identify

uncertain input ranges that result in an outcome of particular interest (e.g., failing or succeeding in

meeting the performance requirements). The PRIM algorithm classifies scenario boxes that capture

values of key factors that cause a policy to succeed or fail in the meeting the performance require-

ments that define robustness (see Table 3.3), using the results from SOWs used in the robustness

analysis. Using the exploratory modeling and analysis workbench (Kwakkel, 2017), we perform

a feature scoring using the extra trees algorithm (Geurts et al., 2006) to identify what the most

important uncertainties that drive candidate policies’ vulnerabilities.

3.5 Computational Experiment

The search for optimal RBFs parameters in EMODPS is a non-convex problem (Giuliani

et al., 2016) solved in this study using stochastic multi-objective evolutionary search. MOEAs are a

popular tool for multi-objective optimization that iteratively improve a population of possible solu-

tions until the population reaches a high quality representation of the Pareto front composed of the

non-dominated solutions (Coello et al., 2007). For this study, we use the Borg MOEA (Hadka and

Reed, 2013), a self-adaptive algorithm that employs probabilistic operators as ϵ-dominance, adap-

tive population sizing and time continuation through ϵ-progress. The Borg MOEA has been shown

to have better time efficiency, scalability, and less sensitivity to its parameterizations in comparison

to other MOEAs across a wide array of applications in the literature (Al-Jawad and Tanyimboh,

2017; Gupta et al., 2020; Reed et al., 2013; Seyedashraf et al., 2023; Zatarain Salazar et al., 2017).
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Since the Borg MOEA is a stochastic algorithm, we estimate Pareto-front solutions using ten dif-

ferent random seeds (i.e., random initializations of the population) using the master-worker parallel

configuration of Borg (Hadka and Reed, 2015). All the Borg MOEA parameters are set to the de-

fault values (Hadka and Reed, 2013) and ϵ-values (resolution) for each objective are summarized

in Appendix B Table B3. The quality of the algorithm’s runtime dynamics are evaluated through

its hypervolume progress (Hadka and Reed, 2012) to prove that the search is reliable and effective

given the number of function evaluations, shown in the Figure B13 of appendix B.

The economic model (Section 3.3.1) was formulated using the Python package Pyomo

(Hart et al., 2011) and solved using the non-linear programming solver IPOPT (Wächter and

Biegler, 2006). The decision variables in the economic model are the allocation of land and wa-

ter (surface water and groundwater) to seventeen crop groups resulting in a total of 68 decision

variables for each time step t. Additionally at each time step the groundwater depth change was

estimated using the posterior predictive distribution of the parameters in the calibrated groundwater

depth response function.

We performed the bi-level optimization process for an ensemble of N = 100 Monte Carlo

realizations and T = 30 years for 50,000 candidate policy trials (function evaluations). One lim-

itation of the bi-level optimization is the high computational demand that limited the number of

sampled Monte Carlo realizations and function evaluations, however as shown the runtime analy-

sis of hypervolume performance random seed consistently converge in approximately half of the

50,000 evaluations (Appendix B.7). A structure of M=4 RBFs (Equation 3.11) was selected given

its good performance, resulting in 40 decision variables in the vector Ψ to be optimized with Borg

MOEA. The selected Pareto-set with the best single seed approximation set was later validated by

re-evaluating the solutions on a larger sampled set of independent Monte Carlo samples of size N =

1,000 to verify that reference set is stable. Results from the validation are shown in Figure B14 of

the Appendix B. To inform the robustness analysis and scenario discovery we used a Monte Carlo

ensemble of N = 1,000 expanding the assumed range of crop prices, surface water price and elec-

tricity price by %20 relative to the historical. All the computational experiments were performed

using the MERCED cluster of the University of California Merced.
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3.6 Results and Discussion

3.6.1 Policy Trade-offs and Dynamics

Figure 3.3 shows the selected Pareto-approximate set that spans different trade-offs among

the five objectives in the problem. In the figure, the plotted location, size and color of each triangle

represents the objective values associated with selected control policies (Ψ values). The size of

the triangle depicts the 95th percentile of the maximum groundwater depth changes in a year, and

the color gradient depicts the 5th percentile of the minimum revenue in a year. The star represents

the hypothetical ideal solution that would allow for the smallest average groundwater depth while

providing the highest possible revenue across the sustainable management implementation period.

Characteristic behavior emerges particularly as average groundwater depth decreases, economic

revenues (and minimum revenues) decrease as well. Average groundwater depth decreases also

correspond to an increase in the reliability of meeting the groundwater level requirement. How-

ever, for some policies to attain one hundred percent reliability, they significantly limit groundwater

pumping, including during dry years, which results in significantly lower total and minimum rev-

enues. These solutions have strong reductions and limit flexibility in the management policies,

potentially reducing the SWSD’s preferences towards them. The maximum groundwater depth

change (size of the triangles) attains values as those that have been observed in the historical record

(Figure B3), highlighting the capacity of the policies to avoid larger depth changes even in drier

future conditions. However, as expected the trade-offs illustrated in Figure 3.3 show that as the

maximum depth changes reduce the Pareto-front shifts downwards due to lower average revenues.
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Figure 3.3: Pareto approximate set from the EMODPS experiment

To assess the adaptive capacity of the resulting policies to manage uncertain surface wa-

ter supplies and economic conditions, we highlight three policies that capture a broad range of

candidate preferences that stakeholders may hold when selecting a preferred solution from in the

Pareto approximate shown in Figure 3.3. The policies selected for further analysis capture largest

average total revenue (MaxRev), the lowest average groundwater depth (MinDepth), and a com-

promise with 60% average reliability of meeting the groundwater depth requirement (60%Rel).

These solutions contain four different DPS-based irrigation management policies (Section 3.4) that

would adapt under system state conditions. We asses their performance using the driest, wettest

and largest standard deviation from the Monte Carlo sampled SOWs used in the evolutionary search

(Section 3.3.2). We allow PMP to run without any DPS control policy for the first five years fol-

lowed by a 25 years period of adaptive management based on simulating the DPS control policies

implementation.

Figure 3.4 shows the temporal evolution of the dynamic management decisions and their
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performance in the SWSD’s food-water system using the SOW with the largest standard devia-

tion on surface water deliveries (CANESM2 8.5). This surface water supply scenario captures

interesting regional dynamics with interspersed dry and wet periods. In the initial 5 years be-

fore the management policies are implemented the perennial cropland expands with a reliance

on groundwater pumping due to reduced surface water Figure 3.4 (a), and results in increasing

the groundwater depth as shown in panel (g). Figure 3.4 panels (b)-(e) shows how the irrigation

management decisions evolve, illustrating the dynamic and adaptive performance of the selected

control policies. The total land planting restriction in Figure 3.4 (e), is the only decision that

shows a non-implementation behavior for the selected policies, given that other decisions regulate

land use via groundwater pumping panel (f) that result in a better performance of the system. In

general, the 60%Rel and the MaxRev solutions show similar policy control behaviors, but with

different magnitudes of restrictions and ground water pumping fee policies. Figure 3.4 panel (b)

demonstrates that all three solutions implement groundwater restrictions during the initial stages of

management. The solution with the lowest average groundwater depth (MinDepth) implements a

continuous restriction that only relaxes during wet years. Policies show a declining land allocation

to perennial crops from the initial area in Figure 3.4 panel (i). Given the flexibility that annual

crops provide to the water budget, the three solutions decrease annual crops acreage at early stages

of implementation with expansion during wet periods, shown in panel (j). These results confirm

that sustainable groundwater management benefits from reducing the hard water demand imposed

by perennial tree crops which has also been suggested in other studies (Mall and Herman, 2019;

Qin et al., 2019) and an overall cropland reduction (Hanak et al., 2019).

During dry years, the control policies allow pumping to offset deficits in surface water,

however none of the policies do not reach the region’s suggested pumping capacity and limit pump-

ing at a threshold (e.g., 460Mm3 for the MaxRev solution) as shown in Figure 3.4, which complies

with the suggested safe yield by Miro and Famiglietti (2019) and MacEwan et al. (2017). Figure

3.4 panel (f) shows that reductions in planting perennial trees crops through the control policies use

of perennials planting restriction. Control policies establish a pumping fee for the full implementa-

tion period, however use of a pumping fee peaks during wet years to limit the expansion of annual

crops and maximize groundwater recovery. Implementing a pumping fee, illustrated in Figure 3.4

panel (c), can improve irrigation efficiency and control the expansion of cropland, particularly an-
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Figure 3.4: Performance of the dynamic and adaptive irrigation management policies and hydro-

economic model performance over a 30 year realization period with 25 five years implementation

of irrigation management decisions. Panel (a) shows the surface water deliveries. Panels (b)-(e)

show the dynamic decisions in the control policy. Panels (f)-(j) show the performance of the food-

water system. The orange line in Panel (g) depicts the groundwater depth requirement used in the

experiment.
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nual crops, during wet and dry years as suggested by Stone et al. (2022), Graveline (2020), and

Khan and Brown (2019). The examined policy solutions suggest a pumping fee between $0.1/m3

and $0.2/m3 that increases up to $0.5/m3 during wet years to effectively encourage groundwater

recovery.

Exploring the dynamic and adaptive behaviors of the three selected solutions along the

Pareto approximate set distinguishes why they differ in their performance and provides insights

into the drivers tacit to potential trade-offs of implementing the different management decisions.

As shown in Figure 3.4 panel (g) implementing the MinDepth control policy results in a con-

stant recovery of the groundwater depth, thus a larger groundwater depth requirement reliability.

However, the MaxRev and %60Rel policies more actively exploit wet years and prescribe higher

cropland than in the MinDepth solution. One key insight is that all of the control policies stopped

the decline in groundwater depth observed in the historical record, allowing the groundwater depth

to reach a maximum depth level where is feasible to recover and meet the groundwater depth re-

quirement. Depending on the control policy, the largest groundwater depth and the number of years

that achieve the measurable objective change. This suggests GSAs have the potential to achieve

well designed flexible management strategies that maintain groundwater depths at levels where its

capable post-drought recoveries. However, policies need to be flexible enough to allow groundwa-

ter depth to recover during wet years contrary to what has been observed during the past decades

(Alam et al., 2021; Liu et al., 2022). Evolution of irrigation management policies and system

performance in wet and dry conditions are shown in Figures C15-C16.

3.6.2 Robustness and Scenario Discovery Analysis

As explained in Section 3.4.3, solutions in the Pareto-approximate set (Figure 3.5) are

re-evaluated in 1,000 alternative SOWs and their robustness is assessed using the three preference

criteria and success requirements, summarized in Table 3.3. Filtering the initial full Pareto set for

those solutions that comply with the three performance requirements yields twelve robust solutions

illustrated in Figure 3.5. This family of solutions are clustered in the trade-offs space of the Pareto

approximate set where reliability lies between 51% and 62%, average groundwater depth of 90

meters below surface, average total revenues between $13,291 and $13,382 million, and a minimum

revenue per year between $272 and $279 thousand. These solutions achieve different levels of
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maximum depth change, ranging from 4 to 6.5 m below surface.

Figure 3.5: Highlighting policies from the Pareto approximate set shown Figure 3.3 that are clas-

sified as being robust policies (shown in red) as well as selected robust policy for further analysis

(shown in blue). Policies in the Pareto approximate set that did not meet the satisfying criteria are

shown in grey to provide the full trade-offs context.

For further analysis, we select the robust solution with lowest average minimum depth

(RobustMinDepth) based on their re-evaluation across 1,000 alternative SOWs, depicted in blue in

Figure 3.5. Consistent with the analysis in Section 3.6.1, the performance of the RobustMinDepth

solution is assessed using the same random samples under dry, wet and largest standard deviation

water supply scenarios. Figure 3.6 shows the performance of the RobustMinDepth solution under

a scenario with the largest standard deviation on surface water deliveries (CANESM2 8.5). Com-

pared to the policies analyzed in the previous section (Figure 3.4), RobustMinDepth performance

is located between the performance of the MaxRev and 60%Rel solutions. RobustMinDepth allows

higher revenues than the 60%Rel solution while meeting the groundwater depth requirement in all

the water supply scenarios. In panel (g) from Figures 3.4 and 3.6 we can observe that compared

to the MaxRev solution, RobustMinDepth does achieve the groundwater depth requirement in wet

periods and achieves higher cropland compared to the 60%Rel solution . Additionally, RobustMin-



67

Depth solution achieves the groundwater level requirement in the driest scenario (shown in Figure

B17) where the requirement is not achieved by MaxRevs in any implementation year. In the wet

scenario (CNRM-CM5 8.5), shown in Figures B.18 in Appendix B, the RobustMinDepth solution

achieves higher cropland of both annual and perennial crops than the 60%Rel solution (Figure

B16).

Figure 3.6: Performance of the selected dynamic and adaptive robust policies and hydro-economic

model performance over a 30 year realization period with 25 five years implementation of irriga-

tion management decisions. Panel (a) shows the surface water deliveries. Panels (b)-(e) show the

dynamic decisions in the control policy. Panels (f)-(j) show the performance of the food-water

system. The orange line in Panel (g) depicts the groundwater depth requirement used in the exper-

iment.

Implementation of irrigation management policies between the selected robust solution
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and those from the previous section shows similarities in the total land restriction (Figure 3.4 and

3.6 panel (e)), and decrease in perennial cropland (Figure 3.4 and 3.6 panel (d)). RobustMinDepth

restricts perennial crops in the same magnitude as the MaxRev solution. The largest difference

in the performance of irrigation management policies between the RobustMinDepth solution and

the selected non robust polices is that RobustMinDepth implements a larger pumping restriction in

early stages of implementation (Figure 3.6 panel (b)) than MaxRev and 60%Rel solutions (Figure

3.4 panel (b)). This results in lower annual cropland (Figure 3.4 and 3.6 panel (j)) and larger

groundwater recovery (Figure 3.4 and 3.6 panel (g)) during the first years of implementation that

later enables an increase in annual crops compared to the 60%Rel solution. This management of

annual crops results in more optimal economic results. This policy also implements a groundwater

pumping fee that controls pumping where the pumping fee is the same during wet periods as

MaxRev but is higher in other years, shown in panel (c) of Figures 3.4 and 3.6. From the robust

policy performance we can conclude that early recovery of groundwater levels can benefit the

flexibility of future cropland allocation of annual crops and lower the reliability of higher pumping

fee.

Beyond finding differences in the dynamic and adaptive behavior of different robust poli-

cies, another key question is what are the dominant drivers of their robustness as well as their

ranges that lead to success or failure. In Figure 3.7, we further analyze what uncertainties domi-

nantly control the ability of the RobustMinDepth solution to meet the three robustness performance

requirements. The figure shows the combination of the three most important parameters, using the

extra trees feature scoring (Figure B19 in Appendix B), that led the policy to succeed in meeting

the performance criteria. Though perennials land is not an uncertain input but rather a PMP output

(Section 3.3.2), this factor is included to provide insight on land management strategies that can be

implemented in the SWSD and can lead to the failure of a policy. In Figure 3.7 each dot depicts

the combination of two parameters sampled from 1,000 SOWs along with the output from PMP

for average perennials land and the color of the dot represents if that SOW met (orange) or did not

meet (green) the performance criteria listed in Table 3.3. The PRIM algorithm is able to identify

the orthogonal parameter space where the policy meets the criteria depicted as a red square in the

figure. Figure 3.7 demonstrates that low surface water deliveries leads to failure to meet the cri-

teria, because peak water supply deliveries are needed to achieve groundwater depth recovery and
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meet the groundwater depth level requirement. Average perennial land and price of almonds are

important to meet the economic objectives of the SWSD. We can observe that the combination of

low prices and low perennials land led to failure. Even though, the selected robust policy reduces

perennials cropland, as show in Figure 3.6 panel (d), in the 1,000 sampled SOWs are scenarios

where larger average perennials land cause the policy to not meet the criteria. In addition to the

feature scoring for the robust performance criteria (Figure B19) we perform a second feature scor-

ing for individual objectives, shown in Figure B20, where we identify the parameters that influence

the most the capacity of the robust policy to achieve each objective. From these results we can

conclude that perennial land and almond price are the parameters that influence total revenue ob-

jective the most and that the magnitude of wet years (75th Q of surface water deliveries) followed

by the median surface water supplies and average perennial cropland are the parameters that have

the largest impact on the average groundwater depth. The reliability objective is largely affected

by median surface water supply and the magnitude of dry years (5th Q of surface water deliveries).
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Figure 3.7: Combination of highest ranked parameters in the feature scoring that lead the Ro-

bustMinDepth solution to meet or fail the performance criteria (Table 3.3) using 1,000 alternative

sampled SOWs. Each dot represents a different SOW. The diagonal plots show the marginal distri-

bution of each parameter. In red is the PRIM box where the combination of parameters cause the

policy to meet the robust performance criteria.
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3.7 Discussion

This study contributes a novel assessment of the suitability of evolutionary multi-objective

direct policy search to discover adaptive irrigation management strategies with a focus on meeting

sustainable groundwater management. We assess the ability of EMODPS to help operational-

ize groundwater sustainable management that targets the yearly decisions of water managers and

farmers within both sectors of the complex food-water system. Resulting policies were adaptive

to changes in system conditions, showing flexibility between dry and wet years, that maximize

total average revenue and lowest revenue in a year and minimize average groundwater depth and

maximum groundwater depth in a year. This paper contributes to the body of literature that evalu-

ates optimal land and water use controls and economic instruments (e.g., pumping fees) to achieve

groundwater sustainability in agriculture.

This study was applied to the Semitropic Water Storage District GSA in Kern County,

California, which represents a broad set of water agencies in overdrafted groundwater basins sub-

ject to groundwater sustainability legislation. Results from this study provide insight into the on-

going development and implementation of groundwater management policies which can be scaled

up to other basins agencies in the state. Overall, we find that:

1. Reducing the proportion of perennial trees improves adaptation capacity by increasing water

demand flexibility.

2. Annual crops can work as a buffer to support cropland increases during wet years and reduc-

tions during dry years.

3. In early groundwater management implementation, a groundwater restriction is needed to

bring the groundwater depth to a level where GSAs can feasibly manage groundwater and

reach the groundwater depth requirement.

4. A pumping fee policy shows promise in coordinating surface and groundwater use and in-

centivize sustainable pumping.
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3.7.1 Limitations and Future Work

Climate change impacts in the region such as impacts on crop yields (Blanc et al., 2017)

and increase on potential evapotranspiration (McEvoy et al., 2020; Vahmani et al., 2022) may

occur but were not part of the present analysis. Additionally, surface water deliveries used in

this study were obtained from the CALFEWS model (Zeff et al., 2021) which may have other

intrinsic uncertainties not discussed in this study. Also, the groundwater depth response employed

does not reflect the complexity of the aquifer dynamics, such as lateral flows from nearby basins,

and surface-groundwater interactions beyond agricultural recharge among others. However, the

groundwater response approach employed allows us to capture the general trend and response

from groundwater pumping and recovery in the district. Crop prices used in the computational

experiment were sampled from the historical record and may not reflect future conditions, which

are difficult to forecast given their dependence on a highly dynamic globalized economy.

Future studies could consider increase groundwater via managed aquifer recharge (Alam

et al., 2020) and potential participation in water markets (Arellano-Gonzalez et al., 2021; Hanak

et al., 2019) that can potentially increase water availability and groundwater recovery. The results

demonstrate that cropland reduction is a feasible strategy to achieve groundwater sustainability.

