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ABSTRACT OF DISSERTATION

Climate Change Effects on California Precipitation and Soil Moisture

by

Neil Elliott Berg

Doctor of Philosophy in Atmospheric and Oceanic Sciences

University of California, Los Angeles, 2015

Professor Alexander Dean Hall, Chair

Projecting 21st century changes in California precipitation and soil moisture is

accomplished through examining global climate model simulations alongside dynamical and

statistical downscaling techniques. Over the Los Angeles region, a novel hybrid statistical-

dynamical downscaling procedure is developed to project mid- and end-of-21st century changes

to local precipitation according to 36 global climate models under an aggressive warming sce-

nario. For both time slices, large uncertainty exists on the sign of mean precipitation change,

though the spread of these changes is only around 0.2 to 0.4 times as large as natural in-

terannual variability in the historical period. Uncertainty in these precipitation projections

can be attributed to varying model placements of the jet stream and storm tracks over the

eastern Pacific Ocean. While mean precipitation changes over the Los Angeles region are

projected to be small compared to natural variability levels, global climate models project

significant changes to interannual extreme precipitation events over central and northern

California. The strongest and most statistically significant changes are found by the sec-

ond half of the 21st century, 2060–2100. During this time period, dry extremes become

1.5 to 2 times more common than historical levels, while wet extremes generally triple in

their historical frequency. The mechanism behind this signal of increased extremes is rooted

ii



in large increases to interannual precipitation variability seen in a clear majority of global

climate models. Finally, the hybrid statistical-dynamical downscaling technique is used to

provide for a high-resolution multi-model projection of soil moisture changes over the Cali-

fornia Sierra Nevada. Large spatial heterogeneity is found across the region, as the central

and northern Sierra Nevada experience drier end-of-century soils and the highly-elevated

southeastern peaks experience wetter soils. These signals reflect the complex effects of a

much warmer future climate acting on snow-dominated landscapes. Across the entire Sierra

Nevada, multiple lines of evidence indicate that the region will experience a net decline in

soil moisture on the order of 2-3% per year by the end of the 21st century.
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1 Twenty-first Century Precipitation Changes over the

Los Angeles Region

1.1 Introduction

Fresh water in the Los Angeles region comes from local storms, snowpack drainage,

and groundwater. Identifying how climate change may impact these sources is of pressing

concern for ecosystems and municipal, agricultural, and recreational purposes. In this study

we only aim to quantify 21st century climate change impacts to mean local sources of precip-

itation across the greater Los Angeles Region. Local sources contribute approximately 10%

to the water supply in the city of Los Angeles (Villaraigosa 2008). However, in some areas,

such as the San Fernando Valley, it contributes a larger portion (Sheng and Wilson 2008,

ULARA 2011). Furthermore, these local sources may come under increasing pressure in the

future (Erb et al. 2011). We do not address potential changes to imported water sources

(e.g. the Colorado River) or extreme events (e.g. Das et. al 2013) in this study. A separate

study will examine responses of local snowpack to climate change.

Projecting future precipitation changes over the Los Angeles region is challenging

for two reasons. First, in GCM projections the region typically lies at the boundary of two

oppositely-signed, large-scale zones of predicted precipitation change (van Oldenborgh et

al. 2014), as described by the “rich-get-richer” or “wet regions get wetter and dry regions

drier” effect (Chou and Neelin 2004, Held and Soden 2006, Trenberth 2011, Durack et al.

2012). Northern, midlatitude areas are projected to get wetter, while southern, sub-tropical

areas are projected to become drier. Second, the complex topography of Southern California

creates variations in precipitation that cannot be represented by coarse resolution GCM

simulations. It is particularly important to adequately represent the coastal mountains

over Southern California as they generally lead to significant orographic precipitation effects

(Hughes et al. 2008, Neiman et al. 2002).

To address the limitations of coarse resolution GCMs, a common practice is to
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downscale global projections to a much finer resolution. Dynamical and statistical down-

scaling techniques are available to perform such a task. Dynamical downscaling solves the

equations of motion and other atmospheric equations numerically, using a regional model

that is forced along the boundaries by GCM output. This may represent the most physically

consistent method to downscale climate data, although systematic biases may still be present

in the downscaled simulation. The major tradeoff for dynamical downscaling is the expense

of huge computational costs. Dynamical downscaling of climate change signals has been

done for Southern California. For example, Duffy et al. (2005) dynamically downscaled two

GCM projections, finding no statistically significant change in precipitation over Southern

California.

Statistical downscaling is computationally cheap compared with dynamical down-

scaling, but hinges on currently existing relationships that may or may not hold true in the

future. This technique has also been applied in the region of interest. For example, Hayhoe

et al. (2004) statistically downscaled four GCMs using historically derived empirical relation-

ships and found small decreases in future wintertime precipitation in Southern California for

three of the four simulations. A recent study by Pierce et al. (2012) uses separate dynamical

and statistical downscaling techniques across 16 global climate models to examine future

precipitation changes over California. Like Hayhoe et al. (2004), the statistical downscaling

approaches used in Pierce et al. (2012) rely only on historical relationships (i.e. they assume

stationarity) between variables when calculating climate change signals. After averaging

across all downscaled projections, the authors find wintertime precipitation decreases of 5%

over Southern California. Maurer (2007) statistically downscale future global precipitation

and temperature output to drive a hydrologic model and found slight increases in wintertime

precipitation over a basin in Southern California. Das et al. (2013) statistically downscaled

16 GCMs over the Sierra Nevada and found increased 3-day flood discharges, even though

models tended to disagree on the sign of mean annual precipitation change. Pierce et al.

(2013) also examined possible changes to daily precipitation over California. Using both
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dynamical and statistical downscaling techniques, they found evidence of increased winter-

time precipitation over California, particularly over the northern part, due to an increase in

daily precipitation intensity. Note that these previous studies relied on CMIP3 models, while

this study only analyzes CMIP5 models. The two ensembles may exhibit different behavior

in some cases. For example, Neelin et al. (2013) found that ensemble-mean drying in the

CMIP3 archive was stronger over Southern California than in the CMIP5 archive.

The present study uses a new blended dynamical-statistical approach to project

mid- and end-of-21st century December-January-March-February (DJFM) precipitation changes

at a high resolution over the Los Angeles region. Whereas previous studies use only a dynami-

cal or empirical statistical downscaling technique, this study develops statistical relationships

directly from dynamically downscaled output. Using this method we are able to limit the

assumption of stationarity that is often employed in statistical downscaling exercises (e.g.

Hayhoe et al. 2004, Maurer 2007, Pierce et al. 2012). This technique also allows for down-

scaling of 36 GCMs in the CMIP5 archive (Table 1.1), providing analyses on inter-model

spread and ensemble-mean changes. In addition to projecting 21st century precipitation

changes over Southern California, another major aim of this study is to place climate change

signals in context of the region’s significant hydroclimate variability. Huge interannual vari-

ability in precipitation over Southern California is largely attributed to its relationships with

large-scale natural climate variability patterns such as the El Niño-Southern Oscillation and

the Pacific/North American Pattern (Cayan and Roads 1984, Redmond and Koch, 1991,

Dettinger et al. 1998, Cayan et al. 1999, Leung et al. 2003, Berg et al. 2013).

The structure of the study is as follows: Section 2 describes the downscaling

techniques and provides observational evaluation of the current climate simulation. Section

3 shows future precipitation changes according to 36 downscaled GCMs and explains the

physical mechanisms behind the changes. A discussion of the relationship between climate

change and interannual variability patterns is presented in Section 4, with a summary of

major findings in Section 5.
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Model Institute

ACCESS1-0 Commonwealth Scientific and Industrial Research Organization

ACCESS1-3 Commonwealth Scientific and Industrial Research Organization

BNU-ESM College of Global Change and Earth System Science, Beijing Normal University

CCSM4 National Center for Atmospheric Research

CESM1-BGC National Science Foundation, Department of Energy, NCAR

CESM1-CAM5 National Science Foundation, Department of Energy, NCAR

CMCC-CESM Euro-Mediterranean Center of Climate Change

CMCC-CM Euro-Mediterranean Center of Climate Change

CMCC-CMS Euro-Mediterranean Center of Climate Change

CNRM-CM5 Centre National de Recherches Meteorologiques

CSIRO-Mk3-6-0 Commonwealth Scientific and Industrial Research Organization

CanESM2 Canadian Centre for Climate Modeling and Analysis

EC-EARTH EC-Earth Consortium

FGOALS-g2 LASG, Institute of Atmospheric Physics, Chinese Academy of Sciences

GFDL-CM3 NOAA Geophysical Fluid Dynamics Laboratory

GFDL-ESM2G NOAA Geophysical Fluid Dynamics Laboratory

GFDL-ESM2M NOAA Geophysical Fluid Dynamics Laboratory

GISS-E2-H NASA Goddard Institute for Space Studies

GISS-E2-R NASA Goddard Institute for Space Studies

HadGEM2-AO Met Office Hadley Centre

HadGEM2-CC Met Office Hadley Centre

HadGEM2-ES Met Office Hadley Centre

IPSL-CM5A-LR Institut Pierre Simon Laplace

IPSL-CM5A-MR Institut Pierre Simon Laplace

IPSL-CM5B-LR Institut Pierre Simon Laplace

MIROC-ESM AORI (U. Tokyo), NIES, JAMESTEC

MIROC-ESM-CHEM AORI (U. Tokyo), NIES, JAMESTEC

MIROC5 AORI (U. Tokyo), NIES, JAMESTEC

MPI-ESM-LR Max Planck Institute for Meteorology

MPI-ESM-MR Max Planck Institute for Meteorology

MRI-CGCM3 Meteorological Research Institute

NorESM1-M Norwegian Climate Center

NorESM1-ME Norwegian Climate Center

bcc-csm1-1 Beijing Climate Center, China Meteorological Administration

bcc-csm1-1-m Beijing Climate Center, China Meteorological Administration

inmcm4 Institute for Numerical Mathematics

Table 1.1: List of CMIP5 models and corresponding institutions used in this study.
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1.2 Downscaling techniques and validation results

a) Dynamical downscaling

1) Dynamical downscaling framework

A dynamical downscaling simulation over Southern California was performed using

the Weather Research and Forecasting Model (WRF), version 3.2 (WRF, Skamarock et al.

2008). We use three nested domains (18 km - 6 km - 2 km) to reach a resolution high enough

to represent the complex topography and coastlines of Southern California adequately. The

three domains and topography associated with the outermost, 18 km domain are presented

in Figure 1.1a. The outermost domain encompasses all of California and the adjacent Pacific

Ocean, while the middle domain focuses on Southern California, including the southern

Sierra Nevada mountain range. Finally, the innermost, 2 km domain is centered over the

greater Los Angeles region. Topography associated with this domain is seen in Figure 1.1b.

18 km

6 km

2 km

Los Angeles

County

a) b)

Figure 1.1: (a) 18 km - 6 km - 2 km WRF domains and 18 km topography; (b) 2 km
domain and topography. Black lines in (a) and (b) show US state boundaries and Los
Angeles County for reference. Also seen in (b) are the Channel Islands. Topography
is color contoured every 200 m in both (a) and (b).

Model sensitivity experiments were performed to find an optimal WRF configu-

ration. Specifically, this simulation uses the Kain-Fritsch (new Eta) 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), Dudhia shortwave radiation schemes (Dudhia 1989), and the Noah land surface

5



model (Chen and Dudhia 2001). Each domain has 43 sigma-levels in the vertical and vertical

resolution is increased below 3 km to better simulate surface and boundary layer processes.

Two time periods are simulated to initially project mid-21st century precipitation

changes. We focus first on a “baseline” period spanning 1981-2000. In this case, WRF is

forced along the boundaries of the outermost domain by the North American Regional Re-

analysis (NARR). Then we simulate a range of future climates based on model output from

five CMIP5 GCMs (CCSM4, CNRM-CM5, GFDL-CM3, MIROC-ESM-CHEM, and MPI-

ESM-LR), all under the RCP8.5 emissions scenario. For each future simulation, baseline

(1981-2000) boundary conditions from NARR are perturbed with future monthly climato-

logical changes (2041-2060 average minus 1981-2000 average) to atmospheric variables and

imposed on WRF. 3-dimensional atmospheric variables that were perturbed include tem-

perature, relative humidity, zonal and meridional winds, and geopotential heights. Surface

temperature, relative humidity, winds, and pressure were also perturbed. This technique has

been used previously (e.g., Schär et al. 1996, Hara et al. 2008, Knutsen et al. 2008, Kawase

et al. 2009, Lauer et al. 2010, Rasmussen et al. 2011, Seo and Xie 2011 and Gutmann et al.

2012) and estimates future climates as perturbations to the same baseline mean-state, corre-

sponding roughly to the present day. A limitation to this technique is that future interannual

variability equals that of the baseline period. Implications of this limitation when analyzing

downscaled changes are discussed further in sections 3.c and 5. For an application of this

downscaling method applied to future warming over the Los Angeles region, the reader is

referred to Sun et al. (2014).

We first perform a 20-year future simulation (2041-2060), downscaling climate

change signals in CCSM4. Computational expenses prevent full 20-year simulations for other

models, so we performed a sensitivity test examining how long of a future period we needed

to simulate to capture the full 20-year climate change signal. Figure 1.2 shows that by only

simulating three future years (2058-2060) we are able to capture the full 20-year signal to a

high degree of accuracy. (Other consecutive 3-year periods between 2041-2060 may also be
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highly representative of the full 20-year time span, though computational resources prevented

this analysis). Spatial structures between the two signals are tightly correlated, with only

slight discrepancies seen in the coastal zone. Averaged over the land, the 20-year and 3-year

signals are -46.7 and -46.6 mm/wet season, respectively. Relying on this knowledge, we next

dynamically downscaled the four other GCMs (CNRM-CM5, GFDL-CM3, MIROC-ESM-

CHEM, and MPI-ESM-LR) for 2058-2060. In each simulation, boundary conditions were

created by adding the 2041-2060 minus 1981-2000 GCM changes to the 1998-2000 NARR

values. Therefore, interannual variability over 2058-2060 is the same as 1998-2000, however

the perturbations imposed in the future runs represent a climate change signal associated

with much longer averaging periods. Statistical downscaling techniques are then developed

based on these 2058-2060 minus 1998-2000 dynamically downscaled changes (section 2.b).

The reader is directed to the supplementary material for a discussion on possible biases in

the statistical model due to interannual variability differences between the 3-year-long and

20-year-long changes. Namely, it is found that the dynamical model underestimates the

magnitude of average precipitation changes by around 20% due to being based on 3-year-

long signals (2058-2060 − 1998-2000) compared to the 20-year-long signals (2041-2060 −

1981-2000). Thus statistical estimates based on these changes may be associated with a

reduced spread by a complimentary amount. The implications of this error are examined

further in section 5.

Figure 1.2: Dynamically downscaled CCSM4 climate change signals according (a) 20-
year (2041-2060 - 1981-2000) and (b) 3-year (2058-2060 - 1998-2000) changes. Differ-
ence between the 20-year and 3-year signals is shown in (c). Topography is contoured
every 750 m in thin black lines. Unit is mm/wet season.
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2) Model evaluation: spatial and temporal variability in the baseline

Before presenting the results of the climate change experiments, we compare sim-

ulated interannual precipitation variations in the baseline (1981-2000) 2 km WRF output

to observations. We use three observational datasets: California Irrigation Management

Information System (CIMIS, http://wwwcimis.water.ca.gov/), NOAA Climate Predic-

tion Center 0.25◦ x 0.25◦ Daily US UNIFIED Precipitation (CPC, http://www.esrl.noaa.

gov/psd/data/gridded/data.unified.html), and the 0.5◦ x 0.5◦ gridded University of

Delaware Precipitation product (UDel, http://www.esrl.noaa.gov/psd/data/gridded/

data.UDel_AirT_Precip.html). Correlations between these data sets and WRF output

may be less than 1.0 for multiple reasons, including WRF inaccuracies, unresolved sub-grid

scale topography (i.e. elevation mismatch between the location being sampled and the WRF

grid cell average), poor observational data quality, and inaccuracies in the boundary con-

ditions (NARR) forcing WRF. Assuming the observational products are perfect, the model

evaluation serves as a test of WRF’s ability to reproduce precipitation variations over the

Los Angeles region when coarse resolution conditions (NARR) are imposed on it. If WRF is

able to transform this coarse-resolution data into regional climate information that closely

matches accurate observational products, we are confident WRF can regionalize the GCM

signal in a way that is consistent with the real atmosphere’s dynamics.

In Fig. 1.3a, we correlate monthly DJFM precipitation accumulations in the base-

line period between each CIMIS station and the nearest WRF grid point. Each correlation

in based on a maximum sample size of 80 (4 wet-season months x 20 baseline years = 80

values). However, there are missing values in the observations, leading to an average sam-

ple size of 45 values. Twelve of the thirteen stations have correlations to WRF above 0.5,

and more than half have correlations above 0.7. Thus, WRF generally simulates monthly

precipitation variations at rain gauges across the domain reasonably well. The lone excep-

tion is Santa Barbara (r=0.37). We speculate that WRF simulates the complex interactions

between small-scale circulations and rainfall at this location of intense coastal topography
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poorly. In Fig. 1.3b, we correlate 1981-2000 DJFM-mean precipitation accumulations (20

values per grid point) between each CPC grid point and the nearest corresponding WRF

grid point. Correlations greater than 0.6 are found across nearly the entire domain, with

very high values (r>0.9) found along much of the densely populated coastal region. The

domain-average correlation is 0.82. Thus interannual variability simulated in WRF and that

recorded in the CPC gridded product is very similar.

a) r(CIMIS,WRF) b) r(CPC,WRF)

Figure 1.3: a) Correlation coefficients of monthly 1981-2000 DJFM accumulated pre-
cipitation between CIMIS stations and the nearest grid point in the 2 km WRF output.
Topography is contoured every 750 m in thin black lines. (b) Correlation coefficients
between 1981-2000 DJFM-mean accumulated precipitation amounts between CPC grid
cells and nearest corresponding WRF grid cells.

Additional validation of precipitation variability in the baseline WRF simulation is

presented in Figure 1.4. This figure compares interannual variability of monthly precipitation

amounts in the three observational datasets (CIMIS, CPC, and UDel) and WRF output at

the scale of the domain. Each white, gray, or black dot in Fig. 1.4 represents monthly

precipitation accumulations for each of the 20 baseline years that are simulated. The large

dots represent monthly climatologies for each dataset. Two comparisons can be made in

Fig. 1.4. The first is between CIMIS station-averaged monthly precipitation accumulations

(white dots, see Fig. 1.3a for station locations) and corresponding accumulations averaged

over the nearest grid points in the 2 km WRF domain (light gray dots). The levels of
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interannual variability in CIMIS and WRF station-averages are very similar for each month,

and the two time series are highly correlated (r=0.88). Climatological accumulations for each

month are also very similar, with an average monthly climatology difference between the two

datasets of approximately 6 mm, or 8%. Particularly noteworthy is the similarity between

the observed and modeled bi-modal structure of the temporal precipitation distribution, seen

most dramatically in January and February. Both datasets capture the extremely dry (<25

mm) and wet (>250 mm) months within the baseline period.

The second comparison to make in Fig. 4 is between the UDel, CPC, and WRF

land-average monthly accumulations (medium gray, dark gray, and black dots, respectively).

Like the CIMIS comparison, WRF variability in monthly precipitation accumulations tightly

matches what is observed in the UDel (average r=0.94) and CPC (average r=0.96) datasets.

Differences in monthly climatologies between WRF and UDel are approximately 17 mm

(28%), and approximately 9 mm (15%) between WRF and CPC. Interestingly, for both

WRF-based and observation-based datasets, there are strong similarities in magnitude be-

tween the station-averaged (white and light gray dots) and land-averaged values (medium

gray, dark gray, and black dots). This indicates that the station-averages adequately sample

the land fraction of the domain. For example, the average monthly climatology difference be-

tween CIMIS station-averaged (white dots) and CPC land-averaged (dark gray dots) values

is only approximately 16 mm.

Finally, we assess WRF’s ability to simulate spatial variations in station-averaged

(in the case of CIMIS rain gauges) and land-averaged (in the case of UDel and CPC gridded

observations) precipitation totals over the baseline period. Results are seen in Figure 1.5,

which shows scatter plots between simulated and observed (CIMIS: black circles, UDel: red

circles, CPC: cyan circles) station or land-averaged wet-season total accumulations. Note

that CIMIS observations begin in 1989, so only 12 wet seasons are included in this portion

of the plot. WRF reproduces the CIMIS observations (r=0.83, average bias of +15 mm)

better than UDel (r=0.59, bias of +229 mm) or CPC (r=0.55, bias of +221 mm). The large
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CIMIS station-averaged baseline monthly-mean P

WRF nearest grid pt to CIMIS station-averaged baseline monthly-mean P

UDel land-averaged baseline monthly-mean P 

CPC land-averaged baseline monthly-mean P

WRF land-averaged baseline monthly-mean P

Statistically downscaled CMIP5 mid-21st century land-averaged ∆P 

Interpolated CMIP5 mid-21st century land-averaged ∆P 

Statistically downscaled CMIP5 end-of-21st century land-averaged ∆P 

Interpolated CMIP5 end-of-21st century land-averaged ∆P 

Figure 1.4: Monthly precipitation accumulations (mm/month) averaged over CIMIS
stations (white dots), WRF-NARR grid points nearest to CIMIS stations (light great
dots), land-averaged in the UDel observational dataset (medium grey dots), land-
averaged in the CPC observational dataset (dark grey dots), and land-averaged in the
WRF-NARR output (black dots). Larger dots in each case represent monthly clima-
tologies. Also shown are monthly mid- and end-of-21st century precipitation changes
(mm/wet season) relative to the base-period climate according to 36 statistically down-
scaled (red/blue) and interpolated (pink/light blue) CMIP5 GCMs. Larger red/blue
and pink/light blue dots represent ensemble-mean monthly changes.
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disagreement between WRF and the two gridded products is likely due to the horizontal

resolution differences between them. Coarse resolutions in the gridded products (0.25◦ x

0.25◦ for CPC and 0.5◦ x 0.5◦ for UDel) may not resolve the full orographic effects on

precipitation, which are included in WRF and of course the station measurements. As

noted above, discrepancies between WRF and CIMIS values or any data product may arise

due to sub-grid scale topography and poor observational data quality, in addition to model

deficiencies and inaccuracies in the boundary conditions (NARR).

b. Hybrid dynamical-statistical downscaling framework

1) Empirical orthogonal function analysis

Here we present the hybrid dynamical-statistical approach to generating future

precipitation projections. We begin by forming statistical relationships between precipita-

tion changes in the five dynamically downscaled GCMs to large-scale parameters in GCM

output. The first step is identifying common spatial patterns between monthly wet-season

precipitation changes (2058-2060 minus 1998-2000) for all five downscaled models. Each

GCM’s dynamically downscaled monthly precipitation changes over the course of the wet

season (DJFM) can be seen in Figure 1.6. We make two remarks on the variations in Fig.

