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Abstract
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Land use land cover change (LULCC) patterns are constantly changing the Earth’s surface.
Growing population numbers and an increased demand for housing, energy and food have not only
expanded the human footprint into natural ecosystems but have also accelerated LULCC processes.
Climate-driven land cover changes due to prolonged droughts and shifts in temperatures and
precipitation patterns have also influenced the spatial configuration of land uses, and the distribution
of ecological communities. Natural and anthropogenic forces along with their feedbacks and
interdependencies are major drivers of global environmental change. Land use dynamics affect the
distribution, composition, condition and vulnerability of ecosystems, influence soil properties and
impact the livelihoods of people dependent on the productivity and health of the land and its natural
resources. Given future climate uncertainties and increased resource demands, it is important to study
land use change itself, understand the drivers behind land cover changes and assess the impacts of
LULCC processes on socio-ecological systems.
This dissertation investigates the causes and effects of land cover changes across various
ecosystems in California, exploring the linkages between human activities and landscape changes. The
first chapter provides a general overview of the framework that motivated my research, showcasing
ways through which land system science as a field has improved our understanding of the world.
The second chapter examines the role that land markets can play in conservation. Land
conversion from natural vegetation to other uses such as development or agricultural uses is a
dominant trend in California and results in habitat fragmentation, loss of natural ecosystems, loss of
ecosystem services, and atmospheric carbon (C) emissions. To investigate the effects that conservation
purchases have on C emissions and loss of vegetation, I analyze 73 conservation easements owned by
the California State Coastal Conservancy (SCC). I develop counterfactual scenario simulations that
show likely outcomes of land cover changes in the absence of conservation actions and calculate the
benefits of protecting these lands in terms of avoided C emissions and avoided vegetation loss. I base
my counterfactual scenario simulations on expert opinions gathered through property-specific
appraisal reports provided by the SCC. I combine the information found in these reports with a
comprehensive analysis of land cover changes in the vicinity of the areas studied to develop likely
pathways of rural development and/or agricultural conversion. In this chapter I show that measuring
the benefits of conservation purchases through the development of counterfactuals reveals that many
of the properties purchased by the SCC did not experience a high risk of being converted to
development and/or agricultural uses. A second important finding highlights that the location of the
property and its vegetation significantly influence the likelihood of conversion and associated avoided
carbon emissions. In particular high-carbon ecosystems, such as redwood forests, are less likely to
become developed than lower-carbon ecosystems, such as grasslands.
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In my third chapter, I study one of the natural disturbances ingrained in the history of
California: wildfire. With a landscape that is both fire prone as well as fire adapted, California often
experiences active fire seasons. Recent years have been marked by large, catastrophic fire events that
have burned hundreds of thousands of acres, destroying everything in their path, and affecting
numerous communities and ecosystems. Fire modelling efforts help us better understand fire behavior
and predict future fire occurrences. Conceptualizing fire-risk in fire prone landscapes and mapping
how this risk will evolve through time are key components in effectively managing forest ecosystems,
while minimizing and mitigating the impacts of large wildfire events. Yet, understanding the results of
fire models can be challenging and difficult to represent using traditional geographic techniques. Since
most of the variables that influence fire behavior are space and time variant, in this chapter, I propose
a new approach of interpreting modeled wildfire predictions in 3D - across a continuum of space and
time. Using modeled wildfire data created by Westerling (2018) and geographic information systems
(GIS) space time mining capabilities (the Space Time Cube and Emerging Hot Spots Analysis
functions), I identify different categories of wildfire hot spots and cold spots across California for
different time periods, between 2000 and 2100. Furthermore, I show how wildfire patterns affect
communities located at the wildland urban interface, and how wildfire hot spot patterns change across
California’s ecoregions. To aid in the understanding of modeled wildfire activity, I create 3D
visualizations to capture the evolution of fire activity. Adopting a space-time approach and identifying
areas where fire threat is predicted to increase in the future can help prioritize high risk areas and
direct fuel reduction and fire prevention efforts to vulnerable areas.
In the fourth chapter, I investigate the effects of land cover changes in agricultural landscapes
and study the main drivers behind these changes within one of the top agricultural producing counties
in California – Kern County. I document the factors that influence landowners’ decisions to allocate
their land in one of four main categories (nut trees, fruit trees, field & vegetable crops, and barren &
rangeland). To achieve this goal, I build a series of multinomial logit models with panel data. At the
parcel level, I analyze the effect of variables such as: parcel characteristics (size, slope, elevation), and
parcel location (distance to: urban areas, roads, canals, wells, and protected lands) on land use
transitions across a 10-year time interval (between 2008 and 2018). I further study the ways in which
climatic variables might influence land use transitions among the four categories previously defined
by documenting any noticeable trends in land cover changes associated with the extensive drought
that California has experienced between 2012-2016. A better understanding of the drivers behind land
use transitions is important in developing sustainable and resilient land management practices. For
example, the change from annual crops to perennial crops (such as the expansion of almond orchards)
has numerous repercussions for water use and for the environment. In addition to this, modelling land
use transitions enables the development of predictive models that show what future land cover might
look like. This is especially relevant in the context of climate variability (such as changes in the number
of frost days), water shortages (depletion of groundwater resources), and increased temperatures.
Throughout this dissertation, I explore ways in which geospatial techniques and land use
modelling approaches can be used to provide a roadmap for environmental policy and land
management. In the final chapter of this dissertation (Chapter 5), I discuss potential policy
implications, highlight avenues for future research, and provide suggestions for adaptive management.
Statistical and spatial land use modelling techniques can document the tradeoffs and feedbacks of land
conversion and provide key insights on land cover dynamics. This information can be further used to
reach conservation goals, improve management of working landscapes, and enhance ecosystem
resilience to climate-related stressors.
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CHAPTER 1. Introduction
Land System Science as framework for studying local and global change
Whether it is building settlements, harvesting resources, or clearing land for agriculture,
humans have always modified their surroundings (Foley et al. 2011; Ellis et al. 2013). Land use and
land cover changes fueled by growing demand for housing, food and natural resources, and climatedriven land use modifications impact the structure and function of ecosystems worldwide as well as
the communities that rely on them. The term land cover broadly encompasses the distribution of
biological and physical features of the land surface (including vegetation, soil, water, and artificial
structures) (Meyfroidt 2016). The term land use refers to all the activities, inputs and arrangements that
produce, change or maintain a certain land cover type (Liang et al. 2012; Liping and Yujun 2018).
Together land use and land cover changes (LULCC) are complex processes that impact and transform
natural ecosystems and human communities (Brown and Polsky 2014; Corbello-Rico et al. 2015). In
my dissertation, I am interested in understanding how people modify landscapes and the interactions
between LULCC and climate. Figure 1 provides a conceptual framework of land use land cover change
processes along with their biophysical and socio-economic drivers and feedback. The interaction and
feedbacks between anthropogenic LULCC and climate driven changes are represented as distinct
forces of change within the land system. While variables classified as spatial determinants play a role
as both biophysical drivers (such as terrain slope, elevation) as well as socio-economic drivers (such
as location and zoning). The impacts of LULCC can be felt in terms of changes in ecosystems services,
impacts to local flora and fauna, increased atmospheric carbon emissions, changes to food production,
and even changes to water quality and watershed health among other things. In this introduction
chapter, I present land system science as a framework for understanding global and local change and
provide the theoretical background behind the development of the field. I discuss important
challenges in studying land systems (global challenges as well as California specific challenges), and
briefly describe the ways in which my dissertation chapters contribute to the study of LULCC.
The emergence of land system science
Using an interdisciplinary approach, the field of land system science seeks to understand
changes in land systems, human induced transformation of ecosystems and landscapes, and associated
changes in land cover. Land systems encompass all the terrestrial components and processes of the
Earth along with the human activities and uses of the land, and their associated socio-economic and
ecological implications (Verburg et al. 2015). Land system science analyzes LULCC dynamics as
coupled human–environment systems and identifies the drivers, consequences, and different
dimensions of global environmental change, while also providing solutions for a sustainable future
(Turner et al. 2007; Rounsevell et al. 2012; Verburg et al. 2013; Meyfroidt 2016). Recognizing the
impact of human actions on global change processes, the research framework has been expanded to
not only study the natural processes modifying the landscape, but also to identify the anthropogenic
drivers behind these processes and feedbacks between the two (Ellis et al. 2013; Verburg et al. 2015).
Land System Science can trace it roots to early models and theories of land use developed in
the beginning of the nineteenth century. During that time, scholars questioned the relationship
between the spatial characteristics of managed lands and their associated value. The first formal
models of land use can probably be credited to David Ricardo, an English economist, who in 1817
developed the concept of economic rent of the land defined as the surplus earning above the costs
necessary to deploy and use a resource (Ricardo 1817). The difference in land productivity was
perceived as a critical feature tied to land fertility, opportunity costs of production, and distance to
1

markets. Under this theory, the most fertile land located closest to markets would be used first, and
produce the most economic gains. As more land becomes used for cultivation, agricultural production
becomes pushed to distant, less fertile lands which do not provide any surplus (or profit) to the
landowner (Ricardo 1817).
In 1826 the German economist Johann Heinrich von Thünen developed a model of
agricultural land use which directly describes the relationship between markets, production, and
distance. The theory significantly contributed to the development of spatial economics and highlighted
the important role of location as a factor of land use changes, consideration which is still relevant
today (Sorka et al. 2018). Von Thünen model hypothesized that different land uses would develop
around a city directly influenced by the distance to the city center. Illustrated as a set of four concentric
rings of agricultural production surrounding a city (1. vegetable and dairy production; 2. forest; 3. field
crops; and 4. ranching and animal products) the placement of the different land uses directly took into
account the perishability of the products and the difficulty of transporting these goods to trade
markets within the city (von Thünen 1826; O’Kelly and Bryan 1996). The concept that the use of land
was determined by rent (perceived as the income from agricultural production minus production
costs) was a central pillar in the way humans perceived and managed land systems, and is also relevant
to modern issues related to rural land use allocation and urban-rural conversions (Sorka et al. 2018).
The seminal contribution of Ricardo and von Thünen to land system science, have linked land use
decisions with economic theory. Their early work has established the foundations of rent theory,
highlighted the importance of spatial constraints, and examined the allocation decisions in terms of
landowner’s incentive for utility maximization (Sorka et al. 2018). These conceptual frameworks have
further developed through time and are still used today.
Theories of land use have been closely linked to the relationship between population,
environmental resources and the determinants of economic growth, because land provides the base
for these activities. At a time when the world was experiencing acute food shortages, Thomas Malthus,
an English economist, argued that increases in population would exert pressures on the environment,
leading to a shortage of goods and resources, and ultimately contributing to society’s collapse (Malthus
1986; Lemmen 2014). He highlighted the unsustainable thresholds of population growth, arguing that
rapid (exponential) population growth paralleled by much slower (arithmetic) growth in food supply
would lead to land scarcity and overexploitation of limited resources (Montano and Garcia-Lopez
2020). Ricardo, on the other hand, maintained the idea that increased population pressures would
create incentives to innovate in order to meet increasingly high resource needs, however, he warned
that the demand for more land would lead to declining marginal benefits due to the increasing high
costs of renting the land (Ricardo 1951 – 1973; Lemmen 2014). The two different worldviews have
fueled the development of different systems of thinking about LULCC, and still shape the way we
perceive and manage land resources.
Theories that explained the relationship between population growth, production,
consumption and land have further evolved through time. While Malthusian worldviews cautioned
about the positive feedbacks between increases in population and productivity in a world of limited
resources, Boserup (1965) highlighted the intensification component of productivity increases and the
positive role of population growth (Lemmen 2014). Boserup argued that the benefits of investing in
intensive production systems are often small, and they need to be stimulated by increasing population
pressures (Lemmen 2014). Therefore, population growth becomes a key component in the cycle of
production, triggering the development and use of new and more efficient technologies and resulting
in intensive agricultural production (Boserup 1965; Turner and Fischer-Kowalski 2010; Lemmen
2014).
Many of today’s scientific debates – agroecology vs industrial agriculture, land sharing vs land
sparing, intensification vs extensification, conservation vs preservation, and others, can be traced back
2

to these theories. Yet, in a globalized world, new theories have also emerged to describe land use in a
connected world. These include telecoupling (interactions between distant coupled human and natural
systems) (Liu et al. 2013; Munroe et al. 2018), social-ecological systems frameworks ((SES) linking
human and natural components as complex adaptive systems that interact at different levels) (Turner
et al. 2007; Ostrom et al. 2009), ecosystem services frameworks (emphasizing the benefits that humans
derive from ecosystems)(Daily et al. 2009; Power et al. 2010), and frameworks that include the
underlying drivers and proximate causes of global environmental change processes (Geist and Lambin
2002; Verburg et al. 2015; Meyfroidt et al. 2018).

Land System Science & LULCC
Land system dynamics are important because of their direct relationship to the planet’s
fundamental processes (Liang et al. 2012). Research has shown that LULCC have impacted land
productivity and energy cycles (Liang et al. 2012), modified physical hydrology (Khadka 2014),
influenced land-atmosphere interactions (Brown et al. 2014), altered the planet’s climate forcing
(Deveraju and Nemani 2015), regulated biogeochemical flows (emission of greenhouse gasses and
aerosols), and influenced biogeophysical feedbacks (Ellis et al. 2013; Brown et al. 2014). These
observations have led to increased research efforts directed towards: monitoring land cover transitions
(Mas 1999; Brown and Polsky 2014; Lossou et al. 2019), exploring the drivers of land cover change
(Li et al. 2003; Lewis and Alig 2014; Corbelle-Rico et al. 2015; Piquer-Rodríguez et al. 2018), analyzing
the trends and drivers behind land conversions in agricultural settings (Hazel and Wood 2008;
Ramankutty et al. 2018 ), predicting future land use change (Vedkamp and Lambin 2001; Dar and
Sarkar 2019), and studying the effect of land use governance and policy instruments on LULCC (Millar
et al. 2007; Radeloff et al. 2012; Lambin et al. 2014). The interaction between land use and climate has
also been extensively analyzed. Studies exploring the effects of climate on land use change (Brown et
al. 2014) and analyzing the vulnerability of crops to climate (Baldocchi and Wong 2008; Lin et al. 2008;
Lobell et al. 2014; Welch et al. 2010; Parker et al. 2019), have deepened our understanding of climate
driven land cover modifications (Lambin et al. 2003; Brown and Polsky 2014). Nature-based solutions
(NBs) such as management of natural landscapes to increase their carbon storage capacity, preventing
land conversion, and rehabilitation and restoration of ecosystems, have gained attention as potential
pathways for emission reduction and climate change mitigation (Cameron et al. 2017; Griscom et al.
2017; Keesstra et al. 2018).
Interdisciplinary approaches have been developed to study LULCC as coupled human–
environment systems analyzing both the drivers and the consequences of these changes in the context
of global environmental change (Turner et al. 2007; Verburg et al. 2013). Significant advances in the
study of LULCC processes have been fueled by the development of remote sensing (Cohen and
Goward 2004; DeFries 2008; Liang et al. 2012), statistical modeling (Sun and Robinson 2018), and
geospatial analysis techniques (Lossou et al. 2019; Fichera et al. 2017; Liping and Yujun 2018). In
addition, increased computational capacity (Rounsevell et al. 2012), and increased availability of data
(Xie et al. 2008; Wulder et al. 2012) have enabled the study of land change processes at different
temporal and spatial scales. Despite the vast body of literature dedicated to studying land systems,
numerous challenges remain in analyzing the causes and consequences of LULCC at global and local
scales (Verburg et al. 2011; Rounsevell et al. 2012).

Global Land Use Challenges
Land use decisions will play an important role in meeting a number of global challenges
including food security (Hazell and Wood 2008; Lin and Hunag 2018; Ramankutty et al. 2018), climate
change impacts (Brown and Polsky 2014; Ackerly et al. 2015), resource scarcity (Lambin and Meyfroidt
2011), biodiversity loss (Heller and Zavaleta 2009; Phalan et al. 2011) and trade-offs associated with
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different management goals (Butsic et al. 2011; Rounsevell et al. 2012; Heller and Hobbs 2013). This
section introduces these challenges from a land systems perspective.
Agricultural production
The expansion of crop and pastoral land in natural ecosystems is a main driver of global
environmental change (Climate Institute 2010; Lambin and Meyfroidt 2011). Agricultural
intensification has been linked to destruction of wildlife habitats, and disruption of ecological
communities, nutrient runoff, sedimentation, pesticide pollution, and loss in ecosystem services
(Power 2010; Kanianska 2016; Lin and Hunag 2019). Habitat fragmentation, carbon emissions,
desertification and soil erosion are also consequences of agricultural land conversion (Foley et al. 2005;
Zabel et al. 2019). As agriculture becomes the dominant form of land management, broad-scale land
cover changes have strong implications for natural ecosystems, wildlife, and for the global climate
(Tilman 1999; Lubowski et al. 2007; Power 2010; Kanianska 2016). Mitigating the tradeoffs between
food security and environmental conservation raise multiple challenges to socio-ecological systems.
Finding the balance between managing agricultural landscape to produce optimal economic output
while simultaneously maintaining the biotic diversity and ecological properties of the land is a critical,
yet challenging task.
As outside influences impact local land use decisions, discrepancies between agricultural
potential and food demand (Hazel and Wood 2008) further create positive feedbacks, leading to
increased challenges for sustainable land management and food security. Therefore, in studying
LULCC it is important to analyze land systems as open systems influenced by a set of global scale
factors (Lambin and Meyfroidt 2011), which result in local environmental changes, consequences and
challenges. Land system science provides the theoretical framework to examine the underlying causes
of agricultural expansion and intensification by integrating data about land systems with
socioecological dynamics (Iwamura et al. 2018). Since land use transitions in agricultural areas have an
array of socio-economic and ecological implications, studying the spatial patterns of land use
conversions can reveal important information for land management decisions, policy actions and
conservation plans. For example, analyzing the motivations of individual agents who make the
underlying land use decisions (Wimberly et al. 2017) is essential in designing adaptive approaches in
the face of climate realities. At the same time, using land use models to better identify the socioecological implications of land management actions helps state and local decision makers, and
promotes a scientific understanding used in the design of sustainable agricultural practices.
Climate
Changing climate adds another layer of complexity to LULCC. Droughts, changes in
temperatures and precipitation patterns, extreme climate events, and changes in the frequency and
intensity of wildfires have impacted land systems worldwide (Lambin et al. 2003). LULCC processes
play a central role in the land atmosphere interaction, and therefore, contribute directly to climate
change. LULCC affect atmospheric greenhouse gas concentrations and influence surface albedo
which impacts surface‐atmosphere energy exchanges, atmospheric circulation patterns and the global
climate (Verburg et al. 2011; Houghton et al. 2012; Kanianska 2016). Land cover changes and land
management are important factors in the global carbon balance influencing the relationship between
carbon sources and sinks (Houghton and Nassikas 2017; Ackerly et al. 2018). Land management
practices that conserve and enhance carbon storage in carbon rich ecosystems while preventing
atmospheric carbon emissions, can help mitigate climate change (Silver et al. 2010; Verburg et al. 2011;
Cameron et al. 2017; Ontl et al. 2020).
Widespread climatic changes have impacted both agricultural and forested lands putting
additional stress on natural ecosystems and managed landscapes. In agricultural systems, increased
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temperature averages over the growing season pose significant challenges for future agricultural
production since high temperatures that coincide with critical phases of the crop cycle can dramatically
lower yields (Lin et al. 2008). Extreme climate events also significantly threaten crop production
(Powell and Reinhard 2016). In forested ecosystems, climate change dynamics coupled with other
anthropogenic stressors (such as habitat fragmentation) lower the resilience of forests to respond to
and cope with disturbance events (Thompson et al. 2009). Changing climate variables also influence
the spatial configuration and composition of the landscape by influencing vegetation dynamics and
creating changes in fire regimes and fire behavior (Keeley and Syphard 2016; Keyser and Westerling
2017; Schoennagel et al. 2017). Therefore, analyzing climate driven land cover modifications (Lambin
et al. 2003), investigating crop vulnerability to climate (Lin et al. 2019) and understanding the
motivations of individual agents who make the underlying land use decisions (Wimberly et al. 2017)
is essential in designing adaptive approaches in the face of climate realities. This is particularly
important since climate variability is expected to disproportionally affect some areas as opposed to
others (Elsen et al. 2020).
Biodiversity
Biodiversity decline is considered one of the most important global environmental problems
of the twenty-first century (Meir et al. 2004; Heller and Zavaleta 2009; Rounsevell et al. 2012). Land
use changes have significantly impacted biodiversity, contributing to the loss of natural habitats and
affecting many taxonomic groups (Fischer and Lindenmayer 2007; Langpap and Wu 2008; Radeloff
et al. 2008). The spatial configuration of land use and land cover influences many important aspects
of environmental quality impacting ecosystem services (Lewis and Plantinga 2007; Power 2010;
Kanianska 2016). Changing climatic parameters with increases in average temperatures, increased
atmospheric CO2 and changes in precipitation patters, have added stress to biological communities,
forcing species to adapt or relocate (Midgley et al. 2007; Ackelry et al. 2015) and raising significant
challenges to existing biodiversity protection strategies (Heller and Zavaleta 2009). In addition,
population density, expansion of urban areas, and conversion to agriculture have been identified as
the primary threats to biological diversity (Underwood et al. 2008).
Despite the numerous challenges to biodiversity conservation, concepts derived from land
system science have significantly enhanced conservation strategies and protection of ecological
diversity. Land system science has contributed to biodiversity conservation frameworks by exploring
concepts and recognizing issues related to the tradeoffs in land uses (land sharing vs land sparing) and
by providing fundamental insights used in systematic conservation planning (SCP) (Iwamura et al.
2018). Land system science concepts can enhance systematic conservation planning by effectively
integrating the social context, human agency, and dynamics social-ecological processes within land
systems (Kukkala and Moilanen 2013; Iwamura et al. 2018). Core biogeographic-economic concepts
(such as replacement cost, cost-effectiveness, complementarity, threat, vulnerability, effectiveness, and
efficiency among others) have been included in spatial conservation prioritization and have guided the
design of reserve networks (Kukkala and Moilanen 2013). Furthermore, a deeper understanding of
species richness distribution across landscapes have significantly contributed to our understanding of
ecological systems and enhanced biodiversity protection measures (Maskell et al. 2019).

California Land Use Challenges
Many of these global land use challenges are playing out in California. Increases in the state’s
population (Johnson and Mejia 2020), global changes in demand for resources and agricultural
commodities (Goldhamer and Fereres 2017), and increased climate related stressors (Cooley et al.
2015) have added pressures to land systems throughout the state. To mitigate unwanted effects of
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land conversion, land management strategies need to balance an increase demand for housing, food,
and open space, and manage associated trade-offs across these competing land uses.
Housing
A growing population has added demand for housing, raised land prices, and increased
exposure to climate related hazards. According to estimates by the California Department of Finance,
California’s population grew by 7.3% (or 2.7 million) from 2010 to the end of 2019 (Public Policy
Institute of California 2020) adding new challenges and vulnerabilities across California’s land systems.
First, a growing demand for housing has forced communities to expand into vulnerable areas. The
expansion of the wildland urban interface (WUI) has exposed communities, built infrastructure and
transportation networks to wildfires, threatening economic, social, and cultural assets (Syphard et al.
2007; Bryant and Westerling 2012; Radke et al. 2018). Approximately 85% of Californians are living
or working in areas affected by sea level rise, with coastal population densities expected to increase in
the near future (Melius and Caldwell 2015). Second, increased development pushed the urban fridge
to encroach on numerous ecosystems, contributing to habitat fragmentation, degradation and changes
in ecosystem structure and function (Hiner 2016). Third, a rising trend in demand for housing has
raised land prices, adding additional challenges to conservation organizations that purchase lands to
protect open space, and making housing unaffordable for many (Taylor 2015). Land prices on the
California’s coast are among the highest in the country, and as expected, areas characterized by a high
likelihood of land use conversion also have a high cost of land protection (Taylor 2015; Wilson et al.
2015).
Food production
The states’ fertile soils and Mediterranean climate facilitated the development of a productive
agricultural industry (Soulard and Wilson 2013; Olmstead and Rhode 2017). In recent years, climate
variability has impacted agricultural systems across California. Unpredictable changes in temperatures
and precipitation patterns, increased likelihood of persistent drought conditions, more frequent and
intense floods, earlier spring snowmelt, and even higher crop water demands are some of the
challenges to the agricultural sector (Cooley et al. 2015; Wilson et al. 2016). Increasingly warmer and
drier conditions, along with prolonged water shortages have resulted in shifts in cropping patterns and
reduced yields (Cooley et al. 2015; Medellín-Azuara et al. 2016; Sanchez 2017).
Another important threat to food security is the loss of farmland to development (Carlisle et
al. 2019). California’s growing population has raised the demand for food and has placed increased
pressures on the development of agricultural land for nonagricultural purposes (AB-823 Environment:
California Farmland Protection Act 2014). Between 1984 and 2014, approximately 1.4 million acres
of farm and grazing land were lost (State of California Department of Conservation 2015; Carlisle et
al. 2019). Even though several California counties and cities have farmland retention policies as part
of their general plan (Thompson et al. 2009), according to the 2008-2010 California Farmland
Conversion Report approximately 25% of the new urban land developed was converted from irrigated
farmland (Penberth et al. 2014). Increasingly large areas of prime farmland are lost to urban expansion
since California cities have been historically placed in fertile areas and the new urban development is
occurring on the urban fringe (Thompson et al. 2009). Therefore, land planning and sustainable urban
development are central components in preventing future losses of essential agricultural areas.
Biodiversity
Due to its topography, unique geography, climate, geologic history and size, California displays
remarkable ecological and biological diversity (California Department of Fish and Wildlife 2020).
However, more than 30% of California’s species are threatened with extinction (California
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Department of Fish and Wildlife 2020). The conversion of natural habitat to urban settlements and
associated changes in land use have contributed to habitat fragmentation and isolation, increased
pollution, and invasions by nonnatives (Syphard et al. 2011; Wilson and Sleeter 2015). While the extent
and spatial pattern of urban development determines the degree of habitat modification, areas located
at the edges of urban centers are among the most likely to experiences significant landscape changes,
shifts in biotic assemblages, and loss in species diversity (Syphard et al. 2011; Norton et al. 2016). Land
use management also plays a role in changes in fire regimes and fire behavior (Keeley and Syphard
2016). Fire suppression lead to uncharacteristically high accumulations of fuel loads, contributing to
the development of catastrophic wildfires that impact numerous communities and ecosystems
(Hurteau et al. 2014; Keeley and Syphard 2016). Even though California’s ecological communities are
both fire prone and fire adapted, changes in the frequency and severity of fire seasons can
detrimentally impact ecological assemblages and lower ecosystem resilience (Schoennagel et al. 2017).
Predictive models show that some vegetation types such as the California sage scrub (threatened
species in the California Floristic Province) are likely to experience increased rates of conversion as a
result of intensive development and agricultural conversion (Riordan and Rundel 2014). Therefore,
LULCC are critical components affecting biodiversity and contributing to changes in species
distributions, loss of flora and fauna and decline in ecosystem health.

