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Abstract

Urban tree drought resilience and outdoor water conservation in a Mediterranean

climate: insights from an ecohydrologic model
by

Rachel Torres

Trees in cities can make communities more resilient to climate change and provide
sustainable infrastructure for heat mitigation and stormwater regulation. Urban areas
around the world are growing, and there is potential to plan for urban forestry to be
equitable and sustainable. In the Southwestern United States, growing populations along
with a higher frequency of drought and heat waves poses a need for urban forestry
management in conjunction with efficient water use.

This dissertation used a mechanistic model, the Regional Eco-Hydrologic Simulation
System (RHESSys), to simulate urban tree carbon and water fluxes during a multi-year
drought in Southern California. Tree leaf area index (LAI), net primary productivity
(NPP), and water use were estimated under different scenarios of temperature, irriga-
tion, and neighboring land cover. In the first chapter, I used high spatial resolution
remote sensing data from Santa Barbara, California of tree species, LAI, and changes
to the Normalized Differential Vegetation Index during the 2012-2016 drought to create
tree species parameter sets for five common urban tree species. With these urban tree
parameter sets, | estimated tree drought resistance and resilience for LAI and NPP and
showed how they differ in the case of a drought with similar precipitation patterns and
different temperatures. I demonstrated how temperature plays an important role for tree
productivity post-drought and can increase resilience. Warmer temperatures increased

resilience, but only to a certain extent: 1.8° C of warming increased post-drought pro-
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ductivity leading to higher resilience compared to the cooler temperature scenarios, but
extreme warming of 4° C hindered growth. In the second chapter, I used the same tree
species parameters to simulate how irrigation inputs to the system would affect drought
resilience and water use efficiency (WUE). The response of the average tree NPP to ir-
rigation input during drought was non-linear, with a break-point analysis displaying a
steeper decline in NPP beyond irrigation reductions of 25% to 50% depending on tree
species. Transpiration was linearly related to irrigation input, and this caused WUE
to increase with less irrigation. In the third chapter, I went a step further to explore
irrigation effects by incorporating neighboring irrigation on turfgrass. In some city lo-
cations, mature trees on their own may not be directly receiving irrigation. However,
in this study I found that trees may be receiving excess irrigation water from turfgrass
area. This study also highlighted an example of hydrologic modeling with sub-grid water
routing, and showed how impervious surfaces disconnected from the stormwater drainage

system can increase tree productivity.
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Introduction

Urban trees provide a wealth of ecosystem services including cooling and shade provision,
air filtering, stormwater management, and cultural and psychological benefits (I}, 2). To
maximize these benefits, trees need to be able to withstand various stressors from climate
and the built environment (3), and managing this requires a deeper understanding of how
urban trees affect carbon and water cycling. In Southern California and other arid to
semi-arid regions that experience heat waves, the ability for the urban forest to cool the
surface with shade from canopy coverage and contribute to microclimate cooling with
evapotranspiration (ET) is especially important for communities (4 [5). At the same
time, a vital water source for vegetation in semi-arid regions is typically irrigation (6)),
which is often the first municipal water use to be restricted during drought, making urban
trees more vulnerable to drought.

California experienced an extreme drought from 2012-2016 that included a concurrent
heat wave in 2014 (7, §), which caused widespread mortality across natural forests (9
10). However, the effects of drought and heat on urban forests received less attention
despite the potential for managing urban forests for drought resilience and climate change
adaptation (I1). Finding a balance between efficient water use and maintaining tree
health will be crucial for long-term urban forestry and water resources management, as
climate change will increase drought and extreme heat events. This dissertation consisted
of three studies on the interactions between drought and heat, water use, and tree carbon
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Introduction

and water fluxes in Santa Barbara, California, a coastal semi-arid urban location.

To further understand the complex eco-hydrologic processes within an urban forest
that contribute to drought resilience, this dissertation used a mechanistic numerical mod-
eling approach and leveraged fine spatial resolution remote sensing data. The Regional
Hydro-Ecological Simulation System (RHESSys) is a coupled eco-hydrologic model that
simulates physical mechanisms of carbon and water cycling (12). It was applied at a 10m?
patch level, the smallest spatial unit in the model, to capture the dynamic changes to tree
carbon and water fluxes in response to changes in the environment. Using a process-based
model allowed me to vary forcings and simulate drought scenarios to examine their effects
on tree carbon and water fluxes. With the 2012-2016 California drought as context, I
assessed tree productivity in the year leading up to the drought, during the drought, and
post drought using model estimations of tree carbon fluxes, leaf area index (LAI), and
water use. To inform future urban forestry and water resources management decisions
for a warmer and drier climate, I simulated different scenarios of temperature, outdoor
water use, and land cover for five commonly found urban tree species. Along with find-
ing practical results on water conservation and tree drought resilience, I developed novel
methods to integrate remote sensing data with RHESSys that have potential for future
applications in urban land surface models.

In the first chapter, I explored how different ecophysiological traits contributed to
tree drought resilience, and tested how warmer temperatures during drought affected
resilience. T used data derived from high-spatial resolution (3.7m?) hyperspectral imagery
and lidar data at the tree species level (13) that included: pre-drought LAI (14) and
changes to the Normalized Difference Vegetation Index (NDVI) during the drought (15)).
Because these data sets were at the tree species level with a short time series, I used them
to validate model outcomes of LAI and reduce parameter uncertainty for five common tree

species in the study region. Climate data from 2011-2017 was used to generate baseline
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Introduction

model estimates of LAI and net primary production (NPP). I then ran a Sobol sensitivity
analysis to identify the sensitivity of tree LAI, net primary productivity (NPP), and
drought resilience to key vegetation parameters and account for parameter uncertainty.
To compare the baseline with possible future events, I simulated cooler and warmer
temperature droughts. I found that drought with increased temperatures of 1.8°C would
likely cause greater declines in LAI, but faster recovery post-drought relative to the
baseline. With more extreme warming of 4.6°C, simulated LAT did not fully recover post-
drought. While most trees were sensitive to the different temperatures, the deciduous
tree, California Sycamore, was highly resilient due to its high leaf turnover rate, as
shown by the vegetation parameter sensitivity analysis. The findings suggested that
future extremes in warmer temperatures during drought could lead to a decline in urban
tree drought resilience, which should be considered in urban tree species selection.

The first study was unique in the use of tree species level data for vegetation param-
eterization. Typically, coupled land surface models have a general 'type’ for representing
vegetation. The type could be differentiated between tree, grass, or shrub, that could
further be specified by plant functional type or phenology. This study went a step further
to quantify tree species differences, taking advantage of species level tree data in Santa
Barbara, California (I3). I created parameter sets that differentiate tree species while
maintaining parameter uncertainty due to spatial variation in the data and equifinality
within the model. This method of vegetation parameterization laid the groundwork for
the following chapters in the dissertation where I used the same tree species, and provided
an example for reducing vegetation parameter uncertainty with remote sensing data.

The second chapter aimed to quantify trade-offs in urban tree ecosystem services and
outdoor water use. Ecosystem services were represented by tree water and carbon fluxes,
with a focus on urban heat island mitigation. Specifically, during drought the direct

loss of productivity and LAI leads to a reduction in shade, while the decrease in tree
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transpiration results in less evaporative cooling (5). I simulated a range of irrigation
input scenarios during drought based on average monthly outdoor water use data from
2010-2020 from the Santa Barbara Water Resources department. Irrigation scenarios
were compared across tree species and warmer temperatures. I analyzed the response of
model outcomes of tree carbon fluxes, LAI, and tree transpiration. Results showed that
reducing irrigation up to 25%, a comparable amount as the California statewide mandate
in 2015, has minimal effects on tree primary productivity and water use efficiency. Tran-
spiration was linearly related to irrigation input, causing a short-term loss of evaporative
cooling with irrigation reductions during drought. However, primary productivity and
LAI had a nonlinear response to irrigation, indicating shade provision could be main-
tained throughout drought with partial irrigation reductions. These results varied with
tree species, with some species showing greater sensitivity of primary productivity to
water input and temperature.

The findings in the second study had implications for the effects of water conservation
on urban trees in semi-arid regions. Results showed that for most of the tree species
used, outdoor water use could be reduced by 25% while maintaining tree productivity
during a multi-year drought. However, this study assumed trees have access to the
additional irrigation water when in reality there is some uncertainty in urban tree water
sources (16; [17). One common vegetation in cities that does receive direct irrigation
is turfgrass, which is often found in mixed land use areas and interspersed with trees.
During the drought in California, a statewide mandate targeted turfgrass irrigation for
water conservation (I8), which may have had indirect effects on neighboring trees. To
explore the small-scale hydrologic interactions between turfgrass and trees, and between
different land covers, I used a novel modeling approach called multiscale routing (19)),
which accounts for sub-grid water routing. I developed a version of multiscale routing to

be used for surface routing in places with land covers that have differences in infiltration
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rates, such as urban areas with impervious surfaces.

The third chapter explored whether water management for turfgrass during drought
affects urban trees. I simulated scenarios of tree growth with neighboring irrigated tur-
ferass and subsequent reductions in irrigation, and compared this for small-scale areas
with and without nearby impervious surface area. Impervious surfaces are known to
increase runoff, and if connected to neighboring vegetated spaces may lead to increased
infiltration (20; 21). This study compared tree level evapotranspiration (ET), produc-
tivity (NPP), and drought resilience across irrigation and land cover scenarios. I found
that maintaining turfgrass irrigation during drought increased neighboring tree ET and
NPP. With irrigation turned off for water conservation, tree ET and NPP declined during
the drought. LAI drought resilience responses to irrigation reduction was dependent on
tree species. In some cases with connected impervious areas routing surface water, the
additional water input offset irrigation shut-off and caused a greater tree ET and NPP
during the drought compared to the landscape without impervious areas. By quantify-
ing small-scale hydrologic interactions, this study may inform landscaping management
strategies that save water while maintaining ecosystem services from urban trees during

drought.



Introduction References

1]

S. J. Livesley, G. M. McPherson, and C. Calfapietra, The Urban Forest and
Ecosystem Services: Impacts on Urban Water, Heat, and Pollution Cycles at the
Tree, Street, and City Scale, Journal of Environment Quality 45 (2016), no. 1 119.

K. L. Wolf, S. T. Lam, J. K. McKeen, G. R. A. Richardson, M. van den Bosch,
and A. C. Bardekjian, Urban Trees and Human Health: A Scoping Review,
International Journal of Environmental Research and Public Health 17 (2020),

no. 12 4371. Number: 12 Publisher: Multidisciplinary Digital Publishing Institute.

E. McPherson, A. M. Berry, and N. S. van Doorn, Performance testing to identify
climate-ready trees, Urban Forestry € Urban Greening 29 (2018) 28-39.

R. I. McDonald, T. Kroeger, P. Zhang, and P. Hamel, The Value of US Urban Tree
Cover for Reducing Heat-Related Health Impacts and Electricity Consumption,
FEcosystems (2019).

M. A. Rahman, L. M. F. Stratopoulos, A. Moser-Reischl, T. Zolch, K.-H. Haberle,
T. Rotzer, H. Pretzsch, and S. Pauleit, Traits of trees for cooling urban heat
islands: A meta-analysis, Building and Environment 170 (2020) 106606.

C. Mini, T. S. Hogue, and S. Pincetl, Estimation of residential outdoor water use
in Los Angeles, California, Landscape and Urban Planning 127 (2014) 124-135.

N. S. Diffenbaugh, D. L. Swain, and D. Touma, Anthropogenic warming has
increased drought risk in California, Proceedings of the National Academy of
Sciences 112 (2015), no. 13 3931-3936.

D. Griffin and K. J. Anchukaitis, How unusual is the 2012-201 California
drought?, Geophysical Research Letters 41 (2014), no. 24 9017-9023.

C. J. Fettig, L. A. Mortenson, B. M. Bulaon, and P. B. Foulk, Tree mortality
following drought in the central and southern Sierra Nevada, California, U.S.,
Forest Ecology and Management 432 (2019) 164-178.

Lund Jay, Medellin-Azuara Josue, Durand John, and Stone Kathleen, Lessons
from California’s 2012-2016 Drought, Journal of Water Resources Planning and
Management 144 (2018), no. 10 04018067.

6



Introduction

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]
[19]

[20]

[21]

E. G. McPherson, Q. Xiao, N. S. van Doorn, J. de Goede, J. Bjorkman,
A. Hollander, R. M. Boynton, J. F. Quinn, and J. H. Thorne, The structure,

function and value of urban forests in California communities, Urban Forestry &
Urban Greening 28 (2017) 43-53.

C. L. Tague and L. E. Band, RHESSys: Regional Hydro-Ecologic Simulation
System—An Object-Oriented Approach to Spatially Distributed Modeling of
Carbon, Water, and Nutrient Cycling, Earth Interactions 8 (2004), no. 19 1-42.

M. Alonzo, B. Bookhagen, and D. A. Roberts, Urban tree species mapping using
hyperspectral and lidar data fusion, Remote Sensing of Environment 148 (2014)
70-83.

M. Alonzo, J. P. McFadden, D. J. Nowak, and D. A. Roberts, Mapping urban
forest structure and function using hyperspectral imagery and lidar data, Urban
Forestry € Urban Greening 17 (2016) 135-147.

D. L. Miller, M. Alonzo, D. A. Roberts, C. L. Tague, and J. P. McFadden, Drought
response of urban trees and turfgrass using airborne imaging spectroscopy, Remote
Sensing of Environment 240 (2020) 111646.

N. S. Bijoor, H. R. McCarthy, D. Zhang, and D. E. Pataki, Water sources of urban
trees in the Los Angeles metropolitan area, Urban Ecosystems 15 (2012), no. 1
195-214.

D. E. Pataki, H. R. McCarthy, E. Litvak, and S. Pincetl, Transpiration of urban
forests in the Los Angeles metropolitan area, Ecological Applications 21 (2011),
no. 3 661-677.

E. G. Brown, Ezecutive order b-29-15, 2015.

W. Burke and C. N. Tague, Multiscale Routing — Integrating the Tree-scale Effects
of Disturbance into a Watershed Ecohydrologic Model, AGU, 2019.

C. Shields and C. Tague, Ecohydrology in semiarid urban ecosystems: Modeling the
relationship between connected impervious area and ecosystem productivity, Water
Resources Research 51 (2015), no. 1 302-319.

C. B. Voter and S. P. Loheide, Urban Residential Surface and Subsurface
Hydrology: Synergistic Effects of Low-Impact Features at the Parcel Scale, Water
Resources Research 54 (2018), no. 10 8216-8233.



Chapter 1

Urban tree resilience to drought and
extreme heat: modeling differences
in tree species parameterized with
remote sensing data

1.1 Introduction

Trees are essential for climate change adaptation in cities because of their ability
to provide stormwater management and filtering, air pollution reduction, habitat for
biodiversity, and cultural and social significance (1; 2; B). They also provide shade for
human thermal comfort, and evapotranspiration that mitigates urban heat islands (4 [)).
However, the benefits of tree ecosystem services depend on tree health and resilience to
extreme events like drought. From 2012-2016, California experienced a drought that was
especially detrimental to forests due to historically low precipitation occurring simulta-
neously with one of the warmest periods on record in California (6; [7; §)), a pattern that
is expected to increase in frequency with climate change (9; [10). While the effects on
natural forests were devastating, the effects on urban forests remain understudied, and
likely more varied due to the assortment of nonnative tree species and access to additional
inputs of water in cities (11}, 12; 13} 14} [15)).

Urban forestry management has the potential to contribute to climate change adap-
tation in cities through tree species selection, where tree species should be considered
not only for their benefits but for their ability to survive climate related impacts such as
drought (16} [1'7; [18 19). Compared to their natural forest counterparts, urban trees are
highly managed and often planted based on specific aesthetic attributes and socioeco-
nomic preferences (20). In California and other semi-arid climates especially, long-term
climate adaptation requires understanding which tree species and ecophysiological traits
contribute to drought resilience (21)). Resilience is the ability of a system to return to
pre-disturbance conditions following the disturbance (22)). In the case of a long-term dis-
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turbance, such as a multi-year drought, resilience is connected to the ability to maintain
functioning during the disturbance, or the resistance of a system. Resilience and resis-
tance have been used to quantify and describe how trees respond to drought using data
from tree rings (23; 24) and remote sensing (25} 26]), but has been less used to describe
urban trees.

To quantify resilience and resistance, temporal observations of vegetation character-
istics over the course of a disturbance are needed, which can be captured using remote
sensing methods. In Southern California, various characteristics of urban vegetated areas
have been studied including land surface temperature (27 28)), tree species (29)), and leaf
area index (LAI) and carbon storage (25). More recent studies used short-term time se-
ries of airphotos and hyperspectral imagery to quantify changes in vegetation greenness
indices and fractional cover (30; [31)). These methods are valuable for observing vege-
tation conditions before and after drought, but are temporally limited to the times of
data acquisition. Limited time series may not capture changes happening throughout the
course of a multi-year drought, and may not always include the data needed to explain
patterns in observations or estimate tree responses to future conditions. In this study,
we (1) calibrate an ecohydrologic model’s tree parameters with remote sensing data of
the historic drought and identify which ecophysiological traits are important for drought
resilience and (2) consider how drought responses of selected urban trees may be different
under altered temperature scenarios.