1.6. First, there is variation in the sign and magnitude of mid-21st century precipitation

changes in dynamically downscaled results. Some downscaled GCMs, such as CCSM4 (first

row Fig. 1.6), show future drying over most of the coastal zone and high elevations for all

months, while others, such as CNRM-CM5 (second row Fig. 1.6), project moistening for

much of the domain over most months. Other outcomes lie between these two cases, and are

not necessarily consistent in sign across the domain. Second, we note that although there is

large variation across downscaled models and months, there appears to be a common area

where most of the action occurs - a pattern tied to orography, with enhanced loading in

the coastal zone and throughout the mountainous regions. This suggests that performing

an empirical orthogonal function (EOF) analysis on the aggregated set of these monthly

precipitation change patterns could yield a single, robust spatial pattern of change.
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Figure 1.5: Scatter plots between simulated and observed wet-season (DJFM) clima-
tological precipitation over the baseline period (1981-2000). Black circles show CIMIS
station-averaged amounts vs. averages over the nearest WRF-NARR grid points, red
circles show land-averaged UDel vs. WRF-NARR values, and cyan circles show land-
averaged CPC vs. WRF values. The line y=x is shown as a solid black line. Unit is
mm/wet season.

Following this reasoning, an EOF analysis is performed over the spatial patterns

in Fig. 1.6. Since the EOF analysis spans both models and months, the patterns it generates

maximize both inter-model and inter-monthly variability. The three leading modes are shown

in Figure 1.7. The first accounts for 70% of the variability seen in Fig. 1.6, confirming

our suspicion that the majority of the variance can be accounted for with a single spatial

pattern. Mode 1 physically represents the dominant orographic pattern of precipitation over
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Figure 1.6: DJFM monthly precipitation changes (2058-2060 minus 1998-2000) for
each dynamically downscaled GCM. Blue shading indicates moistening, red shading
indicates drying. Unit is mm/wet season. Topography is contoured every 750 m in
thin black lines.

Southern California (Hughes et al. 2008, Conil and Hall 2005, Neiman et al. 2002). Other

precipitation patterns, such as “blocked events” (Hughes et al. 2008, Neiman et al. 2002),

may be somewhat represented in modes 2 and 3. A corresponding 20-value (5 dynamically
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downscaled models x 4 months) series of mode 1 loadings is also produced from the EOF

analysis. These loadings represent the contribution of the spatial pattern of mode 1 to

each model’s monthly precipitation change. Since this mode accounts for the majority of

inter-model and inter-monthly variability, it should be possible to “predict” the dynamically

downscaled precipitation changes in Fig. 1.6 with reasonable accuracy simply by multiplying

the spatial pattern of mode 1 by each model’s monthly mode 1 loading. (While modes 2

and 3 may represent a physical phenomenon associated with precipitation change, we ignore

them due to the small variance that is captured in each mode, 7% and 5%, respectively.)

Blending the statistical methods of an EOF analysis and dynamical downscaled simulations

forms what we call a hybrid dynamical-statistical downscaling technique. For an example

of how this blended statistical-dynamical downscaling approach can be applied to regional

warming patterns, the reader is referred to Walton et al. (2014).

Figure 1.7: Leading three modes of variability based on EOF analysis of spatial pat-
terns seen in Fig. 6. Mode 1 accounts for 70% of the variability, mode 2 accounts for
7%, and mode 3 accounts for 5%.

2) Predicting mode 1 loadings

We have calculated mode 1 loadings for the five dynamically downscaled models,

but we need a method for predicting the mode 1 loadings for the other GCMs if they were

dynamically downscaled. The first step is to relate the known mode 1 loadings to a large-

scale predictor variable available from the GCMs, in this case precipitation. In Figure 1.8a,

we correlate mid-21st century monthly DJFM precipitation changes over the north Pacific

in the five GCMs that were dynamically downscaled to the loading series associated with
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mode 1. Each GCM is regridded to a common horizontal resolution (1.5◦ x 1.5◦) before

performing the correlation. A dipole correlation pattern emerges. GCM precipitation change

over the Gulf of Alaska shows anticorrelations to regional precipitation changes associated

with mode 1, while the Pacific Ocean adjacent to California shows positive correlations. A

physical interpretation of this correlation pattern is discussed in section 4b. We tried several

statistical techniques to relate mode 1 loadings to GCM precipitation changes, including

single and multivariable linear regression and a projection-based dot-product technique. The

strongest (highest correlations) and most robust (across the downscaled GCMs) relationship

was found using linear regression, where mode 1 loadings are predicted by two predictor

variables: GCM precipitation changes averaged over the two regions spanning the dipole

correlation pattern (black boxes, Fig. 1.8a). This yields a single equation to predict a given

GCM’s mode 1 loading, if that GCM were dynamically downscaled, based only on its mid-

21st century precipitation change across the northeast Pacific Ocean. A caveat is that these

predictive equations hinge on the training set of dynamically downscaled models, in this case

CCSM4, CNRM-CM5, GFDL-CM3, MIROC-ESM-CHEM, and MPI-ESM-LR. A different

set of models could give different relationships between GCM and local precipitation changes.

However, some robustness is provided to the predictive relationships by developing them on

a set of GCMs that span the dry-to-wet parameter space (Figs. 1.6 and 1.10).

3. Validating statistical downscaling techniques

The statistical model may capture dynamical model output imperfectly for two

reasons: (1) mode 1 is an imperfect representation of regional precipitation change, and (2)

it is impossible to predict mode 1 loadings perfectly. Knowing the loadings associated with

mode 1 from our EOF analysis of dynamically downscaled simulations, we can test how

accurate DJFM-mean changes are based solely on mode 1, i.e. the first source of error. This

comparison is shown in Figure 1.9. Recall that the EOF analysis is performed over monthly

changes, so DJFM-mean values shown here are calculated by averaging individual monthly

patterns to produce a seasonal mean. First we compare the spatial patterns between the
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Figure 1.8: Correlation coefficients between (a) mid-21st century monthly DJFM pre-
cipitation changes (2041-2060 minus 1981-2000) according to the five dynamically
downscaled GCMs and the time series associated with EOF 1 (Fig. 1.7). Black
squares represent averaging area of GCM precipitation to predict EOF 1 loadings.
(b) domain-averaged downscaled precipitation changes (Fig. 1.11) and corresponding
mid-21st century 200 mb zonal wind speed changes for all available models, (c) monthly
DJFM precipitation anomalies in the 1981-2000 NARR data and time series associated
with EOF 1 over that time period (Fig. 1.12a), and (d) domain-averaged 1981-2000
precipitation anomalies and corresponding 200 mb zonal wind speed anomalies in the
NARR data

dynamically downscaled changes (Fig. 1.9a) and those based on mode 1 (Fig. 1.9b). In

general the spatial patterns are very well correlated, aside from modest discrepancies in the

Mojave Desert regions. WRF (y-axis) versus mode 1-based (x-axis) precipitation changes

from Figs. 1.9a and 1.9b, now averaged over land, are scattered in Fig. 1.9c. Mode 1 captures

the land-averaged precipitation change extremely well, with the mode 1 changes and the

WRF changes falling almost perfectly on the line y=x. These results confirm that if we have

perfect knowledge of mode 1 loadings, then statistically downscaled ensemble-mean changes

and the spread in these changes are highly representative of the corresponding dynamically

downscaled changes. This is especially true when considering the change averaged over the
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region’s land areas.
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Figure 1.9: (a) Dynamically-downscaled DJFM-mean precipitation changes for each
model. (b) Mode 1-based DJFM-mean precipitation changes for each model. (c)
Scatter plot comparing domain-averaged DJFM-mean changes from WRF (y-axis) and
mode-1 (x-axis), with the line x=y shown as a solid black line. Unit in each plot is
mm/wet season.

Next we analyze the errors associated with imperfect predictions of mode 1 load-

ings, i.e. the second source of error in the statistical model, using cross-validation experi-

ments. These experiments use differing subsets of the five dynamically downscaled output

to develop a predictive equation for mode 1 loadings. We then predict mode 1 loadings for
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all dynamically downscaled models and compare them to the actual loadings. Specifically,

we perform five experiments. The experiment number is equal to the number of dynamically

downscaled models used to determine mode 1 loadings. Each experiment is performed for a

varying number of trial runs, consistent with the number of ways it is possible to combine

the models. For example, experiment 1 uses one model set of DJFM monthly precipitation

changes to determine mode 1 loadings (i.e. any one row in Fig. 1.6). It has five trials since

there are five possible DJFM monthly change values that can be used to predict mode 1

loadings. Experiment 2 uses two model sets of DJFM monthly changes to predict mode 1

loadings for all models, yielding 10 unique combinations (i.e. any two rows in Fig. 1.6).

Experiments 3 (i.e. any three rows in Fig. 1.6) and 4 (i.e. any four rows in Fig. 1.6) have

10 and five trials, respectively, and experiment 5 (all rows in Fig. 1.6), has only one trial.

In essence, we are testing the robustness of the statistical model as more and more

dynamically downscaled information is included in its training. For each trial run in each

experiment, we perform all analyses described in section 2.b.2 for the dynamically downscaled

models being used for mode 1 predictions. That is, we first perform an EOF analysis over

the spatial patterns of monthly precipitation changes (e.g. 4 patterns per trial in experiment

1). The EOF analysis yields a series of mode 1 loadings, which are then correlated to

the corresponding GCM mid-21st century precipitation changes across the Pacific Ocean.

Finally, GCM mid-21st century precipitation changes over the regions of maximum positive

and negative correlation (which varies according to each trial’s correlation map, but is similar

to Fig. 1.8a for all trials) are regressed against that trial’s mode 1 loadings. This yields a

predictive equation for mode 1 loadings for each of the five dynamically downscaled models,

which can be compared to the known mode 1 loadings.

Table 1.2 summarizes the uncertainty of the statistical model due to errors in the

predictions of mode 1 loadings. The error averaged over all models for all trials is shown in

the right column. Errors decrease steadily as the number of models used in the EOF analysis

increases. This makes sense, since more intermonthly, intermodel variability is included as
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Number of models Avg/min/max percent error between

(number of trials) actual and predicted mode 1 loadings

1 (5) -160 / -1831 / 1981

2 (10) -139 / -1366 / 473

3 (10) -72 / -1048 / 558

4 (5) -2 / -483 / 466

5 (1) -13 / -103 / 137

Table 1.2: Quantifying the error associated with imperfect predictions of mode 1 load-
ings in the statistical model using a cross-validation exercise. Number of models used
and the number of unique combinations (“trials”) of those models (i.e. any row in Fig.
1.6) are presented in the left column. The average, maximum and minimum percent
error averaged over all models for all trials and is seen in the right column.

more information is fed into the analyses. Specifically, average error is reduced from over

100% when using just one or two models, to just 13% when using five models. It can appear

that using four models gives a smaller percent error (-2%) than when five models are used

(-13%). However, this simply reflects an average over a very large range when four models

are used (-483% to +466%) compared to a much smaller range using five models (-103% to

+137%).

4. Value added over bilinear interpolation

Here we justify the development of our hybrid statistical-dynamical downscaling

technique by comparing results to a simple bilinear regression of the raw GCM data down to

2 km. Figure 1.10 provides evidence that the hybrid downscaling technique adds significant

value in spatial patterns compared to bilinearly interpolating GCM data over Southern

California. For each GCM in Fig. 1.10, spatial patterns that emerge in the interpolated

results are broad in scale and have no way of capturing the leading spatial pattern seen in the

dynamical downscaling associated with orographic effects. Land-averaged changes between

the interpolated and dynamically downscaled GCMs can be quite similar, and in some cases

closer (likely fortuitous given the coarse GCM resolution) than the corresponding statistically

downscaled changes. However, orographic influences on precipitation (e.g. Hughes et al.

2008) are simply not captured in either the raw or interpolated GCM data. Conversely, the
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hybrid dynamical-statistical downscaling technique is able to capture the orographic imprint

on precipitation changes with reasonable accuracy. It should also be noted that the standard

deviation between the statistically and dynamically downscaled land-averaged changes is 6.5

and 9.5 mm/wet season, respectively. Thus the statistical model may underestimate the

spread of changes on the order of 30%. We will assess the implications of this potential error

in Section 4a.
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Figure 1.10: Comparison of mid-21st century precipitation changes for the downscaled
models according to the respective raw GCM data (first column), bilinearly interpo-
lated GCM data to 2 km (second column), the hybrid statistical-dynamical down-
scaling technique (third column), and the dynamical downscaling (fourth column).
Land-averaged changes (mm/wet season) are reported in the top right of each panel.
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1.3 Statistical-dynamical downscaling results

a. Mid-21st century changes

Mid-21st century DJFM-mean precipitation changes from all 36 downscaled GCMs

are shown in Figure 1.11. Recall that the downscaled projections in Fig. 1.11 are forced

to have the same spatial pattern (that of mode 1, Fig. 1.7) and that the spatial pattern

is dialed up or down based on the predicted loading for that GCM. Precipitation changes

projected using full dynamical downscaling would have somewhat more spatial heterogeneity

than those shown in Fig. 1.11. Thus we do not focus on the spatial patterns of change, but

rather interpret results from a land-average perspective. The land-average can be predicted

by the statistical model with a high degree of accuracy once mode 1 loadings are known (see

Section 2b).

Fig. 1.11 shows an apparently large range of projected changes across models.

13 models project increased precipitation (average of +8.1 mm/wet season) and 23 models

project decreased precipitation (average of -8.5 mm/wet season). The most extreme models

are MIROC5 and IPSL-CM5A-MR, which project changes of approximately +19 and -25

mm/wet season across the land, respectively. The ensemble-mean land-average change is

-2.5 mm/wet season, reflecting a large degree of cancellation between moistening and drying

tendencies. Note that the statistical model may underestimate the spread of changes up to

50% (supplementary material, section 2), so the true inter-model variability of changes may

be 50% larger than described here.

b. End-of-21st century changes

The statistical model can also be used to project end-of-century (2081-2100 −

1981-2000) precipitation changes. As seen by the dark blue dots in Figure 1.4, the ensemble-

mean change is near zero for each month and the spread of those changes is smaller than

current levels of variability, similar to the mid-century case. In addition to downscaled

changes, we also present interpolated GCM changes in Fig. 1.4 (light blue dots). Like the

mid-21st century changes, the ensemble-mean change by the end of the 21st century is near
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Figure 1.11: Downscaled mid-21st century precipitation changes according to 36 GCMs.
Blue shading indicates future moistening, while brown shading indicates future drying.
Unit is mm/wet season.

zero for each month. Taken as a whole, Fig. 1.4 indicates that the model-average downscaled

and interpolated GCM scenario for the Los Angeles region is very little precipitation change

throughout the 21st century.

c. Physical mechanisms
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Recall that the dynamically downscaled future simulations are based on GCM

perturbations to NARR climatologies along the lateral boundaries to 3-dimension temper-

ature, moisture, winds, and geopotential heights, and surface winds, moisture, and pres-

sure. Interpreting the physical mechanisms behind precipitation changes are constrained to

this methodology. While storms entering the outermost domain in WRF (Fig. 1.1a) are

structurally identical between the baseline and future simulations (a limitation raised in

Rasmussen et al. 2011), the perturbation method allow for storms to evolve differently as

they propagate towards the innermost domain. For example, possible changes to large-scale

circulations, such as the jet stream, can be captured in the 3-dimensional wind and geopo-

tential height perturbations. Moisture content in future storms could also change due to

perturbations in relative humidity. Future storm strength could also be modified by pertur-

bations to surface pressure and 3-dimensional geopotential heights. Bearing this information

in mind, we revisit Figure 1.8 to identify the physical mechanisms underpinning downscaled

precipitation changes (Fig. 1.11).

As described in section 2.b.2, Fig. 1.8a shows that precipitation changes over

Los Angeles are related to large-scale precipitation changes over extreme northern and

north/central portions of the eastern Pacific Ocean. The patterns in Fig. 1.8a suggest

that average jet stream position changes across the Pacific Ocean are largely controlling

precipitation changes over Los Angeles. A recent study by Neelin et al. (2013) analyzed the

relationship between end-of-century California December-January-February (DJF) precipi-

tation changes and 200 mb zonal wind speed changes over the northeast Pacific Ocean in

15 CMIP5 GCMs [cf. Fig. 1, Neelin et al. (2013)]. Precipitation changes over the Califor-

nia land-ocean region are found to be significantly related to changes in the jet stream (i.e.

200 mb zonal winds) and associated storm tracks. GCMs projecting increased jet stream

wind speeds, associated with an eastward and poleward jet extension, tend to steer more

storms toward the coast and lead to overall precipitation increases in this region. GCMs

that show weak eastward jet extension and/or wind speed enhancement are associated with
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minimal precipitation changes. Specifically, the authors find a correlation of 0.76 between

end-of-century DJF precipitation changes over California and 200 mb zonal wind speed over

a certain region of the northwest Pacific.

Though our domain of interest is the Los Angeles region rather than the whole

state of California, we follow the arguments presented in Neelin et al. (2013), and perform an

analysis relating GCM 200 mb zonal wind speed changes to downscaled precipitation changes.

200 mb zonal wind speed changes (2041-2060 minus 1981-2000) for the 36 downscaled models

are correlated at each grid point in the GCM domain to the domain-averaged downscaled

precipitation changes. Each GCM is regridded to a common horizontal resolution (1.5◦ x

1.5◦) before performing the correlation. The results are shown in Fig. 1.8b. Strong negative

correlations are seen across most of the Gulf of Alaska and into western Canada. Conversely,

strong positive correlations are seen across the entire north central Pacific Ocean, centered

on Hawaii. This dipole pattern echoes the results found in Neelin et al. (2013) and indicates

how jet stream positioning and strength influence future precipitation over the Los Angeles

region. Specifically, GCMs that project regional increases/decreases in jet stream strength off

the coast of Southern California lead to increased/decreased precipitation over Los Angeles.

1.4 Connection to interannual variability

a. Context of current interannual variability

Here we place the intermodel spread of future precipitation changes in the context

of the region’s natural precipitation variability. Examining Fig. 1.4, we compare the variabil-

ity across statistically downscaled model projections of future changes (red dots) and levels

of interannual variability for the wet-season (black dots). Averaged across each month, the

standard deviations for the downscaled mid-century precipitation changes are 15, 15, 12, and

14 mm/wet season, respectively. (The standard deviations of end-of-century values are very

similar.) The standard deviation of baseline interannual variability of WRF land-averaged

monthly-averaged accumulations (black dots, Fig. 1.4) is 61 mm/wet season. Thus, the
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intermodel variations of downscaled future changes in average precipitation are roughly 25%

of the current interannual variability. As noted in Section 2, the statistical model may un-

derestimate the standard deviation of the precipitation changes, due to imperfect knowledge

of mode 1 loadings, probably by about 30%. So potentially the true standard deviation

of precipitation changes is roughly 40% of the variability. But even after factoring in this

possible bias, it is clear that the interannual precipitation variability is large compared to po-

tential changes in the mean. Of course, the mean changes would be sustained on time scales

much longer than a year, potentially leading to adaptation challenges. For example, the

downscaled models with the most extreme drying and moistening tendencies are associated

with mean precipitation changes on the order of 10%. However, such challenges would only

materialize if the more extreme models are correct; the average downscaled and interpolated

GCM outcome is virtually no precipitation change for the entire century.

b. Relationship between future climate changes and interannual variability

So far we have argued that GCM placement of jet stream and storm tracks in

the north Pacific Ocean is the main driver of intermodel variability in future precipitation

changes over Los Angeles. Previous studies have also shown jet stream placement, strength,

and storm track steering over the Pacific Ocean can shift due to natural climate variability

patterns (Chen and van den Dool 1997, Straus and Shukla 1997, Held et al. 1989). These jet

stream and storm track shifts impact the amount of precipitation over Southern California

(Berg et al. 2013, Athanasiadis et al. 2010). The importance of the jet stream for future

precipitation change suggests a tight link between the physical underpinnings of interannual

variability and simulated climate change.

We begin addressing the relationship between interannual and intermodel variabil-

ity by analyzing baseline DJFM precipitation from the 1981-2000 WRF simulation forced

by NARR. An EOF analysis is performed over 20 spatial patterns of DJFM-averaged pre-

cipitation anomalies corresponding to each year of the baseline simulation. The patterns

are calculated as anomalies relative to the 1981-2000 DJFM climatology. The leading mode
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accounts for 86% of the variability, and the corresponding spatial pattern is very similar

to the first mode of intermodel variability determined from the climate change experiments

(Fig. 1.12). The leading modes of variability in both the baseline and future cases reflect the

strong orographic enhancement of precipitation and the influence of blocking in the coastal

zone across the greater Los Angeles region (Hughes et al. 2008). After performing the EOF

analysis over the baseline precipitation fields, we then correlate the time series associated

with mode 1 (Fig. 1.12a) to 1981-2000 precipitation anomalies at each grid point in the

NARR data. These correlation coefficients are plotted in Figure 1.8c, and can be compared

to the future case (Fig. 1.8a, section 3). Both cases show a tongue of positive correlations

that extend from the coast of California westward into the Pacific Ocean. This tongue is

then flanked on the north and south by large swaths of anticorrelations. We also perform a

correlation between baseline precipitation and 200 mb zonal wind anomalies in the NARR

data (Fig. 1.8d) and compare it to the corresponding case associated with future changes in

the GCMs (Fig. 1.8b, section 3c). Both cases show a dipole pattern of large positive corre-

lations across the southern half of the eastern Pacific Ocean and large negative correlations

in the northern half.

