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ABSTRACT OF THE THESIS

Mid- 21" Century Changes to Surface Hydrology

Over the Los Angeles Region

by

Marla Ann Schwartz

Master of Science in Atmospheric and Oceanic Sciences
University of California, Los Angeles, 2013

Professor Alex Hall, Chair

Abstract

This thesis explores projected mid-21% century changes to surface hydrological fluxes
and states in the Los Angeles region at 2km resolution. This work quantifies and describes
potential impacts of climate change to precipitation, runoff, evapotranspiration and soil column
moisture content in the Los Angeles region. Little previous research has focused on the impacts
of climate change to water resources and surface hydrology in this region. We simulate detailed
climatologies of surface hydrology for the late 20™ century and mid 21% century. By looking at
differences between the future and baseline periods, mid-century changes to surface hydrology
relative to the late 20" century can be evaluated in our study region.

Using dynamical downscaling techniques and the Weather Research and Forecasting
(WRF) model, we develop a detailed high-resolution climatology for the Los Angeles region from

coarse-resolution North America Regional Reanalysis (NARR) data and output from five
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“‘business as usual” global climate model (GCMs) simulations in the Fifth Coupled Model
Intercomparison Project (CMIP5) data archive. Output from the dynamical downscaling WRF
simulations is then used to force the offline Noah Land Surface Model (Noah-LSM), which
simulates near-surface state variables and surface turbulent fluxes. This methodology allows us
to assess potential impacts of climate change to surface hydrology in the Los Angeles region at

scales relevant to local policy makers or water resources planners.
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1 Introduction

Climate change has been observed both globally and in the western United States,
mainly due to anthropogenic forcing (Intergovernmental Panel on Climate Change 2007; U. S.
Global Change Research Program 2009). Observed climate-related changes include warmer
near-surface air temperatures, changes to precipitation patterns and intensity, increased
atmospheric water vapor, more severe weather extremes, more common and intense droughts
and floods, reduced snowpack, earlier melting of the snowpack, shifting of the runoff timing, and
a rise in sea level (IPCC 2007). These changes present challenges for water resources, energy
supply and demand, public health, and ecosystems and the environment.

The global mean surface air temperature increased around .74°C between 1906-2002,
and the rate of increase is accelerating, with stronger increases observed over land surfaces
than the ocean (Trenberth et al. 2007). Climate models estimate that global mean temperatures
may increase from 1.4°C to 5.8°C over the next 100 years (IPCC 2007). Increasing
temperatures are expected to continue to impact regional precipitation patterns, snow
accumulation and snowmelt, soil moisture storage, river runoff and water available for
vegetation. Among the components of the water cycle, surface runoff is perhaps most important
to society. The IPCC identified freshwater resources as vulnerable to climate change and
stressed the research demand to model runoff and surface hydrology process at higher
resolutions in land surface models (2007).

While surface runoff is important, the water cycle is heavily impacted by the process of
evapotranspiration, which accounts for approximately 60% to 65% of global precipitation
(Brutsaert, 2005). Evapotranspiration accounts for the sum two separate processes:
evaporation, where water is lost as vapor from surface water bodies or the soil to the air, and

transpiration, where water is lost as vapor to the air through a plant's stomata or leaves. The



processes of evaporation and transpiration are key to the nexus of the water, carbon and
energy cycles.

The impact of climate change on the water flux between the land and atmosphere has
received much attention as a climate change issue and focus due to the potential implications
for water resources (Schimel et al. 1997; Cox et al. 2000). There appears to be little agreement
on the sign and magnitude of both historical and projected evapotranspiration trends. Some
studies conclude that actual evapotranspiration in the Northern Hemisphere steadily decreased
throughout the end of the 20" century, contrary to the initial expectation that surface warming
would increase evapotranspiration rates (Peterson et al. 1995; Golubev et al. 2001). Decreasing
evapotranspiration rates may be explained by increases in cloudiness and atmospheric aerosol
concentrations, as well as changes to solar irradiance and diurnal temperature ranges, which
reduce energy availability at the surface for evapotranspiration (Roderick and Farquhar, 2002).
Moreover, stilling of the winds due to changes in vegetation and roughness height may also play
a role in decreasing evapotranspiration trends. Additionally, other studies suggest that
increasing soil-moisture limitations in moisture-limited regions also contribute to the recent
decline of evapotranspiration trends (Jung et al. 2010). Until now, debates and uncertainties
revolve around the trends in regional evapotranspiration.

In addition to global studies on surface hydrology, previous research has focused on the
impacts of climate change to water resources of the western United States (Dettinger and
Cayan, 1995; Cayan 1996; Mote and Salathe, 2010). Results show that the snow water
equivalent (SWE) measured on April 1 for the western United States has declined from 1950 to
2000, except in the southern Sierra Nevada Mountains of California (Mote 2003). Additionally,
research shows that more winter precipitation fell as rain as opposed to snow during the period
of 1949 to 2004 (Knowles et al. 2006). Moreover, earlier snowmelt runoff has been observed
due to the earlier onset of spring (Dettinger and Cayan, 1995; Cayan et al. 2001; Stewart et al.

2004). In addition to research on the influence of climate change on the western United States,



much research has specifically examined the observed and projected influence of climate
change on water resources and surface hydrology in Northern California’s snow dominated
regions (Gleick and Chalecki, 1999; Christensen et al., 2004; Hayhoe et al. 2004; Mote et al.
2005; Kapnick and Hall, 2010). However, few studies have evaluated the impacts of climate
change to water resources and surface hydrology in the southern regions of California,
particularly the Los Angeles region. Understanding the impact of climate change on surface
hydrology and the partitioning of precipitation into runoff and evapotranspiration in the Los
Angeles region is important for water resources planning.

The Los Angeles region is deeply dependent on numerous sources of water supply, both
imported and natural. Imported resources for the Los Angeles region include water from the
Colorado River, California State Water Project (from Northern California), and Los Angeles
Aqueduct (from the Sierra Nevada Mountains). Additional sources include ground water, local
reservoirs and desalination plants. Climate change is expected to impact Los Angeles’ capability
to store surface water due to changes to the location, intensity and frequency of precipitation.
Any potential changes to surface hydrology or water resources in the Los Angeles region due to
climate change will further strain a water system already heavily reliant on imported water; this
will only obstruct efforts to make the Los Angeles region more sustainable and less vulnerable
to climate change impacts. As such, it is important to examine adjustments to local surface
hydrology so that resource managers, land use planners and policy makers can better prepare
for the future. This requires very high-resolution information regarding the impact of future
climate variability on surface hydrologic fluxes and states in the Los Angeles region.

The work of this thesis focuses on the Los Angeles region at 2km resolution. Figure 1
shows the border of our simulation domain, with the border of Los Angeles County shown in the
middle. At such a high resolution, the main features of the domain’s topography and coastlines
are well represented. The Los Angeles region is characterized by a Mediterranean-type climate,

with fairly drastic seasonal changes in rainfall and modest seasonal transitions in temperature.



Annual precipitation in the Los Angeles region ranges from approximately 100-1000 mm/year
and the mean annual temperature ranges between 16°C and 18°C (Levien et al. 2002).
Vegetation below 2000m is predominantly scrubs and chapparal, while vegetation above 2000m
is mostly forest (Levien et al. 2002). The greater Los Angeles region is home a population of
nearly 18 million people, who together account for nearly $750 billion in economic activity every
year (U.S. Metro Economies -- Gross Metropolitan). The rapidly growing metropolitan areas of
the Los Angeles region already face issues of water stress, and any change to water resources

will exacerbate this issue.
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Figure 1: Topography of our study domain, colored by elevation (meters). The domain is studied
at 2km resolution. The border of Los Angeles County is shown in the middle.

This study focuses on two three-year time periods: A “baseline” period (September 1,
1998-August 31, 2001) and a “future” period (September 1, 2058 — August 31, 2061). By looking
at the differences between the future and baseline periods, mid 21 century climate change
impacts to surface hydrology relative to the late 20" century can be evaluated for the Los
Angeles region. Using the Noah Land Surface Model, we examine mid-21 century impacts to
surface hydrology at 2km resolution in the Los Angeles region under a “business as usual’
climate change signal from five global climate models (GCMs). We aim to assess the impact of

future climate change on surface hydrologic fluxes and states in the Los Angeles region.




In this study, we refine our understanding of regional changes to surface hydrology. In
section 2, we present the description of the configurations of the two models used in this work:
the Noah Land Surface Model (Noah-LSM) and Weather Research and Forecasting Model
(WRF). In section 3, we complete a validation of both models’ abilities to simulate realistic
surface hydrology and meteorological variability in our domain. In section 4, we present our
results from Noah-LSM and assess mid-21% century changes to surface hydrology in the Los
Angeles region. Finally, in section 5, we discuss the implications of our results and highlight the

need for further research.