Building on a short-term remote sensing time series and taking advantage of high
spatial resolution urban tree data, this study used data from (29; [32)), and (30) to pa-
rameterize an ecohydrologic model, the Regional Hydro Ecologic Simulation System or
RHESSys, to investigate urban forest drought resilience in Santa Barbara, California for
a historic drought and in the case of potential future droughts. In the years leading up
to the 2012 drought, Alonzo used high-resolution lidar data and hyperspectral imagery
to identify individual tree species and estimate canopy LAI and carbon storage. Miller
quantified changes to species-level vegetation indices using airborne imaging spectroscopy
from 2011, 2014, and 2017. The information on urban tree characteristics and changes
in vegetation greenness provided by these studies is uniquely useful when paired with
the model in order to inform which ecophysiological traits contribute to changes to veg-
etation. With this parameterized model, we can then generalize and extend results from
the 2012-2016 drought to explore how trees may respond to future droughts. While the
2012-2016 drought is a historic example of an extreme event, with climate change we can
expect future droughts to become warmer (33), and we use the model to test the effects
of temperature differences on drought resistance and resilience.

1.2 Methods

We used an ecohydrologic model, RHESSys, paired with high spatial resolution remote
sensing data to derive tree species level vegetation parameters. First, we performed a
sensitivity analysis to identify key vegetation and soil parameters that influence model

9
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estimates of drought resilience and to select parameter sets that correspond with observed
behaviors for the urban tree species of interest. Vegetation parameter sets were calibrated
to the historic drought using changes in Normalized Difference Vegetation Index (NDVI)
(34) and model output of LAIL These parameter sets were then used to estimate the
resistance and resilience of LAI and plant net primary productivity (NPP) for the historic
drought and to compare across tree species. The results from the historic drought were
then compared to model estimates for future droughts with different temperatures.

1.2.1 RHESSys model

The Regional Hydro-Ecologic Simulation System (RHESSys) is a spatially distributed,
mechanistic model which simulates energy, carbon, water, and nutrient cycling (35)); this
study used version 7.2 (36). RHESSys has been used for the Santa Barbara region in
previous studies to evaluate vegetation water and carbon flux responses to stormwater
distribution (37) and for studying post-fire vegetation regrowth (38). It has also been
used in urban settings for simulating stormwater management systems on the east coast
(39; [40). Parameter uncertainty specific to RHESSys has previously been explored for
vegetation parameters in a mountainous region of the Western U.S. (41]), and soil param-
eters in the headwaters of the urban watershed used in this study (42)).

For this study we used the smallest spatial unit within the model, a ‘patch’. In this
study, a single patch represents an area of 10m? with a single tree species and no lateral
hydrologic flow. The main source of water is precipitation which goes towards interception
by the canopy and infiltration into the soil. Evapotranspiration is estimated using the
Penman-Monteith equation, which depends on temperature, vapor pressure deficit, and
radiation. Soil is vertically stratified into a rooting zone, unsaturated zone, and deeper
saturated store. The soil is a shallow, sandy-loam type based on parameters previously
used in Santa Barbara modeling studies (38} [37)). This study does not include the effects
of the spatial distribution of trees on the urban landscape, and it is assumed that no
additional water is added to the precipitation input. While street trees may receive
direct or indirect irrigation, many of the selected species exist in parks and coastal bluff
areas that may not have direct irrigation systems.

Carbon cycling within RHESSys is coupled to water fluxes through stomatal con-
ductance and leaf area, both of which regulate gross primary productivity (GPP). GPP
is estimated using the Farquhar model (43), which depends on light, temperature, and
stomatal conductance. Stomatal conductance is a function of vapor pressure deficit, root
accessible soil moisture, temperature, light, and CO, (44). Plant respiration consists of
growth and maintenance respiration, which is a function of temperature, leaf nitrogen,
and plant properties. Plant carbon stores accumulate daily assimilated carbon parti-
tioned into stem and leaf biomass, and fine and coarse roots. The amount partitioned
into each plant organ is dependent on the carbon allocation strategy and the accompany-
ing parameters. Turnover of these stores depends on species ecophysiologic parameters.
This study used a semi-mechanistic carbon allocation strategy dependent on resource

10



Urban tree resilience to drought and extreme heat: modeling differences in tree species
parameterized with remote sensing data Chapter 1

limitation (45]), where leaf carbon allocation is prioritized until there is limited water or
nitrogen and then it shifts to prioritizing root carbon. Leaf carbon allocation depends
on allometric scaling of carbon to LAI, the potential photosynthetic capacity, and the
proportion of newly assimilated carbon allocated to leaves. This approach prioritizes leaf
growth in developing forests and resource limitation in mature trees (41). Leaf phenology
is simulated with parameters for day-of-year timing on new leaf growth and senescence.
For a detailed description of RHESSys hydrologic and ecophysiological submodules, see
Tague and Band 2004 (35]), and for a comprehensive description of plant carbon allocation
strategies, see Garcia et al. 2016 (41)).

1.2.2 Study Site and Data

Santa Barbara, California (34.42° N, 119.69° W) is representative of a coastal South-
ern California city with an extensive and diverse urban forest. Santa Barbara has a
Mediterranean climate with hot, dry summers and wet winters and is projected to expe-
rience an increasing likelihood of warming and drought (9). The average annual rainfall
at the Santa Barbara Downtown precipitation gauge (SB County station 234) is 479.5mm
averaged over 1990-2020.

While the area is highly developed, the urban forest is made up of a mix of pub-
lic parks, natural areas, and street trees composed of native and non-native species.
The most common tree species include various palms (Archontophoeniz cunninghami-
ana, Phoenix canariensis, Syagrus romanzoffiana), native coastal live oak (Quercus agri-
folia), non-native eucalyptus trees (Fucalyptus ficifolia, Eucalyptus globulus), and various
conifers (Pinus canariensis, Pinus pinea) (29).

There were five tree species common in the area selected to use for this study. These
include Coast Live Oak (Quercus agrifolia), a native broadleaf evergreen, California
Sycamore (Platanus racemosa), a native broadleaf deciduous, Blue Gum Eucalyptus
(Bucalyptus globulus) and Victorian Box (Pittosporum undulatum), nonnative broadleaf
evergreens, and Canary Island Pine (Pinus canariensis), a nonnative conifer.

We used species level LAI estimates from Alonzo et al. 2016 (32) and a time-series
of the normalized differential vegetation index (NDVI) from Miller et al. 2020 (30) to
calibrate vegetation parameters. The LAI estimates were derived from airborne hyper-
spectral imagery and lidar data in 2010, with a spatial resolution of 10m?. The NDVI
data was derived from airborne imaging spectroscopy captured in a sequence of years
during the drought, in 2011, 2014, and 2017 at 7.5m? spatial resolution.

The climate data used as daily input to the model comes from two sources: daily
maximum and minimum temperatures were taken from NOAA (station USC00047902)
, and daily precipitation was from a rain gauge located in downtown Santa Barbara
(station ID 234) at 39.6m elevation, from Santa Barbara County Public Works Water
Resources. Scenarios of future drought were developed based on data from statistically
downscaled climate projections (46). Downscaled climate projection data from Cal-Adapt
was downloaded for the city of Santa Barbara, including four global climate models
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(HadGEM2-ES, CNRM-CM5, CanESM2, MIROC5) for two representative concentration
pathways (RCP) run for the Coupled Model Intercomparison Project Phase 5: medium
emissions (RCP4.5), and high emissions (RCP8.5). The time ranges are from 2006-2099
and 2006-2100. Trends of annual precipitation and temperature anomalies were analyzed
for possible temperature differences during a future drought-like period, as described in

section [[.2.4] below.

1.2.3 Sobol Sensitivity Analysis and Parameters Selection
Sensitivity analysis

Sobol sensitivity analysis is based on variance decomposition and has been applied
to complex environmental models to quantify uncertainty in interactions across large
parameter spaces (47; 48} [49)).

This method of sensitivity analysis considers the interaction between different param-
eters and their total effect on the outcome as well as the individual effect on the outcome
(50)). First order indices are a measure of the direct contribution to the output by an
individual parameter. Total order indices measure the overall contribution of a param-
eter to the output while considering both its direct effect and its interaction with other
parameters. Sobol is used here to identify which selected RHESSys vegetation and soil
parameters have the largest effect on LAI, NPP, and LAI and NPP drought resilience.

Parameters used in the sensitivity analysis were selected based on previous studies
(41; 42) and whether the parameter is used in a key process for tree carbon cycling.
These include two soil parameters that influence field capacity storage potential and 31
ecophysiological vegetation parameters that affect photosynthesis, respiration, carbon
allocation, and other vegetation traits (Table . To generate parameter sets for Sobol,
values for each parameter were randomly sampled from a uniform distribution across a
range of values. The minimum and maximum range of values were set based on RHESSys
parameter libraries and defaults, plant functional types, and values found in the literature
(Table . A unique set of random permutations of the selected parameters was then
input for each RHESSys model run.

RHESSys simulates phenology differently for evergreen and deciduous, where decid-
uous trees have complete leaf loss annually; for this reason the sensitivity was done for
both functional types. For both evergreen and deciduous functional types, the model was
run separately for 10,500 parameter sets. For each parameter set, the model was simu-
lated through a ‘spin-up’ with climate data from 1940-2020 to establish mature trees and
stabilize soil carbon and nitrogen pools. The final 10 years of the simulation were output
with daily values of LAI and carbon fluxes. The model outputs were then aggregated to
annual values for pre-drought LAI, LAI resilience, pre-drought NPP, and NPP resilience,
to apply with Sobol and generate indices (Figure .
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Table 1.1: Vegetation and Soil parameters used in sensitivity analysis. Most values
are taken from RHESSys definition files, full descriptions and a list of sources are
shown in Appendix A The range over which parameters were sampled is given

here for deciduous and evergreen.

parameter evergreen deciduous units
Soils pore size index 0.16-0.24 0.16-0.24 -
psi air entry  0.17-0.26 0.17-0.26 mH>O
Allometry height to stem coef 0.25-0.75 0.25-0.75 -
root distribution 3.8-6.9 3.8-6 -
fine root C:coarse root C 0.2-0.8 0.2-1.5 ratio
fine root C:leaf C  0.6-1.0 0.6-1.2 ratio
Carbon daily photosynthate used for growth 0.44-0.56 0.44-0.69 fraction
allocation stem C:leaf C  1.3-1.9 1.3-1.9 ratio
C transfer to storage proportion 0.56-0.84 0.56-0.84 percent
waring A 0.3-0.45 0.2-0.45 -
waring B 0.05-1 0.05-1 -
leaf C:N  27-60 40-60 kgC/kgN
LAI projected SLA  6-27 22-35 m? /kgC
light ext. coef 0.54-0.81 0.54-0.81 -
branch turnover 0.0082- 0.0082- /day
0.012 0.012
NSC pool mortality 0.0018-0.7  0.0001-0.1 percent
Mortality fine root turnover 0.2-0.75 0.6-1.2 /year
leaf turnover 0.3-0.8 0.6-1.2 /year
livewood turnover 0.56-0.84 0.56-0.84 /year
min leaf carbon for resprouting 0.001-0.02  0.001-0.02  kgC
resprout leaf carbon  0.005-0.01  kgC
Carbon fraction leaf N in rubisco age multipier 0.035-0.53  0.035-0.53  percent
Ausces net fPAR age multiplier 0.23-0.35 0.23-0.35 percent
mrc Q10 2.0-2.3 1.8-2.5 -
Stomatal max leaf scale stomatal conductance 0.0048- 0.0048- meters
0.0072 0.0072
conductance psi at stomatal close -7.5- -3 -6- -3 MPa
VPD at stomatal close 2500-6000 2500-6000  Pa
day leaf on 284-300 255-283 day of year
Leaf day leaf off 56-70 114-140 day of year
phenology number of days expand 50-54 55-90 days
number of days litfall 49-52 50-80 days
Water litter moist coef 0.00047- 0.00047- m/kg/m?
Storage 0.0007 0.0007
specific rain capacity 0.00019- 0.00019- mH,0/LAI
0.00029 0.00029
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Model parameterization and outcomes

To obtain vegetation parameter sets specific to the selected tree species, model out-
puts of LAI from the sensitivity analysis were compared to remote-sensing observations
and this comparison was used to narrow down to the parameter sets that resulted in
acceptable modeled LAI values by tree species. Spatial variation from the Alonzo data
(32)) created a range of LAI estimates. This data was only available for pre-drought LAI,
and was used to set up the model parameters within an acceptable range of modelled
pre-drought LAI. Modeled estimates within two standard deviations of the mean LAI
estimates from the data were selected for each tree species.

To account for the changes in LAI during the drought, we used temporal data of NDVI
from (30) that captured pre-drought, July 2011, post-drought, June 2017, and 1 year in
the middle of the drought, in June of 2014. NDVI has been found to be related to LAI in
natural forested areas (51)), and acts as an approximation for leaf phenology in response
to climate variation (52). We used the changes to remote sensing derived changes in
NDVTI as a proxy for changes in LAI from the model. Rather than compare direct values,
we used the percent differences between 2011-2014 and 2011-2017 for NDVI and model
estimated LAI. The parameter sets that resulted in percent differences in modeled LAI
within the interquartile range of percent differences in NDVI were filtered to be used in
the final parameter sets for each tree species.

For each tree species, the parameter sets that met the filters of pre-drought LAI and
changes to LAI during drought were used in all subsequent model scenarios (Table .
Multiple parameter sets meet these criteria for each tree species due to the interactions
between different parameters, and this parameter uncertainty is maintained to represent
the range of possible outcomes. A full description of parameters along with the range of
parameter values for each tree species is available in [A]

Once parameters sets were selected, we used the metrics of resistance (Eq. ) and
resilience (Eq. to compare across tree species and temperature scenarios. With the
average annual LAI and NPP for each tree species parameter ensemble and each year in
the 2011-2017 sequence we calculated the resistance to drought as the ratio of the state
of the variable during drought to the pre-drought state. We calculated resilience as the
ratio of post-drought values in 2017 to pre-drought values. For example:

resistance — LA[duringfdisturbance _ LAIdroughtyear (1 ‘ 1)
LA[pre—disturbance LA[2011
LATLyst—ai LAI
resilience — post—disturbance 2017 (1 2)

LA[prefdisturbance LA[2011

1.2.4 Temperature Scenarios

To simulate future drought periods, we identified potential temperature changes in
future drought years from statistically downscaled climate projections for Santa Barbara
(53). We analyzed precipitation, minimum temperature, and maximum temperature
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Table 1.2: Temperature differences were added to historic temperature data. Precip-
itation anomaly of the year where temperatures occurred are shown.
Scenario name Temperature Difference Precip. anomaly

Historic 0 -0.55 to -0.35

Warm +1.8°C -0.53
Hot +4.6°C -0.48
Cool -4°C -0.48

for four general circulation models (GCMs). These 4 GCMs were selected based on
recommendation from Pierce et al. 2018 (53) who identified the four as spanning a range
of temperature and precipitation, with RCP4.5 and RCP8.5 emissions scenarios. To
classify drought years, annual anomalies for observed precipitation data were calculated
as the percent difference from the mean of data used for the spin-up period from 1940-
2020. This was compared to precipitation anomalies of the GCMs by each of their
historic rainfall simulations. Within the GCM simulations, we identified the largest
positive, average positive, and largest negative temperature differences that occur with
a year that has a precipitation anomaly similar to those observed during the 2012-2016
drought (Table [1.2).

Minimum and maximum daily temperature inputs to the model were altered by the
difference in temperature shown in Table [I.2] By uniformly changing daily values, the
seasonal fluctuation in temperature is maintained and seasonal patterns replicate the
observed data. We acknowledge that in a future climate, more extreme temperature
changes may be occurring seasonally with hot, drier summers (54 [55). However, in
order to isolate the effect of different temperatures on tree resilience to a multi-year
drought, we maintain the uniform changes made to temperature. To simplify the naming
convention, we refer to the scenarios based on their differences relative to the actual
historic period: hot(+4,6), warm(+1.8), and cool(-4.0).

1.3 Results

1.3.1 Vegetation parameter calibration and sensitivity analysis

We ran a Sobol sensitivity analysis to determine which vegetation parameters af-
fect the model outcomes of LAI, NPP, and LAI and NPP resilience. By identifying
the parameters that model outputs were more sensitive to, we were able to narrow down
parameter uncertainty for the selected tree species and provide insights into how ecophys-
iology influences tree responses. The modeled LAI and changes to LAI during drought
were within the ranges constrained by the remote sensing data although modelled and
remote sensing LAI have different averages (Table . Given the uncertainty in remote
sensing estimates and likely spatial and within-species variation in tree conditions (32]),
these parameter sets are reasonably consistent with observations. The mean and stan-
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dard deviation of modeled LAI, and the LAI and NPP resistance and resilience across
the accepted parameter sets for each tree species are shown in Table

Parameters with the highest Sobol total order index for each of the four model out-
comes are shown in Figure [I.T} these include parameters that control soil field capacity,
carbon turnover rates, carbon allocation, and leaf traits. Evergreen LAI and NPP were
particularly sensitive to specific leaf area (SLA) (Figure panels (b) and (f)), while
deciduous LAI and NPP were more sensitive to leaf turnover rates. Some of the param-
eters, including the leaf turnover rate for the deciduous resilience (Figure panels (c)
and (g)), have large confidence interval ranges, which suggests the effect of the parameter
on the outcome has substantial uncertainty. For pre-drought deciduous, the confidence
interval of leaf turnover rates is relatively small and has a more stable first and total
order effect on LAT and NPP. With both tree types, LAl and NPP resilience was highly
sensitive to leaf turnover rates, but only evergreen was sensitive to fine root turnover
rates. Sensitivity to soil pore size index was high across all outcomes and tree types.
Pre-drought NPP differed from pre-drought LAI in that it was more sensitive to the leaf
water potential at stomatal closure ('psi at complete stomatal reduction’). Many of the
parameters resulted large confidence intervals that include zero, which indicates either
substantial uncertainty in the effect of these parameters, or for the smaller ranges, little
to no influence on the outcome. See the full results of the Sobol indices in the Appendix

(D).