Methodological challenges
Multidisciplinary approaches and modelling frameworks have significantly improved our
understanding of land system transitions and interactions. While land systems science has adequately
grown to incorporate complex land use models and sophisticated modelling approaches,
methodological challenges still persist (Rounsevell et al. 2012; Magliocca et al. 2015; Meyfroidt et al.
2018). Some of these challenges are related to 1) data availability, 2) the difficulty of establishing causal
relationships, 3) modelling feedback mechanisms and 4) designing effective visualization methods.
The issue of data availability, resolution, and scale are critical to understanding land systems.
Gathering data at appropriate spatial and temporal scales often raises significant challenges due to
inconsistencies in data collection, frequency, reporting and formatting (Erb et al. 2017). Studying
global change processes and interactions is often hampered by insufficient data availability at the scale
and detail needed for analysis (Verburg et al. 2015; Pongratz et al. 2018). Oftentimes, limited data
reporting and lack of comprehensive field data can significantly affect the spatial modelling framework
and the reliability of model results (Kuemmerle et al. 2013; Grassini et al. 2015; Erb et al. 2017). When
studying system changes or analyzing LULCC across large time frames, the availability of historical
data becomes extremely important in accurately documenting landscapes changes and attributes (Yang
et al. 2017).
Second, numerous methodological challenges stem from problems with identifying causality
(Meyfroidt 2016). Understanding the causal mechanisms behind land system changes represents a
unique challenge. Since LULCC are the result of multiple drivers acting at various scales ranging from
local scales (such as landowner’s land allocation decisions), to state and national scales (such as national
land use plans) (Parker et al. 2008; Lambin 2014; Verburg et al. 2015), it is difficult to accurately
identify the underlying factors behind LULCC. Since the flow of goods and services often crosses
country boundaries, the driving forces of LULCC are not restricted to fixed geographical locations.
This further complicates the study of proximate causes of lands use decisions (Geist and Lambin 2002;
Seto et al. 2012). In addition to this, a lack of systematic methods for causal inference, and the use of
multiple terms (such as driver, determinant, factor) that imply causal relationships without actually
articulating the nature of the relationships make it difficult to understand and quantify underlying
causal mechanisms (Meyfroidt 2016).
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Third, modelling complex feedback processes raises additional challenges to land system
science (Hersperger et al. 2011; Verburg et al. 2015). The complexity of human decision-making
coupled with the diverse characteristics of socioeconomic and biophysical systems complicates the
development of empirical land use models (Parker et al. 2008). Diverse, multi-scale feedback
mechanisms interacting at different spatial (local, regional, global) and temporal scales (often in
nonlinear ways) further confound socio-ecological relationships (Claessens et al. 2009; Hersperger et
al. 2011; Magliocca et al. 2015). Since, feedbacks are an inherent property of complex systems (Turner
et al. 2007), identifying the characteristics and feedback relationships between human and
environmental components remains an active area of research (Hersperger et al. 2011).
Lastly, challenges related to model visualization are important since they are directly tied to
the practical applicability of model results in influencing conservation planning and/or land
management strategies. Some of the challenges in data visualization are associated with incorporating
uncertainty (spatial and temporal), multi-dimensionally, visual clarity, coarse data resolution,
complexity, and size (Brown 2010; Grainger et al. 2016). For example, visualization of spatial
uncertainty (critical for spatial planning) can be displayed by using various color schemes, fuzziness
and transparency, however when adding a third-dimension design challenges remain (Grainger et al.
2016). Incorporating temporal uncertainty is also important especially in the context of global
environmental change processes. Effectively communicating temporal uncertainty is complicated by
the dynamic process and interactions that occur within land systems. Designing likelihood maps and
creating scenario-based visualizations can provide valuable information of potential future pathways
of change under different sets of variables (Grainger et al. 2016). Constructing effective visualizations
can reveal patterns, trends and connections, that would otherwise be difficult to interpret and
understand, significantly enhancing the application of land systems models. Therefore, designing
innovative ways to display model results can facilitate the dissemination of information and its use in
decision making and policy applications (Bishop et al. 2013; Sohl et al. 2013).

Dissertation structure
Topically, this dissertation improves our understanding of change within land systems in
California. Chapter 2 analyzes avoided land change and its associated implications for carbon
emissions. Chapter 3 explores fire trajectories and studies how understanding spatio-temporal patterns
in burning can help management, while Chapter 4 analyzes agricultural land use transitions for
different time periods. Each of these topics requires a different type of modelling framework to
examine and reveal change. Collectively the research presented in this dissertation contributes to the
field of land system science by not only developing novel approaches to study different aspects of
LULCC, but by helping us better understand change itself.
In Chapter 2, I focus on evaluating the outcomes of policies and management interventions
designed to reduce atmospheric carbon emissions. This is of particular importance since purchasing
land for conservation purposes and preventing land conversions is a potential adaptive mechanism to
slow anthropogenic CO2 emissions and preserve ecological communities. Nevertheless, the effect of
policies designed to reduce carbon emissions associated with LULCC is site-specific, and relatively
difficult to evaluate and quantify. To effectively assess and measure the success of carbon reduction
strategies I develop a novel method to understand the effectiveness of conservation programs. Using
information provided in written appraisal reports, and neighboring land conversion trends, I build
counterfactual scenarios that display potential landscape changes in the absence of conservation
measures. The counterfactual scenarios developed allow for the assessment of total avoided land
conversion and associated avoided carbon emissions.
In Chapter 3, I analyze predicted wildfire activity under two different emission scenarios and
create a new way of visualizing and understanding modeled wildfire activity. To help the interpretation
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of modeled fire activity I propose examining predicted wildfire occurrences in a three-dimensional
setting by simultaneously analyzing both spatial and temporal trends. Since many of the factors
influencing fire dynamics are variable in both space and time, using geographic information system
(GIS) space time mining capabilities (the Space Time Cube and Emerging Hot Spot Analysis
functions) reveals new information on potential wildfire hot spots based on the spatial and temporal
dynamics of modeled area burned across California. Displaying modeled wildfire activity in a threedimensional setting can aid in the discovery of new geographical patterns, compared to analyses that
rely solely on examining two points in time at two physical locations (Kelly-Voicu 2019). Examining
and visualizing the temporal progression of predicted wildfire occurrences provides valuable
information. This information not only highlights the areas and time periods that will likely experience
increased fire activity and can help direct resources to areas most vulnerable, but also improves our
ability to conceptualize what the future might look like under different climate realities.
In Chapter 4, I model agricultural transitions and examine the drivers of landscape change and
their relationship to climate-related stressors. I explore the relationships between agricultural
transitions and drought in one of the most productive agricultural counties in California, Kern County.
Since competing land uses, international commodity markets, resource scarcity and climate variability
often guide land management decisions, there are numerous challenges to understanding climate
related stressors and their relationship to land use decisions (Lambin and Meyfroidt 2011). Analyzing
trends in agricultural land use conversion is central in designing effective land management practices
and adaptive land conservation strategies. To document the predominant land use shifts in the area, I
analyze agricultural transitions in the periods before, during and after the recent drought period (20122016). I further build a series of multinomial logit models to examine the effect of parcel level
characteristics (such as elevation, slope, parcel size) and location (distance to roads, irrigation canals
and developed areas) in influencing the land allocation decisions during the three periods previously
defined. To spatially represent the landscape transitions, I build a series of transition probability maps
that illustrate the dominant trends in land use conversions in Kern County.
In Chapter 5, I summarize the key findings and main concussions of the research presented
throughout my three chapters previously described. I relate my findings and methodological
approaches to a larger body of literature, and briefly discuss key research needs and potential future
directions.
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Figure 1. Conceptual framework of land use land cover change drivers, impacts, and interactions.
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CHAPTER 2. Avoided land use conversions and carbon loss from
conservation purchases in California
This article has been published previously and is reproduced here with permission from co-authors and the Graduate
Division
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carbon loss from conservation purchases in California. Journal of Land Use Science, 13(4), 391–413.
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Abstract

Conversion of natural lands to residential and agricultural uses can limit carbon (C) storage.
Conservation measures, such as purchasing land to prevent development, can preserve stored
aboveground C. However, since it is diﬃcult to know what would happen to the land in the absence
of conservation interventions, the additional carbon beneﬁt of these programs remains unknown.
Therefore, we analyzed 73 coastal parcels (292,184 total acres) acquired by the California State Coastal
Conservancy (SCC) and developed counterfactual scenarios to highlight the impact of conservation
actions. We found that an additional 55 * 103 Mg aboveground C (1.357% of the total stored carbon)
was protected. The methodology we develop here, which incorporates expert opinion and neighboring
land conversion trends, eﬀectively evaluates the impact of conservation purchases to prevent land
conversion and could be used to measure changes of various ecosystem services.

Keywords: land conservation; counterfactual analysis; avoided carbon emissions; California State
Coastal Conservancy; highest and best use of land.
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Introduction
As the human population continues to grow, and consumption patterns change, more land is
needed to meet an increasing demand for food and housing (He et al. 2016; Nelson et al. 2010;
Radeloﬀ et al. 2005; Wilson et al. 2015). Land use decisions, whether they refer to changing existing
land management practices, or converting natural landscapes for human use, can fundamentally
change ecosystem health, balance, and species composition (Foley et al. 2005; Turner et al. 2007; Ellis
et al. 2013). This impacts the future resource base, the global climate, and the natural capital of many
regions (Ellis et al. 2013; Foley et al. 2005; Houghton and Goodale 2004; Lambin et al. 2003; Lambin
and Meyfroidt 2011; Sleeter et al. 2011). Urban development and agricultural expansion are two of the
leading causes of land cover change (Cameron et al. 2014; Radeloﬀ et al. 2005; Swenson and Franklin
2000) resulting in habitat loss and fragmentation (Fischer and Lindenmayer 2007; Swenson and
Franklin 2000), environmental degradation (Butsic et al. 2012), and loss in ecosystem services (Butsic
et al. 2017; Eigenbrod et al. 2011; Guo and Giﬀord 2002; He et al. 2016; Nelson et al. 2010).
Inﬂuenced by a suite of socio-economic, geologic, and biophysical processes, dynamic coastal
environments are among the most vulnerable regions to rapid land use land cover changes (LULCC)
(Riordan and Rundel 2014; Rounsevell et al. 2012; Risk and Resilience in Coastal Regions 2013; Wilson
and Fischetti 2010). In the United States, the rate of change recorded for coastal land cover is twice
that of the rest of the country (NOAA – Oﬃce for Coastal Management 2017). In California,
increased residential development and agricultural expansion have contributed to signiﬁcant land
cover changes in coastal areas (Hale et al. 2009; Merenlender 2000; Potter 2013; Sleeter et al. 2011;
Wilson et al. 2015). Land cover changes that convert natural vegetation to either developed or
agricultural uses not only dramatically change the landscape, ecology, and scenery of the coastal region
(Merenlender 2000; Newburn et al. 2006), but also impact the regional carbon budget by altering the
carbon storage capacity of coastal ecosystems (Houghton and Nassikas 2017; Pielke et al. 2002).
Since regional carbon (C) storage is closely related to the productivity and climate regulation
capacity of terrestrial ecosystems, land cover changes aﬀect the carbon storage capacity of natural
lands, while inﬂuencing the balance between carbon sources and sinks, changing the carbon storage
capacity of natural lands, and contributing to increased atmospheric C emissions (Brown et al. 2014;
Eigenbrod et al. 2011; He et al. 2016; Houghton et al. 2012; Liu et al. 2009). Even though estimates
of the net annual emissions of carbon from LULCC vary due to the diﬀerent methodologies used to
calculate emissions, and due to the diﬃculties of separating direct causes from natural and indirect
eﬀects (Houghton et al. 2012), it is widely recognized that changes in land cover will inﬂuence the
trajectory of atmospheric CO2, and will impact the rate of global climate change in the coming century
(Houghton et al. 2012; Mahmood et al. 2010; Nelson et al. 2010).
California is one of the few jurisdictions in the United States to enact mandatory greenhouse
gas emissions reductions, with pioneering eﬀorts aimed at conversion to clean energy and ambitious
carbon emission reduction goals (Gonzalez et al. 2015). In 2006, the Global Warming Solutions Act
(Assembly Bill 32), marked the beginning of an integrated climate change program, creating a
comprehensive multi-year plan to reduce and limit greenhouse gas (GHG) emissions (ARB 2017).
Assembly Bill 32 (AB 32) set California’s ﬁrst GHG target which mandated the reduction of emissions
to 1990 levels by 2020 (ARB 2017). Adhering to the Paris Agreement goals, Executive Orders B-30–
15 and SB 32 extended the goals of AB 32 and called for the doubling of the emission reduction rate,
aiming for additional 40% reductions from 2020 to 2030 (ARB 2017). The state’s aggressive emission
reduction goals have sparked interest in assessing the carbon storage capacity of terrestrial ecosystems
and quantifying the impact that land use decisions have on the regional carbon cycle. Since California’s
coast redwood forest (Sequoia sempervirens) represent ecosystems with high carbon densities (Gonzalez
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et al. 2015), conservation and strategic management of these lands can potentially play a critical role
in climate mitigation eﬀorts at regional, and even global scales.
Understanding the eﬀectiveness of conservation programs remains a challenge however,
because conserved lands are not random in nature, making regression analysis oftentimes
inappropriate. To get around this issue, counterfactual analysis creates a non-observable case and
compares it to an actual case to determine the eﬀect on an intervention (Caplow et al. 2011; Ferraro
and Pattanayak 2006; He et al. 2013). This method is often used when assessing the eﬀectiveness of
protected areas, and in the process of analyzing the outcome of land use policy changes (Ferraro and
Pattanayak 2006; He et al. 2013; Jones and Lewis 2015). Diﬀerent techniques exist for developing
counterfactual scenarios, including matching (Andam et al. 2008), statistical modeling (Jones and
Lewis 2015; Mondal and Southworth 2010), and scenario building (He et al. 2013).
Established in 1976, the California State Coastal Conservancy (SCC) was created by the
California State Legislature to promote open space conservation across California’s coastal lands. The
goals of the SCC directly stem from the California Coastal Act of 1976. The legislation stipulates the
importance of protecting the coastal zone from deterioration and destruction, and the importance of
maintaining its ecological balance, and scenic properties. Throughout the language of the Act, Section
30,001, the coastal environment is designated as a distinct and valuable natural resource with a
delicately balanced ecosystem Public Resource Code, Division 20, California Coastal Act, (2018) With
the goal of protecting, preserving, and restoring the coastal resources of the State, the SCC has
purchased more than 400 properties of wildlife habitat, recreational lands, farmland, and scenic open
space (State of California Coastal Conservancy 2017). Therefore, focusing on a subset of some of the
largest SCC acquisitions, we addressed the following questions:
1) How much land conversion was avoided by SCC purchases?
2) What were the main vegetation types prevented from converting to other uses?
3) How much aboveground C loss was avoided by SCC purchases?
To address these questions, we analyzed 73 coastal parcels (the largest properties by acreage,
and the ones that had suﬃcient appraisal information available) purchased by the SCC. We designed
a novel approach to building counterfactual land use scenarios by incorporating detailed appraisal
reports solicited by the SCC, documents that stipulated the highest and best use of the land in the
absence of conservation actions. We believe that including this information in the design of the
counterfactual landscape provides a compelling perspective on the highest valued alternative use of
the land, given exiting market demands and developmental pressures at the time when the properties
were purchased for conservation purposes. By estimating the amount, and type of vegetation that was
prevented from conversion as a result of conservation purchases, the results of our analysis provide
insight on the elements that shape the relationship between local land use decisions and the regional
carbon budget. We chose to develop a new method rather than using an existing method such as
diﬀerence-in-diﬀerences models (Puhani 2012) for two main reasons. First, for many of the properties,
historical parcel data for the surrounding area does not exists. Many municipalities do not have digital
parcel layers from the date when the SCC properties where purchased, making the use of econometric
models diﬃcult. More importantly, many of the SSC parcels are exceptional for their size and natural
state. Therefore, it would be diﬃcult to ﬁnd valid ‘control’ parcels with which to compare the SSC
parcels in an econometric framework. Given these diﬃculties, we believe the HBU from the appraisal
reports represents the most accurate method to calculate avoided conversions.
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Materials and methods
Study area
Throughout California, across 22 coastal counties, the SCC has conserved over 370,000 acres
by purchasing lands threatened by development through fee titles and easements (Figure 1). These
lands encompass an array of properties, varying in size, and characterized by a mosaic of topographies
and vegetation types – including grasslands, wetlands, dunes, coastal sage, chaparral, oak woodlands,
deciduous and evergreen forests, and coast redwood forests (State of California Coastal Conservancy
2017).
Data
To model land cover, we used geospatial data from the Landscape Fire and Resource
Management Planning Tools (LandFire) (Ryan and Opperman 2013). The LandFire program is an
interagency collaboration between the U.S. Department of Agriculture Forest Service and U.S.
Department of the Interior initiated in response to the threat of mega-ﬁres and designed to provide
consistent landscape scale data to help cross-boundary planning and land management (LandFire n.d.).
The LandFire database provides a comprehensive set of quantitative vegetation models and
nationwide digital spatial data layers (30 m resolution) on vegetation cover, ﬁre, disturbance regimes,
and fuel loads (Ryan and Opperman 2013). To eﬀectively document land cover changes through time,
we focused on diﬀerences in vegetation cover between the years 2001 and 2010. Among the properties
studied, 39 were purchased during this time period (see Table A1 in Appendix). We chose this speciﬁc
time frame because the aboveground C data (used to estimate the amount of avoided C emissions)
was calculated by Gonzalez et al. (2015) for the time period 2001–2010.
Second, to quantify the aboveground C storage capacity of diﬀerent vegetation types we used
1,083 biomass classes created from the LandFire data layers through the work of Gonzalez et al.
(2015). The biomass classes represented a classiﬁcation of vegetation cover that reﬂected the estimated
amount of carbon stored in its biomass. Speciﬁcally, Gonzalez et al. (2015) used a classiﬁcation of
vegetation type, height, and cover, combined with calibrated measures of carbon density for each class
to assign carbon biomass values to vegetation pixels. The algorithms used estimated the vegetation
height and fractional cover for each pixel using a series of ﬁeld observations and inventory plots, along
with reﬂectance from several Landsat spectral bands (Gonzalez et al. 2015). Since changes in land
cover and vegetation height were reﬂected in the Landsat imagery, the resulting vegetation
classiﬁcation algorithm grouped existing vegetation in classes based on ranges of height (i.e. for the
grassland vegetation class the distinction was made between herbs 0–0.5 m, 0.5–1.0 m, and > 1 m), as
well as cover.
Diﬀerences in vegetation type, height, and cover inﬂuence the amount of stored aboveground
C in a particular vegetation type, therefore, vegetation types were grouped based on these
characteristics. For example, the grassland vegetation class was separated into three distinct classes: 1)
grassland class characterized by herb cover less than 20%, 2) grassland class with herb cover between
20% and 40%, and 3) grassland class characterized by herb cover between 40% and 100%. Other
vegetation classes (such as coast redwoods) had similar sub-class distinctions based on their height
and cover, however not all of them were grouped into separate classes. For instance, unlike the
grassland vegetation class, the mesic chaparral vegetation class was not further split into diﬀerent
vegetation classes, rather, it encompassed all shrubs taller than 3 m (see Table A2 in Appendix). The
distinction between vegetation types based on the type, height, and percent cover was done solely for
natural vegetation cover (excluding agricultural and urban areas). Gonzalez et al. (2015) assumed that
land cover types such as: agriculture (including vineyards), urban development, infrastructure, and
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roads, had zero aboveground C storage potential. We used this biomass data to calculate the amount
of avoided vegetation conversion, and the amount of avoided C emissions.
Third, to deﬁne the geographic extent of the area studied, we used spatial data provided by
the SCC. The data included a dataset containing the spatial boundaries of 407 land parcels purchased
by the Conservancy. The properties were purchased between 1978 and 2017 and varied in size from
less than 1/10 of an acre to 80,733 acres (the largest acquisition being Hearst Ranch). We analyzed a
subset of 73 properties, some of the largest acquisitions for which suﬃcient property appraisal data
was available (Figure 1). These properties are a representative group among the SCC acquisitions in
terms of their topographic and land cover characteristics, having similar dominant vegetation classes
as the ones found on the other SCC acquisitions not studied (Table 1). According to the HBU section
of the appraisal reports, among the 73 acquisitions studied, 57 properties would have experienced
some amount of conversion had they not been purchased by the SCC for conservation purposes. We
developed our counterfactual scenario simulation based on these 57 properties and assumed that no
land conversion would occur on the other 16 acquisitions. Among the 57 properties, the mean
property size was 4,175 acres, and the median size was 1,293 acres. These lands were purchased
between 1991 and 2016 (Table A1 in Appendix). In total, our analysis included approximately 292,184
acres of the 381,156 acres (across all SCC acquisitions), approximately 76.7% of the total land owned
by the SCC.
Property appraisal data was also provided by the SCC in the form of electronic and printed
appraisal reports (full length documents describing the property and providing a detailed analysis of
its market value before and after the conservation easement). The property appraisal dataset also
contained appraisal summaries (short documents highlighting the main points of the appraisal report,
addressing the highest and best use of the land, the value of the land, zoning, etc.), and appraisal
reviews (documents that concisely describe the ﬁndings of the appraisal report, mostly focusing on
the estimated value of the land). The information found in these documents was essential in calculating
the amount of development that would have taken place on each property had the SCC not purchased
the land for conservation purposes. The appraisal reports did not indicate what type of vegetation
would have been converted to other uses, rather these documents provided an indication on the
market demand for housing and agricultural development and assessed the likelihood that the subject
property would be subdivided to meet these demands. By highlighting not only the allowable
development on each of the SCC acquisitions, but also determining the possibility that a property
would be converted to other uses, the appraisal reports provided a valuable foundation for our
counterfactual scenario. Some of the SCC acquisitions only had a summary appraiser review, a brief
document which did not have suﬃcient information on the development potential of the land, and
therefore, those properties were not included in the study.
Counterfactual scenario development
To evaluate the potential changes in land cover in the absence of conservation interventions,
we generated counterfactual outcomes to capture possible conversions that would result from the
Highest and Best Use (HBU) of the land as stipulated in the property appraisal report. This section of
the appraisal report highlighted what would have happened to the land in the absence of an
intervention. The appraiser reports were conducted in accordance to established land valuation
standards and regulations. For example, the appraisal conducted for Preservation Ranch (one of the
properties studied) was prepared in accordance with the current Uniform Appraisal standards for
Federal Land Acquisitions (UASFLA), the Standards of Professional Practice and the Code of Ethics
of the Appraisal Institute, the Uniform Standards of Professional appraisal Practice (USPAP), the
Coastal Conservancy Environmental Appraisal Speciﬁcations, the California Department of General
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Services appraisal Speciﬁcations, and the appraisal speciﬁcations provided by Senate Bill No. 1266
(Forsburg 2012). We chose to rely on this information to build our counterfactual landscape since it
provided a reliable estimate of the most valued alternative use of the property had the SCC not
purchased it.
The counterfactual approach that we used to quantify the avoided vegetation conversion
diﬀers from existing methodologies since it relies on a combination of information provided by the
property appraisal reports (HBU section of the report), combined with an assessment of land
conversion trends within the surrounding areas (Figure 2). This assessment of neighboring areas
highlighted which vegetation types were converted to development or agriculture during the time
period studied. Other neighboring SCC acquisitions were excluded from the buﬀer area. Finally, we
used existing land cover data estimating the aboveground C (provided by Gonzalez et al. 2015), along
with data generated by the counterfactual simulation to estimate the amount of avoided C emissions
resulted from conservation actions.
I.

Determining the amount of development on each property

The HBU section of the appraisal report was prepared by a California certiﬁed general
appraiser, a professional familiar with the property, and with the local land market. The appraisal
methodology assessed the value of the property using a number of diﬀerent methodologies such as:
the component valuation approach, the sales comparison approach (analysis of comparable property
sales with adjustment for diﬀerences between the subject and comparables), the income approach,
and the cost approach (Strupp 2007). Each component of the evaluation methodology analyzes
diﬀerent aspects of the property (Forsburg 2012).
The HBU section of the appraisal report determined the use of the property that would
maximize the economic rents, given its location, and taking into account physical (topographical) and
zoning constraints, supply and demand forces, and real estate market trends, among other things. The
HBU is deﬁned as the ‘The reasonable probable and legal use of vacant land or an improved property
that is legally permissible, physically possible, appropriately supported, ﬁnancially feasible, and results
in the highest value’ (The Appraisal Institute 2013).
The conclusions of the HBU portion of the appraisal report varied among properties based
on case-speciﬁc characteristics. The size and shape of the property, the zoning (the maximum allowed
rural development density), the location, and the topographic characteristics of the land (elevation,
slope, steepness of the terrain) were all important determinants evaluated by the appraiser writing the
report (see Table A1 in Appendix). The ease of access to essential utilities (such as roads, water, sewer,
and electricity), historical use, and proximity to nearby urban centers were also considered throughout
the assessment. Under the HBU scenario, a number of properties would have been partially or
completely converted to residential development, others would have been used for both rural
development and vineyard production, some would have been used for timber production, and the
rest would have remained as open land for recreation, grazing and wildlife conservation. We
considered the HBU section of the appraisal report to be an accurate representation of what would
have happened to the land had it not been purchased by the SCC for public resource protection.
Among the 73 studied properties, the appraisal report for 16 properties concluded that the
HBU of the land would be attained if the land remained undeveloped – as open space. This conclusion
was based either on the steepness of the terrain, or remote location with problematic access to basic
utilities such as power, water, and sewage. In making this designation, the appraiser also took into
account development costs and diﬃculty, and historical use. Properties that historically were ﬂood
control areas, wetland restoration projects, open recreational space used for hunting and ﬁshing, or
areas home to endangered wildlife species, and essential wildlife corridors, were considered to reach
25

their highest and best use if they were to be left undeveloped as permanent open space. According to
the property appraisal report, the remaining 57 properties would have had some degree of land
conversion under the HBU scenario had they not been purchased for conservation purposes
(Appendix Table A1). We created counterfactual scenarios for these 57 properties, assuming that the
land cover would have not changed in the other 16 properties, regardless of their ownership.
II.

Estimation strategy

First, the zoning designation relevant to each property was a key determinant dictating the
amount and density of the potential development. Zoning regulations typically restrict the type and
intensity of land use (i.e. housing density) that can occur (Theobald 2003). Second, properties having
certiﬁcates of compliance (COC) also determined the amount of development permissible. A
certiﬁcate of compliance is a document which, once approved and recorded, indicates that an area is
an existing legal lot or parcel which may be sold, leased, or ﬁnanced separately from other pieces of
property without further processing required under the Subdivision Map Act (Subdivisions Article 1.
9–6.106). The number of COCs associated with each property (if any) established the number of lots
in which the property can be subdivided. Third, the number of potential administrative certiﬁcate of
compliance (subdivision) parcels (ACC) was also important information found in the appraisal
document, since it provided a description of the amount of potential development that could take
place on each of the properties. ACC parcels are separate legal parcels recognized by the county that
predate the existing Assessor’s parcels (County of Sonoma 2018).
In many cases, appraisal reports often used the number of COCs or ACCs to refer to potential
development, rather than using the number of developable acres. To convert from the number of
COCs or ACCs to land area, we assumed that each COC and ACC encompassed roughly 2 acres.
Even though in most cases less than 2 acres would have been converted into completely impermeable
surfaces, we selected 2 acres to represent the size of a rural development unit since we believe that
this would be large enough to encompass the development footprint of the rural home along with the
yard, walkways, barns, and other potential outbuildings associated with the developed property. Within
this area, low carbon land cover such as yards would likely dominate sites around rural development.
The validity and implications of assigning a 2-acre footprint to a unit of development were further
tested by running a sensitivity analysis.
III.