2 Methods

In this section, we describe the offline Noah Land Surface Model (Noah-LSM) we use to
simulate surface and near-surface hydrology in the Los Angeles region. We also cover
information regarding model initialization for the Noah-LSM simulations. Additionally, we
describe the Weather and Research Forecasting (WRF) Model and dynamical downscaling

methods used to simulate the meteorological forcing variables for our Noah-LSM simulations.

2.1 Description of the Noah Land Surface Model (Noah-LSM)

2.1.1 Noah-LSM Development and Introduction

The Noah (National Centers for Environmental Prediction, Oregon State University, Air
Force, and Hydrologic Research Lab) Land Surface Model (LSM) is a community land surface
model that simulates near-surface state variables and surface turbulent fluxes from eight
meteorological forcing variables. From the time Noah-LSM was developed by Mahrt and Pan
(1984), a series of modifications have been made to increase forecast accuracy and efficiency
and to improve the simulation of various land surface processes. Noah-LSM is widely used in
both operational weather forecasting and climate models; Noah-LSM has been used
operationally since 1996 as the land surface model in regional and global climate models at the
National Centers for Environmental Prediction (NCEP) and as the land component of the
Weather Research and Forecasting model (WRF) at the National Center for Atmospheric
Research (NCAR) (Wang et al 2010). Noah-LSM has also been used in land data assimilation
systems, including the Land Information System (Peters-Lidard et al. 2007), the High Resolution
Land Data Assimilation System (Chen et al. 2007), and the North American Land Data
Assimilation System (Mitchell et al. 2004).

Noah-LSM can be run in either offline mode or coupled to a climate model. In the offline
mode, Noah-LSM uses meteorological forcing variables as input to simulate the land surface as

a one-dimensional column. Previous research suggests that Noah-LSM, both in offline and



coupled mode, simulates climate variability and processes well in both semi-arid and
mountainous regions (Hogue, 2003; Hogue et al. 2005; Jin and Miller, 2007). The work of this
thesis is based on the offline 1-dimensional Noah-LSM version 3.4.1, which was released in
September 2012 and is available at http://www.ral.ucar.edu/research/land/technology/lsm.php.
2.1.2 Noah-LSM Forcing Input and Simulation Output

The atmospheric and surface forcings required by Noah-LSM are fully described in Chen
et al. (2007). Noah-LSM simulations require the input of eight meteorological forcing variables:
(1) near-surface air temperature, (2) surface pressure, (3) near-surface wind speed, (4) near-
surface wind direction, (5) near-surface relative humidity, (6) precipitation, (7) downward long
wave radiation flux at the surface and (8) downward short wave radiation flux at the surface.
Noah-LSM then simulates a number of state variables, including surface skin temperature,
surface runoff, underground runoff, water-equivalent snow depth, snow depth, canopy moisture,
ground heat flux, surface albedo, potential evaporation, and latent and sensible heat fluxes.

Though the offline, uncoupled Noah-LSM used in this work is a one-dimensional column
model, it still considers the fractional coverage of vegetation, bare ground, land-use category,
and soil category within each model grid cell. Noah-LSM has one canopy layer and uses a
climatologically prescribed albedo and green vegetation fraction for each grid cell. Noah-LSM
partitions the soil column into four soil layers with lower boundaries of 0.1m, 0.4m, 1.0m and
2.0m below the surface. From the surface to bottom soil layer, the soil layers in Noah-LSM
represent the thin surface layer, root zone layer, deep root zone later and sub-root zone layer.
For each soil layer, Noah-LSM simulates soil temperature, moisture content and liquid water
content, allowing one to examine the diurnal and seasonal evolutions of the soil. A schematic of

the model diagram is shown in Figure 2.
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Figure 2: Noah LSM model structure (Source:
http://www.ral.ucar.edu/research/land/technology/lsm.php)

2.1.3 Noah-LSM Physics

The surface energy balance and surface water balance serve as the physically based
foundation of Noah-LSM. Chen and Dudhia fully describe the model’s hydrology and
thermodynamics formulation (2001). Vertical water movement is governed by the conservation
of water mass and a diffusive form of the Richard’s equation for soil hydraulics (Richards 1931).
The surface energy balance in Noah-LSM is used to compute the skin temperature of the
ground-vegetation surface. Noah-LSM simulates temperature for each of the four soil layers
using a Crank-Nicholson time-integration numerical scheme. Soil heat transfer in Noah-LSM is
determined by diffusion equations. Additionally, Noah-LSM considers the relationships between
soil moisture, hydraulic conductivity and soil matrix potential according to Clapp and Hornberger
(1978). Noah-LSM uses a lookup parameter table based on a 24-category United States
Geological Survey land-cover dataset to determine surface properties such as vegetation type,

leaf area index, albedo and roughness length. Noah-LSM uses another lookup parameter table




based on a 16-category soil texture scheme that was developed by Miller and White to
determine porosity, hydraulic properties, and the slope of the water retention curve (1998).

Moreover, we must consider the calculations of runoff and evapotranspiration in Noah-
LSM, as diagnosing impacts to runoff and evapotranspiration is key to understanding the
impacts of climate change on surface hydrology and water resources in the Los Angeles region.
Noah-LSM simulates both surface and subsurface runoff. Surface runoff is parameterized in a
simple infiltration-excess scheme, while subsurface runoff is treated as a linear function of
bottom soil-layer gravitational drainage (Schaake et al. 1996). The lower 1m of the soil column
acts as a reservoir with gravity drainage at the bottom, and the upper 1 m of soil serves as the
root zone. Subsurface runoff in Noah-LSM is controlled by gravitational drainage alone. Surface
runoff is then simply the excess water after infiltration occurs.

Total evapotranspiration in Noah-LSM has three contributing sources: direct evaporation
from the top surface soil layer, evaporation of rainfall intercepted by the canopy, and
transpiration via the canopy and roots. Transpiration via the canopy and roots is calculated
according to the adjusted potential Penman-Monteith transpiration equation. The conductance
of canopy transpiration is determined using the Jarvis scheme, where canopy resistance is
calculated as a function of a number of environmental stress functions and the minimum canopy
resistance (Jarvis 1976).

At high elevations in our study area, specifically in the San Gabriel, San Bernardino and
San Jacinto Mountains, precipitation may fall as snow during the cold months of winter and
early spring. Therefore, it is important to understand the treatment of snow in Noah-LSM. Using
a single layer snow model, Noah simulates snowpack depth, snow water equivalent, snow
albedo and skin temperature. Noah-LSM accounts for the accumulation, sublimation and heat
exchanges at the snow-soil and snow-atmosphere boundaries. Unfortunately, Noah-LSM does
not consider snow grain growth or changes over time. The presence of snow on the ground is

essentially determined by air temperature, and Noah-LSM allows fractional snow cover within



grid cells (Ek et al. 2003). With the onset of snowmelt in the spring, melt water becomes runoff

which does not affect the adjacent grid cells because Noah-LSM has no routing scheme.
2.2 Noah-LSM Initializations

This study focuses on two three-year time periods: A “baseline” period (September 1,
1998-August 31, 2001) and a “future” mid-21°' century period (September 1, 2058 — August 31,
2061). By looking at differences between the future and baseline periods, mid-century changes
to surface hydrology relative to the late 20™ century can be evaluated in our study region.
Additionally, the baseline simulation allows us to validate the model’s ability to simulate regional
climate (section 3).

In order to have accurate initial conditions, a four-month spin-up technique was adopted
for each of the six simulations. For the baseline simulation, Noah-LSM simulates near-surface
states and fluxes over the Los Angeles region from May 1, 1998 to August 31, 2001; the future
simulations run from May 1, 2058 to August 31, 2061. We treat the first four months of all
simulations (May 1, 1998 to August 31, 1998 for the baseline simulation, and May 1, 2058 to
August 31, 2058 for the future simulations) as the model spin-up period. Finally, we evaluate
and analyze simulations of a three-year period: September 1, 1998 to August 31, 2001 for the
baseline simulation and September 1, 2058 to August 31, 2061 for the future simulations. The
Noah-LSM simulations are forced at a 3-hour time step by meteorological forcings simulated by
WREF. A detailed description of the methods used to produce the meteorological forcing inputs
for the Noah-LSM simulations is found in section 2.3.

We run six offline Noah-LSM simulations in this study: (1) a baseline simulation forced
by WRF dynamically-downscaled NARR; (2) a future simulation forced by WRF dynamically-
downscaled NARR perturbed by CCSM4; (3) a future simulation forced by WRF dynamically-
downscaled NARR perturbed by CNRM-CM5; (4) a future simulation forced by WRF

dynamically-downscaled NARR perturbed by GFDL-CM3; (5) a future simulation forced by WRF
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dynamically-downscaled NARR perturbed by MIROC-ESM-CHEM; and (6) a future simulation
forced by WRF dynamically-downscaled NARR perturbed by MPI-ESM-LR. All future
simulations use RCP8.5 to determine the climate change signal that is generated by the WRF

model and used to force Noah-LSM.
2.3 Meteorological Forcing Inputs for Noah-LSM Simulations

Using dynamical downscaling techniques and the Weather Research and Forecasting
(WRF) Model, we project meteorological forcing variables for the Los Angeles region at 2km
resolution for the baseline period and future period under Representative Concentration
Pathway 8.5 as projected by five global climate models in the CMIP5 data archive. A more
complete description of the WRF technique to simulate meteorological forcing inputs for the
Noah-LSM simulations is found in Hall et al. (2012).