1.3.2 Changes to water and carbon fluxes during drought

For all drought years, temperature scenarios, and tree parameters, annual transpi-
ration is lower in the summer compared to a wet year (Figure panels (d) and (h)).
In comparing mean annual transpiration during drought years to an average wet year
we found less variation across temperature scenarios and tree species (Figure panels
(a-b) and (e-f)). This is likely due to transpiration demands exceeding water availability,
so at an annual timescale, all plant-available water is used no matter the temperature
or ecophysiological parameter values. When there is enough water available, there are
greater transpiration response to warmer temperatures and more sensitivity to vegetation
parameters, as shown in panels (a) and (e) of Figure [1.2]

During drought years, there was a decline in annual NPP for all tree species pa-
rameters and temperature scenarios, driven largely by drought effects on gross primary
productivity (GPP). In the warm and hot droughts, net GPP during all drought years
was on average lower than the historic drought, with minor differences in plant respiration
(R,), leading to lower or negative NPP. (Figure [1.3).

For all tree species, extreme heat exacerbates the decline in NPP during a drought by
altering the seasonal magnitude and timing of both GPP and R, (Figure . Tempera-
ture is linearly related to R,, while GPP and temperature have a nonlinear relationship:
during the growing season, which takes place in late winter and spring in Santa Barbara,
daily GPP increases with temperature until there is not enough water available, which

16



Chapter 1

G0 F 991 G600 F 60T G0°0 F+ L60 €0 F 881 700 + 80°T (L102) ddN OUBIISOY]
GOF VLT 900 F 660 700 F 1T 600 F 6T°T G00FT (L102) IV'T -
LT°0 F 670 900 F 0 910 + 10°0 600 F 20 800+ 0 (€102) ddN 0OURISISOY]
80°0 F 220 ¥T°0F L0 ¢l'0 F 80 ¢l'0 F 80 900 ¥ 2.0 (7108) IV'T ]
L9°0 F GLY LE°0 F €87 Ge'0 F LT°G 09°0 F 287 61°0 F ¢S7v (SASSHHY) TV'T
650 F S6'7 L90F9TF 0E'T F 279 040 F 492G Lv'0 F LCY (910g 'Te 39 0ZUOY) TV'T
s108
€8¢ 187 LT1 ¥4¢ 90¢ Burered jo UL
QIOUIRDAS RTUIOJI[R)) XO(| URLIOPIA ourd pueyst Areue)) snjdAeono wing onyg  YRO dAI[ }SRO)) QUIRT UOWITIO))
DSOWDIDL SNUDID]J  WNIDINPUN WNLOASONL] — SISUDLIDUDD SnUlg  snynqoph snydfipponsg  D1ofiibn snoton) sotads 91,
Vd1d NNATd VOId TONH OV OPO9 99T,

Urban tree resilience to drought and extreme heat: modeling differences in tree species

parameterized with remote sensing data

‘porad JuSnoIp oY) SULIND PayIRaI
9DURY)STSAI JSOMO] ST ST UMOTS TR3A T[] ‘90URISISAI 9FRISAR S1[) 10, “AjuIe)Ieoun Isjeurered wolj are sonfea sAGSHHY
WOIJ UOTJRLIRA ST} J[IYM ‘AJ[Iqerrea Terjeds 0) anp SI 9T()g ‘[ 30 OZUO[Y WOIJ [y Ul UOIJRLIRA SYJ, "P'SFURIU o1}
S UMOUS SON[RA [[JTM 9DUSI[ISAI PUR 90URISISAI JYSNOIP OLIO)SI PUR SNSaI uoljezirejaurered soads 991, g1 9[qR],

17



Urban tree resilience to drought and extreme heat: modeling differences in tree species
parameterized with remote sensing data Chapter 1

Deciduous Evergreen
waring A{ (@) == (b)
C transfer to storage proportion-

leaf turnover- = SN TR
specific leaf area (SLA) A - —
fine root turnover- e
psi at complete stomatal reduction+ — e ——
soils: pore size index- 5 T

V1 3ybnoup-aid

waring A4 (€) = (d)

C transfer to storage proportion- ==
height to stem coefficient- =

C allocation fine root:leaf

leaf turnover-

fine root turnover- —

psi at complete stomatal reductionH
soils: pore size index- ——

2dU3I|ISal |V

height to stem coefficient4 (e) (f)
branch turnover-
leaf turnover- =
specific leaf area (SLA)H e

fine root turnover- i
psi at complete stomatal reduction
leaf C:N+

soils: pore size indexH

parameter

ddN ybnoup-aud

C transfer to storage proportion-
branch turnover-
leaf turnover- B I

specific leaf area (SLA)+ e ——

fine root turnover- —aa—
psi at complete stomatal reduction ————
soils: pore size indexH S — L ——
2 -1 0 1 2 3 05 00 0.5 1.0

Sobol index

waring A4 (9) s == (h)

22U3I[ISal ddN

first order total order

Figure 1.1: Sobol sensitivity results for 5 highest ranking parameters of each of the
four outcomes: pre-drought LAT and NPP, and resilience of LAI and NPP. Confidence
intervals are shown as grey errorbars, which correspond to each output estimation of
Sobol index.

occurs in the mid to late summer (Figure . In the hot temperature scenario, higher
summer temperatures also increase vapor pressure deficit (VPD) and water demand,
causing peak GPP to decrease and occur earlier in the year.

For all temperature scenarios, the magnitude of annual GPP during drought years is
lower compared to the pre- and post-drought years, and the timing of peak GPP is earlier
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Figure 1.2: Average annual and monthly transpiration for each temperature scenario,

with wet year showing years before and after drought (2011 and 2017) and drought
years as 2012-2016. Monthly panels are shown as water year months.

in the year for all temperature scenarios except the cool drought (Figure . While
summer GPP decreases due to the lack of water available, R, is maintained throughout
the year, causing NPP to fall below zero for drought years in the historic, warm, and
hot droughts. In RHESSys, negative NPP reduces non-structural carbohydrate stores.
In this case, declines in these stores reduces carbon availability for growth but were not
sufficient to cause mortality.

When there is water available, winter GPP can be limited by lower temperatures in
Santa Barbara, where winter and early spring temperatures have an average of 13.8° C.
In the warm scenario, the year following the drought had increased rainfall with higher
winter temperatures, leading to increased magnitude of GPP compared to the drought
years and aiding in post-drought growth and tree NPP resilience.

1.3.3 Drought resistance and resilience

We define resistance and resilience in equations [I.1] and [I.2] and use average annual
LAT and total annual NPP to show drought resilience of each tree species. Table sum-
marizes estimates of resistance and resilience across tree species for the historic drought,
with the year of drought with lowest resistance reported. For all tree species, the first two
years of the historic drought show a decline in NPP, with the lowest average resistance
occurring in 2013 at 0.14, followed by a gradual increase in resistance and an average
NPP resilience of 1.34 in 2017 — meaning that on average the post-drought NPP was
greater than the pre-drought NPP (Figure . For LAI during the historic drought,
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Figure 1.3: Average annual carbon fluxes from 2012-2016, across all tree species pa-
rameter uncertainty.

LAT declined the most by 2014 to an average resistance of 0.76. Following the lowest
resistance in 2014, LAI begins to recover. The average LAI resilience across all trees was
1.07 for the historic drought (Figure . A full time series of LAI and NPP resistance
and resilience is included in Appendix [A]

Compared to the historic drought, the temperature scenarios maintained a similar
temporal pattern of NPP and LAI resistance and resilience but altered the magnitudes.
In the cool drought, the average NPP resistance was higher than in the historic drought,
but the resilience was lower. NPP resilience was sensitive to the temperature increase:
the warm drought was similar to the historic drought, with an average resilience of
1.33, however, the hot drought average NPP resilience was the lowest of all the drought
scenarios at 0.94 (Figure [L.5)).

LALI resistance and resilience had greater variation across temperature scenarios than
NPP. The cool drought had a higher average LAI resistance than the historic drought at
0.94 and about the same resilience of 1.08. Both warm and hot temperature scenarios
had less LAI resistance and resilience compared to the historic, with hot drought being
the lowest with a resistance of 0.52 and resilience of 0.73 (Figure [1.6)).
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Figure 1.4: Monthly carbon fluxes for wet years (2011 and 2017) and drought year
(2012-2016). Bold line is the mean, and shaded area is first and third quartiles, with
parameter uncertainty across all tree species. Dashed vertical line represents month
when 50% of annual GPP is reached, on average.
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Figure 1.5: Aggregated by tree species and temperatures: (a) Lowest average NPP
resistance during drought in 2013 and (b) average NPP resilience post-drought in
2017. In the historic scenario, all trees had an average resilience of 1.34. Tree species
codes are shown in Table
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Figure 1.6: Across all tree species and temperatures: (a) Lowest average LAI resis-
tance during drought in 2014 and (b) average LAI resilience post-drought in 2017.
Tree species codes are shown in Table

Resistance and resilience metrics were also compared across tree species parameter
sets. Most tree species were sensitive to temperature differences, with the cool drought
increasing resistance and the warm and hot droughts decreasing resistance and resilience,
with the exception of EUGL and PLRA. These two species stand out due to their lack
of temperature sensitivity and high resilience. In the historic drought, PLRA and EUGL
had the highest average NPP resilience of 1.6 and 1.8 (Figure , and the highest
average LAI resilience at 1.14 and 1.19 (Figure . Despite most of the trees having
low resistance and a resilience less than 1 in the hot drought, PLRA, the only deciduous
tree, maintains resistance and resilience values comparable to the other species cool and
historic drought values. In comparison, QUAG and PIUN, both evergreen species, show
the greatest variation in response to temperature changes. For example, QUAG has an
average cool drought LAI resistance and resilience of 1.11 and 1.07, but these are lowered
to 0.42 and 0.58 in the hot drought.

1.4 Discussion

1.4.1 Model validation and limitations

The results for average annual NPP during the period 2011-2017 for the historic
temperature scenario had a mean and standard deviation of 0.6740.45 kgCm~2yr—! across
tree species. These model outputs of annual carbon fluxes are comparable to results
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from other RHESSys modeling studies done in the Santa Barbara region, where values of
annual NPP ranged from -0.2 to 0.6 (56;[37)). Field studies on urban carbon sequestration
and fluxes are limited, however, RHESSys estimates are within range of field studies
that estimated NPP with biometric equations for other California cities, including Los
Angeles, where estimates of annual NPP were between 0.107-0.33 kgCm™2yr~! (57).
While the average of modeled values in this study is larger than these estimates, the
lower end of model estimates are comparable, and larger values may be expected for
Santa Barbara which is slightly cooler and wetter relative to Los Angeles.

Comparing drought resistance and resilience metrics to observational studies can be
challenging due to differences in ecological variables used and definitions of pre-drought
and post-drought periods. Along with post-drought timing, metrics of drought resistance
and resilience are sensitive to the baseline used, and depend on the process or state being
looked at (23} 22 [58; [59). These limitations should be considered when comparing the
metrics across studies, however, we find the resistance and resilience metrics useful for
comparing across the different temperature scenarios and tree species within this study.

We defined resilience using the year 2017 as post-drought conditions because it was
a normal wet year that brought an end to the drought, and because we had vegetation
data for this year. In reality, the resilience of vegetation to drought depends on which
process or property is being looked at, and how post-drought is being defined. Subsequent
droughts that occur during the recovery process can have increasingly severe impacts on
already weakened trees, especially for conifers (60). Lloret et al. 2011 (24) used tree
ring data from natural ponderosa pine forests to look at drought resilience, considering
a post-drought performance of 5 years, while Yang et al. 2021(26) used the Enhanced
Vegetation Index to show that natural forests in California had not fully recovered 24-36
months post-drought. For GPP, Schwalm et al. 2017 (61)) found that, globally, recovery
periods ranged from 6-24 months post-drought, which is comparable to our timing and
results.

There are limitations to our study as models are imperfect representations of reality.
Data limitations also preclude accounting for microclimate and subsurface storage and
drainage distinctions across tree locations. Finally, our study did not account for irriga-
tion, which may affect tree resilience in Santa Barbara. While most of the tree species are
located in natural parks, there is a possibility that there are additional water sources to
the trees from neighboring irrigated turfgrass lawn areas or from subsurface pipe leakage.
During the drought, residents were encouraged to stop watering their lawns, however,
some mature trees required irrigation to maintain (62)), and this was not included in this
study.

1.4.2 Tree species differences and ecophysiological parameters

The variation in drought resistance and resilience across tree species is due to differ-
ences in ecophysiological parameters, most of which represent species traits. While previ-
ous ecohydrologic modeling studies have used general vegetation parameters representa-
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tive of tree plant functional types based on available data (42} 63; [64)), this study went a
step further to parameterize vegetation using a sensitivity analysis and tree species-level
remote sensing data of LAI and NDVIL.

The sensitivity analysis compared differences in evergreen and deciduous tree param-
eters that affect the uncertainty in model outcomes of LAI and NPP, and their resilience.
For evergreen trees, SLA was among the most responsible for the uncertainty in the
outcomes, while for the deciduous tree leaf turnover rate had the most influence for all
outcomes (Figure . This result was expected, as both SLA and leaf turnover con-
tribute to the allometric equations in RHESSys that estimate LAI (56} [35). Deciduous
tree resilience results were slightly sensitive to parameters associated with the carbon
allocation strategy used in this study, including the ‘C transfer to storage proportion’,
which determines annual allocation to storage, and ‘waring A’, which affects how much
leaf carbon allocation changes with water limitation (Table [1.1)). This agrees with (41)),
who also found that parameter uncertainty within a selected carbon allocation strategy
should be considered when modeling forest carbon cycling.

In comparing the drought response of different tree species, we found the Califor-
nia Sycamore (PLRA) maintained a higher resistance and resilience for all temperature
scenarios due to greater leaf turnover rates than the other species as a deciduous tree.
The Blue Gum Eucalyptus also had higher drought resilience, which could be due to a
combination of different parameters including specific leaf area and soil pore size index.

Besides parameters relating to LAI and carbon allocation, parameters that relate to
water potential contributed to model output. Both tree types’ pre-drought NPP were
sensitive to the parameter that determines the water potential when stomates close (‘psi
at complete stomatal closure’ in Figure . However, the resilience of evergreen was
sensitive to this parameter while deciduous was not, which could be due to evergreen
trees using stomatal conductance as a water-saving measure in the dry season (65). Of
the two soil parameters tested, the pore size index was important for all results, which is
aligned with (42)), who found that RHESSys soil parameter uncertainty influenced plant
water use. Drought resilience sensitivity to soil pore size index suggests that a single
tree species will have spatial variability in drought responses due to differences in site
soil properties, especially for urban areas where the soil is often compacted or altered
(66; [67; 68)).

Although some of the parameters tested are specific to RHESSys and represent values
that are not quantifiable through fieldwork, other parameters, such as stomatal closure,
carbon turnover rates, and SLA, are measurable characteristics. Available data on these
traits for this study site were limited, but there is a growing number of field studies
collecting data on urban tree traits and phenology (69; [70}; [71)). The high sensitivity of
modeled drought responses to these parameters suggests that field-based measurements
under different climate conditions would be a valuable contribution to understanding
urban tree drought responses.
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1.4.3 Drought effects on NPP and LAI

We found that with increased temperature, drought resistance for both LAI and
NPP decreases, suggesting there will be less carbon sequestration during future droughts
with warming due to climate change. However, in the warm drought with temperatures
increased by 1.8°C, a low resistance was followed by a high resilience for both NPP and
LAI (Figures , . Changes to NPP during drought were driven by the changes to
GPP, which was affected more by water limitation than R, (72).

The pattern of low resistance and high resilience is a strategy for tree drought survival,
where growth is restrained under water limitation but is followed by an increase in GPP
after a rewatering event (73; 20). In Mediterranean climates, forest productivity depends
on seasonal climate patterns for annual rainfall which occurs during the winter and early
spring (74} [75} [76). The higher temperatures in the winter during the rewatering in 2017
caused the historic and warm drought scenarios to increase GPP during the winter when
vegetation is normally energy limited.

In addition to a decline in annual GPP, our model simulations of NPP during drought
were a result of reduced LAI. While RHESSys does not explicitly account for elevated leaf
senescence as a strategic drought response within the phenology model, it does implicitly
account for greater leaf senescence because of drought effects on carbon intake. In the
carbon allocation submodule, during a normal hydrologic year, the leaf turnover gets
replaced by new leaf growth to maintain a full canopy. Once water is limited, the lost
leaf biomass is not replaced because there is less carbon available to allocate to leaves
due to the decline in NPP. The carbon allocation strategy used in the model is based
on resource limitation and is set up for carbon allocation to prioritize roots rather than
leaves when water limited. This agrees with studies that found that under a moderate soil
drought, plants will increase their root-to-shoot ratio to expand their access to available
water, at the loss of leaf carbon (77; [78; [73]). This shift in carbon allocation from new
leaves to roots may help reduce drought stress but it may also reduce photosynthesis and
carbon storage, which could lessen the ability to regrow LAI post-drought or in extreme
conditions lead to mortality from carbon starvation (79} 80} 8T)).