Developing a counterfactual landscape

We used ArcMap 10.4.1 (ESRI 2016. ArcGIS Desktop: Release 10.4 Redlands, CA:
Environmental Systems Research Institute) and Python 2.7.10 (arcPy) to construct an alternative land
cover scenario for each property. The land cover (vegetation data) used in developing the
counterfactual landscape was in the form of raster layers with a cell size of 30 m2. Therefore, once we
identiﬁed the total acres that would have been developed under the HBU scenario for each property,
we converted this number into square meters, and calculated the number of 30 m2 pixels of vegetation
conversion associated with each property. Speciﬁcally, each pixel represented a 30 × 30 m area, the
smallest mapping unit of our analysis.
Taking into account the amount of conversion stipulated by the HBU and considering land
cover changes likely to occur in the area, we assumed that conversions on each property would follow
similar trends to nearby conversions (Landis and Zhang 1998; Towe et al. 2008). To document nearby
conversions, we created a 50 km buﬀer around each of the 57 studied properties, and identiﬁed the
vegetation types that were converted to development from 2001 to 2010 within the buﬀer area. We
calculated this by overlaying the 2010 land cover raster and the 2001 raster, and documenting which
pixels were classiﬁed as vegetation in 2001, yet classiﬁed as development in 2010. We further looked
at the percent of change associated with each vegetation type by dividing the acres converted of a
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particular vegetation type by the total number of acres converted within the buﬀer. The result was the
amount of land cover change within the buﬀer area expressed as a table displaying the vegetation
classes present, and their associated percent of change. Vegetation classes that did not convert to
development during the time period studied had an associated zero percent of change.
Identifying the land conversion trends within the buﬀer areas revealed which vegetation types
were more likely to be converted to other land uses when market forces dictate land allocation
decisions. A similar algorithm was applied to identify vegetation types converted to vineyards within
the buﬀer during the period studied. Next, we documented which vegetation types in the buﬀer area
were also found within the properties (Table 2). For 25 of the studied properties, not all the vegetation
types from the buﬀer were found on the SCC acquisitions, therefore, we calculated the relative
percentages associated with each vegetation type. This was done by summing up the total percentages
of the vegetation classes found within the property and dividing the amount of change associated with
each vegetation class by this new total. The relative percentages provided accurate information on
how much of each vegetation type was converted in the buﬀer with respect to other vegetation types
within the SCC acquisitions.
The prevalent land conversion trends were applied to each of the studied properties,
considering both the amount of conversion stipulated by the HBU for each property, and the relative
percent associated with each vegetation type found within the property. For example, if the HBU
called for 300 acres of residential development, we looked at all conversions to residential
development between 2001–2010 within 50 km of the property, and calculated the percent conversion
from each vegetation type (i.e. 10% of all residential conversion was from deciduous forest, 50% from
grasslands, and 40% from shrubland). We implemented the land conversion trends within the
counterfactual scenario such that 10% of residential development called for by the HBU on the SCC
acquisition would come from deciduous forest, 50% from grasslands, and 40% from shrubland. If,
for example, deciduous forest was absent, or there was not enough to reach the desired 10%, the
remaining portion of development was spread among the other vegetation types proportionately. The
result of the algorithm created a dataset representing the change in vegetation cover within each
studied property under the HBU scenario. A similar algorithm was used when determining the
amount, and type of vegetation converted to vineyards within the buﬀer area.
We made several assumptions in developing this methodology. First, we assumed that the
opinion of the appraiser recorded in the HBU section of the appraisal report represents an accurate
evaluation of what would have happened to the property if land use decisions are guided by
maximizing the economic potential of the land. The appraisal reports follow established land
evaluation standards and consider various factors that could aﬀect the value of the property including
legal, economic, political, and market conditions (The Tasa Group 2018). Therefore, we consider these
expert opinions to be accurate for the cases we examined.
Second, we estimated that each unit of residential development roughly resulted in 2 acres of
vegetation conversion because speciﬁc acreage was not listed in the appraisal reports. Thus, if the
approval for 10 COC subdivision parcels was granted on the property, then the total area assumed to
be developed was 20 acres. Third, we assumed that the conversion trends found within the buﬀer
surrounding the property would also apply within each of the SCC acquisitions.
Fourth, we assumed that once a property was purchased by the SCC, no development (either
residential or agricultural) would occur on the property. We based this assumption on the following
elements. One of the objectives of the SCC is to preserve wildlife habitat and scenic open space, and
therefore, the state agency does not allow any large-scale land conversions to occur on its lands, and
we are unaware of any cases where conversions have occurred after and SSC purchase. In addition to
this, the appraisal reports clearly stipulated a value of the land in its current state (unencumbered by
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the conservation easement), as well as the value of the property after the conservation easement would
be applied. The latter was always a substantially lower property value due to the land use restrictions
imposed by the easement.
Lastly, we considered a 50 km buﬀer large enough to capture relevant local land conversion
trends, yet small enough to be able to eﬀectively highlight land conversion trends within the immediate
vicinity of the subject property. The areas captured within this buﬀer largely encompass the regions
under SCC jurisdiction, areas regulated by the California Coastal Act. Using a larger buﬀer than 50 km
would include areas outside the SCC jurisdiction, and outside the coastal zone. Consequently, we did
not consider using over a buﬀer larger than a 50 km radius.
Calculating the amount of carbon lost under the counterfactual scenario
After creating the counterfactual landscape, we used RStudio Version 0.99.489 to quantify the
amount of C stored on each of the SCC parcels. We used the biomass data provided by Gonzalez et
al. (2015) and analyzed the amount of C stored on the SCC acquisitions both prior and following
conversion. We calculated: the area converted for each parcel (highlighting how much of the original
parcel was classiﬁed as either development or agriculture), as well as the carbon density for each
property before and after conversion. The result of our analysis provided a detailed table with the
following attributes: area that would have been converted under the counterfactual; percent of parcel
that would have been converted; total aboveground carbon of the parcel; total aboveground carbon
lost due to development under the counterfactual scenario; percent C lost; carbon density per ha prior
to counterfactual; carbon density after counterfactual; and average C density of pixels that were
converted under the counterfactual scenario. We further summarized the total aboveground C lost
across all properties studied and found the total amount of avoided C lost as a result of conservation
purchases.
Sensitivity analysis
In the process of modelling land use decisions under a counterfactual scenario we made several
assumptions. Each assumption is characterized by a range of limitations. For instance, in the case that
the appraisal report underestimated the amount of development taken place on the land, the amount
of conserved carbon would have also been underestimated. In addition to this, the estimated footprint
of a developed housing unit (roughly equal to 2 acres) and the selected 50 km buﬀer size, introduced
a certain degree of uncertainty in our counterfactual landscape model. These assumptions could have
led to the overestimation, or underestimation of the amount of development prevented by
conservation interventions. Therefore, to further test the robustness of our results, we conducted a
sensitivity analysis to evaluate part of the uncertainty stemming from our assumptions. We calculated
the amount of land conversion and carbon lost under two diﬀerent extreme scenarios, as well as
explored the possibility of using a smaller buﬀer area (25 km).
In the ﬁrst scenario, we assumed that the appraisal report signiﬁcantly underestimated the
amount of development that would take place on the property under the HBU of the land, and
therefore, we increased the total acreage converted by 50%. Consequently, we developed a
counterfactual landscape close to the upper limit of number of acres that could have potentially be
converted. In the second scenario, we assumed that the report overestimated the number of acres
converted, and thus, we reduced the acres converted by 50%, analyzing the lower limit of potential
land cover changes on the landscape.
Studying the results of the counterfactual simulation under these two extreme scenarios also
addressed the assumption that one unit of development takes place on 2 acres of land. If more than 2
acres would have been developed, then this underestimation would be addressed by the ﬁrst scenario
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(50% more acres converted under the HBU). Similarly, in the case that the 2 acres associated with one
unit of development is an overestimation, then the second scenario would account for this.
Additionally, we also tested the choice of a 50 km buﬀer as an eﬀective area to study land conversion
trends surrounding the SCC acquisitions by creating a smaller, 25 km buﬀer area surrounding each
acquisition.
Results
Amount of conversion
Among the 57 properties, 5 of them (North Point Ranch, Roche Ranch, Preservation Ranch,
Montesol Ranch, and Wildlake Ranch) would have experienced conversion to both residential
development and vineyard production. One property, Lauﬀ’s Ranch was the largest single property in
terms of avoided conversions, with 3,500 acres of conversion prevented all solely from vineyard
establishment (see Table A1 in Appendix).
The results of the counterfactual scenario show that 13,859 acres (5.82% of the total land
across the 57 acquisitions) would have been transformed to other uses in the absence of conservation
actions. The mean area that would have converted to development was 120 acres, the median was 29
acres, while the minimum number of acres converted under the counterfactual was 2 acres and the
maximum was 1,277 (Table 1). In the case of conversion to vineyards, the mean acres that would have
converted was 123 acres, the median was 0, (since only 6 properties would have experience conversion
to vineyards), the minimum acres converted under the counterfactual was 0, while the maximum acres
converted to vineyard was 3,500 (Table 1).
Based on the information provided in the appraisal reports, housing development was
predicted to take place on 6,867 acres, and vineyard cultivation was predicted to take place on 6,992
acres (Figure 3). The other top properties that would have had the most conversion under the counterfactual scenario were: Hearst Ranch (80,734 total acres – 824 acres converted to development), Cowell
Ranch (3,817 total acres – 1,277 acres converted to development), Usal Forest Shady Dell Creek
Acquisition (3,629 total acres – 628 acres converted to development), and Preservation Ranch (19,634
total acres – 308 acres converted to development and 190 acres converted to vineyard). As a percent
of their area, the properties with the largest avoided conversions were Bahia Ranch (65.5% avoided),
Gleason Ranch (41.9% avoided), Cowell Ranch (33.4% avoided), North Point Joint Venture (32.3%
avoided) and Lauﬀ’s Ranch (28.5%).
Vegetation types that would have been converted
The top vegetation types that would have been converted under the HBU scenario across all
studied properties were: grassland cover between 40% and 100% (7,225 acres), mesic chaparral (1,471
acres), grassland cover between 20% and 40% (1,200 acres), northern and central dry-mesic chaparral
(693 acres), montane woodland and chaparral (564 acres), and southern coastal shrub (372 acres).
When calculating the vegetation lost as a percent of the total vegetation found within the 57 properties,
the rankings change, with grassland cover between 20 % and 40% experiencing the most conversion
(31.44%), followed by lower montane blue oak-foothill pine woodland and savanna (21.93%) (Table
3).
Amount of carbon loss
Calculations completed using the biomass classes and associated carbon values from Gonzalez
et al. (2015) suggested that all 407 SCC acquisitions (including properties that did not convert to other
uses under the HBU scenario) store more than 7 million metric tons of aboveground C at the time of
analysis (2010), with an average density of more than 50 Mg C/ha. This is more than 2.5 times higher
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than the average for California statewide, and reﬂects the importance of coast redwood forests in the
SCC portfolio, which hold more than 50% of the total carbon stock (Ackerly et al. 2018).
Based on the estimated C values associated with the vegetation types found on the studied
SCC acquisitions, the avoided land use conversion translated into approximately 55 * 103 Mg (55,540
Mg) of avoided aboveground C loss (1.357% out of a total of the approximately 4 * 106 Mg (4,090,650
Mg) total aboveground C stored across all 57 properties). The carbon lost from land use conversion
depended both on the number of acres converted and on the type of vegetation converted. C loss
ranged from 1 Mg(C) to a maximum of 25,300 Mg(C), with a mean of 990 Mg(C). The top ten
properties that would have incurred the most aboveground C lost due to development are: Usal Forest
Shady Dell Creek Acquisition, Montesol Ranch, Cemex Redwoods Acquisition, Lauﬀ’s Ranch,
Wildlake Lake Acquisition, North Point Joint Venture Acquisition, Roche Ranch, Bahia Ranch,
Gleason Ranch, and Cowell Ranch (Figure 4).
The vegetation cover on each property (Figure 5) was a critical factor determining the amount
of carbon lost in the absence of conservation initiatives. For example, 63% of all avoided aboveground C loss came from two properties – Usal Forest Shady Dell (approximately 25 * 103 Mg), and
Montesol Ranch (approximately 12 * 103 Mg) – which both had high development potential, and
vegetation with extremely high C density (primarily coast redwood forests). Lauﬀ’s Ranch, which had
the largest area of avoided conversion, had only the fourth most C loss avoided, despite contributing
2,872 acres of avoided conversion, because the converted vegetation would have been primarily
chaparral and grasslands, vegetation types with a relatively low C density. Due to this underlying
diﬀerence in vegetation carbon density across properties, Lauﬀ’s Ranch had only 7% of the avoided
C loss of Usal Forest Shady Dell.
To further explore the relationship between aboveground C stored per acre and number of
acres converted under the HBU scenario, we ranked the top 10 properties that have the highest
aboveground C per acre and associated total acres converted for each property (Figure 6). We
observed that some carbon rich properties such as Richardson Acquisition, Parker Ranch, Willow
Creek Acquisition, and Mindengo Hill Acquisitions have a relatively low number of acres converted
under the HBU scenario. In contrast, consistent to our previous ﬁnding (Figure 4), we noted that
properties such as Montesol Ranch and Usal Forest Shady Dell Acquisition are characterized by both
a high carbon density per acre, and a high potential to be developed in the absence of conservation
measures.
Results of sensitivity analysis
In the case that the land was developed 50% more for each property than the acreage stipulated
in the appraisal report, we found that the total avoided C emissions amount to 130*103 Mg, signaling
that approximately 3.18% of total carbon stored across all 57 SCC acquisitions would have been lost.
This translates into 75,090 more Mg of aboveground C released into the atmosphere compared to the
initial estimate. In terms of avoided land conversions, our results indicated that 20,795 acres or 8.7%
of the total land acquired by the SCC would have been converted under this scenario. In the case that
the land was developed 50% less than the acreage stipulated under the HBU, then the total avoided C
emissions would have been 24 * 103 Mg, or approximately 0.6% of the total aboveground C stored.
While looking at amount of land conserved, we found that 2.9% of the total land across the 57
properties would have been lost under this counterfactual scenario.
The results of our sensitivity analysis show that even in the scenario where we are
underestimating the amount of acreage developed in the landscape, the amount of carbon that actually
was prevented from being converted is quite small (under 5% of stored aboveground carbon). This
result also highlights that aboveground C loss is more sensitive than land acreage converted with
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respect to land use changes. Speciﬁcally, when we increased the amount of land converted by 50%,
we found that this translated into 2.35 times more aboveground C released into the atmosphere as a
result of the land cover change, while the acres of land converted roughly doubled. This is because as
the amount of development increases, grasslands used for development are all converted, leading to
further conversions onto more carbon-dense vegetation types.
To further assess the choice of a 50 km buﬀer, we designed a 25 km buﬀer as an alternative
and observed the following. We found that the vegetation conversion trends remain largely the same.
Speciﬁcally, the vegetation types that had the largest percent of conversion from 2001–2010 within
the 50 km buﬀer were mostly the same as those found in the smaller buﬀer area, with few exceptions
(Table 4).
Discussion
Land cover changes that expand impervious surfaces and convert natural habitats to other
uses can substantially aﬀect ecosystem’s carbon storage capacity (Houghton et al. 2012; Houghton
and Nassikas 2017). Since coastal landscapes such as coast redwood forests are carbon-rich
ecosystems, protecting these lands may also conserve signiﬁcant amounts of aboveground C, and thus,
contribute to California’s emission reduction goals. Throughout the state, conservation measures
(such as zoning regulations, conservation purchases, conservation easements, etc.) have been designed
to protect the health and function of coastal ecosystems, and to preserve the scenic, and recreational
value of these lands (Endicott 1993; Newburn et al. 2005; Yonavjak and Gartner 2011; Wilson et al.
2015; Owley and Rissman 2016). However, a common challenge to policy makers, and resource
managers is understanding the eﬀectiveness of such policies. To address this gap in knowledge, we
empirically quantiﬁed the avoided land use conversions and the associated avoided C emissions that
resulted from land acquisitions funded by the SCC.
Our ﬁndings suggest that the top vegetation classes that experienced the most conversion
were: grasslands (of various percent cover), mesic chaparral, northern and central dry mesic chaparral,
montane woodland and chaparral, and coastal scrub. These results are fairly consistent with previous
ﬁndings. For example, Syphard, Brennan, and Keeley (2018) studied habitat conversion in Southern
California from the beginning of the century to present and concluded that urban growth is the
primary contributor to the loss and fragmentation of chaparral landscapes. Housing development was
found to also indirectly contribute to chaparral conversion by facilitating the expansion of weedy nonnative annual grasslands. While analyzing the coastal scrub vegetation type (considered one of the
most threatened vegetation types in North America) (Cox et al. 2014; Noss et al. 1995), Cox et al.
(2014) found that coastal sage scrub vegetation experienced signiﬁcant loss throughout the state, being
converted either to agriculture or to exotic annual grassland.
The documented land conversion trends found throughout this study suggested that
development preferentially took place on low carbon dense vegetation such as grasslands, as opposed
to high carbon rich vegetation such as forests. This may be due to factors such as the costs of land
conversion associated with diﬀerent vegetation types, and the suitability of the land for agricultural
conversion (planting vineyards). In some cases, grasslands and mesic chaparral ecosystems are easier
to convert than other vegetation types such as conifer forests. In addition to this, we hypothesize that
development preferentially occurs on grasslands since some vegetation types such as oak woodlands
beneﬁt from a higher level of protection. For instance, the Oak Woodlands Conservation Act of 2001,
recognizes the ecological value and multiple beneﬁts stemmed from oak dominated ecosystems, and
highlights the importance of protecting and preserving the health of these natural habitats (State of
California Wildlife Conservation Board 2017).
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In terms of avoided carbon emissions, high levels of avoided carbon loss were calculated for
properties that had more extensive development plans, or where development would have occurred
on carbon dense vegetation (i.e. coast redwood forests). Our results showed that the vegetation type
(and thus carbon density) on the property plays a critical role in determining the amount of
aboveground C stored. Consequently, the low avoided C loss relative to avoided conversions (5.6%
of all potential acres) is likely driven by two factors.
First, the highest C dense ecosystems (i.e. coast redwood forests) in the SCC’s portfolio are
located along the North Coast, – in rugged areas, where there is less demand for residential
development, and relatively low amounts of agricultural production. The greatest ﬂuxes of carbon
often result from conversion of forests to open lands, but demand for conversion of high-carbon
ecosystems is relatively low in that part of the state, due to the remoteness of the area, far away from
major urban centers (Houghton and Goodale 2004). SCC acquisitions such as Jenner Headlands, Red
Hill Ranch, and Montgomery Woods are examples of conserved properties on which little
development would have taken place under the HBU scenario. These properties are also characterized
by carbon-rich forested ecosystems located in remote coastal areas.
Second, the relatively low percentage of avoided C emissions can be attributed to our
observation that development preferentially occurs on lower C density vegetation types, especially
grasslands and shrublands. For the properties we analyzed, over 60% of all conversions occurred on
grasslands, while another 17% took place on chaparral. These two factors combined suggest that the
potential for SCC acquisitions to avoid signiﬁcant amounts of C emissions is relatively modest. Within
this study we estimate the type of vegetation converted, however, we do not predict exactly where this
conversion will happen on the land. There are a number of diﬀerent factors that may inﬂuence the
spatial arrangement of potential development in the absence of conservation measures. The
topography and steepness of the terrain would be a critical determinant for the placement of housing
units on the counterfactual landscape. In addition to this, a parcel’s access to roads, and utilities (such
as water and electricity), may also determine the geographic location of residential communities
(Forsburg 2012). The remoteness of the property also can inﬂuence its highest and best use (Forsburg
2012). For instance, SCC acquisitions located closer to major urban centers are more likely to have
some type of development as the urban area expands on adjacent lands. These factors are accounted
for in the appraisal report when determining the amount of development possible on the land under
the HBU scenario.
When analyzing the total carbon emissions resulting from land conversion to other uses, it is
important to recognize that over time, some of the aboveground C lost because of urban or
agricultural development may be recovered by tree planting in residential areas, and crop growth on
agricultural lands, as yards and vineyards mature. For instance, mature vineyards can contain over 4
Mg C/ha (Carlisle et al. 2010). Urban forests in coastal California have C densities averaging more
than 15 Mg C/ha, with values as high as 35 Mg C/ha in Marin County (Bjorkman et al. 2015). These
values are greater than average aboveground C values for grasslands and some shrublands. Further
research into carbon sequestration of urban ecosystems would permit for more accurate assessment
of aboveground C trends in the face of land conversion.
Moreover, while purchasing lands for conservation purposes prevents conversion in one area,
reducing the environmental pressure in a particular place, it does not decrease the overall demand for
housing or agricultural lands. This displacement of land use (leakage) may cause land change in other
areas (Lambin and Meyfroidt 2011). Therefore, this demand for development may simply manifest
somewhere else on the landscape (spatial spillovers), causing conversions in other places (Andam et
al. 2008; Aukland et al. 2003; Gan and McCarl 2007; Lambin and Meyfroidt 2011). However, by
decreasing the supply of land for housing and agriculture, conservation acquisitions may increase local
32

land prices, reducing demand and potential conversions, while also aﬀecting C emissions resulting
from vehicle use (Armsworth et al. 2006).
Yet another potential eﬀect of land conservation is that designating an area as protected could
be attracting more development in lands adjacent to it. In some cases, if a conservation area is
established, some people will be more eager to live close to the newly designated green space (Wu and
Plantinga 2003). This is a dynamic that we do not address throughout the study. Furthermore,
generally speaking, there have been cases in which conservation easements allow for a certain density
of development to take place within the spatial boundaries of a speciﬁc property on which the
easement was placed (Owley and Risssman 2016). In the case of the lands acquired by the SCC, the
amount of permissible developable acres was extremely limited, and in fact zero for most parcels.
Therefore, we assumed that once a property was purchased by the agency, no signiﬁcant development
would have occurred on the land.
Taking into account the competing forces that stem from the dynamic feedbacks of land cover
changes, it is unclear how much, if any, of the avoided conversions took place in other locations.
Likewise, if some conversions did happen, we do not know if these conversions happened in places
with higher or lower carbon density. In addition to this, sudden shifts in government and/or zoning
regulations, and various market pressures could inﬂuence the amount of land conserved, and
therefore, change the calculation of the impact of land acquisitions. Given these uncertainties, it is
important to interpret our results as only the direct impacts of land acquisition.
Throughout the study, we do not incorporate the belowground C pool since it is diﬃcult to
obtain good estimates of belowground C (Marziliano et al. 2015), and it was beyond the scope of our
analysis. If belowground C estimates would have been included, then the amount of C lost due to land
conversion would have been larger than the calculated amount, given that the belowground woody
biomass (coarse roots) represent a signiﬁcant underground C pool (Berhongaray et al. 2017; Chen et
al. 2018). Finally, it is worth mentioning that the lands purchased by the SCC are not randomly
selected, therefore, the set of properties analyzed does not represent a random sample of parcels.
However, they are located across the northern, central, and southern coastal portions of the state, and
therefore, due to their spatial location, variation in size, vegetation cover, and landscape characteristics,
they encompass a group of land that is broadly representative of California’s coastal ecosystems.
Conclusion
Given the importance of terrestrial ecosystems for climate change mitigation, it is important
to consider the role of open space conservation in above ground C sequestration. Since terrestrial
ecosystems play a critical role in the global carbon cycle, improved land management practices can
help reduce C emissions. Conserving coastal lands accomplishes a range of conservation values and
purposes including preserving coastal public access, maintaining the recreational and scenic properties
of the landscape, conserving valuable coastal natural resources, and preserving stored aboveground C.
Further exploring the association between land conversion and aboveground C is a crucial step for
improving land management strategies aimed to enhance the carbon storage capacity of natural lands
and can help inform conservation and planning decisions. Additional research is needed to examine
and document the interactions between conservation and management actions, land cover changes,
and associated C emissions at local and regional scales. Future eﬀorts should be focused on exploring
the role of land management in maintaining the carbon sequestration potential of coastal areas.
In this study, we proposed a new framework that can be used to quantify the potential avoided
land cover changes resulting from conservation purchases. We believe that incorporating expertdriven appraiser information provides new, valuable insight to counterfactual scenarios. Additionally,
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integrating neighboring land conversion trends helps inform which vegetation types are primarily
transformed to development, along with their associated conversion rates.
Empirically, our results suggest that the avoided development is not associated with a large
amount of avoided emissions within California’s coastal region. However, adequate management of
carbon rich ecosystems can potentially enhance the carbon sequestration potential of coastal lands
and can substantially limit emissions. Forest management practices, for example, can inﬂuence the
dominant fuel type across large areas, and can impact the C storage capacity of forested ecosystems
(Bellassen and Luyssaert 2014; Noorments et al. 2015). Management techniques such as: maintaining
continuous forest cover, supporting litter production and natural ecological conditions, and adopting
longer rotation times, can help increase the C sequestration potential (Gelman et al. 2013).
Additionally, actions that focus on managing fuel loading to reduce ﬁre risk can help prevent
signiﬁcant C loss resulted from large, high-intensity, catastrophic ﬁres (Stephens and Ruth 2005). All
in all, even though our results suggest that conservation purchases have contributed a relatively modest
amount of avoided C emissions, eﬀective management of natural ecosystems can potentially make an
important contribution to net removal of CO2 from the atmosphere during this century.
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Figure 1. Map of California State Coastal Conservancy (SCC) jurisdiction and land acquisitions. Insert
represents the properties clustered around the Bay Area.
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Figure 2. Schematic representation of the general steps used in the design of the counterfactual
scenario (left). Buffers around each SCC acquisition (right).

36

Figure 3. Summary across the 57 properties in terms of housing development vs. vineyard
conversion under the HBU of the land.
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Figure 4. Properties that would have had the most aboveground C lost due to development under
counterfactual scenario (grey) and associated total acres converted (red).
*Properties that experience conversion to both development and vineyards under the HBU.
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Figure 5. Top 10 SCC acquisitions ranked by the avoided C emissions: 1. Usal Forest Shady Dell
Acquisition; 2. Montesol Ranch; 3. Cemex Redwoods; 4. Lauff’s Ranch; 5. Wildlake Ranch; 6. North
Point Ranch; 7. Roche Ranch; 8. Bahia Ranch; 10. Cowell Ranch.
*Note: Inserts are at different scales.
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Figure 6. Top 10 properties in terms of total carbon per acre (grey) and associated acres converted
(red) under the HBU scenario. 1. Parker Ranch; 2. Willow Creek Ranch; 3. Cemex Redwoods; 4.
Richardson Acquisition; 5. Usal Forest Shady Dell Acquisition; 6. Big River and Big Salmon Creek; 7.
Mindego Hill Acquisition; 8. Jenner Headlands; 9. Preservation Ranch; 10. Montesol Ranch.
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Table 1. Summary statistics for the 73 properties studied (including the 57 properties that
converted to development and/or vineyards and 16 properties that did not convert under the
HBU scenario).
Summary Statistics
Total Acres
Average parcel size
Max parcel size
Min parcel size
Median parcel size
Min acres converted to dev
Max acres converted to dev
Min acres converted to vineyard
Max acres converted to vineyard
Mean acres converted to development
Mean acres converted to vineyards
Top 4 vegetation classes found across
properties (sampled – right and other
SCC acquisitions not studied – left)

Properties in
sample
292,184
4,002
80,734
518
1,292
2
1,277
190
3,500
120
123
1.Coastal redwoods
2.Grassland
3.Central and
southern mixed
evergreen woodland
4.Mesic chaparral
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Other SCC acquisitions
(not studied)
88,927
265
23,773
0.08
102
N/A
N/A
N/A
N/A
N/A
N/A
1.Coastal redwoods
2.Grassland
3.Mesic chaparral
4.Mixed
evergreen forest

Table 2. Percent of diﬀerent vegetation classes found in the 50 km buﬀer, in the studied properties,
in the remaining SCC acquisitions not included in the study, and in the 25 km buﬀer.
Vegetation type (veg)
Barren
Coastal redwood forest
Blue oak-foothill pine woodland and
savanna
Mesic chaparral
Montane Jeffrey Pine (Ponderosa Pine)
Woodland
Montane riparian systems
Montane woodland and chaparral
Central and southern mixed evergreen
Woodland
Deciduous open tree canopy
Deciduous sparse tree canopy
Evergreen closed tree canopy
Evergreen open tree canopy
Grassland
Great Basin Pinyon-Juniper woodland
Herbaceous-shrub-steppe
Herbaceous wet
Dry-mesic mixed conifer forest and
woodland
Black oak-conifer forest and woodland
Mesic mixed conifer forest and woodland
Mixed evergreen forest
Mixed oak woodland
Red fir forest
Sparsely vegetated systems
Subalpine woodland
Mixed evergreen-deciduous sparse tree
canopy
Mojave mid-elevation mixed desert scrub
Warm desert sparsely vegetated systems
Northern and central California drymesic chaparral
Shrubland
Sonora-Mojave mixed salt desert scrub
Sonora-Mojave semi-desert chaparral
Southern coastal scrub
Southern dry-mesic chaparral
Southern oak woodland and savanna

% veg in 50
buffer
0.81
11.70
6.17

% veg in
sampled
properties
0.07
23.94
2.15

% veg in
properties not
studied
2.85
33.88
0.88

% veg in
25 km
buffer
0.38
18.86
5.84

8.71
0.18

8.22
0.05

11.93
0.05

10.80
0.10

1.35
1.39
9.34

1.83
2.25
19.25

1.19
2.90
4.05

1.57
1.71
11.03

1.10
0.13
0.33
0.75
29.08
0.42
0.75
0.56
3.52

0.63
0.11
0.48
0.72
19.81
0.00
1.17
0.45
2.67

0.52
0.02
0.09
0.43
13.34
0.00
2.32
3.33
0.80

1.10
0.13
0.25
0.81
22.46
0.01
1.28
0.93
2.42

0.63
0.48
2.55
1.36
0.00
0.28
0.00
0.47

0.56
0.01
0.55
0.12
0.00
0.11
0.00
0.28

0.30
0.01
9.64
0.25
0.00
0.58
0.00
0.58

0.80
0.07
1.99
1.06
0.00
0.22
0.00
0.69

0.07
0.03
4.53

0.00
0.00
2.46

0.00
0.00
1.67

0.03
0.00
4.66

0.18
0.01
1.03
5.29
4.28
2.52

0.12
0.00
0.00
3.99
2.87
5.14

0.22
0.00
0.03
4.89
1.47
1.77

0.19
0.00
0.08
4.79
3.14
2.60
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Table 3. Top vegetation classes that were lost under the counterfactual scenario as a percent of
the total vegetation in the 57 studied properties.
Vegetation Type

Percent that was lost under
counterfactual
Grassland cover between 20% and 40%
31.44%
Lower montane blue oak-foothill pine woodland and savanna
21.93%
Grassland cover between 40% and 100%

18.65%

Northern and central dry-mesic chaparral

15.48%

Montane woodland and chaparral

11.70%

Mesic chaparral

7.43%

Southern coastal scrub

3.05%

Herbaceous-shrub-steppe

2.03%

Coastal redwoods

1.99%
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Table 4. Top vegetation classes converted between 2001 and 2010.
Top 5 vegetation classes converted between 2001-2010 to development within the
1.
2.
3.
4.
5.