Figure 1.12: Leading modes of precipitation variability over the baseline (a) and future
(b), same as Fig. 1.7a. Baseline precipitation anomalies are calculated relative to the
1981-2000 climatology. Future changes are calculated as 2058-2060 − 1998-2000. See
text for details.
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Such similarities in Figure 8 confirm that the dynamics of baseline interannual

variability are nearly identical to those underpinning future intermodel uncertainty. That

is, the region’s precipitation currently vacillates between wet and dry periods with a pattern

heavily modulated by orography. The vacillations are largely due to natural variations in the

position and strength of the jet stream and subsequent storm track steering. Models that

tend to deflect the jet stream and storms away from Southern California yield drier climates in

the future, while models showing a tendency toward jet stream strengthening and increased

storm activity over Southern California project a wetter climate. Thus the collection of

moistening and drying tendencies in the CMIP5 ensemble can likely be understood as an

“excitation” of a natural mode of variability.

1.5 Concluding remarks

This study uses a hybrid dynamical-statistical downscaling technique to examine

mid- and end-of-21st century precipitation changes over the greater Los Angeles region under

the RCP8.5 emissions scenario. Modeling dynamically downscaled precipitation changes with

statistical methods, we downscale 36 GCMs in the CMIP5 archive based on changes in each

model’s large-scale precipitation fields. There are three major findings of this study. First,

the ensemble-mean change for both time slices is essentially zero. Second, while downscaled

CMIP5 models disagree on both the sign and magnitude of future precipitation changes

over Los Angeles, the spread of possible changes is modest compared to current levels of

variability. For both time slices, the statistical model estimates that the standard devia-

tion of land-averaged precipitation change is about 0.2 to 0.25 of the standard deviation of

the interannual variability. As shown in section 2, the statistical model may underestimate

the intermodel spread by as much as 30% due to imperfect knowledge of mode 1 loadings.

So the true standard deviation of the precipitation change, if all GCMs were downscaled

dynamically, could be closer to 0.4 of the interannual variability standard deviation. Thus

even after allowing for potential error in the statistical model, current shifts between wet
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and dry years are greater than average changes in even the most extreme model projections.

However, the sustained moistening or drying seen in the most extreme statistically down-

scaled models could lead to adaptation challenges. Though these changes are unlikely, they

amount to roughly 10% changes in mean precipitation for both time slices. Finally, robust

similarities are found between the intermodel variability of future changes and interannual

variability of baseline precipitation anomalies. Jet stream placement and strength currently

dictates winter precipitation amounts, and also dictates the sign and magnitude of future

precipitation changes. To the degree there is uncertainty in future precipitation change over

the Los Angeles region, it is due to differences in the simulated response of this phenomenon

to anthropogenic forcing.

While there is a great opportunity to assign probabilities of future changes based

on an ensemble of projection outcomes, no single method perfectly accomplishes this task.

Ensemble-mean forecasts have proven skillful in producing most likely outcomes for climate

variations on the seasonal time scale (e.g. Doblas-Reyes et al. 2003, Palmer et a. 2005b),

along with hurricane paths and other weather patterns (e.g. Zhang and Krishnamurti 1998,

Krishnamurti et al. 2000). Interpreting an ensemble-mean projection as the most likely

outcome for 21st century precipitation, however, is complicated due in part to the fact that

the range of outcomes in the ensemble spans positive and negative changes (van Oldenborgh

et al. 2014, their Fig. A1.6). Our result of near-zero ensemble-mean change simply reflects

offsetting tendencies of moistening and drying in the GCMs. It could be misleading not

to acknowledge that some change, either positive or negative, is likely to occur. At the

same time, for nearly all projections, the magnitude of the change is small compared to

natural variability. In this sense we interpret the most likely scenario as a small change

in precipitation compared to natural variability, with large uncertainty on the sign of the

change.

A critique to this probabilistic estimate is that we are weighting each projection

equally in the ensemble, assuming the quality of each model is the same (Tebaldi and Knutti
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2007, Knutti 2010, Shepherd 2014). One way to address this issue is to weight each model

based on its ability to simulate historical precipitation or the large-scale circulations con-

trolling precipitation over California. Swain et al. (2014) identified 12 CMIP5 GCMs that

best simulate historical 500 mb geopotential height over the northeastern Pacific Ocean ac-

cording to reanalysis distributions. Geopotential height in this region strongly influences

California’s precipitation (Fig. 1.8). By examining downscaled projections from these 12

“good” models in Fig. 1.11, we again find that precipitation changes are modest compared

to natural variability, and that the sign of the change is uncertain. Specifically, 8 models

project increased precipitation, 4 project decreased precipitation, and the ensemble-mean

change is +2.2 mm/wet season. (Similar results between the 12- and 36-model ensembles is

perhaps not too surprising as Langford et al. (2014) found that most CMIP5 models have

reasonable skill in simulating California precipitation.) This simple analysis indicates that

the major conclusions of this study are not sensitive to which models are included in the

ensemble.

Our result of near-zero ensemble-mean precipitation change over Los Angeles can

be interpreted in terms of the well-accepted understanding of global precipitation change

whereby patterns of precipitation become enhanced, such that wet regions become wetter

and dry regions become drier (Chou and Neelin 2004, Neelin et al. 2006, Held and Soden

2006). This leads to increased precipitation over convection zones and drying outside of the

convection zones. On average, Southern California is positioned between areas dominated

by these competing tendencies: increased precipitation to its north in the mid-latitudes and

decreased precipitation to the south within the subtropics. However in some GCMs the

region is north of the boundary between the two zones, while in others it is south of it. As

such, precipitation projections over this region tend to negate one another and yield small

ensemble-mean projections.

One interesting finding from this study is that inter-model variability between the

statistically downscaled (red dots, Fig. 1.4) changes is approximately half the size of the vari-
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ability according to the GCM-interpolated changes (pink dots). We attribute this spread

suppression in the statistical model to two sources. First, inaccurate mode 1 predictions

by the statistical model (section 2) can underestimate the inter-model spread by at least

30%. Second, statistical relationships are derived from 3-year-long dynamically downscaled

changes (2058-2060 − 1998-2000). On average, 1998-2000 was found to have somewhat lower

precipitation than 1981-2000. This has the effect of reducing the magnitude of statistically-

estimated climate change signals, and the spread associated with them, likely about 20%

(Figure 1.13, Table 1.3). If these two error sources were eliminated, the spread would prob-

ably increase by about 50% - therefore, approximately accounting for the difference between

statistically downscaled and GCM-interpolated inter-model variability seen in Fig. 1.4. We

also note that the results in this study are limited to our choice of WRF as the regional

model. Unlike larger regional modeling efforts such as CORDEX (e.g. Nikulin et al. 2012)

and NARCCAP (e.g. Wang et al. 2009), computational costs prevented an examination

of how sensitive this study’s results are to multiple regional model simulations. However,

we found strong agreement between our results and those from an independent study that

statistically downscaled precipitation changes over the greater Los Angeles region (personal

communication with Lee Alexanderson, 2014, Los Angeles County Department of Public

Works).

Differences between the regional model outcomes and those of the GCMs may also

stem from our method of perturbing baseline boundary conditions using future climatolog-

ical changes. For example, one could instead directly downscale raw historical and future

GCM data to calculate changes, as opposed to perturbing baseline conditions derived from

reanalysis. We are currently conducting research to test whether this direct method gives

different results from downscaling changes in the climatology through a perturbation to

reanalysis-based boundary conditions.

Given the agreement between the GCMs and the downscaled information in the

ensemble-mean outcome, it seems unlikely that a different dynamical downscaling technique
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would generate a systemically different answer. The hybrid statistical-dynamical downscaling

technique could be applied beyond the Los Angeles region. It may be especially appropriate

in areas that share these two characteristics with the domain of interest in our study: (1)

changes in the large-scale circulation govern precipitation change, allowing for development

of credible GCM scaling factors, and (2) local precipitation changes are heavily influenced by

orography, leading to diagnosed local response patterns, as encapsulated by the leading EOF

patterns. Thus it would be applicable for any mid-to-high latitude location with significant

topography.

An important caveat relating to the El Niño-Southern Oscillation (ENSO) phe-

nomenon applies to the conclusions of this study. In the current climate, ENSO influences the

position of the Northern Hemisphere jet stream and storm tracks across the eastern Pacific

Ocean through atmospheric teleconnections (Held et al. 1989, Chen and van den Dool 1997,

Straus and Shukla 1997). These shifts have a statistically-detectable effect on precipitation

over Southern California. During La Niña events, the jet tends to move northward towards

the Gulf of Alaska, leading to drier than average conditions across Southern California. Un-

der El Niño conditions, the jet tends to extend south and eastward, steering storms more

directly across southern regions of US, including Southern California (Redmond and Koch

1991, Dettinger et al. 1998, Cayan et al. 1999, Leung et al. 2003, Berg et al. 2013). The

CMIP5 ensemble of GCMs has shown improvements in the simulation of ENSO compared

to the CMIP3 ensemble, particularly in the amplitude and time scale of the phenomenon.

However, the CMIP5 models still exhibit significant errors, especially in the irregularity of

the phenomenon and its spatial pattern (Flato et al. 2013). A detailed examination of the

implications of these tropical Pacific errors for precipitation change over Southern California

is beyond the scope of this study. However, it seems possible that the GCM projections of

future ENSO behavior may be affected by them.

If these errors were corrected, modestly different outcomes for Southern California

precipitation might result, owing to the link between ENSO variability and Southern Califor-
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nia precipitation. When an ENSO event occurs, it accounts for roughly 2/3 of the variance

in Southern California precipitation. However, only about 40% of wet seasons can be con-

sidered strong ENSO events (Schonher and Nicholson, 1989). Thus roughly one quarter of

the variance of Southern California precipitation can be traced to ENSO. The remaining

three-quarters of the variance is linked to shifts of the jet stream unrelated to tropical Pa-

cific variability, similar to those portrayed in Fig. 1.8d, and which are also the mechanism

generating intermodal spread in the CMIP5 ensemble. While ENSO is a mechanism gen-

erating regional precipitation variability, it is not the most important. ENSO errors in the

GCMs may introduce somewhat more uncertainty in our regional precipitation projections

than what is implied by the downscaled intermodel spread alone. It is impossible to quantify

this effect precisely with present knowledge, but the role ENSO currently plays in Southern

California precipitation does at least offer a useful guide. We estimate that ENSO GCM er-

rors increase the uncertainty by an amount approximately proportional to the fraction of the

variance ENSO accounts for in current climate - by about 25%. This additional uncertainty

underscores the need for regional planning that allows for a variety of future precipitation

change outcomes.

1.6 Supplementary Material

CCSM4 was dynamically downscaled for the full 20-year future period (2041-2060),

but CNRM-CM5, GFDL-CM3, MIROC-ESM-CHEM, and MPI-ESM-LR were only down-

scaled for 3 future years (2058-2060) due to computational resources. The hybrid statistical-

dynamical downscaling model hinges on precipitation changes derived from the 3-year signals

(2058-2060 − 1998-2000). Here we discuss how interannual variability in the baseline 3-year

period versus the 20-year period may influence the statistically downscaled results.

In Figure 1.13, we first scatter dynamically downscaled land-averaged monthly

precipitation during the baseline (x-axis) versus the corresponding monthly future changes

(y-axis). 80 data points are available for CCSM4 (20 years x 4 months [DJFM]), while

33



12 points are available for the remaining models (3 years x 4 months). These dynamically

downscaled changes are represented as filled colored circles. We then regress baseline totals

to the corresponding changes (dashed colored lines). Using this regression line, we can

then estimate monthly precipitation changes for the full 20-year future period given the

corresponding baseline precipitation. These estimated changes are shown as open colored

circles.

Filled = dynamically downscaled

Open = estimated using regression line

Figure 1.13: Comparison between land-averaged baseline monthly precipitation (mm)
and the corresponding monthly precipitation change (mm) for the five dynamically
downscaled models. Regressions between the baseline and change in monthly precip-
itation are shown in dashed lines. For each model, filled circles indicate the change
was based on the dynamically downscaled output, while open circles represent the
estimated change using the regression line.

Table 1.3 summarizes the differences in monthly-average precipitation changes

between the 3-year (dynamically downscaled) and 20-year (estimated) climate change signals.

When averaged across the models, it is found that the 3-year signal has a bias towards smaller

anomalies of around 20%. Therefore, 3-year changes and the statistical estimates based on
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them (Fig. 1.4) may be associated with a reduced signal, and the spread of those changes

may be suppressed by a similar amount compared to changes over the full 20-year period.

3-year signal (mm)

(2058-2060 - 1998-2000)

20-year signal (mm)

(2041-2060 - 1981-2000)

CCSM4* -6.8 -8.5

CNRM-CM5 16.1 17.1

GFDL-CM3 -4.3 -4.7

MIROC-ESM-CHEM -11.3 -12.4

MPI-ESM-LR -1.0 -1.2

Ensemble-mean -1.5 -1.9

Table 1.3: Comparison of the monthly-average precipitation changes between the 3-
year (2058-2060 − 1998-2000) and 20-year (2041-2060 − 1981-2000) signals. *CCSM4
was downscaled for all 20 years, so there is no estimation involved in comparing its
3-year to 20-year signals. For all other models, the 20-year signal is estimated using
linear regression.
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2 Increased Precipitation Extremes Over California Un-

der Climate Change

2.1 Introduction

The U.S. state of California has immense municipal and agricultural water de-

mands, with over 38 million residents and the largest farming economy in the United States

(USDA 2012). California receives most of its precipitation from October through March

(Cayan and Roads 1984), hereafter referred to as the “wet season”. Annual precipitation

totals are highly variable (Dettinger et al. 2011, Mitchell and Blier 1997). Since the pop-

ulation is expected to grow beyond 50 million by 2060 (CADOF 2013), satisfying future

water demands requires an understanding of how precipitation may vary throughout the

21st century due to climate change.

While temperatures in California are widely expected to increase under climate

change (Pierce et al. 2012, Cayan et al. 2008, Duffy et al. 2006, Hayhoe et al. 2004), the

associated precipitation signal is more ambiguous. Several studies have found only modest

projected changes in mean precipitation, which are small compared to natural variability

(Pierce et al. 2012, Cayan et al. 2008, Duffy et al. 2006, Hayhoe et al. 2004). But even

these modest signals in the mean may be accompanied by significant changes in precipita-

tion extremes. Recent studies that examined projections in phase 3 of the Coupled Model

Intercomparison Project (CMIP3) found an increase in extreme precipitation over Califor-

nia. For example, Das et al. (2013) found significant end-of-century increases in 3-day flood

magnitudes across the entire California Sierra Nevada mountain range according to all 16

projections they analyzed. Pierce et al. (2013) also found evidence in model projections that

daily precipitation intensity will increase, particularly in the northern half of California. Us-

ing projections in phase 5 of the Coupled Model Intercomparison Project (CMIP5), Polade

et al. (2014) showed that an increased number of dry days along with higher frequencies of

very heavy precipitation days combine to increase interannual precipitation variability over
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California.

These prior studies of extreme precipitation changes over California focused on

high-frequency weather events. The purpose of this study is to analyze changes in extreme

precipitation on interannual time scales. Such prolonged wet and dry periods can cause

significant stress to ecosystems, agriculture, and urban water supply. The potential role of

climate change in the recent low precipitation period of 2013/14 is an especially relevant

aspect of this topic. Using 34 CMIP5 global climate models (GCMs), the study first exam-

ines future trends in average precipitation over California. Then it assesses the statistical

significance of simulated changes in both extremely wet and dry wet seasons by the mid- and

end-of-21st century. Through these analyses, as well as an examination of the observed trend

in precipitation over the region since 1900, an argument attributing the very low precipitation

of 2013/14 to natural variability is presented.

2.2 Observations and Models

This study takes advantage of California’s uniquely dense and long-term observa-

tional record of precipitation across the state (http://cdec.water.ca.gov/index.html).

Monthly precipitation totals from 1900 through 2014 are available from 103 stations across

the state (Figure 2.1a). To understand the spatial structure of the precipitation fields sam-

pled by this observational network, we correlate time series of wet season (October through

March) precipitation anomalies at each station to the station-averaged anomalies (Fig. 2.1b).

All stations in the southern third of California, along with a several stations scattered in

the northern two thirds of the state, have correlations below 0.7. Our objective is to ob-

tain a cohesive observation network, so we exclude stations with correlations below 0.7, and

recalculate correlations between the remaining stations and the new station-average. This

process is repeated twice until all stations have a correlation greater than 0.7, yielding a final,

“strongly cohesive” (average r = 0.85) network of 75 stations (Fig. 2.1c). Therefore, the

station average is highly representative of precipitation variations at the scale of the northern
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two thirds of California, as well as smaller spatial scales. This makes it an appropriate metric

to compare with output from GCMs, whose grid-box scales are comparable to the span of

this observational network. Stations are located primarily throughout the Sierra Nevada,

Central Valley, and coastal regions of California and approximately sample where the main

water resources are found in California, i.e. the northern two-third of the state. Monitoring

water resources over the Sierra Nevada is particularly important since more than 60% of

the state’s water supply originates from these mountains (WED 2011). Station elevations

range from 4 to 2940 m, with an average of 967 m. Fourteen stations recorded wet season

precipitation totals at the start of the 20th century, growing to the current number of 75

stations by 1984/85. Measurement gaps are found throughout the time series (particularly

1981-1982), though at least 30 stations are active from 1904/05 to present (Fig. 2.1d).

a) Observational network (103 stations) b) Network correlations (103 stations) c) “Strong” network correlations (75 stations)

d) Number of active stations in “strong” network
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Figure 2.1: Observational network. (a) Location and height above sea level (unit m)
for all 103 stations of precipitation observations. (b) Correlation between time series of
station and station-averaged wet season precipitation anomalies for all 103 stations. (c)
Correlation between time series of station and station-averaged wet season precipitation
anomalies for “strong” (r >7.0) stations. (d) Number of active stations in the “strong”
network from wet seasons 1900/01 through 2013/14.

GCM outputs of monthly precipitation, geopotential height, and sea ice from the

CMIP5 archive (http://pcmdi9.llnl.gov/esgf-web-fe/) are also employed in this study
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(Table 2.1). We use information from the first realization of two standardized experiments

(historical and RCP8.5). RCP8.5 represents a “business as usual” future forcing scenario

where greenhouse gas emissions continue to increase throughout the 21st century. GCMs are

regridded to a 1.5◦ x 1.5◦ horizontal resolution (using a spherical harmonic regridding func-

tion within the NCAR Command Language), allowing for uniform area averages throughout

the study. In the GCMs, “California” is defined as the continuous set of grid cells spanning

the observational network in Fig. 2.1c. A map showing these grid cells is provided in the

inset of Figure 2.2.

2.3 Results

a) GCM precipitation trends under climate change

Here we examine 20th and 21st century GCM simulations of California precipita-

tion using the historical (1900/01–2004/05) and RCP8.5 (2005/06–2099/2100) experiments.

RCP8.5 is the most extreme forcing scenario in the CMIP5 framework, and therefore the one

most likely to be associated with statistically significant anthropogenic trends. This may

also represent the most realistic scenario since current emissions already exceed those repre-

sented in RCP8.5 (Peters et al. 2013). 34 GCMs are included in the analysis, allowing us to

robustly characterize intermodel spread and compute the ensemble-mean outcome. Shown

in Fig. 2.2 are each GCM’s wet season accumulations from 1900/01–2099/2100 in thin grey

lines, along with the ensemble-mean in a thick black line. Also shown is the observed time

series from 1900/01–2013/14 in green. As seen in the figure, California’s observed precipi-

tation is extremely variable on interannual time scales (Dettinger et al. 2011). In fact, the

observed distribution is notably non-Gaussian with a heavy wet tail, and less than half of

the wet seasons are within 25% of the median. From 1900/01–2013/14, the average wet

season accumulation is 62.2 cm, with a standard deviation of 20.6 cm. Generally speak-

ing, simulated California precipitation is also highly variable. The average of each model’s
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Model Institute

ACCESS1-0 Commonwealth Scientific and Industrial Research Organization

ACCESS1-3 Commonwealth Scientific and Industrial Research Organization

BNU-ESM College of Global Change and Earth System Science, Beijing Normal Uni.