2.3.1 Global climate simulations

General circulation models (or global climate models, GCMs) simulate global
atmospheric and meteorological variables for a large area (resolution ranging from 2.5° — 10°
longitude and latitude); they are widely used for projecting global climate change that results
from increasing concentrations of greenhouse gases in the atmosphere. Variables simulated in
GCMs include radiative fluxes, sea level pressure, specific humidity, precipitation, temperature
and wind velocities. We use a data archive of multi-model global climate change experiments,
the Coupled Model Intercomparison Project Phase 5 (CMIP5) (Taylor et al. 2012). CMIP5
contains simulated output from nearly 30 state-of-the-art GCMs from various climate research
centers. The CMIP5 archive was designed to advance the scientific community’s knowledge of
climate variability and climate change. CMIP5 forms the bases of the forthcoming Fifth
Assessment Report (AR5) by the United Nations Intergovernmental Panel on Climate Change
(IPCC).

By coordinating simulations from numerous GCMs, multi-model ensemble simulations

11



can be evaluated. Previous research has shown that multimodel ensemble simulations
outperform individual model simulations and provide more robust estimates of future climate
change and uncertainties (Gleckler et al. 2008, Sillman et al. 2013). CMIP5 utilizes emission
scenarios called Representative Concentration Pathways (RCPs) (Moss et al. 2010,
Meinhausen et al. 2011). While four RCPs have been assessed, the work of our study focuses
on RCP 8.5, which corresponds to a produced radiative forcing of 8.5 watts per square meter by
the end of the 21 century due to increasing greenhouse gas concentrations. The RCP8.5
scenario would be one in which greenhouse gas emissions continue to increase throughout the
21% century. We choose RCP8.5 because of its strong signal at the end of the 21 century.
RCP8.5 is very similar to the A2 emissions scenario of the Special Report on Emissions
Scenarios (SRES), which was used for the CMIP3 model comparison project (Moss et al. 2010).
While GCMs are valuable in assessing general trends over regions, their coarse
resolution fails to capture atmospheric and meteorological variables at a resolution necessary
for performing regional-scale analysis (Giorgi and Mearns, 1991). The average resolution of
CMIP5 models is about 200km, which is far too low to understand surface hydrology and
climate at scales relevant to policy makers or water resources planners. Los Angeles’
topographical features and coastlines are poorly represented in GCMs, and thus GCMs cannot
simulate regional-scale processes (including the coastal vs. desert climates in the Los Angeles
Region, land-sea breeze circulations, valley climates and orographic precipitation). These
phenomena are important in understanding and projecting the surface hydrology of the Los
Angeles region. Previous research also suggests that the consideration of regional-scale
processes is necessary in order to understand and simulate climate variability and hydrology in
California (Cayan, 1996; Conil and Hall, 2006; Hughes et al. 2007). The scale of GCMs is
simply too coarse to accurately force high-resolution Noah-LSM runs for our study domain.
Therefore, in order to obtain reliable surface hydrology information for Los Angeles at

the regional-scale from Noah-LSM, we must force Noah-LSM with meteorological variables
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downscaled from the relatively-course GCMs to a spatial scale of much higher resolution. In the
case of our Noah-LSM simulations, we need atmospheric and meteorological variables at 2km
resolution to force our model. Though GCMs are unable to provide such high-resolution
forcings, downscaling methods have been developed in order to simulate detailed climatology
for smaller regions.
2.3.2 WRF and dynamical downscaling methods to produce Noah-LSM forcing
inputs

Translating coarse-resolution GCM simulations to the local or regional scale is
challenging. Both dynamical and statistical downscaling methods have been used to develop
detailed high-resolution climatology from GCM simulations. In our case, we employ dynamical
downscaling to simulate high-resolution meteorological variables from the relatively coarse-
resolution GCM output. The high-resolution meteorological variables of temperature, surface
pressure, wind speed, wind direction, relative humidity, precipitation, incoming long wave
radiation and incoming shortwave radiation are then used to force our Noah-LSM simulations.

Dynamical downscaling involves the use of mesoscale atmospheric models, which
describe the domain topography and land surface at a much higher spatial resolution than
GCMs. In dynamical downscaling, regional climate models are nested within a coarse-resolution
GCM grid cell with either GCM simulation output or reanalysis data as the lateral boundary
conditions for the simulation. Then, atmospheric dynamics are modeled at a very high
resolution, allowing the regional climate model to simulate fine-scale physical processes.
Dynamical downscaling greatly decreases the model’s spatial resolution (1km to 50km) and has
been widely used to explore climate change impacts over a variety of regions (Jones et al.
1997; Giorgi et al. 2001; Wang et al. 2004). Dynamical downscaling has already proven
valuable in obtaining high-resolution information on California climate change from coarse-

resolution GCM simulations (Leung et al. 2003; Leung et al. 2004; Kanamitsu and Kanamaru,
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2007; Caldwell et al. 2009; Qian et al. 2010; Pan et al. 2011). Previous research has assessed
impacts to California’s temperature, snowpack and hydrologic cycle. Unfortunately, dynamical
downscaling techniques require extensive computing power, making it highly impractical to
dynamically downscale every GCM in the CMIP5 data archive forced by each emissions
scenario. Thus, we choose to dynamically downscale five GCMS in the CMIP5 data archive for
emissions scenario RCP8.5

To dynamically downscale GCM output and reanalysis data to a finer resolution in the
Los Angeles region, we use the Weather Research and Forecasting Model (WRF; Skamarock
et al. 2008) version 3.2. WRF is a mesoscale forecast model developed by the National Center
for Atmospheric Research (NCAR). WRF is designed for simulations at the regional scale and is
well suited for a wide range of applications, including idealized climate simulations and
operational weather forecasts. Some key features of WRF include: (1) fully compressible Euler
non-hydrostatic equations; (2) high-order numerical techniques that conserve mass and dry
entropy; (3) scalar-conserving flux form for prognostic variables; and (4) nesting capability.

As a community-developed model, WRF offers numerous physics parameterization
options, thus tapping into the knowledge and experience of the modeling community. The
physics parameterization options allow the model to be applicable on scales ranging from tens
of meters to thousands of kilometers. We choose the following physics parameterization options
for our simulations: Kain-Fritsch cumulus scheme (Kain, 2004); Yonsei University boundary
layer scheme (Hong et al. 2006); Purdue Lin microphysics scheme (Lin et al. 1983); Rapid
Radiative Transfer Model longwave radiation (Mlawer et al. 1997); and Dudhia shortwave
radiation schemes (Dudhia, 1989).

Figure 3 shows the domains for the WRF simulations. To increasingly link the scales of
the coarse resolution GCMs output to a high-resolution simulation of the Los Angeles region, we
successively nest higher resolution domains within one another. Each outer domain then feeds

the lateral boundary conditions to a higher-resolution domain nested within it. In our WRF
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simulations, there are three nested domains. The outermost domain, with the coarsest
horizontal resolution of 18km, simulates the state of California along with the adjacent Pacific
Ocean. The second domain focuses on the southern portion of California with a resolution on
6km. Finally, the innermost domain, with the highest resolution of 2km, examines the Los

Angeles region and surrounding areas.
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Fig. 3: WRF simulation domains at 18, 6 and 2km resolution (from the outermost to innermost
grid). Elevation (unit: meters) is also shown in color, but at the resolution of the outermost
domain. The innermost domain (2km resolution) is used in this study, where Los Angeles
County is outlined. Coarse-resolution atmospheric forcings are applied to the boundary of the
outermost domain. The baseline period (September 1, 1981- August 31, 2001) is forced using
NARR data, while the future (May 1, 2057- August 31, 2061) period is forced using NARR data
perturbed by the CCSM4, CNRM-CM5, GFDL-CM3, MIROC-ESM-CHEM and MPI-ESM-LR
RCP8.5 emissions scenario runs.

To ensure a smooth transition across the boundary from one nested domain to another
nested domain, we relax grid points near the lateral boundaries to the corresponding values at
the boundaries separating the domains. Each nested domain has 43 sigma-levels in the vertical,
and the vertical resolution is enhanced near the surface as 30-sigma levels are within 3km of

the surface. Finally, the innermost domain in the dynamical-downscaling WRF runs is the same
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domain as the Noah-LSM simulations described in the previous section (seen in figure 1).