However, developing cropland repurposing frameworks that can benefit groundwater sustainabil-

ity, ecosystems and communities could have synergistic positive economic outcomes (Biggs et al.,

2022; Espinoza et al., 2023; Fernandez-Bou et al., 2023). The multiple benefits from repurposing

cropland could be included as additional objectives along with objectives that relate to benefits

to the ecosystem and to communities. For example, maintaining the groundwater level at a level

where domestic wells are protected or minimizing the number of domestic dry wells, which are

shallower than agricultural wells and vulnerable to fail during droughts (Jasechko and Perrone,

2020). In addition a performance metric that captures the benefit of policies to protect groundwater

reliant ecosystems. Future studies should consider expanding the study area to the San Joaquin

Valley to demonstrate how multiple GSAs can develop conjunctive water use management strate-

gies such as water markets. Finally, this study uses district-wide performance in its formulation;

however nuances within the district due to the diversity of farm scale operations and commodi-

ties can exist. One of the key results is the implementation of a pumping fee, which should be
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implemented considering the scale of farms as well as the commodity to achieve groundwater sus-

tainability while achieving an equitable water access. This policy holds considerable potential to

complement the highly subsidized energy rates for agriculture. While these rates have been benefi-

cial to farmers, they inadvertently incentivize groundwater pumping. However, since energy rates

vary throughout the day and season, the implementation of this policy should align with the same

dynamic characteristics.
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Chapter 4

Drivers of domestic wells vulnerability

during droughts in California’s Central

Valley

This chapter is currently in review in the Environmental Research Letters journal:

Rodríguez-Flores, J.M., Fernandez-Bou, A.S., Ortiz-Partida, J.P. and Medellín-Azuara, J. Drivers

of domestic wells vulnerability during droughts in California’s Central Valley.

4.1 Abstract

Over the past decade, California has experienced two multiyear droughts, resulting in

significant economic losses for the agricultural sector and limited water access for communities.

Despite the recognition of water as a human right in the state, droughts consistently lead to the

failure of thousands of domestic wells due to intensified groundwater pumping for irrigation pur-

poses. In the Central Valley alone, groundwater sustains the livelihoods of thousands of individuals

(and millions across the state) serving as the sole water source, rendering it vulnerable due to in-

adequate groundwater management. In this study, we present a spatial statistical model to identify

critical localized factors within the food-water-human system that contribute to the vulnerability
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of domestic wells during droughts. Our results indicate that the depth of domestic wells, density

of domestic and agricultural wells, economic conditions, and the extent of perennial crops play

significant roles in predicting well failures during droughts. We show the implications of address-

ing these factors within the context of ongoing groundwater sustainability initiatives, we propose

strategies to safeguard the water source for thousands of individuals necessary to protect domestic

wells.

4.2 Introduction

Groundwater in California is an important source of water for agriculture and human

use. However, community water supply systems, small water supply systems, and households with

private domestic wells are vulnerable to water shortages and water quality issues due to extended

agricultural groundwater pumping (Levy et al., 2021; Pauloo et al., 2020; Smith et al., 2018). In

the state, approximately 1.3 million people are served by domestic wells, mostly concentrated in

the San Joaquin Valley with approximately 452,450 people (Pace et al., 2022). In 2012, California

established a landmark law (Assembly Bill 685) recognizing the human right to water, ensuring

that all individuals, including low-income and minority communities, are entitled to access clean,

safe, and affordable water to drink, cook, and bathe. The recent occurrence of two consecutive

drought periods (2012-2016 and 2020-2022) has exacerbated the depletion of groundwater levels,

primarily due to intensified agricultural pumping practices, particularly in the San Joaquin Valley

(Medellin-Azuara et al., 2022; Medellín-Azuara et al., 2016). As a consequence, thousands of

domestic wells were reported dry, especially from rural disadvantaged communities, who have

been severely impacted by unsustainable groundwater use (Feinstein et al., 2017; Klasic et al.,

2022). Increasing risk to water shortages from groundwater sources for human consumption is

not limited to California and the western United States (Perrone and Jasechko, 2017; Scanlon

et al., 2021), similar challenges are observed in other semiarid regions worldwide, characterized

by groundwater depletion (Bierkens and Wada, 2019; Gleeson et al., 2020; Huggins et al., 2022;

Jasechko and Perrone, 2021; Mekonnen and Hoekstra, 2016) that have led to seek groundwater

sustainability management (Elshall et al., 2020).

The vulnerability of California to drought stems from its Mediterranean climate, and high
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dependence on snowpack and atmospheric rivers for water supply (Diffenbaugh et al., 2015; Ger-

shunov et al., 2019; Payne et al., 2020), which results in multiyear drought periods and significant

surface water shortages. The agricultural sector, which holds substantial economic importance in

the region and is recognized as one of the most economically valuable in the United States (CDFA,

2022), heavily relies on groundwater extraction for irrigation purposes. During dry periods, there

is a notable surge in the construction of agricultural wells and subsequent pumping (Jasechko and

Perrone, 2020; Lund et al., 2018; Medellin-Azuara et al., 2022). This trend has triggered a range

of adverse effects, including increased depth to groundwater (Liu et al., 2022; Vasco et al., 2022),

reduced groundwater storage (Alam et al., 2021), land subsidence (Ojha et al., 2019) and deterio-

ration of groundwater quality (Levy et al., 2021).

During the 2012 to 2016 drought, the California Department of Water Resources (DWR)

established the Dry Well Reporting System (DWR, 2023a). Such platforms allows for voluntary

reporting of domestic well failures and aims to provide water shortages mitigation assistance. Since

its establishment in 2014 until the end of 2022, a total of 5,259 domestic wells have been reported

as dry or failed in the state. The majority of these reported failures occurred during the past two

drought periods, with 2,425 wells experiencing failure from 2014 to 2016 and 2,588 wells from

2020 to 2022. The greatest concentration of reported dry wells was observed in the Central Val-

ley, where a total of 3,929 domestic wells were affected between 2014 and 2022. Significantly,

the subbasins in the San Joaquin Valley (southern region of the Central Valley), namely Kaweah,

Kings, Madera, and Tule, accounted for 2,878 of these reported dry wells (Figure 4.1). Given the

substantial magnitude of domestic well failure and groundwater depletion (Figure C1), as well as

the region’s significant agricultural importance, these four subbasins serve as a representative case

study area within the broader context of the Central Valley. Insights derived from studying this re-

gion can offer valuable perspectives for addressing domestic well vulnerability. Figure 1 (B) shows

the number of agricultural and domestic wells by section of the Public Land Survey System (PLSS)

and Figure 1 (C) the count by section of dry wells. We can see that the occurrence of domestic well

failure happens mainly in high well density areas.
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Figure 4.1: Figure A shows the location of reported domestic dry wells between 2014-2022 in the

Central Valley California, highlighted in red color is the study area. Figure B shows the number

of domestic and agricultural wells per section (1mi2) of the build since 1970. Figure C shows the

number of dry wells reported in the 2014-2022 period by PLSS section.

Since the California Sustainable Groundwater Management Act (SGMA) was signed in

2014, Groundwater Sustainability Agencies (GSAs) have been established to develop and imple-

ment Groundwater Sustainability Plans (GSPs). These plans aim to conceptualize water budgets,

groundwater dynamics, and frame strategies for achieving sustainable groundwater management in

each groundwater subbasin. However, since their submission in 2020 there have been inadequate

representation of marginalized communities (Dobbin et al., 2023; Leach et al., 2021) and assess-

ment of domestic well vulnerabilities within these plans. Thus, is crucial to gain a comprehensive

understanding of the factors that contribute to domestic well failure, as this knowledge is vital

for sustainable groundwater management and the protection of domestic wells. Notably, many of

these factors can be addressed at the local level, particularly those related to agricultural practices

and their associated impacts. For instance, agricultural wells, which are typically deeper and have

higher yields than domestic wells (Perrone and Jasechko, 2019), contribute to localized drawdown

and groundwater quality degradation (Gailey, 2023; Levy et al., 2021; Pauloo et al., 2020; Perrone
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and Jasechko, 2017). Previous studies have focused on forecasting the occurrence of dry wells in

the Tule subbasin (Gailey et al., 2019) and at a large scale in the Central Valley (Pauloo et al., 2020)

or other basins in western USA (Perrone and Jasechko, 2017). These studies utilized interpolated

groundwater levels and drilled depths of domestic wells to identify hotspots of dry wells or vulner-

able wells in anticipation of future drought events. While these studies demonstrated high accuracy

in predicting dry wells following groundwater declines, they did not comprehensively characterize

key localized factors that contribute to the vulnerability of domestic wells.

In this study, we implement a spatial statistical model that utilizes publicly available

spatial data sets, including reported dry wells, well completion records, groundwater levels and

land use information. Our objective is to identify specific factors that contribute to the vulnerabil-

ity of domestic wells during droughts. The used spatial model incorporates a Bayesian approach

to account for spatial autocorrelation among observations. By employing this approach, we are

able to predict the probability of failure of a domestic well within the four subbasins under in-

vestigation. Our model results provides valuable insights into the most significant factors within

the food-water-human system which merit higher consideration for the development of effective

groundwater management strategies.

4.3 Methods

4.3.1 Data and exploratory analysis

The spatial data set used in this study uses records on dry well reports, well completion

reports, interpolated groundwater levels from monitoring wells, crop land use, surface water supply

and poverty index. These data sets have different spatial resolutions and processing, explained in

detail in the following sections. Each well in the data set is located in a section of 1 mi2 (2.6 km2)

from the PLSS. When specific coordinates of the reported dry well or completed well are unknown

the centroid of the section is registered as coordinates of the well by the DWR reporting system. For

this reason, we used the PLSS section as reference location. We utilized two spatial resolutions to

summarize the data sets for each well in the analysis (they are described in the following sections).

First, the section where the well is located and adjacent sections referred as 9 mi2 (23.3 km2),

depicted in yellow in Figure 4.2, and a second resolution using a 25 mi2 polygon (64.7 km2),
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depicted in green in Figure 4.2, that includes second-level section neighbors.

Figure 4.2: Example of dry well location, and surrounding agricultural and domestic wells. The

section of the PLSS where a dry well is located is illustrated in red. The 9 mi2 resolution is

illustrated in yellow and the 25 mi2 in green.

Dry wells and well completion reports

Domestic dry wells are voluntarily reported to the publicly available reporting system

from DWR (2023a), which since 2014 collects domestic groundwater supply shortages. These

reports are collected from individuals, local agencies, and organizations. Given the volunteer nature

of the reports there are uncertainties on the location and well depths reported. Also, an potentially

small omission bias from the non-reported dry wells is inherent to the data set and the analysis.

However, is the only publicly available data set that collects systematically water shortages from

domestic wells. To overcome some of the limitations of this data set, we used the upper boundary

of the reported well depth if its a range and removed dry wells that did not report a well depth

reported or is unclear. Figure 4.3 shows the count of reported dry wells in the study area before

removing uncertain reports.
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Figure 4.3: Number of dry wells in the four groundwater subbasins of the study area. The dry

periods are highlighted in red.

Our data set contains selected dry wells and randomly sampled domestic wells from

sections where no dry wells were reported in a way that we have a balance data set with equal

number of dry and no dry wells by year and groundwater basin. We calculate the number of

agricultural and domestic wells by section using the well completion reporting system from DWR

(2023b). For each well and year of analysis we calculated number of wells at the two spatial

resolutions (Figure 4.2). We assumed a lifespan of 30 years for domestic wells, as suggested by

Pauloo et al. (2020) and Gailey et al. (2019), and 50 years for agricultural wells, from conversations

with well drilling technicians. Given the geologic characteristics of California’s Central Valley,

wells can extract water from the unconfined, semiconfined, or confined aquifer. Given that most

reported dry domestic wells (Figure C2) and domestic wells in the study area pump water from

the unconfined to semiconfined aquifers, we selected agricultural wells and domestic wells that

pump water from these two aquifers (Figures C3 and C4). For more details about this process

refer to Appendix C. Additionally, we assumed that agricultural wells and domestic wells from the

well completion reporting system may have been inactive by the year of analysis. To remove likely

inactive agricultural and domestic wells we used interpolated groundwater levels for the unconfined

and semiconfined aquifers (Section 4.3.1) and their location in relation to the top of the well screen,

if reported. Otherwise, we used the well depth plus the median distance between the top and drilled

depth (Table C1). The final number of estimated "active" wells was used to calculate wells density

(number of wells divided by area for each well).
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Groundwater Levels

Groundwater levels are reported in the DWR’s periodic groundwater level measurements

from monitoring wells. We followed the same classification process to the corresponding aquifer

location and using only those from the unconfined to semi-confined aquifers. We validate our

classification for the monitoring wells reported in the GSP’s groundwater monitoring network of

each GSA, available in the SGMA portal. Since we want to capture the conditions before each

year’s irrigation season, we used reported levels from January to April for each year between 2014

and 2022. Finally, we employed an ordinary kriging interpolation method following Pauloo et

al. (2020), for the log-transformed ground- water levels, and the correction of Laurent (Laurent,

1963) to obtain unbiased groundwater level estimates. The spatial interpolation via kriging was

performed using the gstat R package (Gräler et al., 2016). The final groundwater level raster was

used in two ways, first to filter wells with top screens (or approximated top screen) shallower than

the interpolated groundwater level, and second to calculate the ratio of the total drilled depth to

the interpolated groundwater level for each well in the analysis, used as covariate in the statistical

model.

Cropland

Cropland was obtained from the Cropland Data Layer (CDL), referred as CropScape,

produced by USDA National Agricultural Statistics Service (NASS) (Boryan et al., 2011). We

downloaded the spatial layers from 2014 to 2022 using the CropScapeR package for R (Chen et al.,

2023). CropScape classifies each pixel, with 30 m resolution, into 134 different crops and other

uses. We categorized crops into three categories: annual crops, perennial crops and forage crops.

Table C2 in SM relates CDL crops to each category. Finally, using the cropland rasters (Figure C5)

we calculated zonal statistics for each well, generated using the R package exactextractr (Baston,

2022).

Surface Water Supply

Surface water supplies in the San Joaquin Valley vary by water agency and irrigation

district. Sources may contracts with state (Central Valley Project) or federal (State Water Project)
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projects, water rights to divert water from rivers or streams, as well as transfers with other districts.

Due to the lack of a spatial data set that relates each section of the PLSS to a surface water source,

we used the historical allocations to each GSA. GSAs reported historical surface water allocation

in their GSPs and in their yearly updates, both available in the SGMA portal.

Sociodemographic

We are interested to know if the socio-economic status affects the risk of domestic wells

to cause residential water shortages. We hypothetize that lower income communities are often

times isolated rural communities surrounded by agriculture, thus are likely more vulnerable to

agricultural pumping. To characterize socioeconomic status, employed the poverty index from

CalEnviroScreen 4.0 (OEHHA, 2021). This index represents the percent of population living below

twice the federal poverty level at the census tract.

Exploratory data analysis

The curated data set contains 2,866 wells distributed in the four groundwater basins of

the study area. The predictor variables or covariates of the model are summarized in Table 1, that

also includes well depth and groundwater level used to calculate the ratio between well depth and

groundwater level. These variables are selected to represent the localized characteristics of the

system that can affect the domestic well vulnerability during dry years.

To identify relationships between covariates we estimated Pearson correlation coeffi-

cients, shown in Figure 4.4. The strongest positive correlation is between area of perennial crops

and agricultural wells density. The largest negative correlations are between poverty and domestic

wells density, surface water supply and poverty and rate of perennial crops and rate of annual crops.

We measured the variance inflation factors (VIF) which resulted lower than 1.5 for all the variables

indicating that there is no collinearity among them. Given that wells may be located in the same

section or adjacent sections, spatial autocorrelation may exist between well failure conditions and

covariates values. For this reason we tested for spatial autocorrelation using the Moran’s I test,

shown in Figure C6, where the test resulted in positive and significant spatial autocorrelation for

all the variables up to 50 km between wells.
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Variable Description Mean Sd Min Max
r_area_perennial Perennial crops proportion 0.34 0.13 0 0.9

r_area_annual Annual crops proportion 0.19 0.11 0 0.66
r_area_forage Forage crops proportion 0.071 0.053 0 0.38

r_well_depth_gw_level1 Ratio well depth to groundwater level 1.8 1.5 0.15 29
ag_wells_density Density agricultural wells 0.0064 0.0052 0 0.028

dom_wells_density Density domestic wells 0.014 0.018 0 0.12
Poverty Poverty Index 45 18 3.8 85

Surface_Water2 Surface water supply (M m3) 99 128 0 620
well_depth Drilled well depth (m) 62.4 36.6 4.5 300

gw_level Groundwater level Spring (m) 40.5 22.5 9.3 153

Table 4.1: Summary of the variables before standardization used in the statistical model for the

9mi2 resolution. Wells density and crop rate areas were calculated using ≈ 5, 760 acres for

each well’s 9mi2 resolution polygon.1 We used the groundwater level before the irrigation sea-

son 2Surface water deliveries were used at the GSA scale, thus these values represent statistics

across GSAs that can be inconsequential.

Figure 4.4: Pearson’s correlation coefficients between covariates of the 9mi2 resolution data set.

Asterisks represent the significance level of the coefficient, p < 0.05 (*), p < 0.01 (**) and p <

0.001 (***). Significance coefficients and figure were obtained using the ggcorrplot R package

(Kassambara and Patil, 2022).
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We fit linear models to identify the associations between domestic well failure and each

covariate used in the spatial model (Section 4.3.2). Figure 4.5 shows results of the linear fits,

where the orange line is the mean coefficient and in grey the 95% credible interval. Figure 4.5 (A)

shows the ratio between well depth and groundwater level has the strongest negative association

with well failure (Figure 5 (F)). We would expect a higher probability of domestic well failure

in places with high domestic well density (Figure 5 (D)) and agricultural wells density (Figure

5 (E)). Cropland distribution (perennial, annual, and forage) shows similar positive association

with domestic failure (Figure 5 (A) - (C)). Finally, in places with higher poverty index a higher

probability of domestic well failure is expected. Since there is not data available on groundwater

pumping at a fine resolution we asses if cropland ratio has an interaction effect with the agricultural

wells density that can potentially affect domestic well failure, results are shown in (Figure C7). The

exploration of these results provide insight on the individual effects of covariates to domestic failure

before fitting the spatial model and that interaction effects between cropland rate and agricultural

wells density should be included.
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Figure 4.5: Results from performing linear fits for the covariates used in the study. The mean of the

linear fit is depicted in orange and the estimated 95% credible interval. Dots represent observations

of reported domestic well failure (1) or not (0). This analysis ignores spatial random effects and

fits were generated using the model: Wi ∼ Bernoulli(pi) where logit(pi) = βjXj and Wi = 1 if

domestic well failure was reported and Wi = 0 if not.

4.3.2 Spatial model

We split the data into training and validation data sets, using block cross-validation, per-

formed with the blockCV R package (Valavi et al., 2019). This splitting method is considered a

robust approach for assessing predictive performance and error estimation of spatial models. We

used 20% of the wells with equal number of positive or negative failure condition for validation.