CCSM4 National Center for Atmospheric Research

CESM1-BGC National Science Foundation, Department of Energy, NCAR

CESM1-CAM5 National Science Foundation, Department of Energy, NCAR

CMCC-CESM Euro-Mediterranean Center of Climate Change

CMCC-CM Euro-Mediterranean Center of Climate Change

CMCC-CMS Euro-Mediterranean Center of Climate Change

CNRM-CM5 Centre National de Recherches Meteorologiques

CSIRO-Mk3-6-0 Commonwealth Scientific and Industrial Research Organization

CanESM2 Canadian Centre for Climate Modeling and Analysis

EC-EARTH EC-Earth Consortium

FGOALS-g2 LASG, Institute of Atmospheric Physics, Chinese Academy of Sciences

GFDL-CM3 NOAA Geophysical Fluid Dynamics Laboratory

GFDL-ESM2G NOAA Geophysical Fluid Dynamics Laboratory

GFDL-ESM2M NOAA Geophysical Fluid Dynamics Laboratory

GISS-E2-H NASA Goddard Institute for Space Studies

GISS-E2-R NASA Goddard Institute for Space Studies

HadGEM2-ES Met Office Hadley Centre

IPSL-CM5A-LR Institut Pierre Simon Laplace

IPSL-CM5A-MR Institut Pierre Simon Laplace

IPSL-CM5B-LR Institut Pierre Simon Laplace

MIROC-ESM AORI (U. Tokyo), NIES, JAMESTEC

MIROC-ESM-CHEM AORI (U. Tokyo), NIES, JAMESTEC

MIROC5 AORI (U. Tokyo), NIES, JAMESTEC

MPI-ESM-LR Max Planck Institute for Meteorology

MPI-ESM-MR Max Planck Institute for Meteorology

MRI-CGCM3 Meteorological Research Institute

NorESM1-M Norwegian Climate Center

NorESM1-ME Norwegian Climate Center

bcc-csm1-1 Beijing Climate Center, China Meteorological Administration

bcc-csm1-1-m Beijing Climate Center, China Meteorological Administration

inmcm4 Institute for Numerical Mathematics

Table 2.1: List of CMIP5 models and corresponding institutions used in this study.
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1900/01–2013/14 standard deviation is 18.0 cm. As a group, the models appear to have a

slightly low bias (13%) in precipitation variability. Langford et al. (2014) also found that

CMIP5 GCMs simulate the average and standard deviation of historical precipitation over

California fairly accurately.

Looking at the 2005/06–2099/2100 trends (blue and red lines in Fig. 2.2), we see

that GCMs disagree on the sign of projected changes in precipitation, as 23 models show

positive trends and 11 show negative trends. This disagreement was found in other recent

studies (e.g. Das et al. 2013, Neelin et al. 2013, Berg et al. 2015) and can be interpreted

within the framework of the “rich-get-richer” or “wet regions get wetter and dry regions drier”

effect (Chou and Neelin 2004, Held and Soden 2006, Trenberth 2011, Durack et al. 2012).

Specifically, California is located at the node of oppositely-signed large scale precipitation

changes (IPCC 2013), whereby northern, mid- and high-latitude regions are projected to

become wetter, while southern, sub-tropical areas are projected to become drier. GCM

projections of precipitation over California tend to disagree on the sign of change, depending

on whether they place the region more in the northern or southern regime of large-scale

change.

Regardless of sign, the projected precipitation trends throughout the 21st century

are generally insignificant. The average positive and negative trend is +1.11 and -0.89

cm/decade, respectively, while the ensemble-mean is +0.46 cm/decade. These trends are

very small compared to both simulated and observed interannual standard deviations of

18.0 and 20.6 cm/wet season, respectively. Only the most extreme cases (+2.90 and -2.52

cm/decade) could lead to a significant shift in hydroclimate when the variability is taken

into account. Taken as a whole, Fig. 2.2 provides little evidence from the GCMs that wet

season totals will greatly change throughout the 21st century, even under a very aggressive

warming scenario. The most likely case is that the region’s very large variability will continue

to dominate any long-term trends due to anthropogenic forcing.

b) Extreme precipitation changes in the 21st century
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GCM California zone 1900/01-- 2013/14 observed precip

1900/01-- 2099/2100 GCM-average precip

2005/06 -- 2099/2100 positive GCM precip trend

2005/06 -- 2099/2100 negative GCM precip trend

1900/01-- 2099/2100 GCM precip

Figure 2.2: Observed and simulated wet season precipitation totals: 1900/01–2013/14
wet season totals (unit cm) according to station-averaged observations (green line,
see Fig. 2.1c for station locations); 1900/01–2099/2100 wet season totals averaged
over California in 34 GCMs (thin grey lines, the California averaging zone is shaded
yellow in the upper left of the plot); GCM-mean 1900/01–2099/2100 wet season totals
averaged over California (thick black line). Also overlaid are 2005/06–2099/2100 trends
(RCP8.5 forcing scenario) for each GCM. These trends are colored according to their
sign (blue for positive trends, red for negative trends).

Despite the small projected mean precipitation trends in Fig. 2.2, large changes

in extremes may still occur (e.g. Das et al. 2013, Polade et al. 2014). To quantify how

the frequency of wet seasons with extreme wetness and dryness may change throughout the

21st century, we examine extreme wet season totals within each GCM. The thresholds for

extreme events are defined according to detrended simulated historical (1900/01–2004/05)

precipitation distributions. An extreme wet event is one where the wet season total exceeds
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the 95th percentile in the model’s own historical period climatology, while an extreme dry

event is one where the wet season total is less than the 5th percentile. The results of this

exercise are nearly identical if one instead estimates natural variability levels using pre-

industrial simulations within the subset of GCMs that show minimal model drift (not shown).

Results are also nearly identical if one instead examines extreme changes using water year

totals (October through September), rather than wet season totals (not surprising since most

precipitation falls during the wet season months). Based on our definition of extremes, we

expect one wet season to be extremely dry and one to be extremely wet by chance about

every two decades. Bearing this level of natural variability in mind, we examine changes to

extremes in the 21st century in Figure 2.3 and Table 2.2.

Figures 2.3a and 2.3b show the number of wet seasons that are extremely dry and

wet, respectively, within a given two-decade interval in the 21st century for 34 GCMs. (The

color scheme of Fig. 2.3 is chosen so that any box with shading in it represents a number of

extreme events greater than the one event expected by chance.) Models are roughly ordered

wettest-to-driest from top-to-bottom based on their 21st century climatology of extremes.

Specifically, we calculate the difference between each model’s total number of 21st century

wet and dry extremes shown in Fig. 2.3. The model with the largest difference, GISS-

E2-H, is ranked the wettest model, while FGOALS-g2 has the smallest difference and is

ranked as the driest model. For discussion purposes, it is useful to divide the latter eight

decades of the 21st century into two periods, 2020/21–2059/60 (“Mid-21st century”) and

2060/61–2099/2100 (“End-of-21st century”). Testing of statistical significance on the number

of extremes in each of these periods is performed with a Monte Carlo resampling technique.

For each GCM, 40 wet seasons (matching the length of each future period) are randomly

selected from its detrended historical (1900/01–2004/05) time series and the numbers of dry

and wet extremes within that synthetic time series are recorded. This is repeated 1000 times

to produce two distributions showing the expected number of dry and wet extremes within a

40-year historical slice. We then extract the percentiles of these distributions corresponding
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to the numbers of mid- and end-of-21st century dry and wet extremes (i.e. boxes in Fig. 2.3).

If a percentile is greater than the 95th historical percentile, a significant (p<0.05) increase

in extremes is said to occur. The results of this exercise for all 34 GCMs are shown in Table

2.2.
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Figure 2.3: Counts of projected wet season precipitation totals that are extremely (a)
dry or (b) wet in each GCM during two-decade intervals throughout the 21st century.
Only counts greater than the expected number by chance (one extremely dry and wet
event per two decades) are colored. GCMs are ordered wettest-to-driest from top-to-
bottom in each panel based on their 21st century climatology of extremes.

Focusing on the mid-21st century in Table 2.2, only 4/34 models project statisti-

cally significant increases in wet seasons that are extremely dry (average of 8.3 during these

40 years). Across the model ensemble, the average and median occurrence of extremely dry

wet seasons is found to be 2.3 and 2.0, respectively. Since the region would experience around

two extremely dry wet seasons during four decades by chance, this information indicates that

the frequency of extremely dry wet seasons is unlikely to change between 2020/21–2059/60.

On the other hand, 13/34 models have statistically significant projections of more than two

wet seasons that are extremely wet during this time period (Fig. 2.3b, Table 2.2), with an

average of 7.1 per 40 years. The ensemble-mean average and median occurrence is 3.8 and

3.5, respectively. Thus nearly 40% of models significantly project a tripling of the frequency

of wet extremes by mid-21st century. Though the ensemble mean suggests an increase of only
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Model

“Mid-21st century”

2020/21–2059/60

“End-of-21st century”

2060/61–2099/2100

# dry

extremes

# wet

extremes

# dry

extremes

# wet

extremes

GISS-E2-H 1 12* 0 14*

MRI-CGCM3 0 12* 0 15*

bcc-csm1-1-m 0 8* 0 10*

IPSL-CM5A-LR 1 4 2 13*

CanESM2 5* 5* 4 19*

CESM1-BGC 2 5* 1 13*

IPSL-CM5B-LR 2 6* 1 9*

inmcm4 4 3 2 13*

GISS-E2-R 2 5* 3 9*

IPSL-CM5A-MR 0 3 2 7*

MPI-ESM-MR 3 8* 3 7*

GFDL-CM3 3 6* 1 7*

CCSM4 1 3 0 5*

bcc-csm1-1 0 4 2 5*

NorESM1-M 0 6* 3 4

GFDL-ESM2M 2 9* 3 3

CESM1-CAM5 1 4 3 7*

HadGEM2-ES 0 0 0 6*

CSIRO-Mk3-6-0 2 3 2 4

CNRM-CM5 1 5* 3 8*

ACCESS1-3 2 4 0 6*

CMCC-CESM 2 3 6* 9*

CMCC-CMS 1 5* 5* 4

NorESM1-ME 1 1 1 2

MPI-ESM-LR 2 2 3 2

ACCESS1-0 3 1 0 1

BNU-ESM 3 2 5* 3

MIROC5 2 0 3 1

CMCC-CM 0 0 9* 2

EC-EARTH 3 0 8* 5*

GFDL-ESM2G 1 1 8* 1

MIROC-ESM 7* 0 12* 0

MIROC-ESM-CHEM 13* 0 18* 0

FGOALS-g2 8* 0 37* 0

ensemble-mean 2.3 3.8 4.4* 6.3*

Table 2.2: Number of wet seasons in each GCM that are extremely dry and wet
during 2020/21–2059/60 (“Mid-21st century”) and 2060/61–2099/2100 (“End-of-21st

century”). Increases that are statistically significant at the 95% level, calculated using
a Monte Carlo resampling technique, are noted with an asterisk. GCMs are ordered
wettest-to-driest from top-to-bottom based on their 21st century climatology of ex-
tremes.
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one or two additional wet extremes, which is not statistically significant at the 95% level.

Extreme changes become more pronounced and better model agreement is found

when analyzing the 2060/61–2099/2100 period. For instance, 9/34 models have statistically

significant projections of more than two extremely dry wet seasons during this 40-year period

(Fig. 2.3a, Table 2.2). When averaged across these models, a mean occurrence of dry

extremes during these four decades is found to be 12.0. Across all models in the ensemble,

the average and median occurrence is found to be 4.4 and 3.0, respectively (see also middle

column of Table 2.3). While a quarter of the models project a significant increase in the

frequency of dry extremes 4-6 times greater than the historical levels, the ensemble-mean

projects an additional one or two more extremely dry wet seasons per two decades by the

end of the 21st century (statistically significant at the 95% level). This effect is also visually

apparent in the increasing redness of the boxes in Fig. 2.3a. A majority of models (20/34)

project statistically significant increased occurrences of wet seasons that are extremely wet

during 2060/61–2099/2100. The average occurrence of extremely wet years across models

with significant increases for this period is 9.3 or roughly four times the expected frequency.

The ensemble-mean average and median occurrence is 6.3 and 5.5, respectively (middle

column of Table 2.3), indicating a statistically significant tripling of the frequency of wet

extremes compared to the historical frequency by the end of the 21st century.

Interestingly, only two models overlap (CMCC-CESM and EC-EARTH) within

the 9/34 and 20/34 model subsets that project significant increases in dry and wet extremes,

respectively, by the end of the century (Table 2.2). While models generally project increases

in either wet or dry extremes, some models appear to project increases in both. Multiple

scenarios could help explain this model behavior. Of course, changes in mean precipitation

without any change in variability would by itself produce an increase in extremes by simply

shifting the distribution in one direction and fattening that direction’s tail. This may explain

the increases in either wet or dry extremes in a particular model. However, the increases

in both wet and dry extremes in some models indicates changes in variability that amplify
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extremes in one tail may also be at work.

To unravel the influences of mean and standard deviation changes to extreme

changes, we first show each GCM’s 21st minus 20th century mean and standard deviation

change in Figure 2.4. The mean change is fairly skewed towards moistening (22 positive, 12

negative), an expected result given the information shown in Fig. 2.2. Moreover, a great

majority of models (28/34) show positive changes in the variability of wet season totals

during the 21st century. Some models that project statistically significant increases in wet

extremes (e.g. GISS-E2-H, MRI-CGCM3, and bcc-csm1-1-m) are accompanied by large

positive changes in both the mean and standard deviation. On the other hand, there are

several other models that also project significantly increased wet extremes (e.g. CanESM2,

and CESM1-BGC), but are associated with negative mean changes and positive standard

deviation changes. Similar non-uniform behavior is seen in the subset of models that project

significant increases to dry extremes by the end of the century. The model associated with

the most drastic increase in dry extremes during this period (FGOALS-g2) is accompanied

by large decreases to the mean and standard deviation. Other models that project increased

dry extremes, such as GFDL-ESM2G and EC-EARTH, show decreases in the mean but

increased variability. So both changes in the mean and changes in variability may conspire

to produce an increase in extremes in many models.

Table 2.3 separates out these two effects by comparing how extremes change during

2060/61–2099/2100 with and without an accompanying mean change in that time period. In

the center column of Table 2.3, numbers of extreme wet seasons for the 2060/61–2099/2100

period are shown including the mean precipitation change. In the right column, each GCM’s

end-of-21st century (2060/61–2099/2100) mean is reset to equal the corresponding mean

for the historical period (1900/01–2004/05). This is accomplished by adding the difference

between historical and end-of-21st century means to each wet season total during 2060/61–

2099/2100. In essence, this compares how many extreme wet seasons occur when both the

simulated mean and variability are allowed to change (center column) and when only vari-
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 1 - GISS-E2-H
 2 - MRI-CGCM3
 3 - bcc-csm1-1-m
 4 - IPSL-CM5A-LR
 5 - CanESM2
 6 - CESM1-BGC
 7 - IPSL-CM5B-LR
 8 - inmcm4
 9 - GISS-E2-R
10 - IPSL-CM5A-MR
11 - MPI-ESM-MR
12 - GFDL-CM3
13 - CCSM4
14 - bcc-csm1-1
15 - NorESM1-M
16 - GFDL-ESM2M
17 - CESM1-CAM5
18 - HadGEM2-ES
19 - CSIRO-Mk3-6-0
20 - CNRM-CM5
21 - ACCESS1-3
22 - CMCC-CESM
23 - CMCC-CMS
24 - NorESM1-ME
25 - MPI-ESM-LR
26 - ACCESS1-0
27 - BNU-ESM
28 - MIROC5
29 - CMCC-CM
30 - EC-EARTH
31 - GFDL-ESM2G
32 - MIROC-ESM
33 - MIROC-ESM-CHEM
34 - FGOALS-g2

Figure 2.4: 21st (2000/01–2099/2100) minus 20th (1900/01–1999/2000) century
changes in the mean and standard deviation according to 34 GCM simulated Califor-
nia wet season precipitation totals. The 1900/01–1999/2000 and 2000/01–2099/2100
time series are detrended before calculating the standard deviation change. Models
are ranked wettest-to-driest based on their 21st century climatology of extremes.

ability changes (right column). Table 2.3 shows that the increase in precipitation extremes

occurs even when the mean change is removed. Wet seasons with extreme wetness only de-

crease from around 6 to 4 per 40 years, while the frequency of extremely dry wet seasons is

unchanged. A decrease in wet extremes when removing the mean change is consistent with

the moderate moistening tendency in the majority of the GCMs (Fig. 2.2). Removing the

mean change effectively “dries” the 2060/61–2099/2100 precipitation time series for most

models, and reduces the number of extremes in the wet tail. In sum, Fig. 2.4 and Table 2.3

reveal that, as a group, (1) half of the simulated increase in wet extremes can be attributed

to increased variability, while the other half is due to increases in the mean, and (2) increased
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dry extremes are almost entirely due to increased variability.

No alteration to

2060/61–2099/2100 mean

(mean and variability change)

2060/61–2099/2100 mean

equals 1900/01–2004/05 mean

(only variability change)

Historical 2060/61–2099/2100 average/median

Dry extremes 2 4.4/3 4.1/3

Wet extremes 2 6.3/5.5 4.5/4

Table 2.3: Comparison between the historical (1900/01–2004/05) and 2060/61–
2099/2100 (“end-of-21st century”) average/median frequencies of extreme wet seasons.
There are two cases for 2060/61–2099/2100. Center column: each GCM’s 2060/61–
2099/2100 time series of precipitation is unaltered. This allows for simulated mean and
variability changes to influence extreme changes during 2060/61–2099/2100. Right col-
umn: each GCM’s 2060/61–2099/2100 precipitation time series is modified so that its
mean is equal to the 1900/01–2004/05 (historical) mean. This allows for only sim-
ulated variability changes to influence the number of extreme years during 2060/61–
2099/2100.

2.4 Low Precipitation of the 2013/14 California Drought

These results showing increases in extreme wet season precipitation are especially

relevant given recent drought conditions over California. The state has received below aver-

age wet season precipitation for three consecutive years, 2011/12–2013/14. Water shortages

prevented irrigation in many instances, leading to projected economic losses of nearly $2.2

billion for 2014 alone (Howitt et al. 2014). The drought’s severity and socioeconomic im-

pacts led many to question whether the conditions of 2013/14 could be related to climate

change (Swain et al. 2014, Wang et al. 2014, Diffenbaugh et al. 2015). Here we re-examine

Figs. 2.2 and 2.3 and Table 2.2 to gain a better understanding of the causes behind the low

precipitation associated with the 2013/14 drought.

We first place the 2013/14 wet season in historical context using the station-

averaged observations (Fig. 2.1). 2013/14 recorded 32.3 cm of precipitation, representing

just above 50% of the average over the past 114 wet seasons. By this measure, the 2013/14

wet season precipitation, while severe, is not unprecedented in California. In fact it ranks as
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the fifth driest since 1900/01, following the wet seasons of 1976/77 (19.4 cm), 1923/24 (26.1

cm), 1975/76 (31.3), and 1930/31 (32.0 cm). Moreover, even though the 1900/01–2013/14

period ends with a dry anomaly, the trend in wet season accumulation over this period is only

-0.044 cm/decade (-0.14 to +0.05 cm/decade at the 95% confidence level), statistically not

different from zero and negligible compared to the standard deviation of observed variability

(20.6 cm) during this period. Recent variations in California precipitation, including the

2013/14 wet season, would appear to be highly consistent with natural variability.

Though the wet season of 2013/14 is only the 5th driest on record (and the 2013/14

water year the 3rd driest), the calendar year of 2013 is the driest of the whole record (also

found in Swain et al. 2014). This is an interesting fact, but should be interpreted with cau-

tion. Given California’s Mediterranean climate regime, calendar years actually measure two

half wet seasons of precipitation, a metric which does not have a natural physical interpreta-

tion. Nonetheless, the discrepancy in rankings between the 2013/14 wet season/water year

and the calendar year 2013 can be resolved by focusing on just January through February

(JFM) precipitation accumulations. JFM 2013 was the all-time driest, recording just 24% of

the JFM-average. However, JFM 2014 was only modestly dry at 71% of the average. This

prevented the 2013/14 wet season and water year totals (physically-based measures of single

“annual” amounts) from becoming record lows.

While the observed time series does not appear to contain any obvious anthro-

pogenic signatures, the GCM projections of increasing extremes accompanied by small or no

trends in mean precipitation do raise the possibility that the low precipitation of 2013/14 is

at least partly anthropogenic. However, even in the future 2020/21–2059/60 period, there is

no model consensus that extreme dryness will occur more frequently than the region already

experiences (Fig. 2.3a, Table 2.2). Only by the end of the century does a signal of enhanced

frequency of dry extremes emerge past natural variability levels. Thus this analysis finds no

model evidence that the 2013/14 low wet season precipitation, and perhaps the remaining

extremely dry wet seasons over California that will surely occur throughout the first half
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of the 21st century, can be clearly linked to climate change. Interestingly, a signal of in-

creased wet extremes is more robust in terms of model consensus than the corresponding

dry extremes signal, and is associated with a much larger change in frequency, and an earlier

emergence from the noise in the 21st century. In sum, evidence from both the observed

historical precipitation time series and future precipitation projections supports the idea

that the 2013/14 low wet season precipitation totals can be very likely attributed to natural

variability, even if the GCMs suggest that extremely dry wet seasons may become somewhat

more common by the end of the 21st century.

The CMIP5 ensemble can also be used to investigate previously identified mech-

anisms leading to an increased tendency toward decreased precipitation in California. A

study by Sewall and Sloan (2004) found some relationship between anthropogenic warming

and reduced precipitation over California. Specifically, the authors forced a GCM, CCSM1,

with prescribed declines in Arctic sea ice fraction and corresponding sea surface temper-

atures and found wintertime (December-January-February, DJF) precipitation reductions

of around 30% over California by 2050. The authors attribute this reduction to increased

500 mb geopotential heights over the Gulf of Alaska, which has the effect of steering more

storms away from California. This increased ridging is suggested to have formed from plan-

etary wave pattern disturbances originating over the Barents and Kara Seas due to sea ice

loss and increased ocean exposure in that region. To test the link between Arctic sea ice loss

and California precipitation decreases in the CMIP5 ensemble, we calculate end-of-21st cen-

tury DJF changes (2080/81–2099/2100 average minus 1980/81–1999/2000 average) in Arctic

sea ice fraction and California precipitation within the first realization of 28 CMIP5 GCM

historical and RCP8.5 simulations. While nearly every model projects significant Arctic sea

ice fraction declines between these two time periods, there is no consensus in the sign of pre-

cipitation change over California (as seen in Fig. 2.2). In addition, the correlation between

these two changes is close to zero (r = 0.13) and not significant (p >0.5). While the mech-

anism identified by Sewall and Sloan (2004) may be operating in the GCM they analyzed,
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it does not appear to play any significant role in shaping future precipitation changes over

California in the CMIP5 ensemble as a whole.