Using this WRF model configuration, we perform a twenty-year baseline simulation
(September 1, 1981- August 31, 2001) to reconstruct weather and climate variations at 2km
resolution. The output from May 1, 1998 to August 31, 2001 serves as the meteorological
forcing input for the baseline Noah-LSM simulation previously described (where the first four
months are considered the spin-up period for the Noah-LSM simulations). We choose to
analyze the three years from September 1, 1998 to August 31, 2001 for the Noah-LSM
simulations, as they represent rather average years of the baseline period in terms of annual
mean temperature. This period also samples the interannual variability of temperature and
precipitation in our domain well. The coarse-resolution (32km) data archive used to force the
WREF regional model for the baseline simulation is the National Centers for Environmental
Prediction 3-hourly North America Regional Reanalysis (NARR) data. NARR data serves as the
lateral boundary conditions for the outermost domain in figure 3 for the baseline simulation.

Table 1: Name and characteristics (country, institution, and resolution) of the CMIP5 GCMs
used for WRF dynamical downscaling.

Model Name Country Institute Resolution

CCSM4 USA National Center for 1.25° x .9°
Atmospheric Research

CNRM-CM5 France Centre National de 1.4°x1.4°
Recherches Meteorologiques

GFDL-CM3 USA NOAA Geophysical 2.5°x2.0°
Fluid Dynamics Laboratory

MIROC-ESM-CHEM | Japan AORI (U. Tokyo), 2.8°x2.8°
NIES, JAMESTEC

MPI-ESM-LR Germany Max Planck Institute
for Meteorology

As mentioned

earlier, dynamical downscaling techniques are very computationally

expensive, and that is why we can only dynamically downscale five GCMs in the CMIP5 data
archive for emissions scenario RCP8.5 for short simulations. It would be highly impractical and

expensive to dynamically downscale every GCM for multiple emissions scenarios and long
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durations, though that would certainly help in characterizing climate change uncertainties. The
five GCMs we select from the CMIP5 archive are chosen as they simulate a range of different
regional-mean warming signals and land-sea warming contrasts in our domain.

To produce future boundary conditions for WRF, we quantify the differences in monthly
climatology between the future and baseline periods for each GCM; these differences represent
the climate change signals of interest that develop in each GCM simulation. For each month
and each GCM, the climate change signals are added to the NARR reanalysis data
corresponding to the baseline period. Additionally, we increased carbon dioxide levels in the
future WRF simulations to match the change in carbon dioxide equivalent radiative forcing in the
RCP8.5 emissions scenario. As a result, we perturb the NARR data with the climate change
signal provided by the five GCMS to have five sets of boundary conditions for the future: (1)
NARR perturbed by CCSM4; (2) NARR perturbed by CNRM-CM5; (3) NARR perturbed by
GFDL-CM3; (4) NARR perturbed by MIROC-ESM-CHEM; and (5) NARR perturbed MPI-ESM-
LR.

For both the baseline (1998-2001) and five future (2058-2061) dynamically downscaling
climate simulations, WRF output includes snapshots of 2-dimensional variables every 3 hours
and 3-dimensional variables every 6 hours for each gridpoint. The 3-dimenional variables were

interpolated from a 6-hour time step to a 3-hour time step for all Noah-LSM simulations.

17



3 Validation

Prior to analyzing changes to surface hydrology in the Los Angeles region, we
demonstrate that the offline Noah-LSM baseline simulation accurately simulates the mean state.
Since the focus of this study is the surface hydrological component of climate change, the
validation exercise involves a comparison of simulated variations by the offline Noah-LSM runs
and observed variations related to surface hydrology. A second component of the validation
exercise involves the validation of the meteorological variables from the dynamical downscaling
WRF simulations used to force the Noah-LSM simulations.

Noah-LSM model performance for the baseline period is evaluated by comparing
simulated model output of soil temperature, evapotranspiration and surface runoff to available
point measurements. Unfortunately, other variables are unable to be validated due to limited
observational measurements in our study domain. In this section, we describe the data available
for evaluation as well as the model's ability to reproduce climate variations within the Los
Angeles region. In our comparison between model output and point-measurements, we focus

on the period between September 1, 1998 and August 31, 2001 (the validation period).

3.1 Evaluation data

3.1.1 CIMIS Observation Stations

The California Irrigation Management Information System (CIMIS) consists of a network
of over 130 computerized weather stations throughout the state of California (Hart et al. 2008).
The California Department of Water Resources and the University of California, Davis
implemented CIMIS stations in 1982. CIMIS stations are located near key municipal and
agricultural sites, as the original intention of the stations was to provide evapotranspiration data
to the agricultural community in order to improve water use. Stations collect hourly data of air
temperature, wind speed, wind direction, soil temperature, solar radiation, evapotranspiration

and relative humidity. We obtained hourly, quality-controlled, near-surface meteorological
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observations from 17 CIMIS stations (CIMIS #10, 11, 58, 59, 73, 75, 78, 82, 93, 97, 99, 101,
102, 117, 125, 133 and 159) within our study domain for which data was available for the
validation period at http://www.cimis.water.ca.gov/cimis/. The length and completeness of the
observational record, as well as the measured meteorological variables, vary for each CIMIS

station. The network of CIMIS stations used for model evaluation is shown in figure 4.
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Fig. 4: Location and identification number ot CIMIS weather stations used for model evaluation.
Elevation (unit: meters) is shown. The black line represents the 1000m elevation contour.

3.1.2 USGS HCDN Streamflow Gauges

Noah-LSM model performance for the baseline period is also evaluated by comparing
simulated output of surface runoff to available point measurements from streamflow gauges
from the United States Geological Survey (USGS) Hydro-Climatic Data Network-2009 (HCDN-
2009). The USGS HCDN-2009 is a network of streamflow gauges across the United States
(Slack et al. 1993; Lins, 2012). Streamflow data is available through the National Water
Information System of the USGS at http://waterdata.usgs.gov/nwis/. HCDN-2009 streamflow
gauges are identified as having natural streamflows least affected by direct human activities,
accurate measurement records, and at least 20 years of complete and continuous discharge
record through water year 2009. We obtained daily, quality-controlled streamflow data from 3

gauging stations (USGS gauges 10263500, 11098000 and 11124500) for which data was

19




available within our study domain for the validation period. All gauges have complete records of
daily streamflow discharge data for validation period. The network of HCDN streamflow gauges

used for model evaluation is shown in figure 5.
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Fig. 5: Location of USGS HCDN streamflow gauges used for model evaluation. Elevation (unit:
meters) is shown.

3.2 Validation of Noah-LSM Output

We validate Noah-LSM model performance for the baseline period by comparing
simulated output of soil temperature, evapotranspiration and runoff to observational point
measurements from the CIMIS weather stations and USGS HCDN-2009 streamflow gauges.
The networks of available point measurements seen in figures 4 and 5 are far too sparse to
adequately characterize all spatial and temporal patterns output by Noah-LSM. However,
because the locations of observational measurements represent a variety of elevations,
vegetation types, soil types and distances from the coast, we can use the networks of available
point measurements to evaluate the realism of the spatial and temporal patterns simulated by
Noah-LSM. The variety of locations provides a nice sampling of the range of soil temperatures,
evapotranspiration rates and runoff observed across our domain. This section will discuss

validation methods for the Noah-LSM output. Additionally, we demonstrate that Noah-LSM
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properly simulates the observed spatial patterns and mean state of surface hydrology in our
domain.
3.2.1 Soil temperature

We validate daily minimum and maximum soil temperature, which is output by Noah-
LSM. Thirteen CIMIS stations have some record of hourly soil temperature at 15cm depth
during the validation period. Noah-LSM outputs soil temperature for each of the four soil layers.
Soil temperatures the thin surface layer and root zone layer are representative of the mean
temperature between 0-10cm and 10-40cm, respectively. As such, we take a weighted mean of
the simulated soil temperature of layers 1 and 2 in order to determine the temperature at 15cm
depth. Figure 6 (7) compares the seasonal-mean daily minimum (maximum) temperature
observed at a CIMIS point measurement site to the seasonal-mean daily minimum (maximum)
temperature simulated at the nearest grid point in the WRF domain for thirteen CIMIS point
measurement sites. This comparison provides an assessment of the realism of the spatial and
seasonal patterns simulated by Noah-LSM.

The seasonal cycle of daily minimum and maximum soil temperatures simulated by
Noah-LSM is very much consistent with observations. The seasonal shifts in daily maximum
and minimum soil temperature at 15cm depth are almost identical at the CIMIS observational
locations and the nearest model grid points. This confirms that for each season, the model
simulates the spatial variations in climatological daily maximum and minimum soil temperature
at 15cm depth quite well. The model quality is particularly good in fall, winter and spring, with
correlations above .75 for both maximum and minimum daily temperature. WRF tends to
underestimate the maximum and minimum daily soil temperatures at 15cm depth during the
summer, but the model and observations are still in broad agreement during this season.