Additionally, variables were transformed using z-score standardization (mean of 0 and standard
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deviation of 1) to interpret all the fixed-effect coefficients in the same scale. Surface water supply

was standardized at the GSA scale to accurately capture the effect of deviations from the mean

water supply.

The spatial model to predict the probability of domestic well failure was defined using the

R-INLA package that relies on the Integrated Nested Laplace Approximation (INLA) for Bayesian

inference (Blangiardo and Cameletti, 2015; Lindgren and Rue, 2015). R-INLA calculates a Gaus-

sian Markov Random field to account for spatial autocorrelation via Stochastic Partial Differential

Equation (SPDE) with a Matérn covariance function (Krainski et al., 2018). This method has

proven to efficiently model spatially dependence of residuals and has been widely applied in so-

cioenvironmental and environmental systems (Bosmans et al., 2022; Burchfield and Nelson, 2021;

Expósito-Granados et al., 2019; Fichera et al., 2023; Gong et al., 2021; Jaffé et al., 2021; Ndolo

et al., 2022; Nelson and Burchfield, 2017). The first step to approximate the SPDE is to create

a mesh over the study region using a constrained refined Delaunay triangulation, where triangles

define the basis of functions (Zuur et al., 2017). Multiple parameters are used to tune the triangu-

lation, firstly we use the distances between wells (Figure C8) to define a distance of 16 km for the

maximum edge length of the finer inner mesh and 80 km for the edge of triangles outside of it to

avoid boundary effects. In addition, we define a cutoff value of 3 km (2 mi) that constrains assign-

ment of wells with a distance of less than 3 km to single vertex, avoiding very small triangles. The

final 537-vertices mesh is shown in Figure C9.

We predict domestic well failure (n=2,866 observations) using the model defined by

Equation 1. Where Wi is the binary condition failure (W = 1) or no failure (W = 0) of a do-

mestic well i. Equation 2 is the logit-link function for the Bernoulli probability function where pi

is the expected value of the probability of a well i to fail, α is the intercept, Xj is the j covariate of

well i and βj is the fixed effect coefficient. βc are the interaction effects between crop categories

(c={r_area_annual,r_area_perennial,r_area_forage}) and agricultural wells density. Additionally,

we include a basin-level random intercept effects (iid) (βg) to identify if well failure vulnerability

changes across groundwater basins. Si accounts for spatial random effects (SPDE). We use the

R-INLA default uninformative priors.
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Wi ∼ Bernoulli(pi) (4.1)

logit(pi) = α+
9∑

j=1

βjXj,i +
3∑

c=1

βcXc,iXag_wells_density,i + βgBasing,i + Si (4.2)

We run the model described by Equations 1 and 2 comparing different model configu-

rations and two spatial resolutions (9mi2 and 25mi2), defined in SM 6.1. Model configurations

are defined to assess how information from different components of the human-food-water sys-

tem affect the prediction of domestic well failure. We use different cross-validation and informa-

tion criteria (Gelman et al., 2014) provided by R-INLA to compare ten model configurations (5

models and two spatial resolutions). These metrics include Deviance Information Criterion (DIC)

(Spiegelhalter et al., 2002), Watanabe–Akaike information criterion (WAIC) (Watanabe, 2010),

and Logarithmic Conditional Predictive Ordinate (LCPO) (Roos and Held, 2011). In addition,

we calculate the Area Under the receiver operating characteristic Curve (AUC) (Fawcett, 2006)

using the PresenceAbsence R package (Freeman, 2023). Lower DIC, WAIC and LCPO values

suggest superior model performance and higher AUC suggest superior classification performance

(true positive well failure and true negative well failure). Readers can refer to the following GitHub

repository to access model script used for modeling, model diagnostics and visualization of results:

https://github.com/josemrodriguezf/Domestic_Dry_Wells.

4.4 Results

Our model predicted well the probability of a well to go dry. The model described by

Equations 1 and 2, using the 9 mi2 resolution, resulted in the lowest DIC, WAIC, and LCPO, and

highest AUC. The AUC is 0.88 for the fitting data set (Figure C10) and 0.92 for the validation data

set (Figure C11), demonstrating good performance on domestic well failure prediction across space

(Figure C12). The model shows no spatial autocorrelation of the residuals (Figure C13). Model

results for all model configurations and spatial resolutions are shown in Table C3.

Figure 4.6(A) shows the mean and 95% credible intervals of the marginal posterior dis-

tribution of fixed effects and interaction effects. Figure 4.6(B) shows the posterior distribution for

https://github.com/josemrodriguezf/Domestic_Dry_Wells
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groundwater subbasin specific random effects. Estimates are in the log-odds of a well to fail, and

are also summarized in Tables C4 and C5. Each coefficient from covariates without interaction

effects (sw, poverty, r_well_depth_gwlevel and dom_wells_density) are interpreted as the change

in log-odds corresponding to a one standard deviation change in the covariate. The most impor-

tant single effect predictor is the ratio between well depth and groundwater level that has a negative

effect (-2.76 mean). In line with established expectations wells with deeper depths than the ground-

water level are less probable to fail. However, other factors attribute to domestic well vulnerability

as domestic wells density that has the largest positive coefficient (0.75 mean), followed by the

poverty index (0.24 mean). Surface water deliveries distribution overlaps with zero, the rationale

behind this value is that we focused on dry years to build the data set and there are no meaningful

differences in surface water supplies across these drier years that can change the expectation of

domestic well failure.
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Figure 4.6: Posterior means and 95% credible intervals for fixed effects (A) and random ef-

fects by groundwater subbasin (B). Values are in log-odds scale. Surface water supply (sw),

ratio between well depth and groundwater level (r_well_depth_gw_level), proportion peren-

nial crops (r_area_perennial), proportion forage crops (r_area_forage), proportion annual crops

(r_area_annual), poverty index (poverty), density agricultural wells (ag_wells_density) and do-

mestic wells density (dom_wells_density).

In addition to the single fixed effects the model includes interaction effects between crop

types and agricultural wells density. The most important interaction effect is the coefficient between

perennial crops ratio and agricultural wells density. This coefficient represents the increase in
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the agricultural wells density coefficient by an increase of perennial crops area by one standard

deviation. Thus, an increase in perennial crops increases the effect that agricultural wells can have

on domestic well failure. This coefficient can also be interpreted in the other direction, given

an increase in agricultural wells density the expected impact of perennial crops to domestic well

failure also increases. Although the coefficients for forage crops, annual crops and their interaction

effects with agricultural wells density are not too far from zero, this does not imply that pumping

to irrigate forage and annuals do not affect domestic wells, but rather these coefficients are less

important predictors of domestic well failure considering all the other covariates in the model.

Finally, the model includes groundwater subbasin random effects which allow us to com-

pare expected domestic well failure given the variability that exists across basins (e.g., geology,

groundwater depletion, groundwater management, and land uses). Though the 75% credible inter-

vals of these coefficients overlap with zero, we can observe that there is a higher expectation of

domestic well failure in Tule and Kaweah subbasins than Madera and Kings subbasins. Finally, in

Figure C14 we show the SPDE product of R-INLA.

4.5 Discussion

4.5.1 Domestic wells, agriculture and droughts

The results of our analysis suggest that domestic wells are most vulnerable when the dis-

tance between groundwater level and well depths are closer and is the most important factor that

affects domestic well vulnerability (r_well_depth_gw_level variable). We examined the charac-

teristics of wells drilled between 1970 and 2022 to better understand domestic wells vulnerability.

Well drilling takes place more often during dry years, particularly during extended droughts (Figure

C16). Kings subbasin shows the largest number of domestic and agricultural well construction with

60% of the wells in the study area (Figure C17). In the the four basins of analysis, agricultural wells

have deeper depths than domestic wells (Figure C18). However, this difference changes across sub-

basins (Figure C19), the largest difference is found in the Tule subbasin where the mean agricultural

well depth is 150 meters deeper than the mean domestic well depth, followed by Madera subbasin

with a difference of 70 meters. In Kings and Kaweah subbasins this difference is around 30 meters.

Shallower wells are more vulnerable than agricultural wells during droughts which is a common
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characteristic of the Central Valley and other places in the western USA (Jasechko and Perrone,

2020; Pauloo et al., 2020; Perrone and Jasechko, 2019).

Domestic and agricultural pumping have a key role on localized groundwater dynam-

ics. Even though there is lack of information about groundwater use or pumping rates data at the

resolution of this study, results indicate that domestic wells located in areas with higher domestic

wells density are more likely to go dry. Groundwater pumping causes a cone of depression with

an ultimate drawdown of the water table (Bierkens and Wada, 2019; Condon and Maxwell, 2014).

Agricultural wells are deeper (Figure C23) and have larger casing diameter (Figure C24) than do-

mestic wells, resulting in larger drawdown than domestic wells. Additionally, higher wells density

can potentially result in overlapping depression cones, leading to larger and deeper hot spots of

groundwater drawdown. In the well completion reports, a drawdown is reported from the pumping

test done after the well is completed, with median of 7.6 m and 4.6 m for agricultural and domestic

wells respectively (Figure C25). During dry years, increased pumping leads to drawdown that can

cause well failure before the groundwater table reaches a deeper level than the well perforation

depth (Gailey et al., 2022). In addition, drawdown can create localized water quality degradation

(Levy et al., 2021; Smith et al., 2018).

Results suggest that domestic wells in areas with higher rate of perennial crops are more

vulnerable. The study area has shown an expansion of perennial crops, mainly nut trees such

as almonds and pistachios. Though these crops are highly profitable they have higher evaporative

demand (Hanak et al., 2019). Consequently, they require irrigation every year despite surface water

shortages, relying on pumping. The increase of perennial crops and agricultural well drilling are

correlated (Figure 3.4). This trend has been documented as one of the main drivers of continuous

groundwater depletion, which also makes groundwater management more challenging and less

flexible (Mall and Herman, 2019; Qin et al., 2019; Rodríguez-Flores et al., 2022).

4.5.2 Social impacts

Our results indicate that places with higher poverty index are more vulnerable to domestic

well failure. As reviewed by Johnson and Belitz, 2015 and London et al., 2021, rural areas or

outside of incorporated city boundaries are less likely to be served by municipal or other larger

public water supply systems. Consequently, rural areas heavily depend on private domestic wells
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for their water supply, which significantly increases their risks of water shortages and compromise

their water quality (Aiken et al., 2023; Balazs and Ray, 2014; Hauptman et al., 2023; Horowitz

et al., 2016; Pace et al., 2022; Tariqi and Naughton, 2021).

In the study area, there is a higher concentration of domestic wells in census tracts with

a poverty index between 30 and 60. Areas with a poverty index between 0 and 30 have the second

most number of domestic wells, followed by areas with high levels of poverty (between 60 and 90)

(Figure C26). However, this trend changes for the reported dry wells. After areas with moderate

poverty (30 to 60), high poverty areas reported the second most number of domestic dry wells

(Figure C27). Well depths are similar for all areas despite of the poverty level (Figure C28), thus

domestic well vulnerability of higher poverty areas arises from being more rural areas impacted

by agriculture. These low-income communities are inhabited mostly by people of color (London

et al., 2021; Méndez-Barrientos et al., 2022; Pace et al., 2022), who have limited infrastructure and

are exposed to other environmental risks (Anderson et al., 2018; Fernandez-Bou, Ortiz-Partida,

Dobbin, et al., 2021; Flores-Landeros et al., 2022). Though the poverty index is reported at the

census tract level, which may misrepresent conditions of small rural communities designated to

larger census tracts, the results are consistent with prior studies (Johnson and Belitz, 2015; Klasic

et al., 2022; Perrone and Jasechko, 2017).

Numerous wells within the dry well reporting system reported solutions to address the

water shortage. Common adaptations include lowering pumps and replacing dry wells with deeper

wells (Gailey, 2023). However, drilling deeper wells entail higher upfront costs (Feinstein et al.,

2017; Gailey et al., 2019; Perrone and Jasechko, 2019), larger operating cost (given the increased

lift and energy use), and in some cases, deeper groundwater may contain elevated levels of salts or

other contaminants making it unsuitable for domestic use (Kang and Jackson, 2016). For instance,

the costs related to drilling domestic wells, typically fall within the range between $118 and $200

per meter (Gailey et al., 2022; SWRCB, 2022). This poses a burden for low-income communities

to be self-sufficient considering that wells in the study area would need to be drilled deeper than

80 meters and in some places more than 100 meters. Thus, communities are compelled to depend

on state’s support like the "Small Community Drought Relief" that provides funds for household

water storage tanks and hauled water, or depend on alternative resources such as tanker trucks and

bottled water (London et al., 2021; Méndez-Barrientos et al., 2022).
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Studies suggests that low-income or marginalized communities have been inadequately

represented in the development of the groundwater sustainability plans (GSPs), leading to rather

shortsighted planning strategies that overlook the water access and quality requirements of domes-

tic well users in rural communities (Dobbin and Lubell, 2021; Dobbin et al., 2023; Leach et al.,

2021; Perrone et al., 2023), despite being part of SGMA implementation objectives. For example,

one of the metrics to guide sustainable groundwater planning is the establishment of a minimum

threshold defined as "the quantitative value that represents the groundwater condition in each area

that may cause an undesirable results (DWR, 2017). These thresholds are established in each GSP

and in many cases prioritize agricultural wells depths to define this threshold, which as we dis-

cussed are deeper, leaving hundreds of domestic wells unprotected (Bostic, 2021; Perrone et al.,

2023). Additionally, potential solutions are more likely to be successful if communities are engaged

in the decision making process as suggested by Fernandez-Bou, Ortiz-Partida, Classen-Rodriguez,

et al. (2021) and Espinoza, Bernacchi, et al. (2023). However, since GSPs were submitted in 2021

the state has reviewed them and required revision to address risk of domestic wells failure. At

the time this study was being developed, six plans were rejected including the Kaweah and Tule

subbasins where wells are more vulnerable, as indicated by the results.

4.5.3 Groundwater levels and domestic well failure trends

The reported depths of dry wells during the 2014 to 2016 period and the 2020 to 2022

period do not exhibit significant variations across the study area (Figure C30). However, there

is a discernible shift in their spatial distribution. Although groundwater depletion and the occur-

rence of domestic dry wells are widespread phenomena that have been observed throughout the

Central Valley (Jasechko and Perrone, 2020), we identify spatial nuances. The Tule subbasin saw

the largest number of reported dry domestic wells during 2014-2016, followed by the Kaweah

subbasin, whereas Kings and Madera subbasins reported the largest number of dry wells during

between 2020 and 2022.

All groundwater subbasins have shown increasing groundwater levels (Figure C32), how-

ever to have a better understanding on particular conditions that led to well failure we further ex-

plore trends at the GSA level (Figure C33) that changed the spatial distribution of dry wells between

the two droughts (Figure C34). The Eastern Tule GSA located in the Tule subbasin, exhibits one of
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deepest water tables in the study area (Figure C35) and the highest count of reported dry wells, pre-

dominantly during the 2014-2016 period when most of the domestic wells in the subbasin failed.

Despite groundwater recovery between the two drought periods, the 2020-2022 drought resulted

in larger distance to groundwater (deeper than 100 m) leading to the failure of deeper domestic

wells. GSAs in the Kings subbasin did not exhibit significant groundwater level increases prior

to 2020 (Figure C36). However, during the 2020-2022 drought, substantial groundwater depletion

that lead to shallow domestic wells failure. The County of Madera GSA in the Madera subbasin,

has shown a constant rate increase in the water table since 2014 (Figure C37), that in 2020-2022

than in 2014-2016. Lastly the Kaweah subbasin shows the largest rate of groundwater depletion

(Figure C38), after Tule subbasin, which increased the number of dry wells in 2020-2022 than

in 2014-2016. Despite showing recovery of groundwater levels during the 2017-2019 wet years,

groundwater levels reached deeper levels in the last drought (deeper than 50 m) leading to domestic

well failure of shallow domestic wells of the area (median of 65 m).

In Figure C39, we show the drilled depths of domestic wells by GSA used to support

this analysis and identify GSAs where domesic wells are more vulnerable given the trends on

groundwater levels at the GSA level. In all GSAs, despite the recovery of groundwater depths

during the wet years following the 2012-2016 drought and that surface water shortages during the

2020-2022 drought were not as profound and extended as during 2012-2016 (Figures C40 to C43),

the lack of groundwater management, large pumping capacity and increased area of perennial crops

led to increased groundwater levels and domestic well failure.

4.5.4 Implications for water and land management

Though the Sustainable Groundwater Management Act is in early implementation stages

and the impacts of groundwater pumping during the last drought (2020-2022) showed again the

lack of management. In the future strategies should be implemented by substantial pumping con-

straints (Escriva-Bou et al., 2020) and cropland retirement (Escriva-Bou et al., 2023), regardless

of the upcoming dry periods in order to meet the 2040 sustainability goal. Based on our results

groundwater management should address localized factors that are most influential in well failure

risk. Which can be addressed by different land and water management actions, including strategic

multibenefit cropland repurposing (Bourque et al., 2019; Bryant et al., 2020; Espinoza, Bernacchi,
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et al., 2023; Fernandez-Bou et al., 2023). The objective of this approach is to retire cropland to re-

duce pumping (and water consumptive use), and allocate it to other less water intensive uses, while

providing other benefits for communities and ecosystems. Another strategy is Managed Aquifer

Recharge (MAR), designed to augment and restore groundwater by capturing and infiltrating ex-

cess surface water (Levintal et al., 2023; Marwaha et al., 2021; Ulibarri et al., 2021; Wendt et al.,

2021). These projects can be strategically implemented nearby to communities to counterbalance

localized groundwater drawdown.

Our findings indicate that the implementation of cropland repurposing, particularly of

perennial crops, holds the potential to decrease the vulnerability of domestic wells. This finding

aligns with the conclusions drawn by Fernandez-Bou et al. (2023), who studied the benefits of

creating land use buffers around communities mostly by repurposing agricultural land. While the

retirement of perennial crops from production may result in near term revenue losses for farming

and reduced agricultural employment income for communities, previous research findings indicate

that mitigation costs of dry wells might be higher with more drastic cost burdens for low-income

communities (Bostic, 2021; Feinstein et al., 2017). Additionally, maintaining state programs to

mitigate well failure, such as delivering water tanker trucks is economically costly and unsus-

tainable (Feinstein et al., 2017; Méndez-Barrientos et al., 2022). For example the DWR’s small

community drought relief program had a budget of $190 million available in 2021, and $95 million

to continue the program in 2022 in addition to $20 million allocated to the water storage tank and

hauling program.

State initiatives have been created to facilitate cropland transition and alleviate its eco-

nomic impacts. For example, the state’s Department of Conservation created the Multibenefit Land

Repurposing Program (MLRP), where the state has awarded multistake holder partnerships to fund

planning and implementation of multibenefit cropland repurposing projects. Another example is

the LandFlex program implemented by DWR in partnership with GSAs, that provides financial

incentives to farmers that fallow land for each acre-foot (1,233 m3) of water saved (up to $350/

acre-foot), as well as incentives for each permanently eliminated acre-foot of annual pumping

($1,000/ acre-foot) and incentives to perform climate resilient agricultural practices such as as re-

moving permanent crops (up to $2,800/acre). Additionally, strategic cropland repurposing should

consider the overall cost-effectiveness, which in some cases the expenses associated with retiring
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cropland may outweigh the mitigation costs of domestic well failure. This highlights the impor-

tance of exploring alternative approaches, such as cost-sharing mechanisms (Stone et al., 2022) or

financing options for the replacement of domestic wells.