50 km buffer
Grassland (herb cover ≥ 40% and ≤ 100%)
Mesic chaparral (shrub height > 3m)
Shrubland (shrub height > 3m)
Grassland (herb cover ≥ 20% and < 40%)
Northern and central dry-mesic chaparral
(shrub height > 3m)

1.
2.
3.
4.
5.
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25 km buffer
Grassland (herb cover ≥ 40% and ≤ 100%)
Grassland (herb cover ≥ 20% and < 40%)
Shrubland (shrub height > 3m)
Mesic chaparral (shrub height > 3m)
Northern and central dry-mesic chaparral
(shrub height > 3m)

Appendix
Table A1. Summary statistics across all properties studied (properties listed in alphabetical order).
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Parcel

Name

1.
2.
3.
4.
5.
6.
7.
8.

Arroyo Hondo Ranch
Bahia Acquisition
Barboni Ranch
Barboni Ranch Hicks
Bear Mountain
Bel Marin Keys
Bertagnolli Ranch
Big River and Big
Salmon Creek
Bixby Ocean Ranch
Blair Ranch
Bolsa Point Ranches
Burdell Ranch
Cemex Redwoods
Coast Dairies
Cowell Ranch
Duff Ranch
El Capitan Ranch
Estero Ranch
Fernandez Ranch
Gleason Property
Grossi Ranch
Hearst Ranch
Jenner Headlands
La Paloma Ranch
Lauff's Ranch
Mindego Hill
Miramontes Ridge

9.
10.
11.
12.
13.
14.
15.
16.
17.
18.
19.
20.
21.
22.
23.
24.
25.
26.
27.

Size
(acres)

Acres converted under
counterfactual (CF)
To
To
development
vineyards

Total C (Mg)
in property
before
conversion

Total
aboveground
carbon lost
(Mg)

Year
purchased

Max
elev.
(m)

Min
elev.
(m)

Mean
slope
(deg)

783.22
637.97
1,292.61
1,180.05
1,128.71
1,521.22
517.91
16,137.28

14
424
28
24
60
405
8
160

0
0
0
0
0
0
0
0

2,938
2,767
14,685
15,294
30,305
641
10,488
655,730

130
1169
168
144
360
612
4
278

2000
2002
2012
2002
2004
2000
2011
2006

462
69
365
279
561
8
622
387

12
0
106
99
233
0
390
19

14.26
5.97
8.63
10.19
8.65
0.01
9.59
10.63

1,182.04
849.02
406.88
751.62
8,154.10
6,617.28
3,817.52
1,091.52
2,476.73
534.85
686.57
639.81
861.61
80,733.77
5,623.66
761.47
12,301.17
1,048.41
551.69

18
10
92
156
214
278
1,277
20
14
10
6
268
29
824
84
14
0
52
8

0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
3,500
0
0

15,135
8,710
1,218
640
348,221
96,346
2,912
17,222
20,043
2,669
7,431
9,764
6,243
758,322
194,865
3,254
11,197
40,658
6,012

214
5
209
223
4,388
251
680
120
6
5
3
963
173
413
45
6
1,864
25
4

2001
2008
2003
1991
2000
1998
2001
2008
2001
2015
2005
2004
2003
2004
2009
2001
2004
2008
2002

471
479
70
7
792
304
127
816
560
184
285
480
280
1104
631
284
730
645
397

24
196
4
0
120
31
28
246
35
12.16
70
193
70
13
13
64
163
234
108

14.29
10.53
2.21
0.11
9.85
7.86
4.06
14.33
11.25
8.95
8
9.79
7.75
9.4
11.88
8.64
9.17
12.18
11.49

Table A1. (continued)
Parcel

28.
29.
30.
31.
32.
33.
34.
35.
36.
46

37.
38.
39.
40.
41.
42.
43.
44.
45.
46.
47.
48.
49.
50.
51.

Name

Montesol Ranch
Montgomery Woods
Moore Creek
Napa-Sonoma Marsh
North Point Joint
Venture
Palo Corona Ranch
Parker Ranch
Pismo Preserve
Pleasanton Ridge
(Owen)
Pleasanton Ridge
(Robertson)
Poff Acquisition
Poncia Ranch
Pozzi Ranch
Preservation Ranch
Puerco Canyon
Purisima Farms
Rancho Corral de
Tierra
Red Hill
Richardson Kashia
Roche Ranch
Rockville Trails
Sea West Ranch
Silacci Ranch
Stornetta Brothers
Ranch

To
development

To
vineyards

Total C (Mg)
in property
before
conversion

7,266.84
1,380.24
717.72
8,969.22
1,683.63

152
22
2
2
44

1,728
0
0
0
500

198,271
29,025
10,999
10,445
6,081

11,594
12
1
1
1,444

2016
2005
2008
1991
2004

1165
617
424
51
102

388
276
119
0
2

13.35
11.78
12.91
0.4
1.62

9,549.37
2,345.00
879.76
1,014.08

50
14
47
18

0
0
0
0

183,932
127,601
5,701
12,096

47
7
20
3

2003
2014
2014
2011

1051
430
285
537

1
4
25
295

13.78
13.57
11.51
9.35

1,309.54

6

0

20,362

10

2012

665

185

15.5

1,311.09
765.12
1,071.04
19,633.68
701.98
548.34
4,028.49

14
25
36
308
48
12
68

0
0
0
190
0
0
0

3,212
4,411
4,596
675,566
2,754
4,898
29,225

7
137
188
377
63
6
36

2007
2007
2004
2013
2014
2007
2007

360
224
162
717
551
229
254

147
2
3
42
136
55
12

8.05
10.38
5.79
14.16
12.88
9.46
6.33

972.05
725.68
1,664.82
1,573.72
738.82
1,328.10
1,852.69

10
10
28
386
20
40
8

0
0
385
0
0
0
0

8,244
30,839
7,776
5,460
559
11,824
8,627

41
53
1,174
206
21
45
48

1999
2015
2007
2011
2003
2001
2003

316
294
172
226
120
556
54

20
0
5
30
15
265
0

9.26
8.75
4.88
7.51
3.17
11.03
0.91

Size
(acres)

Acres converted under
counterfactual (CF)

Total
aboveground
carbon lost
(Mg)

Year
purchased

Max
elev.
(m)

Min
elev.
(m)

Mean
slope
(deg)

Table A1. (continued)
Parcel

52.
53.
54.
55.
56.
57.

Name

The Cedars
RaicheMcCrory
Tolay Lake Ranch
Usal Forest Shady Dell
Creek
Ventura River Preserve
Wildlake Ranch
Willow Ranch

To
development

To
vineyards

Total C (Mg)
in property
before
conversion

523.02

40

0

4,327

239

2009

612

259

15.2

1,770.05
3,628.59

56
628

0
0

6,241
151,791

336
25,300

2005
2011

229
503

50
11

3.44
14.4

1,417.58
2,932.79
3,411.12

26
220
30

0
39
0

7,530
45,449
169,098

36
1,552
74

2014
2006
2004

254
862
404

163
197
18

1.54
14.11
10.19

Size
(acres)

Acres converted under
counterfactual (CF)

Total
aboveground
carbon lost
(Mg)

Year
purchased

Max
elev.
(m)

Min
elev.
(m)

Mean
slope
(deg)
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Table A2. Vegetation types and associated carbon (C) values.
Number of subclasses based on
combinations of
height and cover
Barren
1
Coastal redwood forest
45
Lower montane blue oak-foothill pine woodland and savanna
45
Mesic chaparral
1
Montane Jeffrey pine (Ponderosa Pine) woodland
45
Montane riparian systems
45
Montane woodland and chaparral
1
Central and southern California mixed evergreen woodland
45
Columbia plateau low sagebrush steppe
1
Deciduous open tree canopy
45
Deciduous sparse tree canopy
45
Dwarf-shrubland
1
Evergreen closed tree canopy
45
Evergreen open tree canopy
45
Evergreen sparse tree canopy
1
Grassland
3
Great basin Pinyon-Juniper woodland
45
Great basin xeric mixed sagebrush shrubland
1
Herbaceous-shrub-steppe
3
Herbaceous wet
1
Inter-mountain basins big sagebrush shrubland
3
Inter-mountain basins mixed salt desert scrub
1
Inter-mountain basins sparsely vegetated systems
1
Klamath-Siskiyou upper montane serpentine mixed conifer
45
woodland
Mediterranean dry-mesic mixed conifer forest and woodland
45
Mediterranean lower montane black oak-conifer Forest and
45
Woodland
Mediterranean mesic mixed conifer forest and woodland
45
Mediterranean mixed evergreen forest
45
Mediterranean mixed oak woodland
45
Mediterranean red fir forest
45
Mediterranean sparsely vegetated systems
1
Mediterranean subalpine woodland
45
Mixed evergreen-deciduous closed tree canopy
1
Mixed evergreen-deciduous open tree canopy
45
Mixed evergreen-deciduous sparse tree canopy
45
Mojave mid-elevation mixed desert scrub
2
North American warm desert sparsely vegetated systems
1
Northern and central dry-mesic chaparral
2
Vegetation type
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Average estimated
aboveground C
biomass
0.80
256.47
108.34
31.50
167.84
251.99
52.60
158.56
0.30
110.87
106.32
2.00
229.80
230.25
50.10
2.93
55.64
0.40
1.07
2.00
13.07
0.50
0.70
293.70
197.50
219.18
236.13
202.42
130.92
304.94
1.40
154.01
227.50
219.94
106.32
0.95
0.40
15.65

Table A2. (continued)
Vegetation type
Northern Rocky Mountain ponderosa pine woodland and
savanna
Open tree canopy
Recently disturbed forest
Rocky mountain alpine/montane sparsely vegetated systems
shrubland
Sierra Nevada subalpine Lodgepole pine forest and woodland
Snow-Ice
Sonora-Mojave Creosotebush-white bursage desert scrub
Sonora-Mojave mixed salt desert scrub
Sonora-Mojave semi-desert chaparral
Sonoran paloverde-mixed cacti desert scrub
Southern coastal scrub
Southern dry-mesic chaparral
Southern oak woodland and savanna
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Number of subclasses based on
combinations of
height and cover
45
1
1
1
3
45
1
3
1
3
3
1
3
45

Average
estimated
aboveground C
biomass
137.63
30.00
0.60
0.50
1.70
294.28
0.00
0.47
0.60
2.57
0.90
7.20
49.33
113.38
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CHAPTER 3: The space time cube as an approach to quantifying
future wildfires in California
Chapter 2 describes a new approach to build counterfactual scenario simulations that can be
used to quantify the amount of avoided carbon emissions resulted from land conversion. The research
previously presented analyzes how human-induced land cover changes can influence the global carbon
budget, and consequently impact the global climate. Changes in atmospheric greenhouse gas
concentrations significantly impact the global climate trajectory, with increased emissions tied to an
increased amount of warming, raising annual average temperatures and contributing to the positive
feedback of accelerated warming. The trajectory that greenhouse gas emissions are projected to follow
in the future can influence numerous aspects of human lives and can trigger phase-shifts and
ecosystem changes such as sea level rise, rage sifts in plant and animal distributions, and changes in
wildfire regimes. Since wildfire has always been a part of California’s Mediterranean climate, in Chapter
3, I explore modeled wildfire activity across the state. I use a space-time approach to analyze and
visualize predicted wildfire activity under two distinct greenhouse gas concentration pathways (high
and low emissions) until the end of the century, while comparing the temporal and spatial distribution
of wildfire hot spots in both scenarios.
This article has been published previously and is reproduced here with permission from co-authors and the Graduate
Division
Moanga, D., Biging, G., Radke, J., Butsic, V. (2020). The space–time cube as an approach to
quantifying future wildfires in California. International Journal of Wildland Fire.
https://doi.org/10.1071/WF19062
Abstract
Wildfires have long been part of life in California. However, recent years have been marked
by a sharp increase in large wildfires, damaging valuable economic, social and cultural assets, while
impacting numerous communities and ecosystems. Here, we developed a new approach for
interpreting modeled wildfire activity in 3D - through a continuum of space and time. We used
geographic information system (GIS) space-time data mining tools to quantify future hot and cold
spots under two distinct emission scenarios (RCP4.5 and RCP 8.5) from 2000 to 2100. Using modeled
burned area between 2000 and 2100, we identified 12 different categories of wildfire hot spots and
cold spots based on the spatial and temporal clusters in the data. We found that a higher percent of
the state was affected by intensifying hot spots under the high emission scenario, compared to the low
emission scenario. We also found that wildfire hot spot patterns closely followed ecoregion
boundaries, and that the percent of the wildland urban interface affected by different hot spot
categories varied based on the time period studied. The space-time data mining method reveals
important information that can help guide the allocation of human and financial resources in areas
most likely affected by wildfires in the future.

Keywords: Space-time analysis, GIS, fire modelling, predicted wildfire threat, wildland-urban
interface, fire management.
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Introduction
Wildfires occur in most North American forests and rangelands, affecting both natural and
human communities, but also helping to maintain the integrity and species composition of many
ecosystems (Stratton 2006; Syphard et al. 2007; Calkin et al. 2015). In California, wildfire is a natural
disturbance that has long been part of the history of the state. Due to its semiarid landscape, which is
both fire-prone as well as fire-adapted, California has experienced wildfire in the past and is likely to
endure destructive fire events in the future (Schoennagel et al. 2017). However, changing climate
conditions, coupled with fuel accumulation due to a century of active fire suppression have resulted
in uncharacteristic extreme fire events (Stratton 2006; Bryant and Westerling 2012; Hurteau et al. 2014;
Keyser and Westerling 2017; Radeloff et al. 2018). Given these recent large fire events, and the
projected increases in the frequency of extreme wildfires by the end of century, particularly under a
high emissions scenario (Westerling 2018), there is a distinct need to identify future spatial and
temporal trends in wildfire occurrence to better anticipate and prepare for a future where more fires
are likely.
To be proactive in making California more resilient to fire, researchers have developed a host
of models to help guide wildfire policy. Models are important sources of information to better
understand, quantify and predict wildfire threat (Mercer and Prestemon 2005; Keyser and Westerling
2017; Lautenberger 2017). Wildfire models have provided valuable information on the facets and
dynamics of wildfire behavior, on the characteristics of changing fire regimes and have guided effective
fuel management strategies. Past studies have analyzed the relationship between fire risk and a growing
wildland–urban interface (WUI) (Syphard et al. 2007; Bryant and Westerling 2014; Lautenberger 2017;
Schoennagel et al. 2017; Radeloff et al. 2018), fire frequency and severity and the way it relates to
forest management practices (Mitchell et al. 2009; Stephens et al. 2009; Finney et al. 2010; Calkin et
al. 2015; Steel et al. 2015), changing fire regimes as a result of climate change (Westerling et al. 2011;
Hurteau et al. 2014; Keeley and Syphard 2016; Syphard et al. 2018) and modelled wildfire spread (Cova
et al. 2005; Finney et al. 2015). Moreover, a number of studies (Bryant and Westerling 2012; Bryant
and Westerling 2014; Hurteau et al. 2014; Westerling et al. 2011; Schoennagel et al. 2017; Radke et al.
2018; Syphard et al. 2018; Westerling 2018) have assessed potential statewide wildfire occurrences,
given different development scenarios, population growth and projected patterns of climate change.
Yet even though wildfire is dynamic and evolving through time, most current applications
modelling wildfire focus on analyzing a snapshot in time, that is, the threat from wildfire either now
or in the future (Collins 2014; Lautenberger 2017; USGS 2017; CalAdapt 2018). This approach
provides important information regarding wildfire threat for the time period of interest but fails to
quantify the wildfire threat as an evolving process. Because most of the environmental controls on
wildfire (e.g. flammable vegetation presence/absence, wind, temperature, atmospheric water content,
etc.) are time and space variant, future fire dynamics can best be understood as pathways through
space and time. Therefore, we believe that using a space–time data mining technique to visualize,
document and assess wildfire activity can improve our understanding of already modelled outputs of
future burned areas.
Space–time analysis (defined as the representation of changing location in space and time of a
certain phenomenon) has been used in other fields for decades (Raper and Livingstone 1995; Couclelis
1999; An et al. 2015). Since the 1950s and 1960s, the rise of spatial science has enhanced site-specific
results with a temporal dimension (An et al. 2015). There are multiple analytical and statistical
techniques applicable to data with both spatial and temporal dimensions such as space–time statistical
models, process-based simulation models and space–time point patterns (Morgan et al. 2001; Vega
Orozco et al. 2012; An et al. 2015; Gabriel et al. 2016). Methods such as empirical orthogonal function
analysis have been used to study spatial patterns of natural phenomena and examine how these
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patterns change with time (Zhao et al. 2015). Similar analysis techniques have been used to interpret
space–time structure variability in panel datasets (Kim et al. 2018). Approaches such as space–time
permutation scan statistics (which uses a scanning window that moves across space and time), together
with cluster analysis techniques, have been applied to documenting changes in fire regimes and
studying their pattern behavior (Vega Orozco et al. 2012; Parente et al. 2016).
To provide new insights into the evolving wildfire threat in California, we applied a new
methodology to analyze wildfire activity through the use of geographic information system space–
time data mining capabilities. We analyzed predicted wildfire activity through time to identify and
differentiate zones likely to experience shifts or variations in fire activity from those that might remain
stable. Using this technique, we focused on answering the following questions: (1) What are the
spatial–temporal trends in predicted statewide modelled wildfire activity and how does this change
with different emission scenarios? (2) How do the hot spot patterns change across ecoregions under
two different emission scenarios? and (3) How much of the current WUI is associated with hot spot
categories under the two emission scenarios? To address these questions, we used a space–time
approach for interpreting modelled wildfire activity across California.
Methods
Data
We used the Wildfire Scenario Projections in California’s Fourth Climate Change Assessment
(State of California 2019; Westerling 2018) to represent the area burned by wildfire in the future. The
statistical models predicted the number of hectares burned across California by combining data on
vegetation, population density, wildfire history and historical climate data, coupled with regionally
downscaled localized constructed analogue climate projections (Pierce et al. 2014; CalAdapt 2018;
Westerling 2018). The estimated number of hectares burned represented yearly projections under two
different greenhouse gas concentration pathways (CO2 emission scenarios), also referred to as
representative concentration pathways (RCP4.5 and RCP8.5 (NOAA 2017)). Together the RCPs
represent coupled ocean–atmospheric models that describe a consistent set of projections,
encompassing a wide spectrum of future climate scenarios. The RCP8.5 represents a scenario where
rapid population growth, high energy demand and weak climate policies lead to increased emissions
through the early and midparts of the century (Riahi et al. 2011). In this scenario emissions continue
to rise strongly though 2050 and plateau around 2100 (CalAdapt 2018). In contrast, RCP4.5 represents
a stabilization scenario with lower greenhouse gas concentrations relative to RCP8.5 (NOAA 2017).
Under this scenario, emission levels peak around 2040 and then decline (CalAdapt 2018).
In building the wildfire projection models, Westerling (2018) incorporated fire history data
(documenting fires > 400 ha) provided by the Monitoring Trends in Burn Severity Database
(Westerling 2018). Vegetation characteristics were obtained from a set of stochastic, empirical-based
projections of land use land cover (LULC) change developed by Sleeter et al. (2017). Vegetation
changes were considered based on historical rates of LULC change in California (e.g. agricultural
contraction, agricultural expansion, urbanization and forest harvest). The coupled climate–vegetation
dynamic (including mortality mechanisms, vegetation growth and succession) were extracted from
dynamic global vegetation models (Jiang et al. 2013). To measure and quantify the divergence of
vegetation structure and composition from historical conditions, Westerling (2018) also included fire
regime condition class variables provided by the US Department of Agriculture’s Forest Service
Region 5 (Westerling 2018). Population projections based on high, medium and low growth rates,
together with 10 random variations of the spatial footprint of development, accounted for future
population growth estimates (Sleeter et al. 2017; Westerling 2018). The future climate scenarios
included the following scenario simulations: warm/dry (HadGEM2-ES), cool/wet (CNRM-CM5),
56

average (CanESM2) and a simulation that is most unlike the first three for the best coverage of
different possibilities (MIROC5) (CalAdapt 2018). The outputs of the wildfire prediction model
simulated fire activity by calculating the estimated number of hectares burned on a 1/16-degree
latitude/longitude grid. The grid translated into a total of 10 688 grid cells covering the entire state of
California (Figure 1a). However, desert areas close to the Mexican border, and regions converted to
intensive human and agricultural uses, were excluded from the modelling efforts (Westerling 2018).
We used the average CanESM2 simulation, which encompassed different scenarios for two
RCPs (4.5 and 8.5) and three population growth scenarios (low, medium and high). Therefore, we
studied modelled fire activity across six different scenarios (RCP4.5H/RCP8.5H–high population
growth; RCP4.5BAU/RCP8.5BAU–medium population growth and RCP4.5L/RCP8.5L–low
population growth). We analyzed the minimum, maximum and median number of hectares burned
across these three population scenarios for both RCP4.5 and RCP8.5, considering the median number
of hectares burned as a conservative estimate of the modelled projected fire activity.
Creating the space time cube
The ArcGIS Space Time Cube function in ESRI’s Arc Pro software (ESRI 2018; ArcGIS Pro
version 2.2.0) was used to aggregate the predicted number of hectares burned for each of the 10 688
grid cells into space–time bins (Figure 1b). During the space–time cube analysis, the data within each
grid cell was aggregated on a yearly basis (to capture a yearly progression of simulated fire activity) and
the distance interval was set to 6.957 km (since 1/16 of a degree latitude is approximately 6.957 km).
We ran the space–time analysis for the median, minimum and maximum number of hectares burned
scenarios for RCP4.5 and RCP8.5, documenting space–time patterns for 2000–20, 2020–40, 2040–60,
2060–80, 2080–2100 and for the entire time period between 2000 and 2100. We also ran 10-year
intervals as a comparison.
Identifying temporal and spatial patterns of predicted burned area
The Emerging Hot Spot Analysis function (ArcPro 2.4.2) was used to identify spatial–
temporal trends and determine whether there was a trend (either increasing or decreasing) in the
burned area, or whether it remained constant. The function classifies the space–time bins as hot or
cold spots using the Getis-Ord Gi* statistic (Ord 1995) and evaluates each bin in comparison with its
neighboring space–time bins (ESRI – Space Time Pattern Mining Concepts; 1 ESRI 2016). Unlike
Moran’s I algorithm (which measures spatial autocorrelation based on feature locations and attributes
values and evaluates whether the pattern expressed is clustered, dispersed or random) (ESRI 2018),
the Getis-Ord Gi compares the value of the space–time bin being analyzed with both its spatial and
temporal neighbors (Figure 1c). A hot spot is identified when a feature (space–time bin) has a high
value and is surrounded by other features with high values as well. Wildfire cold spots are characterized
by clusters of low values. Potential outliers are not considered hot spots because a high value is not
recorded as a statistically significant hot spot if it is surrounded by low data values. Areas that did not
fit the definition of hot spots or cold spots were classified as having no pattern detected.
The trend at each location across time was measured using the Mann-Kendall trend test, a
rank correlation analysis that compares the bin value from the first period with the bin value for the
second, comparing the result with the null hypothesis of no trend detected (a value of 0 indicates no
trend over time) (ESRI 2019). For example, if the value of the first space–time bin is smaller than that
of the second bin, the result is a +1, if it is larger the result is –1. If the two values of the space–time
bins are the same, then the result is 0 (Mann 1945; Kendall and Gibbons 1990). To determine if the
1

For convenience we will refer to the ESRI – Space Time Pattern Mining Concepts (2016) as ESRI (2016) and the 2019 version as
ESRI (2019).
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difference is statistically significant, the observed sum is compared with the expected sum 0, revealing
whether the data displays significant increasing or decreasing trends or whether it does not show any
trend, confirming the null hypothesis of the test (ESRI 2019).
The result of the emerging hot spot analysis displaying the hot and cold spot trends over time
can be rendered either as a 2D or a 3D visualization. The 2D map incorporates the trends over time
and categorizes each location into 17 distinct categories (8 hot spots, 8 cold spots and 1 category
symbolizing no pattern detected) based on those trends (we grouped some of these categories to aid
in the interpretation of the results). Based on their temporal progression the hot spot categories were
classified as intensifying, persistent, diminishing, sporadic, oscillating, new, consecutive and historical.
A similar classification was used to identify cold spots. For a detailed description of each category
please refer to Figure 2. The results of the hot spot analysis can also be rendered in a 3D manner
displaying each space–time bin individually as a 3D time slice and highlighting the bin classified as a
hot spot or a cold spot at different confidence intervals.
The distinction between the different categories is important because they represent different
pathways. For example, an intensifying hot spot is identified when an area has been a statistically
significant hot spot for 90% of the time-step intervals with increasing intensity of clustering. 2 Although
a persistent hot spot has the same characteristics at the bin level, it has no discernible trend indicating
an increase or decrease in the intensity of clustering over time. This difference is important when
defining and prioritizing areas with persistent fire activity as opposed to areas characterized by
increasing fire activity. Regions classified as historical hot spots have had high fire activity, yet this
activity is predicted to disappear at the end of the time period studied (as opposed to diminishing hot
spot pattern where wildfire activity is predicted to decrease during the last time period analyzed but
not disappear completely) (Figure 2). In contrast, an intensifying cold spot can be interpreted as an
area where wildfire probability is extremely low and even decreasing. To aid the interpretation of the
results, we further grouped sporadic and oscillating categories into one group because they represent
a similar pattern. The historical and consecutive categories were also grouped into one category
because these patterns were also similar, and they represented only a small fraction of the study area.
A key decision in this analysis was defining both the spatial and temporal neighbors and we
ran the analysis for multiple neighborhood definitions as a robustness check. In the end we defined
the neighborhood of each space–time bin (the context for each bin’s analysis) to include its
surrounding neighbors (spatial neighbors that extend two bins both horizontally and vertically) and
two temporal neighbors (Figure 1c). We found that this setting limited erratic model outputs over the
100 years of our study. The parameters are set according to the ArcGIS for Desktop Documentation
– Space time patterns mining concepts (ESRI 2016).
Wildfire hotspots and California Ecosystems
Ecoregion boundaries denote an important spatial framework for classifying ecosystems and
environmental characteristics into areas of similar biotic and abiotic factors. For example, the northern
Sierras and the montane habitats of Southern California host many similar species, yet they are distinct
in structure and composition, Southern California having several endemic and relic species (Ricketts
et al. 1999). Hence, they are distinct ecoregions. Therefore, modelling the wildfire threat across
ecoregions can reveal where species may face changing fire regimes. We compared the spatial location
of the statewide hot spot results with the location of the USDA-USFS Region 5 CALVEG Ecoregion
Provinces (Cleland et al. 2007). Because ecoregions designate areas of general similarity in terms of
biotic and abiotic factors (energy, moisture and nutrient gradients) we wanted to document whether
2