Overall, figures 6 and 7 give us confidence in the model’s ability to simulate accurate states.
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Fig. 6: Validation of the spatial variability of minimum daily soil temperature as simulated by
Noah-LSM. This shows a comparison of the average seasonal-mean minimum daily soil
temperature (°C) at a CIMIS point measurement site to the seasonal-mean minimum daily soil
temperature simulated at the nearest grid point in Noah-LSM for thirteen point measurement
sites. Points are color-coded by season. Observed daily minimum soil temperatures are highly
correlated with simulated daily minimum soil temperatures in each season.
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. Validation, maximum daily soil temperature (°C)
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Fig. 7: Validation of the spatial variability of maximum daily soil temperature as simulated by
Noah-LSM. This shows a comparison of the average seasonal-mean maximum daily soil
temperature (°C) at a CIMIS point measurement site to the seasonal-mean maximum daily soil
temperature simulated at the nearest grid point in Noah-LSM for thirteen point measurement
sites. Points are color-coded by season. Observed daily maximum soil temperatures are highly
correlated with simulated daily maximum soil temperatures in each season.

3.2.2 Evapotranspiration

We validate evapotranspiration, which is output by Noah-LSM and estimated by CIMIS
stations. CIMIS provides evapotranspiration estimates at specific sites, and three CIMIS
weather stations in our domain have adequate meteorological data to estimate daily
evapotranspiration for our the validation period; other CIMIS stations do not have adequate
measurements to estimate daily evapotranspiration. Evapotranspiration has high spatial
variability due to the complex interactions between topographical features and the nature of
climate itself. Evapotranspiration is influenced by a number of factors, including solar radiation
(which is itself highly affected by cloud cover), air temperature, relative humidity and wind
speed. Additionally, soil factors (including soil texture and density) and plant factors (including
plant type and root depth) influence evapotranspiration. Direct measurement of daily

evapotranspiration rates is both expensive and time consuming, and thus evapotranspiration
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estimates through both analytical and empirical equations is common. CIMIS employs the
standardized Penman-Monteith equation for estimating reference evapotranspiration as
described by Allen et al. (1998, 2006)

Figure 8 compares climatological evapotranspiration for CIMIS locations and the nearest
model grid point, providing an assessment of the surface hydrology climatology simulated by
Noah-LSM. The seasonal cycle of daily evapotranspiration simulated by Noah-LSM is broadly
consistent with observations. Daily evapotranspiration is greatest during the summer months
when more energy is available for evapotranspiration (due to higher incoming solar radiation
during the summer) and both the vegetative cover and leaf area index are highest. In the winter,
though surface water availability is high at high elevations in our domain, evapotranspiration is
lowest due to limited energy availability and a lower leaf area index. Thus, Noah-LSM accurately

simulates the seasonal shifts in daily evapotranspiration.

Validation, seasonal-mean daily evapotranspiration (mm/day)
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Fig. 8: Validation of the variability of daily evapotranspiration as simulated by Noah-LSM. This
shows a comparison of the estimated average seasonal-mean daily evapotranspiration
(mm/day) at a CIMIS point measurement site to seasonal-mean daily evapotranspiration
simulated at the nearest grid point in Noah-LSM for three point measurement sites. Points are
color-coded by season.
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While Noah-LSM successfully captures the seasonal cycle of daily evapotranspiration,
the model appears to have trouble capturing the exact magnitude of daily evapotranspiration
with high accuracy. Within each season, evapotranspiration as simulated by Noah-LSM is often
an underestimation or overestimation of the observed CIMIS measurement. However, there
seems to be neither a strong bias toward evapotranspiration overestimation nor toward
evapotranspiration underestimation and evapotranspiration as simulated by Noah-LSM is
usually within 1-2 mm/day of the CIMIS estimate. It is difficult to compare CIMIS observations
for evapotranspiration to the nearest model gridpoint because of the highly variable nature of
spatial evapotranspiration patterns. Even with a fine model resolution of 2km, the nearest Noah-
LSM gridpoint to a CIMIS observation station can be as far as 1.4km. Evapotranspiration varies
within very fine spatial scales due to differences in vegetative cover, soil type, land use
category, etc. The spatial gap and difference in surface characteristics between CIMIS stations
and Noah-LSM grid points could account for the underestimation of evapotranspiration during
the fall and winter. We also compared the CIMIS estimate of daily evapotranspiration to the
mean of the closest two, three or four Noah-LSM grid points, but the validation does not
improve. As a result, we are confident in Noah-LSM’s ability to simulate the seasonal cycle of
daily evapotranspiration as well as realistic evapotranspiration values.

3.2.3 Runoff

We also validate Noah-LSM model performance for the baseline period by comparing
simulated output of surface runoff within a watershed to the observed value from the USGS
streamflow gauging station in the corresponing watershed. Three USGS streamflow gauging
stations are used to evaluate model performance. Noah-LSM has no routing scheme, and runoff
is simply removed from the model immediately. Therefore, to compare streamflow discharge
measured at a gauging station to Noah-LSM output, we take the sum of the runoff for each

gridpoint in the watershed that drains to the USGS gauging station in our domain.
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A comparison between the daily runoff measured at USGS streamflow gauge 11098000
and the runoff simulated in Noah-LSM for the corresponding watershed is shown in figure 9 for
February-April, 2000. Noah-LSM accurately captures the temporal variability of runoff as
measured at the streamflow gauge. Moreover, Noah-LSM the average monthly magnitude of
discharge is well represented by Noah-LSM. Average flow for this hydrograph as simulated by
Noah-LSM is .39 cubic meters per second, while the average flow for this hydrograph as
measured at gauge 11098000 is .38 cubic meters per second. Realistically simulating runoff
magnitude is important from a water-resources perspective. Often, Noah-LSM runoff output is
either too responsive or not responsive enough to small inputs of precipitation; peak runoff rates
as simulated in Noah-LSM are often too high, while persistent low flows are often too low.
Moreover, after precipitation events, Noah-LSM has trouble capturing the speed at which runoff

flow recedes.

Validation of daily runoff in Noah-LSM (cubic meters/second)

T

8 4l j j ——Noah-LSM output ]
@ S : : —USGS Gauge Measurement
@ T H
2 3.5 :
0 .
% 3 -
225
3
g 2 i
f=2
g :
S
2 ol : : i
30: T : : :
3 0.5 . A A \
z : - -
3 RN A W/ .
a o0 i
Feb 2000 Mar 2000 Apr 2000

Date

Figure 9: Validation of daily runoff in Noah-LSM. Here we show a daily streamflow hydrograph
(cubic meters per second) for USGS gauging station 11098000 (red) and the daily hydrograph
simulated by Noah-LSM (blue) for the corresponding watershed, February-April, 2000.

For the three gauging stations over the course of the entire validation period, the daily
runoff rates simulated by Noah-LSM are highly correlated (>.87) with the measured rates at the
streamflow gauging station. Moreover, the seasonal cycle of daily runoff as simulated by a
watershed in Noah-LSM is very much consistent with the seasonal cycle of daily streamflow at

the gauging station in that watershed. This confirms that for each season, the model simulates
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the spatial variations in daily runoff quite well. Overall, the ability of Noah-LSM to simulate runoff
in our domain and figure 9 give us confidence in the model’s ability to simulate accurate surface

hydrology.

3.3 Validation of dynamically downscaled WRF output used to force

Noah-LSM simulations

We evaluate the dynamically downscaled WRF output that is used to force the offline
Noah-LSM simulations by comparing the simulated output to available point measurements and
gridded observation products. In this section, we discuss previous validation of the WRF
temperature and precipitation output. Additionally, we validate the WRF output of average
seasonal-mean incoming solar radiation and average seasonal-mean relative humidity, as both
meteorological variables are used to force the Noah-LSM simulations.

Previous studies have already evaluated the temperature and precipitation output from
the WRF simulations described in this paper. Hall et al. validates the WRF simulation’s ability to
capture both the spatial and temporal variability of temperature in the Los Angeles region for the
baseline simulation (2012). They observed a high correlation between observed temperatures
and WRF simulated temperatures in each season when comparing the average seasonal-mean
temperature observed at a point measurement site to the seasonal temperature simulated at the
nearest grid point in the WRF domain for 24 point measurement sites. The point measurement
sites are near-surface temperature observations from 24 weather stations obtained from the
National Climatic Data Center (NCDC; http://www.ncdc.noaa.gov/oa/ncdc/html). Additionally,
they found the WRF framework realistically simulates the intermonthly and interannual variability
in temperature for these simulations.

Ongoing research by Berg et al. (2013) demonstrates that the WRF framework

realistically simulates both spatial and temporal patterns of wet-season (December-March)
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precipitation in our domain. Using CIMIS gauges and two gridded observations products, CPC

(http://www.esrl.noaa.gov/psd/data/gridded/data.unified.html) and Udel

(http://www.esrl.noaa.gov/psd/data/gridded/data.UDel_AirT_Precip.html), they find high

correlations between observed wet-season precipitation values and the simulated wet-season
precipitation at the nearest grid point in the WRF domain. Moreover, they find that the WRF
framework realistically simulates the interannual variability in wet-season precipitation for these
simulations.