2.5 Conclusion

This study analyzes how simulated mean and extreme precipitation during the wet

season change in California as GCMs respond to an aggressive 21st century warming scenario.

Mean precipitation trends and changes to extremes are quantified using historical (1900/01–

2004/05 ) and RCP8.5 (2005/06–2099/2100) output from 34 CMIP5 GCMs. Models tend

to disagree on the sign of the mean precipitation trends during the 21st century, and the

magnitudes of the trends are generally small compared to natural variability levels. There

is a slight tendency towards moistening, with the ensemble-mean trend being positive but

close to zero (+0.46 cm/decade).

Extreme precipitation changes are also examined over two time periods in the 21st

century, 2020/21–2069/2060 and 2060/61–2099/2100. Extremes are based on thresholds in

detrended simulated historical (1900/01–2004/05) data. Specifically, dry extremes are those

whose totals fall below the 5th historical percentile, while wet extremes are those whose totals

exceed the 95th percentile. During the 2020/21–2059/60 period, there is no model consensus

that extremely dry wet seasons will increase in frequency beyond the two per 40 years

expected by chance. However, nearly 40% of models project statistically significant increases

in wet seasons with extreme wetness, with an ensemble-mean increase of one to two wet

extremes over this time period (not statistically significant at the 95% level). Signals become

stronger and better model agreement is found when analyzing the 2060/61–2099/2100 period.

For instance, the ensemble-mean projects a statistically significant increase of about two

additional extremely dry wet seasons beyond the number expected by chance. A majority of

models also project enhanced frequency of wet extremes during 206061–2099/2100, with an

ensemble-mean, statistically significant increase equal to a tripling of the historical frequency.

We tested to see whether these changes to extremes are biased by our choice to
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include all 34 CMIP5 GCMs in the analyses (e.g. Knutti 2010). For example, it is possible to

imagine constructing a smaller ensemble based on a criterion of model quality in simulating

the region’s climate. Swain et al. (2014) identified 12 CMIP5 GCMs that best simulate 500

mb geopotential heights over the northeastern Pacific Ocean, a climatic feature that shapes

California precipitation. We found similar changes in extremes when analyzing only these 12

models, indicating that the major conclusions of this study are not sensitive to reasonable

assumptions about which models to include in the ensemble.

Examining simulated changes in the mean and standard deviation between the

20th and 21st centuries sheds light on the source of increased frequency of extremes during

2060/61–2099/2100. Distributions of 20th and 21st century precipitation in the GCMs show

that a large majority of models (>80%) project increases in the standard deviation of inter-

annual precipitation totals (also found in Polade et al. 2014). Since changes in the mean

can also lead to changes in extremes, the contributions of changes in the mean and standard

deviation to increased extremes are separated. We do this by recalculating changes to ex-

tremes in the 2060/61–2099/2100 period in each GCM but forcing the mean precipitation to

be equal to its 1900/01–2004/05 value. When no mean change is allowed in the models, wet

extremes still double in frequency. Extremely dry wet seasons increase in frequency to the

same degree as when the mean change is included. Therefore, enhanced precipitation vari-

ability fully accounts for the fact that the models project modest increases in the frequency

of dry extremes. Since including the mean change leads to a tripling of the frequency of wet

extremes, changes to the mean and variability each account for half of the increase in wet

seasons that are extremely wet.

Increased interannual precipitation variability suggests a change in the frequency

and/or intensity of storms traversing California. These changes could manifest themselves,

for example, through the low frequency components of increased variability of the Northern

Hemisphere jet stream and associated storm tracks (Neelin et al. 2013, Lorenz and DeWeaver

2007, Yin 2005) or enhanced column water vapor (Held and Soden 2006). Through at-
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mospheric teleconnections, changes in Northern Hemispheric low frequency circulation and

thermodynamic patterns (and California precipitation on annual time scales) may reflect

future shifts in the El Niño-Southern Oscillation (ENSO). For instance, “extreme El Niño

events”, associated with extraordinary precipitation along the eastern Pacific Ocean, are

projected to significantly increase in the 21st century within the CMIP5 ensemble (Cai et

al. 2014). More specific to the regional focus of this study, Seager et al. 2012 showed that

ENSO-driven precipitation minus evaporation anomalies significantly increases over North-

ern California during the 21st century. Maloney et al. 2014 also found a strengthening of

California precipitation patterns associated with ENSO in their analysis of CMIP5 GCMs

under RCP8.5.

Wang et al. (2014) also investigated the mechanisms behind enhanced variability

in one GCM they analyzed. The authors showed that upper-level storm activity, as measured

through a dipole of 250 mb geopotential height over the northeastern Pacific Ocean and north

of the Great Lakes in the United States, has increased in variance since 2000. As we have

noted, it takes decades for the increased variance in precipitation to emerge as a statistically

significant climate change signal in the GCMs. Wang et al. (2014) may have correctly

identified a mechanism enhancing precipitation variance; but if this is the case, the CMIP5

models would indicate that the mechanism does not have a noticeable effect on precipitation

variance until the latter half of the 21st century. We calculated the correlation of the dipole

index of Wang et al. (2014) with our California precipitation time series. It is statistically

significant but rather low (r = -0.45, p <0.01), consistent with this line of reasoning. Even

a significant increase in the variability of this dipole would translate into a proportionally

much smaller increase in the variance of precipitation. Still it is worth pursuing the validity

of this mechanism in the GCM output.

Regarding the low precipitation of the 2013/14 California drought, we present

several pieces of evidence showing that its origins can be understood in terms of natural

variability. Using a network of rain gauges across the state, the severity of the 2013/14 wet
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season precipitation total is found to lie well within the range of historical totals and in

fact ranks as only the fifth driest since 1900/01. Moreover, the observed trend in 1900/01–

2013/14 wet season precipitation is statistically zero. This absence of any signal that could

be construed as anthropogenic is entirely in line with expectations from the GCMs. When

analyzing future GCM projections of extreme precipitation, we find that extremely dry wet

seasons occur about as frequently as expected from natural variability levels even as late as

the middle of the 21st century. Only by the end of the 21st century does a small signal of

increased extreme dryness emerge past natural variability levels. Based on these multiple

lines of evidence, it seems difficult to escape the conclusion that the 2013/14 low precipitation

of the California drought can be attributed to natural variability of the climate system.

Although 2013/14 precipitation levels over California are very likely attributed to

natural variability, the region’s recent drought (i.e. considering all water cycle processes)

was likely exacerbated by anthropogenic factors (Diffenbaugh et al. 2015). 2014 was in fact

the warmest year on record over California (http://www.ncdc.noaa.gov/sotc/national/

2014/13), in line with observed and projected anthropogenic warming trends over the re-

gion (IPCC 2013). These record warm temperatures, along with low precipitation, greatly

amplified evaporative fluxes and lead to 2014 attaining the lowest Palmer Drought Severity

Index score of the last 1200 years (Griffin and Anchukaitis 2014). Future droughts are also

projected to become significantly more severe over the Southwest due in part to increased

evaporative demands in the 21st century (Cook et al. 2015). Along with these anthropogenic

climate stressors to the region’s water budget, large statewide population growth (CADOF

2013) and rapidly depleting groundwater reservoirs (Famiglietti 2014) will pose additional

severe challenges to the management and mitigation of 21st century California droughts.
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3 Projected Soil Moisture Declines in the California

Sierra Nevada

3.1 Introduction

Understanding how California’s snow-dominated hydrological cycle will respond

under future warming scenarios is critical to satisfying municipal, agricultural, and ecolog-

ical freshwater demands in the 21st century. Since soil moisture reflects a complex balance

of precipitation, evapotranspiration, runoff, and drainage, it provides a compact lens from

which several hydrological aspects can be analyzed. Recent warming over the California

Sierra Nevada has produced detectable trends in reduced snowpack and a shifted peak in

melting towards earlier in the spring, particularly over the northern parts (Mote et al 2005,

Barnett et al. 2008, Kapnick and Hall 2009). These trends are projected to accelerate

throughout 21st century as greenhouse gas emissions continue to rise (Sun et al. 2015).

Warming effects on snow could translate to increased soil moisture (assuming thawed land-

scapes) earlier in the melting season as potential evaporation rates are small here since net

radiation is still relatively low. Though later in the year, reduced snowpack and earlier melt-

ing would exacerbate the drying of soils when net radiation and evaporative demand is high

(Blankinship et al. 2014, Barnett et al. 2005). Somewhat complicating this framework is

the fact that large uncertainty exists within future projections of precipitation change over

California (e.g. Berg et al. 2015b, Neelin et al. 2012). A decrease in precipitation would

certainly exacerbate temperature-driven soil moisture losses, though even additional precip-

itation may not prevent enhanced drying of soils during spring and summer given strong

impacts of warming on diminished snowpack and earlier melt and runoff timings.

Several studies have examined the response of soil moisture to rising greenhouse

gas emissions throughout the 21st century using output from global climate models (GCMs)

that participated in Phase 5 of the Coupled Model Intercomparison Project (CMIP5, Taylor

et al. 2012). For instance, Dai et al. (2013) found strong model agreement that average
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annual soil moisture is projected to decrease around 10% over California by the end of the

21st century under the Representative Concentration Pathway (RCP) 4.5 emissions scenario.

Very similar results, along with high statistical significance, were found under the RCP8.5

scenario when examining an ensemble of 32 GCMs (c.f. Figure 12.23 in Collins et al. 2013),

consistent with large-scale warming here. Focusing on the near future (2021–2040), Seager

et al. (2013) noted a seasonality to these annual-mean projections. The most severe declines

in California soil moisture occur in the spring and summer seasons where the change in

precipitation minus evapotranspiration is most negative. Finally, Seneviratne et al. (2013)

examined the response of soil moisture by the end of the 21st century within five Earth Sys-

tem Models (ESMs) that participated in the Global Land-Atmosphere Climate Experiment

- Coupled Model Intercomparison Project Phase 5 (GLACE-CMIP5). Under CO2 concen-

trations from the RCP8.5 scenario, the authors found strong model agreement in declining

summertime soil moisture between 5 to 15% over the much of United States (US) Southwest,

including parts of California, again attributable to simulated mean changes in precipitation

and evapotranspiration during this season.

While GCMs offer a wealth of information on projected soil moisture changes under

various emissions scenarios, their coarse resolutions fail to fully represent the complex topog-

raphy and regional climate characteristics (e.g. the snow-albedo feedback) of the Western

US, and the California Sierra Nevada in particular. In order to overcome this limitation, one

can downscale (either with empirical relationships, i.e. statistical downscaling, or through

the use of a regional climate model, i.e. dynamical downscaling) coarse-resolution GCM

output to much higher resolutions, on the order of 1 to 10 km. For instance, Cayan et al.

(2010) examined future soil moisture over the US Southwest, including California, by forcing

a hydrological model with statistically downscaled temperature and precipitation data from

two GCMs within the Coupled Model Intercomparison Project Phase 3 (CMIP3). They

found increased aridity and drought severity within these two models, which was associated

with rising summertime temperatures. Kienzle et al. (2012) used similar techniques for
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the Cline River watershed in Canada and found that future soils slightly moistened due to

warming-induced earlier thawing of frozen soils that enabled larger wintertime infiltration.

Similarly, Christensen and Lettenmaier (2007) forced a regional hydrological model with sta-

tistically downscaled inputs from 11 CMIP3 GCMs over the Colorado River Basin. Nearly

all of these downscaled solutions projected annual soil moisture declines around 10% by the

end of the 21st century under the most aggressive warming scenario (“A2”) that the authors

considered. By dynamically downscaling one GCM under the A2 emissions scenario, Sato

et al. (2007) found summertime soil moisture loss around 5% per year over the Mongolian

plateau due to decreased precipitation and temperature-induced increases to evapotranspira-

tion. Over the greater Los Angeles region, Schwartz et al. (2015a) dynamically downscaled

several CMIP5 GCMs and found that increased future temperatures lead soils to dry earlier

in the year, but with no change in annual totals due to available water limitations in this

Mediterranean climate regime. These previous studies demonstrate that the response of

soil moisture to climate change is both regional-specific and sensitive to the magnitude and

phasing of temperature and precipitation changes.

Perhaps due to the heavy computational demands that dynamical downscaling

requires, there has been no dynamically downscaled-based CMIP5 analysis of 21st century

soil moisture changes over the California Sierra Nevada (to our knowledge). Since this re-

gion accounts for approximately 60% of water resources for the entire state (WEF 2011),

it is essential to examine how its surface hydrology could respond under climate change.

Thus the primary objective of this study is to apply state-of-the-art dynamical downscaling

techniques on CMIP5 GCMs for a high-resolution examination of soil moisture changes over

the California Sierra Nevada. Details of the dynamical downscaling procedure and a valida-

tion of the regional model’s temporal and spatial variability of soil moisture are presented

in Section 2. Then Section 3 offers a detailed analysis of the mechanisms behind end-of-

century changes to soil moisture from the dynamically downscaled results. This section also

presents statistically downscaled estimates of soil moisture changes for all available CMIP5
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GCMs. Processes unaccounted for in our regional modeling framework that could influence

soil moisture changes, e.g. “CO2 fertilization”, are discussed in Section 4, with a summary of

the study’s major findings and their implications to future drought and wildfire predictions

described in section 5.

3.2 Regional modeling framework

a) Model configuration

Dynamically downscaled simulations are performed using the Weather Research

and Forecast (WRF) model version 3.5 (Skamarock et al. 2008). Three nested domains,

27–9–3 km going from the outermost to innermost domain, are used to adequately represent

California’s intense topography (Figure 3.1a) and the fine-scale dynamic and thermodynamic

interactions with it. In this study, we focus only on information from the innermost, 3 km

domain (“D03”), which spans the eastern edge of the Central Valley to the leeside of the

California Sierra Nevada (Fig. 3.1b). The domain is rotated from the Earth-centric lati-

tude/longitude grid to more naturally align with the spine of the Sierra Nevada. Dozens

of short-term sensitivity tests were performed to determine the optimal package of physics

parameterizations for simulating hydroclimate variables over this region. This package con-

sists of the New Thompson microphysics scheme (Thompson et al. 2008), Dudhia shortwave

radiation scheme (Dudhia 1989), RRTM longwave radiation scheme (Mlawer et al. 1997),

MYNN Level 2.5 surface/boundary layer scheme (Nakanishi and Niino 2006), and Old Kain-

Fritsch cumulus convection scheme (Kain and Fritsch 1990) for the outer two domains, while

convection is explicitly resolved in the innermost domain. Spectral nudging of zonal and

meridional winds, temperature, and geopotential height above the boundary layer (roughly

850 hPa) is also employed, as it was shown to substantially reduce biases.

Special attention was paid to selecting the land surface model that is coupled with

WRF. It was found that hydroclimate variables were best simulated using the Noah land

surface model with multiparameterization options (Noah-MP, Niu et al. 2011). Noah-MP is
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a) WRF domains b) D03 (3 km) topography (m)

D01

D02

D03

Central Valley

Sierra Nevada

Figure 3.1: (a) Location of nested domains in the WRF simulations, D01 (27 km)–D02
(9 km)–D03 (3 km). (b) Topography of D03 (3 km) shaded every 150 m. 10 grid cells
used in the offline simulations are noted with red asterisks. Water body grid cells are
colored white. Portions of the Central Valley and the Sierra Nevada in D03 are noted
with text insets.

a relatively new land surface model that includes several important changes compared to the

original Noah model (Ek et al. 2003). These changes include a separation of the vegetation

canopy from the ground (allowing for a “semitile” subgrid surface energy scheme), a multi-

layered snowpack scheme, and new schemes for frozen soil/infiltration and runoff. Similar to

Noah, Noah-MP employs a 4-layer soil structure (0-10, 10-40, 40-100, and 100-200 cm) and

total column (i.e. 0-200 cm) soil moisture is the variable examined in this study. Yang et al.

(2011) showed that Noah-MP generally outperforms Noah in simulating most hydrological

variables, including soil moisture, over global river basins. A more specific evaluation of

Noah-MP soil moisture over D03 is presented in section 2c.

b) Climate change experiments

Climate changes are analyzed using simulations of two time periods: a “base-

line” period spanning 1991–2001 and a future period of 2091–2101, which allowed for 10
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water years (October to September) to be captured in each case. For the 1991–2001 base-

line period, WRF is forced along the lateral boundaries with 6-hourly output from the

North American Regional Reanalysis (NARR, Mesinger et al. 2006). We then create a

five-member ensemble of future climates (2091–2101) using information from five CMIP5

GCMs – CNRM-CM5, GFDL-CM3, inmcm4, IPSL-CM5A-LR, and MPI-ESM-LR (Table

3.1). These GCMs are selected because their end-of-21st century changes (2081–2100 minus

1981–2000) in near-surface temperature and precipitation over California generally sample

the range of temperature and precipitation changes from all available CMIP5 GCMs (Table

3.1). For each of the five downscaled GCMs, future climates are generated by forcing WRF

with baseline (NARR) boundary conditions that contain monthly perturbations to surface

and three-dimensional specific and relative humidity, pressure, air temperature, zonal and

meridional winds, along with three-dimensional geopotential height. Perturbations for each

variable consist of monthly climatological changes (2081–2100 average minus 1981–2000 av-

erage) using GCM output from the historical and Representative Concentration Pathway

(RCP) 8.5 experiments (available at http://pcmdi9.llnl.gov/esgf-web-fe/). We aver-

age across multiple realizations when available for a given model. While RCP8.5 is the most

aggressive warming scenario used in the CMIP5 experiments, it may in fact also be the most

realistic given that current emission levels already exceed those projected in RCP8.5 (Peters

et al. 2013).

In this modeling framework, future monthly internal variability is identical to that

of the baseline along the boundaries, e.g. January 2095 represents January 1995 with large-

scale perturbations applied to it. A consequence of this framework is that the frequency

of synoptic events entering the outermost domain does not change in the future, but their

characteristics (e.g. intensity, duration) freely evolve while propagating inwards. (This

evolution is somewhat constrained due to the spectral nudging back to the NARR plus GCM

perturbation boundary condition.) The frequency of storms making landfall over California

could change in the future, for instance, through shifts in natural climate variability patterns
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Model Institute

CCSM4 National Center for Atmospheric Research

CESM1-BGC National Science Foundation, Department of Energy, NCAR

CESM1-CAM5 National Science Foundation, Department of Energy, NCAR

CMCC-CESM Euro-Mediterranean Center of Climate Change

CMCC-CM Euro-Mediterranean Center of Climate Change

CMCC-CMS Euro-Mediterranean Center of Climate Change

CNRM-CM5* Centre National de Recherches Meteorologiques

GFDL-CM3* NOAA Geophysical Fluid Dynamics Laboratory

GFDL-ESM2G NOAA Geophysical Fluid Dynamics Laboratory

GFDL-ESM2M NOAA Geophysical Fluid Dynamics Laboratory

GISS-E2-H NASA Goddard Institute for Space Studies

GISS-E2-R NASA Goddard Institute for Space Studies

IPSL-CM5A-LR* Institut Pierre Simon Laplace

IPSL-CM5A-MR Institut Pierre Simon Laplace

IPSL-CM5B-LR Institut Pierre Simon Laplace

MPI-ESM-LR* Max Planck Institute for Meteorology

MPI-ESM-MR Max Planck Institute for Meteorology

NorESM1-M Norwegian Climate Center

bcc-csm1-1 Beijing Climate Center, China Meteorological Administration

bcc-csm1-1-m Beijing Climate Center, China Meteorological Administration

inmcm4* Institute for Numerical Mathematics

Table 3.1: List of CMIP5 models and corresponding institutions used in this study.
An asterisk denotes models that are dynamically downscaled.

over the Pacific Ocean (Cai et al. 2013). Therefore the results of this study should be viewed

with this caveat in mind, despite known weaknesses of modeling climate variability in the

tropical Pacific within CMIP5 GCMs (Flato et al. 2013). Nonetheless, by eliminating

the uncertainty of internal variability changes using this modeling framework, we are able

understand how a 10-year historical period of mean and variability levels of soil moisture

(and other hydrological variables) change when large-scale end-of-century perturbations are

imposed to the climate system.

c) Evaluation of simulated soil moisture

Here we briefly evaluate the simulation of soil moisture in the dynamically down-
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scaled output. To our knowledge, no in-situ soil moisture observations within D03 (Fig. 3.1b)

exist for the baseline period, 1991–2001. However, the 1/8◦ Phase 2 of the North American

Land Data Assimilation System (NLDAS-2, Mitchell et al. 2004) is available to use for model

evaluation. We chose the NLDAS-2 output that uses the Noah land surface model since its

4-layer soil depths are identical to Noah-MP, allowing for more direct comparisons to be

made. Since there are some structural similarities between the Noah and Noah-MP land

surface models, along with the fact that NLDAS-2 receives some of its land surface forcing

fields from NARR (the same reanalysis that drives WRF), comparing soil moisture between

WRF and NLDAS-2 cannot be viewed as being completely independent. Nonetheless, this

comparison yields insight into the credibility of WRF’s coupled land-atmosphere interactions

and the resulting soil moisture over a region of highly complex terrain. The results are shown

in Figure 3.2.

The first comparison between WRF and NLDAS-2 focuses on the 10-water year

baseline soil moisture climatology across the domain (Fig. 3.2a-c). Spatial variations between

the two data sets are generally well captured, though WRF tends to be wetter along the

western domain boundary and slightly drier throughout the eastern third of the domain

(Fig. 3.2c). While appreciable differences (WRF minus NLDAS-2) exist at some individual

grid points, the domain-averaged bias is found to be +4.7 cm per water year (Fig. 3.2c).