Based on our findings, it is evident that a higher density of wells increases the vulnera-

bility of domestic wells. GSAs should exercise control over the approval of new agricultural well

drilling, taking into account the density of wells. Furthermore, comprehensive monitoring of pump-

ing activities and groundwater levels should be conducted in regions characterized by a significant

density of agricultural wells. The state passed a bill in 2022 (Assembly Bill 2201), which mandates

that the approval of new agricultural well permits be subject to the oversight of GSAs. Notably, the

potential impact of the new well’s pumping on nearby domestic wells must be carefully considered

before granting approval. Prior to the enactment of this bill, the approval process for agricultural

wells solely rested with county authorities, often limited to paperwork requirements, without due

consideration of the potential consequences associated with the long term water supply reliability

of the authorized wells.

Lastly, consolidation of the water systems of unincorporated disadvantaged communities

to nearby urban centralized water supply systems can guarantee water security. This has occurred

with several communities already, such as East Portverville in the Tule subbasin where hundreds

of houses experienced well failures between 2012 and 2016. While this solution may not be feasi-

ble for all the communities due to the large financial investment requirements (Klasic et al., 2022;

Méndez-Barrientos et al., 2022) and wide separation to a public water supply system, environmen-

tal justice organizations are advocating in favor of it because of its multiple advantages. However,

complexities associated with social dynamics post-consolidation need to be taken into account with

community participation to have a successful implementation (Egge and Ajibade, 2023).

4.6 Limitations

Our study has limitations attributed to the characteristics of the utilized data sets, and

we acknowledge the presence of inherent uncertainties. Many of these uncertainties pertain to

publicly available data on groundwater levels, completed wells, and dry wells, which have been

previously discussed (Jasechko et al., 2020; Pauloo et al., 2020; Gailey et al., 2019). We outline
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the most significant limitations of the study. 1) DWR’s voluntary reporting system of domestic

well failures and well completion reports may underrepresent the total number of dry wells and

number of wells that exists. The location of the wells is uncertain and often times the centroid of

the nearest PLSS section is used. Additionally, the characteristics of the wells (e.g., well depth

and screen location) may lack of accuracy. 2) There are temporal and spatial variations in the

monitoring well data, which lead to inconsistencies in reporting groundwater levels. Since 2014

the number of monitoring wells has increased, however many of the monitoring wells do not report

consistent measurements over the time of the study. 3) Given the inconsistencies in the monitoring

wells data, the interpolated groundwater levels and wells classifications may have inaccuracies. 4)

The land use information obtained from USDA’s CropScape, relies on remote sensing which have

classification errors (Espinoza, Booth, et al., 2023). However, in our study we are only interested

in proportions for larger crop categories which reduces the uncertainty.

4.7 Conclusion

In this study, we conducted a comprehensive spatial analysis of domestic well failure in

the Central Valley, California, focusing on the subbasins of Tule, Kaweah, Kings, and Madera.

The region, known for its high levels of groundwater overdraft and susceptibility to droughts, has

experienced a significant number of domestic well failures in recent years. We employ a repro-

ducible modeling framework that integrates key components of the food-water-human system to

understand domestic wells vulnerability. Notably, we identified the proximity between well depths

and groundwater levels, the density of domestic and agricultural wells, and the extent of perennial

crop areas as the most influential factors. These results highlight the importance of consider-

ing groundwater levels, well drilling, pumping and land management in sustainable groundwater

management practices, particularly in areas where numerous individuals depend on unprotected

self-supply groundwater sources. We discuss the implications of our findings within the context of

current sustainable groundwater management implementation. We addressed some of the existing

state-funded initiatives that can be employed, along with their limitations. Our study has broader

applicability and can inform decision-making processes in other regions facing similar challenges

in California, western USA or other semiarid areas where domestic wells are vulnerable to ground-
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water depletion.

4.8 Limitations

Our study has several limitations that arise from the characteristics of the utilized data

sets, and we acknowledge the presence of inherent uncertainties. Many of these uncertainties are

related to publicly available data on groundwater levels, completed wells, and dry wells, which

have been previously discussed Gailey et al., 2019; Jasechko and Perrone, 2020; Pauloo et al.,

2020. We outline the most significant limitations of our study, which can be addressed in future

research:

• The voluntary reporting system of domestic well failures and well completion reports by the

DWR may lead to an underrepresentation of the total number of dry wells and the number

of existing wells. Additionally, the uncertainty in the location of these wells often results in

using the centroid of the nearest PLSS section, and the accuracy of well characteristics, such

as well depth and screen location, may be lacking.

• The monitoring well data exhibit temporal and spatial variations, leading to inconsistencies

in reporting groundwater levels. Although the number of monitoring wells has increased

since 2014, many of them do not consistently provide measurements over the study period.

Moreover, the spatial interpolation method using kyrgging may have limitations, necessitat-

ing exploration of other spatial interpolation techniques.

• The land-use information obtained from USDA’s CropScape relies on remote sensing, which

may introduce classification errors Espinoza, Booth, et al., 2023. However, our study focuses

on proportions by large crop categories, which helps to reduce uncertainty.

• We used poverty as a socioeconomic index, but there are other important factors, such as

race, that should be considered to better characterize communities and inform policy imple-

mentation to achieve environmental justice.

• The model was designed for dry periods, which may limit its ability to capture the effects

of increased surface water supplies on domestic well vulnerability. Additionally, since the
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model aggregates domestic wells and the majority of the domestic and reported dry wells are

in more urbanized areas, isolated wells in rural areas may be misrepresented, reducing the

reliability of the results for predicting domestic well failure.
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Chapter 5

Conclusions

To develop an accurate analysis and informed policy suggestions of groundwater sus-

tainability in the San Joaquin Valley, it is necessary to consider the characteristics of the coupled

food-water system. This dissertation employed deductive and inductive approaches to explore

the associations, feedbacks, adaptations, and trade-offs between agriculture and groundwater. In

Chapters 2 and 3, we developed coupled hydro-economic models for two different regions, exam-

ining the feedback between agricultural groundwater pumping and changes in groundwater depth.

Uncertainties related to water supplies, economic parameters, and calibration parameters were ad-

dressed within the modeling framework. In Chapter 2, we assessed the performance of the system

under various scenarios to identify vulnerabilities and key factors that should be considered in im-

plementing a potential groundwater pumping restriction. Global sensitivity analysis was used to

identify factors that significantly influence the policy’s performance and found that its is impacted

mainly by surface water supply availability and perennial crop prices.

In Chapter 3, we proposed a modeling framework to search adaptive and dynamic irriga-

tion management policies that can be adjusted annually based on conditions of the system such as

surface water supply, groundwater levels, and the area of perennial crops. To achieve this, a novel

bi-level optimization approach was implemented, additionally the Evolutionary Multi-Objective

Direct Policy Search (EMODPS) framework was used to optimize candidate control policies. The

system performance was explored under optimal policies and a robust policy considering potential

126



127

preferences. The results from the experiment were used to derive policy insights for achieving

groundwater sustainability within the study area, with implications that extend to the entire San

Joaquin Valley. In general these policies demonstrated the ability to adapt between dry and wet

periods, balancing economic revenues and sustainable groundwater levels trade-offs.

Finally, Chapter 4 focused on identifying the primary factors contributing to domestic

well vulnerability. Through spatial analysis, localized factors within the food-water-human system,

that significantly impact groundwater dynamics and increase the risk of domestic well failures

during droughts, were identified. The findings from this analysis provide insight into understanding

the system during the two previous dry periods (2012-2016 and 2020-2022), characterized by a

significant number of domestic well failures. These wells provide water to support marginalized

communities, whose vulnerability to agricultural pumping externalities has been overlooked in

the development of groundwater sustainability plans in the San Joaquin Valley. Localized factors

shown in this Chapter should be considered for the protection of domestic wells, including well

density, the extent of perennial crop cultivation, and well depths. In addition, the implications of

these findings within the current policy context were discussed.

5.1 Main findings

The main findings of this dissertation are listed bellow, which unveil critical insights into

the complex interplay between socioeconomic factors and groundwater sustainability.

• The utilization of coupled hydro-economic models demonstrated their potential in effec-

tively capturing the feedback loop between agriculture and groundwater, enabling dynamic

modeling of groundwater depth fluctuations and changes in pumping costs.

• The proposed hydro-economic modeling framework offers an efficient mean to address in-

herent uncertainties within the food-water system, facilitating policy search and assessment

processes.

• The application of EMODPS showcased its efficacy in formulating adaptive and dynamic

policies to ensure sustainable groundwater use, while balancing trade-offs between revenues

and agricultural sustainability.
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• Surface water availability and perennial crop prices were identified as the primary factors

influencing the trade-offs between agricultural economic revenues and groundwater sustain-

ability.

• To promote groundwater sustainability, policies need to exhibit adaptive behavior, accom-

modating wet and dry years by implementing measures such as pumping restrictions or fees

to reduce overall pumping and maximize groundwater recovery during wet periods.

• Groundwater Sustainability Plans have established minimum thresholds considering factors

as depths of agricultural wells. However, these threshold may fall short or be unrealistic as

a feasible operational threshold considering the share of permanent crops and future water

supplies.

• Reducing the extent of perennial cropland is essential to enhance the flexibility of ground-

water sustainability agencies, enabling them to less costly curtail pumping during dry years

while maintaining groundwater reserves at a sustainable yield. Additionally, the cultivation

of some annual crops can serve as a flexible strategy to augment economic revenues during

times of higher water availability and reduce water demand during droughts.

• During droughts, domestic wells are most vulnerable to fail when 1) their depths are close

to the groundwater level, 2) are located in high domestic well density areas, and 3) could be

affected by nearby agricultural wells’ pumping.

• In order to protect domestic wells, policies should focus on managing land and pumping

practices in their vicinity by mitigating the impact of agricultural pumping through land

repurposing and groundwater pumping restrictions, that counteract drawdown resulting from

increased pumping rates during dry periods.

• Localized strategic groundwater recharge and reduction of cropland area can reduce the sus-

ceptibility of domestic wells to failure, further emphasizing the need for comprehensive char-

acterization of domestic wells depths and their vulnerabilities in groundwater sustainability

planning. Additionally, local understanding of the crop production context (e.g., scale, com-

modity and ownership) is needed to develop the best cost-benefit strategies.
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• To develop domestic well protection efforts that reduce disparities and ensure equitable assis-

tance, it is essential to take into account socioeconomic factors, including race and income.

By considering these factors, strategies can be more effective and inclusive strategies that

address the specific needs and challenges faced by diverse communities, promoting environ-

mental justice.

5.2 Future Work

This dissertation demonstrated novel modeling frameworks to study the coupled food-

water system, which can be applied to other areas in California or places with groundwater de-

pletion in the world. These used optimization frameworks showed advantages to model the feed-

back in the food-water system, such as easy application without relying on complex models to

simulate groundwater depth - pumping dynamics. Additionally, was shown that characterizing

the uncertainty in the system and policy planning can be done through Sensitivity Analysis and

dynamic-adaptive formulations via EMODPS. Discovery of policies can be further extended with

other strategies like groundwater management recharge and water markets, that can provide more

flexibility in land and water management. In addition the multi-objective formulation could be

extended to consider other objectives like ecosystem services or groundwater access to communi-

ties. Although the EMODPS framework demonstrated to be highly effective, its implementation

requires substantial computational resources, such as cluster computing, which may not be readily

available to many practitioners worldwide. Future work should explore how the strategies studied

in this dissertation can be implemented, given the diversity of farms in the San Joaquin Valley, and

while not negatively impacting small farmers, and benefiting other sectors such as domestic wells

and ecosystems.

Further work should identify projects that can help building groundwater access re-

siliency for domestic wells. The findings presented in this dissertation underscore key factors that

must be considered for effective domestic well protection. However, the successful implementation

of land and water management strategies relies heavily on localized contexts (e.g., land ownership,

water rights, and surface water contracts), necessitating further research to assess the feasibility of

implementing proposed strategies. Additionally, exploring alternative strategies to balance overall
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costs and benefits, while offsetting economic losses to agriculture need to be considered.



Appendix A

Supplementary Material for Chapter 2

A1 PMP calibration

The first step of the calibration process solves a linear optimization problem (equations

A1 to A4), which maximizes a linear net profit objective function (equation A1) on land use for

crop group i. Crop groups represent single crops or group of crops for which cost, prices and

yield are selected based on a proxy crop within each group subindex, in our case the set i includes

almonds and pistachios, alfalfa, cotton, cucurbits, other deciduous, other truck, grain, other field,

fresh tomatoes, processing tomatoes, onions and garlic, sugar beets, dry beans, pasture, subtropical,

vine, potatoes, safflower and corn. The PMP follows a two-step calibration process for which a

constrained linear program is solved by restricting the model to the baseline (observed) land use in

each time window, this is referred to as the calibration constraint set. A second set is conformed

by the resources constraints, in these cases land and water. Lagrange multipliers obtained from

the first optimization step on the calibration constraint set are used to parameterize an exponential

cost function. A sub index to represent the two time windows was omitted since the mathematical

representation is the same for both calibrations.

The linear optimization problem is formulated as:

Maxxi,land

∏
=

∑
i

(pi · yi −
∑
j

ωi,j · ai,j) · xi,land (A1)
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Subject to:

∑
i

xi,land ≤ bland (A2)

∑
i

ai,water · xi,land ≤ bwater (A3)

∑
i

xi,land ≤ x̄i,land + ϵ (A4)

Where p is the average price and y the average yield by crop group i. ωi,j is the average

cost by input j = water,land,labor,other supplies. For the case of ωi,water we used a weighted price

by volume since we are aggregating groundwater and surface water. Equations A2 and A3 represent

the resources’ constraints. The variables bland and bwater represent the available land and water in

the base case respectively, and αi,water represents the use of water (acre-feet/acre) by crop group

i. Lastly, equation S4 represents the calibration constraint, where x̄land,t is the base historical land

use. The linear program solves xland,i for and the Lagrange multipliers of the constraints λland and

λwater for the land and water availability constraints respectively, and λ̄land,i for the crop specific

calibration constraint (equation A4) which is used later in the calibration of the exponential cost

function described below.

A2 Pumping cost

The unit (1 acre-foot) pumping cost of groundwater (ω̂GW ) is given by the equation A5,

where ωpump is the capital cost of the well pump equals to $ 200,000, Aservice is the assumed

pumping service area equals to 200 acres, x̃water is the average irrigation demand per unit area

equals to 4 acre-feet/acre, i is the discount rate equals to 0.05, n is the pump lifetime (20 years), ζ is

the operation and maintenance costs for the pump equals to $0.082/(AFm),ωelectricity is the price

of electricity ($/kWh) used in the sensitivity analysis, ηpump is the average pump efficiency equals

to 0.7, h is the depth to groundwater in the water district (in feet), Q is the assumed pumping rate

equals to 0.126 m3/s, C is the Hazen-Williams coefficient equals to 120, and d is the pipe diameter
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equals to 0.40 m. Pipe material is assumed to be cast-iron or steel (C = 120). The characteristic

well is assumed to be a large production irrigation well (Q = 0.126 m3/s, d = 0.4064 m).

ω̂GW =

(
ωpump

Aservicex̃water

i(1 + i)n

(1 + i)n − 1

)
+(

ζ +
3.354ωelectricity

ηpump

)(
h

3.28

(
1 + 10.64

hQ1.852

3.28C1.852d4.8704

)) (A5)
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A3 Water Districts Calibrated in the ANN

District Name
SEMITROPIC WSD
WEST KERN WD
WHEELER RIDGE-MARICOPA WSD
KERN DELTA WD
ARVIN-EDISON WSD
BELRIDGE WSD
LOST HILLS WD
NORTH KERN WSD
IMPROVEMENT DISTRICT NO. 4
SOUTHERN SAN JOAQUIN MUD
BERRENDA MESA WD
BUENA VISTA WSD
CAWELO WD
ROSEDALE-RIO BRAVO WSD
SHAFTER WASCO ID
HENRY MILLER WD
DELANO - EARLIMART ID
KERN - TULARE WATER DISTRICT
LOWER TULE RIVER ID
TULARE IRRIGATION DISTRICT
LINDMORE ID
SAUCELITO ID
PORTERVILE ID
LINDSAY-STRATHMORE ID
EXETER ID
TERRA BELLA ID

Table A1: List of irrigation and water districts used in the calibration of the Artificial Neural

Network groundwater depth response.

A4 Performance ANN

Figure A1 shows the Wheeler Ridge-Maricopa’s APD obtained from C2VSIM-FG and

the regional ANN. The adjusted R-square for training and testing were 0.95 and 0.67, respectively,
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whereas the Root Mean Square Error (RMSE) for training and testing were 4.73 and 8.18 ft, re-

spectively. For the regional ANN, 80% of the records were randomly selected and used for its

training and the 20% rest for its validation.