In addition to prior research’s validation of precipitation and near surface temperature,
we validate daily mean solar radiation, which is output by the WRF simulations and used as a
forcing variable for the offline Noah-LSM simulations. Figure 10 compares the average
seasonal-mean incoming solar radiation observed at a CIMIS point measurement site to the
seasonal incoming solar radiation simulated at the nearest grid point in the WRF domain for
seventeen point measurement sites. This comparison provides an assessment of the realism of
the spatial and seasonal patterns of the meteorological forcing variables for the offline Noah-
LSM simulations. The seasonal cycle of incoming solar radiation simulated by the model is
highly consistent with observations. The seasonal shifts in incoming solar radiation are nearly
identical at the observational locations and the nearest model grid points. In addition, within
each season, the observed climatological incoming solar radiation is well correlated with its
simulated counterpart across our simulation domain. This confirms that for each season, the
model simulates the spatial variations in climatological incoming solar radiation reasonably well.

The model quality is particularly high in winter (.83). During spring and summer, the
model and observations are still in broad agreement, though the correlation is somewhat lower
as the models tend to overestimate incoming solar radiation. This could perhaps be due to the
WRF’s inability to capture May Gray and June Gloom, a localized phenomenon whereby low
marine stratocumulus clouds are common over Southern California in May and June (Klein and

Hartmann, 1993). Overall, figure AD, along with previous and ongoing research, gives us
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confidence that the dynamical-downscaling WRF simulations give the right spatial and temporal
variations in incoming solar radiation, near-surface temperature and precipitation in our domain.
This leads us to believe that the offline-Noah simulations are forced with realistic input.
Moreover, the validation of these variables gives us confidence that WRF provides a realistic

downscaling of the regional pattern in the coarser resolution NARR data set.
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Fig. 10: Validation of the variability of daily mean incoming solar radiation as simulated by WRF
in the dynamical downscaling simulations. This shows a comparison of the average seasonal-
mean daily incoming solar radiation (watts per square meter) at a CIMIS point measurement site
to average seasonal-mean daily incoming solar radiation simulated at the nearest grid point in
WREF for seventeen point measurement sites. Points are color-coded by season. Observations
of seasonal mean daily incoming solar radiation are well correlated with simulated seasonal
mean daily incoming solar radiation for each season.

3.4 Water budget closure

We also validate output from the offline Noah-LSM simulations by ensuring the baseline
output satisfies the surface water balance equation. The balance of surface water requires that
water sources to the surface equal water sinks from the surface. Therefore, precipitation must
equal the sums of runoff, evapotranspiration and the change in soil water storage. One cannot

analyze changes to surface hydrology without a closed water budget.
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In a semi-arid region like Los Angeles, the soil is rather dry (see figure 18) and any
changes to the soil water storage term are even smaller. Thus, the soil water storage term is
nearly negligible for this domain and precipitation should roughly equal the sum of runoff and
evaporation at each grid point. Because there is no routing scheme in Noah-LSM, we do not
need to consider the transfer of surface water between adjacent grid cells.

Figure 11 demonstrates that Noah-LSM output for the baseline simulation precisely
satisfies the surface water balance equation for nearly all grid points. There is a very high
correlation (.96) between annual precipitation and the sum of annual evapotranspiration and
annual runoff, showing that Noah-LSM properly simulates a closed water budget for the

baseline period.

Annual average precipitation vs. sum of annual average runoff and
evapotranspiration for all grid points in Noah-LSM baseline simulation
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Fig. 11: Validation of water budget closure in the baseline Noah-LSM. The very high correlation
(.96) between annual precipitation and the sum of annual evapotranspiration and runoff for all
non-urban land points shows that Noah-LSM properly simulates a closed water budget for the
baseline simulation.
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Figure 12 shows the change in annual precipitation (future-baseline) versus the change in the
sum of runoff and evapotranspiration for the five mid 21% century RCP8.5 simulations. This
figure demonstrates that Noah-LSM output for the five future simulations precisely satisfies the
surface water balance equation, as there is a high correlation (>.97) between the change in
annual precipitation and the sum of the changes in annual runoff and annual evapotranspiration
for all grid points in each future simulation. Overall, figures 11 and 12 give us confidence that
Noah-LSM accurately simulates a closed water budget, which allows us to analyze changes to

surface hydrology states and fluxes.

Change (future-baseline) in annual average precipitation
vs. the change in the sum of runoff and evapotranspiration
for 5 GCMs under RCP 8.5 for all grid points in Noah-LSM

CCSM CNRM GFDL

= 400 T < 400 T = 400 T
> : 2 : = :
£ 300 » i £ 300 £ 300
2 om ....... ,,,,,,,,,,,,,, .......... . g 2 oo
3 : : : 3 S
+ 10[] , ............... ‘ AR ; + + 1UD
T L3 1
S ol S gl A g
2 - - - E = . . E » s
% 400 b ............ ............. | g -100 .............. ............. % T 1 . ...............
s 200 b o : c 000 b S B ......... . c 200 b s S ]
S a0 b EONRNE SO S 300 b EONUTSOOE U o 1 1] SO S e
5 e 8 5 o 5
O -400 - - L O -400 - - . O -400 . L

-400 -200 0 200 400 -400 -200 0 200 400 -400 200 0 200 400

Change in annual predp (mmiyr) Change in annual predp (mm/yr) Change in annual predp (mmiyr)
MIRO MPIE

= 400 T = 400 r
= : : : = : : :
E 300 booeeeenn ............... (P J E 300 .............. eneuerennnsd ............
G 000 b b . Q000 b v S ......... .
] : : : b : : :
+ 100 4 ............... \ , ............. 4 + 100 4 .............. 4 .............
= : . : = : : :
5 o R sl S
% B A S— _ g A0 AN —
c _200 ........... AREREE . ............. 4 c _200
T B A S N | T—
5 5 : = : . :
O -400 . L . S -400 L H H

-400 -200 0 200 400 -400 -200 0 200 400

Change in annual predp (mmiyr) Change in annua predp (mm/yr)

Fig. 12: Validation of a maintained closed water budget between the baseline and future
simulations. Here, we show the change in annual precipitation (future-baseline, mm/yr) versus
the change in the sum of runoff and evapotranspiration (mm/yr) for the five mid-century RCP8.5
simulations. The high correlation for all non-urban land grid points in each future simulation
demonstrates that the future Noah-LSM simulations precisely satisfy the surface water balance
equation.
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4 Results

In this section, we examine the climatology of surface hydrology in the baseline period
as simulated by Noah-LSM by considering the climatological patterns of precipitation,
evapotranspiration, runoff, potential evaporation and soil moisture. Then, we examine the
climatological differences in surface hydrology between the baseline and future. This is the
regional expression of the RCP 8.5 climate change signal that is generated by the dynamically
downscaling WRF simulations and used to force the future Noah-LSM simulations. We examine
mid-21° century impacts to surface hydrology in the Los Angeles region from Noah-LSM output
as forced by five climate change signals: CCSM4 RCP8.5, CNRM-CM5 RCP8.5, GFDL-CM3

RCP8.5, MIROC-ESM-CHEM RCP8.5 and MPI-ESM-LR RCP8.5.
4.1 Climatology of baseline surface hydrology

The spatial pattern of climatological precipitation of the baseline period is shown in figure
13. The average annual precipitation (rain plus snow) received at non-urban land points in our
study domain is 368mm per year during the baseline period. 91% of our study area’s annual
precipitation occurs between the months of October and April, and 99.7% of annual precipitation
in our study domain falls as rain. On average, the coastal areas of the Los Angeles region
experience much more precipitation (375mm per year) than the inland desert region (140 mm
per year). Additionally, much precipitation in the region falls in the mountain ranges at elevations
higher than 1000m; grid points above 1000m in elevation receive an average of 466mm of
precipitation per year, while grid points below 1000m in elevation receive an average of 274mm
of precipitation per year in the baseline simulations. In the case of high elevation precipitation,
moisture is brought in from the ocean and coastal regions, and then orographic precipitation

occurs on the coastal sides of the domain’s mountain ranges.
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Baseline Annual Precipitation {(mm/yr)

Fig. 13 Noah-LSM annual mearl1 preciplitation ](mm/yr) for the b%seline period (September 1,
1998 and August 31, 2001).
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returned to the atmosphere through evapotranspiration for the baseline period.

The partitioning of precipitation into runoff and evapotranspiration for the baseline
simulation is shown in figure 14. In a semi-arid region like Los Angeles, it appears that
precipitation returned to the atmosphere almost entirely through evapotranspiration (as opposed
to runoff) in most areas of our study domain. In the inland desert region, 93% of precipitation
returns to the atmosphere via evapotranspiration. On the coastal side of high elevation areas
(above 1000m, where most precipitation in our study domain falls), 41% of annual precipitation
in the baseline period ends up as runoff, while 59% of annual precipitation is lost to

evapotranspiration. For low-lying areas (less than 1000m) in the coastal regions of Los Angeles,
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83% of annual precipitation is returned to the atmosphere through evapotranspiration, while
17% of precipitation becomes runoff.