When analyzing a 20-year time interval, if the last 18 out of the 20 space-time bins are classified as a hot spot, then the area is
characterized as an intensifying hot spot.
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specific ecoregions were markedly more likely to experience different types of hot and cold spots. We
did this by overlaying our results with a map of ecosystem boundaries and summarizing the results
within each boundary.
Wildfire hotspots and the Wildland Urban Interface
We also examined the wildfire threat to human communities by assessing the percentage of
different hot spot categories present in areas identified as part of the WUI by incorporating WUI
boundaries provided by Radeloff et al. (2018). The WUI is defined as areas where houses are in, or
near wildland vegetation (Radeloff et al. 2018). As with the ecoregion analysis, we overlaid the results
from our study area with a boundary file for the WUI and then summarized the amount of each
category within the WUI. We recognize that the boundaries of the WUI will change through time;
however, no credible data exists that predicts WUI growth to 2100. Therefore, we focused only on
the area currently identified as the WUI and acknowledge that the future WUI may be different.
Results
I. Spatial and temporal patterns of predicted wildfire activity in California
We compared the recorded fire perimeters between 2000 and 2019 (provided by California’s
Fire and Resource Assessment Program; California State Geoportal 2020) with the modelled hot spot
spots results for the period 2000–20 to first show how the hot spot analysis can classify recent fires.
We found that 47.44% of the fires recorded between 2000 and 2019 were in areas classified as
persistent hot spots, 29.13% were in sporadic and oscillating hot spot areas and 3.98% were in areas
classified as intensifying hot spots (Figure 3a).
Analyzing the intermediate time intervals (i.e. 2000–20, 2020–40 … 2080–2100) across the
two emission scenarios revealed heterogeneity in the relative frequency of hot spot categories (Figure
4). For example, there was an overall increase in intensifying hot spots under both scenarios; however,
for the periods 2040–60, 2060–80 and 2080–2100 the study area was characterized by a larger
percentage of intensifying hot spots under RCP8.5 than under RCP4.5 (Table A1 in Appendix 1).
Between 2000 and 2040 the study area was characterized by a large number of sporadic and oscillating
hot spots and persistent hot spots under both emissions scenarios. These trends changed as the
regions initially associated with sporadic and oscillating hot spots transitioned to intensifying hot spots
as we moved closer to 2100 and intensifying hot spots became the dominating trend (Figure 4a, b,
Table A1). Under the RCP8.5 scenario, between 2080 and 2100 there were more intensifying and
persistent hot spots compared with the same time interval for the RCP4.5 scenario (Figure 4a, b, Table
A1). Lastly, it is worth mentioning that the diminishing, new, historical and consecutive hot spots
covered a relatively small percentage of the state under both RCPs, whereas burn areas with no pattern
detected covered approximately 20–25% of the area. While comparing the total projected number of
hectares burned, we found an increase in total area burned under RCP8.5 compared with RCP4.5
across all time intervals studied, with the greatest increase in the last time period (Figure 4c).
Even though the hot spots patterns varied according to the time period analyzed, areas such
as the South Coast, the Mendocino National Forest (in the north-western part of the state) and parts
of the northern and central Sierra Nevada mountain range were mostly characterized by persistent and
intensifying hot spots across all 20-year time intervals (Figure 5). Areas located in the foothills of the
Central Valley that initially had no trend detected, became classified as sporadic and oscillating hot
spots by the end of century (Figure 3b), while regions in the northern part of the California Nevada
boundary (part of the Intermountain Semi-Desert ecoregion) were mostly classified as having no trend
detected or characterized by cold spots. This will be discussed in more detail in the next section.
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Further analyzing the median number of hectares burned for the entire time period between
2000 and 2100 (Figure 6b, c), sporadic and oscillating hot spots were the predominant temporal
pattern detected in both emission scenarios, covering 23.04% of the study area under RCP4.5 and
29.04% under RCP8.5. Fire-prone areas such as densely forested areas in the northwestern part of the
state (Mendocino National Forest), parts of the Sierra Nevada mountain range (e.g. Plumas National
Forest, Stanislaus National Forest and Sequoia National Forest) and large areas of the South Coast
Range (e.g. Los Padres National Forest) were mostly classified as persistent or intensifying hot spots.
Other key results included: (1) for the entire period 2000– 2100 there were more diminishing hot spots
recorded under RCP4.5 (6.52%) than under RCP8.5 (4.15%) (intermediate time intervals displayed
different trends); (2) regions located in the south-eastern part of the state (e.g. areas in the Mojave
Desert and the Sonoran Desert) were always characterized by cold spots; and (3) areas surrounding
densely populated areas and regions immediately surrounding California’s Central Valley were often
classified as having no trend detected for both RCPs.
II. Wildfire activity across ecoregions
Comparing the spatial distribution of wildfire hotspots across the Californian ecoregions
(Figure 6), we found that hot spot and cold spot patterns closely followed ecoregion boundaries under
both RCPs during the 2000–2100 time interval studied. Not surprisingly, the northern and southern
Coast Ranges and the eastern Sierras were characterized by varying categories of hot spots, while the
south-eastern part of the state was characterized by different cold spot categories. As one might
expect, the American semi-desert and desert ecoregion (encompassing the Mojave and Sonoran
deserts), the intermountain semi-desert and desert ecoregion, as well as the intermountain semi-desert
ecoregions (regions in the eastern part of the state at the border with Nevada) were all areas
characterized by different cold spot categories under both scenarios studied.
The California coastal chaparral forest and shrub ecoregion (area encompassing the coast
range) was a fire-prone ecoregion in all time periods studied. For example, during the time period
2000–2100 this area was characterized by the same three hot spot categories under both emission
scenarios. Under RCP4.5 we found 27.21% intensifying, 12.53% persistent and 8.25% sporadic and
oscillating hot spots, while under RCP8.5 we found 30.73% intensifying, 5.35% persistent and 16.2%
sporadic and oscillating hot spots (Table A2 in Appendix 1).
Regions eastward towards the Central Valley, throughout the Californian coastal range open
woodland shrub coniferous forest meadow ecoregion transitioned to diminishing and historical hot
spots. A similar trend was apparent under the minimum, median and maximum number of hectares
burned scenarios. Another notable trend was that the Sierran steppe mixed forest coniferous forest
alpine meadow was mostly characterized by a large percentage of sporadic and oscillating hot spots
under both emission scenarios during the time period 2000–2100. Specifically, sporadic and oscillating
hot spots covered 46.99% of the ecoregion under RCP4.5 scenario and 47.49% under RCP8.5. A 3D
visualization provided more information about the temporal progression of predicted fire activity in
this area. For example, within this ecoregion, the Sierran foothills (bordering the east side of the
Central Valley) were regions classified as having no trend detected in the beginning time steps (grey
cubes) but became classified as wildfire hot spots in the later time steps (red cubes) (Figure 3b). For a
full list of hot spot categories in each ecoregion please see Table A2 in Appendix 1.
III. Wildfire hot spots and the wildland urban interface (WUI)
While assessing the wildfire trends across the WUI, we found that the predominant trend
detected in both emission scenarios was sporadic and oscillating hot spots (28.13% of the WUI for
RCP4.5 and 30.48% for RCP8.5, Table 1). These trends were associated mostly with WUI areas
located in the eastern Sierras. The other predominant trends detected were cold spots (24.66% for
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RCP4.5 and 28.16% for RCP8.5) and no pattern detected (23.4% for RCP4.5 and 21.24% for RCP8.5).
These trends were associated with communities around the Central Valley and populated regions
located around large metropolitan conglomerates such as the San Francisco Bay Area and the Los
Angeles–San Diego areas. WUI areas in the south coast were characterized by persistent and
intensifying hot spots and there was a relatively small percentage of consecutive and historical hot
spots under both scenarios studied (Table 1).
When analyzing the spatial and temporal patterns of modelled wildfires for intermediate time
periods (2000–20, 2020– 40…2080–2100), we observed a larger percentage of the WUI being
associated with sporadic and oscillating hot spots and persistent hot spots under both emission
scenarios in the initial time periods studied (Table 2). In later time periods (after 2040), areas that were
classified as persistent hot spots transitioned to be classified as intensifying hot spots, a trend that was
consistent with the statewide wildfire patterns calculated for the different time intervals studied (Figure
4). The no pattern detected and cold spot pattern were also some of the predominant trends found
within the WUI study area (Table 2). The percentage of the WUI associated with different hot spot
categories varied based on the time interval studied; however, the WUI area was covered by a larger
percentage of wildfire hot spots under RCP8.5 compared with RCP4.5. The percentage of historical
and consecutive hot spots is expected to rise towards the end of the century (Table 2). Overall,
diminishing hot spots represented a small percentage of the WUI area under both emission scenarios
during all time periods studied and new hot spots also accounted for a small percentage of the WUI
in all time intervals under both RCPs.
IV. Sensitivity Analysis
To further test our choice of using the median number of hectares burned across models, we
analyzed the minimum and maximum number of hectares burned for the two emission scenarios
studied. Comparing the three scenarios, we noticed similar trends (Table 3). Specifically: (1) sporadic
and oscillating hot spots covered a larger percentage of the state under the RCP8.5 scenario than under
the RCP4.5 scenario; (2) there are more intensifying hot spots under the RCP8.5 scenario; and (3) in
all three scenarios there was a relatively small percentage of new, historical and consecutive hot spots
for both RCP4.5 and RCP8.5 (Table 3). Large areas of the state were characterized by cold spots,
signaling the presence of large desert regions (in the south-eastern part of the state) where the risk of
wildfire is low. The second prevalent trend was no pattern detected, mostly found at the intersection
of hot and cold spots. From comparing the three different scenarios, we believe that the median
number of hectares burned scenario is a robust representation of modelled wildfire activity.
We also tested our choice of studying 20-year time intervals against 10-year time intervals. The
hot spot patterns varied based on the time period studied and largely resembled the patterns found
when studying the 20-year time intervals. However, there were slight differences in both the categories
of hot spots recorded and their abundance, relative to the 20-year time intervals. For example, some
periods (e.g. 2020–30) were characterized by a larger percentage of historical and consecutive hot
spots (4.58% of the study area) compared with 2020–40 (0.49% of the area). Other periods (e.g. 2030–
40) were characterized by a slightly larger percentage of new hot spots (0.51% of the study area),
compared with 2020–40 (0.16%). Specific regions, such as the Coastal Range, the Mendocino National
Forest and parts of the Northern Sierras, were characterized by persistent and intensifying hot spots
during both the 10-year and the 20-year time intervals studied.
Discussion
Spatial–temporal trends in predicted statewide modelled wildfire activity
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When analyzing predicted statewide modelled wildfire activity within defined time intervals we
found variations in the percentage of the state covered by different categories of hot spots and we
identified differences in hot spot trends between the two RCP scenarios studied. For example, we
noticed a spike in intensifying hot spots during the 2040–60 interval under RPC8.5 compared with
RCP4.5 (Figure 4a, b). This may have been influenced by the assumption that emission levels will rise
through 2050 under RCP8.5 (CalAdapt 2018). In this scenario, the IPCC estimates that the global
mean surface temperature will increase by 28°C during the period 2046–64 and by an additional 3.78°C
between 2081 and 2100 (IPCC 2019). In contrast, the RCP4.5 concentration pathway projects a likely
increase of 1.48°C (2046–65), and 1.88°C (2081–2100) (IPCC 2019). Under this later scenario, there
is no spike in intensifying hot spots, but rather a gradual increase in areas characterized by intensifying
hot spots during the different time intervals until the end of the century.
Hot spot categories and ecoregions
In mapping statewide predicted wildfire hot spots, we discovered a close association between
the distribution of hot spots, cold spots and ecoregion boundaries (Figure 6). Our results showed
persistent, intensifying, as well as sporadic and oscillating hot spots throughout the Sierras and the
Coastal Range. Areas of the Coastal Range fall under different hot spot categories in all time periods
studied, signaling the high likelihood of increased fire activity in those regions. These mountainous
regions were characterized by persistent hot spots that became diminishing hot spots as we
transitioned to lower elevations in the Central Valley. Large areas characterized by sporadic and
oscillating hot spots (Figure 6b, c) signal heterogeneity in wildfire threat across time and may be due
to the interaction between climate, land use, vegetation and population variables. Our findings are
consistent with existing literature (Liang et al. 2018) that highlights the increased probability of highseverity wildfires due to warmer and drier conditions and higher wind speeds (Krofcheck et al. 2017).
These elements enhance fire behavior and are predicted to become increasingly common in the Sierra
Nevada (Collins 2014).
Hot spot categories and the WUI
While exploring the relationship between predicted wildfire activity and communities located
at the WUI, we found that the majority of the WUI is in areas characterized as sporadic and oscillating
hot spots, followed by WUI areas located in cold spots and in regions where no pattern was detected
(hot spot analysis included data for the entire 2000–2100 time interval). This mixed result could be an
outcome of the diverse landscape throughout the state associated with areas classified as being part of
the WUI. However, this exercise was valuable because identifying WUI areas classified as new or
intensifying hot spots showcased the populated regions that are likely to experience increased fire
activity in the future, even if they have not experienced large wildfire events in the past (Table 1).
Advantages of using a space–time approach
Space–time visualization techniques can aid in the discovery of new geographical patterns
compared with analysis relying solely on physical locations (Kelly-Voicu 2019). We used a powerful
method of visualizing, documenting and assessing predicted wildfire activity by analyzing spatial and
temporal trends of modelled fire events across California. Our approach is different from the
traditional methods of analyzing phenomena that look at individual points in time, because we do not
simply show the predicted wildfire activity in a particular year, rather we use the modelled wildfire
projections to explore spatial trends in wildfire activity through time and identify high and low clusters
of predicted fire activity.
One of the advantages of the space–time cube approach is that it facilitates a better
understanding of what has been going on at a specific location over time, because each space–time
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bin is in fact a time series. In addition, the traditional temporal analysis is enhanced, because each time
slice is not analyzed independent of its neighboring time slices. The space–time cube algorithm
recognizes that the time slices are interrelated (i.e. correlated in the context of a 3D structure). The
multitemporal visualization allowed us to see that certain time intervals were more active than others,
and that wildfire activity can be expected to increase or decrease during specific time periods at specific
locations. For example, Figure 3b, c illustrates hot spot patterns at two different study sites over the
periods 2000–2100 (Figure 3b) and 2000–20 (Figure 3c). Site 1 displays the area between the Central
Sierra Nevada Mountains and the Central Valley (mostly covered by rangelands and oak woodlands).
This area was not identified as a hot spot during the initial time periods, but it is likely to experience
increased fire activity around 2050 (Figure 3b). At the same time, other areas such as the mountainous
regions in the south-western part of the state (parts of Ventura and Los Angeles counties) varied in
their classification as wildfire hot spots. Site 2 in Figure 3c illustrates the 3D visualization of the space–
time cube and wildfire hot spots in the coastal area where the Woolsey fire burned 96 949 acres in
2018 (CalFire 2020). When overlaying the fire perimeters with the results of the hot spot analysis for
2000–20, we found that the perimeter extends throughout persistent hot spots and is bordered on the
right of the figure (east) by areas that are either cold spots or have no pattern detected.
Policy and management considerations
In California, fire suppression can contribute to an increase in fuel load, resulting in forest
structures that are extremely prone to large catastrophic fires (Stephens 1998; Stephens et al. 2009).
Fuel management is an important factor in preventing or mitigating the occurrence of catastrophic
wildfires. Studies show that thinning, group selection, prescribed burning and landscape fuel
treatments result in lower fire intensities, rate of spread and heat per unit area (Stephens 1998; Fry et
al. 2015). However, vegetation management is expensive, and therefore, predicting which areas are
likely to be affected by wildfire can direct where best to invest efforts to lower fire vulnerability while
controlling costs. Our results showed specific areas with intensifying hot spots that may be prime
candidates for fuel treatment work.
Detecting areas that are likely to emerge as a wildfire hot spot in the coming decades will help
communities, local governments and industry develop adaptive responses. For instance, at the
community level, fuel breaks can be created around WUI areas likely to experience intensifying hot
spots. New structures can also be built from materials that are more fire resistant than the traditional
wood materials. In addition, wildfire prevention measures (e.g. forest thinning or brush removal) can
be instituted, and more proactive measures to prevent fire ignition in these areas can be enforced. At
the state and local government levels, enhanced measures can be introduced to protect essential
infrastructure that is located in fire-prone areas. Planning operations can be adapted to incorporate
scenarios in which infrastructure that is not currently vulnerable will potentially be exposed to an
increased fire threat in the near or distant future. Furthermore, knowledge regarding the approximate
point in time when wildfire activity will increase is vital in designing the timing of forest and chaparral
management plans and switching priority areas for intervention.
Limitations of the model
First, when interpreting and analyzing model results, it is important to recognize that all
models incorporate a certain degree of uncertainty. The fire models that we utilized in this study are
calibrated to past observed weather, vegetation, population and fire events. Future conditions could
alter the modelled relationships between these variables and fire events. There can be significant spatial
variability in wildfire responses to climatic variations (Westerling 2018) both currently and in the
future. There is uncertainty around modelling future dominant vegetation assemblages (vegetation
regime shifts), future fuel and moisture regime characteristics and in predicting future weather
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variables. Combining projected global climate change models and projected population rates of change
also adds another layer of complexity and uncertainty to model results. In particular, the timing and
duration of rainfall in California is difficult to predict, yet it is fundamental in understanding fire risk.
As we improve our ability to model future weather, population growth, land cover and land use
change, there is little doubt that future models will be more accurate, but even so, there will be error
associated with projections from any improved model.
Second, we developed this study at the state level to showcase a potential application of the
space–time mining tools that can be applied to study the results of the modelled wildfire activity.
However, a more focused and in-depth analysis of specific regions is warranted to provide more
localized policy and management recommendation for those regions.
Third, the time period selected for analysis is also an important user-defined parameter. For
instance, it is important to note that the percentage of the state covered by the different categories of
hot spots varied depending on the time period selected. The maps resulting from the analysis of the
20-year time periods look slightly different than the ones for the 10-year time intervals and significantly
different from the maps created by compiling the data for the entire time interval studied (2000–2100).
While analyzing the entire time interval (2000–2100), large areas of the state were characterized by
sporadic and oscillating hot spots, which is what one might expect under a fire regime where large
fires only happen once every few decades (i.e. an area is hot one decade and cold the next).
Lastly, the parameters used in the hot spot analysis algorithm are sensitive to the way in which
the spatial and temporal neighborhood is defined and can influence the results of the hot spot analysis
output. Because the algorithm determines whether the analyzed space–time neighborhood is
significantly different from the rest of the study area, the spatial and temporal extent of this
neighborhood influences the results of the hot spot analysis.
Conclusion
Given California’s exceptionally active fire seasons in recent years, it is important to document
and analyze future predicted wildfire activity across the state under changing environmental
conditions. Creating innovative ways to conceptualize future fire events and their pathways can help
us design better wildfire policy. In this study we introduce a new 3D method to analyze predicted
wildfire activity. This approach allowed us to identify patterns of wildfire activity that are not possible
to recognize with traditional geographic approaches. We believe that this approach provides new
insight on the trends and spatial distribution of wildfire activity and is a more comprehensive way to
view complex time–space data. Classifying areas into different categories of wildfire hot spots based
on the temporal progression of predicted wildfire activity reveals important information, which can
be used to visualize and understand wildfire threat and adopt proactive measures to minimize and
control wildfire risk. Grouping the incidence of uncharacteristically severe fires into statistically
significant geographic and temporal clusters allowed us to not only pinpoint areas that have high
predicted wildfire activity, but also visualize how this pattern will change and evolve through time
(oscillate, remain persistent or diminish) given different potential future climate realities.
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Figure 1. (a) California: study area. (b) Schematic representation of a space–time cube (left), and the
way it aggregates the point data into space–time bins (right). The blue space time bin represents the
most recent time period analyzed (in this case 2100). The temporal aggregation of point data can be
done in yearly or multi-year time intervals. In the example displayed the aggregation was done in 25year time intervals over the 100-year period studied, resulting in four space–time bins. (c) Illustration
of the neighborhood of a space–time bin, where the cell is 6.957 km in size. The emerging hot spot
analysis compared the value of the cell analyzed (blue) with the values of its neighboring cells (grey).
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Figure 2. Definitions used to characterize the different hot spot categories identified (adapted from
ESRI (2016)). Example diagrams are schematic illustrations of hot spot patterns for the period 2000–
2100 aggregated over 20-year time intervals. Each cube (space–time bin) represents a time slice of
20 years through which the values for the number of hectares burned are aggregated. Throughout the
study we aggregated the number of hectares burned over 1-year time intervals. This is a simplification
for illustrative purposes and shows the 3D nature of the space–time cube. The hot spot confidence
intervals are based on the results of the hot and cold spot trends detected by the Getis-Ord Gi* hot
spot analysis and evaluated with the Mann-Kendall test to determine whether trends are persistent,
increasing or decreasing over time.
Hot Spot Category
New

A location that is a
statistically significant
hot spot for the final
time step and has
never been a
statistically significant
hot spot before.

Diminishing

Intensifying
A location that has
been a statistically
significant hot spot for
90% of the time-step
intervals, with the
intensity of clustering
increasing overall and
that increase is
statistically significant.

66

A location that has
been a statistically
significant hot spot
for 90% of the timestep intervals, with
the intensity of
clustering decreasing
overall and that
decrease is statistically
significant.

Sporadic and
Oscillating

Historical
A location that is an
on-again then offagain hot spot (during
some time intervals it
could have even been
a cold spot). Less than
90% of the time-step
intervals have been
statistically significant
hot spots.

Consecutive

The most recent time
period is not hot, but
at least 90% of the
time-step intervals
have been statistically
significant hot spots.

Persistent

A location with a
single uninterrupted
run of statistically
significant hot spot
bins in the final timestep intervals. The
location has never
been a statistically
significant hot spot
prior to the final hot
spot run and less than
90% of all bins are
statistically significant
hot spots.

A location that has
been a statistically
significant hot spot
for 90% of the timestep intervals with no
discernible trend
indicating an increase
or decrease in the
intensity of clustering
over time.

No pattern detected - Does not fall into any of the hot or cold spot patterns defined above
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Figure 3. (a) Recorded fire perimeters (2000–19) and modelled wildfire hot spot patterns in the
current period (2000–20). (b) 3Dresults of future projections from 2000 to 2100. Site 1 represents the
south-eastern foothills of the Sierra Nevada Mountains as an example site for 3D visualization of the
predicted wildfire activity between 2000 and 2100 for RCP4.5 aggregated in space–time bins (each
cube represents a 5-year period, with the initial period at the bottom and the final period at the top).
Areas that are currently not a wildfire hot spot are predicted to experience wildfires around 2060–
2100 (cubes change color from grey to red). The size and color of the cube indicates the confidence
interval associated with that location being a wildfire hot spot during the time interval associated with
each time step. (c) Site 2 displays the fire perimeter of the 2018 Woolsey fire (in Los Angeles and
Ventura counties), the result of the hot spot analysis as a 2D characterization of the landscape into
checkerboard-like areas that display the hot spot pattern calculated based on the temporal progression
of predicted wildfire activity and a 3D visualization of wildfire hot spots for the study site (data
aggregated over 1-year time intervals between 2000 and 2020 for RCP4.5; each cube represents 1 year).
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Percent of study area (%)

Figure 4. Percentage of different hot spot categories throughout California during different time
periods (2000–20; 2020–40; 2040–60; 2060–80; 2080–2100) for (a) RCP4.5 (each period was analyzed
individually, so the percentages do not represent cumulative values) and (b) RCP8.5. Areas covered
by cold spot categories and no pattern detected are not included. (c) Total number of predicted
hectares burned under RCP4.5 and RCP8.5 during the time periods studied.

25

Persistent

Intensifying

Diminishing

Historical & Consecutive

New

20
15
10
5
0

a.2000-2020
Percent of study area (%)

Sporadic & Oscillating

2020-2040

2040-2060
Time period

2060-2080

2080-2100

2020-2040

2040-2060
Time period

2060-2080

2080-2100

25
20
15
10
5
0

b.2000-2020

69

Total Predicted Number of Hectares Burned
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Figure 5. Wildfire hot and cold spots for RCP4.5 for the following time periods: (a) 2020–40; (b) 2040–60; (c) 2060–80; (d) 2080–2100.