Figure A1: Average Potentiometric Depth for Wheeler Ridge-Maricopa first two layers from 1998

to 2015 comparing C2VSIM-FG output with the simulated ANN output

A5 Baseline Values

Name of input Units Base value Name of input Units Base value
Price
Vine

USD/Tonne 1746.48
Supply elasticity
Vine

Unitless 0.13

Price
Subtropical

USD/Tonne 687.21
Supply elasticity
Subtropical

Unitless 0.13

Price
Almonds and Pistachios

USD/Tonne 4022.1
Supply elasticity
Almonds and Pistachios

Unitless 1

Price
Other truck

USD/Tonne 659.14
Supply elasticity
Other truck

Unitless 0.41

Price
Cotton

USD/Tonne 5984.24
Supply elasticity
Cotton

Unitless 0.68



136

Price
Grain

USD/Tonne 586.83
Supply elasticity
Grain

Unitless 0.74

Price
Onions and Garlic

USD/Tonne 210.09
Supply elasticity
Onions and Garlic

Unitless 0.41

Price
Other Deciduous

USD/Tonne 2347.27
Supply elasticity
Other Deciduous

Unitless 0.13

Price
Potato

USD/Tonne 269.19
Supply elasticity
Potato

Unitless 0.41

Price
Processing Tomatoes

USD/Tonne 78.31
Supply elasticity
Processing Tomatoes

Unitless 0.74

Price
Cucurbits

USD/Tonne 295.12
Supply elasticity
Cucurbits

Unitless 0.05

Price
Alfalfa

USD/Tonne 254.32
Supply elasticity
Alfalfa

Unitless 1.86

Price
Fresh Tomatoes

USD/Tonne 640.76
Supply elasticity
Safflower

Unitless 0.13

Price
Safflower

USD/Tonne 1746.48
Supply elasticity
Fresh Tomatoes

Unitless 1.06

Price
Corn

USD/Tonne 60.77
Supply elasticity
Corn

Unitless 0.74

Price
Other Field

USD/Tonne 52.28
Supply elasticity
Other Field

Unitless 1.3

Yield
Vine

Tonne/acre 9.71 Price of surface water USD/Tonne 112.2

Yield
Subtropical

Tonne/acre 12.37 Price of electricity USD/kWh 0.17

Yield
Almonds and Pistachios

Tonne/acre 1.43

Pice
Other truck

Tonne/acre 16.88

Yield
Cotton

Tonne/acre 0.74

Yield
Grain

Tonne/acre 1.72

Yield
Onions and Garlic

Tonne/acre 19.02

Yield
Other Deciduous

Tonne/acre 2.49
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Yield
Potato

Tonne/acre 22.08

Yield
Processing Tomatoes

Tonne/acre 50.23

Yield
Cucurbits

Tonne/acre 42.39

Yield
Alfalfa

Tonne/acre 8.18

Yield
Fresh Tomatoes

Tonne/acre 15.03

Yield
Corn

Tonne/acre 26.22

Yield
Other Field

Tonne/acre 21.26

Yield
Safflower

Tonne/acre 9.71

Table A2: Base values used for the calibration of PMP and the ANN year 2011

Name of input Units Base value Name of input Units Base value
Price
Vine

USD/Tonne 2048
Supply elasticity
Vine

Unitless 0.13

Price
Subtropical

USD/Tonne 775.35
Supply elasticity
Subtropical

Unitless 0.13

Price
Almonds and Pistachios

USD/Tonne 7461.46
Supply elasticity
Almonds and Pistachios

Unitless 1

Price
Other truck

USD/Tonne 450
Supply elasticity
Other truck

Unitless 0.41

Price
Processing Tomatoes

USD/Tonne 79.96
Supply elasticity
Processing Tomatoes

Unitless 0.74

Price
Onions and Garlic

USD/Tonne 302.03
Supply elasticity
Onions and Garlic

Unitless 0.41

Price
Alfalfa

USD/Tonne 292.36
Supply elasticity
Alfalfa

Unitless 1.86

Price
Potato

USD/Tonne 221.45
Supply elasticity
Potato

Unitless 0.41

Price
Other Deciduous

USD/Tonne 1100
Supply elasticity
Other Deciduous

Unitless 0.13
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Price
Cotton

USD/Tonne 6411.86
Supply elasticity
Cotton

Unitless 0.68

Price
Grain

USD/Tonne 454.15
Supply elasticity
Grain

Unitless 0.74

Price
Fresh Tomatoes

USD/Tonne 751.57
Supply elasticity
Fresh Tomatoes

Unitless 1.06

Price
Cucurbits

USD/Tonne 315.37
Supply elasticity
Cucurbits

Unitless 0.05

Price
Other Field

USD/Tonne 66.89
Supply elasticity
Other Field

Unitless 1.3

Price
Corn

USD/Tonne 57.11
Supply elasticity
Corn

Unitless 0.74

Yield
Vine

Tonne/acre 11.57 Price of surface water USD/Tonne 153.25

Yield
Subtropical

Tonne/acre 12.61 Price of electricity USD/kWh 0.17

Yield
Almonds and Pistachios

Tonne/acre 0.65

Yield
Other truck

Tonne/acre 19.56

Yield
Processing Tomatoes

Tonne/acre 45.72

Yield
Onions and Garlic

Tonne/acre 22.81

Yield
Alfalfa

Tonne/acre 7.16

Yield
Potato

Tonne/acre 27.74

Yield
Other Deciduous

Tonne/acre 7.51

Yield
Cotton

Tonne/acre 0.81

Yield
Grain

Tonne/acre 2.34

Yield
Fresh Tomatoes

Tonne/acre 15.92

Yield
Cucurbits

Tonne/acre 39.18
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Yield
Other Field

Tonne/acre 17.1

Yield
Corn

Tonne/acre 28.38

Table A3: Base values used for the calibration of PMP and the ANN year 2015

A6 Boundaries for Supply elasticites

Crop Group Lower Bound Upper bound
Alfalfa 0.44 1.86
Almonds and Pistachios 0.2 1
Corn 0.1 0.74
Cotton 0.55 0.68
Cucurbits 0.05 0.08
Fresh Tomatoes 0.27 1.06
Grain 0.35 0.74
Onions and Garlic 0.2 0.6
Other deciduous 0.02 0.13
Other truck 0.2 0.6
Potatoes 0.2 0.6
Processing Tomatoes 0.4 0.74
Safflower 0.2 0.6
Subtropicals 0.026 0.156
Vine 0.003 0.37
Other Field 0.35 1.3

Table A4: Supply elasticities boundaries
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A7 Base line data

Figure A2: Historical cropland use (KCDAMS) and water use Zeff et al., 2021 for Wheeler Ridge-

Maricopa, from 1998 to 2015.

The historical water use shows an increasing demand for water, of which the proportion supplied

from groundwater pumping has increased in the last years. During dry periods, groundwater offsets the lack

of surface water to meet the demand, as observed in the 2012-2015 drought. On the other hand, the land

devoted to perennial crops such as vine, subtropical and almonds and pistachios has increased in the last

years. This land configuration has several implications on the adaptation of farmers to water and economic

shocks, since these crops have high establishment costs, any shock to the production system represents a risk

to the investment and capability to irrigate tree crops. Transitions to perennial crops represent a “hardening”

of water demand as they cannot be readily deficit irrigated or fallowed without long-term consequences.

Other representative crops for the years of analysis include other truck crops, processing tomatoes and

onions and garlic.

For this study, we focus on two baselines under different water supply conditions. The year 2011

was chosen to represent a wet year conditions and 2015 a dry year. For the wet year, the surface water
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73.9% of irrigation demand, while for the critical dry year, surface water supplied 31.5%. The total land

use was 99,200 acres and 107,500 acres during the year 2011 and 2015, respectively. The approximate total

net revenue for these years, calculated as price times yield minus water costs, land cost and cost of labor

and other supplies given the historical cropland use was 248 million USD in 2011 and 459 million USD in

2015. The large difference of total net revenue between the two years is result of a higher price of almonds

in 2015. The use of two calibrations with extreme types of water year gives us the ability to compare how

the sensitivities of the system vary in different water conditions and inform the best strategies to improve the

forecast and quality of the coupled model.

A8 Comparison Sensitivity Indices

The next tables show the first order Delta Moment-Independent and Sobol Indices and signifi-

cance levels for the three output metrics and two water conditions. Notice that there are negative values in

Sobol indixes these are direct outputs form SALib when an index already converged to zero this might get

negative values, hence these can be considered zero.

Input Variable Delta Sobol

S1 S1_conf S1 S1_conf

Alfalfa Price 0.0007 0.0001 0.0004 0.0017

Almonds and Pistachios Price 0.0189 0.0005 0.0207 0.0130

Corn Price 0.0005 0.0001 0.0002 0.0007

Cotton Price 0.0025 0.0001 -0.0008 0.0045

Cucurbits Price 0.0028 0.0002 -0.0012 0.0019

Fresh Tomatoes Price 0.0005 0.0001 0.0004 0.0006

Grain Price 0.0003 0.0001 0.0006 0.0010

Onions and Garlic Price 0.0005 0.0001 0.0000 0.0011

Other Deciduous Price 0.0005 0.0001 0.0003 0.0008

Other Truck Price 0.0014 0.0001 0.0005 0.0020

Potatoes Price 0.0006 0.0001 -0.0005 0.0007

Processing Tomatoes Price 0.0007 0.0001 0.0000 0.0011

Safflower Price 0.0006 0.0001 0.0003 0.0006

Subtropical Price 0.0016 0.0001 0.0021 0.0031

Vine Price 0.0027 0.0001 0.0029 0.0044
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Other Field Price 0.0002 0.0000 0.0002 0.0005

Alfalfa Yield 0.0011 0.0001 0.0008 0.0016

Almonds and Pistachios Yield 0.0062 0.0002 0.0071 0.0073

Corn Yield 0.0005 0.0001 0.0002 0.0007

Cotton Yield 0.0080 0.0003 0.0071 0.0063

Cucurbits Yield 0.0013 0.0001 0.0002 0.0016

Fresh Tomatoes Yield 0.0003 0.0001 -0.0001 0.0006

Grain Yield 0.0006 0.0001 -0.0002 0.0009

Onions and Garlic Yield 0.0010 0.0001 0.0006 0.0018

Other Deciduous Yield 0.0003 0.0001 0.0004 0.0010

Other Truck Yield 0.0004 0.0001 0.0004 0.0013

Potatoes Yield 0.0004 0.0001 0.0001 0.0008

Processing Tomatoes Yield 0.0003 0.0001 0.0000 0.0008

Safflower Yield 0.0004 0.0001 0.0001 0.0005

Subtropical Yield 0.0038 0.0002 0.0038 0.0044

Vine Yield 0.0009 0.0001 0.0011 0.0023

Other Field Yield 0.0006 0.0001 0.0000 0.0005

Surface Water Price 0.0075 0.0002 0.0043 0.0083

Supply Elasticity Alfalfa 0.0003 0.0001 0.0000 0.0009

Supply Elasticity Almonds and Pistachios 0.0041 0.0002 0.0036 0.0064

Supply Elasticity Corn 0.0003 0.0001 0.0003 0.0007

Supply Elasticity Cotton 0.0003 0.0001 -0.0002 0.0007

Supply Elasticity Cucurbits 0.0003 0.0001 0.0003 0.0007

Supply Elasticity Fresh Tomatoes 0.0004 0.0001 -0.0003 0.0006

Supply Elasticity Grain 0.0004 0.0001 0.0000 0.0006

Supply Elasticity Onions and Garlic 0.0004 0.0001 -0.0002 0.0009

Supply Elasticity Other Deciduous 0.0017 0.0002 -0.0001 0.0006

Supply Elasticity Other Truck 0.0003 0.0001 -0.0003 0.0008

Supply Elasticity Potatoes 0.0011 0.0001 0.0003 0.0008

Supply Elasticity Processing Tomatoes 0.0005 0.0001 -0.0001 0.0008

Supply Elasticity Safflower 0.0005 0.0001 0.0001 0.0007

Supply Elasticity Subtropical 0.0007 0.0001 0.0008 0.0020
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Supply Elasticity Vine 0.0017 0.0001 0.0014 0.0025

Supply Elasticity Other Field 0.0006 0.0001 -0.0005 0.0005

Groundwater Restriction 0.6019 0.0019 0.6138 0.0252

Electricity Price 0.0023 0.0002 0.0017 0.0044

Table A5: First Order Delta Moment-Independent and Sobol Indices for Ground Water Depth

Change-Wet Year

Input Variable
Delta Sobol

S1 S1_conf S1 S1_conf

Groundwater Restriction 0.5952 0.0013 0.6010 0.0139

Electricity Price 0.0012 0.0001 0.0012 0.0022

Surface Water Price 0.0002 0.0000 -0.0019 0.0027

Alfalfa Price 0.0004 0.0001 -0.0026 0.0019

Almonds and Pistachios Price 0.0146 0.0004 0.0133 0.0069

Corn Price 0.0005 0.0001 -0.0008 0.0021

Cotton Price 0.0082 0.0003 0.0094 0.0043

Cucurbits Price 0.0037 0.0002 0.0025 0.0041

Fresh Tomatoes Price 0.0006 0.0001 0.0009 0.0020

Grain Price 0.0083 0.0002 0.0103 0.0027

Onions and Garlic Price 0.0019 0.0001 0.0011 0.0021

Other Deciduous Price 0.0003 0.0001 0.0008 0.0018

Other Field Price 0.0003 0.0001 -0.0007 0.0019

Other Truck Price 0.0730 0.0006 0.0724 0.0068

Potatoes Price 0.0027 0.0001 0.0006 0.0021

Processing Tomatoes Price 0.0047 0.0002 0.0025 0.0029

Safflower Price 0.0004 0.0001 -0.0004 0.0018

Subtropical Price 0.0009 0.0001 0.0001 0.0032

Vine Price 0.0076 0.0002 0.0066 0.0041

Supply Elasticity Alfalfa 0.0002 0.0000 -0.0015 0.0021

Supply Elasticity Almonds and Pistachios 0.0030 0.0002 0.0060 0.0039

Supply Elasticity Corn 0.0003 0.0001 -0.0001 0.0021
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Supply Elasticity Cotton 0.0003 0.0001 0.0018 0.0021

Supply Elasticity Cucurbits 0.0002 0.0000 -0.0021 0.0018

Supply Elasticity Fresh Tomatoes 0.0003 0.0001 -0.0010 0.0020

Supply Elasticity Grain 0.0010 0.0001 0.0009 0.0019

Supply Elasticity Onions and Garlic 0.0011 0.0001 0.0001 0.0022

Supply Elasticity Other Deciduous 0.0015 0.0001 0.0000 0.0019

Supply Elasticity Other Field 0.0005 0.0001 -0.0014 0.0023

Supply Elasticity Other Truck 0.0009 0.0001 -0.0008 0.0027

Supply Elasticity Potatoes 0.0009 0.0001 0.0011 0.0024

Supply Elasticity Processing Tomatoes 0.0004 0.0001 -0.0004 0.0022

Supply Elasticity Safflower 0.0005 0.0001 -0.0007 0.0018

Supply Elasticity Subtropical 0.0008 0.0001 -0.0006 0.0028

Supply Elasticity Vine 0.0025 0.0002 0.0034 0.0036

Alfalfa Yield 0.0007 0.0001 -0.0009 0.0017

Almonds and Pistachios Yield 0.0036 0.0002 0.0073 0.0046

Corn Yield 0.0005 0.0001 -0.0004 0.0018

Cotton Yield 0.0242 0.0004 0.0257 0.0050

Cucurbits Yield 0.0009 0.0001 0.0029 0.0040

Fresh Tomatoes Yield 0.0003 0.0001 -0.0013 0.0023

Grain Yield 0.0080 0.0002 0.0072 0.0028

Onions and Garlic Yield 0.0054 0.0002 0.0046 0.0026

Other Deciduous Yield 0.0003 0.0001 0.0012 0.0021

Other Field Yield 0.0003 0.0000 0.0000 0.0019

Other Truck Yield 0.0173 0.0003 0.0173 0.0035

Potatoes Yield 0.0008 0.0001 0.0015 0.0024

Processing Tomatoes Yield 0.0014 0.0001 0.0000 0.0021

Safflower Yield 0.0002 0.0001 0.0001 0.0016

Subtropical Yield 0.0057 0.0002 0.0063 0.0038

Vine Yield 0.0022 0.0001 0.0023 0.0021

Table A6: First Order Delta Moment-Independent and Sobol Indices for Total Land Use -Wet Year
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Input Variable
Delta Sobol

S1 S1_conf S1 S1_conf

Groundwater Restriction 0.0034 0.0002 0.0031 0.0014

Electricity Price 0.0004 0.0001 -0.0002 0.0010

Surface Water Price 0.0013 0.0001 0.0007 0.0013

Alfalfa Price 0.0001 0.0000 0.0000 0.0008

Almonds and Pistachios Price 0.0169 0.0004 0.0157 0.0026

Corn Price 0.0002 0.0001 -0.0005 0.0008

Cotton Price 0.0006 0.0001 -0.0004 0.0009

Cucurbits Price 0.0037 0.0002 0.0032 0.0018

Fresh Tomatoes Price 0.0001 0.0000 -0.0007 0.0010

Grain Price 0.0001 0.0000 -0.0003 0.0007

Onions and Garlic Price 0.0003 0.0001 -0.0002 0.0007

Other Deciduous Price 0.0005 0.0001 0.0000 0.0009

Other Deciduous Price 0.0002 0.0000 -0.0009 0.0008

Other Truck Price 0.1061 0.0008 0.1055 0.0065

Potatoes Price 0.0017 0.0001 0.0008 0.0014

Processing Tomatoes Price 0.0004 0.0001 -0.0012 0.0009

Safflower Price 0.0001 0.0000 -0.0008 0.0007

Subtropical Price 0.0306 0.0005 0.0312 0.0039

Vine Price 0.5970 0.0007 0.5962 0.0149

Other Field Price 0.0003 0.0001 -0.0006 0.0010

Other Field Price 0.0003 0.0001 -0.0005 0.0010

Other Field Price 0.0002 0.0001 -0.0003 0.0009

Other Field Price 0.0002 0.0001 0.0000 0.0008

Other Field Price 0.0003 0.0001 -0.0004 0.0008

Other Field Price 0.0003 0.0001 0.0000 0.0010

Other Field Price 0.0005 0.0001 -0.0007 0.0008

Other Field Price 0.0005 0.0001 -0.0001 0.0008

Other Field Price 0.0002 0.0001 0.0001 0.0008

Other Field Price 0.0001 0.0000 -0.0010 0.0008

Other Field Price 0.0016 0.0001 -0.0003 0.0011
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Other Field Price 0.0003 0.0001 -0.0012 0.0009

Other Field Price 0.0001 0.0000 -0.0003 0.0010

Other Field Price 0.0001 0.0000 -0.0007 0.0007

Other Field Price 0.0002 0.0000 -0.0012 0.0009

Other Field Price 0.0002 0.0001 -0.0013 0.0011

Alfalfa Yield 0.0001 0.0000 -0.0006 0.0009

Almonds and Pistachios Yield 0.0045 0.0002 0.0043 0.0017

Corn Yield 0.0001 0.0000 -0.0007 0.0009

Cotton Yield 0.0004 0.0001 -0.0003 0.0009

Cucurbits Yield 0.0011 0.0001 0.0013 0.0018

Fresh Tomatoes Yield 0.0001 0.0000 -0.0005 0.0009

Grain Yield 0.0004 0.0002 -0.0010 0.0011

Onions and Garlic Yield 0.0003 0.0001 -0.0003 0.0007

Other Deciduous Yield 0.0012 0.0001 -0.0008 0.0011

Other Deciduous Yield 0.0001 0.0000 -0.0007 0.0009

Other Truck Yield 0.0266 0.0004 0.0262 0.0037

Potatoes Yield 0.0004 0.0001 -0.0008 0.0011

Processing Tomatoes Yield 0.0002 0.0000 -0.0006 0.0010

Safflower Yield 0.0001 0.0000 -0.0009 0.0010

Subtropical Yield 0.0320 0.0005 0.0313 0.0043

Vine Yield 0.1503 0.0009 0.1485 0.0072

Table A7: First Order Delta Moment-Independent and Sobol Indices for Total Net Revenue-Wet

Year

Input Variable
Delta Sobol

S1 S1_conf S1 S1_conf

Grain Price 0.0001 0.0003 0.0001 0.0004

Alfalfa Price -0.0007 0.0008 -0.0008 0.0009

Almonds and Pistachios Price -0.0010 0.0023 -0.0008 0.0028

Corn Price -0.0001 0.0002 -0.0001 0.0003

Cotton Price -0.0004 0.0007 -0.0004 0.0009
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Cucurbits Price -0.0002 0.0005 -0.0004 0.0008