The spatial patterns of the climatological runoff and evapotranspiration of the baseline
period are shown in figures 15 and 16, respectively. These spatial patterns are obviously well
correlated (>.96) with the spatial pattern of precipitation in the Los Angeles region, given the
lack of routing in Noah-LSM. 83% of annual runoff occurs during the months of December
through May. Grid points with elevations under 1000m have 46% less annual runoff than grid
points with elevations above 1000m. Moreover, coastal regions have 16% more annual

evapotranspiration than inland regions.
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Fig. 15: Noah-LSM annual mean runoff (mm/yr) for the baseline period.

Baseline Annual Evapotranspiration (mm/yr)
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Fig. 16: Noah-LSM annual mean evapotranspiration (mm/yr) for the baseline period.
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We also evaluate patterns of potential evapotranspiration for the baseline period.
Potential evapotranspiration represents the atmospheric demand for water from both soil and
free water surfaces if sufficient sources were available (Rind et al. 1990). Potential
evapotranspiration is estimated by Noah-LSM from the energy available for the vaporization of
water assuming no control on the actual availability of water. As a result, potential
evapotranspiration serves as an upper bound for actual evapotranspiration rates, and the
difference between actual evapotranspiration rates and potential evapotranspiration rates give a
sense of the region’s aridity. With so much energy available at the surface in this domain, the
annual average potential evapotranspiration rate for all non-urban land points is 3140 mm/year.
For the inland desert grid points, annual average potential evapotranspiration is 3590 mm/year
due to the large moisture deficit of the desert air and energy available for evapotranspiration; for
coastal grid points, the average annual evapotranspiration is 2610 mm/year. For our study
domain, only 9.5% of potential evapotranspiration is actually evapotranspirated, as surface

water available for evapotranspiration is severely limited.

Baseline Annual Potential Evapotranspiration (mm/yr)
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Fig. 17: Noah-LSM annual mean potential evapotranspiration (mm/yr) for the baseline period
(September 1, 1998 and August 31, 2001).

Next, we evaluate the average annual total soil column moisture content for the baseline
period. The soil column for each grid point in Noah-LSM is 2m deep, and total soil column

moisture content includes both liquid and frozen water in the soil column. For the entire domain,
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the average annual total soil column moisture content is 326 mm, making the annual soil about
16% saturated. There is a distinct spatial pattern in which the desert soil is significantly drier

(270 mm) than the soil of the coastal grid points (370 mm).

Baseline Annual Average Total Soil Column Moisture Content (mm)
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Fig. 18: Noah-LSM annual mean total soil column moisture (mm) for the baseline period
(September 1, 1998 and August 31, 2001).

4.2 Changes to annual mean surface hydrological variables

4.2.1 Precipitation

Projections of annual precipitation changes under future emissions scenarios for our
study domain are subject to considerable uncertainty. Our domain falls in between the mid-to-
high latitudes, which are projected to undergo future increases in annual precipitation, and the
sub-tropics, which are projected to undergo future decreases in annual precipitation (Meehl et
al. 2007). The location of the Los Angeles region, along with its complex topography and
influence by large-scale patterns of natural climate variability (including El Nino/Southern
Oscillation and the Pacific Decadal Oscillation), pose problems for future precipitation
projections for the region under various climate change scenarios. The change (future-baseline)
in annual average precipitation (mm/year) for the five GCMs under emissions scenario RCP 8.5
is seen in figure 19. Of course, there is wide disagreement regarding the sign of the change,

which is expected for this region.
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CCSM4 and GFDL-CM3 project domain-wide drying (particularly at high elevations),
while CNRM-CMS5 projects an increase in domain precipitation for the Los Angeles region by the
mid-21% century. The sign of the precipitation signal in MIROC-ESM-CHEM and MPI-ESM-LR is
not as clear, as areas in the coastal region and on coastal sides of mountains are projected to
become drier in the future, while inland and desert regions are projected to become wetter.
Despite the difficult nature of projecting precipitation changes for our study domain, it is
important to note that any annual precipitation change projected by all GCMs is still within the

range of interannual precipitation variability in the baseline simulation.

Change (future-baseline) in annual average precipitation (mm/yr)
for 5 GCMs under emissions scenario RCP 8.5
(a) RCP8.5CCSM4 (b) RCP8.5 CNRM-CM5 (c) RCP85GFDL-CM3

(

Fig. 19: Change (future minus baseline) in annual average precipitation (mm/yr) for five GCMs
(CCSM4, CNRM-CM5, GFDL-CM3, MIROC-ESM-CHEM, and MPI-ESM-LR) under emissions
scenario RCP 8.5.

We interpret the average change in annual precipitation for the five GCMS considered
under RCP 8.5 (the “ensemble mean”) as the mostly likely outcome of the change in
precipitation, as multi-model ensemble simulations outperform individual model simulations and

provide more robust estimates of future climate change and uncertainties. The ensemble mean
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annual-mean precipitation change (future minus baseline) for the five-member model ensemble
is shown in figure 20. A distinct spatial pattern emerges from the ensemble mean, in which
coastal grid points and the coastal side of high-elevation grid points are projected to undergo
decreases in precipitation by the mid-21% century, while the inland and desert regions are
expected to experience future increases in precipitation. The annual precipitation of coastal grid
points, as simulated by the ensemble-mean, is projected to decrease by 17.5mm/year by the
mid 21% century. On the other hand, the annual precipitation of inland grid points in the high
deserts, as simulated by the ensemble-mean, is projected to increase by a mere 2mm/year by

the mid 21 century.

5 Member Ensemble Mean Change in Annual Precipitation (mm/yr), future-baseline
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Fig. 20: The five-model ensemble mean change (future minus baseline) in annual precipitation,
unit: mm/yr.

4.2.2 Runoff

The change (future-baseline) in annual average runoff (mm/year) that results from the
change in annual precipitation for five GCMs under RCP 8.5 is seen in figure 21. Changes in
annual average runoff are particularly noticeable in the coastal and mountain regions. The sign
of the change in annual runoff for each gridpoint in each GCM heavily depends on the sign of

the change in annual precipitation as projected by that GCM, with a correlation coefficient above
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.88 for all models. Grid points that are projected to undergo future increases in precipitation are
projected to experience similar increases in runoff, and grid points that are projected to undergo
future decreases in precipitation are projected to experience similar decreases in runoff. For all
future simulations in Noah-LSM, the sign of the change in annual runoff is the same as the sign
of the change in annual precipitation for over 97% grid points in our domain. Thus, the change

in precipitation seems to control the change in runoff in our simulation domain.

Change (future-baseline) in annual average runoff (mm/yr)

for 5 GCMs under emissions scenario RCP 8.5
(a) RCP8.5 CCSM4 (b) RCP85 CNRM-CMS

(d) R(’)F‘S 5MIROC-ESM-CHEM (e) RCPS5 MPHESMHLR
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Fig. 21: Change (future minus baseline) in annual average runoff (mm/yr) for five GCMs
(CCSM4, CNRM-CM5, GFDL-CM3, MIROC-ESM-CHEM, and MPI-ESM-LR) under emissions

scenario RCP 8.5.

The ensemble mean change (future minus baseline) in annual runoff for the five-member
model ensemble is shown in figure 22. Again, the sign of the change in annual runoff as
simulated by the ensemble-mean is the same as the sign of the change in precipitation for 95%
of non-urban land points in our domain, with a high correlation between the two changes (.91).
According to the ensemble mean, coastal grid points will undergo an average decrease of 8
mm/year of runoff, while inland desert grid points are projected to experience nearly no change

in annual runoff. Some areas above 1000m in elevation on the coastal side of the mountain
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ranges are projected to experience decreases in annual runoff as strong as 130 mm/year,
posing serious concerns for water resources and availability. While the ensemble mean may be
a better representative of future precipitation changes because it eliminates the uncertainty
associated with biases in individual GCMs, the individual models hardly agree on the sign of
precipitation changes and the magnitude of the ensemble mean change in precipitation is

considerably smaller than that of all models. Thus, we should analyze ensemble mean changes

cautiously in this assessment.
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Fig. 22: The five-model ensemble mean change (future minus baseline) in annual runoff, unit:
mm/yr.

4.2.3 Evapotranspiration

Future changes to evapotranspiration are of particular interest to water planners due to
the impact of evapotranspiration on water availability. Under RCP 8.5 for each future simulation,
incoming long wave radiation increases due to the increase in concentration of greenhouse
gases in the atmosphere. In turn, this provides more energy to the surface, which increases the
potential evapotranspiration rate throughout the domain. The ensemble mean change in annual
potential evapotranspiration (future minus baseline) for the five-member model ensemble is

shown in figure 23. Each future simulation projects domain-wide increases in potential
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evapotranspiration for all grid points, with an average increase of 180 mm/year in potential
evapotranspiration. Increases in potential evapotranspiration are highest at elevations above
1000m, where decreases in snow cover and albedo during the winter months allow more energy
to reach the surface, thus providing more energy for potential evapotranspiration. The ensemble

mean serves as a good indication of future changes in annual potential evapotranspiration.