This study focused on short-term recovery and found that most trees had fully recov-
ered their LAI and returned to pre-drought NPP values within a year following the cool,
historic, and warm droughts. As noted by Gessler et al. 2020 (22)), it is possible that
post-disturbance trees will not return to pre-drought states and instead acclimate to a
new state. This could be the case for the hot drought scenario, where the average LAI
resilience for all trees was below 1. In the future as extreme heat and repeated droughts
intensify, trees may acclimate by reducing their LAI to less than the pre-drought state
(60)).
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1.5 Conclusion

Trees planted in Southern California cities will need to survive more frequent extreme
heat and drought in the future. To gain insight on how tree canopy drought resilience
changes with temperature, this study used a novel method of parameterization for com-
mon urban trees in an ecohydrological model. We then simulated how tree LAI and NPP
changed over the 2012-2016 California drought, which was compared with scenarios of
cooler and warmer future drought. We did not include irrigation as a part of this study,
but it should be noted that many cities in arid and semi-arid climates rely on irrigation
to maintain their vegetation. In the following chapters, I consider the role of irrigation
on urban tree resilience to drought and heatwaves.

Using the model, we found that the more temperature increases during drought the
greater the decline in tree LAT and NPP resistance. However, in Mediterranean climates
where energy and water availability are typically seasonal, moderate warming up to 1.8°C
during a wet year can help stimulate post-drought LAI recovery and increase resilience
to values above 1. With extreme warming of 4°C, average LAI resilience was reduced
to below 1. This difference in post-drought LAI response indicates there is likely a
temperature threshold above which warmer droughts will impact resilience and may lead
to further decline or acclimation for subsequent drought events.

With remote sensing estimates of LAl and NDVI to constrain vegetation parameters,
we assessed which ecophysiological characteristics were important for drought responses
in a sensitivity analysis. We found that LAI and NPP response to drought are sensitive
to carbon turnover rates, leaf carbon allocation, and specific leaf area. All outcomes were
sensitive to soil pore size index.

Urban trees that support drought resilience should be prioritized for climate change
adaptation and for maintaining ecosystem services during extreme events (82; 21)). With
the threat of increasing drought frequency in Mediterranean climates including the U.S.
Southwest (83} [33; 55]), we have shown that future urban trees may experience greater
resilience due to warmer wet seasons post-drought, or decreased resilience if warming
is extreme at 4°C. By incorporating field data and simulating species-level traits that
contribute to drought resilience, modeling studies can help inform tree selection and
management decisions for climate adaptation.

1.6 Permissions and Attributions

1. The content of Chapter 1 and information on RHESSys vegetation parameters in
Appendix A is the result of the generous contribution of data and insight from Mike
Alonzo and David Miller.
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A Appendix

This appendix contains an additional Figure ( that displays a time series of
NPP and LAI changes during drought for each temperature scenario with tree parameter
uncertainty across all species. It also includes 3 supporting tables that are linked as files
on Box (section . These tables include full lists of RHESSys parameters and sources
(Table A1), filtered parameter sets by tree species (Table A2), and full Sobol sensitivity
results (Table A3). This appendix also includes a data availability statement with links
to data sources and references to R packages in section

A.1 Tables and Figures

temperature E3 Cool E3 Historic B3 Warm ES Hot

NPP LAl

1.54 :

ratio to 2011

0.0
2011 2012 2013 2014 2015 2016 2017 2011 2012 2013 2014 2015 2016 2017

Figure 1.7: Drought resistance (years 2012-2016) and resilience (grey bar highlighting
2017) for NPP (left) and LAI (right). Boxplots include parameter uncertainty across
all tree species.

Three excel files to support the set up and results of the Sobol sensitivity analysis
done in this study are included here. This chapter has plans for a future publication
where these tables will be available as Supplementary information.

Table A1l. List of RHESSys vegetation and soil parameters used in Sobol sensitivity
analysis, with parameter name used in model, a short description, units, and a list of
sources for starting values of the parameter range input to sensitivity analysis. Sources
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include field studies, other modeling studies, and information about specific parameters,
and are listed in the references of main paper.

Link to Table A1l
Table A2. For each tree species, list of parameter minimum, maximum, and mean from
the ranges used in this study after filtering.

Link to Table A2
Table A3. Full results of Sobol sensitivity analysis for all parameters. The file includes 4
sheets for each model outcome: LAI, LAI resilience, NPP, and NPP resilience. Each table
contains the parameters, in order of descending Sobol index values, with the first and
total order indices, the bias, standard error (std. error), minimum confidence interval
(min c.i.), and maximum confidence interval (max c.i.). The tables are repeated for

evergreen and deciduous functional types.
Link to Table A3

A.2 Data Availability

The Regional Hydrio-Ecologic Simulation System (RHESSys), version 7.4 (36) was
used, along with the R package RHESSysIOinR (84) for running model simulations and
processing output. Both RHESSys and RHESSysIOinR can be accessed via github
(https://github.com/RHESSys). R and RStudio was used to analyze model outputs
and create all plots (85). Sobol analysis was done using the R package Sensitivity
(86). The following data used to input to the model is publicly available: daily rain-
fall from Santa Barbara county (87), daily minimum and maximum temperature from
NOAA (88)), Cal-Adapt downscaled climate projections (89) , and tree characteristics
from the Biomass And Allometry Database for woody plants (BAAD), which was ac-
cessed using the R package baad.data (found at https://github.com/dfalster/baad
(90). RHESSys model outputs for this paper are available to download on Hydroshare
(9T]).

The code used to run RHESSys and analyze output, and resulting tables, are available
to view on GitHub at: https://github.com/rachtorr/VegParamsSA
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Chapter 2

Exploring potential trade-offs in
outdoor water use reductions and
urban tree growth during an
extreme drought

2.1 Introduction

Cities in Southern California face the challenge of adapting to warmer temperatures
and heat waves that exacerbate urban heat islands (UHI), and one strategy to combat
heat is to increase and maintain urban tree cover. Climate change will cause not only
rising temperatures but increased aridity and frequency of drought (I} 2; [3; [4]). Because
a large portion of urban water use goes towards outdoor use, the combination of drought
and heat waves requires more efficient water use for Southern California to sustain urban
water resources for landscape management (5 [6). Urban trees contribute to climate
change adaptation by offering several ecosystem services including stormwater filtration,
carbon sequestration, UHI mitigation, and psychological benefits for residents (7; ; 9
10). However, for trees to provide cooling they require adequate water, which becomes
limited during drought because of scarcity and conservation mandates on outdoor water
use (115 12} 13).

Outdoor water use is a significant fraction of total water use in residential areas,
estimated to be between 18-35% in Southern California (I4), and up to 50% in some
areas of Los Angeles (15). Because it takes up a substantial portion of the urban water
balance, outdoor water use efficiency has been studied throughout Southern California.
Irrigation has been shown to be a main driver of lawn transpiration (16} [17; [18]), and
has caused some urban trees in Los Angeles to acclimate and rely on irrigation along
with natural water sources (19; 20)). Vegetation outdoor water use has been quantified
through estimating evapotranspiration of trees and turfgrass using portable chambers in
the Los Angeles region (21 22)). Other tools for estimating outdoor water use include
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using water billing data, remote sensing, or monitoring reference evapotranspiration with
adjustments for plant types (15; 23]).

While it is important to quantify vegetation water use to improve urban water effi-
ciency, fully accounting for the value of outdoor water use should include the indirect
effects of ecosystem services provided by trees. In semi-arid climates, outdoor water
contributes to UHI mitigation through maintaining healthy tree canopy cover for shade
provision and increasing latent heat from evapotranspiration (24} 25)). Studies have used
atmospheric coupled land surface models to demonstrate the effects of irrigation on cool-
ing the microclimate in semi-arid cities (26} [T} 27 28} 29). For urban parks in a variety
of climates, it’s been shown that intercepting solar radiation through shade and increas-
ing leaf area index (LAI) is more effective for reducing heat load at the surface than
reducing air temperatures (30} 31)). Because of their ability to provide shaded areas and
reduce heat stress on people, tree maintenance and health should be considered along
with water use restrictions, especially when heat waves coincide with drought. However,
balancing both maintaining tree health and conserving water may lead to trade-offs.

During drought, outdoor water conservation mandates have been set primarily to save
water, and few studies have considered whether there are indirect effects on urban tree
health. This study examines the role of irrigation in maintaining urban tree health during
the 2012-2016 California drought that was classified as ’exceptional’” by the U.S. Drought
Monitor (3). In 2014, extreme warm temperatures coincided with low precipitation,
further straining water resources (32} B33). In 2015, California set a mandatory 25%
statewide water use reduction, with urban water districts assigned to different amounts
ranging from 4-36% (? ). We use an ecohydrologic model to explore how reductions to
irrigation during drought affect the resilience of tree ecosystem services and whether there
are trade-offs between outdoor water conservation and tree health. We also explore how
these relationships differ under a warmer drought, as the frequency of higher temperatures
during drought is expected to increase with climate change (3; 2).

2.2 Methods

Using an ecohydrologic model, we simulated tree response to historic drought condi-
tions, and a warmer drought, under varied irrigation amounts for select urban tree species
in a coastal semi-arid city. We analyzed the effects of reduced irrigation on model outputs
of transpiration, net primary productivity (NPP), plant water use efficiency (WUE), and
leaf area index (LAI).

2.2.1 Model description and set up

We used the Regional Hydro-Ecologic Simulation System, RHESSys (34), to simulate
vegetation ecosystem services with varying scenarios of water input. RHESSys was previ-
ously used in semi-arid urban watersheds for analyzing hydrologic parameter uncertainty
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on evapotranspiration (35)), estimating the effects of urban development on runoff (36)),
and assessing parameter uncertainty in urban trees and their drought resilience (? ).

RHESSys simulates carbon, water, energy, and nutrient cycling at several spatial
scales. In RHESSys, a watershed is divided into patches, which vary by topography. For
our study, we use a single patch to represent a localized area with a single tree species, at
10m? resolution, with only vertical hydrologic flow. Vertical water inputs include precip-
itation, which can be intercepted by the canopy, infiltrate into the subsurface, or create
overland flow. Irrigation is added to any precipitation that infiltrates into the top layer
of soil. Soil subsurface layers include the rooting zone defined by the vegetation rooting
depth, an unsaturated layer, and a saturated layer. Water flowing out of the saturated
layer goes to deeper groundwater storage. Vegetation evapotranspiration is calculated
daily using Penman-Monteith. Vapor pressure deficit for the Penman-Monteith is esti-
mated based on minimum and maximum daily temperatures. Soil evaporation is based
on energy, atmospheric conditions, and soil moisture.

Vegetation carbon cycling in the model is driven by daily estimates of photosynthesis
through the Farquhar model, where the rate of carbon gain per unit LAI depends on
available water, nutrients, and light (? ). Vegetation maintenance and growth respiration
depends on these environmental factors and temperature, and net primary productivity
(NPP) is calculated from these two fluxes as the difference between gross photosynthesis
and plant respiration. Assimilated carbon gets allocated to either the leaves, stems,
coarse roots, or fine roots, based on vegetation parameters. The amount allocated uses
a semi-mechanistic approach that accounts for resource limitations and LAI (37; 38).

Vegetation parameters play an important role in making the processes within the
carbon cycling specific to different tree species. They are taken from a previous study that
used RHESSys parameterized with remote sensing data of tree structure to investigate
the impacts of drought on selected urban tree species in the same study area used for
this current study . In chapter 1, I performed a sensitivity analysis on vegetation
parameters that control carbon allocation, turnover rates, ecophysiological traits and
mechanisms, as well as soil porosity and air entry pressure. Remote sensing studies’
products of estimated LATI (39) and normalized differential vegetation index (NDVT)(40)
were used to constrain and select parameters that affected RHESSys output of LAI and
NPP at the tree species level. In Chapter 2, we used a sample of these parameters to
set up tree species in Santa Barbara for RHESSys simulations under different irrigation
scenarios.

2.2.2 Study site and data

The tree species that were parameterized are Coast Live Oak (Quercus Agrifolia),
California Sycamore (Platanus Racemos), Blue Gum Eucalyptus (Fucalyptus globulus,
Victorian Box (Pittosporum Undulatum), and Canary Island Pine (Pinus canariensis).
These species are among the most common, non-palm trees, in the study area (41)), and
are representative of native (Quercus Agrifolia, Platanus Racemos), non-native (Fuca-
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lyptus globulus, Pittosporum Undulatum, Pinus canariensis), deciduous (Platanus Race-
mos), and evergreen (Quercus Agrifolia, Fucalyptus globulus, Pittosporum Undulatum,
Pinus canariensis) trees. Most of the urban forest is located on residential property, as
street trees, and in urban parks.

These species are a part of a diverse urban forest located in a coastal city with a
Mediterranean climate comprised of hot, dry summers and wet winters. The average
rainfall in the last 50 years is 482 mm. In 2012-2016 there was a multiyear drought that
affected the state of CA, and became ’exceptional” in the U.S. Drought Monitor scale in
Santa Barbara county in 2014 (3). The same year, the City of Santa Barbara declared a
‘Stage One’ drought and asked residents to reduce water consumption by 20%. In 2015
the state mandated that Santa Barbara cut 16% of water consumption (? ) .

Climate data

The model study period includes water years 2011-2017, with 2011 and 2017 identi-
fied as non-drought years (annual average was 699mm) and 2012-2016 as drought years
(annual average was 258mm). Several climate datasets were used as an input for the
model. The first is a temperature dataset from NOAA (station USC00047902) that in-
cludes daily maximum and minimum temperatures. Daily precipitation is from a rain
gauge located in downtown Santa Barbara (station ID 234), from Santa Barbara County
Public Works Water Resources. The model goes through a ‘spin up’ period to establish
soil and vegetation carbon and nitrogen stores, and this uses observed climate data from
1940-2010. Model outputs are then taken from 2011-2017.

Along with the observed drought, we simulated how this drought would affect urban
trees if it were to occur in a future climate with potentially warmer temperatures. The
climate change scenario inputs have the same precipitation data, with both minimum and
maximum temperatures increased by 1.8°C. This increase is based on analyzing down-
scaled climate model projections for the city of Santa Barbara from the tool Cal-Adapt
(42). The projections show an overall trend of warming, with increased precipitation
variability in the Santa Barbara region. To determine potential temperature changes
during future drought years, we looked at the temperature difference in years from the
RCP8.5 projections with precipitation anomalies similar to the 2012-2016 drought. The
mean annual positive temperature difference was about 1.8°C. This temperature increase
is within range of temperature changes for this region reported in the California’s Fourth
Climate Change Assessment (7 ).

Water use data

Monthly irrigation data for the years 2010-2020 were obtained from the City of Santa
Barbara Water Resources landscaping accounts, which include large landowners, private
residences, and businesses (? ). To protect the privacy of residents and account owners,
the individual accounts were aggregated to a net monthly irrigation amount, which was
then normalized by the aggregate area to get the average monthly amount per unit area.
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Monthly irrigation was disaggregated to weekly values using the R package tempdis-
agg (43)), which works similar to a linear regression model to transform a high frequency
time series to a lower frequency. Weekly values were then split into two so that irriga-
tion input occurred twice per week. It was input during the night, following previous
modeling studies that included urban irrigation as an input (44} 29; 27). For this study,
the focus is on effects due to reductions to total annual input. In the baseline scenario
before the conservation mandates, the average input during summer months was 7mm
per watering day. This resulted in annual inputs ranging from 331-566mm (Figure .

water conservation mandates

CA state, April 2015

600
SB city, Feb. 2014

irrigation reduction

4001  model spinup

-25%

-50%

water input (mm)

-75%
200 1
-90%

baseline

if no reduction with mandate

2006 2008 2010 2012 2014 2016
water year

Figure 2.1: Water inputs to the model include rainfall, shown as grey columns, and
irrigation, shown as colored lines. Years when water conservation mandates were set
are marked with vertical lines, one for the city of Santa Barbara, and a second for the
state of California. The yellow line displays the trend of baseline irrigation if it was
not reduced with the conservation mandates.

With a baseline scenario from the monthly data from the city, we created 5 different
scenarios of varying amounts of percent reduced. All scenarios went through the same
model spinup period with an average irrigation input based on the average pre-drought
water use data. Once the baseline data was in the biweekly format, each daily value was
reduced by a percent (Figure . The baseline data does include a period of time with
mandatory state water restrictions, beginning in 2014 with a proclamation of a state of
emergency and advancing in April 2015 to a statewide 25% reduction in potable urban
usage. It should be noted that for the irrigation scenarios input to the model, percent
reductions were taken on top of this actual reduction (Figure [2.1)).
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2.2.3 Model output and analysis

Model simulations included the five tree species with 50 permutations of vegetation
parameters , selected randomly from the parameter sets in Chapter 1 to account
for parameter uncertainty. Along with the 5 tree species there were two climate scenarios,
and 5 irrigation scenarios [2.1], ran over the same time period, 2011-2017.

Table 2.1: Each column includes a model input that varied across simulations, in
combination a total of 50 different scenarios.