Fresh Tomatoes Price -0.0001 0.0006 -0.0002 0.0011

Onions and Garlic Price -0.0007 0.0006 -0.0010 0.0009

Other Deciduous Price -0.0001 0.0006 -0.0002 0.0008

Other Deciduous Price 0.0000 0.0000 0.0000 0.0000

Other Truck Price -0.0005 0.0021 0.0004 0.0035

Potatoes Price -0.0004 0.0006 -0.0006 0.0009

Processing Tomatoes Price -0.0004 0.0007 -0.0004 0.0009

Subtropical Price 0.0039 0.0074 0.0042 0.0082

Vine Price -0.0001 0.0018 -0.0001 0.0018

Grain Yield -0.0001 0.0005 -0.0002 0.0007

Alfalfa Yield -0.0003 0.0014 -0.0004 0.0014

Almonds and Pistachios Yield 0.0005 0.0038 0.0008 0.0037

Corn Yield 0.0000 0.0002 -0.0001 0.0003

Cotton Yield -0.0008 0.0010 -0.0010 0.0012

Cucurbits Yield -0.0004 0.0005 -0.0006 0.0007

Fresh Tomatoes Yield 0.0001 0.0003 0.0002 0.0005

Onions and Garlic Yield -0.0003 0.0003 -0.0005 0.0005

Other Deciduous Yield 0.0000 0.0001 0.0001 0.0003

Other Deciduous Yield 0.0002 0.0003 0.0004 0.0005

Other Truck Yield 0.0000 0.0011 0.0002 0.0027

Potatoes Yield 0.0001 0.0003 0.0002 0.0005

Processing Tomatoes Yield -0.0001 0.0004 -0.0001 0.0006

Subtropical Yield 0.0148 0.0106 0.0148 0.0110

Vine Yield -0.0001 0.0011 -0.0003 0.0012

Price Surface Water 0.0003 0.0037 0.0006 0.0038

Other Field Price -0.0001 0.0001 -0.0002 0.0002

Other Field Price -0.0004 0.0006 -0.0002 0.0009

Other Field Price -0.0016 0.0023 -0.0019 0.0022

Other Field Price -0.0001 0.0001 -0.0002 0.0002

Other Field Price -0.0001 0.0001 -0.0002 0.0003

Other Field Price -0.0003 0.0005 -0.0005 0.0007
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Other Field Price 0.0000 0.0002 -0.0002 0.0008

Other Field Price -0.0002 0.0002 -0.0003 0.0003

Other Field Price -0.0002 0.0005 -0.0004 0.0007

Other Field Price -0.0001 0.0003 -0.0002 0.0005

Other Field Price -0.0002 0.0007 -0.0005 0.0008

Other Field Price -0.0001 0.0002 -0.0001 0.0003

Other Field Price 0.0000 0.0003 0.0001 0.0005

Other Field Price 0.0003 0.0018 0.0003 0.0017

Other Field Price 0.0003 0.0008 0.0001 0.0011

Groundwater Restriction 0.7527 0.0239 0.7377 0.0230

Price Electricity 0.0000 0.0002 0.0000 0.0003

Table A8: First Order Delta Moment-Independent and Sobol Indices for Total Net Revenue-Wet

Year

Input Variable
Delta Sobol

S1 S1_conf S1 S1_conf

Grain Price 0.0001 0.0004 0.0001 0.0000

Alfalfa Price 0.0003 0.0005 0.0002 0.0001

Almonds and Pistachios Price 0.0018 0.0011 0.0012 0.0001

Corn Price 0.0002 0.0004 0.0001 0.0000

Cotton Price 0.0001 0.0008 0.0004 0.0001

Cucurbits Price 0.0005 0.0006 0.0003 0.0001

Fresh Tomatoes Price 0.0007 0.0008 0.0008 0.0001

Onions and Garlic Price 0.0006 0.0005 0.0005 0.0001

Other Deciduous Price 0.0004 0.0005 0.0003 0.0000

Other Deciduous Price 0.0000 0.0000 0.0012 0.0002

Other Truck Price 0.0476 0.0052 0.0471 0.0006

Potatoes Price 0.0005 0.0005 0.0003 0.0001

Processing Tomatoes Price 0.0017 0.0011 0.0021 0.0001

Subtropical Price 0.0013 0.0036 0.0010 0.0001

Vine Price 0.0000 0.0007 0.0005 0.0001
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Grain Yield 0.0004 0.0004 0.0002 0.0000

Alfalfa Yield 0.0005 0.0008 0.0001 0.0000

Almonds and Pistachios Yield 0.0022 0.0016 0.0022 0.0001

Corn Yield 0.0002 0.0003 0.0015 0.0001

Cotton Yield 0.0006 0.0006 0.0002 0.0000

Cucurbits Yield 0.0004 0.0005 0.0001 0.0000

Fresh Tomatoes Yield 0.0001 0.0003 0.0001 0.0001

Onions and Garlic Yield 0.0004 0.0006 0.0003 0.0001

Other Deciduous Yield -0.0004 0.0007 0.0007 0.0001

Other Deciduous Yield -0.0003 0.0005 0.0002 0.0001

Other Truck Yield 0.0091 0.0029 0.0095 0.0003

Potatoes Yield -0.0002 0.0008 0.0002 0.0000

Processing Tomatoes Yield 0.0008 0.0008 0.0014 0.0001

Subtropical Yield 0.0031 0.0028 0.0016 0.0001

Vine Yield 0.0002 0.0007 0.0001 0.0000

Price Surface Water 0.0020 0.0019 0.0003 0.0001

Other Field Price 0.0001 0.0004 0.0002 0.0001

Other Field Price -0.0002 0.0004 0.0001 0.0000

Other Field Price 0.0004 0.0012 0.0001 0.0000

Other Field Price 0.0002 0.0002 0.0001 0.0000

Other Field Price 0.0003 0.0005 0.0003 0.0000

Other Field Price 0.0005 0.0006 0.0006 0.0001

Other Field Price -0.0002 0.0005 0.0003 0.0001

Other Field Price 0.0003 0.0003 0.0001 0.0000

Other Field Price 0.0006 0.0005 0.0005 0.0001

Other Field Price 0.0004 0.0004 0.0002 0.0001

Other Field Price 0.0088 0.0020 0.0076 0.0002

Other Field Price -0.0001 0.0004 0.0001 0.0000

Other Field Price -0.0001 0.0005 0.0001 0.0000

Other Field Price 0.0003 0.0009 0.0001 0.0000

Other Field Price 0.0006 0.0011 0.0002 0.0000

Groundwater Restriction 0.8685 0.0139 0.8690 0.0007



150

Price Electricity 0.0000 0.0004 0.0001 0.0000

Table A9: First Order Delta Moment-Independent and Sobol Indices for Total Land Use-Dry Year

Input Variable
Delta Sobol

S1 S1_conf S1 S1_conf

Groundwater Restriction 0.0316 0.0005 0.0315 0.0038

Price Electricity 0.0011 0.0001 0.0010 0.0006

Price Surface Water 0.0003 0.0001 0.0003 0.0007

Alfalfa Price 0.0001 0.0001 -0.0001 0.0002

Almonds and Pistachios Price 0.0019 0.0001 0.0024 0.0011

Corn Price 0.0002 0.0001 0.0000 0.0001

Cotton Price 0.0001 0.0000 -0.0001 0.0002

Cucurbits Price 0.0003 0.0001 0.0001 0.0003

Fresh Tomatoes Price 0.0008 0.0001 0.0007 0.0006

Grain Price 0.0012 0.0001 0.0000 0.0001

Onions and Garlic Price 0.0019 0.0002 0.0010 0.0006

Other Deciduous Price 0.0013 0.0001 0.0003 0.0004

Other Deciduous Price 0.0001 0.0000 0.0000 0.0000

Other Truck Price 0.0184 0.0004 0.0182 0.0030

Potatoes Price 0.0004 0.0001 0.0005 0.0004

Processing Tomatoes Price 0.0001 0.0000 0.0000 0.0003

Subtropical Price 0.0237 0.0004 0.0234 0.0032

Vine Price 0.7077 0.0006 0.7077 0.0142

Other Field Price 0.0002 0.0000 0.0000 0.0001

Other Field Price 0.0001 0.0000 0.0001 0.0004

Other Field Price 0.0035 0.0002 0.0001 0.0001

Other Field Price 0.0004 0.0001 0.0000 0.0000

Other Field Price 0.0002 0.0001 -0.0001 0.0002

Other Field Price 0.0001 0.0000 0.0000 0.0002

Other Field Price 0.0002 0.0000 0.0000 0.0002

Other Field Price 0.0004 0.0001 0.0000 0.0001
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Other Field Price 0.0001 0.0000 0.0001 0.0001

Other Field Price 0.0001 0.0000 -0.0001 0.0001

Other Field Price 0.0009 0.0001 0.0007 0.0005

Other Field Price 0.0016 0.0001 0.0000 0.0001

Other Field Price 0.0002 0.0001 0.0000 0.0001

Other Field Price 0.0001 0.0000 0.0002 0.0003

Other Field Price 0.0007 0.0001 0.0006 0.0015

Alfalfa Yield 0.0001 0.0000 0.0000 0.0002

Almonds and Pistachios Yield 0.0032 0.0002 0.0033 0.0014

Corn Yield 0.0002 0.0000 0.0000 0.0001

Cotton Yield 0.0001 0.0000 0.0000 0.0001

Cucurbits Yield 0.0002 0.0001 0.0001 0.0001

Fresh Tomatoes Yield 0.0003 0.0001 0.0003 0.0004

Grain Yield 0.0001 0.0000 0.0000 0.0001

Onions and Garlic Yield 0.0003 0.0000 0.0001 0.0003

Other Deciduous Yield 0.0003 0.0001 0.0000 0.0004

Other Deciduous Yield 0.0002 0.0001 0.0000 0.0001

Other Truck Yield 0.0047 0.0002 0.0051 0.0017

Potatoes Yield 0.0002 0.0000 0.0000 0.0004

Processing Tomatoes Yield 0.0001 0.0000 0.0000 0.0002

Subtropical Yield 0.0061 0.0002 0.0060 0.0020

Vine Yield 0.1783 0.0009 0.1786 0.0080

Table A10: First Order Delta Moment-Independent and Sobol Indices for Total Net Revenue-Dry

Year
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Appendix B

Supplementary Material for Chapter 3

B1 Flexible Sustainable Groundwater Management

The Sustainable Management Criteria (DWR, 2017) defines:

• Sustainable groundwater management as "the management and use of groundwater in a manner that

can be maintained during the planning and implementation horizon without causing undesirable

results."

• Measurable objectives is "the specific, quantifiable goals for the maintenance or improvement of

groundwater conditions that have been included in an adopted Plan."

• The minimum threshold is "the quantitative value that represents the groundwater condition in each

representative monitoring well site that when exceeded, may cause an undesirable result."

153



154

Figure B1: Conceptual behavior of groundwater depth under sustainable management. Dashed line

represents the reference ground surface level, orange line depicts the upper bound of groundwater

depth level and blue line represents the lower-bound depth. Red rectangles depict dry periods when

groundwater depth increases.

B2 Economic Model Calibration

We used a Positive Mathematic Programing (PMP) (Howitt, 1995) calibration that employs a

stochastic data assimilation process to calibrate the economic model (Maneta et al., 2020). With this calibra-

tion we address two objectives: avoid the assumption that farmers will behave as a particular year or average

of years but rather capturing the mid-term farmers behavior using all the data available from 1999 to 2015,

and second, we account for the uncertainty in the calibration parameters inherited from uncertain inputs

used in the calibration. This stochastic framework enables us to update the distribution of parameters as new

observations become available. We adapted the Python code used by Maneta et al. (2020) that performs a

Monte Carlo recursive Bayesian estimator based on the ensemble Kalman Filter (enKF) (Evensen, 1994).

The enKF uses uses the calibration conditions to recursively update the distribution of the parameters using

historical data on crop production, land use, water use, own-price supply elasticities, crop yield response

to water (elasticity) and production costs. The optimality conditions to perform the stochastic assimilation

follow the PMP calibration described by Mérel et al. (2011) which uses using a generalized Constant Elas-

ticity of Substitution (CES) production function as a concave production function, and the calibration of the

Lagrange multipliers used in the linear costs of land and water explained by Garnache, Mérel, et al. (2017).

The goal of the calibration stage is to replicate observed inputs allocation to crops and yield.

Following the necessary and sufficient optimality conditions or Karush-Kuhn-Tucker conditions of the max-

imization problem (Equations B1) that are solved so the model calibration parameters can reproduce the

observed allocation of inputs land and water per crop (x̃i,land, x̃i,water).
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max
xi,land≥0
xi,water≥0

∑
i

{piµi(βi,landx
ρi

i,land + βi,waterx
ρi

i,water)
δi/ρi − (ωi,land)xi,land − (ωi,water)xi,water}

subject to: ∑
i

xi,land ≤ bland[λ̄land] (B1)

xi,land = x̃i,land[λi,land]

xi,water = x̃i,water[λi,water]

Where µi, βi,water, βi,land, δi, ρi are the calibration parameters used the CES production function

(Mérel et al., 2011) and λi,land, λi,water, λ̄land the Lagrange multipliers for the total land and crop-specific

use of inputs restrictions. The crop-specific input use restriction guarantees that the solution will reproduce

the observed input use. pi is the crop price per crop and ωi,land and ωi,water represent the average land

and water costs. For the case of water such cost is weighted by the proportion of surface and groundwater

baseline use. Even though the economic model described in Section 2.1.1 solves for two sources of water

(groundwater and surface water), the calibration was performed aggregating both sources of water. Cali-

bration parameters and crop specific Lagrange multipliers are obtained for the crop groups i ∈ {Alfalfa,

Almonds and Pistachios, Corn, Cotton, Cucurbits, Dry Beans, Fresh Tomatoes, Grain, Onions and Gralic,

Other Deciduous, Other Field, Other Truck, Pasture, Processing Tomatoes, Safflower, Subtropical and Vine}

shown in Figure B1.

Figure B2: Historical cropland of Semitropic WSD
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The PMP maximization problem defined by the set of Equations B1 can be formulated following

its first order optimality conditions and arranged as a set of nonlinear equations as proposed by Garnache,

Mérel, et al. (2017). Where on the left-hand side of Equations B2 are the observed quantities and on the

right-hand side are the model functions that include the parameters that we are estimating.

− piỹiỹi,water = (ωi,land + λi,land + λ̄land)x̃i,land − piỹiδi

piỹiỹi,water = (ωi,water + λi,water)x̃i,water

η̃i =
δi

1− δ

1−

bi
δi(1− δi)∑

i[
bi

δi(1− δi)
+

σibiỹi,water

δi(δi − ỹi,water)
]

 , bi =
(x̃i,land)

2

piỹi

ỹi,water = δi(
βi,water(x̃i,land)

ρi

βland,i(x̃i,land)ρi + βi,water(x̃i,water)ρi
) (B2)

ỹi = µi(βi,landx
ρi

i,land + βi,waterx
ρi

i,water)
δi/ρi∑

i

{(2x̃i,landpiỹiỹi,water) =
∑
i

−2(ωi,land + λland)(x̃i,land)
2 + 2x̃i,landpiỹiδi}

1 = βi,water + βi,land

Where x̃i,land, x̃i,water, ỹi are the observed land use, water use and yield for each crop respec-

tively, ỹi,water is the crop specific water yield elasticity and η̃i is the exogenous own price crop supply

elasticity. ρi = (σi − 1)/σi where σ represents the elasticity of substitution between land and water, which

was fixed to σ = 0.17 as shown to be a good approximation (Howitt et al., 2012). Equations B2 are em-

beded in a stochastic assimilation process to calibrate recursively the calibration parameters, in the vector

θi = [µi, βi,water, βi,land, δi, λi,land, λi,water, λ̄land], following the stochastic data assimilation framework

described by Maneta et al. (2020).

Data used in the calibration are from various sources, spatial scales, and specific crops or groups

of crops. This lack of specific spatial and crop type resolution creates uncertainty in the estimators. Data

sources include crop grouping categories defined by the Department of Water Resources (DWR) that reports

water applied to each group by county and year, different individual crops are included in each group for

which we selected a price and yield from USDA (2020). Agricultural production costs were obtained from

UC Davis Cost and Return Studies (UC Davis, 2015) using average costs from crops within each group.

Historical annual land use was obtained from the Kern County Spatial Data (KCDAMS, 2020). Own-price

crop supply elasticity were obtained from (Rodríguez-Flores et al., 2022). Finally, the yield elasticity to

water was calculated following the process in Appendix B.2.1. All data sources are summarized in Table

B1.
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Observation Symbol Units Source
Crop prices pi $/ton USDA (2020)

Price of electricity ωE,t $/Kwh PG&E (2021)
Price of surface water ωSW,t $/m3 Irrigation districts reports
Surface water supply bSW,t m3 Zeff et al. (2021)

Land cost ωi,land $/ha UC Davis (2015)
Pumping cost ωGW,t $/m3 Pumping cost function (Section A.2)

Crop yield yi ton/ha USDA (2020)
Crop yield-water elasticity ỹi,water - SM 2.1

Crop supply elasticity η̃i - Rodríguez-Flores et al. (2022)
Applied water x̃i,water m3/ha DWR (2020a)

Land use x̃i,land ha KCDAMS, 20201

Table B1: Data sources for Economic model calibration

Following the data-assimilation process we first set the ensemble size with 400 samples using

the first year of observations (1999). We began by stabilizing the model parameters to start with correct

values spinning up the data assimilation process using observations from 1999 until the ensemble stabilized.

We found that the parameters stabilized with 40 repetitions of the spin up process, after which we use

observations from 2000 to 2015 to sequentially perform the data assimilation process. We tune manually

the parameters used in the Kalman filter, variance smoothing parameter and background parameter ensemble

variance, until we find the best results. With the final calibration, we found that the model closely reproduces

the historical allocation of land and water to all the crops but for the Cotton category which has been observed

a decline in acreage over the observed years. However, the calibration closely resembles the last years of

historical data which show a clear positive trend in perennial tree crops.

B2.1 Yield Elasticity to Water Use

Crop yield elasticity to water (ỹi,water) represents the response of yield to changes in water

applied, as percent change in yield to a percent change in applied water. To estimate this parameter we used

two approaches, first for crops Alfalfa, Corn, Almonds (in Almonds and Pistachios category), and Wheat

(in Grain category) we used the VIC-CropSyst model (Malek et al., 2017) calibrated for a spatial grid in the

study area and using different irrigation systems. Crop yield responses were estimated by reducing applied

water (deficit irrigation), responses from VIC-CropSyst (V-CS) were later used to estimate the crop yield

water elasticity (ỹi,water) using following a sigmoidal yield response function (Equation B3) described by

Mérel et al. (2014). We fitted the sigmoidal response function using a nonlinear regression solving for
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αi,1, αi,2, αi,3. With the estimates from solving this regression the crop-specific yield response to water

changes was later calculated using Equation B4. using the reference water applied (x̃i,water) and reference

yield (ỹi) used in the PMP calibration (average of the historical).

ŷi,V−CS =
αi,1

1 + exp

(
− x̂i,water,V−CS − αi,2

αi,3

) (B3)

ỹi,water =

x̃i,waterexp

(
− x̃i,water − ᾱi,2

ᾱi,3

)
ŷi

ᾱi,1ᾱi,3
(B4)

For the rest of the crops we used the applied water by crop category from DWR (2020a) and yield

from the most representative crop within each group using the land reported by USDA (2020), both reported

at a county level and using the data from 1998 to 2015. We estimated the elasticity through least squares

(Equation B5) as the slope between the natural logarithm of production and the natural logarithm of water

used. We compared our results with other published values for crops in California, specially for San Joaquin

Valley (Garnache, Mérel, et al., 2017; Mérel et al., 2014).

ln(ỹi,t) = ỹi,waterln(x̃i,water,t) (B5)

B3 Groundwater Pumping Cost

The unitary ($1/m3) pumping cost ωGW is given by the Equation B3, where ωpump = $200, 000

is the capital cost of the well,Aservice = 80 ha is the assumed pumping service area, x̃water = 4, 933m3/ha

is the assumed average irrigation demand per unit area, i = 0.05 is the discount rate, n = 20 is the pump

years lifetime, ζ = $6.6 × 10−5/m3m is the variable operation and maintenance costs for the pump,

ωE,t$/kWh is the price of electricity, ηpump = 0.7 is the average pump efficiency, GWDt is the poten-

tiometric depth (meters) of the irrigation district in the year t, Q is the assumed pumping rate 0.1261m3/s,

C is the Hazen-Williams coefficient, pipe is assumed to be cast-iron or steel for which C = 0.12680, and

d = 0.4m is the pipe diameter.