This is rather small (around 10%) when compared to the spatial mean according to WRF

(45.5 cm/water year, Fig. 3.2a) and NLDAS-2 (41.7 cm/water year, Fig. 3.2b). Biases are

dramatically smaller, +0.49 cm/water year (∼1%), when focusing on the region showing

end-of-century ensemble-mean annual soil moisture decreases in Figure 3.3 (section 3). Thus

WRF soils are slightly wetter across the entire domain compared to NLDAS-2, though very

strong agreement exists over regions where, as section 3 details, the strongest climate change

signals in soil moisture are found.

The second comparison is between monthly domain-averaged soil moisture during

the baseline period (Fig. 3.2d). The time series are nearly perfectly correlated (r = 0.98,
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a)

d)

b) c)

Figure 3.2: Total column (0-200 cm) soil moisture averaged across 10 baseline water
years (1991/1992 –2000/2001) according to (a) WRF D03, (b) NLDAS-2, and (c) the
difference between WRF and NLDAS-2. Unit is cm per water year. (d) Time series of
domain-averaged monthly total column soil moisture according to WRF (dashed) and
NLDAS-2 (solid) during the baseline period. Unit is cm.

p<0.001) and while maximum wintertime soil moisture is typically similar between the two

data sets, summertime drying tends to be less severe in WRF for all years. This helps

to explain the aforementioned positive climatological spatial mean bias in WRF and also

results in the model having a lower monthly standard deviation by 1.5 cm (20%). Along with

differences in horizontal resolution between WRF and NLDAS-2 and inevitable inaccuracies

in WRF’s parameterizations, some of the discrepancies seen in Fig. 3.2 may be due to the

land surface model used in each data set. The Noah land surface model, which is used in

NLDAS-2, was found to produce overly impervious soils that limited infiltration of snowmelt

water during springtime runoff events (Niu et al. 2011). The new frozen soil scheme employed

in Noah-MP (section 2a) was designed to correct this issue in Noah by allowing for more
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springtime infiltration of liquid water into the soil column. Thus wetter springtime soils

produced in WRF (coupled to Noah-MP) may in fact be closer to reality than those in

NLDAS-2. Without in-situ observations it is difficult to prove this point, but it remains a

plausible explanation for the wet bias of WRF seen in Fig. 3.2. On the whole, Fig. 3.2

demonstrates that there is strong agreement in the spatial and temporal variations of soil

moisture between WRF and NLDAS-2.

3.3 End-of-21st century soil moisture changes

a) Dynamically downscaled changes

Figure 3.3 shows end-of-century percent change (2091–2101 minus 1991–2001) in

soil moisture averaged across the water year (October–September, top row), wet season

(October–March, middle row), and dry season (April–September, bottom row) for the five

dynamically downscaled GCMs and the model-average. Domain averages are noted in the

upper right of each panel, showing that spatially averaged annual changes range between

+0.47% to -7.15%, with a model-mean of -2.14% (top row Fig. 3.3). Although this indicates

some model uncertainty on the direction of annual soil moisture changes, a strikingly similar

spatial pattern emerges in each model. Drier soils are found along the much of the Sierra

Nevada and its flanking slopes, particularly in the northern half of the domain, i.e. the “dry

zone”, while wetter soils are seen across the low-lying eastern edge of the Central Valley

and along the southeastern Sierra Nevada, i.e. the “wet zone”. Moreover, the magnitude

(and to a lesser degree, the spatial extent) of each signal is enhanced when isolating changes

to just their respective dry and wet seasons (lower two rows Fig. 3.3). Within the water

year average model-mean pattern (top row, rightmost column in Fig. 3.3), the zone of

drying encompasses nearly 60% of the domain and is centered mainly over the mid-to-high

elevations (mean and median elevation of 1738 and 1814 m, respectively). Across these grid

cells, an average annual drying of -5.49% per year is found. This is especially notable since

around three quarters of historical annual-mean precipitation and snowfall is received in this
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zone. On the other hand, 40% of the model-average domain experiences wetter annual future

soils and to a lesser absolute magnitude compared to the drying signal, only 3% per year.

This zone of wetter soils includes both the near-sea level eastern edge of the Central Valley

and also parts of the very high southern Sierra Nevada (Fig. 3.1b), yielding a mean and

median elevation of 1193 and 659 m, respectively. Statistically significant (p<0.05, obtained

using a two-tailed student’s t-test) changes occur over many drying and moistening grid

cells for individual models, but are predominantly concentrated over the drying zone in the

water year and dry season model-average (rightmost column Fig. 3.3). Note that regions

lacking statistical significance may partly be due to the fact that the distributions used in

this analysis are based on relatively small sample sizes of 10 baseline and future water years.
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Figure 3.3: End-of-21st century soil moisture changes (% per year) averaged across
the water year (top row), wet season (middle row), and dry season (bottom row)
according to the five dynamically downscaled models and the model-average. The
domain average change is inset in the upper right of each panel. Stippling indicates
statistical significance at the 95% level using a two-tailed student’s t-test.

1) Mechanisms leading to decreased soil moisture
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We first focus on understanding the causes behind drying that is seen in most

models across much of the mid and high elevation “dry zone”. To begin, Figure 3.4 presents

monthly baseline and future time series of key hydrological variables that are averaged across

each model’s water year-averaged drying zone (i.e. grid cells shaded yellow to red in the top

row of Fig. 3.3). As confirmed in Fig. 3.4a, water year-average drying in each model

results from large spring and summer decreases that are slightly offset by small wintertime

increases. The strong spatial and temporal inter-model agreement seen in Figs. 3.3 and 3.4a,

respectively – despite large uncertainty in the sign and magnitude of projected wintertime

precipitation change (Fig. 3.4c) – suggests a common mechanism is operating on each model

that leads to dry season soil moisture losses. This mechanism is rooted in the impact of

large, ubiquitous near surface warming (Fig. 3.4b) to the zone’s medium-to-high elevation,

snow-dominated hydrology. For each model, warming first reduces wintertime snow (Fig.

3.4d) through enhanced direct melting of existing snowpack and also by forcing a larger

fraction of precipitation to occur as rain instead of snow. This forms a new pool of liquid

water that can slightly moisten soils for unfrozen landscapes or advance the timing and

magnitude of runoff over frozen lands (Fig. 3.4f). (Here we simply note these prominent

runoff changes and direct the reader to Schwartz et al. (2015b) for an in-depth analysis

of them.) Though later in the year, when net radiation is strong and in presence of newly

formed liquid water, actual evapotranspiration rates become noticeably elevated (Fig. 3.4e).

This leads to overall significant drying of spring and summer soils, in spite of any additional

wintertime precipitation and soil moisture gains. For a more detailed analysis of how this

temperature mechanism acts on each model, we now turn to Table 3.2, which summarizes

changes to key hydrological metrics seen in Fig. 3.4.

Focusing on dry season soil moisture changes (fourth column Table 3.2), the largest

decline occurs in GFDL-CM3 (-11.12%). This owes to the model’s unique decrease in wet

season precipitation (-17.22%), which significantly reduces wet season soil moisture (-5.49%).

Coupled with very large annual temperature increases (6.18◦C) that elevate dry season evap-
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otranspiration (11.74%), the net result in this warm and dry model is a dramatic loss in dry

season soil moisture. Interestingly, IPSL-CM5A-LR dries nearly as much as GFDL-CM3

(-11.05%), but is associated with the largest precipitation increase (35.15%) in this model

subset. However, this additional precipitation falls more so as rain instead of snow (average

warming of 5.87◦C and lower snowfall by -54.28%). This can slightly moisten wet season

soils, but the largest effect in this warm and wet model is much earlier and heavier runoff

events (increase of total DJF runoff by 227.44%). When the dry season commences, in-

creased net radiation acts on the new pools of remaining surface liquid water and strongly

elevates evapotranspiration (15.53%), drastically reducing spring and summer soil moisture

in this model. CNRM-CM5 and inmcm4 behave very similarly to IPSL-CM5A-LR, but their

soils dry to a lesser degree (-8.14% and -8.28%, respectively) since they project roughly a

third less of warming. The relatively modest warming in these two models has the effect of

buffering snow loss by around a factor of two, which limits the formation of available water

for evaporative demands (i.e. less increase in evapotranspiration by 20%) and provides for

overall less soil moisture loss compared to IPSL-CM5A-LR. MPI-ESM-LR projects the least

amount of soil moisture loss (-7.92%), as it has the smallest increase in evapotranspiration

(10.75%). This latter result owes to the negligible change in precipitation (2.08%), which

limits the amount of additional liquid water available to evaporate under a warmer climate

and allows for greater infiltration during the dry season compared to all other models. In

sum, Fig. 3.4 and Table 3.2 provide evidence that anthropogenic warming will fundamen-

tally transform the hydrology of many medium-to-high elevations in the Sierra Nevada by the

end of the 21st century. Despite any wintertime precipitation (and soil moisture) increases,

thermodynamically induced impacts of diminished snowpack, earlier and more intense runoff

events during the cold months, and elevated evapotranspiration rates during warm months

all conspire to produce statistically significant drier spring and summertime soils.

2) Mechanisms leading to increased soil moisture

Here we shed light on the processes behind increased end-of-century soil moisture
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Dry zone

a)

b)

c)

d)

e)

f)

Figure 3.4: Monthly time series of (a) soil moisture, (b) 2 meter air temperature (T2),
(c) precipitation, (d) snow, (e) evapotranspiration (ET), and (f) surface runoff across
each model’s water year-average dry zone (i.e. regions with decreased soil moisture in
top row Fig. 3.3). The baseline simulation is shown in a thick black dashed line and
the five future dynamically downscaled simulations are overlaid in thin colored lines
according to the legend in upper panel. Unit is each panel is cm except for T2, which
has unit ◦C.

across some portions of the domain, which is strongest and most statistically significant

during the wet season (middle row of Fig. 3.3). Monthly baseline and future hydrological

variables averaged across each model’s water year-averaged wet zone (i.e. grid cells shaded

blue in the top row of Fig. 3.3) are presented in Figure 3.5. Since these wet zone-average time

series reflect processes over two climatically different regions, the eastern Central Valley and

the southeastern Sierra Nevada, it is most illustrative to summarize their key hydrological
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water year

∆soil mois

wet season

∆soil mois

dry season

∆soil mois

water year

∆T2

wet season

∆precip

wet season

∆snow

dry season

∆ET

DJF

∆runoff

CNRM-CM5 -3.65 0.79 -8.14* 4.03** 35.10 -29.23* 12.43** 176.01**

GFDL-CM3 -8.31** -5.49* -11.12** 6.18** -17.22 -54.99** 11.74** 56.65

inmcm4 -4.23 -0.19 -8.28* 3.29** 22.26 -20.64 11.57** 109.75*

IPSL-CM5A-LR -5.31* 0.43 -11.05** 5.87** 35.15 -54.28** 15.53** 227.44*

MPI-ESM-LR -5.94* -3.89 -7.92* 4.66** 2.08 -41.32** 10.75** 89.39*

model-avg -5.49* -1.67 -9.31** 4.80** 16.96 -39.61** 12.46** 137.88*

Table 3.2: Summary of key hydrological changes (2091–2101 average minus 1991–
2001 average) across each model’s water year-averaged dry zone (i.e. grid cells with
decreased soil moisture in the upper row of Fig. 3.3). From left to right, the changes are
water year-average soil moisture , wet season-average soil moisture, dry season-average
soil moisture, water year-average 2 meter air temperature (T2), wet season-average
precipitation (precip), wet season-average snow, dry season-average evapotranspiration
(ET), and December-January-February (DJF)-average surface runoff. Unit in each case
is % per year except for T2, which has units ◦C per year. A single and double asterisk
denotes changes that are statistically significant at the 95% and 99% level, respectively,
using a two-tailed student’s t-test.

changes separately in Tables 3.3 and 3.4, respectively. Starting with the Central Valley

in Table 3.3, positive annual-mean changes result from increased precipitation in all models

aside from GFDL-CM3 that enables modest soil moisture gains during the wet season (3.16%

on average). (The much warmer and drier climate projected in GFDL-CM3 yields non-

negligible decreases in dry season evapotranspiration that enable annual soils to be barely

wetter in the future.) As almost no snow is present over the Central Valley (the apparently

large relative changes in snowfall here actually reflect very small absolute changes), any

additional precipitation that is projected in these four models can simply infiltrate and

moisten soils during the wet season (third column Table 3.3). These wet season gains are

able to be maintained throughout the year since the region’s typical spring and summer

moisture limitations (e.g. Schwartz et al. 2015a) provide for only small increases (and even

a slight decrease in inmcm4) in dry season evapotranspiration, under 2% on average (eighth

column Table 3.3). The overall effect then is a small increase in water year-average soil

moisture (2.82%) that is not statistically significant in the model-average.

Next we focus on the southeastern Sierra Nevada portion of the domain that also
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Wet zone

a)

b)

c)

d)

e)

f)

Figure 3.5: As in Fig. 3.4 but for the wet zone (i.e. each model’s water year-average
region of increased soil moisture in the top row of Fig. 3.3).

experiences wetter annual soils (top row Fig. 3.3). As seen in Table 3.4, all models aside

from GFDL-CM3 project modest precipitation increases here, in some instances up to 40-

50%. Some of this increase goes toward much earlier and heavier runoff events (also found

in the dry zone), though some also can penetrate unfrozen soils and raise wet season soil

moisture levels. In the case of CNRM-CM5 and inmcm5, relatively weak warming occurs

in concert with precipitation increases and can produce more snowfall over the mountain

peaks by 10-20% (Sun et al. 2015b). And when melted, this thicker snowpack contributes

to wetter soils in the wet season. Across all models, these processes combine to increase

wet season soil moisture levels around 7%, which is statistically significant at the 99% level.
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water year

∆soil mois

wet season

∆soil mois

dry season

∆soil mois

water year

∆T2

wet season

∆precip

wet season

∆snow

dry season

∆ET

DJF

∆runoff

CNRM-CM5 3.87* 4.55* 3.16 3.79** 25.08 -88.54** 4.37 69.94*

GFDL-CM3 0.73 0.42 1.09 5.40** -15.05 -98.05** -2.47 -1.50

inmcm4 2.93 3.60 2.22 2.91** 17.63 -81.40** -0.72 41.52

IPSL-CM5A-LR 3.71* 4.50* 2.87* 5.34** 23.70 -97.71* 3.33 65.00*

MPI-ESM-LR 3.02* 2.99 3.08* 4.20** 1.51 -92.24** 6.23 24.18

model-avg 2.82 3.16 2.47 4.33** 10.23 -90.57** 1.98 39.24

Table 3.3: As in Table 3.2, but for changes across the eastern Central Valley portion
of each model’s water year-averaged wet zone (i.e. grid cells shaded blue in the top
row of Fig. 3.3).

water year

∆soil mois

wet season

∆soil mois

dry season

∆soil mois

water year

∆T2

wet season

∆precip

wet season

∆snow

dry season

∆ET

DJF

∆runoff

CNRM-CM5 4.01** 7.55** 0.71 4.30** 45.81 21.40 18.67** 335.68*

GFDL-CM3 2.11 5.49 -1.12 6.79** -12.68 -31.98 7.23 206.92*

inmcm4 2.43 5.53 -0.48 3.57** 24.33 9.66 11.11* 211.12*

IPSL-CM5A-LR 4.64** 10.17** -0.53 6.24** 47.20 -0.40 22.11** 655.49*

MPI-ESM-LR 3.81** 6.77** 1.02 4.98** 10.44 -8.02 16.39** 192.36*

model-avg 3.39** 7.08** -0.08 5.18** 25.19 0.45 15.47** 329.87*

Table 3.4: As in Table 3.2, but for changes across the southern Sierra Nevada portion
of each model’s water year-averaged wet zone (i.e. grid cells shaded blue in the top
row of Fig. 3.3).

Though unlike the dry zone, where small wet season soil moisture gains are strongly reversed

by large dry season evapotranspiration increases, the very large wet season increases seen

here are apparently able to overcome increased dry season evaporative demands. While

dry season evapotranspiration significantly increases over 15% on average, this only returns

wetter wintertime soil moisture levels to their historical dry season levels (i.e. near zero

change in the fourth column of Table 3.4) and leads to net annual soil moisture increases

of 3.39% on average (second column Table 3.4). This annual-mean increase is statistically

significant at the 99% level, but is smaller in absolute magnitude than the annual-mean
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decrease in the dry zone (-5.49%, second column Table 3.2).

b. Sierra Nevada changes in the CMIP5 ensemble

The proceeding section showed that annual soil moisture levels in most of the

northern Sierra Nevada generally decline from severe dry season losses, while soils over the

southeastern peaks can actually increase from appreciable wet season gains. In this section

we treat the Sierra Nevada as a single region and examine how soil moisture changes over its

entirety, which is simply defined as grid cells with elevations above 250 meters (Fig. 3.1b).

Viewing the top row of Fig. 3.3, it is found that each of the five downscaled models project

drier annual soils over the entire Sierra Nevada between -0.1% (CNRM-CM5) and -7.1%

(GFDL-CM3), with a model-average of -2.67%. So this subset of downscaled projections all

show some degree of drying across the mountains. While these five models were selected for

dynamical downscaling based on their varying set of precipitation and temperature changes,

it is plausible that the drying signal across this model subset could be potentially biased by

not including information from the entire suite of CMIP5 GCMs. Computational demands

prevent dynamical downscaling of all CMIP5 GCMs, so we instead develop efficient statistical

techniques to estimate Sierra Nevada soil moisture changes from all available GCMs. Based

on this analysis, we can assess whether any bias exists in the drying result obtained from

the set of five dynamically downscaled models.

We first linearly regress water year soil moisture changes (“SMyear”, unit %) against

wet season precipitation (“PRwet ssn”, unit %) and dry season 2 meter air temperature

(“T2dry ssn”, unit ◦C) changes for all 10 water years in the dynamically downscaled out-

put (i.e. a sample size of 50, 5 models x 10 years). Changes reflect averages across the Sierra

Nevada. These predictors were shown to heavily dictate soil moisture changes in the regional

model output (e.g. Tables 3.2-3.4). So it is not too surprisingly that the regression equation

(1) has evident skill in predicting annual soil moisture change, yielding a correlation be-

tween actual (i.e. dynamically downscaled) and predicted annual changes of 0.9, p<<0.001

(Figure 3.6). While notable differences exist some individual annual changes (open circles
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in Fig. 3.6), actual and predicted annual climatological changes (filled circles in Fig. 3.6)

are nearly identical. Thus, given only knowledge of end-of-century climatological changes to

precipitation and 2 meter temperature, we can credibly estimate average annual soil mois-

ture change over the Sierra Nevada for any GCM if it was dynamically downscaled. It is

also apparent from the regression equation (1) that temperature changes largely control soil

moisture changes, a result that is expected given the discussions in section 3.a. We first esti-

mate CMIP5-ensemble soil moisture changes over the Sierra Nevada using precipitation and

temperature inputs extracted from raw GCM simulations in section 3.b.1 and then present

companion results using statistically downscaled inputs in section 3.b.2.

(1) ∆SMyear = ∆PRwet ssn × 0.085 − ∆T2dry ssn × 0.755 − 0.05

1) Raw GCM inputs

Alongside the five dynamically downscaled GCMs, 15 additional GCMs have pre-

cipitation and 2 meter air temperature output for the historical and RCP8.5 experiments

(Table 3.1). Climatological end-of-century wet and dry season changes (2081–2100 average

minus 1981–2000 average) to precipitation and 2 meter temperature, respectively, are calcu-

lated and averaged across grid cells in the GCM’s native coarse resolution that contain any

part of the regional model’s D03 (Fig. 3.1) to serve as inputs for the regression model. Each

model’s predicted soil moisture change using these inputs can be seen as stars in Figure 3.7.

The figure shows that all predicted soil moisture changes are negative, with a 20-model av-

erage of -3.26%. This amount of drying is only slightly larger than the value obtained when

averaging across the much smaller subset of five dynamically downscaled models (-2.67%).

So according to this analysis, the small subset of dynamically downscaled models had very

little bias in its unanimous projection of soil moisture declines over the Sierra Nevada.

2) Statistically downscaled GCM inputs

Statistically downscaled precipitation and temperature inputs to the regression

model are based on techniques developed in Berg et al. 2015a and Walton et al. 2015a,b.
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Figure 3.6: Actual versus predicted annual soil moisture change (% per year) over the
Sierra Nevada for the five dynamically downscaled models. Individual annual changes
are shown as open circles, while the climatological change is shown as filled circles.
The line y=x is shown in black dashes.

Here we simply summarize their procedures, the reader is directed to those studies for an

in-depth analysis and validation of the downscaling techniques. For each variable, the first

step is to perform an empirical-orthogonal-function (EOF) analysis over the dynamically

downscaled spatial patterns of monthly climatological changes (i.e. 2091–2101 average mi-

nus 1991–2001 average) from each model. The leading mode of variability captures a large

amount of inter-model inter-monthly variability and has clear physical interpretations for

each variable (i.e. orographic precipitation and elevation-segregated warming). By mul-

tiplying mode 1 with its associated time series of loadings, one can recover, or “predict”

monthly dynamically downscaled changes to a high degree of fidelity. However, these load-
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Figure 3.7: Predicted end-of-century annual soil moisture changes over the Sierra
Nevada for 20 CMIP5 GCMs. Inputs to the regression equation are based on precipita-
tion and temperature changes from raw GCM output (stars), statistically downscaled
(“stat”) output, and dynamically downscaled (“dyn”) output, which is available for
five models.

ings are only known for the five dynamically downscaled models, so we need a method to

predict loadings for the remaining 15 CMIP5 GCMs if they were dynamically downscaled.

This is accomplished by correlating known loadings from the five dynamically downscaled

models to some large-scale predictor (i.e. precipitation or temperature) in their correspond-

ing raw GCM data. By linearly regressing raw GCM precipitation/temperature change at

the grid cell(s) of maximum influence against the time series of mode 1 loadings, we form a

predictive equation that allows for any GCM’s mode 1 loading to be determined given only

its large-scale precipitation or temperature change. The predicted mode 1 loading is then

multiplied to the spatial pattern of mode 1, yielding statistically downscaled precipitation
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changes (for months in the wet season) and temperature changes (for months in the dry

season) across the ensemble of 20 GCMs (Table 3.1).