Tree species Climate Irrigation input
Coast live oak, Historic rainfall and temperatures | Baseline amount
Quercus agrifolia, Same rainfall, with 1.8° C warming | 25% reduction
(QUAG) 50% reduction
California sycamore, 75% reduction
Platanus racemosa, 90% reduction
(PLRA)

Blue gum eucalyptus,
Fucalyptus globulus,
(EUGL)

Victorian box,
Pittosporum undulatum,
(PIUN)

Canary Island pine,
Pinus canariensis,

(PICA)

We used RHESSys model outputs of transpiration, NPP, tree-level water use efficiency
(WUE), and LAI to test for differences between irrigation scenarios over the course of the
2012-2016 drought. RHESSys runs at a daily time step, and outputs were aggregated to
the total amount for transpiration, NPP, and WUE, and the average LAI over each water
year. These model outputs are indicators of ecosystem processes driving the subsequent
provisioning, regulating, and cultural ecosystem services (45)). While we did not explicitly
convert output of transpiration to latent energy or changes in temperature, we consider
it as an important variable for estimating plant water use and as a proxy for potential
evaporative cooling above the canopy. LAI resilience is the post-drought LAI compared to
pre-drought LAI, following a the first chapter that looked at LAT resistance (Eq. and
resilience (Eq. [1.2)). Lastly, annual transpiration and plant NPP were used to calculate
annual plant water use efficiency (WUE) as the amount of kgC of NPP per mm of water
transpired.

After aggregating RHESSys daily outputs to annual values for each irrigation re-
duction and temperature scenario, we statistically compared the rate of change in each
outcome with irrigation reduction to compare across species and temperature. We also
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compared across drought years (2012-2016) and non-drought years (2011, 2017). For
transpiration, we ran a linear regression to compare the rate of increase in transpiration
with irrigation input. A piece-wise linear regression was used to determine changes in
annual NPP with irrigation input. We used the R package ’segmented’ to test for the
existence of breakpoints and to compare rates of change in NPP before and after the
breakpoints. The linear regression was performed paired with a post-hoc Tukey’s honest
significance test in R to check for significance in difference in means of the outcome with
reduced irrigation compared to the baseline irrigation.

2.3 Results

2.3.1 Transpiration

During the drought period with historic temperatures and baseline irrigation, average
annual transpiration varied between 407-502mm across all tree species parameter sets,
compared to 462-713mm in the non-drought years (Figure [2.2). Transpiration under a
warmer climate had similar ranges (Figure , suggesting tree transpiration in Santa
Barbara is more limited by water availability than temperature and vapor pressure deficit.
Water limited transpiration is also apparent in comparing how mean annual transpira-
tion varies with irrigation input during drought and non-drought years. Transpiration
increased with more irrigation applied, but the rate of increase differed for drought and
non-drought years (Figure 2.2)). The less irrigation there is, the greater the difference
in transpiration between a drought and non-drought year. For example, in comparing
the means of the groups of irrigation amounts, under a non-drought year the difference
between baseline irrigation and a 90% decrease was 130mm/yr, but during a drought
year the average difference between these groups was 350mm/yr. The linear slopes for
change in annual transpiration with irrigation input are shown in Table [2.2]

Table 2.2: Slopes of relationship between annual transpiration and irrigation input for
each tree species and temperature scenario, also separated by drought and non-drought

ears.
}éFemperature Drought year QUAG EUGL PICA PIUN PLRA Al
Historic non-drought 0.43 0.74 0.40  0.43 0.11  0.42
Historic drought 1.01 1.09 0.91 1.03 0.85 0.98
Warmer non-drought 0.48 0.74 0.48  0.50 0.16 047
Warmer drought 0.99 1.08 0.87 1.01 0.83 0.96

The change in transpiration with irrigation reductions depends on not only the
amount of total water input but also on the tree species. Tree species variation in tran-
spiration depends on key parameters that control stomatal behavior and leaf lifespan.
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Figure 2.2: Annual transpiration for each irrigation scenario, with boxplots showing
tree species parameter uncertainty. Drought years include 2012-2016, and non-drought
are years before and after drought. Horizontal dashed lines show average annual
transpiration for baseline irrigation of each tree and climate scenario.

During drought years there is less variation in slope between species relative to non-
drought years. The tree species with the lowest slope is the only deciduous tree (PLRA),
while the highest slope is the blue gum eucalyptus tree (EUGL) (Table [2.1]). For most
of the tree species, the rate of change in transpiration with irrigation reduction doubles
during a drought year, with the exceptions of PLRA, which had a greater difference, and
EUGL which had less of a difference. The variation in slopes between drought years and
non-drought years is more substantial than the variation in slopes between the historic
temperature and warmer temperature scenarios.
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2.3.2 Carbon & WUE

Across tree parameter sets in the baseline irrigation scenario with the historic climate,
average annual NPP during the drought ranged from 0.61-1.09kgCm™, compared to
0.56-1.21kgCm2in a non-drought year. These average values with baseline irrigation
are shown in Figure [2.3] as dashed horizontal lines. This range is reduced to averages
of 0.23-0.70kgCm™ during drought and 0.48-1.31kgCm™ in non-drought years with the
maximum irrigation reductions of 90%.

While annual transpiration declines linearly with decreased irrigation, during drought
years annual NPP declines at a non-linear rate. When it’s not a drought year, there is
less of a decline, and not a significant difference in mean NPP between baseline and
irrigation reduction of -25%, and with smaller differences for larger irrigation reduction
scenarios (Figure . Full comparisons of means between average annual NPP is shown
in the Appendix (section [2.8).

Using a break point analysis in a piece-wise linear regression we identified the point
in the relationship of average annual NPP to average irrigation input during a drought
year. This point occurred between the 25% to 50% irrigation reduction scenarios. Fom
0-25% irrigation reduction during a drought year, the rate of decline in average annual
NPP with irrigation has a gradual slope between 0.42 - 1.69kgCm™?/mm depending on
tree species. Beyond reductions of 25%, this rate can double or more to a range of
0.93-3.12kgCm™2/mm (Figure 2.4). Species differences are greater for irrigation reduc-
tions above 25%, with PLRA showing relatively small declines in NPP. With warming,
the slope of 0-25% irrigation reduction is similar to the slope for the historic tempera-
ture drought, with similar patterns across tree species and tree parameter uncertainty.
However, when irrigation is further reduced, species respond differently to the warmer
drought. The evergreen broadleaf trees QUAG and PIUN had higher slopes with warm-
ing, while the evergreen coniferous tree, PICA, slope decreased with warming. The
deciduous tree, PLRA, had the lowest average slope for both temperature scenarios.

Water use efficiency (WUE), quantified here as the amount of NPP per amount of
transpiration on average shows an increase during the drought (Figure . Across all
tree parameter sets, average WUE ranged from 0.67 to 3.45 in the baseline drought
years, and 0.73-2.85 during the non-drought years. There is steeper linear decline in
transpiration (Figure relative to a more gradual nonlinear decline in NPP (Figure
2.3)), causing WUE to increase with decreasing irrigation. Decreasing irrigation input can
cause WUE to increase, but this depends on tree species. For EUGL and PICA during
drought years, average WUE increases under the scenarios of irrigation reduction from 25-
50%, but then declines under higher reductions. For the other tree species parameter sets,
WUE continues to increase under greater irrigation reductions. For two of the evergreen
species, QUAG and PICA, irrigation reduction from 75-90% under warming has a greater
average WUE during the non-drought years than the drought years. PICA however does
have some large outliers with less irrigation input, due to some parameter sets having
negative annual NPP, which means annual respiration was greater than photosynthesis
in these scenarios and the tree was using carbon stores.
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Figure 2.3: Annual net primary productivity (NPP) for each irrigation scenario,
with boxplots showing tree species parameter uncertainty. Drought years include
2012-2016, and non-drought are years before and after drought. The horizontal dashed
line shows the average annual amount for each tree species and climate with baseline
irrigation.

2.3.3 LAI resilience

LAT resilience is calculated as the ratio of post-drought LAI to pre-drought LAI. Sim-
ilar to patterns of NPP, LAI drought resilience declines at a greater rate with irrigation
reductions above 25% - 50%. The average LAI resilience across tree species for the base-
line scenario was 0.97 and 0.95 with warming, and this declines to 0.96 and 0.94 at 25%
irrigation reduction - an insignificant difference for both current climate and warmer tem-
peratures. Beyond 25%, the LAI resilience declines to as low as 0.46 with 90% reduced,
and 0.37 with warming (Figure . Species showed substantial differences in the loss
of resilience with irrigation reductions, although for historic drought, all show resilience
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Figure 2.4: For a piece-wise linear relationship between annual net primary productiv-
ity (NPP) and irrigation reduction during drought years, two slopes were calculated
for reductions up to 25% and beyond 25%. The y-axis shows the slope and 95%
confidence intervals for both segments. Colors represent temperature, where blue is
historic and red is warming. Box (A) shows the relationship for the average NPP
across all tree types.

close to 1 for full irrigation, and most show only minor reductions in resilience for 25%
reductions. EUGL shows greatest declines in resilience with irrigation reduction, while
PIUN maintains resilience even with 90% reduction under the warmer drought. We also
looked at the ratio to 2011 for the average LAI during the drought years to determine
whether there was a significant loss of canopy during the drought. All tree species had a
more significant loss of canopy mid-drought with irrigation reductions greater than 50%.

2.4 Discussion

2.4.1 Model outcomes

For the baseline irrigation scenario, model outputs of annual tree transpiration, an-
nual NPP, WUE, and LAI are comparable with other studies. With observed historic
temperatures, annual transpiration for all tree species averaged 450mm/year, which is
comparable to in-situ studies that measured urban tree transpiration in coastal Southern
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Figure 2.5: Water use efficiency (WUE) as tree species annaul NPP divided by tree
transpiration, for each tree species, temperature scenario, and drought and non-—
drought year. Variation for each tree species shows parameter uncertainty. Horizontal
dashed lines show average value for baseline irrigation.

California using sap-flux measurements and empirical models (21} [I7; 22; [46]). The tree
species with the highest estimated annual transpiration rates were from the blue gum
eucalyptus (EUGL), which could be due to higher modeled values of LAI from a high leaf
turnover rate. The lowest annual transpiration rates during drought was the coniferous
tree, the Canary Island Pine (PICA), which agrees with lower daily values observed in
(17 .

Vegetation carbon fluxes and carbon storage in cities are challenging to quantify due
to limited data and lack of transferability from natural vegetation models (47; [48). The
average annual NPP across all species for the baseline irrigation was higher than field
studies of natural forests (49; [50), which likely reflects irrigation inputs, differences in
soils and species, and some model bias. The lower end of model estimates of annual NPP
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Figure 2.6: LAI resilience, the ratio of post-drought LAI to pre-drought LAI, for each
tree species and irrigation scenario. Variation for each tree species shows parame-
ter uncertainty. Horizontal line is shown at 1 for reference, where 1 is a return to
pre-drought LATL

were within range of comparable studies that estimated vegetation productivity in arid
to semi-arid cities (51 52; [53)), as well as for a sub-humid city (? ).

With baseline irrigation, for all tree species the average WUE increased during drought
years. This is in agreement with (49), who found an increase in WUE of natural veg-
etation in arid to semi-arid regions of California during 2012-2016 drought. There are
few studies of WUE in urban settings, but it was shown for an irrigated setting in Los
Angeles, California, shrub species from arid regions had a smaller WUE compared to
species from temperate regions due to the availability of excess water from irrigation
(54). Increased WUE with low irrigation rates relative to higher irrigation rates was also
found in an urban arid setting (55). In our study two of the tree species (QUAG, PIUN)
experienced this pattern for both drought and non-drought years.

All tree types maintained average LAI throughout the drought period with baseline
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irrigation. LAI can be compared to the remote sensing index equivalent water thickness
(EWT) due to the relationship between canopy level water content and LAT (56]). Model
simulations of constant average annual LAI for the baseline temperature and irrigation
scenario are in agreement with observed EW'T for a similar time period in Santa Barbara
done by Miller et al. 2022 (57), who found that tree canopy varied with seasonal summer
drought, but the peak values in the spring were similar across years 2013-2015. In Chapter
1, these same tree species without any irrigation experienced more LAI loss, with some
trees losing up to half of their LAI during drought (7 ).

2.4.2 'Trade-offs in ecosystem services and water conservation

To determine whether trade-offs with irrigation reduction exist, we compared model
outputs across scenarios of irrigation input for each tree species and temperature. For
all tree species, annual transpiration was linearly related to water input. In drought
years, the slope nearly doubles compared to non-drought years for most of the tree
species (Table . The steeper slope shows a greater loss of transpiration with smaller
amounts of irrigation reduction, which would result in short-term loss of evaporative
cooling during drought. In other words, the importance of irrigation for maintaining
evaporative cooling increases during drought. This is notable given that in semi-arid
climates even non-drought years have long periods during the summer with little or no
precipitation inputs. With warmer temperatures, the slopes increased in non-drought
years relative to the historic temperatures for all tree species except EUGL, as shown
in Table These changes are small, but reflect the response of transpiration to not
only water scarcity but indirectly to depletion in soil moisture and increased stomatal
resistance with higher temperatures and vapor pressure deficit.

Despite reductions in transpiration with irrigation reduction, annual NPP had a non-
linear response to the irrigation reduction scenarios. This is partially due to the effects
of water limitations on the seasonal timing and amount of productivity. With 25% less
irrigation than the baseline amount, there was not a significant difference in annual NPP
or LAT resilience across all tree species, suggesting that over-watering was occurring be-
fore the drought. Maintaining adequate water supply during summer is costly even in
non-drought years. Thus efforts towards general moderate (25%) reductions in irrigation
during non-drought years may be worthwhile in the future (58). While there would be
some reduction in evaporative cooling (e.g transpiration) these are small for non-drought
years and changes in ecosystem services related to carbon cycling and shading would be
minimal.

In comparing the rates of change between annual NPP and irrigation input during
drought, the smaller slope from 0-25% suggests a gradual loss of NPP with small amounts
of irrigation reduction could occur while still maintaining canopy structure and shade. If
the goal is to maintain a resilient tree canopy post-drought, but prioritize water conser-
vation during a drought, irrigation reductions up to 50% from the baseline will cause loss
of NPP and LAI during the drought, but can maintain resilient LAI post-drought. For
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reductions greater than 50%, we found there would be multi-year effects in NPP and LAI
- trees would have less recovery post-drought and there may be structural loss and low
to negative amounts of productivity during the drought. There are notable differences
across species, and these are most apparent when irrigation reductions are greater than
50%. Species such as PLRA, the California Sycamore typically found in riparian ar-
eas, may tolerate more severe watering restrictions, although LAI resilience does declines
with 75% or more irrigation reduction for warmer droughts. The relative small declines
in resilience and NPP for irrigation reductions less than 50% for all species are useful
for informing broad watering restrictions; while species differences can be used to guide
longer term decisions about landscaping and tree selection for climate change (59).

The different responses in tree water use and NPP caused an increase in annual plant
WUE during drought compared to non-drought years, across tree species and temperature
scenarios (Figure . The increased WUE during drought happens for each irrigation
scenario for all tree species except PICA, the coniferous tree. Across all tree species,
compared to the baseline irrigation, average WUE also increases with 25% irrigation
reduction, reflecting a greater loss of transpiration and little to no loss in NPP. WUE
could be further monitored in urban systems as an indicator of efficient water use for tree
planting in semi-arid to arid cities when prioritizing tree health and canopy.

It should be noted that the water use data used in this study was from a water
resources account that represents large areas of private land. While it does reflect the
seasonal changes to water use and the monthly amounts, it is specific to Santa Barbara,
and the amounts may be above or below average for urban outdoor water use. Despite
this potential bias, the annual irrigation rates used are comparable to the higher amounts
estimated for outdoor water use rates in Los Angeles, California (15)).

2.5 Conclusion

This study used an ecohydrologic model in a semi-arid city to show that urban tree
health for select species can be maintained during a multiyear drought with moderate
irrigation reductions of up to 25%. The drought period from 2012-2016 was an ”excep-
tional” drought with both substantial precipitation declines and higher than normal tem-
peratures. Similar and potential warmer droughts are expected to increase in Southern
California in the future (32;[2). Irrigation in semi-arid cities is important for maintaining
tree-related ecosystem services not only because of the direct potential for evaporative
cooling, but because of its indirect importance for maintaining tree canopy for shade
provision during warmer drought. When irrigation is reduced during drought years, both
evapotranspiration and plant productivity become water limited. The amount of irriga-
tion reduction, however, affects these two fluxes differently. Tree transpiration declined
linearly with irrigation reduction, resulting in a short-term loss of evaporative cooling.
NPP declined non-linearly with reduced irrigation and for moderate (less than 25%) re-
ductions at a more gradual rate than transpiration loss. Tree resilience, as indicated by
LAI, following the drought was also maintained for irrigation reductions of less than 50%
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, even for warmer droughts. These results suggest that it is possible to maintain long
term health of trees and tree cover for shade provision with partial irrigation reductions.