ωGW,t =

(
ωpump

Aservicex̃water

i(1 + i)n

(1 + i)n − 1

)
+

(
ζ +

ωE,t

ηpump

)(
GWDt + 10.67

GWDtQ
1.852

C1.852d4.8704

)
(B6)
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B4 Calibration Groundwater Depth Response Function

Figure B3: Changes on distance to groundwater depth from C2VSIM-FG

We used Bayesian linear regression to simulate the groundwater depth response to agricultural

pumping. We used C2VSIM-FG (DWR, 2021) simulation outputs from 1973 to 2015, from which we used

the Groundwater Pumping at the beginning and end of each water year t (GWPt) to predict the groundwater

depth change at the end of the irrigation season in a year (∆GWD) as a function of the total agricultural

pumping in year t GWPt and t-1 GWPt−1. Additionally, we include Water year Type of year t (WYt) and

Water Year type of year t-1 (WYt−1) as index variables. The water year type categories are: Wet, Normal

and Dry. Normal category includes above and bellow normal categories and Dry water year includes Critical

and Dry types, all of them are defined by the Water Year Hydrologic Classification Indices of the California

Department of Water Resources (DWR, 2020b). As shown by (MacEwan et al., 2017), using the water type

variable we can capture information related to hydro-logical processes that shift how agricultural pumping

affect groundwater depth levels.

Using groundwater pumping of the year t and t − 1 and water year type (Wet, Normal and Dry)

of the year t and t− 1 as index variables we fitted different Bayesian linear modes. Pooled model (or fixed-

effects) assigns same model parameters (intercept and slopes) across water year types. Un-pooled model

assigns different parameters to each water year type as if water-year type is independent and have different

intercepts and slopes. Finally, the Hierarchical model (or random-effects or multi-level) assigns different

parameters to each water-year type varying intercepts or slopes (or both) across water-year type categories,
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this models enables the statistical model to learn how the agricultural pumping affects the groundwater depth

change in each water year type while learning this effect from all the water wear types at the same time.

Groundwater pumping (GWPt, GWPt−1) and change of depth to groundwater (∆GWDt) were

normalized using the z-score normalization. Bayesian modeling uses a maximum entropy distribution to

define the likelihood of the output, for this study we use Student’s-t distribution to model the groundwater

depth change probability distribution. The characteristics of the Student’s t distribution makes it a more ro-

bust distribution to include extreme values and that can improve the MCMC sampling process. Additionally

we need to define priors of the parameters (or unobserved variables). For this study we defined Gaussian

priors for the intercept and slopes in all the model variations. As we expect that the relationship between

groundwater depth change and change being positive for which case we centered the Gaussian distribution

on the positive side for GWP t and a less informative distribution centered in 0 for GWP t−1. Addition-

ally an exponential distribution for the standard deviation priors and Gamma distribution for the degrees of

freedom of the Student-t’s distribution prior.

• P1: Pooled, µt = α+ β1GWPt

• P2: Pooled with lag on pumping, µt = α+ β1GWPt + β2GWPt−1

• U1: Unpooled, µt = αWYt + β1,WYtGWPt

• U2: Unpooled with lag on pumping, µt = αWYt
+ β1,WYt

GWPt + β2,WYt
GWPt

• U3: Unpooled with lag on pumping and slope, µt = αWYt+γWYt−1+β1,WYtGWPt+β2,WYtGWPt

• H1: Hirerarchical with varying intercept, µt = αWYt
+ β1GWPt

• H2: Hirerarchical with varying intercept and varying slope, µt = αWYt + β1,WYtGWPt

• H3: Hirerarchical with varying slopes, µt = αt + β1,WYt
GWPt + β2,WYt

GWPt

• H4: Hirerarchical with varying intercept and slopes, µt = αWYt + β1,WYtGWPt + β2,WYtGWPt

• H5: Hirerarchical with varying intercepts and slopes, µt = αWYt
+ γWYt−1

+ β1,WYt
GWPt +

β2,WYt
GWPt

Models were fit using a Markov Chain Monte Carlo (MCMC) sampling method using the prob-

abilistic programming Python package PyMC (Salvatier et al., 2016). Model selection was done using the

Leave-one-out Cross-validation (LOO-CV) as estimate of the out-of-sample predictive fit (Vehtari et al.,

2017), selecting the model with the highest log-scale LOO-CV or with he best out-of-sample prediction

(Figure B3). The LOO-CV validation results are summarized in the Figure B8. Where the best model is the

hirerarchical model with varying intercepts (H5), however the model with unpooled effects in intercepts and

pumping (U3) was selected since is a simpler model and has a LOO close to H5. Hence, obtaining similar

predictive power for a more computational efficient model.
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Figure B4: Leave-one-out cross-validation results

The selected model is an unpooled model with priors defined in Equations B1. Table B1 shows

the results from the model U3 summarizing the distribution of the posterior distribution of the parameters.

In Figure B1 we show that calibrated response function can predict correctly the groundwater depth change

with an r2 = 0.90(r2std = 0.007).

Figure B5: Posterior Distributions of the parameters, where 0 is Wet Year, 1 is Normal Year and 2

is Dry Year
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Table B2: Marginal posterior distributions of the parameters of Groundwater Depth Response

Parameter Mean Sd HDI 2.5% HDI 97.5%
α1[Wett] -0.063 0.232 -0.478 0.405
α1[Normalt] 0.041 0.223 -0.379 0.501
α1[Dryt] 0.079 0.217 -0.356 0.494
γ1[Wett] -0.057 0.224 -0.481 0.393
γ1[Normalt] 0.159 0.225 -0.285 0.588
γ1[Dryt] -0.041 0.217 -0.453 0.400
β1[Wett-1] 1.207 0.107 0.995 1.419
β1[Normalt-1] 0.829 0.148 0.550 1.126
β1[Dryt-1] 0.817 0.088 0.649 0.991
β2[Wett-1] -0.757 0.100 -0.940 -0.551
β2[Normalt-1] -0.807 0.141 -1.094 -0.543
β2[Dryt-1] -0.336 0.088 - 0.507 -0.159

σ 0.235 0.037 0.169 0.310
ν 20.470 12.859 2.469 45.244

∆GWDt ∼ Student-t(µt, σ, ν)

µt = αWYt
+ γWYt−1

+ β1WYt
GWPt + β2WYRt−1

GWPt−1

αj = Normal(0, 0.5)

γj = Normal(0, 0.5) (B7)

β1j = Normal(0.5, 0.5) forj = {Wet,Normal,Dry}

β2j = Normal(0, 0.5)

σ = Exponential(1)

ν = Gamma(2, 0.1)
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Figure B6: Results groundwater depth response function and C2VSIM-FG (DWR, 2021). Dots

represent the median of each posterior predictive distribution of groundwater depth change, colors

represent the water-year type in year t.

B5 Calibrated Hydro-Economic Model Performance

The following figures show the performance from running dynamically the coupled hydro-economic

model with the last set of calibration parameters obtained from the data assimilation process (with 400 sam-

ples) over historical water available conditions. The model was let free to optimize dynamically land and

water allocation decisions to assess its capacity to replicate observed conditions.
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Figure B7: Land allocation from Hydro-economic model and observed
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Figure B8: Water allocation from Hydro-economic model and observed
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Figure B9: Total water allocation by source from Hydro-economic model and observed

Figure B10: Simulated groundwater depth from running coupled hydro-economic model dynami-

cally and observed groundwater depth from DWR (2021)
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Table B3: Epsilon values used for the Borg MOEA

Objective Epsilon
Maximize Average Total Revenues (O1) 30

Minimize Average Groundwater Depth (O2) 1.8
Maximize 5th Percentile Revenue in a year (O3) 1

Minimize 95th Groundwater Depth Change in a year (O4) 0.9
Reliability (O5) 0.01

B6 Surface Water Deliveries used in Computational Experiment

Figure B11: Distribution of historical (1999-2015) and surface water deliveries from CALFEWS

(2016-2045) used in this study



168

B7 Borg Epsilon values and Hypervolume from Random Seeds

Figure B12: Hypervolume from 10 random seeds used in Borg MOEA
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B8 Pareto-approximate set validation

Figure B13: Reference pareto set was re-evaluated using a larger independent set of 1,000 sets of

sampled SOWs. Triangles with red edge represent the re-evaluated set and triangles without edge

the original optimized solution.

B9 Performance selected Policies

The following figures show the performance of the selected solutions in Section 3.5.
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Figure B14: Performance selected policies, shown in Figure 3.5, under driest average surface water

deliveries (MIROC 8.5). Panel (a) shows the surface water deliveries. Panels (b) - (e) show the

dynamic decisions in the control policy. Panels (f)-(j) show the performance of the food-water

system. The orange line in Sub-figure (g) depicts the measurable objective used in the experiment
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Figure B15: Performance selected policies, shown in Figure 3.5, under largest (wet) average sur-

face water deliveries (CNRM-CM5 8.5). Panel (a) shows the surface water deliveries. Panels (b)

- (e) show the dynamic decisions in the control policy. Panels (f)-(j) show the performance of the

food-water system. The orange line in Sub-figure (g) depicts the measurable objective used in the

experiment

B10 Performance selected Robust Policies

The following figures show the performance of the selected robust solutions in Section 5.1
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Figure B16: Performance Robust Policy under driest average surface water deliveries (MIROC

8.5). Panel (a) shows the surface water deliveries. Panels (b) - (e) show the dynamic decisions in

the control policy. Panels (f)-(j) show the performance of the food-water system. The orange line

in Sub-figure (g) depicts the measurable objective used in the experiment
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Figure B17: Performance Robust Policy under largest (wet) average surface water deliveries

(CNRM-CM5 8.5). Panel (a) shows the surface water deliveries. Panels (b) - (e) show the dynamic

decisions in the control policy. Panels (f)-(j) show the performance of the food-water system. The

orange line in Sub-figure (g) depicts the measurable objective used in the experiment
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B11 Feature Scoring

Figure B18: Feature Scoring for the RobustMinDepth solution
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Figure B19: Feature Scoring for the RobustMinDepth solution for each objective

Bibliography

DWR. (2017). Sustainable Manage Criteria (tech. rep.). California Department of Water Resources,

Sustainable Groundwater Management Program. https://water.ca.gov/Programs/Groundwater-

Management / SGMA - Groundwater - Management / Best - Management - Practices - and -

Guidance-Documents

DWR. (2020a). Agricultural Land & Water Use Estimates. http://water.ca.gov/Programs/Water-

Use-And-Efficiency/Land-And-Water-Use/Agricultural-Land-And-Water-Use-Estimates

DWR. (2020b). California Data Exchange Center (CDEC). https://cdec.water.ca.gov/reportapp/

javareports?name=WSIHIST

DWR. (2021). C2VSimFG Version 1.01. https://data.cnra.ca.gov/dataset/c2vsimfg-version-1-01

https://water.ca.gov/Programs/Groundwater-Management/SGMA-Groundwater-Management/Best-Management-Practices-and-Guidance-Documents
https://water.ca.gov/Programs/Groundwater-Management/SGMA-Groundwater-Management/Best-Management-Practices-and-Guidance-Documents
https://water.ca.gov/Programs/Groundwater-Management/SGMA-Groundwater-Management/Best-Management-Practices-and-Guidance-Documents
http://water.ca.gov/Programs/Water-Use-And-Efficiency/Land-And-Water-Use/Agricultural-Land-And-Water-Use-Estimates
http://water.ca.gov/Programs/Water-Use-And-Efficiency/Land-And-Water-Use/Agricultural-Land-And-Water-Use-Estimates
https://cdec.water.ca.gov/reportapp/javareports?name=WSIHIST
https://cdec.water.ca.gov/reportapp/javareports?name=WSIHIST
https://data.cnra.ca.gov/dataset/c2vsimfg-version-1-01


176

Evensen, G. (1994). Sequential data assimilation with a nonlinear quasi-geostrophic model us-

ing Monte Carlo methods to forecast error statistics. Journal of Geophysical Research:

Oceans, 99(C5), 10143–10162. https://doi.org/10.1029/94JC00572

Garnache, C., Mérel, P., Howitt, R., & Lee, J. (2017). Calibration of shadow values in constrained

optimisation models of agricultural supply. European Review of Agricultural Economics,

44(3), 363–397. https://doi.org/10.1093/erae/jbx005

Garnache, C., Mérel, P. R., Lee, J., & Six, J. (2017). The social costs of second-best policies:

Evidence from agricultural GHG mitigation. Journal of Environmental Economics and

Management, 82, 39–73. https://doi.org/10.1016/j.jeem.2016.10.004

Howitt, R. E. (1995). A Calibration Method for Agricultural Economic Production Models. Journal

of Agricultural Economics, 46(2), 147–159. https://doi.org/10.1111/j.1477-9552.1995.

tb00762.x

Howitt, R. E., Medellín-Azuara, J., MacEwan, D., & Lund, J. R. (2012). Calibrating disaggregate

economic models of agricultural production and water management. Environmental Mod-

elling & Software, 38, 244–258. https://doi.org/10.1016/j.envsoft.2012.06.013

KCDAMS. (2020). Kern County Spatial Data. http://www.kernag.com/gis/gis-data.asp

MacEwan, D., Cayar, M., Taghavi, A., Mitchell, D., Hatchett, S., & Howitt, R. (2017). Hydroe-

conomic modeling of sustainable groundwater management. Water Resources Research,

53(3), 2384–2403. https://doi.org/10.1002/2016WR019639

Malek, K., Stöckle, C., Chinnayakanahalli, K., Nelson, R., Liu, M., Rajagopalan, K., Barik, M., &

Adam, J. C. (2017). VIC–CropSyst-v2: A regional-scale modeling platform to simulate the

nexus of climate, hydrology, cropping systems, and human decisions. Geoscientific Model

Development, 10(8), 3059–3084. https://doi.org/10.5194/gmd-10-3059-2017

Maneta, M., Cobourn, K., Kimball, J., He, M., Silverman, N., Chaffin, B., Ewing, S., Ji, X., &

Maxwell, B. (2020). A satellite-driven hydro-economic model to support agricultural water

resources management. Environmental Modelling & Software, 134, 104836. https://doi.

org/10.1016/j.envsoft.2020.104836

Mérel, P., Simon, L. K., & Yi, F. (2011). A Fully Calibrated Generalized Constant-Elasticity-of-

Substitution Programming Model of Agricultural Supply. American Journal of Agricul-

tural Economics, 93(4), 936–948. https://doi.org/10.1093/ajae/aar029

https://doi.org/10.1029/94JC00572
https://doi.org/10.1093/erae/jbx005
https://doi.org/10.1016/j.jeem.2016.10.004
https://doi.org/10.1111/j.1477-9552.1995.tb00762.x
https://doi.org/10.1111/j.1477-9552.1995.tb00762.x
https://doi.org/10.1016/j.envsoft.2012.06.013
http://www.kernag.com/gis/gis-data.asp
https://doi.org/10.1002/2016WR019639
https://doi.org/10.5194/gmd-10-3059-2017
https://doi.org/10.1016/j.envsoft.2020.104836
https://doi.org/10.1016/j.envsoft.2020.104836
https://doi.org/10.1093/ajae/aar029


177

Mérel, P., Yi, F., Lee, J., & Six, J. (2014). A Regional Bio-economic Model of Nitrogen Use in

Cropping. American Journal of Agricultural Economics, 96(1), 67–91. https://doi.org/10.

1093/ajae/aat053

PG&E. (2021). Pacific Gas & Electric - Tariffs. https://www.pge.com/tariffs/rateinfo.shtml

Rodríguez-Flores, J. M., Valero Fandiño, J. A., Cole, S. A., Malek, K., Karimi, T., Zeff, H. B.,

Reed, P. M., Escriva-Bou, A., & Medellín-Azuara, J. (2022). Global Sensitivity Analysis

of a Coupled Hydro-Economic Model and Groundwater Restriction Assessment. Water

Resources Management, 36(15), 6115–6130. https://doi.org/10.1007/s11269-022-03344-

5

Salvatier, J., Wiecki, T., & Fonnesbeck, C. (2016). Probabilistic programming in Python using

PyMC3. PeerJ Comput. Sci. https://doi.org/10.7717/PEERJ-CS.55

UC Davis. (2015). Current Cost and Return Studies. https://coststudies.ucdavis.edu/en/current/

USDA. (2020). National Agricultural Statistics Service - California. https://www.nass.usda.gov/

Statistics_by_State/California/index.php

Vehtari, A., Gelman, A., & Gabry, J. (2017). Practical Bayesian model evaluation using leave-

one-out cross-validation and WAIC. Statistics and Computing, 27(5), 1413–1432. https:

//doi.org/10.1007/s11222-016-9696-4

Zeff, H. B., Hamilton, A. L., Malek, K., Herman, J. D., Cohen, J. S., Medellin-Azuara, J., Reed,

P. M., & Characklis, G. W. (2021). California’s food-energy-water system: An open source

simulation model of adaptive surface and groundwater management in the Central Valley.

Environmental Modelling & Software, 141, 105052. https:/ /doi.org/10.1016/j .envsoft .

2021.105052

https://doi.org/10.1093/ajae/aat053
https://doi.org/10.1093/ajae/aat053
https://www.pge.com/tariffs/rateinfo.shtml
https://doi.org/10.1007/s11269-022-03344-5
https://doi.org/10.1007/s11269-022-03344-5
https://doi.org/10.7717/PEERJ-CS.55
https://coststudies.ucdavis.edu/en/current/
https://www.nass.usda.gov/Statistics_by_State/California/index.php
https://www.nass.usda.gov/Statistics_by_State/California/index.php
https://doi.org/10.1007/s11222-016-9696-4
https://doi.org/10.1007/s11222-016-9696-4
https://doi.org/10.1016/j.envsoft.2021.105052
https://doi.org/10.1016/j.envsoft.2021.105052


Appendix C

Supplementary Material for Chapter 4

C1 Groundwater Depletion Study Area

Figure C1: Groundwater Depth for 2012, 2016 and 2022 in the study area in meters bellow ground

surface

178
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C2 Wells data cleaning and aquifer location

Well completion reports collect data on characteristics of the total drilled depth (well depth) and

location of top and bottom of the screen (water intake). However, not all the wells report depths, and

screen location. In the study area 87% of the wells in the well completion reports have well depth and 60%

bottom and top of the screen. Additionally out of 2,751 monitoring wells that have reported a measurement

groundwater levels in the study area (and buffer) between 2014 and 2022, 61% have well depth and 54%

have bottom of the screen. Finally, 49% of the dry wells in the study area did not report well depth or is

uncertain. We used a buffer around the study area of 10 miles (17 km) to consider wells from the well

completion report in sections that are in neighbor sections to the ones in the study area as shown in Figure

4.2 of the main text.