Using these statistically downscaled changes as inputs to predict annual Sierra

Nevada soil moisture changes are shown as open circles in Fig. 3.7. Unlike the case where

raw GCM data was used to predict soil moisture changes (stars in Fig. 3.7), the statistically

downscaled-based predictions (circles in Fig. 3.7) open the possibility that some scenarios

lead to overall wetter soils in the Sierra Nevada. In fact, 3/20 projections show positive

changes (average of 1.9%), which are all due a combination of large precipitation increases

alongside relatively weak warming. Though the ensemble-mean change in this case is -

2.09%, which is very close to the value obtained when averaging across the five dynamically

downscaled model outputs (-2.67%). So while there exists a small chance that annual soil

moisture over the Sierra Nevada could somewhat increase by the end of the century, the

overwhelming majority GCMs in the 20-member ensemble projects a negative change, with

a most-likely (i.e. ensemble-mean) decline around 2-3%.

3.4 Role of CO2 fertilization

The proceeding section demonstrated that the subset of five dynamically down-

scaled GCMs was generally unbiased in their projections of drier soils over the Sierra Nevada

by the end of the century. However, an additional possible bias also arises in our regional

modeling framework since it does not account for the potential effects of “CO2 fertilization”

(e.g. Thompson et al. 2004, Bala et al 2006, Kruijt et al. 2008, Wang and Dickinson 2012,

Piao et al. 2013). One of these effects includes the role of elevated CO2 concentrations re-

ducing evapotranspiration levels through the closing of stomatal apertures, i.e. higher water

use efficiency (Kruijt et al. 2008, Wang and Dickenson 2012). If vegetation only responded

in this fashion, then the true increase in evapotranspiration could be lower over the northern

Sierra Nevada “dry zone” (e.g. Table 3.2) and thus the amount of soil moisture loss during

the dry season here could be mitigated.

88



To test this effect, we use the offline version of Noah-MP to perform a CO2 fertiliza-

tion experiment where a 40% decrease is imposed to all stomatal conductance values. Based

on numerous measurements, this was observed to be the largest decrease in stomatal con-

ductance for vegetation types contained in the dry zone (c.f. Table 5 in Wang and Dickinson

2012). While different plant species will certainly respond differently to elevated CO2 levels,

this exercise simply tests the best-case scenario where all vegetated landscapes in the dry

zone optimally respond to increased CO2 and reduce stomatal conductance on the order of

40%. Specifically, the offline Noah-MP model is run across 10 grid cells (red asterisks in Fig.

1b) by forcing it with 3-hourly variables extracted from the baseline and future dynamically

downscaled simulations. These 10 grid cells approximately sample the range of mid-to-high

elevations and vegetation types across the entire dry zone. We first produce baseline and

future (five total, one for each of the GCMs that are dynamically downscaled) references

states by running the offline model with no change in stomatal conductance. Then, for each

of the five GCMs, a 40% reduction in stomatal conductance is prescribed in the offline model

and five CO2 fertilization-based future time series are obtained. Each model’s end-of-century

change in dry season soil moisture between the reference and CO2 fertilization simulations

is then computed and averaged across the 10 grid cells. The difference in these changes

provides an estimate of how much soil moisture loss could be mitigated under elevated CO2

concentrations.

The results are presented in Table 3.5, showing that under CO2 fertilization, each

model still projects drier soils, but to a less severe degree. On average, this amount of

buffering is around 30%, suggesting that CO2 fertilization could offer substantial mitigation

of soil moisture losses. However, this result must be interpreted with a few caveats in

mind. Vegetation responses to increased CO2 levels are not limited to only higher water

use efficiency. For instance, reduced evapotranspiration also allows for more water to be

retained in the soils, which encourages vegetative growth (an effect also not accounted for

in our fully-coupled or offline simulations) and drives up net evapotranspiration. Moreover,
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dry season soil moisture (% per year)
Difference (%)

No CO2 fertilization With CO2 fertilization

CNRM-CM5 -7.39 -4.53 38.69

GFDL-CM3 -16.35 -12.48 23.71

inmcm4 -8.01 -5.04 37.10

IPSL-CM5A-LR -12.77 -9.39 26.98

MPI-ESM-LR -10.49 -7.34 29.98

model-avg -11.00 -7.76 29.50

Table 3.5: Dry season soil moisture changes (unit % per year) for each GCM and the
model-average according to two offline simulations: one with no change in stomatal
conductance (“No CO2 fertilization”) and one with a 40% reduction in stomatal con-
ductance (“With CO2 fertilization”). The difference between these two experiments is
shown in the rightmost column.

biomass production is generally increased under elevated CO2 levels which, when pitted

against increased water efficiency (i.e. reduced stomatal conductance), was found to lead to

a near-zero CO2 effect on evapotranspiration (Kruijt et al. 2008). Nonetheless, this simple

analysis suggests that in a best-case scenario, elevated CO2 concentrations could offer some

mitigation to the likely decline of soil moisture across the Sierra Nevada.

3.5 Conclusion

By dynamically downscaling five CMIP5 GCMs, this study presents a high-resolution

examination of how soils in central California respond to an aggressive warming scenario by

the end of the 21st century. Spatial heterogeneity is found in the simulations, as most of

the mid-to-high northern Sierra Nevada experiences drier soils, while wetter soils are found

to occur over the Central Valley and the southeastern Sierra Nevada. The strongest signals

are found across the central and northern Sierra Nevada, where soil moisture decreases on

average around 9% during the dry season (April–September, statistically significant at the

99% level) and 5% during the water year (September–October, statistically significant at

the 95% level). Drying of soils in this region can be attributed to the overwhelming effects

of much warmer temperatures by the end of the century. In these mid-to-high elevations,
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warmer temperatures directly (i.e. melting) and indirectly (i.e. more precipitation as rain

than snow) diminish snowpack levels during the wet season (October–March), which can

slightly dampen soils at this time. These marginal gains, however, are reversed through

strongly elevated evapotranspiration rates during the spring and summer that lead to net

dry season and annual declines. A secondary, yet statistically significant, signal of increased

soil moisture was found over the highly elevated southeastern Sierra Nevada. Here, model-

average wet season soil moisture increases by 7% due to modest precipitation increases in

this region. In instances of relatively weak warming, additional precipitation can augment

wintertime snowpack that contributes to wet season soil moisture gains when melted. As

seen in the central and northern Sierra Nevada, evapotranspiration rates similarly increase

here during the dry season. But unlike the northern region, wet season soil moisture gains

in the southeastern mountains are able to surmount these evaporative demands and provide

for overall annual increases, around 3-4% in the model-average.

When treating the Sierra Nevada as a whole, the five dynamically downscaled

models all project a negative change in soil moisture. We tested whether this result was

possibly biased by only examining a small subset of GCMs within the CMIP5 archive. This

was accomplished by creating a regression model relating changes in wet season precipitation

and dry season 2 meter air temperature to annual soil moisture changes. By supplying this

regression model with both raw and statistically downscaled precipitation and temperature

from 15 additional CMIP5 GCMs, it was found that the 20-model ensemble-mean change in

each case was very close to the 5 dynamically downscaled model-average change. Though

in the case of statistically downscaled projections, there were a few instances of positive

soil moisture changes. Thus is cannot be said that soil moisture over the Sierra Nevada

will inevitably dry, though the overwhelming model evidence presented here suggests that

this is the most likely result. This supports the general prediction of large-scale drying by

global models (e.g. Collins et al. 2013). However, the large spatial heterogeneity found in

the dynamically downscaled projections also suggests that clear value can be added to the
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GCM-based projections through the use of a regional climate model. Topographic differences

in the Sierra Nevada were found to segregate the region as a whole, i.e. negative changes

in the northern mid-to-high elevations and positives changes along the southeastern apex.

Such fine-scale topography and associated land-air interactions are surely poorly resolved in

the GCMs, but are captured in the downscaled results.

Finally, given the extreme economic and social impacts of droughts and wildfires

over the Western US, including California, (Smith and Matthews 2015, Howitt et al. 2014)

it is important to understand the implications of this study’s findings to future projections of

these variables. While our analyses do not directly examine droughts per se, its major result

of dry season soil moisture declines supports recent projections of more frequent and severe

droughts over California during the 21st century. For instance, Cook et al. (2015) used several

soil moisture-based metrics to examine drought severity over the US Southwest, including

California, within the CMIP5 GCMs. They found remarkably higher drought risk in the

21st century compared to historical conditions within all models, a result owing to increased

summertime evaporative demands that offset any precipitation gains. Not only are droughts

expected to become more severe and frequent over the Western US, but their spatial extent

could also expand from projected soil moisture decreases (Sheffield et al. 2007). Alongside

drought implications, the results of this study may also shed light on future wildfire activity

over California. Westerling et al. (2006) noted higher annual incidences of wildfire over the

last few decades of the 20th century, which was strongly (inversely) correlated to streamflow

timing. As the results of this study show substantial shifts toward earlier runoff (and hence

streamflow), is it plausible that this could increase future wildfire activity. While some GCM

scenarios do project enhanced wildfire activity over California, notable uncertainty exists in

this change due to varying model projections of precipitation (Batllori et al. 2013).
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4 Appendix: El-Niño Southern Oscillation Impacts on

Winter Winds over Southern California

4.1 Introduction

The El Niño-Southern Oscillation (ENSO) is a large-scale climate variability pat-

tern characterized by shifts in atmospheric and oceanic variables, notably sea surface tem-

perature, across the equatorial Pacific Ocean. It fluctuates between a warm, positive “El

Niño” phase and a cold, negative “La Niña” phase, and heavily impacts California climate.

Precipitation impacts, in particular, have been extensively studied. Southern California

tends to be wetter than average during El Niño winters and drier than average during La

Niña winters (Redmond and Koch 1991; Dettinger et al. 1998; Cayan et al. 1999; Leung et

al. 2003). Increased frequencies of extreme precipitation events also occur during El Niño

(Cayan et al. 1999). While these precipitation impacts are significant and clearly impor-

tant to society through their effect on water resources, much less attention has been focused

on the impact of ENSO on near-surface winds over Southern California. Quantifying and

understanding the response of near-surface winds to long-term climate variability patterns,

such as ENSO, may help forecast fluctuations in wind power, to the extent those climate

variability patterns are predictable. Growing interest in expanding wind power in California

has prompted recent wind energy assessments for the region (Jiang et al. 2008; Dvorak et

al. 2010). These studies are too short in duration, however, to examine how ENSO may

impact local wind fields. As such, this study’s motivation is to better understand how ENSO

can impact wind speeds and circulation that are most relevant to wind power over Southern

California.

ENSO modulates surface circulation through “teleconnection” patterns (Trenberth

and Hurrell 1994). ENSO-related teleconnections are accomplished through propagation

of Rossby waves out of anomalously warm, convective regions in the Pacific Ocean across

North America. The subtropical jet stream and storm tracks become modified as the waves
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propagate across the Pacific. In the Northern Hemisphere, the subtropical jet stream extends

eastward and equatorward during El Niño. The storm tracks also extend eastward toward

the West Coast of North America. During La Niña, the jet recedes toward the west and also

shifts poleward, while the storm tracks also shift poleward into the Gulf of Alaska (Held et

al. 1989; Chen and van den Dool1997 [c.f. Figure 15]; Straus and Shukla 1997). It follows

that during El Niño, the southern regions of the United States align with a stronger and

more direct jet stream and experience a higher frequency of passing storms. During La Niña,

these regions coincide with a weaker and less direct jet stream and experience fewer storms.

Southern California is hypothesized then to have higher average and more variable wind

speeds during El Niño, with the opposite effect during La Niña.

Past studies have examined the relationship between ENSO and surface circulation

through long-term observational, climate reanalysis, and climate simulation data sets. These

studies have found an El Niño signal of decreased near-surface wind speeds over the Great

Lakes and upper Midwest regions of the United States (Klink 2007; Li et al. 2010) and across

southern regions of Canada (Shabbar 2006; St. George and Wolfe 2009). Also during El

Niño, a general reduction of peak wind gusts was observed over much of the United States,

although a weak increase was seen in Southern California. During La Niña, the majority

of the United States experiences increased mean and frequency of peak wind gusts (Enloe

et al. 2004). An exception occurs in some California regions, where slight decreases in the

mean and frequency of peak wind gusts were seen (Enloe et al. 2004).

A potential limitation of the studies above, particularly in regions in intense to-

pography like Southern California, is the relatively coarse spatial resolutions of the data

upon which they are based. Leung et al. (2003) demonstrate that a regional climate model

is needed to accurately reproduce the complex spatial structures of ENSO impacts over

regions of intense topography. The authors found that mesoscale structures of precipita-

tion anomalies, absent in the global reanalysis product, were well captured using a regional

climate model. This discrepancy arises since regional climate models are able to better re-
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solve the interactions between mesoscale topographic features and the large-scale circulation

changes, forming “mesoscale ENSO anomalies” (Leung et al. 2003). A similar effect may

arise in the complex terrain of Southern California, motivating the use of a regional climate

model in the present study.

In addition to high spatial resolutions, assessments of regional ENSO impacts also

require a multi-decadal-length simulation due to the interannual to decadal time scales of

ENSO. This study circumvents both the spatial and temporal constraints by using dynamical

downscaling techniques to produce a long-term, high-resolution regional climate simulation

over the complex terrain of Southern California. With 43 years of 6 km gridded wind field

data, this study represents the first robust analysis of how ENSO could impact 10 m winds

over Southern California.

The study is organized as follows: Sect. 2 introduces the model simulation and

describes the methods used in examining impacts on the winds. Model validation exercises

are also discussed in this section. Section 3 discusses the impacts that ENSO has on the

mean and standard deviations of 10 m wind speed anomalies. Section 4 explains the spatial

structure of the impacts after classifying prominent wintertime wind regimes through a

cluster analysis. A summary of the impacts is presented in Sect. 5.

4.2 Wind data sets and data processing

Wind data set development and data processing for this study were accomplished

in the following steps. First, a dynamical downscaling technique was used to produce a

long-term, high-resolution regional climate simulation of Southern California (Sect. 2.1).

Second, daily-mean 10 m wind anomalies were calculated (Sect. 2.2). Third, winters were

classified as El Niño, La Niña, or neutral based on sea surface temperature anomalies in the

Niño 3.4 region (Sect. 2.3). The simulated ENSO wind impacts are validated with station

observations in Sect. 2.4.

a) Southern California climate simulation
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The regional climate simulation was performed with the Penn State/NCAR mesoscale

model version 5, release 3.6.0 (MM5, Grell et al. 1994). A 6 km resolution domain was nested

within an 18 km resolution domain, which was in turn nested within a 54 km resolution do-

main. Each domain had 23 vertical levels. The outermost 54 km resolution domain spanned

latitudinally from central Baja California to Oregon (27.5◦ - 43.5◦ N) and longitudinally

from the western edge of Colorado to the well-offshore Pacific Ocean (110◦ - 128◦ W). The

intermediate 18 km resolution domain covered western Arizona to the Pacific Ocean (113◦

- 123◦ W) and northern Baja California to central California (31◦ - 37◦ N). The innermost

domain focused solely on Southern California (Fig. 4.1). Its 6 km resolution allowed for the

representation of the principal mountain complexes of Southern California.

PACIFIC OCEAN

SB

LA

SD

MOJAVE

DESERT

San Emigdio

Mnts Tehachapi

Mnts

San Gabriel

Mnts

San Bernardino

Mnts

San Jacinto

Mnts

Figure 4.1: Terrain of the MM5 simulation, contoured and shaded every 300 m with
thin black lines. The thick black line indicates the Southern California coastline along
with the near-shore islands. Major mountain ranges and three cities, Santa Barbara
(SB), Los Angeles (LA), and San Diego (SD), are labeled. The Channel Islands are
visible within the Southern California Bight.

The two outer domains used the Kain-Fritsch cumulus parameterization scheme

(Kain 2002), whereas the inner 6 km domain only allowed explicitly resolved convection to

occur. All three domains used the Dudhia simple ice microphysics scheme (Dudhia 1989).
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Boundary conditions from 1959 through 2001 were obtained from the ERA-40 125 km re-

analysis data (Uppala et al. 2005). The model output was archived at hourly intervals and

extends from 1 January 1959 to 31 December 2001. Sudradjat et al. (2005) showed that

the ERA-40 reanalysis accurately captured spatial and temporal sea surface temperature

variability in the tropical Pacific Ocean associated with ENSO, indicating that the use of

the ERA-40 reanalysis dataset as boundary conditions is appropriate for this study.

b) Processing of 10 m winds

ENSO impacts on most climate variables over Southern California tend to be

largest in winter, so this study focuses on winter (DJF) wind impacts. Daily-mean 10 m

horizontal wind components and speed anomalies for the 42 winters in this study (Dec.

1959-Feb. 1960 through Dec. 2000-Feb. 2001) were calculated in the following steps. We

first found daily-mean 10 m wind speeds and components by averaging 24 hourly values each

day. By taking a daily-mean, we are not considering ENSO impacts on the local diurnal

circulations, such as the land/sea breeze and diurnal mountain winds (Hughes et al. 2007).

Then, we computed daily-climatologies of wind speed and wind components for each day in

DJF. Since each day in DJF occurs 42 times in our simulation, daily-climatologies of wind

speed and components are found by averaging the 42 occurrences of each respective daily-

mean value. Finally, subtracting daily-climatological components and speeds from their

respective daily-mean values produced a 42 winter-long time series of daily-mean 10 m wind

component and speed anomalies.

We examine both regional and local ENSO impacts to the mean and standard

deviation of daily-mean 10 m wind component and speed anomalies. Winters are first segre-

gated by ENSO phase (Sect. 2.3). Regional-scale impacts are quantified by averaging wind

anomalies across the domain before computing the mean and standard deviation of daily-

mean anomalies for each winter. To quantify local impacts, we first produced aggregated El

Niño, La Niña, and neutral time series of daily-mean anomalies. The mean and standard

deviation of each aggregated time series along every grid point was then computed. This
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yielded three (El Niño, La Niña, and neutral) means and standard deviations per grid point

and a comparison of these values provides a local perspective on ENSO impacts.

c) Winter mode classification

Winters are classified as either El Niño, La Niña, or neutral when the corre-

sponding DJF-mean Niño 3.4 region (5◦ N - 5◦ S, 120◦ - 170◦ W) sea surface temperature

anomaly (SSTA) is greater than or equal to +0.6◦C, less than or equal to ?0.6◦C, and be-

tween +0.6◦Cand - 0.6◦C, respectively (Table 4.1). Niño 3.4 SSTA values were provided by

the NOAA Climate Prediction Center (http://www.cpc.ncep.noaa.gov/data/indices/

sstoi.indices). The Niño 3.4 SSTA index has been used for other regional wind assess-

ments (Klink 2007; Li et al. 2010) and for several studies on ENSO impacts on the Western

US climate (e.g. McCabe and Clark 2005; Cayan et al. 2008; Myoung and Deng 2009).

El Niño winters Neutral winters La Niña winters

1964, 1966, 1969, 1970,

1973, 1983, 1987, 1988,

1992, 1995, 1998

1960, 1961, 1962, 1967,

1975, 1977, 1978, 1979,

1980, 1981, 1982, 1990,

1991, 1993, 1994, 1997

1963, 1965, 1968, 1971,

1972, 1974, 1976, 1984,

1985, 1986, 1989, 1996

1999, 2000, 2001

Table 4.1: The classification of winters based on the DJF-mean Niño 3.4 sea surface
temperature anomaly. The year of each winter is composed of December of the previous
year and January and February of the current year, e.g. 1992 includes December 1991,
January and February 1992.

d) Model validation

General validation of this simulation’s ability to capture the spatial and temporal

structures of wind variability in Southern California with reasonable accuracy has been

demonstrated in several previous studies. In Conil and Hall (2006), an average correlation

of 0.7 was found between hourly model outputs and observations of daily-mean, near-surface

wind direction anomalies for data at 16 land stations and two ocean buoys within the 6 km

resolution domain. The same study also found correlations above 0.6 between simulated

and observed daily-mean, near-surface wind speed anomalies for 10 locations. Hughes et
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al. (2007) further demonstrated agreement between simulated and observed August wind

cycles at 30 locations. Additional validation was presented in Hughes and Hall (2010), where

correlations between the observed and simulated daily offshore surface wind component were

greater than 0.4 at 37 of the available 42 locations and greater than 0.7 for 13 locations.

These previous validation exercises all provide confidence that the MM5 simulated winds

used in the present study are reasonably realistic.

We undertook more specific validation of the simulation’s ability to capture the

general ENSO signals of near-surface wintertime winds at 25 locations with available data

over Southern California (Fig. 4.2). Though this observational network is very sparse, es-

pecially in light of the complex topography and coastline in the region, it is still possible

to draw some conclusions about the quality of the simulation. At each of the 25 locations,

we calculate the average El Niño minus La Niña difference in the mean daily-mean 10 m

wind speed anomalies. Then we regress these observed differences between the two phases

of interannual variability onto corresponding simulated differences at the nearest model grid

point. The correlation coefficient, slope, and y-intercept for this regression exercise is pre-

sented in Table 4.2 (first row). A high and significant correlation of 0.62 (p = 0.001) is

found, indicating that the observed and simulated variations in ENSO impacts on wind

speed vary in phase with one another in space. A slope of 0.94 is found, indicating that the

simulated and observed anomalies are also very similar in magnitude. Finally, a y-intercept

of -0.2 m s-1 is found. Since the range of values used in this regression exercise spans from

approximately -0.5 to +0.5 m s-1 for both observed and simulated data, this y-intercept is

virtually indistinguishable from zero, indicating little or no systematic bias in the simulated

ENSO-related wind anomalies.