Our results also highlight both consistency across species and important differences.
All species showed linear declines in transpiration (and consequently evaporative) cool-
ing with irrigation reduction during droughts but much more stable transpiration for
non-drought years - suggesting a general pattern of overwatering when not in drought.
All species also show resilience to drought for irrigation reductions less than 50% and
generally small declines in NPP, and finding that can guide general watering restrictions.
Species differences however are notable, particularly for more substantial irrigation re-
ductions. Species specific model results should be interpreted with caution, and we note
that for some species, such as QUAG and PICA, uncertainty in model estimates are
significant. Nonetheless, these estimates of species differences in transpiration, NPP, and
LAI can motivate and guide additional species specific monitoring to guide landscape
planning and tree selection.

Because outdoor water for landscaping is one of the highest sectors of urban water
use in semi-arid climates (I4]), reducing outdoor water use and improving efficiency is
essential to climate change adaptation for future drought and heatwaves. Decision makers
might consider limiting outdoor water use during wet years when over-watering normally
occurs to save water for dry years when vegetation needs it more (20). During drought,
urban forestry management should be considered along with water conservation efforts,
and allocating water use towards trees that provide shade and cooling. In addition,
investing in rainwater catchment and recycled wastewater would be a more efficient way
of allocating water towards urban trees and their ecosystem services (7 ).

B Appendix

This appendix contains a table of all results from the break point regression analysis
(Table with slopes from Figure above, along with break point estimations and
confidence intervals. All tree species had a p-value <0.05. This appendix also includes
figures that display full results from the Tukey’s honest significance test showing dif-
ferences in means across irrigation scenarios for annual transpiration (Figure and
annual NPP (Figure . Finally, a short description of data and R packages is included
in section [B.2]

Species codes for the below table and figures are as follows:

EUGL Blue gum eucalyptus (Fucalyptus globulus)
PICA Canary Island Pine (Pinus canariensis)
PIUN Victorian Box (Pittosporum unduluatum)
PLRA California Sycamore (Platanus racemosa)

QUAG Coast live oak (Quercus agrifolia)
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B.1 Tables and Figures

Table 2.3: For each tree species and all trees averaged together, results from segmented
break point analysis are shown. First two columns are the estimates of slopes, as
the rate of change in annual NPP per annual irrigation input, before and after the
breakpoint, as shown in Breakpoint estimate is shown under "bp. est.” and break
point confidence interval is shown in the following column ’bp. 95% C.I.’. Note that
the breakpoint corresponds to the annual irrigation input during drought, which in
the -50% scenario was between 0.113 and 0.174, and in the -25% scenario was between
0.169-0.261. Some trees have breakpoint confidence intervals that fall somewhere in
between these two.

Tree sp. Historic temperature
pre slope | post slope | bp. est. | bp. 95% C.I. p-value
EUGL 2.77 1.20 0.169 [0.1224,0.214] | 1.76x107°
PICA 3.24 1.69 0.120 [0.025, 0.216] 1.5x1074
PIUN 2.16 0.99 0.093 0.038, 0.149] | 7.13x107
PLRA 0.93 0.42 0.166 0.028, 0.304] | 4.15x1071°
QUAG 2.06 1.36 0.094 | [0.015, 0.173] | 1.86x10~14
all trees 2.34 1.22 0.111 | [0.0054, 0.168] | 2.58x 1074
Tree sp. Warmer temperature
pre slope | post slope | bp. est. | bp. 95% C.I. p-value
EUGL 2.63 1.40 0.172 0.121, 0.222] | 2.7x107!
PICA 2.75 1.48 0.121 0.021, 0.220] | 8.69x10~°
PIUN 291 1.15 0.104 0.070, 0.137] | 6.20x107
PLRA 0.98 0.52 0.166 0.019, 0.317] | 2.9x1071Y
QUAG 3.12 1.64 0.097 [0.033, 0.161] 2.39%10°
all trees 2.56 1.31 0.111 | [0.057,0.164] | 5.01x107*

Figure displays differences in means for annual transpiration across scenarios and
drought v. non-drought year. All differences were significant except: PLRA -25% for
non-drought years and both climate scenarios, and PLRA -50% for non-drought historic

temperatures.

Figure [2.8| shows the differences in means for annual NPP. For all trees, the difference
between -25%-0 for non-drought years in both climate scenarios are insignificant. For all
trees except PLRA, all scenarios under drought years are significantly different from the

baseline.

B.2 Data Availability

Information on RHESSys download links and data used can be found in Appendix A
(section |[A.2)). Vegetation parameters used in this chapter were taken from parameters

defined in the first chapter, also shown in Appendix A (section [A.1)).
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This chapter used R for post-model processing and data analysis. Key packages used
include:

stats: for running anova and TukeysHSD

https://www.rdocumentation.org/packages/stats/versions/3.6.2

segmented: for estimating break points

https://cran.r-project.org/web/packages/segmented/index.html
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Chapter 3

Does turfgrass water conservation
during drought affect neighboring
trees?

3.1 Introduction

Urban trees provide expansive ecosystem services (I} 2)), and cities are working to
expand and maintain their urban forest cover (3)). In Southern California and other
semi-arid climate regions, decision making around urban trees and outdoor landscaping is
important for climate change adaptation both because of the ecosystem services provided
by vegetation (4} 5} 6) and due to the need for urban areas to use water resources efficiently
(7; ®). Ome land cover type in urban landscapes that is receiving particular attention
for excessive water use is the turfgrass lawn (9; [10), which is often located interspersed
with trees and built surfaces. During extreme drought, the first step to conserve water
can be to reduce irrigation of turfgrass lawns, which alters the local water balance. This
study aims to quantify the side effects of turfgrass irrigation and subsequent irrigation
reductions on urban tree health under drought conditions.

The state of California experienced a widespread extreme drought from 2012-2016
which resulted in a statewide mandate for water conservation in 2015, with the goal
of conserving water by 25% across the state. In order to reach this goal, there were
specific orders to limit turf watering areas. Potable water was restricted for use on turf
in public medians, and initiatives to replace lawns and ornamental turf with drought
tolerant landscaping began (? ). Despite initiatives taken, outdoor water use amount
and location is often not well monitored (1T} [12]), which creates uncertainty for the
effectiveness of water conservation programs and any effects on vegetation.

In semi-arid climates, water demand for trees is slightly lower than water demand
for turfgrass (13), which may make trees more resilient to drought and loss of irrigation.
When water-stressed, turfgrass senescence occurs, while trees may experience a loss of leaf
area index (LAI) and photosynthesis (14). Outdoor water use is a significant component
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of the water balance in Southern California (11} 15). As efforts targeting turfgrass for
water conservation continue, we may begin to see indirect effects on urban trees. The
extent of the indirect effects has not fully been explored and may take more time to be
observed. While there is uncertainty in how much irrigation water is used by trees, it
could become a critical water source during drought. For trees unable to access irrigation
during drought due to water conservation, the degree of drought recovery may be reduced
or take longer. LAI, which is important for ecosystem services of evaporative cooling and
shade provision, may be impacted by irrigation reduction, causing a trade-off between
cooling ecosystem services and water conservation (see Chapter 2). Water conservation
efforts that target turfgrass may be expected to cause turfgrass senescence, however, less
is known about whether it would also have indirect effects on neighboring tree growth.
This indirect effect will depend on not only the amount of irrigation being reduced, but
the area of the turfgrass that is irrigated and the additional presence of neighboring
impervious surfaces.

Despite its high water use, turfgrass provides ecosystem services including erosion
control and infiltration, along with recreational and social benefits for community spaces
(165 [17). Along with increased infiltration, turfgrass has been shown to have lower runoff
compared to xeriscaping or artificial turf (I8), and a higher rate of nitrogen uptake in
rain gardens (I19). In arid to semi-arid climates, turfgrass alters hydrology because of
the high irrigation requirements and decoupling from seasonal precipitation patterns (9.
Excessive irrigation increases streamflow and summer baseflow (20)); in one Southern Cal-
ifornia urban watershed streamflow dropped by 70% compared to non-urban watersheds
when outdoor water use was restricted (21)). The increased water input to the system
through irrigation has a visible effect on streamflow and baseflow, and there is evidence
that trees also use shallow soil water or baseflow originating from irrigation (22 23)).
However, excess irrigation may not be accessible to trees if it drains below the rooting
zone (24), and trees also rely on deeper stores of groundwater or precipitation so may be
more resilient to reduced irrigation (22).

Green spaces featuring a mix of turfgrass and trees may receive or exchange water
from the same irrigation system, and also interact in microclimate regulation through
evaporative cooling and shade provision. Urban trees create shade and thereby reduce
evapotranspiration of adjacent turfgrass compared to full sun exposure, lowering overall
water demand (13} 25} 26]). Urban trees alter the energy balance for below canopy ground
cover and in return are also impacted by energy exchanges from the surface; higher
temperatures from below canopy pavement have shown to decrease tree growth (27; 28)).
In an arid climate, trees with turfgrass understory experienced a higher growth rate in the
summer due to the cooling effects from the turfgrass transpiration below the canopy that
lowered tree temperatures (29). Decreased evaporative cooling from turfgrass is another
side-effect on tree drought resilience that may arise with turfgrass water conservation.
The first part of this study aims to simulate how urban trees may be affected by irrigation
reductions to turfgrass areas using a small-scale hydrologic modeling method.

Along with irrigated turfgrass areas, trees are often located adjacent to impervious
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surfaces such as asphalt, pavement, and buildings. These surfaces alter hydrologic pro-
cesses due to reduced infiltration and increased surface runoff peaks and volume (30).
Impervious area that is directly connected to the stormwater drainage system, known as
effective impervious area (EIA), has a greater effect on runoff than hydrologically dis-
connected impervious area (HDIA), which instead routes stormwater towards vegetated
spaces and green infrastructure. When hydrologically connected to neighboring trees,
HDIA has the potential to increase tree productivity due to the additional direct water
input from surface stormwater runoff (31). To reduce the impacts of impervious surface
on hydrology and ecology, green infrastructure, including green spaces and urban trees
(32), aims to restore natural processes and decrease runoff using vegetation (33). To
continue developing efficient and resilient green infrastructure strategies, there is a need
to better understand the small-scale hydrologic interactions between different vegetation
types and between impervious surfaces and vegetation.

While green infrastructure has received much attention for the benefits of stormwa-
ter management (34; [33} [B35), it has the potential to be multifunctional and provide
other ecosystem services such as microclimate regulation, carbon sequestration, and bio-
diversity (2 B36; 37). To gain a better understanding of both ecologic and hydrologic
ecosystem services, land surface models are useful for deconstructing how processes are
connected and coupled to influence vegetation water use. Several hydrologic models
include green infrastructure components to estimate how vegetation impacts runoff or
infiltration (38; 39; 40), but fewer include how stormwater affects vegetation growth and
resulting ecological processes (37). An additional challenge with land surface modeling
is the heterogeneity of surfaces at small scales, especially in urban areas with mixed
vegetation and impervious areas that can be differentiated to EIA or HDIA (4T} 42).

As well as simulate small-scale hydrologic interactions between trees and irrigated
turfgrass, the second goal of this study is to evaluate how neighboring HDIA affects the
turfgrass interaction and tree carbon and water fluxes. We developed and tested a new
modeling method, multiscale routing (MSR) for surface routing in an urban environment
to assess the effects of different land covers on urban tree ecosystem services. We ask the
following:

1. How does turfgrass water conservation during drought affect the health of neigh-
boring urban trees?

2. How do hydrologically disconnected impervious areas affect the outcomes?

Landscape heterogeneity in land surface models is an ongoing challenge for modeling
coupled eco-hydrologic processes at fine scales (43). Typically, hydrologic models are
spatially divided into watersheds based on topography, which are further divided into a
grid of smaller units, which can be known as a patch. The size of the patch depends on
available elevation and land cover data, which can be between 10-30m?, and there is often
further heterogeneity occurring within a patch. Within a patch, land characteristics and
processes are represented as single or aggregated values. There are several methods to
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represent subgrid processes that involve aggregating from discrete homogenous areas or
statistical dynamical approaches (44)). This presents a challenge when subgrid traits are
important for hydrologic processes of the entire system, such as in urban areas where
hard surfaces route water into stormwater drainage systems. For vegetation within a
patch, water accessibility depends on the vertical subsurface stores, with lateral flow from
neighboring and upslope patches. In urban areas that have mixed land use at fine scales,
additional exchanges of water within a patch are not fully represented. Additionally,
land use data that is available at fine scales for urban surfaces can be computationally
intensive to model and scale up to watershed level effects.

To account for the effects of small-scale water routing in an urban environment,
this paper builds on a new methodology called multi-scale routing (MSR)(45). MSR
was developed for the Regional Hydro-Ecological Simulation System (RHESSys), and
addresses the challenge of sub-grid scale hydrologic processes through non-spatial specific
water gradients between different land covers. With MSR, both hillslope topographical
water routing as well as sub-grid water movement is simulated without the requirement of
high resolution spatial data or higher computational loads. It addresses subsurface water
routing as in the case of mixed vegetation with different rooting depths and distribution
that may share water, and was first developed and used for the purpose of simulating
the effects of forest thinning (46)). Here we use it for an urban environment to assess
the effects of subsurface routing between irrigated turfgrass and trees, and for surface
routing between impervious land cover and vegetation.

3.2 Methods

3.2.1 RHESSys-MSR

We use the Regional Hydro-Ecological Simulation System (RHESSys)(47)) to simulate
the effects of small-scale water routing for different scenarios of irrigation and land cover
during a drought period. RHESSys mechanistically simulates energy, water, and carbon
cycling on the landscape, driven by climate input, land use parameters, and vegetation
and soil parameters. In urban landscapes, RHESSys has been used to show how different
amounts of connected impervious areas affect plant productivity (31)), estimate the effects
of urban development on runoff (48]), and assess the effects of stormwater control measures
on nitrogen loads (49).

Carbon and water cycling in RHESSys is linked through vegetation processes of pho-
tosynthesis and evapotranspiration. Gross photosynthesis is estimated by the Farquhar
model, where the rate of carbon gain per unit LAI depends on available water, nutri-
ents, and light. Net primary productivity (NPP) is calculated from RHESSys output
as the difference between gross photosynthesis and plant respiration from growth and
maintenance, which depend on temperature. Water fluxes are driven by precipitation,
with vertical fluxes of canopy interception, infiltration, soil evaporation, and plant tran-
spiration. Vegetation evapotranspiration depends on available water in the rooting zone
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and is estimated using Penman-Monteith, where vapor pressure deficit depends on daily
temperature minimum and maximums. Infiltration enters the rooting zone, and water
drains below plant roots into an unsaturated layer, followed by a saturated layer below
that drains to groundwater.

Within RHESSys, watersheds are spatially divided into a grid-like array of patches
where processes for vegetation growth and vertical water fluxes occur. Typically, the
patch level represents a single land use or vegetation type, and when modeling at the
watershed scale the patch resolution depends on available elevation and land cover data.
At the patch scale, vertical water inputs can include precipitation and irrigation, and
if there are multiple patches as in the case of a watershed, lateral routing from upslope
patches can bring in surface water from overland flow or lateral subsurface flow between
patches in the subsurface. However, within a patch that contains land cover variability,
water accessibility may not be driven by large-scale topography, but rather by local
soil moisture gradients. Water sharing may occur as roots access soil water stores of
neighboring plants, and on the surface due to small-scale variations in land type or soil.

RHESSys-MSR was developed for multiple aspatial patches to exist simultaneously
within the same patch unit, which is described as a ‘patch family’ (Figure with water
exchanged between them (46). A ‘patch family’ is composed of multiple aspatial patches
that are each assigned an area that is a sub-grid fractional cover, and are considered to
be spatially inter-mixed. Each aspatial patch within a family is defined by different land
use and vegetation parameters, which affect water fluxes and how much water is available
for transferring between patches. Subsurface water transfers between vegetated aspatial
patches is driven by their subsurface water content relative to the mean patch family
subsurface water content. Differences could be due to infiltration rates, rooting depth,
and how much soil water vegetation is using. Aspatial patches containing water above the
average lose content, while patches below average gain water. Losses of water occur only
for water above the wilting point and gains only occur up to the field capacity. Transfers
between patches can be moderated by two sharing coefficients: shyfor losing water and
shg for gaining water. These coefficients are set to a value between 0-1, with 1 allowing
all possible water to be transferred in a single model time step, and 0 turning off the MSR
functioning and not allowing water transfer. Any value in between represents a rate, with
lower values being a slower transfer and higher values being a quicker transfer. Although
the values for sharing coefficients are not an observable physical trait, they represent
differences in vegetation species root spread and distribution and soil properties for rate
of water movement.

In addition to within patch water routing, patch families create fine-scale shading
effects. With standard RHESSys functionality, vertical shade on tree understory is ac-
counted for using Beer’s Law and diffuse and direct radiation is estimated with a gap
fraction. With MSR, within patch family shading occurs for not only direct vertical
understory. Taller trees reduce radiation for shorter neighboring trees, or in our case,
turfgrass. Shading is implemented based on the relative height of each vegetation within
the patch family, and alters the incoming daily shortwave radiation. For a more detailed
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Patch Family

3x Aspatial patches:
25% turfgrass
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Figure 3.1: Diagram of RHESSys-MSR with a path family made up of 3 apsatial patches.
description on subsurface multiscale routing and shading, see Burke 2021 (46)).