Ensemble Mean Change in Annual Potenital Evapotranspiration (mm/yr), future-baseline
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Fig. 23: The five-model ensemble mean change (future minus baseline) in annual potential
evapotranspiration, unit: mm/yr.

Of course, while annual potential evapotranspiration is expected to increase in a
warmer, more energized future, actual evapotranspiration rates are limited by surface water
availability. The change (future-baseline) in annual average evapotranspiration (mm/year) as
projected by five GCMs under RCP 8.5 is seen in figure 24. The relationship between the
change in annual precipitation and change in annual evapotranspiration is not as well defined as
the relationship between the change in annual precipitation and change in annual runoff, where
the sign of both changes was nearly always the same for grid points. While decreased
precipitation (for example, as projected in the RCP 8.5 CCSM4 simulation) often implies less

water available for evapotranspiration (and hence a corresponding decrease in
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evapotranspiration, as projected by CCSM4), the future runs do simulate some regions

that experience decreases in precipitation yet increases in evapotranspiration.

Change (future-baseline) in annual average evapotranspiration (mm/yr)

for 5 GCMs under emissions scenario RCP 8.5
(a) RCP85 CCSM4 (b) RCP85 CNRM-CM5 (¢) RCP8.5 GFDL-CM3

100 150

Fig. 24: Change (future minus baseline) in annual average evapotranspiration (mm/yr) for five
GCMs (CCSM4, CNRM-CM5, GFDL-CM3, MIROC-ESM-CHEM, and MPI-ESM-LR) under
emissions scenario RCP 8.5.

The ensemble mean change (future minus baseline) in annual evapotranspiration for the
five-member model ensemble is shown in figure 25. Overall, widespread decreases in
evapotranspiration are expected in coastal regions, with an average decrease in
evapotranspiration of 13 mm/year. This is likely due to the projected decrease in precipitation for
this region, which decreases the water available for actual evapotranspiration despite increased
energy for higher potential evapotranspiration. In the inland desert regions, the ensemble mean
projects a precipitation increase of 2 mm/yr, which is accompanied by a slight increase in inland

desert evapotranspiration of 1 mm/yr.
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Fig. 25: The five-model ensemble mean bhéﬁge (future'minLTsEaselinej‘i?n annual
evapotranspiration, unit: mm/yr.

4.2.4 Fractions of evaporation over precipitation and runoff over precipitation

To examine changes to the partitioning of precipitation once it reaches the surface, we
can examine changes to the fraction of evaporation of precipitation and the fraction of runoff
over precipitation. Figure 26 shows the five-model ensemble mean change (future minus
baseline) in the percentage of annual precipitation that results in runoff and the percentage of
annual precipitation that is returned to the atmosphere through evapotranspiration. Of course,
because Noah-LSM output satisfies the surface water balance equation, the changes to these
percentages are nearly the same in magnitude and always opposite in sign. No robust domain-
wide change in either percentage is observed, implying the domain does not shift to become
more runoff-dominated or evapotranspiration-dominated. As the five-model ensemble mean
project evapotranspiration increases in the inland desert regions, the percent of
evapotranspiration over precipitation for that region region increases by an average of 2.1%.
Averaged over the entire study domain, however, the percent of evapotranspiration over
precipitation only increases by .5%, a fractional change. Unfortunately, the multi-model

ensemble mean may not be a good indication of likely changes to the fractions of evaporation
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over precipitation and runoff over precipitation, as the change for each individual model is so

dependent on the model’s initial change in precipitation.

Ensemble mean change (%) of a) runoff over
precipitation and b) evapotranspiration over precipitation
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Fig. 26: The five-model ensemble mean change (future minus baseline) in the percentage of
annual precipitation that a) results in runoff and b) is returned to the atmosphere via
evapotranspiration.

4.2.5 Soil Column Moisture Content

The change (future-baseline) in annual average soil column moisture content (mm) as
projected by five GCMs under RCP 8.5 is seen in figure 24. Unsurprisingly, the change in soil
column moisture content is highly correlated (.98) to the change in precipitation, with the sign of
the precipitation change being the same as the sign of the soil column moisture content change
for over 98% of gridpoints. The ensemble mean domain-average change in soil column
moisture content is marginal decrease of 6mm (out of a 2000mm soil column). While the change
in annual average soil column moisture content for individual models may have distinct coastal
vs. inland desert differences (for example in the RCP 8.5 MIROC-ESM-CHEM simulation),
no distinct spatial pattern emerges in the ensemble-mean change in soil column moisture
content. There is simply a widespread weak drying of the soil, which is nearly negligible for the

2m soil column. Perhaps this is due to the fact that in the ensemble mean, regions that are
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projected to undergo increases in precipitation are expected to also undergo increases in
evapotranspiration of a similar magnitude (thus not allowing the soil moisture to change much),
and regions that are projected to undergo decreases in precipitation are expected to also
undergo decreases in evapotranspiration of a similar magnitude (thus also now allowing the soil

moisture to change much).

Change (future-baseline) in annual average soil column moisture content

mm) for 5 GCMs under emissions scenario RCP 8.5
(a) RCP85 CCSM4 (b) RCP8.5 CNRM-CMS (c) RCP85 GFDL-CM3
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Fig. 27: Change (future minus baseline) in annual soil column moisture content (mm) for five
GCMs (CCSM4, CNRM-CM5, GFDL-CM3, MIROC-ESM-CHEM, and MPI-ESM-LR) under
emissions scenario RCP 8.5.
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5 Discussion and Summary

The current study refines our understanding of changes to surface hydrology in the Los
Angeles region under a “business as usual’ emissions scenario for the mid 21 century. Our
goal was to quantify and describe potential impacts of climate change to precipitation, runoff,
evapotranspiration and soil column moisture content in the Los Angeles region, as little previous
research has focused on the impacts of climate change to water resources and surface
hydrology in the southern regions of California.

The methods presented in our study provide an approach to evaluate high-resolution
changes to surface hydrological fluxes and states under future climate change for the Los
Angeles region. Using, WRF, we dynamically downscaled coarse-resolution reanalysis data and
future GCM simulation output to model atmospheric dynamics in our study domain at 2km
resolution. Then, we used WRF output as the forcing for our baseline and future Noah-LSM
simulations, which output near-surface state variables and surface turbulent fluxes. This
methodology allowed us to assess potential impacts of climate change to surface hydrology in
the Los Angeles region at scales relevant to local policy makers or water resources planners.

By comparing observed variations related to surface hydrology to Noah-LSM output, we
are able to evaluate model performance. We validate Noah-LSM model performance for the
baseline period by comparing simulated output of soil temperature, evapotranspiration and
runoff to observational point measurements from the CIMIS weather stations and USGS HCDN-
2009 streamflow gauges. Additionally, we discuss the validation of dynamically downscaled
WREF output for the baseline simulation. Our validation exercise (section 3) showed that the
seasonal cycles of surface hydrological and meteorological variables as simulated by Noah-
LSM are very much consistent with observational measurements.

While this research sheds light on climate change impacts to surface hydrology in the

Los Angeles region, there is certainly room for future research and expansion. The uncertainty
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associated with our choice of GCMs from the CMIP5 data archive may cause the ensemble
mean in our results to be a poor representation of central tendencies. While multi-model
ensemble mean simulations typically outperform individual model simulations and provide more
robust estimates of future climate change, the ensemble mean does not seem to be a good
indicator of changes to surface hydrology in the Los Angeles region for the mid 21% century. The
choice of the five GCMs we dynamically downscaled through WRF heavily influenced the
change in precipitation for our study domain, which in turn deeply impacted the changes to
surface hydrological fluxes and states. Unfortunately, the changes in runoff, evapotranspiration
and soil column moisture content that result from changes to precipitation are too highly
dependent on the sign of the change in precipitation for that model.

Resampling techniques, in which we estimate the precision of the ensemble mean
statistics by using subsets of the Noah-LSM model (for example, a four-member ensemble
mean as opposed to a five-member ensemble mean), produced significantly different statistics
for the ensemble mean changes to surface hydrology. Perhaps the five-member ensemble
mean we selected does not provide a robust understanding of changes (both magnitude and
sign) to surface hydrology of Los Angeles for the mid 21% century, simply due to the choice of
GCMs. Because it would be extremely time-consuming and computationally expensive to force
Noah-LSM with dynamically downscaled output from every GCM in the CMIP5 data archive, we
must develop techniques that allow us to better characterize and quantify future changes to
surface hydrology in the Los Angeles region and the associated uncertainty.

Perhaps statistical downscaling can be employed to more quickly produce the
meteorological forcing variables for Noah-LSM for more GCMs in the CMIP5 data archive under
various emissions scenarios; this could help account for the considerable uncertainty associated
with a limited choice of GCMs and only one emissions scenario (or representative concentration
pathway). This could help better quantify and describe potential impacts of climate change to

precipitation, runoff, evapotranspiration and soil column moisture content in the Los Angeles
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region. This information could be used by local water resource managers to make Los Angeles’

water system and sources less vulnerable to impacts of climate change.
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