To approximate from what aquifer each well is pumping or measuring levels (for monitoring

wells) from, we used the stratigraphy of the C2VSim-FG (DWR, 2021) that has the thickens of the Corcoran

clay (Aquitard) and the confined and unconfined depths across the Central Valley for each vertix in a finite

element spatial grid. We first assign to each well the closest node or vertix of the finite element grid from

C2VSim-FG. In order to assign an aquifer to each well from well completion, dry well reports and monitor-

ing wells we used two approaches. First, if the well has a reported bottom of the screen (the one closest to

the ground surface screen if multiple), and this is shallower than the unconfined aquifer depth plus aquitard

we assigned the well to the unconfined aquifer. If the bottom of the screen is deeper than the unconfined

aquifer depth plus aquitard and shallower than the depth of unconfined aquifer depth plus aquitard plus con-

fined aquifer depth we assigned it to the confined aquifer. C2Vsim-FG also has a deep layer aquifer, referred

as Deep Aquifer in Figures C3 and C4 where little pumping occurs. For wells that do not have a reported

bottom of the well screen we used the same process using the well depth as reference minus the median

distance between well depth and bottom of the screen by type of well and basin (Table C1). For monitoring

wells we used the well depth minus the median distance between well depth and bottom of the screen of

both domestic wells and agricultural wells.

A second step in the process of cleaning the wells data, was to filter for each year those wells

that have been built to that point in time but were likely inactive due to groundwater table being deeper

than the water intake of the well (well is dry). For this process we used the well depth minus the median

distance between well depth and bottom of the screen (Table C1), as a conservative estimate. Since we used

interpolated groundwater levels, there might be uncertainties with these approximations, thus we assumed

that only wells whose bottom of the screens are shallower (from ground surface) than the groundwater level

may be inactive. However, when groundwater levels are bellow the top of the screen, wells may start failing.
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Well Type Subbasin Well Variable mean median
agriculture KAWEAH Bottom Screen Location 103.4 85.3
domestic KAWEAH Bottom Screen Location 64.6 59.1
agriculture KINGS Bottom Screen Location 84.9 75.9
domestic KINGS Bottom Screen Location 56.9 48.8
agriculture MADERA Bottom Screen Location 155.3 150.9
domestic MADERA Bottom Screen Location 92.3 84.7
agriculture TULE Bottom Screen Location 212.3 184.4
domestic TULE Bottom Screen Location 70.9 56.4
agriculture KAWEAH Distance Bottom Screen to Well Depth 17.1 6.4
domestic KAWEAH Distance Bottom Screen to Well Depth 9.9 5.8
agriculture KINGS Distance Bottom Screen to Well Depth 12.2 6.1
domestic KINGS Distance Bottom Screen to Well Depth 8.6 3.0
agriculture MADERA Distance Bottom Screen to Well Depth 18.4 6.1
domestic MADERA Distance Bottom Screen to Well Depth 12.2 6.1
agriculture TULE Distance Bottom Screen to Well Depth 25.5 6.1
domestic TULE Distance Bottom Screen to Well Depth 10.7 4.6
agriculture KAWEAH Screen Interval (Bottom – Top) 44.9 30.5
domestic KAWEAH Screen Interval (Bottom – Top) 25.3 18.3
agriculture KINGS Screen Interval (Bottom – Top) 39.8 34.7
domestic KINGS Screen Interval (Bottom – Top) 18.0 12.2
agriculture MADERA Screen Interval (Bottom – Top) 56.1 46.3
domestic MADERA Screen Interval (Bottom – Top) 19.7 12.2
agriculture TULE Screen Interval (Bottom – Top) 82.4 64.0
domestic TULE Screen Interval (Bottom – Top) 23.3 18.0
agriculture KAWEAH Top Screen Location 58.5 54.9
domestic KAWEAH Top Screen Location 39.3 35.4
agriculture KINGS Top Screen Location 45.1 39.6
domestic KINGS Top Screen Location 38.9 35.1
agriculture MADERA Top Screen Location 99.3 85.3
domestic MADERA Top Screen Location 72.6 70.1
agriculture TULE Top Screen Location 129.9 112.8
domestic TULE Top Screen Location 47.6 39.6
agriculture KAWEAH Well Depth 120.5 103.6
domestic KAWEAH Well Depth 74.5 67.1
agriculture KINGS Well Depth 97.1 89.9
domestic KINGS Well Depth 65.5 56.4
agriculture MADERA Well Depth 173.8 162.5
domestic MADERA Well Depth 104.5 94.8
agriculture TULE Well Depth 237.7 219.5
domestic TULE Well Depth 81.6 68.6

Table C1: Summary statistics for wells in Well Completion Reports
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Figure C2: Aquifer location of dry wells (reported between 2014 and 2022). The Corcoran clay is

depicted in red.
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Figure C3: Aquifer location of domestic (A) and agricultural (B) wells, reported between 1970 and

2022. The Corcoran clay is depicted in red.
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Figure C4: Aquifer location of selected monitoring wells. We used a buffer around the study area

of 10 miles (depicted in blue) for selected monitoring wells from the single and upper aquifers to

perform the spatial interpolation. The Corcoran clay is depicted in red.
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C3 CDL Cropland

CDL_code Crop Crop_group Class

1 Corn Corn Forage

2 Cotton Cotton Annual

3 Rice Rice Annual

4 Sorghum Field and Grain Annual

5 Soybeans Field and Grain Annual

6 Sunflower Field and Grain Annual

10 Peanuts Truck Annual

11 Tobacco Field and Grain Annual

12 Sweet Corn Corn Annual

13 Pop or Orn Corn Corn Annual

14 Mint Truck Annual

21 Barley Field and Grain Annual

22 Durum Wheat Field and Grain Annual

23 Spring Wheat Field and Grain Annual

24 Winter Wheat Field and Grain Annual

25 Other Small Grains Field and Grain Annual

26 Dbl Crop WinWht/Soybeans Field and Grain Annual

27 Rye Field and Grain Annual

28 Oats Field and Grain Annual

29 Millet Field and Grain Annual

30 Speltz Field and Grain Annual

31 Canola Field and Grain Annual

32 Flaxseed Field and Grain Annual

33 Safflower Field and Grain Annual

34 Brassica napus Field and Grain Annual

35 Mustard Field and Grain Annual

36 Alfalfa Alfalfa Forage

37 Other Hay/Non Alfalfa Field and Grain Forage

38 Camelina Field and Grain Annual
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39 Buckwheat Field and Grain Annual

41 Sugarbeets Field and Grain Annual

42 Dry Beans Beans Dry Annual

43 Potatoes Potatoes Annual

44 Other Crops Truck Annual

45 Sugarcane Field and Grain Annual

46 Sweet Potatoes Potatoes Annual

47 Misc Vegs Fruits Truck Annual

48 Watermelons Cucurbits Annual

49 Onions Onions and Garlic Annual

50 Cucumbers Cucurbits Annual

51 Chick Peas Truck Annual

52 Lentils Truck Annual

53 Peas Truck Annual

54 Tomatoes Tomatoes Annual

55 Caneberries Berries Annual

56 Hops Truck Annual

57 Herbs Truck Annual

58 Clover/Wildflowers Pasture Non Ag

59 Sod/Grass Seed Pasture Annual

60 Switchgrass Non Ag Non Ag

61 Fallow/Idle Cropland Fallow Fallow

62 Pasture/Grass Pasture Non Ag

63 Forest Non Ag Non Ag

64 Shrubland Non Ag Non Ag

65 Barren Non Ag Non Ag

66 Cherries Orchard Orchard

67 Peaches Orchard Orchard

68 Apples Orchard Orchard

69 Grapes Vine Orchard

70 Christmas Trees Non Ag Non Ag

71 Other Tree Crops Orchard Orchard
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72 Citrus Orchard Orchard

74 Peas Orchard Orchard

75 Almonds Almonds Orchard

76 Walnuts Orchard Orchard

77 Pears Orchard Orchard

82 Developed Urban Developed

83 Water Non Ag Non Ag

87 Wetlands Non Ag Non Ag

88 Nonag/Undefined Non Ag Non Ag

92 Aquaculture Non Ag Non Ag

111 Open Water Non Ag Non Ag

112 Perennial Ice/Snow Non Ag Non Ag

121 Developed/Open Space Urban Developed

122 Developed/Low Intensity Urban Developed

123 Developed/Med Intensity Urban Developed

124 Developed/High Intensity Urban Developed

131 Barren Non Ag Non Ag

141 Deciduous Forest Non Ag Non Ag

142 Evergreen Forest Non Ag Non Ag

143 Mixed Forest Non Ag Non Ag

152 Shrubland Non Ag Non Ag

176 Grassland/Pasture Pasture Non Ag

190 Woody Wetlands Non Ag Non Ag

195 Herbaceous Wetlands Non Ag Non Ag

204 Pistachios Pistachios Orchard

205 Triticale Field and Grain Annual

206 Carrots Truck Annual

207 Asparagus Truck Annual

208 Garlic Onions and Garlic Annual

209 Cantaloupes Cucurbits Annual

210 Prunes Orchard Orchard

211 Olives Orchard Orchard
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212 Oranges Orchard Orchard

213 Honeydew Melons Cucurbits Annual

214 Broccoli Truck Annual

215 Avocados Orchard Orchard

216 Peppers Truck Annual

217 Pomegranates Orchard Orchard

218 Nectarines Orchard Orchard

219 Greens Lettuce Annual

220 Plums Orchard Orchard

221 Strawberries Berries Orchard

222 Squash Cucurbits Annual

223 Apricots Orchard Orchard

224 Vetch Field and Grain Annual

225 Dbl Crop WinWht/Corn Field and Grain Annual

226 Dbl Crop Oats/Corn Field and Grain Annual

227 Lettuce Lettuce Annual

228 Dbl Crop Triticale/Corn Field and Grain Annual

229 Pumpkins Cucurbits Annual

230 Dbl Crop Lettuce/Durum Wht Lettuce Annual

231 Dbl Crop Lettuce/Cantaloupe Lettuce Annual

232 Dbl Crop Lettuce/Cotton Lettuce Annual

233 Dbl Crop Lettuce/Barley Lettuce Annual

234 Dbl Crop Durum Wht/Sorghum Field and Grain Annual

235 Dbl Crop Barley/Sorghum Field and Grain Annual

236 Dbl Crop WinWht/Sorghum Field and Grain Annual

237 Dbl Crop Barley/Corn Field and Grain Annual

238 Dbl Crop WinWht/Cotton Field and Grain Annual

239 Dbl Crop Soybeans/Cotton Field and Grain Annual

240 Dbl Crop Soybeans/Oats Field and Grain Annual

241 Dbl Crop Corn/Soybeans Field and Grain Annual

242 Blueberries Berries Orchard

243 Cabbage Lettuce Annual
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244 Cauliflower Truck Annual

245 Celery Truck Annual

246 Radishes Truck Annual

247 Turnips Field and Grain Annual

248 Eggplants Truck Annual

249 Gourds Cucurbits Annual

250 Cranberries Berries Orchard

254 Dbl Crop Barley/Soybeans Field and Grain Annual

Table C2: Relation of CDL codes and crop categories

Figure C5: Land use of 2012 and 2022 showing an increase of perennial crops in the time period.

Data source: USDA CropScape (Chen et al., 2023)
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C4 Spatial autocorrelaion

Figure C6: Moran’s I test to test for spatial auto-correlation for the variables used as covariates in

the model.
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C5 Interaction effects

Figure C7: Results from performing linear fits of covariates used in the study. The mean of the

linear fit is depicted in orange and the estimated 95% credible interval. Dots represent observations

of reported domestic well failure (1) or not (0). This analysis ignores spatial random effects and

fits were generated using the model: Wi ∼ Bernoulli(pi) where logit(pi) =
∑2

j βjXj and Wi =

1 if domestic well failure was reported and Wi = 0 if not.
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C6 Spatial model configurations and results

Figure C8: Histogram of distances between wells selected for the study.
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Figure C9: Constraint Delaunay triangulation. In green is depicted the groundwater basins of the

study area. Reported dry wells are depicted in red. We constraint the boundary between smaller

and larger triangles (in blue).
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C6.1 Model Configurations

Wi =intercept+ Si + r_area_perennial + r_area_annual + r_area_forage (C1)

Wi =intercept+ Si + sw + ag_wells_density + dom_wells_density (C2)

Wi =intercept+ Si + r_area_perennial + r_area_annual + r_area_forage+ r_well_depth_gw_level+

sw + dom_wells_density + ag_wells_density (C3)

Wi =intercept+ Si + r_area_perennial + r_area_annual + r_area_forage+ r_well_depth_gw_level+

sw + dom_wells_density + ag_wells_density + βgBasing + ag_wells_density : r_area_perennial+

ag_wells_density : r_area_annual + ag_wells_density : r_area_forage (C4)

Wi =intercept+ Si + r_area_perennial + r_area_annual + r_area_forage+ r_well_depth_gw_level

+ sw + dom_wells_density + ag_wells_density + βgBasing + ag_wells_density : r_area_perennial+

ag_wells_density : r_area_annual + ag_wells_density : r_area_forage+ poverty (C5)

data scale model AUC AUC.SD DIC WAIC LCPO
9mi2 C1 0.55 0.01 2933.33 2933.41 1466.70
9mi2 C2 0.87 0.01 2135.28 2140.60 1070.30
9mi2 C3 0.87 0.01 2132.56 2137.64 1068.82
9mi2 C4 0.89 0.01 2043.24 2048.84 1024.42
9mi2 C5 0.89 0.01 2034.63 2040.26 1020.13

25mi2 C1 0.56 0.01 2923.56 2923.60 1461.80
25mi2 C2 0.86 0.01 2196.44 2201.23 1100.62
25mi2 C3 0.86 0.01 2193.17 2197.77 1098.88
25mi2 C4 0.88 0.01 2122.62 2127.71 1063.86
25mi2 C5 0.88 0.01 2115.32 2120.54 1060.27

Table C3: Results by model and data resolution
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C6.2 Results selected model

mean sd 0.025quant 0.5quant 0.975quant mode kld
intercept -0.63 0.24 -1.12 -0.62 -0.15 -0.61 0.00

r_area_perennial 0.07 0.07 -0.07 0.07 0.20 0.07 0.00
r_area_annual -0.06 0.07 -0.19 -0.06 0.07 -0.06 0.00
r_area_forage 0.02 0.06 -0.10 0.02 0.14 0.02 0.00

r_well_depth_gw_level -2.76 0.16 -3.07 -2.76 -2.45 -2.76 0.00
sw -0.01 0.10 -0.21 -0.01 0.18 -0.01 0.00

dom_wells_density 0.75 0.07 0.61 0.75 0.89 0.75 0.00
ag_wells_density 0.50 0.08 0.35 0.50 0.66 0.50 0.00

poverty 0.24 0.07 0.11 0.24 0.38 0.24 0.00
r_area_perennial:ag_wells_density 0.26 0.06 0.13 0.26 0.38 0.26 0.00

r_area_annual:ag_wells_density -0.07 0.07 -0.21 -0.07 0.06 -0.07 0.00
r_area_forage:ag_wells_density -0.02 0.07 -0.17 -0.02 0.12 -0.02 0.00

Table C4: Fixed-effect results

Groundwater Subbasin mean sd 0.025quant 0.5quant 0.975quant mode kld
Madera -0.53 0.26 -1.10 -0.52 -0.08 -0.48 0.00

Kings -0.14 0.23 -0.61 -0.14 0.32 -0.14 0.00
Kaweah 0.33 0.23 -0.12 0.32 0.82 0.30 0.00

Tule 0.35 0.24 -0.10 0.34 0.87 0.31 0.00

Table C5: Random-effect results
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C7 Additional figures selected model performance

Figure C10: ROC curve for the model S5 wih 9mi2 (23.3km2) data resolution, using training data

set. 1 is a perfect classifier.
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Figure C11: ROC curve for the model S5 wih 9mi2 (23.3km2) data resolution, using validation

data set. 1 is a perfect classifier.
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Figure C12: Validation of domestic well failure prediction
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Figure C13: Residuals of the selected model S5 wih 9mi2 (23.3km2) data resolution

Figure C14: Stochastic Partial Differential Equations (SPDE) result from R-INLA
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Figure C15: Residuals of selected model without the spatial random effects
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C8 Well Completion Reports Analysis

C8.1 Supporting figures

Figure C16: Evolution of well drilling for agricultural and domestic wells in the study area.In red

we highlight dry periods based on the San Joaquin River Index (dry).
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Figure C17: Evolution of well drilling for agricultural and domestic wells by groundwater subbasin

in the study area. In red we highlight dry periods based on the San Joaquin River Index (critical

dry).
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Figure C18: Median of completed drilled depths from the ground surface for agricultural and

domestic wells in the study area form 1970 to 2022.In red we highlight critical dry periods based

on the San Joaquin River Index (dry and critical dry).



203

Figure C19: Median of distance to bottom of screen location from ground surface level for agricul-

tural and domestic wells in the study area form 1970 to 2022.
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Figure C20: Distribution of well depths of domestic and agricultural wells by subbasin.
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Figure C21: Median of screen interval distance (bottom screen - top screen) for agricultural and

domestic wells in the study area form 1970 to 2022.
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Figure C22: Density of well yield for agricultural and domestic wells. This is reported from the

pumping test performed after the well is completed.

Figure C23: Density of well depth for agricultural and domestic wells.
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Figure C24: Density of well casing diameter for agricultural and domestic wells.

Figure C25: Density of well drawdown for agricultural and domestic wells. This is reported from

the pumping test performed after the well is completed.
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Figure C26: Number of domestic wells (1970-2022) by poverty index category

Figure C27: Number of reported dry wells (2014-2022) by poverty index category
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Figure C28: Domestic well depths by poverty index category

Figure C29: Total dry wells in the study area from 2014 to 2022
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Figure C30: Well depths of reported domestic dry wells in the study area

Figure C31: Well depths of reported dry wells in the study area by groundwater subbasin



211

C9 GSA scale Figures

Figure C32: Mean groundwater depth (in meters bellow surface) by groundwater subbasin from

2005 to 2022
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Figure C33: GSAs in the four subbasins of the study area
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Figure C34: Number of reported dry wells by GSA from 2014-2016 (A) and 2020-2022 (B)
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Figure C35: Mean groundwater depth (in meters bellow surface) by GSA in Tule subbasin from

2012 to 2022
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Figure C36: Mean groundwater depth (in meters bellow surface) by GSA in Kings subbasin from

2012 to 2022
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Figure C37: Mean groundwater depth (in meters bellow surface) by GSA in Madera subbasin from

2012 to 2022
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Figure C38: Mean groundwater depth (in meters bellow surface) by GSA in Kaweah subbasin from

2012 to 2022
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Figure C39: Drilled well depths (in meters bellow surface) by GSA



219

Figure C40: Mean centered surface water deliveries by GSA in Kaweah subbasin from 2012 to

2022

Figure C41: Mean centered surface water deliveries by GSA in Tule subbasin from 2012 to 2022
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Figure C42: Mean centered surface water deliveries in Madera subbasin from 2012 to 2022

Figure C43: Mean centered surface water deliveries by GSA in Tule subbasin from 2012 to 2022
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