71

Figure 6. (a) Californian ecoregions. (b) Predicted hot and cold spot areas for RCP4.5 (2000-2100) for the median number of hectares
burned scenario and ecoregion boundaries. (c) Predicted wildfire hot and cold spot areas for RCP8.5 (2000-2100).
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Table 1. Percentage of the wildland-urban interface (WUI) in the State of California located in
different hot spot categories, cold spots and areas with no pattern detected, under two scenarios
(RCP4.5 and RCP8.5) for the time period 2000-2100.
Percent (%) of WUI

RCP4.5

Sporadic and oscillating hot spot

Median

RCP8.5

28.13

30.48

0.54

0.20

10.19

12.27

Persistent hot spot

4.57

2.52

Consecutive and historical hot spot

1.03

0.58

Diminishing hot spot

7.48

4.55

No pattern detected

23.40

21.24

Cold spots

24.66

28.16

New hot spot
Intensifying hot spot
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Table 2. Percentage of the wildland–urban interface (WUI) in the State of California associated with different hot spot categories, cold spots
and areas with no pattern detected for the time periods 2000-20, 2020-40, 2040-60, 2060-80 and 2080-2100 for the median number of
hectares.
Emerging hot spot
analysis trend

Percentage (%) of WUI affected by hot spots within the time period
2000–20
2020–40
2040–60
2060–80
2080–2100
RCP 4.5 RCP 8.5 RCP 4.5 RCP 8.5 RCP 4.5 RCP 8.5 RCP 4.5 RCP 8.5 RCP 4.5 RCP 8.5

74

Cold spots

35.21

21.62

28.70

22.16

26.51

26.91

25.79

24.42

26.83

22.10

Diminishing hot spots

1.18

1.30

0.33

1.70

0.02

0.18

0.14

0.49

0.09

0.00

Historical and consecutive hot spots

0.23

0.11

3.97

0.49

4.90

4.39

2.85

6.41

5.06

7.74

Intensifying hot spots

3.03

2.34

5.09

4.68

11.89

14.66

13.38

7.69

21.81

23.68

New hot spots

0.52

0.63

0.11

0.09

0.00

0.02

0.56

1.50

1.06

0.16

No pattern detected

27.75

31.62

28.56

23.73

31.54

33.37

25.36

28.65

26.14

27.76

Persistent hot spot

22.50

22.37

12.64

22.88

9.85

6.01

14.14

18.30

5.40

3.11

Sporadic and oscillating hot spot

9.58

20.01

20.60

24.27

15.29

14.46

17.78

12.54

13.61

15.45

Table 3. Percent of the state covered by different wildfire hot and cold spot trends between 2000 and 2100 calculated for 3 scenarios
(minimum, median and maximum modeled number of hectares burned).
Emerging
hot spot
analysis trend
Cold spots

Percentage of the state covered by hot spots/cold spots between 2000 and 2100 under three scenarios
Minimum number of hectares
Median number of hectares
Maximum number of hectares
burned scenario
burned scenario
burned scenario
RCP
RCP
RCP
4.5
8.5
4.5
8.5
4.5
8.5
39.94 41.50
37.42
36.59
39.24
34.17
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Diminishing hot spots

7.80

4.18

6.52

4.15

2.24

4.55

Historical and consecutive hot spots

0.18

0.68

0.72

0.29

0.93

0.29

Intensifying hot spots

6.35

8.18

8.53

9.80

9.12

13.46

New hot spots

0.45

0.00

0.41

0.14

0.02

0.10

No pattern detected

21.05

20.85

19.40

17.78

24.98

14.00

Persistent hot spot

2.48

2.34

3.96

2.21

2.05

2.23

Sporadic and oscillating hot spot

21.75

22.27

23.04

29.04

21.42

31.20

Appendix
Table 1A. Statewide hot spot and cold spot percentages for each of the time intervals studied.
Emerging hot spot
analysis trend
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2000–20
RCP
4.5 8.5

2020–40
RCP
4.5 8.5

No pattern detected (%)

19.42 20.34

25.03 17.99

22.6

21.38

22.47 21.88

Persistent hot spot (%)

17.92 13.61

10.35 18.68

7.83

6.40

11.17 11.19

4.24

6.29

Sporadic and oscillating hot spot (%)

20.93

21.35

17.91 20.54

18.28 11.52

19.28 14.97

10.77

9.45

Intensifying hot spot (%)

2.35

1.31

4.36

3.81

4.86 14.62

6.53 10.23

Diminishing hot spot (%)

0.82

1.10

0.28

1.55

0.10

0.53

0.14

0.14

Historical and consecutive hot spot (%)

0.14

0.23

3.34

0.34

1.16

3.24

1.21

2.48

4.59

3.70

New hot spot (%)

0.36

0.80

0.16

0.07

0.00

0.00

0.22

0.10

0.75

0.71

Cold spot categories (%)

38.06 41.26

38.57 37.02

2040–60
RCP
4.5 8.5

45.17 42.31

2060–80
RCP
4.5 8.5

38.98 39.01

2080–2100
RCP
4.5 8.5
28.22 25.70

15.15

17.06

0.04

0.09

36.24 37.00

Table 2A. Percent of ecoregions characterized by various hot spot categories and cold spots calculated for the median number of hectares
burned scenario for RCP4.5 and RCP8.5.
Emerging Hot Spot
Analysis Trend

Ecoregion
California coastal chaparral
forest and shrub

Hot spot category
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California coastal steppe-mixed
forest-redwood forest

Hot spot category

RCP4.5

RCP8.5

Intensifying

27.21

30.73

Persistent

12.53

5.35

New

0.00

0.00

Diminishing

8.71

4.89

Sporadic and Oscillating

8.25

16.20

Historical and Consecutive

2.14

1.07

No pattern detected

26.14

24.77

Cold spot patterns

17.16

16.99

Intensifying

0.92

3.47

Persistent

3.24

3.62

New

1.15

0.00

Diminishing

2.08

0.92

54.39

65.36

0.00

0.00

33.10

21.42

Cold spot patterns

5.12

5.21

Intensifying

5.86

9.61

12.43

13.81

0.00

0.00

Sporadic and Oscillating
Historical and Consecutive
No pattern detected
California coastal range open
woodland shrub coniferous forest
meadow

Hot spot category

Median scenario (2000-2100) percent
(%) of ecoregion

Persistent
New

Table 2A (continued)

Emerging Hot Spot
Analysis Trend

Ecoregion
California coastal range open
woodland shrub coniferous forest
meadow

Sierran steppe-mixed forestconiferous forest-alpine
meadow

RCP4.5

RCP8.5

34.08

22.12

Sporadic and Oscillating

4.52

5.46

Historical and Consecutive

3.75

0.00

No pattern detected

27.91

35.73

Cold spot patterns

11.45

13.27

Intensifying

13.36

14.58

Persistent

3.12

1.85

New

0.63

0.27

Diminishing

1.48

0.79

46.99

47.49

0.00

0.57

No pattern detected

23.42

19.75

Cold spot patterns

11.00

14.70

Intensifying

0.30

0.55

Persistent

0.45

0.20

New

0.30

0.05

Diminishing

0.20

0.00

Sporadic and Oscillating

0.35

0.75

Historical and Consecutive

0.00

0.00

No pattern detected

2.96

4.76

Diminishing

Hot spot category
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Sporadic and Oscillating
Historical and Consecutive

American semi-desert and
desert

Hot spot category

Median scenario (2000-2100) percent
(%) of ecoregion

Table 2A (continued)

Emerging Hot Spot
Analysis Trend

Ecoregion
American semi-desert and
desert
Intermountain semi-desert

Hot spot category

79

Intermountain semi-desert and
desert

Hot spot category

Median scenario (2000-2100) percent
(%) of ecoregion
RCP4.5

RCP8.5

Cold spot patterns

92.74

93.69

Intensifying

0.00

0.00

Persistent

0.00

0.00

New

0.00

0.00

Diminishing

0.00

0.00

Sporadic and Oscillating

0.58

0.58

Historical and Consecutive

0.00

0.00

No pattern detected

31.17

21.76

Cold spot patterns

68.25

77.66

Intensifying

0.00

0.00

Persistent
New

0.00

0.00

0.00

0.00

Diminishing

0.00

0.00

Sporadic and Oscillating
Historical and Consecutive

2.33

3.75

0.00

0.39

No pattern detected

16.60

13.63

Cold spot patterns

81.07

82.23
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CHAPTER 4: Drought and agricultural changes in Kern County
Chapter 3 examines the spatio-temporal distribution of wildfire hot spots throughout
California under two different emission scenarios. My analysis showed that under the high emission
scenario there are more intensifying hot spots compared to the low emission scenario. The role of
climate in influencing wildfire activity is complex and prediction models advance our understanding
of the interlinkages between increased greenhouse gas emissions, vegetation changes and population
dynamics. In Chapter 4, I use multinomial logit models to explore yet another link between climate
and land use land cover changes, specifically focus on analyzing agricultural changes in response to
drought. In this chapter I study the land use transitions between four main land group categories
during drought and non-drought periods and identify the parcel specific spatial determinants that
might influence these transitions.
Abstract
In the United States, agriculture has substantially transformed landscapes. Climate variability,
increased temperature extremes and severe water shortages have also impacted agricultural
production. In this study we examine the patterns of land transitions and model landowner’s land
allocation decisions before, during and after drought in one of the most productive agricultural
counties in the United States, Kern County, California. Using land cover data between 2008 and 2018,
we build a set of spatially explicit multinomial logit models to explore the influence of parcel specific
characteristics on land allocation decisions, and to investigate how the 2012-2016 drought (one of the
most intense in California’s history) affected cropping patterns. The results of our models show that
lower valued crops are converted to more lucrative crops such as nut trees. Our findings indicate that
crop selection is moving from annual crops to perennial crops and approximately 23.34% of field and
vegetable crops were converted to nut trees during the study period. More land conversions were
recorded during the drought years compared to the other time periods, especially from field and
vegetable crops and from fruit trees. Spatially, by mapping the results of the multinomial logit models
we found that isolated parcels and parcels located at the edges of cultivated fields were more likely to
transition to other uses than parcels surrounded by similar crops. Analyzing the physical drivers of
land transitions and quantifying parcel level conversion probabilities provides critical information
about the dominant trends of agricultural conversion.

Keywords: land transitions, multinomial logit model, predicted land cover changes.
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Introduction
Land use land cover changes (LULCC) continuously shape the surface of the Earth,
fundamentally altering the spatial configuration and functioning of natural ecosystems (Ellis et al.
2013). In the past century, a large proportion of the planet’s land surface has been modified for human
uses, particularly agriculture (Foley et al. 2005). The expansion of crop and pastoral land in natural
ecosystems is one of the main drivers of global environmental change (Lambin and Meyfroidt 2011),
impacting numerous ecosystems (Power 2010; Kanianska 2016) and influencing many important
aspects of environmental quality (Lewis and Plantinga 2007).
In agricultural landscapes, land use changes are typically driven by a host of local spatial
determinants (i.e. where is it best to produce a given product) interacting with exogenous economic
factors (such as the price of crops) and local landowner preferences (Lubowski et al. 2008; Corbelle
et al. 2015; Piquer-Rodríguez et al. 2018). Numerous studies have examined the factors and
consequences of agricultural expansion (Tilman 1999; Zabel et al. 2019) and intensification (Rudel et
al. 2009; Garett et al. 2018; Piquer-Rodríguez et al. 2018), and have modeled landowner’s land
allocation choices (Lubowski et al. 2008; Wimberly et al. 2017). In addition, in many parts of the world,
land cover changes in agricultural settings have been influenced by increased climatic variability, water
shortages, changes in precipitation patterns, and temperature extremes (Lin et al. 2008; Zhao et al.
2017; Parker et al. 2019).
The Central Valley, the epicenter of California’s agricultural production, is a region in which
multiple factors converge to create a series of land system interactions and tradeoffs. The region has
experienced agricultural intensification as a result of changes in labor structure, mechanization, plant
breeding, innovations in irrigation methods, novel cropping practices, and the widescale use of
chemicals such as pesticides and fertilizers (Olmstead and Rhode 2016). Furthermore, the
development of major state and federal water projects boosted the agricultural production of the
region. However, the area is affected by land subsidence as a result of groundwater pumping, and
experiences soil erosion and salinization due to agricultural intensification and unsustainable land
management practices (Ojha et al. 2018; Bourque et al. 2019). Likewise, climate related events,
including unpredictable changes in temperatures and precipitation patterns, increased likelihood of
persistent drought conditions, more frequent and intense floods, earlier spring snowmelt, and even
higher crop water demands, provide unique challenges to the agricultural sector (Cooley et al. 2015;
Wilson et al. 2016).
Agricultural vulnerability to climate induced stressors is a critical area of research especially
since California produces over a third of the country's vegetables and two-thirds of the country's fruits
and nuts (CDFA 2019). California’s Mediterranean climate is suitable to grow a wide range of crops,
but is also prone to hydrologic events, including multiyear droughts (Cooley et al. 2015). Recent
climate variability has put a toll on its agricultural sector (Cooley et al. 2015), impacting production,
and straining the water supply system (Medellín-Azuara et al. 2016; Kerr et al. 2018; Ojha et al. 2018).
The water years of 2012-2014 were California’s driest three consecutive years in terms of statewide
precipitation (Department of Water Resources 2015), leading to a record-breaking drought and
depletion of groundwater reservoirs (Goldhamer and Fereres 2017). Increased temperature averages
over the growing season pose significant challenges for future agricultural production since high
temperatures that coincide with critical phases of the crop cycle can dramatically lower yields (Lin et
al. 2008; Zhao et al. 2017) and higher than average winter temperatures have been linked to a drop in
California’s pistachio production in 2015 (Nyakundi 2019). Given the effects of climate on agriculture,
identifying land transition patterns in relationship to climatic changes, are crucial steps in improving
land management practices for a sustainable future.
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Our goal was to document and model land use changes before, during and after the 20122016 drought in one of the most intensely cultivated regions in California’ Central Valley - Kern
County. To do this we developed a set of multinomial logit models (Lubowski et al. 2008; Bigelow
and Botches 2012) to estimate the effect of a host of variables on the landowners’ land use choice.
Using these models, we examined transitions between four main categories (Rangeland, Nut Trees,
Fruit Trees, Vegetables) to understand drivers of change and examine if these drivers changed during
the drought. Specifically, we focus on answering the following questions:
1) How did the California drought affect cropping patterns?
a) Are there changes in the years preceding the drought compared to the period
during and following the drought?
2) What were the drivers of agricultural change in Kern county?
a) Did these drives change over time in relationship to drought?
3) Where in Kern County are agricultural changes most likely?
a) Do the spatial locations of change vary with drought?
Methods
Study area
Farmers in California produce a variety of agricultural products and specialty crops (Siebert
2003; Soulard and Wilson 2013). Characterized by an agriculture-based economy, a rapidly expanding
population, and intensive land management practices, California’s Central Valley has been the center
of agricultural production for the past 50 years, with approximately 70 % of its the land in cultivation
(Sleeter et al. 2012; Soulard and Wilson 2013; Olmstead and Rhode 2017). With its rich soils and
distinct geoclimatic features, California’s Central Valley produces over different 400 commodities
(Olmstead and Rhode 2017; CDFA 2019), accounting for over 13 % of the nation's total agricultural
value and exporting 26% of its agricultural production by volume ($21.03 billion) (California
Department of food and Agriculture (CDFA) 2020).
Located in the southern part of the Central Valley and covering 5,224,091 acres, Kern County
is one of the largest crop-producing regions in the state (800,621 agricultural acres) (Bourque et al.
2019). According to the 2018 Kern Crop Report, grapes, almonds and pistachios were the leading
commodities, totaling a combined value of approximately $3.9 billion (54.2% of the total value of
agricultural commodities produced that year) (2018 Ken County Agricultural Crop Report 2019). The
predominant natural vegetation consists mostly of rangelands and grasslands, mixed hardwood forests,
oak woodlands, and lower montane conifer forests. Networks of protected areas encompass 33% of
the county (CPAD 2019). The topography of the region includes flat valley plains in the southern part
of the Central Valley (the Tulare Basin) and rugged peaks of the Tehachapi Mountains bordering the
south and eastern part of the county. Within Kern county, we focus on the Kern water basin
(1,946,270 acres) (Figure 1) since it incorporates the main agricultural region of the county.
Data
We studied land cover transitions between 2008 and 2018. Bi-annual land cover data was
obtained from the Kern County Agriculture and Measurement Standards department. The Kern
County crop data recorded yearly permitted crop boundaries at the parcel or sub-parcel level based
on the type of permits that local growers applied for each year. The spatial data described polygon
boundaries of the different crop types cultivated. To complement the crop dataset and document the
land cover type present in non-agricultural areas, or in agricultural areas where no permit was granted
for the year studied, we included the information from the California Farmland Mapping and
Monitoring Program (FMMP). This program was established in 1982 and provides consistent
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information on agricultural land uses throughout the state (Cameron et al. 2014; California
Department of Conservation 2019). The FMMP datasets is a bi-annual county-wide inventory of
agricultural resources, classifying the landscape into 11 distinct land cover classes which we used in
developing land group categories (for a detailed description of land group categories please see Table
1A in Appendix). Combing the Kern County dataset with the FMMP dataset we created bi-annual
land cover maps by aggregating land cover types into four main groups – 1) nut trees; 2) fruit trees; 3)
field and vegetable crops and 4) barren lands and rangelands (for the detailed list of crop groupings
please see Table 2A).
Out of the 225,702 total parcels in our study area, we selected parcels larger than 5 acres to
exclude small residential parcels, leaving 21,249 parcels in our study. For each parcel we compiled a
set of time invariant parcel-level characteristics that may influence land cover transitions. These
include site-specific characteristics - parcel size, elevation, slope, and spatial characteristics calculated
as: the distance to: road, city limits, developed areas (including rural development), irrigation canals,
groundwater wells, and protected areas. (for a complete list of data source and description see Table
3A). All the data was aggregated in ArcPro 2.4 software (ESRI 2019. ArcPro Desktop: Release 2.4,
Redlands, CA: Environmental Systems Research Institute), and projected in NAD_ 1983_ StatePlane_
California_V_FIPS_0405_Feet. We created a grid over our study area and sampled 22,291 points
which were 565 m apart. We selected this distance since the average agricultural parcel size in our
dataset was 79 acres (or 319,702 square meters, which translated into approximately 565 m between
parcel boundaries). We excluded points that were within protected areas, as well as points located in
urban and developed rural areas which left us with 20,421 sample points. Each point was sampled in
each of the six periods studied (biannually between 2008 and 2018), creating a database of - 20,421
points × 6 time period - observations of potential land cover changes which we integrated into our
modeling framework.
California drought and cropping patterns
To investigate the potential effects of the drought years on agricultural transitions we
partitioned the time period studies into three time intervals: 2008-2012 (capturing the period before
the widespread drought), 2012-2016 (time interval that largely captures land cover changes during the
drought) and 2016 - 2018 (the time period after drought). We analyzed land transitions among four
main land groups (field and vegetable crops, fruit trees, nut trees, and barren and rangeland). We built
a land transition matrix for the entire period studied (2008 – 2018) by calculating the percent of the
sample points that transitioned (or remained the same) for each land groups during the ten-year period
(Table 1). We created transitions for intermediate time periods as well. However, since the first two
periods incorporated three transition periods and the last period only encompassed one transition
period, we normalized the transition percentages, so that land use transitions detected during the time
intervals studied are directly comparable (Table 2).
Drivers of landscape change in Kern County
To investigate the drivers of agricultural transitions we estimated set of spatially explicit
multinomial logit models. The point observations were exported to RStudio1.3.959 and transposed so
that each of the sample points had data for each year (2008, 2010, …, 2018). We used STATA/IC
16.1 statistical software to build the multinomial models to examine landowner’s land allocation
decisions as a function of parcel-level predictors during different time intervals. We built multinomial
models for each time interval individually. Therefore, we constructed 12 individual logit models, one
for each transition during each time period. For example, to examine the transitions from field and
vegetable crops to one of the other three land groups, we first selected only the sample points that
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were classified as field and vegetable crops in the initial year of the time interval studied. Then, we
modeled the likelihood these points transition to alternative land use in the given time period. The
results from the models included an estimated set of coefficients representing the association between
a variable of interest and the probability of a parcel transition.
To examine the geographic drivers behind land use decisions we analyzed the influence of
parcel level characteristics on land cover transitions. Specifically, we wanted to study which predictors
influenced land conversion trends and examine whether these relationships changed during the
drought. Parcel-level characteristics such as the geographic location in terms of distance to urban
centers and distance to water sources were included to analyze whether the distance to water sources
influenced land use transitions during the drought period. Distance to well was included since
groundwater supplies approximately 36% of the total water supply in Kern County (Water Association
of Kern County 2020). Distance to irrigation canal was included since the extensive network of
aqueducts and canals directly contributes to the access and availability of crop irrigation.
To account for spatial dependence, a common problem in spatial models (Anselin 2001; Li et
al. 2013), neighborhoods effects were incorporated in our model estimation strategy. The effect of the
surrounding land parcels was quantified as the percent of the neighbors that were classified as one of
the four land groups studied. For example, if a point is classified as barren and rangeland and was also
surrounded by points classified in the same category then the percent of neighbors labeled as barren
and rangeland was set to 100%, while the percent of nut trees, fruit trees, and field and vegetable crops
was set to 0%. To account for areas that are located at the edge of our study area that have less than
4 neighbors, we created another class that calculated the percent of land that is unclassified. For
instance, a point classified as field and vegetable crops that was located at the edge of the study area
and had only two neighbors (one field and vegetable crops and one barren and rangeland), was labeled
as having 25% of its neighbors field and vegetable crops, 25% barren and rangeland and 50%
unclassified.
Spatial patterns of land use transitions
To examine the spatial distribution of parcels with high probabilities of transitioning we used
the multinomial model coefficients to create prediction probabilities associated with each of the four
land cover transitions. The predict function in STATA 16.1 was used to calculate the probability of
transition associated with each of our observations across the four land groups studied and three time
intervals. The predicted probabilities for each time period were added to ArcGIS Pro 2.4 software and
joined with the parcel layer based on their shared attributes (unique cell id). Consequently, each parcel
was given a set of probabilities, one for each land cover group. We further classified the predicted
transition probabilities into several classes based on their range values and designed a color scheme to
effectively represent the transition probabilities (such that areas colored in light tones had a low
probability of transition, while areas colored in dark colors had a high probability of transition). We
created a set of maps to describe the transition probabilities from each of these four groups to one of
the other three groups and used these maps to discuss the spatial patterns of transition.
Results
Dominant land conversion trends in response to drought
We found that between 2008 and 2018 the main conversion trend was the loss of vegetable
crops and the increase in nut corps. Analyzing the interaction between temporal and spatial dynamics
we found the following trends: 1) during the ten-year time period, the total area classified as nut trees
increased from 11.9% of the study area to 17.6%; 2) the total area of field and vegetable crops
decreased from 29.7% in 2008 to 21.5% in 2018, and 3) the percent of the study area classified as fruit
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trees remained largely constant (9.23% in 2008, and 9.32% in 2018), while the area covered by barren
land and rangeland slightly increased from 43.8% to 45.7% (Figure 2).
The land group that most commonly transitioned was field and vegetable crops. Between 2008
and 2018, approximately 52% of field and vegetable crops remained in the same land use.
Approximately 23.34% of this land group transitioned to nut trees and 18% was converted to barren
and rangeland. Fruit trees also experience some notable transitions, with 10.18% of fruit trees being
converted to nut trees, and approximately 6% of fruit trees converted to barren and rangeland and
6% to field and vegetable crops. The most stable land category was the barren and rangeland group.
Approximately 95.15% of this category remains unchanged between 2008 and 2018. This may be due
to the fact that the Kern water basin encompasses large areas of the Central Valley foothills that
surround the Tulane basin. These rangeland areas predominantly remained in the same land use type.
Nut trees also did not experience significant conversions, with 90.69% of nut trees in 2008 remaining
in the same category in 2018 (Table 1).
We found that the drought (recorded between 2012 and 2016) disproportionally impacted
field and vegetable crops and fruit trees. The field and vegetable crops group is the most diverse
(encompassing over 175 different commodities), and also the one that experienced the most
conversion during all the time periods. Approximately 25.95% of field and vegetable crops were
converted to the other land uses in the period before drought (2008-2012), while 23.84% were
converted during the drought period, and 19.73% transitioned to other land uses in the period
following the drought (2016-2018) (Table 3a). The transition to nut trees increased during the drought
period (9.9%), compared to the pre (4.69%) and post (6.22%) drought periods While the percent
converted to barren and rangeland was highest in the post drought years (12.16%) compared to the
pre (9.31%) and during (10.54%) drought time periods (Table 3a).
Nut trees did not experience significant changes during the first two time intervals studied,
(approximately 98% of nut parcels remained in the same land use), however, during the last period
studied (2016-2018) approximately 5.07% of nut trees transitioned to barren and rangeland (Table 3b).
In contrast, fruit trees experienced conversions during the drought years. Between 2012 and 2016,
only 89.31% of fruit trees remained in the same land use group compared to 94.69% pre drought and
93.81% post drought. The majority were converted to nut trees between 2012 and 2016 (4.08%)
compared to 1.19% between 2008 and 2012 and 1.55% between 2016 and 2018 (Table 3c).
The barren and rangeland group did not experience noteworthy changes in the three time
intervals studied other than a slight percent increase in conversion to nut trees. In the period post
drought 1.53% of areas classified as barren and rangeland were converted to nut trees, compared to
0.32% (between 2008 and 2012) and 0.71% (between 2012 and 2016) (Table 3d).
Drivers of agricultural change in Kern County
The relationship between parcels specific attributes (elevation, size, slope, etc.) and land use
transitions was heterogenous across time. We found that the neighbor’s land cover type had a
significant influence in the land use transitions. Elevation, slope and parcel size were significant parcellevel characteristics influencing many, but not all, of the land cover transitions. The following sections
describe the main findings and highlight statistically significant predictors for each of the four
transitions studied during the three time periods.
Transition from field and vegetable crops
Pre drought
Parcel size, elevation, distance to road, canal, well, city limits, development and distance to
protected areas are all the statistically significant predictors associated with the transition from field
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and vegetable crops to other land cover groups. For example, an increase in the distance to roads and
in the distance to city limits increased the likelihood of transitioning to barren and rangeland. An
increased in the distance to irrigation canal and distance to well decreased the likelihood of conversion
to nut trees, while an increase in the distance to development and an increase in the percent of the
neighbors classified as nut trees increased the likelihood of conversion to nut trees.
During drought
Larger parcels, further away from roads and city limits are more likely to convert to barren
and rangeland. An increase in the distance to protected also increased the likelihood of this transition.
Parcels located at higher elevations, with steeper slopes and further away from irrigation canals and
water wells are less likely to transition to nut trees. The percent of the neighbors that are fruit trees
and nut trees increased the likelihood of transitioning to nut trees, while an increase in the percent of
neighbors classified also as field and vegetable crops decreased the likelihood of this land use
conversion.
Post drought
Similarly, to the previous two time intervals, an increase in elevation decreased the likelihood
of conversion to nut trees. An increase in slope increased the likelihood of conversion to fruit trees,
while an increased in the distance to irrigation canals and distance to city limits decreased the likelihood
of this conversion. The percent of the neighbors that were classified as one of the four land groups
also were important predictors during this time period, with the likelihood of conversion decreasing
with increasing percent of neighbors classified as field and vegetable crops (Table 4A.a in Appendix).
Transition from nut trees
Pre drought
The likelihood of transitioning to field and vegetable crops decreased with increasing
elevation, increasing parcel size and increasing distance to development. Parcels with steeper slopes
were more likely to be converted to field and vegetable crops. Parcels further away from city limits
and from developed areas were less likely to transition to fruit trees, while parcels further way from
roads and from wells were more likely to transition. The higher the percent of neighbors that were
nut trees decreased the likelihood of conversion to barren and rangeland, while an increase in the
percent of neighbors that are fruit trees increased the likelihood of transitioning to fruit trees.
During drought
Larger parcels and parcels located at higher elevations were more likely to convert to fruit trees
during this period. The likelihood of transitioning to barren and range increased with an increase in
the percent of neighbors that are barren and range. It decreased with an increase in the distance to
canal and an increase in the percent of neighbors that are nut trees. The likelihood of transitioning to
fruit trees or to field and vegetable crops also decreases if the percent of neighbors that are either fruit
or nut trees increases, symbolizing that if a parcel is surrounded by other orchards it is less likely to
be converted to field and vegetable crops.
Post drought
Between 2016 and 2018, parcels further away from roads and from city limits were more likely
to transition to barren and rangeland. An increase in the distance to protected areas also increased the
likelihood of this type of conversion. While an increase in the distance to protected area, city limits
and development areas decreased the likelihood of transitioning to field and vegetable crops. The
percent of the neighbors that were fruit trees increased the likelihood of conversion to this land cover
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group. Similarly, an increase in the percent of neighbors classified as field and vegetable crops increase
the likelihood of conversion to this land group (Table 4A.b).
Transition from fruit trees
Pre drought
Larger parcels, and parcels located further ways from irrigation canals were more likely to be
converted to nut trees during this period. An increase in the distance to road decreased the likelihood
of conversion to field and vegetable crops, while it increased the likelihood of conversion to barren
and rangeland. If a parcel is surrounded by nut trees, fruit trees or field and vegetable crops it is less
likely to transition to barren and rangeland. At the same time, an increase in the percent of neighbors
that classified as nut trees increased the likelihood of conversion to nut trees.
During drought
An increase in parcel size, an increase in the distance to city limits, and in increase in the
distance to development areas increased the likelihood of conversion to nut trees. Parcels further away
from groundwater wells were less likely to become converted to nut trees. Areas further away from
city limits were less likely to transition to field and vegetable crops, while parcels further from
protected areas and groundwater wells were more likely to be converted to barren and rangeland. As
expected, areas closer to irrigation canals were less likely to transition to barren and rangeland. An
increase in the percent of neighbors classified as barren and rangeland increase the likelihood of
transitioning to this land group.
Post drought
Steeper slopes decreased the likelihood of conversion to field and vegetable crops while higher
elevations enhanced the likelihood of this transition. Furthermore, an increase in elevation reduced
the likelihood of transitioning to nut trees, while an increase in slope and parcel size reduced the
likelihood of transitioning to field and vegetable crops. As would be expected, parcels further away
from city limits were more likely to transition to barren and rangeland. An increase in the percent of
neighbors classified as fruit trees decreased the likelihood of conversion to barren and rangeland
during all the time intervals studied (Table 4A.c).
Transition from barren and rangeland
Pre drought
Analyzing the transition from barren and rangeland we found that during this time period, an
increase in parcel size increased the likelihood of conversion to field and vegetable crops and fruit
trees, while an increase in slope decreased the likelihood of this conversion. Parcels further away from
protected areas were less likely to convert to field and vegetable crops, while parcels located at higher
elevations and with steeper slopes, and further away from city limits were less likely to be converted
to nut trees. Furthermore, the neighboring land uses were significant predictors influencing the
transitions to one of the other land cover groups. For example, an increase in the percent neighbors
classified as barren and range decreased the likelihood of transition to field and vegetable crops and
to nut trees. In contrast, if the percent of neighbors classified as one of the three other land cover
groups increased, then the likelihood of conversion to this land groups increased as well.
During drought
Between 2012 and 2016 we found that parcels located at higher elevations and further from
developed areas were less likely to convert to field and vegetable crops, while larger parcels, on steeper
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slopes were more likely to transition to this land group. We also found that an increase in elevation
and an increase in the distance to city limits reduced the likelihood of conversion to nut trees. While
an increase in parcel size increased the likelihood of this conversion. An increase in the distance to
road increased the likelihood of transitioning to the other three land cover groups during this time
period. Neighboring parcel characteristics were important variables. If a parcel was surrounded by
other neighbors that were also classified as barren and rangeland then the likelihood of conversion to
one of the other three land groups decreased.
Post drought
During this period an increase in elevation, an increase in slope, and an increase in the distance
to irrigation canals decreased the likelihood on conversion to nut trees. Parcels located further away
from protected areas, and further from roads were also more likely to transition to nut trees during
this time interval. An increase in the distance to well decreased the likelihood of conversion to field
and vegetable crops. An increase in parcel size increased the likelihood of transitioning to fruit trees
and to nut trees. If a parcel classified as barren and rangeland was surrounded by neighboring parcels
that pertain to the other three land groups, then the likelihood of conversion to field and vegetable
crops increased (Table 4A.d).
Mapping spatial patterns of modeled transitions
Using the predicted probabilities from our models, we created maps showing what parcels
were most likely to transition to what land use (Figure 3). Using these maps, we identified spatial and
temporal trends. Figure 3 illustrates the spatial representation of the probabilities where the changes
appear on the landscape. Studying the spatial distribution of parcels with high probability of
conversion to other land groups, we found that parcels located in edge areas, in areas with mixed land
uses, or isolated parcels that were not surrounded by the same land group were the ones most likely
to transition (Figure 3).
Transitions from field and vegetable crops to barren and rangeland were most common in the
south-west and western part of part of the County. Areas close to the foothills of the Central Valley
seem to have a high probability conversion from field and vegetable crops to barren and rangeland
during all time interval studied (Figure 3a). Transition to nut trees where highest in the central parts
of the study area. This pattern became increasingly noticeable during the drought period, when a larger
number of parcels in the central and norther part of the County were characterized by a high transition
probability (Figure 3a).
As we would expect, we found that there is a relatively low probability of transitioning from
fruit and nut trees to other land uses (Figure 3b and 3c). Transition from nut trees to fruit trees and
to field and vegetable crops did not display any specific spatial pattern, as relatively few areas have a
high probability of transitioning to these land use (Figure 3b). However, parcels found in the western
part of the study area, close to the foothills, had a higher probability of conversion to barren and
rangeland, particularly between 2016 and 2018. Transition from fruit trees to other land use was also
limited. However, during the drought period, we found that transition from fruit to nut trees was
accentuated compared to the other two time periods (Figure 3c). Areas in the northern part of the
study area were likely to transition to nut trees, while transition to barren and rangeland mostly
occurred heterogeneously on the landscape. Lastly, parcels classified as barren and rangeland were
likely to remain in the same land use category with some exceptions. Areas in the west and south west
part of the study area had a high transition probability to field and vegetable crops during the initial
time period (2008-2012), a trend which is also noticeable between 2012 and 2016 (Figure 3d).
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Discussion
Patterns of land use change often are the result of complex, multi-dimensional processes
(Corbelle et al. 2015). In agricultural settings land conversions are influenced by an array of physical,
climatic, and economic factors. Analyzing climate driven land cover modifications (Lambin et al. 2003)
and investigating crop vulnerability to climate (Lin et al. 2019) are key areas of research that help us
to understand global environmental change (Turner et al. 2007; Lambin and Meyfroidt 2011; Verburg
et al. 2013). Here, we examined agricultural transitions in one of the most intensely cultivated areas of
California’s Central Valley. We found that the conversion from annual crops (field and vegetable
crops) to perennial crops (fruit and nut trees) was a prevalent trend and this trend seemed to have
been accentuated during the drought years. Surprisingly, we found that even though nut trees are a
water intensive crop, they experienced a steady increase in total area cultivated (Figure 2) in the periods
before, during and after drought.
We found that the relationship between land conversions and parcel specific characteristics
varied based on the type of transition analyzed and the period studied. As expected, neighboring land
characteristics influenced transition probabilities, and parcel size and slope were important parameters
in many models. The strong influence of neighboring land uses was a persistent relationship which
may be due to the strong spatial autocorrelation found the landscape, or due to economic decisions
that have spatial motivations since parcels of the same type closer together are easier and more costefficient to manage and harvest. Larger parcels were found to be more likely to transition to
agricultural uses from barren and rangeland, while steeper slopes would make this transition less likely
(Table 4A.d). Parcels further ways from city limits were more likely to transition to barren and
rangeland, while parcels further away from roads were more likely to be converted to fruit and nut
trees, however this relationship varied based on the time period and the type of transition analyzed.
The influence of parcel elevation had mixed influences in predicting the land transition. An increase
in elevation decrease the likelihood of transitioning from barren and rangeland to one of the other
groups. However, in some cases an increase in elevation increased the likelihood of conversion to field
and vegetable crops. We believe that due to the large diversity of commodities included in the field
and vegetable group (175 different crops), some of these agricultural products could potentially be
cultivated at higher elevations. Distance to protected areas did not display any significant trend in
influencing land use transitions. Interestingly, we did not find a direct link between distance to water
sources (distance to groundwater wells, distance to irrigation canals) and the transition to water
intensive crops. This may be due to the use of advanced irrigation technologies and the ability of
farmers to move water long distances outside of canals and wells.
We found that vegetable crops are more likely to be converted to nut trees (such as almonds
and pistachios), a finding consistent with Howitt et al. (2015) and Sanchez (2017). The new nut bearing
trees were planted mostly to fields growing cotton, irrigated pasture, grains, and hay (Sanchez 2017).
However, we also found that fruit trees were converted to nut trees more during the drought years
than during the other two time periods studied (Table 3c). This market-driven shift to perennial crops
may be a result of 1) the belief that nut trees would be a long-term stable investment in times of water
scarcity, and 2) a global increase in demand for nut products (specifically almonds, walnuts and
pistachios). Since young orchards require less water than many of field crops and older established
orchards, during the drought years, farmers reduced acreage on annual crops while increasing acreage
on low-water-use new orchards (Howitt et al. 2015; Sanchez 2017). In addition, a change in
consumption patterns, and a global rise in nut prices, specifically almonds, incentivized landowners to
convert traditionally grown row crops, such as cotton, with almonds (Sumner et al. 2013; Goldhamer
and Fereres 2017). The price per pound of almonds grew from $1.45 in 2008, to $4.00 in 2014 (USDA
NASS 2019), fueling the growth of the almond industry. Increased yields, and cost-saving technology
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improvements, such as mechanical harvesting and improved irrigation methods boosted the almond
industry to become a leader in the world market (Siebert 2003). A raising interest in plant-based foods
(Almond Board of California 2017), coupled with almonds’ high nutritional benefit per unit weight
(Fulton et al. 2019) and a diversity of almond derived products (such as almond milk, candy, yogurt,
butter), boosted the demand for almonds worldwide. In 2017, 82% of almond kernels were produced
in the California's Central Valley (Huang and Lapsley 2019).
One drawback of our model is the lack of economic data which might capture these market
dynamics. Incorporating economic parameters such as global commodity prices or the yield per acre
associated with different crops, would enhance our modeling framework. Quantifying the yield per
acre associated with each land group and including these attributes in the model would show ways in
which economic incentives shape agricultural land use transitions through time. In addition, exploring
the relationship between international markets, evolving consumer preferences for agricultural
products and landowner’s land allocation decisions would provide a valuable perspective on the
interactions of socio-ecological systems and is research that will be undertaken in the future. In
addition to this, incorporating soil characteristics could provide more information regarding the
likelihood of transitioning based on soil type and quality. Lastly, incorporating fine-scale climate
variables such as average temperatures and precipitation levels would add a more comprehensive
climate dimension as opposed to only studying time periods as proxies for climate variability.
Agricultural shifts from annual to perennial crops have direct implications on water use
(Wilson et al. 2016; Goldhamer and Fereres 2017; Fulton et al. 2019), soil health (Jahanzad et al. 2020),
and carbon sequestration (Marvinney et al. 2015) and nutrition. For example, certain foods such as
(honeydews and onions) have both low water footprints and low nutritional values, while other corps
such as nut trees (almonds, pistachios, walnuts) have both a high-water use and high nutritional value
(Fulton et al. 2019). Therefore, a transition from vegetables and field crops to nut trees would produce
specialty crops with a high nutritional value but also add additional water demands on an already
strained water supply system. Further studying agricultural land transitions through the framework of
tradeoffs between nutritional value and water footprint associated with different crop categories could
be an extension of this work.
Beyond drought, climate variability may pose additional challenges to future nut production,
since the Central Valley’s microclimate is a key ingredient for the life cycle of nut trees (Almond Board
of California 2020). Changes in winter minimum and summer maximum temperature impact critical
phases of their life cycle (Kerr et al. 2018). Almonds, walnuts, pistachios, and stone fruit rely on a
minimum number of accumulated chill-hours to achieve optimum yields (Kerr et al. 2018). If climate
change continues, it is not certain Kern County will be well suited for nut trees in the future. The
vulnerabilities related to the conversion from annual to perennial crops are important considerations
in crop selection decisions.
Land use decisions not only have long term ecological consequences, but they also determine
the vulnerability to climate related stressors such as to unpredictable changes in temperatures and
precipitation patterns (Brown and Polsky 2014). Given numerous incentives to allocate land among
alternate uses, examining the spatial configuration of land-use decisions and documenting the patterns
of agricultural land conversion can reveal important information with respect to resource allocation
and land management choices. As agriculture becomes the dominant form of land management,
broad-scale land cover changes have strong implications for natural ecosystems, wildlife, and for the
global climate (Tilman 1999; Lubowski et al. 2007; Power 2010; Kanianska 2016). Therefore, studying
land use transitions is important in developing adaptive land management strategies and sustainable
agricultural production. Past and future changes in cropping patterns can be explored using land-use
change models. Land use change models have advanced our understanding of the Earth’s systems by
describing how land use is affected by socio-economic factors and examining the spatially explicit
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interactions of coupled socio-ecological systems (Turner at al. 2007; Beaudry et al. 2013). However,
the uncertainty associated with the lack of high-resolution crop mapping and monitoring at sufficiently
high accuracy remains a barrier for modeling agricultural transitions and employing spatial analysis
approaches that need high-accuracy land cover and crop data as input. More research is needed to
understand how current land allocation decisions will be impacted by future socio-economic and
climate variables.
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Figure 1. Study area, Kern County, and example of the spatial distribution of the four main land cover
groups in 2018.
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Figure 2. Percent of the study area that falls within different land groups biannually between 20082018.
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Figure 3. Transition probabilities for the four groups during the intermediate time intervals studied
and during the entire period between 2008-2018. a. transition from field and vegetable crops; b.
transition from nut trees; c. transition from fruit trees; d. transition from barren and rangeland.
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Table 1. Percent of land cover change between the four main land cover groups in the study area
between 2008 and 2018.
Land cover group in
2008
Barren & rangeland
Field & vegetable crops
Fruit trees
Nut trees