3.2.2 New functionality: Surface MSR

This study builds on RHESSys-MSR by developing a surface routing component that
accounts for surface routing within a patch family. Within a single patch, water storage
on the surface is due to infiltration excess or saturation excess. In the case of impervious
surface area, there is no infiltration and any direct rainfall is added to the surface storage.
Similar to the subsurface routing, surface water exchanges are driven by individual patch
differences in water content on the surface. Surface transfers are all assumed to occur
on a daily time step, and are not regulated by a sharing coefficient like the case of the
subsurface transfers. To account for connectivity of the impervious surface, a surface
parameter is set to 1 to allow impervious surface to gain water, or 0 to turn off gaining.
The amount of surface water available to move between aspatial patches within a family
is calculated as the area weighted mean of the sum of the total water on all aspatial
patches divided by the sum of total area available to receive water (Eq. .

Z,f:]:l SW x A
Yo, A

MSW = (3.1)

MSW = Mean Surface Water

SW = surface water storage
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A = area
N = total number of aspatial patches in patch family

G = number of aspatial patches in patch family able to gain water

Aspatial patches with surface water above the mean lose surface water (Eq. [3.2), and
aspatial patches with surface water below the mean gain surface water (Eq. [3.3), which
is then transferred to infiltration.

Loss; = (SW; — MSW) x A; (3.2)

1 is each aspatial patch

Any leftover water that is not able to infiltrate stays on the surface. Following the
surface routing routine, the subsurface sharing module is run, taking into account the
updated rooting zone storage and field capacity given the infiltration from the surface
exchanges.

This study uses surface MSR with the goal of exploring the potential benefits of rout-
ing stormflow from impervious area to vegetated area, but surface MSR was developed
for a broader range of application in urban environments. With RHESSys-MSR, imper-
vious areas take up a user-specified fraction of the total patch family area. For routing
between patches within a family, surface water from impervious areas can be set up to
be transferred to the other patches or to be rerouted directly to stormwater drainage. In
our study, the impervious patch has a surface gaining parameter of 0, so it can only lose
surface water, and not gain from the other patches. Any precipitation that falls on the
impervious area is routed directly to the next vegetation patch where it can infiltrate,
evaporate, or be taken up by plants. Thus for the case of this study, all impervious areas
are assumed to be HDIA from a watershed scale stormwater drainage perspective.This
is set up with the assumption that the impervious area is directly connected to the vege-
tated area, such as in a residential neighborhood or other parts of a city where vegetation
and impervious surfaces are intermixed at small spatial scales. This does not account for
parking lots or streets with curbs, where surface runoff from excess stormflow is routed
to stormwater drainage systems, as in EIA. This could be an area for future applications
that explore EIA effects on runoff.

3.2.3 Model setup: parameters and scenario design

To investigate at the local scale how neighboring irrigated turfgrass affects urban
tree health during drought, and how impervious surfaces alter the relationship, we ran
simulations at the patch scale and set up two different scenarios of patch family. The

69



Does turfgrass water conservation during drought affect neighboring trees? Chapter 3

patch family, consisting of 2 to 3 patches that are either: turfgrass only, a tree with
turf grass understory, or pavement. The baseline scenario is a 2 patch family, meant to
represent a typical planted and managed green space, with irrigated turf grass in one
patch and non-irrigated tree with turf grass understory in the other, as shown in Figure
3.2 Setting up both vegetation types required selecting relevant parameters (3.2.3),
calibrating for turf grass traits( , and doing a sensitivity analysis for the sharing

coefficients (3.2.3)).

Urban tree parameters

Vegetation parameter uncertainty for tree health during drought has been explored
for the same study region in Chapters 1 and 2. These parameters were selected based
on a Sobol sensitivity analysis that was performed, along with comparing model output
values to high-resolution species level remote sensing data of LAI and NDVI. The model
was successfully able to capture patterns in tree response to drought based on changes to
NDVI during the drought period. For the parameter calibration, five species were used
in that study, selected based on their abundance in the location area and their variety
in plant functional types and origin. All five species calibration resulted in a range of
parameter sets which were used for this current study.

The tree species used include: coast live oak (Quercus agrifolia), blue gum eucalyp-
tus (Fucalyptus globulus), California sycamore (Platanus racemosa), Canary Island pine
(Pinus canariensis), and victorian box (pittosporum undulatum). To reduce computation
time while maintaining parameter uncertainty, for each tree species 50 parameter sets
from the acceptable sets were randomly selected and used in this study.

Turfgrass parameters

RHESSys has previously been used to simulate natural grasslands and assess parame-
ter uncertainty for the ‘grass’ type in the model (50; 51)). The parameters used here were
based on parameter values defined in these studies, however, turfgrasses are considerably
different from native grasses in that they are highly managed and can tolerate defoli-
ation (52)), and so a sensitivity analysis for select turfgrass parameters was performed.
There are a variety of turfgrass species used for landscaping, recreational, and residential
purposes. Commonly used turfgrass species differ in the photosynthetic pathways, with
cool-season, or C3, used in more humid climates, and warm-season, or C4, used in arid
climates (52). We parameterized to a general perennial C3 grass type, a more tradi-
tional landscaping grass. Common C3 species include tall fescue (Festuca arundinacea),
Kentucky bluegrass (Poa pratensis L.), and perennial ryegrass (Lolium perenne L.). To
account for their variation in rooting depths and leaf area index, parameter uncertainty
is included in the model scenarios.

C3 grasses are more productive in spring to early summer but productivity declines
with warmer, drier seasons. To simulate these differences, the turfgrass vegetation type
was classified as drought-evergreen in the model, following the approach used in a previous
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modeling study of natural grasses in Santa Barbara county, where grass growth responded
to annual water availability in the winter and amount of daylight (50)).

RHESSys parameter values were selected and sampled from a range of values based
on previous RHESSys studies as well as field studies of turfgrass lawns and available
databases (24; 63 10} 51). Key parameters that were tested to model traits of grass
included specific leaf area (SLA), max rooting depth, and a parameter that transforms
leaf carbon to height. Parameters were run with a baseline scenario which consisted
of: a two-patch family, with one patch containing an oak tree overstory and turfgrass
understory, irrigation in the turfgrass only patch, and MSR sharing coefficients set to 0,
so there was no subsurface transfer. Parameter sets were selected based on the output
phenology, rooting depth, height, and transpiration, and filtering model output resulted
in 23 parameter sets that were used for turfgrass parameter uncertainty in this study. A
full list of RHESSys turfgrass parameters varied for this study is provided in the appendix

(section [C.1)).

MSR sharing parameter uncertainty

Gaining and losing subsurface sharing coefficients (shy, and shg) for both vegetation
patches were set to the same value, referred to as a single 'sharing coefficient’ in the results
text. Because there are no observations to suggest differences in these coefficients, we
maintained these constant values to represent the aggregate effect of soil properties and
root distributions on rates of transfer. Sharing coefficients were varied from 0 to 1 by 0.1
to test for sensitivity in the rate of subsurface water transferred, vegetation water use,
and vegetation growth in the baseline scenario of two vegetation patches.

Model scenarios

California experienced an extreme drought from 2012-2016, in this study we focus on
this time period as well as the years following the drought. Daily temperature and pre-
cipitation data from NOAA (station GHCND:USC00047902) are used as input. Model
scenarios were varied by irrigation input and sharing coefficient, with parameter uncer-
tainty for both turfgrass and tree species vegetation parameters, and with and without
connected impervious surfaces present (Table . Each simulation went through a 20
year spin-up period to stabilize soil carbon pools and for tree growth to reach matu-
rity, before values were output from 2010-2020. The spin up period included an average
amount of irrigation applied to the grass patch.

The baseline irrigation scenario (on in Table is the same input used in Chapter
2 , based on monthly outdoor water use data from Santa Barbara Water Resources
from 2010-2020. A water conservation mandate for Santa Barbara county was set in 2014
which is reflected in the data; for our simulations to replicate the case of no mandates or
conservation, we used the average weekly amount from previous years. For the other two
scenarios we first used 25% as the reduction amount based on the California statewide
water conservation goal during drought in 2015. Secondly, for the complete irrigation
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reductions, the baseline irrigation rate was used until 2015, at which time it was reduced
to zero.

Table 3.1: Summary of all model parameters and scenarios. Bolded names are used
in text and figures as abbreviations.

] Scenarios \ Description \ Count \
Tree Species number of species 5
parameter uncertainty 50
Turfgrass parameter uncertainty 24
Turfgrass irrigation | on: Cool-season turfgrass, 3
pre-drought typical lawn, ir-
rigated

off: Irrigation turned off
-25%:irrigation reduced by

25%

Patch families Turf-PF: 50% turfgrass 2
and 50% tree with turfgrass
understory

Impervious-PF: 25% im-
pervious area, 25% turf-
grass, and 50% tree with

Sharing coefficient | 0 to 1 by 0.1 increments 11

We compare two patch family scenarios: the first is vegetation only, which contains
two 50% patches with one turfgrass and one with a tree. The second patch family contains
a 50% tree with turfgrass understory patch, a 25% impervious surface patch, and 25%
of irrigated turfgrass (Figure [3.2). The 3 patch family mix with 25% impervious surface
is representative of an area with neighboring sidewalk or pavement. The amount of
pavement selected was based on a remote sensing study using 7.5m? imagery to extract
subpixel fractional cover in the study area. Pavement was up to 31.8% for the entire
study area, and pavement and roof combined made up around 20% for tree polygons
i1000m? (14). The names of patch families will be referred to here as ‘Turf-PF’ and
‘Impervious-PF’.

3.2.4 Post-model run analysis

Post-model run analysis was done using R version 3.6.3. Model output was aggregated
to annual values and average daily values during and after the drought period to compare
across tree species, sharing coefficients, patch families, and irrigation. Model output
variables include tree net primary productivity (NPP), evapotranspiration (ET), and
drought resilience of LAI. We defined drought resilience as the ability of the tree to
return to a pre-drought level of canopy cover in the year following the drought. In this
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Turf-PF Impervious-PF

50% turfgrass ‘ 25% H 25%

Figure 3.2: Patch family scenarios: Turf-PF is vegetation only with 50% turfgrass.
Impervious-PF is 256% impervious area, with 25% turfgrass.

case, we use the ratio of the average LAI for 2017 to average LAI in 2011. A value of 1
or greater indicates the tree is resilient, whereas values j1 indicate that it was affected
by drought. To compare across the different scenarios, results were aggregated to the
mean of each combination of sharing coefficient, irrigation scenario, tree species, and
patch family and ran with analysis of variance (anova). When significant differences
were present, post-hoc tukey’s test was performed to test for differences in means and
check sensitivity of the output.

3.3 Results

3.3.1 Sensitivity to subsurface sharing coefficient

We varied sharing coefficients, which control the rate of water transfer between the
vegetation rooting zones, from 0 to 1. When set to 0, transfer is turned off. For values
greater than 0, the sharing coefficient controls the rate of transfer with smaller values
being a slower rate. With the sharing coefficient set to 0, mean tree ET and NPP were
lower than all other sharing coefficient scenarios (Figure . All sharing coefficients
greater than 0 resulted in average tree NPP, ET, and transfers that were significantly
different from the average when sharing coefficient was set to 0, indicating that within
patch water routing plays an important role for estimating small scale vegetation water
balance.

Sharing coefficients from 0.1 to 0.3 caused more variation in ET, while sharing coef-
ficients 0.4 to 1 had similar values. Average annual subsurface transfers and NPP were
highest with sharing coefficients of 0.2 and 0.3. Average annual tree ET was highest
with a sharing coefficient of 0.2 (Figure . Full results showing differences in sharing
coefficient scenarios are shown in Appendix C(Figure .

For the vegetated patch family, subsurface transfers occurred in both directions (e.g
from tree to turfgrass patch and vice versa) but on average went from the turfgrass patch
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Figure 3.3: Average drought year ET for each sharing coefficient grouped by patch

families. Dashed lines show value when the sharing coefficient is set to 0 and there
are no subsurface transfers occurring.

to the tree patch (Figure , panel F'). Subsurface transfers decreased during the drought
years. Sharing coefficients had a greater effect on transfers and carbon and water fluxes
when there was less water available, during the drought and in late summer (Figure .

3.3.2 Effects of irrigation reductions

For comparing irrigation scenarios, we are focusing on sharing coefficients that have
the maximum effect on carbon and water fluxes, and show the average of sharing coef-
ficients set to 0.2 to 0.3. Irrigation reduction effects resulted in less subsurface sharing
and were most prominent under dry conditions (Figure . There were significant dif-
ferences in mean LAI resilience for the different irrigation scenarios and tree species.
Across all tree species the mean LAI resilience declined with less irrigation input, but
the magnitude of reduction was dependent on tree species and, to a lesser extent, patch
family configuration (Figure . Annual average tree ET and NPP in drought years
declined with decreased irrigation input. However, in wet years following the drought,
irrigation input had little effect on annual values of ET and NPP (Figure .

3.3.3 Comparing patch family impervious surface area

We compared the patch family with only vegetation (Turf-PF) to the patch family
with 25% impervious surface (Impervious-PF). In both cases, trees comprised 50% of the
patch family. Patch family configuration effects on LAI resilience, and tree carbon and
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Figure 3.4: Model outputs for trees in the vegetated patch family, aggregated by
sharing coefficient. Left panels show monthly averages for drought years 2012-2016.
Right panels show annual averages.

water fluxes, were smaller relative to irrigation and tree species differences. Impervious
areas increased the magnitude and peak of surface water transfers. Subsurface transfers
were on average lower with Impervious-PF, and there were more occurrences of the tree
patch losing water from the rooting zone compared to Turf-PF (Figure .

Because sharing coefficients had an effect on the differences between patch family
water and carbon fluxes (Figure 3), we filtered the results to further analyze tree responses
when sharing coefficients are set to 0.2-0.3. With sharing coefficients set to these values,
the largest average subsurface sharing occurred, allowing us to explore the potential
maximum benefits of turfgrass irrigation to tree water use. For example, Figure 4 shows
the coefficients 0.2 and 0.3 have higher average ET and NPP during the drought. The
effects of impervious areas interacted with irrigation scenarios for drought years. With
irrigation on, and reduced by 25%, Turf-PF had greater average values for ET and NPP.
However, with irrigation turned off, Impervious-PF had greater average ET and NPP. In
the post-drought year with higher rainfall there were no significant differences between
the patch families (Figure . When sharing coefficients were not equal to 0.2 or 0.3,
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Figure 3.5:  Average monthly values of A) GPP and B) ET, and C) subsurface
transfers in drought year with irrigation reductions, averaged across all tree species
with sharing coefficients set to 0.2 and 0.3

Impervious-PF had greater average ET, NPP, and LAI resilience compared to Turf-PF
for all irrigation scenarios.

3.4 Discussion

3.4.1 Interacting effects among irrigation, tree species, and im-
pervious area

Trees in arid to semi-arid cities receive several additional water inputs besides di-

rect precipitation including irrigation, either directly or indirectly, and stormflow from

increased impervious surfaces (22; 23} [64). We used a novel modeling approach to in-
vestigate how changes to different water sources affect tree health during a drought by
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LAT in 2011.

comparing model estimates of tree water use and productivity for scenarios of trees situ-
ated near irrigated turfgrass. We first compared a baseline of tree health with irrigated
turfgrass against irrigation reductions, and secondly compared with a scenario of tree and
irrigated turfgrass arranged with impervious surface areas. In our case of irrigation, trees
received additional water that was not taken up by turfgrass for transpiration through
lateral hydraulic transfers.

Our results show that irrigation input to turfgrass during a drought year can reduce
vulnerability to drought of neighboring tree carbon and water fluxes. With full irriga-
tion to turfgrass, average tree LAI drought resilience, drought year NPP, and ET were
significantly greater than with irrigation turned off. In the case of irrigation reduced by
25%, LAI resilience slightly declined but it varied by tree species, suggesting turfgrass ir-
rigation during drought can be conserved without having negative effects on neighboring
trees.

These results vary slightly by tree species and patch family configuration. The Cal-
ifornia Sycamore (PLRA) and Canary Island Pine (PICA) had smaller differences in
LAT drought resilience between irrigation scenarios, suggesting there is less reliance on
irrigation as a water source. In field studies, the Canary Island Pine has been shown to
maintain transpiration under low soil water availability (55; 56). Blue gum eucalyptus
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(EUGL) LALI resilience varied more within irrigation scenarios due to vegetation param-
eter uncertainty, which could reflect more dependence on location than irrigation for
drought resilience. The two broadleaf evergreens (PIUN and QUAG) had greater differ-
ences between the means (Figure ; suggesting these tree species are more sensitive
to the irrigation reduction, and may rely on soil water availability at shallow depths.
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More data is needed to further explore which traits, such as rooting structure or re-
sponse to drought stress, affect how much tree species benefit from excess irrigation
input (57; 58; 5I)). Our results indicate that when planning for outdoor water conserva-
tion on turfgrass lawns and green spaces, not only proximity of trees, but the tree species
should be considered.