The model also captures the ENSO impacts on wind variability, though not quite

as well. The second row of Table 4.2 shows the results when the average observed El Niño

minus La Niña difference in the mean daily-mean 10 m wind speed standard deviation is

regressed onto the corresponding simulated values. In this case, we find a slightly weaker
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R3

R2

R1

Figure 4.2: Location of 25 land observations (black dots) along with terrain as in Fig. 1
and the location of three sub-regions (R1, R2, R3) discussed in the text. Observations
are provided by the National Climatic Data Center

r m y-int

Mean 0.62 0.94 -0.2

Stdv 0.46 0.57 -0.02

Table 4.2: Correlation coefficient (r), slope (m), and y-intercept (y-int, m s-1) of
the regression line between observed and simulated average El Niño minus La Niña
differences in the mean and standard deviation (stdv) of 10 m daily-mean wind speed
anomalies. Observation locations are shown in Fig. 4.2.

but still positive and significant correlation of 0.46 (p = 0.022). The slope (0.57) is less

than one, suggesting the model may over simulate the spatial variations in ENSO impacts

on wind variability by roughly 50%. However, the y-intercept is approximately zero (−0.02)

relative to the range of values spanned by the data (−0.5 to +0.5 m s-1), indicating very

little or no systematic bias in the magnitudes of the anomalies.

In addition to the general validation exercises presented in Fig. 4.2 and Table 4.2,

we also demonstrate in Fig. 4.4 that our simulation is able to capture the temporal changes

in average wind speeds and wind speed variability. Shown in Fig. 4.4 are time series of the

mean and standard deviation of 10-m daily-mean wind speed anomalies averaged across the

25 observations (dashed line) and across the model grid points nearest to the observation
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locations (thin black line). Large and significant correlations between these time series (r =

0.79, p < 0.001 for the mean and r = 0.88, p < 0.001 for the standard deviation) indicate

that our simulation is accurately capturing temporal fluctuations in near-surface winds over

Southern California. Also shown in Fig. 4.4 are time series of domain-averaged mean and

standard deviation of 10-m daily-mean winds (thick blank line). The relationship between

this time series and ENSO will be discussed in Sect. 3. Here we simply note that high

correlations between the domain-averaged and observed time series (r = 0.70, p < 0.001 in

the mean and r = 0.64, p < 0.001 in the standard deviation) demonstrate that the sparse

network of observations available for use in this study are in fact well-representative of the

domain as a whole.

Before presenting ENSO impacts on surface circulation, we first confirm in Fig.

4.3 that the simulation we analyze reproduces ENSO impacts on precipitation already found

in previous studies (Sect. 1). Compared to neutral winters, 92% of the Southern California

region experiences more precipitation during El Niño winters. Nearly the entire region

experiences less precipitation during La Niña winters (Fig. 4.3a). These results are consistent

with those of Redmond and Koch 1991; Dettinger et al. 1998; Cayan et al. 1999; Leung

et al. 2003. Similar to the mean precipitation signal, increased precipitation variability is

experienced across 64% of the region during El Niño (Fig. 4.3b). This reflects increased

extreme precipitation events during El Niño (Cayan et al. 1999).

4.3 ENSO impacts on the mean and standard deviation of winds

Figure 4.4 shows time series of the mean and standard deviation of daily-mean 10 m

wind speed anomalies for 42 winters (Dec. 1959−Feb. 1960 through Dec. 2000−Feb. 2001).

To provide a regional-scale perspective, wind speeds were averaged over the domain (Fig.

4.1) before computing the mean and standard deviation. A signal of increased variability

during El Niño events is evident in the standard deviation time series. Four of the five highest

standard deviations (1983, 1969, 1998, 1988) happen during El Niño winters. Within the
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Figure 4.3: Distributions of the average grid point differences in mean (a) and stan-
dard deviation (b) of daily-mean precipitation anomalies between La Niña and neutral
winters (blue) and El Niño and neutral winters (red) over the simulated Southern
California region

highest tercile of standard deviations, six occur in El Niño conditions. This means that

more than half of all El Niño standard deviations are located in the highest tercile. Amongst

the five lowest standard deviations, none are found during El Niño. An opposite variability

signal, and one nearly as strong, is also found for the La Niña phase. Four of the five lowest

standard deviations are recorded during La Niña winters (1976, 1968, 1986, 1996). None

of the five highest standard deviations occur during La Niña. Seven standard deviations

associated with La Niña years, or slightly less than half of all La Niñas, occur in the lowest

tercile.

Figure 4.4 also reveals that higher wind variability is generally accompanied by

higher mean winds, and vice versa. In fact, there is a significant positive correlation (r =

0.46, p = 0.002) between the mean and standard deviation time series. This relationship

may be orchestrated in part by the ENSO phenomenon, though previous studies have shown

that a tight correlation between the mean and standard deviation time series is typical for
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Figure 4.4: Time series showing the mean and standard deviation of 10-m daily-mean
wind speed anomalies for each simulated winter. Values are spatially-averaged across
the entire domain (thick black line), across all grid points nearest to the observation
locations (thin black line), and across all observations (dashed line). Red dots indicate
El Niño winters and blue dots indicate La Niña winters. Unit for each time series is m
s-1

positively defined variables, such as wind speed (Jimenez et al. 2008) and precipitation

(Xoplaki et al. 2004). Four of the top five (1998, 1973, 1969, 1964) and half of the ten

highest means are during El Niño winters. Two of five lowest means also occur during El

Niño winters (1995, 1970). However, unlike the variability case where an opposite La Niña

signal is found, no clear La Niña signal is seen in the time series of the means. For example,
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six means corresponding to La Niña years are found in both the lowest and middle terciles.

A more local view of ENSO’s wind impacts is presented in Fig. 4.5. This figure

shows distributions of the average differences in the mean and standard deviation of daily-

mean wind speed anomalies at each grid point for all El Niño and La Niña winters compared

to neutral winters. The most striking differences are seen in the standard deviation signal

(Fig. 5.5b). During El Niño, 78% of the domain typically experiences increased wind speed

variability. This is greater than the portion of the domain that experiences increased pre-

cipitation variability during El Niño (64%, Fig. 4.3b). During La Niña, a majority of the

domain (66%) experiences decreased variability. Higher average wind speeds are typically

experienced over 65% of the domain during El Niño (Fig. 4.5a). Meanwhile, 79% of the

domain experiences lower average speeds during La Niña. These ENSO signals in average

wind speed are weaker than the corresponding precipitation signals, as 92% of the domain

experiences increased precipitation on average during El Niño and nearly the entire domain

experiences decreased precipitation on average during La Niña (Fig. 4.3a).
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Figure 4.5: Distributions of the average grid point differences in mean (a) and standard
deviation (b) of daily-mean 10 m wind speed anomalies between La Niña and neutral
winters (blue) and El Niño and neutral winters (red) over the simulated Southern
California region
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Figure 4.6 shows maps of the average differences in the mean and standard de-

viation of the daily-mean 10 m wind speed anomalies between the ENSO phases. We will

discuss these maps further in the next section. Here we simply note that, consistent with the

regionally-averaged time series (Fig. 4.4) and local summary (Fig. 4.5) of the ENSO impacts,

increased mean and variability are seen at most locations when averaged over all El Niño

winters (Fig. 4.6a, c), while decreased mean and variability are generally seen when averaged

over all La Niña winters (Fig. 4.6b, d). These results are all consistent with the hypothesis

presented in the Introduction. A stronger and southward displaced jet stream and storm

track delivers faster winds and more storms during El Niño. This leads to increased mean

wind speeds and increased wind speed variability across the region. Conversely, a weaker

and northward displaced jet stream and storm track results in weaker and less variable wind

speeds during La Niña.

4.4 Spatial structure and relation to large-scale circulation

The spatial structures of Fig. 4.6 may be understood by examining changes in the

main wintertime wind regimes of Southern California, which are classified using a cluster

analysis technique. Conil and Hall (2006) applied this same technique to a 10-year long

subset of the time series used in this paper, and provide details about the technique itself.

When it is applied to the 42-winter time series, the results are very similar. Here we briefly

summarize these results, and refer the reader to Conil and Hall (2006) for further information.

The first step in the cluster analysis is to perform a real vector empirical orthog-

onal function (EOF) analysis on the 42-winter time series of daily-mean 10 m wind speed

anomalies. The first EOF accounts for nearly 45% of the variance and the second for nearly

36%. Also included in the EOF analysis is a corresponding time series of daily amplitudes

(i.e. principal components) associated with the first two EOFs (PC1 and PC2). These daily

PC values are depicted as a scatter plot in PC-space in Fig. 4.7. A cluster analysis is then

performed on the PC time series to classify daily wind patterns into three main wintertime
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Figure 4.6: Average differences of the mean and standard deviation (stdv) for daily-
mean 10 m wind speed anomalies between El Niño (a, c) and La Niña (b, d) winters
compared to neutral winters. Contour interval is 0.1. Positive differences are shaded
red and negative differences are shaded blue. Regions of significant differences (at the
90% level using the t test) are hatched. The domain-averaged value is reported on the
top right of each plot. Unit for each plot is m s-1

wind regimes. The number of regimes is subjective and is based on a visual inspection of

the shape of the data distribution in the space of the first two EOFs seen in Fig. 4.7. The

clustered wind regimes are represented by colored ellipses in Fig. 4.7. Regime membership

is based on a threshold semi axes distance of two standard deviations from each cluster

mean. Using this method, 92% of all daily wind fields can be classified into one of three

prominent wintertime wind regimes: northwesterly, Santa Ana, and onshore. By averaging

daily winds within each cluster, composite wind fields (Fig. 4.8) are produced to reveal

the spatial patterns of each wintertime wind regime. The most frequently occurring wind

regime is known as the Santa Ana (Fig. 4.8a) and is characterized by strong northeasterly,
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offshore flow across most of the region and especially through the major mountain gaps. The

northwesterly regime (Fig. 4.8b) occurs the second most frequently. Winds in this regime

are characterized by strong northwesterly, alongshore winds over the ocean. Surface winds

over land are generally relatively small. The least frequently occurring regime is the onshore

pattern (Fig. 4.8c), which is characterized by southwesterly, onshore flow over the ocean

and also on the eastern, lee sides of the major mountains. Weak winds are seen in the zone

separating the coastal mountains and the ocean. Evidence for terrain blocking of onshore

flow in the California Bight can also be seen in Fig. 4.8c. As southwesterly winds over the

ocean approach the coast, the flow is forced to turn counterclockwise and ultimately be-

comes parallel to the terrain from south of the LA basin through the Santa Barbara Channel

(Neiman et al. 2004, Neiman et al. 2006; Hughes et al. 2009). This regime is also tightly

associated with precipitation and storminess (Conil and Hall 2006).

The average occurrence of each principal winter wind regime according to ENSO

phase is presented in Table 4.3. The spatial structures of the impacts during El Niño (Fig.

4.6a, c) can now be interpreted in light of these wind regime occurrences. In general, the

most important effect of ENSO is to shift the balance between the onshore and Santa Ana

regime. The onshore regime occurs more frequently than usual during El Niño, reflecting the

southward displaced jet stream in this phase. Frequent southward incursions of the jet stream

bring greater average winds through the Southern California Bight. However, the southward

displacement of the jet stream is not constant and the intermittent reappearance of the other

two regimes results in enhanced wind speed variability throughout the Bight. Referring to

composite wind fields in Fig. 4.8, calm conditions over major mountain complexes associated

with the northwesterly regime tend to be replaced by stronger average winds as the onshore

regime becomes more frequently established. The resulting more frequent alternation be-

tween calm and strong winds also leads to greater wind speed variability over the mountain

complexes. Effects on both mean and variability are enhanced as elevation increases, since

the onshore flows are forced to accelerate as they ascend and their vertical extent decreases.
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Figure 4.7: Scatter plot of the leading two principal components (PC1, PC2) for
each day in the 42-winter time series (black dots). The cluster model provides a PDF
estimate of the data distribution (black contours). Clustered wind patterns are defined
by covariance ellipses with semi axes of two standard deviations (dark lines) from the
cluster means (open circles)

Lower average wind speeds within the major mountain passes reflect decreased Santa Ana

events during El Niño (Table 4.3); strong winds associated with the Santa Ana regime in

these areas become replaced by calmer conditions of the more frequently established onshore

regime.

The spatial structures and regime changes discussed in the previous paragraph

reflect statistics averaged over all El Niño winters, though there is considerable variation

from one El Niño winter to the next. This is demonstrated in the bottom of Table 4.3,

which shows the average occurrence of each principal wind regime for the three strongest

El Niño winters. Especially strong signals of both increased onshore events and decreased

Santa Ana events can been seen during these large El Niño events. For example, while the

average increase in onshore events during El Niño winters is approximately 20% compared to
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Santa Ana Northwesterly Onshore

El Niño 31 33 18

Neutral 37 32 15

La Niña 31 33 13

1983 31 33 20

1998 16 39 20

1992 35 24 25

Table 4.3: Average occurrence of each principal wind regime (days per winter) accord-
ing to ENSO phase (top) and actual occurrence of each principal wind regime (days)
during the three strongest El Niño winters (bottom)

neutral conditions, the El Niño winter of 1992 experienced nearly 70% more onshore events.

Another example is seen in the winter of 1998, which experienced over 55% fewer Santa Ana

events, while the average reduction in Santa Ana events during El Niño is roughly 20%.

The results in Table 4.3 also help to explain the spatial structures of the La Niña

impacts (Fig. 4.6b, d). During La Niña conditions, the northwesterly regime occurs more

frequently than usual at the expense of the onshore regime. This leads to slightly greater

winds over the western half of the Southern California Bight and significantly weaker winds

over the eastern half of the Bight and coastal basin, as seen in Fig. 4.8. Since the onshore

regime occurs less frequently during La Niña, lower variability is found in much of the

Southern California Bight and over the mountain complexes, i.e. the regions that correspond

to higher variability during El Niño (Fig. 4.6c, d). Greater variability along prominent

mountain passes during La Niña is also tied to a reduction of onshore events. Winds in

the passes are very weak during an onshore event. With fewer onshore events during La

Niña, alternations between strong winds of the Santa Ana regime and the weak winds of the

northwesterly regime become more frequent. This vacillation likely leads to increased wind

speed variability in the passes.

Three sub-regions (see Fig. 4.8) are selected to explore the local implications of the
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spatial structures in ENSO impacts seen in Fig. 4.6. Each sub-region is defined as a ten grid

point by ten grid point domain (60 km by 60 km). Figure 4.9 shows average differences in the

mean and standard deviation of wind speed for all El Niño and La Niña winters compared

to neutral winters over the three sub-regions. We also average the wind magnitudes seen in

Fig. 4.8 across each sub-region, and present the resulting values for each regime in Table 4.4.

These typical wind speeds occurring during each regime, together with the ENSO-induced

changes in the regimes seen in Table 4.3, can be used to develop qualitative explanations for

the origins of the various ENSO signals in each sub-region.

Santa Ana Northwesterly Onshore

R1 1.79 2.25 18

R2 6.09 2.53 1.15

R3 2.69 1.75 1.48

Table 4.4: Average wind speed (m s−1) of each principal wind regime within three
sub-regions, R1, R2, and R3

The first sub-region, “R1”, shows an ENSO signal that is similar to the domain-

averaged signal, yet even more pronounced (Fig. 4.4). Nearly all grid points in R1 experience

increased mean speeds and wind speed variability during El Niño and decreased mean speeds

and variability during La Niña (Fig. 4.9a, d). This may be related to the ENSO-induced shift

in the frequency of the onshore and Santa Ana regimes. The onshore regime has relatively

large wind anomalies in this sub-region’s unsheltered, coastal location, while Santa Ana wind

anomalies are very small in this sub-region. Thus, decreased frequency of the Santa Ana

regime and increased frequency of the onshore regime during El Niño probably increases

both mean winds and wind variability (Tables 4.3, 4.4; Fig. 4.8).

The second sub-region, “R2”, which covers much of the southern side of the San

Emigdio Mountains, experiences a strong ENSO signal, but one that is opposite to the

domain-averaged ENSO signal. Most grid points within R2 experience increased wind speed

variability during La Niña (Fig. 4.9e). Meanwhile, decreased mean speeds and wind speed
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variability is seen over a majority of R2 during El Niño (Fig. 4.9b, e). These opposite signals

in R2 may reflect two factors, based on evidence seen in Tables 4.3 and 4.4 and Fig. 4.8b, c:

(1) The onshore regime has rather weak wind anomalies in this sub-region, so that greater

frequency of the onshore regime during El Niño does not lead to great wind speeds or wind

variability, and (2) The Santa Ana regime has very strong wind anomalies in this region, so

that reduced occurrence of Santa Ana winds during El Niño has the effect of reducing both

mean winds and wind variability. Given the very large magnitude of the winds during the

Santa Ana regime in this sub-region, the later factor may be the most important.

We next turn to ENSO signals in the third sub-region, “R3”, located south of

the Tehachipi Mountains and including the Tehachipi Pass Wind Farm (35.06◦ N, 118.16◦

W). The ENSO impact on average winds is qualitatively similar to that seen in R2, with

nearly half of R3 experiencing decreases in the mean during El Niño (Fig. 4.9c). As with

R2, the average wind speed during the Santa Ana regime is relatively high (Table 4.4), and

the reduction in Santa Ana frequency during El Niño may account for the corresponding

reduction in mean speeds. However, the contrast in wind speed between the Santa Ana and

other regimes is much less exaggerated in R3 than R2, dampening the effect, as revealed

by a comparison of Fig. 4.9b, c. The effect may be further reduced by the fact that the

wind speeds associated with the onshore regime are relatively large, so that the contrast

between wind speeds associated with the Santa Ana and onshore regimes is smaller, and

changes in the frequency of the two regimes has correspondingly less effect. The smaller

contrast between wind speeds of the Santa Ana and onshore regimes may also account for

the ambiguous ENSO imprint in wind speed variability in R3 (Fig. 4.9f).

The presence of well-defined mesoscale ENSO anomalies in Fig. 4.9 is in agreement

with the conclusions in Leung et al. (2003) that a high-resolution simulation is needed to

robustly characterize ENSO impacts in regions of intense topography, such as Southern

California.
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4.5 Summary

This study utilized a long-term, high-resolution regional climate simulation to

study ENSO impacts on near-surface winds over Southern California. Using 43 years of 6

km gridded data, 11 El Niño, 15 La Niña, and 16 neutral winter wind fields were identified

and used for the impact study. Despite the inherently noisy character of winds, consistent

signals within the 10 m wind speed anomalies appeared throughout the analyses. A schematic

is presented in Fig. 4.10 to summarize these signals.

In response to the equatorward and eastward extension of the subtropical jet

stream and storm tracks in the Northern Hemisphere, Southern California experiences gen-

eral increases in average wind speed and wind speed variability during El Niño. More

than half of the Southern California region experiences increased mean wind speeds dur-

ing El Niño, while nearly 80% of the region experiences increased wind speed variability.

The El Niño signal of increased wind speed variability is experienced over a larger portion

of Southern California than the corresponding signal of increased precipitation variability.

Conversely, a westward and poleward shift to the jet stream and storm tracks during La Niña

leads to general decreases in the mean and variability of winds over Southern California. A

majority of the Southern California region experiences decreased wind speed variability dur-

ing La Niña events. Similarly, more than half of the region experiences reduced average

wind speeds during La Niña, though this signal is not seen in the regionally-averaged time

series of mean winter wind speeds. It should be noted, however, that our model captures

the ENSO impacts on mean winds better than impacts on wind variability.

Daily winter wind fields were classified into three main wintertime wind regimes,

northwesterly, Santa Ana, and onshore through a classification technique known as a cluster

analysis. This analysis revealed shifts in the frequency of main wintertime wind regimes

based on ENSO phase. It is found that the onshore regime occurs more frequently during El

Niño and occurs less frequently during La Niña. Meanwhile, the Santa Ana regime occurs

somewhat less frequently during El Niño. Over land, shifts in occurrences of the onshore and
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Santa Ana regimes lead to significant mesoscale spatial structures with a strong topographic

imprint during both phases. Increased onshore events during El Niño, at the expense of the

Santa Ana regime, leads to greater winds and wind variability across the Southern California

Bight and weaker winds in mountain passes where Santa Ana-like outflow is typically found.

Reduced Santa Ana events also help explain decreased average wind speeds within the major

mountain passes. Strong outflow through these regions associated with the Santa Ana regime

becomes replaced by weaker winds of the more frequently occurring onshore regime. During

La Niña, the onshore regime occurs less frequently than usual with corresponding higher

occurrences of the northwesterly regime. This likely explains lower average wind speeds

and wind speed variability through much of the coastal zone. Reduced onshore events yield

increased vacillation between strong Santa Ana winds and weak northwesterly winds within

major mountain passes, and increased wind variability in these regions during La Niña.

The major findings in this study imply that ENSO likely can significantly impact

wind power production over Southern California. As such, we believe this study motivates

further analyses that quantify ENSO impacts on wind speeds at heights appropriate to wind

power generation. Such analyses would help the wind power industry plan for interannual

variations in wind power and potentially predict wind power anomalies based on ENSO

predictions.
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Figure 4.8: 10 m wind composite maps corresponding to the three clustered wind
regimes produced by the mixture model. The reference vector has a magnitude of 5 m
s−1. Every other vector is suppressed for clarity. Terrain is contoured as in Fig. 4.1.
Three sub-regions referred to in the text are defined by the thin red boxes and labeled
as R1, R2, and R3
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Figure 4.9: Distributions of the average grid point differences in the mean and standard
deviation of daily-mean 10 m wind speed anomalies between La Niña and neutral
winters (blue) and El Niño and neutral winters (red) over three sub-regions, R1 (a, d),
R2 (b, e), and R3 (c, f). The boundaries of the sub-regions are shown in Fig. 4.8
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Figure 4.10: Schematic summary of the large-scale impacts (rectangles) and Southern
California near-surface circulation impacts (ovals) due to ENSO.
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