Land cover group in 2018 (%)
Barren & rangeland Field & vegetable crops
95.15
18.09
6.08
5.79

1.68
51.91
5.87
2.14
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Fruit trees

Nut trees

1.32
6.66
77.87
1.38

1.84
23.34
10.18
90.69

Table 2. Percent of land groups transitioned per period.
Land transitions per period (percent (%) of land groups)
Time
From
To
interval
Nut trees
Fruit trees
2008-2012 Nut trees
Fruit trees
Field and vegetable crops
Barren and rangeland

98.03
1.19
4.69
0.32

0.35
94.69
1.94
0.69

Field and
vegetable
crops
1.21
2.26
84.05
2.51

2012-2016

Nut trees
Fruit trees
Field and vegetable crops
Barren and rangeland

98.28
4.08
9.68
0.71

0.36
89.31
3.38
0.64

0.94
3.50
76.16
2.15

0.82
3.11
10.54
96.50

2016-2018

Nut trees
Fruit trees
Field and vegetable crops
Barren and rangeland

94.92
1.54
6.22
1.53

0.23
93.81
1.35
0.43

1.05
1.00
80.26
1.26

3.79
3.63
12.16
96.76
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Barren
and
rangeland
0.40
1.86
9.31
96.48

Table 3. Land use transitioned for the four land groups studied for 3 different time intervals (pre,
during and after drought). a. transition from field and vegetable crops; b. transition from nut trees; c.
transition from fruit trees; d. transition from field and vegetable crops.
a.
Land Group
barren & rangeland
field & vegetable crops
fruit trees
nut trees

Land Group
barren & rangeland
field & vegetable crops
fruit trees
nut trees

Land Group
barren & rangeland
field & vegetable crops
fruit trees
nut trees

Transition from field and vegetable crops
Pre drought (2008-2012) (%) transitioned
2008
2010
2012
0.00
7.63
10.99
100.00
89.08
79.03
0.00
1.18
2.71
0.00
2.12
7.27

Normalized %
9.31
84.05
1.94
4.69

Transition from field and vegetable crops
During drought (2012-2016) (%) transitioned
Normalized %
2012
2014
2016
10.54
0.00
10.08
11.01
76.16
100.00
81.08
71.25
3.38
0.00
2.64
4.13
9.68
0.00
6.20
13.61
Transition from field and vegetable crops
Post drought (2016-2018) (%) transitioned
2016
2018
0.00
12.16
100.00
80.27
0.00
1.35
0.00
6.22
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b.
Land Group
barren & rangeland
field & vegetable crops
fruit trees
nut trees

Land Group
barren & rangeland
field & vegetable crops
fruit trees
nut trees

Land Group
barren & rangeland
field & vegetable crops
fruit trees
nut trees
c.
Land Group
barren & rangeland
field & vegetable crops
fruit trees
nut trees

Land Group
barren & rangeland
field & vegetable crops
fruit trees
nut trees

Transition from nut trees
Pre drought (2008-2012) (%) transitioned
2008
2010
2012
0.00
0.51
0.29
0.00
0.80
1.63
0.00
0.22
0.48
100.00
98.46
97.60
Transition from nut trees
During drought (2012-2016) (%) transitioned
2012
2014
2016
0.00
0.20
0.62
0.00
0.68
1.21
0.00
0.17
0.56
100.00
98.96
97.61

Normalized %
0.40
1.21
0.35
98.03

Normalized %
0.82
0.94
0.36
98.28

Transition from nut trees
Post drought (2016-2018) (%) transitioned
2016
2018
0.00
3.79
0.00
1.06
0.00
0.23
100.00
94.92
Transition from fruit trees
Pre drought (2008-2012) (%) transitioned
2008
2010
2012
0.00
2.37
1.34
0.00
1.68
2.85
100.00
95.47
93.92
0.00
0.47
1.90
Transition from fruit trees
During drought (2012-2016) (%) transitioned
2012
2014
2016
0.00
2.14
4.08
0.00
2.88
4.12
100.00
92.46
86.16
0.00
2.51
5.64
104

Normalized %
1.86
2.26
94.69
1.19

Normalized %
3.11
3.50
89.31
4.08

Land Group
barren & rangeland
field & vegetable crops
fruit trees
nut trees
d.
Land Group
barren & rangeland
field & vegetable crops
fruit trees
nut trees

Land Group
barren & rangeland
field & vegetable crops
fruit trees
nut trees

Land Group
barren & rangeland
field & vegetable crops
fruit trees
nut trees

Transition from fruit trees
Post drought (2016-2018) (%) transitioned
2016
2018
0.00
3.64
0.00
1.00
100.00
93.81
0.00
1.55
Transition from barren and rangeland
Pre drought (2008-2012) (%) transitioned
2008
2010
2012
100.00
97.28
95.68
0.00
2.03
2.98
0.00
0.53
0.85
0.00
0.16
0.49
Transition from fruit trees
During drought (2012-2016) (%) transitioned
2012
2014
2016
100.00
97.22
95.79
0.00
1.80
2.51
0.00
0.47
0.81
0.00
0.52
0.89

Normalized %
96.48
2.51
0.69
0.32

Normalized %
96.50
2.15
0.64
0.71

Transition from barren and rangeland
Post drought (2016-2018) (%) transitioned
2016
2018
100.00
96.76
0.00
1.27
0.00
0.44
0.00
1.53
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Appendix
Table 1A: Farmland Mapping and Monitoring Program (FMMP) land cover types and descriptions
FMMP Land cover type

Description

Prime Farmland (P):

Irrigated land with the best combination of physical and chemical
features able to sustain long term production of agricultural
crops. This land has the soil quality, growing season, and
moisture supply needed to produce sustained high yields.

Farmland of statewide
importance (S)

Irrigated land similar to Prime Farmland that has a good
combination of physical and chemical characteristics for the
production of agricultural crops. This land has minor
shortcomings, such as greater slopes or less ability to store soil
moisture than Prime Farmland.

Unique farmland (U)

Lesser quality soils used for the production of the state's leading
agricultural crops. This land is usually irrigated but may include
non-irrigated orchards or vineyards as found in some climatic
zones in California.

Grazing land (G)

Land on which the existing vegetation is suited to the grazing of
livestock. This category is used only in California.

Irrigated farmland (I)

Cropped land with a developed irrigation water supply that is
dependable and of adequate quality.

Non-irrigated farmland (N)

Land on which agricultural commodities are produced on a
continuing or cyclic basis utilizing stored soil moisture.

Semi-Agricultural and rural
commercial land (sAC)

Includes farmsteads, agricultural storage and packing sheds,
unpaved parking areas, composting facilities, equine facilities,
firewood lots, and campgrounds.

Nonagricultural and natural
vegetation (nv)

Heavily wooded, rocky or barren areas, riparian and wetland
areas, grassland areas which do not qualify for Grazing Land due
to their size or land management restrictions, and small water
bodies.

Confined animal agriculture
(Cl)

Includes aquaculture, dairies, feedlots, and poultry facilities.

Vacant or disturbed land (V)

Consists of open field areas that do not qualify for an agricultural
category, mineral and oil extraction areas, and rural freeway
interchanges.

Rural residential land (R)

Includes residential areas of one to five structures per ten acres.

Urban and built-up land (D)

Urban and Built-Up land is occupied by structures with a
building density of at least 1 unit to 1.5 acres, or approximately 6
structures to a 10-acre parcel.
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Table 2A: Kern crops and land use types grouped into four main land cover groups.
Crop type/land
cover type

Land Group

Crop type/land
cover type

Land Group

Alfalfa
Almond
Almond-organic
Apple
Apple-organic
Apricot
Arugula
Artichoke
Asparagus
Asian pear
Avocado
Barley
Bean dried
Bean dried seed
Bean succulent
Bean succulent seed
Beet
Beet red
Beet seed
Bermuda grass
Blackberry
Blueberry
Blueberry-organic
Bok choy
Boysenberry
Broccoli
Broccoli seed
Brussel Sprout
Cabbage
Cabbage seed
Cactus pear
Cactus leaf
Cantaloupe
Carrot
Carrot seed
Carrot-organic

field & vegetable crops
nut trees
nut trees
fruit trees
fruit trees
fruit trees
field & vegetable crops
field & vegetable crops
field & vegetable crops
fruit trees
fruit trees
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
fruit trees
fruit trees
fruit trees
field & vegetable crops
fruit trees
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops

Cashew
Cauliflower
Cauliflower seed
Celery
Cherry
Cherry-organic
Chestnut
Chinese green
Chinese gr seed
Chive
Cilantro
Citrus
Collard
Corn seed
Corn sweet
Corn grain
Corn for/food
Corn sweet
Cotton
Cucumber
Development
Daikon
Dandelion green
Dill
Eggplant
Fennel
Fig
Forage hay/silage
Fruit berry
Grazing land
Gai choy loose leaf
Gai
Garbanzo bean
Garlic
Garlic-organic
Gourd

nut trees
field & vegetable crops
field & vegetable crops
field & vegetable crops
fruit trees
fruit trees
nut trees
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
fruit trees
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
developed
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
fruit trees
field & vegetable crops
fruit trees
barren & rangeland
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
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Table 2A (continued)
Crop type/land
cover type
Gp-dec. tree

Land Group

Gp-rose
Gp-vine
Grape
Grape, raisin
Grape, wine
Grape, wine-org
Grapefruit
Grapefruit-org
Grape-organic
Grazing land (G)
Gt-dec. tree
Herb, spice
Honeydew melon
Jojoba bean
Jujube
Kale
Kale-organic
Kiwi
Kohlrabi
Kumquat
Leek
Lemon
Lemon-organic
Lettuce head
Lettuce leaf
Lettuce leaf sd
Lettuce leaf-or
Lettuce romaine
Lime
Lovegrass
Melon
Mustard
Nectarine
N-garden plant
N-outdoor plants

field & vegetable crops
field & vegetable crops
fruit trees
fruit trees
fruit trees
fruit trees
fruit trees
fruit trees
fruit trees
barren & rangeland
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
fruit trees
field & vegetable crops
fruit trees
field & vegetable crops
fruit trees
fruit trees
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
fruit trees
field & vegetable crops
field & vegetable crops
field & vegetable crops
fruit trees
field & vegetable crops
field & vegetable crops

field & vegetable crops
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Crop type/land
cover type
Nonagricultural &
natural vegetation
(nv)
Oat
Oat for/food
Oat-organic
Of-bulb
Of-flowering plant
Okra
Olive
Onion dry
Onion green
Onion seed
Op-Christmas tree
Op-dec. tree
Op-flowering plant
Op-palm
Op-rose
Op-vine
Orange
Orange-organic
Quince
Ot-dec. tree
Papaya
Parsley
Parsnip
Pasture (forage)
Pastureland
Peach
Pear
Peas
Peas processing
Peas seed
Pecan
Pepper fruiting
Pepper fruit seed
Pepper spice
Persimmon

Land Group
barren & rangeland
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
fruit trees
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
fruit trees
fruit trees
fruit trees
field & vegetable crops
fruit trees
field & vegetable crops
field & vegetable crops
barren & rangeland
barren & rangeland
fruit trees
fruit trees
field & vegetable crops
field & vegetable crops
field & vegetable crops
nut trees
fruit trees
fruit trees
field & vegetable crops
field & vegetable crops

Table 2A (continued)
Crop type/land
cover type
Persimmon-organ
Pistachio
Plum
Pomelo
Pomegranate
Pomegranate-org
Potato
Potato-organic
Potato seed
Prime farmland (P)
Prune
Pumpkin
Quince
Rural residential
Radish
Radish seed
Radish-organic
Rangeland
Rape
Rutabaga
Rye

Land Group
field & vegetable crops
nut trees
fruit trees
fruit trees
fruit trees
fruit trees
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
fruit trees
field & vegetable crops
fruit trees
developed
field & vegetable crops
field & vegetable crops
field & vegetable crops
barren & rangeland
field & vegetable crops
field & vegetable crops
field & vegetable crops

Ryegrass for/food

field & vegetable crops

Semi-agricultural and
rural commercial land
(sAC)
Safflower

barren & rangeland

Shallot
Sorghum for/food
Sorghum milo
Sorghum seed
Soybean
Spinach
Squash
Squash, summer
Squash, winter
Stone fruit

field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
fruit trees

field & vegetable crops
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Crop type/land
cover type
Strawberry
Sudan grass
Sugar beet
Sugarcane
Sweet basil
Sweet potato
Swiss chard
Tangelo
Tangelo-organic
Tangerine
Tangerine/seedless
Tangerine-organic
Timothy grass
Tomatillo
Tomato
Tomato-organic
Triticale
Trop/sub fruit
Turf/sod
Turnip
Unique farmland
(U)
Uncultivated nonag
Uncultivated ag

Land Group

Vacant or disturbed
land (V)
Vegetable
Vegetable leaf
Vegetable root
Vetch
Walnut
Watermelon
Wheat
Wheat-organic
Yam
Zucchini

barren & rangeland

fruit trees
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
fruit trees
fruit trees
fruit trees
fruit trees
fruit trees
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
fruit trees
field & vegetable crops
field & vegetable crops
field & vegetable crops
barren & rangeland
barren & rangeland

field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
nut trees
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops
field & vegetable crops

Table 3A. Data descriptions and sources.
Kern County
Attribute

Description

Parcel
boundaries

Parcel boundaries within
the study area

Ken
groundwater
basin

The geographical
description of the study
area

Yearly crop
boundaries

Parcel specific commodity
type and location per year,
data used in building the
land cover dataset
Classified land cover type
for the study area (biannually) into 11 broad
categories, used to build
the land cover dataset
Distance to roads
calculated in km

Farmland
mapping and
Monitoring
Program
Roads
Irrigation
canals

Groundwater
wells
City limits
Protected
areas
Elevation

Slope

Data source
Information Center for the Environment, UCLA
geoportal
https://apps.gis.ucla.edu/geodata/dataset/california
-statewide-parcel-boundaries
Department of Water Resources Atlas
http://atlas-dwr.opendata.arcgis.com/datasets/cabulletin-118-groundwater-basins-2003?geometry=137.859%2C34.303%2C-100.725%2C40.409
County of Kern Agricultura and measurements
Standards
http://www.kernag.com/gis/gis-data.asp

California Department of Conservation, Division of
Land Resource Protection, Farmland Mapping and
Monitoring Program
https://databasin.org/datasets/71520e6ba1ab491db
cea1066f03e8b36
Kern County Planning Department
https://databasin.org/datasets/10269526110942d1b
968a50bbc3cc98a
Distance to irrigation
California State Geoportal - Canals and Aqueducts
canals within the stud area local
calculated in km
https://gis.data.ca.gov/datasets/b788fb2628844f54
b92e46dac5bb7229_0/data?geometry=119.043%2C35.178%2C-118.390%2C35.277
Distance to well calculated California Water Boards, Groundwater Ambient
in km
Monitoring and Assessment Program
https://gamagroundwater.waterboards.ca.gov/gama
/gamamap/public/Default.asp
Distance to city limits
Conservation Biology Institute
calculated in km
https://databasin.org/datasets/068c5ca862fe4b899
985418f176ec618
Distance to designated
California Protected Areas database (CPAD)
protected areas calculated
https://www.calands.org/
in km
Terrain Digital elevation
ESRI Living Atlas Terrain
model (DEM)
https://cal.maps.arcgis.com/home/webmap/viewer
.html?useExisting=1&layers=58a541efc59545e6b71
37f961d7de883
Slope of the terrain in
ESRI Living Atlas Slope
decimal degrees
https://cal.maps.arcgis.com/home/webmap/viewe
r.html?webmap=2cbcb8c3a28a4d8eb48af20a95a2d
cc0
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Table 4A. Coefficients and standard errors associated with all the predictors studied for the four main land cover transitions.
Transition from field and vegetable crops
Distance to

a.
Variable

Elevation

Slope

Parcel
size

Road

Canal

Well

Protected
area

City

Develop
ment

2008-2012
Barren &
rangeland

Percent neighbors that are
Field &
Nut
Fruit
Barren &
vegetable
trees
trees
range
crops

0.001

-0.066

0.000

0.332***

-0.055***

-0.023

0.006

0.018**

0.026

-0.006

-0.013**

-0.037***

0.046***

(0.002)

(0.052)

(0.000)

(0.060)

(0.016)

(0.016)

(0.025)

(0.007)

(0.031)

(0.004)

(0.005)

(0.004)

(0.004)

Fruit trees

-0.018***

-0.154

-0.000

-0.064

-0.056**

-0.038

0.088**

0.028*

0.312***

-0.000

0.049***

-0.035***

-0.007

(0.004)

(0.138)

(0.001)

(0.169)

(0.026)

(0.039)

(0.039)

(0.015)