We also considered the effects of irrigation reductions when there was an impervious
area hydrologically disconnected from the stormwater drainage system. We compared
tree carbon and water fluxes of two patch families with the varying irrigation scenarios.
The differences between patch families during the post-drought wet year were minimal
(Figure [3.7). In the drought year, the tree in the patch family that was half turfgrass
(Turf-PF) had a greater average ET and NPP but only when irrigation was turned
on. With irrigation turned off, the trees in Impervious-PF had greater mean ET and
NPP (Figure . This suggests that trees in green spaces connected to impervious
surfaces benefit from taking up stormwater, especially when water accessibility is limited
during drought and irrigation is turned off for conservation. Shields and Tague, 2015
(31) also showed that stormwater runoff from impervious surfaces increased the primary
productivity of vegetation receiving the runoff. Similarly, Voter and Loheide 2018 ({60
demonstrated increased ET during dry years for a lawn with disconnected impervious
surfaces. In water-limited places, there is potential for a multifunctional system, where
trees both provide ecosystem services and directly benefit from being planted in locations
designed to capture stormwater. The disadvantage of using stormwater runoff as a water
source is its seasonality, especially in a Mediterranean climate, and more research is
needed to quantify the effectiveness of trees in reducing stormwater runoff (32} [61)). It
was outside the scope of our study to consider the impacts on runoff, but there are a
growing number of studies exploring vegetation that makes up the green infrastructure,
including ET fluxes, for stormwater management (62} 63}, 64} 65 [66]).

3.4.2 Application of Multi-Scale Routing (MSR) and future di-
rections

Modeling hydrologic processes in urban environments is complex due to the hetero-
geneity in land cover and vegetation and, when there is available data, computational
cost of running process-based simulations at high spatial resolutions. To explore fine-scale
hydrologic interactions, we used a novel methodology of small scale water routing, called
multi-scale routing or MSR (45]). One advantage of the MSR approach is that patches,
or the smallest spatial unit in the model, are subdivided into different land cover types
each with its own water balance, allowing for sub-grid variation in both surface and sub-
surface properties. Having explicit representation of land cover is helpful for improving
surface routing estimates, but subtle differences in water availability, soil properties, and
rooting depths can create subsurface hydrologic gradients that may be a more dominant
pathway for vegetation water access, especially when stormwater is limiting such as dur-
ing drought years. MSR allows us to implicitly account for these potential subsurface
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variations through transfers mediated by the sharing coefficient. We tested the sensitiv-
ity to the subsurface sharing coefficient, and developed MSR on the surface to account
for small-scale runoff from impervious areas disconnected from the stormwater drainage
system.

For MSR in the subsurface, the sharing coefficient serves as an effective rate of water
transfer across a soil moisture gradient. It is representative of the conductivity through
the soil medium, and because the areas within the patch families are not spatially explicit,
it also accounts for uncertainty in distance between the different patches. For example,
with a lower sharing coefficient, transfers occur more slowly, which can be due to a larger
distance between roots, more compacted soil, or a combination of these factors. Given the
uncertainty in rooting lateral distribution and soil properties, we displayed a summary of
results for all sharing coefficients (Figure , and focused on the outcomes with sharing
coefficients set to 0.2 and 0.3 because of their increased effects on tree ET (Figure [3.2]
When sharing coefficients were set to 0.2 or 0.3, there was an increase in annual subsurface
transfers into the tree patch during drought years. Sharing coefficient values of 0.4 to
1 had lower amounts of transfer and similar daily and annual values, which is further
shown in the Appendix (Figure . The larger amount of annual transfer with sharing
coefficients set to 0.2 and 0.3 is partially due to the fact that most of the time the tree
patch was gaining water, which is a positive transfer, while with the other coefficients
the tree patch was losing water at times.

Multi-Scale Routing has potential to improve simulations of green infrastructure at
small scales, and also scaling up to simulate the effects of widespread implementation
at the catchment level. While plot-level studies are helpful to understand the local
interactions occurring, there is a need for more catchment level studies on the benefits of
comprehensive implementation of green infrastructure and how it affects runoff and water
quality in streams (61} [67; [37). With the advancement of sub-pixel fractional urban land
cover estimates from remote sensing data (68), more spatial data is becoming available
that could be used to set up interconnected patch families in MSR. At larger scales,
MSR can be used to account for both the implicit sub-grid local routing and the explicit
topographical hillslope routing, and future work should explore how it would compare to
standard hillslope routing without MSR for an urbanized watershed.

Finally, this study includes some limitations and potential for further research. While
we accounted for uncertainty in vegetation parameters, there is more work to be done
exploring the sensitivity to soil properties by including uncertainty in soil parameters and
their interaction with sharing coefficients. It is known that soil in urban environments is
highly heterogeneous and is often compacted beneath impervious surfaces (69; [70; [71)).
Variation in soil compaction and moisture affects infiltration, tree water accessibility, lat-
eral transfer, and amount of runoff (72; [73} [74). We found that when sharing coefficients
were not equal to 0.2 or 0.3, there were greater differences in results between land covers.
The variation in our results due to different sharing coefficients affirms the importance
of subsurface characteristics on vegetation water accessibility, and this could be an area
for further research in urban hydrologic modeling. There are in-situ studies at the plot
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level that measure both tree and turfgrass evapotranspiration (25} 26) and measurements
of infiltration capacity of soil (74} [75)) that could be used to validate MSR and reduce
uncertainty in sharing coefficients. In addition, it’s been shown that the slope of imper-
vious surfaces affects how much runoff and infiltration occurs in neighboring turfgrass
(60), but this is not yet accounted for in the surface MSR and could be an area of further
development.

3.5 Conclusion

We applied a novel fine-scale hydrologic modeling approach to assess how selected
urban trees responded to changes in indirect water sources during a drought in Southern
California. We demonstrated that trees potentially receive water indirectly from turfgrass
irrigation, consistent with field studies in semi-arid regions (22} 23). On average, irrigated
turfgrass increased neighboring tree drought resilience, evapotranspiration, and produc-
tivity compared to turfgrass with irrigation cut off during drought. Trees responded to
irrigation reduced by 25% with small declines in resilience, evapotranspiration, and pro-
ductivity. Two of the tree species, California Sycamore and Canary Island Pine, were less
affected by irrigation reductions, while the broadleaf evergreen species were more sensi-
tive to it. When irrigation was fully turned off, trees benefited from stormwater runoff
from neighboring impervious areas, which implies trees have potential to both provide
ecosystem services in stormwater runoff reductions and benefit from it. Results varied
by sharing coefficient, a key parameter in MSR modeling that represents heterogeneity
in soil properties and distance between roots. Using multi-scale routing allowed us to
capture fine-scale hydrologic interactions and highlight the uncertainty in soil moisture
and subsurface characteristics in urban environments. Our findings are relevant for urban
tree and turfgrass management during drought, future research in green infrastructure
for stormwater management, and also for addressing spatial scale complexities in urban
hydrologic modeling.

C Appendix

This appendix includes more information for the turfgrass parameterization done
in this chapter, including Table which shows the RHESSys parameters that were
calibrated, values used, and sources. This also includes the resulting turfgrass output
and measurement comparisons in Table [3.3] Figures showcase the differences in results
due to different subsurface sharing coefficients. Figure shows the difference in the
mean for model outcomes: ET, LAI resilience, NPP, and subsurface transfers, displaying
how sharing coefficients with values of 0, 0.2, or 0.3 vary the most from average. Figure
further explores the different outcomes when sharing coefficient is set to 0.2 or 0.3, by
aggregating to those two scenarios compared to all the others. The sharing coefficients
had an effect on how much impervious surface runoff altered tree carbon and water fluxes.
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There is also a short description on data used and a link to the github for the RHESSys
version with surface MSR in section [C.2l

C.1 Tables and Figures

Table 3.2: Vegetation parameters varied for turfgrass sensitivity analysis. Other
parameters that were changed to be C3-turfgrass specific included constraints on
daylength response and height. The cool-season response to day length was set up
with parameters that constrain maximum and minimum day length requirements in
the dynamic phenology model, which created a peak in photosynthesis in the spring.
To simulate a constant height, as the model does not account for mowing, the height
exponential parameter is kept at a constant 1, so rather than height increasing expo-
nentially it stays constant with the leaf carbon that gets replaced by new leaf turnover.

RHESSys turfgrass parameter | Range [min, max] | Source
epc.gl smax [0.004, 0.012] Reyes al. 2017 (51)
epc.ndays_expand (16, 30] calibration
epc.ndays_litfall [16, 30] 2 calibration
epc.leaf_turnover 6, 12] Christians et al. 2016
52)
epc.waring_pa (0.4, 1] Reyes et al. 2017 (51))
epc.froot_cn 28, 45] TRY database (53))
epc.leaf_cn 10, 50] TRY database (53))
epc.height_to_stem_coef [0.3, 1.5] calibration
epc.proj_sla (12, 27] Bijoor et al. 2014
(24); TRY database
(53)
epc.max_root_depth (0.2, 0.5] Christians et al. 2016
(52)
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Figure 3.8: Sharing coefficients were statistically different for each tree outcome: an-
nual ET, annual subsurface transfers (root zone and unsaturated), annual NPP, and
LAI resilience. This figure shows results from post-hoc difference in means Tukey’s
test, with difference in means between sharing coefficient set to 1 and other sharing
coefficient, and red representing p-values less than 0.05. All results except NPP had
a significantly lower result when the sharing coefficient was set to 0. Sharing coeffi-
cients 0.1-0.3 stand out with statistically significant differences that are greater than

the other means for subsurface transfers, NPP, and LAI resilience. Sharing coefficients
from 0.4 to 1 had less variation for all outcomes except for LAI resilience.

83



Does turfgrass water conservation during drought affect neighboring trees? Chapter 3

patch family — Impervious-PF — Turf-PF

0.1;0.4-1 | 0.2-0.3

2l 6-

S

£

Q 4-

=2

o 2

)

i 2 3 4 5 6 7 8 9 101 12 1 2 3 4 5 6 7 8 9 10 11 12

0.1;0.4-1 | 0.2-0.3

2.5-

_20-

1S

e15

 1.0-

L

0.5-

i 2 3 4 5 6 7 8 9 101 12 {1 2 3 4 5 6 7 8 9 10 11 12

0.1;0.4-1 || 0.2-0.3

E100

E

807

2

Eoso /

® 0.25-

O

g

S 000 ——— : - —

@ i 2 8 9 10 11 12
0.1;0.4-1 | 0.2-0.3 |

\/\wf/ M

i 2 3 4 5 6 7 8 9 10 11 12 1 2 3 4 5 6 7 & 9 10 11 12
month

subsurface transfer (mm)

Figure 3.9: Average monthly tree fluxes for drought years 2012-2016, with left panels
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Table 3.3: Model output of turfgrass from filtered parameter sets, compared with
variables from field studies and data provided by Joe Mcfadden (marked as JPM
under source).

Variables Value Range Source Model Out-
put Avg.

Rooting Depth (cm) 20.3 - 45 Wu 1985 (7 ) | 24

LAT (mm/mm) 0.7-27 JPM 1.6

Height (cm) 7.6-15.25 JPM 11

Evapotranspiration (mm/year) | 834 + 67; 722 4+ 22 | Bijoor et al. | 456
2014, Litvak
et al. 2017
24 [10)

C.2 Data Availability

Information for data used here and tree vegetation parameters can be found in Ap-
pendix A . Post-model analysis was done in R using standard packages. The version
of RHESSys used for Chapter 3 can be found in my Fork of RHESSys under the branch
msr-lu (https://github.com/rachtorr/RHESSys-rt/tree/msr-1u).
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Conclusion

Urban trees in semi-arid climates have the potential to provide a variety of ecosystem
services through their role in water, energy, and carbon cycles. During drought, tree
productivity may be reduced, affecting their other ecosystem services. Because drought
in arid to semi-arid climates is expected to increase in frequency and intensity with
climate change (Cook et al., 2014), urban areas will need to become more water efficient.
To plan for the growth and maintenance of resilient urban forests, the effects of water
limitations from both lack of precipitation and reduction in outdoor water use should be
considered. This dissertation used an eco-hydrologic modeling approach to estimate the
effects of drought on common urban tree species with varying temperature, irrigation
input, and land cover.

The main methodology used for all three studies was experimental modeling with
an eco-hydrologic process-based model, the Regional Hydro-Ecologic Simulation System
(RHESSys). Using a process-based modeling approach enabled me to disentangle the
complex interactions between climate, carbon cycling, and water use and simulate the
physical mechanisms that drive tree carbon and water fluxes. By first parameterizing
with vegetation observations from a historic drought, I then was able to simulate how
different temperature and irrigation forcings may affect tree growth dynamically.

In the first chapter, I improved tree species level vegetation parameterisation with a
Sobol sensitivity analysis and evaluated tree parameters under drought conditions with
varying temperatures. Key vegetation parameters that influenced LAI and NPP varied
based on phenology: for deciduous trees, leaf turnover rate had the most influence while
for evergreen trees it was specific leaf area. For both phenology types, the soil pore
size index was among the highest ranked parameters, which indicates the importance
of soil properties in reducing uncertainty in vegetation growth outcomes. Temperature
was an important factor for tree drought resilience and post drought growth. Warmer
temperatures of 1.8C increased resilience due to longer growing seasons and higher post-
drought productivity when there was enough rainfall. However, extreme warming of 4C
caused lower post-drought productivity.

I used high-spatial resolution (Zlm) remote sensing derived data of tree species, leaf
area index, and changes to normalized differential vegetation index (NDVI) during a
drought to (1) constrain vegetation parameters to species level differences and (2) identify
with a Sobol sensitivity analysis which vegetation parameters affect LAI, NPP, and their
drought resilience. This parameterization method using remote sensing data at the tree
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species level provides an example for future modeling studies to expand data sources for
setting up vegetation. Although the data used here was specific to the study area of
Santa Barbara, methods for high resolution LAI data in cities are advancing (I} 2]) and
have the potential to be paired with future modeling efforts that capture species level
characteristics or scale up to larger areas. The Sobol sensitivity analysis revealed that
key parameters for modeling LAI and NPP resilience depend on tree plant functional
type, and include leaf turnover rates, specific leaf area, and soil porosity.

I maintained the same five tree species throughout the second two chapters to simulate
drought responses to different levels of irrigation input. Urban tree water sources are
uncertain, but in modeling different levels of irrigation input, I showed how irrigation
can make a difference for tree drought resilience and water use efficiency (WUE). In the
second chapter, I varied irrigation amounts during drought and found that the response
of the average tree NPP to irrigation input was non-linear, with a break-point analysis
displaying a steeper decline in NPP past irrigation reductions of 25%. Tree transpiration
was linearly related to water input, causing an increase in WUE with less irrigation. In
the third chapter, I considered the role of indirect irrigation from neighboring irrigated
turfgrass and stormwater runoff from impervious surfaces. Using the novel hydrologic
modeling approach of multi-scale routing, an extension of RHESSys that accounts for fine
scale surface and subsurface routing, I found that it is likely trees are receiving water and
benefiting from turfgrass irrigation. With irrigation turned off, I showed that impervious
surface areas that route surface water into green spaces have the potential to help tree
drought resilience.

In the third chapter, I further developed RHESSys multi-scale routing for use in an
urban environment. With typical hydrologic and land surface models, land cover is de-
fined as a single type, and water is routed topographically within a hillslope and vertically
within the smallest spatial unit. This presents a challenge for highly heterogeneous areas
such as cities because often the smallest spatial unit contains multiple land cover types
that are represented through aggregation (3)). With the multi-scale routing approach,
sub-grid heterogeneity is accounted for and lateral, non-topographic water transfers are
driven by water potential gradients (4)). In the subsurface, this means that a tree and
turfgrass can share water based on differences in soil moisture. On the surface, small
scale transfers between impervious surfaces and other land types can be accounted for
when there is stormwater runoff. My work developed the surface routing module, and
tested it at the size of a single patch. This method has potential to scale up to catchment
level and assess the impact of dispersed green infrastructure on stormwater management
or cooling effects at the neighborhood scale.

Multi-scale surface routing (MSR) is a new development in RHESSys, and next steps
for further developing it should include validation and reducing parameter uncertainty.
This includes comparing standard RHESSys functioning with RHESSys-MSR at the wa-
tershed scale, and accounting for how impervious surfaces are connected to the stormwa-
ter drainage system, similar to methods in Shields and Tague, 2015 (5). Remote sensing
data of sub-pixel fractional cover could be a valuable source of urban land cover input
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to set up RHESSys-MSR for further testing. There are some limitations with using this
method, as subsurface transfers are sensitive to a parameter that is not directly observ-
able. However, having more data on soil type, soil porosity, or changes in soil moisture
may aid in explaining some of the uncertainty. Urban soils are highly heterogeneous and
play an important role for fine scale water routing, which could be an area for further
exploration.

The results found in this dissertation are specific to Santa Barbara, a coastal Southern
California town with a Mediterranean climate, and this has limitations for application of
results. Tree species parameters are set up to trees located in Santa Barbara, but may
be transferable for use of RHESSys in other locations with similar climates. However,
model outcomes were sensitive to soil pore size index, which will vary across sites. In the
first chapter, I showed that the seasonal timing of rainfall and temperature played an
important role for drought resilience, and this is likely a pattern that could be similar in
other Mediterranean climates that are energy limited in the winter and early spring. The
water use data used in the second chapter is based off of monitored irrigation accounts
in Santa Barbara, however, many places don’t have data that tracks outdoor water use
separately from indoor use, and this should be considered for other locations that may
be different in their water management and conservation strategies.

Overall, this dissertation aimed to increase understanding of the complex dynamics
between drought, urban trees, and water conservation. I also worked to enhance eco-
hydrologic model capabilities at small scales to represent tree species characteristics and
heterogeneous land cover water transfers. The results are specific to a Mediterranean
climate and show that future water conservation will likely have effects on urban forests’
ability to withstand extreme drought events. Response to future drought conditions will
depend on tree species and water conservation strategies, which include amount and
timing of outdoor water reductions and turfgrass water use.
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