(0.067)

(0.008)

(0.008)

(0.008)

(0.010)

Nut trees

-0.006**

-0.116

0.001***

0.132

-0.039*

-0.048*

-0.100***

-0.006

0.181***

0.035***

-0.003

-0.039***

-0.004

(0.003)

(0.093)

(0.000)

(0.104)

(0.021)

(0.028)

(0.032)

(0.010)

(0.048)

(0.005)

(0.006)

(0.005)

(0.006)

-0.007***

-0.177**

0.001***

0.268***

0.010

-0.026

0.066**

0.017**

-0.017

-0.012**

-0.008

-0.044***

0.041***

(0.002)

(0.083)

(0.000)

(0.069)

(0.016)

(0.019)

(0.028)

(0.008)

(0.041)

(0.005)

(0.006)

(0.005)

(0.005)

-0.009***

0.003

0.000

0.034

-0.075***

-0.198**

0.035

0.064***

0.072

0.010

0.051***

-0.029***

0.002

(0.003)

(0.090)

(0.001)

(0.154)

(0.024)

(0.049)

(0.036)

(0.013)

(0.077)

(0.008)

(0.008)

(0.008)

(0.009)

-0.005**

-0.451***

-0.000

0.045

-0.093***

-0.051*

-0.045*

0.014

-0.012

0.049***

0.012**

-0.018***

0.008

(0.003)

(0.146)

(0.000)

(0.089)

(0.018)

(0.027)

(0.024)

(0.009)

(0.047)

(0.004)

(0.005)

(0.004)

(0.005)

2012-2016
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Barren &
rangeland
Fruit trees
Nut trees
2016-2018
Barren &
rangeland
Fruit trees
Nut trees

0.002

-0.095*

0.001***

-0.076

-0.037**

0.062***

-0.006

0.003

-0.066

-0.016**

-0.001

-0.041***

0.037***

(0.002)

(0.057)

(0.000)

(0.090)

(0.016)

(0.021)

(0.029)

(0.009)

(0.043)

(0.005)

(0.005)

(0.005)

(0.005)

0.000

0.071

-0.001

-0.103

-0.067*

-0.025

0.031

-0.084***

0.410***

0.001

0.048***

-0.029**

0.015

(0.004)

(0.076)

(0.001)

(0.344)

(0.041)

(0.105)

(0.057)

(0.032)

(0.139)

(0.015)

(0.013)

(0.014)

(0.015)

-0.024***

-0.054

0.000

0.053

0.035

-0.044

-0.064*

-0.014

-0.059

0.031***

-0.007

-0.026***

-0.006

(0.005)

(0.117)

(0.000)

(0.150)

(0.024)

(0.044)

(0.037)

(0.015)

(0.069)

(0.006)

(0.008)

(0.006)

(0.007)

b.
Variable

Transition from nut trees
Distance to
Elevation

Slope

Parcel
size

-0.013

-0.032

0.002

(0.015)

(0.846)

-0.011**

Canal

Well

Protected
area

City

Develop
ment

0.498

0.033

-0.665**

0.369

0.102

-0.798

-0.068**

-0.604

-0.045

0.035

(0.002)

(0.697)

(0.120)

(0.270)

(0.228)

(0.063)

(0.490)

(0.031)

(-0.03)

(0.034)

(0.029)

0.247*

-0.003**

-0.002

0.033

0.130**

0.073

-0.036

-0.323**

-0.017

0.015

0.015

0.018

(0.005)

(0.128)

(0.001)

(0.311)

(0.035)

(0.061)

(0.062)

(0.025)

(0.148)

(0.011)

(0.013)

(0.011)

(0.013)

-0.001

-0.169

-0.002

1.170**

0.069

0.334***

0.065

-0.145**

-0.647*

-0.037

0.043*

-0.002

0.002

(0.009)

(0.436)

(0.003)

(0.517)

(0.061)

(0.126)

(0.124)

(0.064)

(0.345)

(0.026)

(0.024)

(0.025)

(0.029)

-0.001

0.143

0.000

0.168

-0.142*

-0.011

-0.043

-0.012

0.199

-0.038*

-0.026

-0.019

0.058***

(0.008)

(0.374)

(0.001)

(0.361)

(0.077)

(0.072)

(0.124)

(0.037)

(0.148)

(0.020)

(0.033)

(0.024)

(0.020)

0.003

-0.198

-0.000

-0.182

-0.008

0.012

0.018

-0.001

0.034

-0.031**

-0.034*

0.009

-0.005

(0.005)

(0.302)

(0.001)

(0.280)

(0.040)

(0.063)

-0.07

(0.023)

(0.107)

(0.011)

(0.018)

(0.011)

(0.014)

0.014*

-0.227

0.004**

-0.589

-0.008

-0.118

-0.083

-0.016

-0.480

-0.055**

0.030*

-0.012

-0.023

(0.007)

(0.392)

(0.002)

(0.773)

(0.057)

(0.196)

(0.114)

(0.055)

(0.326)

(0.016)

(0.016)

(0.018)

(0.026)

0.000

-0.835***

0.000

0.341**

-0.158***

-0.017

0.137**

0.047**

0.003

-0.049***

-0.029*

-0.036***

0.046***

(0.004)

(0.269)

(0.001)

(0.147)

(0.040)

(0.036)

(0.057)

(0.022)

(0.074)

(0.010)

(0.015)

(0.013)

(0.009)

0.010**

-0.274

0.001

0.061

0.029

0.103

-0.153**

-0.066**

-0.355**

-0.020*

0.015

0.023*

0.006

(0.005)

(0.285)

(0.001)

(0.334)

(0.042)

(0.072)

(0.069)

(0.026)

(0.162)

(0.012)

(0.014)

(0.012)

(0.014)

0.007

0.378

-0.001

0.980

0.009

-0.746*

0.018

-0.243

0.502

-0.021

0.058*

0.033

0.009

(0.016)

(0.255)

(0.003)

(0.969)

(0.091)

(0.453)

(0.166)

(0.154)

(0.405)

(0.032)

(0.031)

(0.032)

(0.040)

Road

2008-2012
Barren &
rangeland
Field &
vegetable
Fruit trees
2012-2016

112

Barren &
rangeland
Field &
vegetable
Fruit trees

Percent neighbors that are
Field &
Nut
Fruit
Barren &
vegetable
trees
trees
range
crops

2016-2018
Barren &
rangeland
Field &
vegetable
Fruit trees

c.

Transition from fruit trees
Distance to

Percent neighbors that are
Field &
Nut
Fruit
Barren &
vegetable
trees
trees
range
crops

Elevation

Slope

Parcel
size

Road

Canal

Well

Protected
area

City

Develop
ment

Barren &
rangeland

-0.008*

0.020

0.000

0.893***

0.000

-0.295***

0.090

0.002

0.019

-0.038**

-0.037***

-0.046***

0.016

(0.004)

(0.141)

(0.001)

(0.312)

(0.036)

(0.109)

(0.065)

(0.029)

(0.167)

(0.016)

(0.011)

(0.015)

(0.012)

Field &
vegetable
Nut trees

0.009***

-0.051

0.001

-0.533**

0.028

0.181***

0.103**

-0.006

-0.093

-0.004

-0.037***

0.014

-0.028**

(0.003)

(0.110)

(0.001)

(0.237)

(0.026)

(0.060)

(0.043)

(0.020)

(0.110)

(0.011)

(0.011)

(0.010)

(0.013)

-0.005

-0.035

0.005***

-0.317

0.095**

-0.122

0.055

-0.004

0.246

0.030**

-0.056***

-0.027*

-0.019

(0.006)

(0.184)

(0.001)

(0.383)

(0.037)

(0.119)

(0.070)

(0.029)

(0.201)

(0.012)

(0.013)

(0.015)

(0.018)

Barren &
rangeland
Field &
vegetable

-0.006*

-0.169

0.000

-0.373

-0.072**

0.120**

0.105**

-0.027

-0.053

0.003

-0.028***

-0.011

0.048***

(0.003)

(0.129)

(0.001)

(0.249)

(0.031)

(0.049)

(0.046)

(0.021)

(0.102)

(0.010)

(0.009)

(0.010)

(0.009)

0.003

-0.078

-0.000

-0.110

0.012

0.244***

0.052

-0.060***

-0.034

-0.010

-0.045***

0.017**

-0.008

(0.003)

(0.099)

(0.001)

(0.206)

(0.024)

(0.050)

(0.035)

(0.018)

(0.085)

(0.009)

(0.008)

(0.007)

(0.009)

Nut trees

0.004

0.078

0.001**

-0.123

-0.014

-0.166**

0.025

0.054***

0.310***

0.037***

-0.054***

-0.017*

-0.012

(0.003)

(0.071)

(0.001)

(0.186)

(0.026)

(0.069)

(0.043)

(0.017)

(0.086)

(0.008)

(0.009)

(0.009)

(0.010)

-0.004

-0.033

0.002**

-0.586**

-0.013

-0.074

0.060

0.060***

-0.199*

-0.011

-0.022**

-0.016

0.051***

(0.003)

(0.107)

(0.001)

(0.274)

(0.032)

(0.046)

(0.049)

(0.018)

(0.112)

(0.012)

(0.010)

(0.013)

(0.010)

0.010*

-1.232***

-0.004*

-0.030

-0.004

-0.024

0.037

-0.028

-0.004

-0.014

-0.023

-0.000

-0.002

(0.005)

(0.456)

(0.002)

(0.459)

(0.048)

(0.127)

(0.074)

(0.044)

(0.197)

(0.016)

(0.014)

(0.015)

(0.017)

-0.019**
(0.009)

-0.016
(0.261)

0.001
(0.001)

0.425
(0.332)

-0.043
(0.071)

0.229**
(0.106)

-0.049
(0.096)

-0.039
(0.042)

0.103
(0.168)

0.044**
(0.018)

-0.029
(0.020)

0.027
(0.020)

-0.003
(0.022)

Variable
2008-2012

2012-2016
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2016-2018
Barren &
rangeland
Field &
vegetable
Nut trees

d.
Variable

Transition from barren and rangeland
Distance to
Elevation

Slope

Parcel
size

Canal

Well

Protected
area

City

Develop
ment

-0.002

-0.187**

0.003***

0.203***

0.064***

-0.039*

-0.090**

0.006

0.023

0.022***

0.035***

0.069***

-0.012*

(0.002)

(0.073)

(0.000)

(0.069)

(0.021)

(0.024)

(0.037)

(0.009)

(0.043)

(0.008)

(0.008)

(0.006)

(0.007)

-0.236**

0.001*

0.526***

0.037

0.141***

0.013

-0.059***

-0.167

0.033**

0.089***

0.028*

-0.012

(0.003)

(0.117)

(0.001)

(0.169)

(0.033)

(0.047)

(0.055)

(0.020)

(0.103)

(0.015)

(0.013)

(0.014)

(0.014)

-0.020***

-0.217*

-0.001

0.114

0.174***

0.122**

0.018

-0.111***

0.309***

0.072***

0.035***

0.008

-0.023**

(0.006)

(0.121)

(0.001)

(0.239)

(0.045)

(0.061)

(0.065)

(0.023)

(0.089)

(0.011)

(0.013)

(0.014)

(0.012)

-0.008***

0.045*

0.001***

0.198***

0.033*

0.050***

0.022

0.029***

-0.141***

0.013**

0.033***

0.055***

-0.019***

(0.002)

(0.025)

(0.000)

(0.068)

(0.018)

(0.019)

(0.030)

(0.009)

(0.041)

(0.006)

(0.006)

(0.005)

(0.005)

-0.002

-0.017

0.000

0.374**

-0.048

-0.178***

-0.033

0.007

0.173*

0.020**

0.061***

0.009

-0.033***

(0.003)

(0.058)

(0.001)

(0.165)

(0.033)

(0.068)

(0.055)

(0.018)

(0.099)

(0.010)

(0.008)

(0.010)

(0.010)

-0.006**

0.014

0.002**

0.377**

0.075**

-0.078

0.022

-0.090***

0.187**

0.069***

0.009

0.012

-0.027***

(0.003)

(0.048)

(0.001)

(0.166)

(0.034)

(0.059)

(0.044)

(0.019)

(0.086)

(0.009)

(0.012)

(0.010)

(0.010)

0.001

-0.110

0.000

0.379***

0.001

-0.338***

0.062

0.028**

0.123**

0.033***

0.023***

0.051**

-0.020***

(0.002)

(0.080)

(0.001)

(0.117)

(0.029)

(0.057)

(0.040)

(0.014)

(0.052)

(0.008)

(0.008)

(0.007)

(0.008)

0.004

-0.018

0.004***

-0.467

0.080**

-0.044

0.079

-0.057*

-0.054

0.040

0.106***

0.038*

0.010

(0.003)

(0.045)

(0.001)

(0.317)

(0.041)

(0.086)

(0.053)

(0.032)

(0.139)

(0.024)

(0.020)

(0.023)

(0.021)

-0.007**
(0.003)

-0.484**
(0.212)

0.004***
(0.001)

0.554***
(0.139)

-0.128**
(0.037)

0.165***
(0.042)

0.271***
(0.054)

-0.027
(0.019)

0.021
(0.085)

0.066***
(0.008)

0.036***
(0.010)

0.010
(0.010)

-0.039***
(0.009)

Road

2008-2012
Field &
vegetable
Fruit trees
Nut trees
2012-2016

114

Field &
vegetable
Fruit trees
Nut trees
2016-2018
Field &
vegetable
Fruit trees
Nut trees

Percent neighbors that are
Field &
Nut
Fruit
Barren &
vegetable
trees
trees
range
crops

-0.006*
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CHAPTER 5. Conclusions and future research directions

Summary of the key results from dissertation chapters
Throughout this dissertation I examined different aspects of land system science and have
investigated land cover changes across California adopting a case-study approach. While studying
avoided atmospheric carbon emissions, predicted wildfire patterns, or analyzing changes in cropping
patterns in response to climate variables, one of the common threads of my research is climate. My
research provides new insights about the role of human interventions on natural and managed
landscapes and offers innovative techniques to quantify relationships between land use and climate
change. In this concluding section, I summarize the key findings from the three dissertation chapters
and discuss research needs and future directions.
Climate change has become a major area of concern during the last decade (McNulty et al.
2018), having widespread implications on socio-ecological systems worldwide. Since terrestrial
ecosystems play a critical role in the carbon cycle, ecosystem management has been proposed as a
potential climate adaptation strategy (Cameron et al. 2017; St-Laurent et al. 2018; Ontl et al. 2020).
Strategies to mitigate climate change through adopting natural climate solutions (also referred to as
nature-based solutions) have gained attention in recent years (Cohen-Shacham et al. 2016; Griscom et
al. 2017; Cameron et al. 2017). Nature based solutions encompass activities that sustainably manage
and restore ecosystems to promote human wellbeing, biodiversity and mitigate climate change
(Cohen-Shacham et al. 2016). The cumulative emission reductions from land-based activities
ecological restoration, and changes in management regimes play an important role in achieving climate
change goals (Cameron et al. 2017). Specifically, enhancing the carbon sequestration potential of
forests under changing climatic conditions (Ontl et al. 2020), and managing ecosystems to mitigate
increasing emissions can play central roles in reducing atmospheric carbon concentrations (McNulty
et al. 2018; Peterson St-Laurent et al. 2018). Land management strategies such as avoided conversion,
reforestation, and land restoration (such as conversion of annual crops to grasslands) can promote
increased carbon sequestration of natural lands and help jurisdictions to meet climate mitigation
targets (Cameron et al. 2017).
Since development for residential and agricultural uses is a significant driver of land use change
in California, preventing conversions through land acquisitions is seen as a viable method to avoid
potential land cover change, sequester ecosystem carbon, and preserve open space. The state has set
a target of no net loss of carbon by 2020 through the California Global Warming Solutions Act of
2006 (Assembly Bill 32), a multi-year program aiming to reduce emissions to 1990 levels by 2020
(California Air and Resource Board 2020). California continues the path towards emission reduction
by creating new guidelines and emission reduction targets. In 2015, the Executive Order B-30-15
identified effective management of ecosystem carbon as one of the key opportunities to achieve
California’s 2030 greenhouse gas reduction goals (California Air and Resource Board 2020). However,
there are several challenges in quantifying the benefits of maintaining ecosystems for their carbon
storage potential. For example, it is difficult to predict what would have happened on the landscape
in the absence of conservation measures, under different policy restrictions and management
scenarios. Therefore, my first study (Chapter 2) investigated the outcomes of conservation purchases
in the context of the carbon sequestration potential of ecosystems and their associated role in reducing
greenhouse gas emissions.
My work analyzed the potential outcomes of conservation purchases and quantified the
avoided land use conversions and the avoided atmospheric carbon emissions from vegetation loss.
Studying 73 coastal properties purchased by the State California Coastal Conservancy, I built
counterfactual scenarios to study potential alternative landscapes in the absence of conversion
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measures. Using the spatial inventories of the aboveground live carbon stocks developed by Gonzalez
et al. (2015), I quantified the amount of avoided emissions on the studied land parcels based on the
potential amount of conversion suggested by the counterfactual scenarios. I found that the total
amount of avoided emissions was relatively low. The results of the counterfactual model simulations
revealed that the amount of avoided carbon emissions was closely linked to the location of the
conserved property, and the type of vegetation present on the property. Carbon-rich ecosystems had
an associated low likelihood of conversion due to their remote location, distance to urban areas,
difficult access to utilities and increased costs of land conversion. Low-carbon ecosystems such as
grasslands and shrublands, located in more desirable areas had strong development pressures, yet
resulted in limited avoided carbon emissions. Therefore, the strategic placement of land acquisitions
by conservation agencies plays a critical role in the success of conservation goals.
Systematic conservation planning, and land use modelling approaches can deliver the
information needed by conservation organizations to make the difficult choice of deciding which lands
to conserve (Kukkala and Moilanen 2013; Iwamura et al. 2018). Improved ecosystem management
and land conservation can reduce emissions that might otherwise occur from conversion to more
intensive uses (Cameron et al. 2017). Adopting a counterfactual scenario simulation approach similar
to the one proposed in Chapter 2 can guide conservation strategies, enhancing our understanding of
the relationship between land development pressures and carbon storage potential of natural lands.
My research complements the work of Newburn et al. (2006) that created a modelling framework for
prioritizing conservation easements in Sonoma County California and found a positive correlation
between land prices and probability of conversion. Future empirical-based studies should be dedicated
towards assessing the risk of conversion and associated conservation benefits (in terms of carbon
storage potential, species diversity etc.) when allocating limited financial resources for conservation
purchases.
It is sometimes difficult to understand the results of complex modeling approaches and make
informed decisions based on model projections. Providing a clear perspective and description of
modelling results is essential for their use in management and decision-making. This is especially
important in quantifying and understanding the potential threat of natural disturbances such as
wildfires. My second study (Chapter 3) documented the statewide predicted wildfire activity between
2000 and 2100 under two different emission scenarios (low and high carbon concentration pathways).
I adopted a space-time approach to interpreting future wildfire scenarios constructed by Westerling
(2018) and using geographic information systems (GIS) space time mining techniques, I identified
statistically significant wildfire hot spots and cold spots during different time intervals. The findings
revealed that under the high emission scenario there were more intensifying wildfire hot spots
compared to the lower emission scenario, showing high spatial and temporal variability in wildfire
patterns across the state.
My findings complement existing studies that highlighted the projected upward trend in large
fire occurrences in areas of the Sierra Nevada (particularly in the northern areas) (Miller et al. 2012;
Collins 2014) and provided a spatial-temporal representation of wildfire activity across ecoregions.
Researchers have long recognized the need to integrate the temporal domain as an additional
dimension into visualizations and map representations (Grainger et al. 2016; Kelly-Voicu 2019) and
other studies (Parente et al. 2016; Kelly-Voicu 2019) have proposed methods to illustrate past
California wildfire activity through spatial-temporal visualizations. To further advance the goal of
incorporating temporal changes in map making, I created 3D visualizations of predicted burned area
and explored the trends and spatial distribution of predicted wildfire activity across California until
the end of the century.
My maps improve our understanding of the complex evolution of fire activity, highlighting
areas where fire threat is projected to increase, decrease or remain the same. A better understanding
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of these change trajectories, and the use of the different change classes (hot spot categories) can
further be used to guide management. Applications of this approach to site-specific areas could help
prioritize resource and direct wildfire prevention strategies to areas predicted to become most
vulnerable to large, catastrophic wildfires. CalFire has already developed several important resources
related to fire risk, prioritized watersheds to reduce wildfire risk, and identified and ranked the fire
threat of communities located in fire-prone areas (California Department of Forestry and Fire
Protection CalFire – FRAP 2017; CalFire 2019). However, the spatial representation of areas under
different degrees of wildfire threat does not effectively show how this risk is projected to evolve in
the future. Therefore, incorporating projected wildfire hot spots (and 3D visualizations) into CalFire’s
existing online resources and strategies can better display the evolution of dynamic wildfire activity
and enhance local fire hazard preparedness strategies.
Since land use decisions have strong implications for food security and ecosystem health,
impacting the structure and function of ecological communities (Kanianska 2016; Ramankutty et al.
2018), it is important to understand dominant cropping patterns and document their change through
time. In Chapter 4, I used spatially explicit parcel level data to model land use transitions in an
intensively cultivated agricultural area in California - Kern County. I built a series of multinomial logit
models to analyze the transition between four dominant land uses (vegetables, fruit trees, nut trees,
and rangelands) between 2008 and 2018. Multinomial approaches (Langpap and Wu 2008; Li et al.
2013; Corbelle et al. 2015) have been widely used in economic analysis, improving our ability to model
land allocation decisions, and better study the spatial determinants of landscape change.
In the study area, I discovered an increase in areas cultivated with nut trees and a decline in
areas cultivated with field and vegetable crops, highlighting a shift from annual (grain and vegetable)
to perennial crops (almonds and pistachios). Furthermore, I was particularly interested in exploring
changes in cropping patters in response to drought. My study showed that some land groups (such as
field and vegetable crops and fruit trees) experienced more conversions during the drought years than
in the years prior or following the drought. My results are consisted with the work of Howitt et al.
(2015), Sanchez (2017) and Goldhamer and Fereres (2017) that examined the effects of drought on
California agriculture. My results complement their findings by showing a method to display the finescale spatial configuration of areas with a high likelihood of conversion.
As climate related stressors such as to unpredictable changes in temperatures and precipitation
patterns add additional challenges to crop production (Brown et al. 2014; Parker et al. 2019), global
demand for specific commodities and economic incentives often drive grower-selected crop
cultivation decisions (Goldhamer and Fereres 2017). The change in grower selected crops can have
significant implications for water use since many of the perennials cultivated require substantial
irrigation. This is specifically important in the context of crop’s sensitivity to climate (Lin et al. 2008;
Kerr et al. 2018) and crop’s water demands (Wilson et al. 2016; Bourque et al. 2019; Fulton et al. 2019).
For example, almond trees, one of the specialty crops that has seen significant increases in acreage,
have a significant water footprint (approximately 12 liters per almond kernel) (Fulton et al. 2019),
raising concerns over water use (especially during drought periods), and long-term sustainability of
almond production (Goldhamer and Fereres 2017). Therefore, due to the array of socio-economic
and ecological implications of crop selection future research should examine the site-specific tradeoffs
associated with different agricultural transitions and quantify climate related vulnerabilities.

Research needs and future directions
The research presented in this dissertation attempts to elucidate connections between
management, climate, and LULCC. Despite significant advancements in the field of land system
science (Turner et al. 2007), numerous gaps in knowledge remain in understanding specific socioecological consequences of land use decisions (Verburg et al. 2015; Erb et al. 2016). Future research
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efforts should be dedicated towards 1) bridging the gap between LULCC modelling and the practical
applications of model results in decision making and land use planning, and 2) studying the tradeoffs
of land use changes in the context of ecosystem services and climate related vulnerabilities.
The development of different LULCC modelling frameworks and statistical techniques have
enhanced our ability to model land allocation decisions, and better understand the spatial determinants
of landscape change (Verburg et al. 2015; Meyfroidt et al. 2018). However, the applicability of LULCC
models in planning or decision-making purposes is sometimes limited (Sohl and Claggett 2013). The
sophisticated technical analyses which sometimes lack transparency, and the difficulty in expressing
uncertainty associated with model results have been identified as obstacles in translating scientific
information into tangible management applications (Sohl and Claggett 2013). In addition to this, the
discrepancy between modeler’s choice of studying fundamental research questions focused on
discovery, and policy maker’s need for outcome driven practical applications focused on solutions,
can add additional challenges (Leenhardt et al. 2012; Sohl and Claggett 2013). Including stakeholders
in the different stages of the modelling process, better explaining uncertainty, and creating innovative
ways to communicate model results would improve the modelling framework and facilitate
understanding of model function and outputs (Parker et al. 2008; Sohl and Claggett 2013).
Approaches that aim at facilitating multi-stakeholder engagement in land management
decisions are a promising avenue of bridging the gap between LULCC studies and the planning and
policy world. For example, participatory mapping (Di Gessa et al. 2008; Kelly et al. 2012; Brown and
Raymond 2013) can be an effective strategy for stakeholder engagement in land use planning and serve
an important resource for studying LULCC processes. The rapid development of web-based
technologies plays a central role in promoting adaptive management approaches and increasing the
transparency of the scientific process (Kelly et al. 2012). In addition to this, participatory mapping can
be used to inform policy by identifying and mapping land use conflict potential, highlighting tensions
between incompatible land uses and associated social implications (Brown and Raymond 2013). More
research is needed on developing a systematic, context-specific ways to include public knowledge into
LULCC modelling frameworks and facilitate public participation in land management decisions.
A second important area of research studies the complex trade-offs in land systems and builds
climate adaptation strategies. Increased understanding of the trade-offs in ecosystem service provision
associated with agricultural changes would be a valuable extension to the work presented in Chapter
4 and is research which will be undertaken in the future. There are still significant gaps in knowledge
with respect to the ecosystem impacts and climate vulnerabilities (Kerr et al. 2018) associated with
changes in land management and agricultural production, specifically trade-offs related to crop
selection (Klapwijk et al. 2014). For example, climate related vulnerabilities should be better
incorporated in studying the tradeoffs associated with different land use scenarios. Transitions from
annual to perennial agriculture can have associated shifts in the provision of biophysical and
socioeconomic ecosystem services and may result in landscape-scale trade-offs (Power et al. 2010). A
shift towards large-scale cultivation of water-intensive crops may yield short-term economic benefits
yet may result in long-term costs due to changes in hydrologic and climate parameters (Wilson et al.
2016; Fulton et al. 2019). Even though several studies (Lin et al. 2008; Kerr et al. 2018; Parker et al.
2019) have explored crop’s vulnerability to climate related stressors, more information is needed to
assess the long term and short-term tradeoffs at the landscape level in terms of climate associated
risks. Future research directions that explicitly combine climate, land use decisions and associated
trade-offs should be developed.
Trade-off analysis within agroecosystems, quantifying ecosystem services, and using integrated
modelling approaches give landowners the information needed to prioritize and target management
interventions in multifunctional agricultural landscapes and achieve management objectives (Klapwijk
et al. 2014). Significant steps have already been undertaken in this direction. Numerous methods
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including participatory approaches, empirical analyses, optimization and simulation models (such as
the Integrated Valuation of Ecosystems Services and Trade-offs Tool (InVEST)) have been developed
to quantify trade-offs associated with crop production within different farming systems (Klapwijk et
al. 2014). These advances are important in enhancing our understating of anthropogenic impacts on
natural systems. However, the nature of ecological trade-offs is complex, context specific, and climate
related impacts further complicate trade-off analyses (Power 2010).
In conclusion, the widespread implications of global environmental change processes have
highlighted the need to study land system dynamics across global, regional, and local scales (Magliocca
et al. 2015). The research presented in this dissertation has explored different aspects of land systems
in California, investigated human induced land use land cover modifications, and proposed new
approaches to studying land systems. Important future extensions to this work include studying
management impacts on ecological systems, quantifying cumulative local land changes, and
incorporating fine-scale climate projections, economic dimensions, and trade-offs.
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