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Abstract: This study investigated potential changes in future precipitation, temperature, and drought
across 10 hydrologic regions in California. The latest climate model projections on these variables
through 2099 representing the current state of the climate science were applied for this purpose.
Changes were explored in terms of differences from a historical baseline as well as the changing
trend. The results indicate that warming is expected across all regions in all temperature projections,
particularly in late-century. There is no such consensus on precipitation, with projections mostly
ranging from −25% to +50% different from the historical baseline. There is no statistically significant
increasing or decreasing trend in historical precipitation and in the majority of the projections on
precipitation. However, on average, precipitation is expected to increase slightly for most regions.
The increases in late-century are expected to be more pronounced than the increases in mid-century.
The study also shows that warming in summer and fall is more significant than warming in winter
and spring. The study further illustrates that, compared to wet regions, dry regions are projected to
become more arid. The inland eastern regions are expecting higher increases in temperature than
other regions. Particularly, the coolest region, North Lahontan, tends to have the highest increases
in both minimum and maximum temperature and a significant amount of increase in wet season
precipitation, indicative of increasing flood risks in this region. Overall, these findings are meaningful
from both scientific and practical perspectives. From a scientific perspective, these findings provide
useful information that can be utilized to improve the current flood and water supply forecasting
models or develop new predictive models. From a practical perspective, these findings can help
decision-makers in making different adaptive strategies for different regions to address adverse
impacts posed by those potential changes.
Keywords: California; hydrologic regions; warming; drought

1. Introduction
Understanding hydroclimatic changes and trends is of important scientific and practical
significance for water resources management [1,2]. In particular, this understanding helps:
(1) characterize the behavior of hydroclimatic variables (e.g., precipitation and temperature) as well as
extreme events (e.g., droughts); (2) inform the development and enhancement of predictive tools to
forecast future occurrence of these events; and (3) develop mitigation and adaptation plans to minimize
the adverse impacts of unavoidable changes. This is particularly critical in arid and semi-arid areas
including the State of California.
As the home to more than 37 million people [3] and a top-ten economy in the world, California’s
growth has been largely dependent on its ability to manage limited water resources [4]. In California,
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most of the precipitation falls in the northern half of the state, while the majority of the demand
comes from the southern half where most of the population and farmlands are located. In addition,
available water for supply in the state mostly comes during the wet season (November to April) as
most precipitation falls in this period, while the demand is typically the highest in the dry season
(late spring and summer) [5]. Furthermore, the state is prone to hydroclimatic extremes [1], with the
most recent examples being the record-setting 2012–2015 drought and flooding in 2017. In the face
of the geographically and temporally uneven distribution of water resources, the state traditionally
relies on statewide and regional water storage and transfer projects, including the State Water Project
(SWP) and the Central Valley Project (CVP), to redistribute water to meet multiple and often competing
water management objectives [6]. However, the system was designed using hydroclimatic data of
the first half of the 20th century. Since then, significant changes have been observed and reported,
including increasing temperature, declining mountain snowpack, earlier snowmelt and streamflow
peaking, higher percentage of precipitation falling as rainfall rather than snowfall, and increasing
sea level, among others [7–17]. Those changes would likely amplify and accelerate in the future as
the state’s hydroclimate continues to change in a changing climate. In addition, as the population
and economy continue to grow, natural hazards including extreme flooding and drought events pose
a greater risk [18,19]. Those factors collectively make reliable water supply and drought and flood
management in the state unprecedentedly challenging [20].
In light of their importance, many studies have focused on characterizing potential future
hydroclimatic events in California [21–30]. These studies mostly used climate model projections
from the Coupled Model Intercomparison Project Phase 3 (CMIP3) [31], which were produced more
than a decade ago and do not represent the latest climate science. There are a few exceptions [21,24,25]
that employed the latest climate model projections from the Coupled Model Intercomparison Project
Phase 5 (CMIP5) [32]. However, these studies generally focused on spatial scales not directly relevant
to water resources management practices. For instance, Sun et al. [24] selected mountainous areas in
Southern California as their study focus. In addition, the linear regression approach was generally
used in trend assessment in those studies. The results of this method are largely affected by the starting
and ending values of the study data and subject to the assumption of normality.
The objective of this study was to provide an assessment of the changes (from historical baseline)
and trends of projected precipitation and temperature along with the trends in projected drought over
California. This study extended beyond relevant previous studies in terms of: (1) focusing on the scale
consistent with the water resources planning and management practices in the state; (2) using climate
projections that reflects the latest climate science; and (3) applying the widely-used non-parametric
Mann–Kendall approach in trend analysis. Compared to the traditional linear regression method,
this method requires less assumption on data distribution and is less affected by the beginning and
ending values of the study data. Specifically, the current study was built upon a previous study [14]
that explored changes in historical precipitation, temperature, and drought in California. However,
the current study differs from [14] in terms of study variables, study metrics, study method, study
period, and study purpose. Particularly, this study aimed to offer insight into potential changes to
California’s hydroclimate on the scale meaningful for water resources management practices and to
inform decision-makers in developing strategies to cope with these changes.
2. Materials and Methods
2.1. Study Area and Dataset
Different from the previous study [14] that looks at seven climatic divisions in California, the
current study focuses on the 10 hydrologic regions (Figure 1 and Table 1) defined by the California
Department of Water Resources (DWR) for operational water resources planning and management
purposes [5]. These regions include four coastal regions (North Coast, San Francisco Bay, Central
Coast, and South Coast), three Central Valley regions (Sacramento River, San Joaquin River, and Tulare
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Lake), and three Eastern regions (North Lahontan, South Lahontan, and Colorado River). For each
of these three categories (Coastal, Central Valley, and Eastern), climate tends to be drier towards the
southern regions.

Figure 1. Ten hydrologic regions in California: North Coast (NC), San Francisco Bay (SF), Central
Coast (CC), South Coast (SC), Sacramento River (SAC), San Joaquin River (SJQ), Tulare Lake (TUL),
North Lahontan (NL), South Lahontan (SL), and Colorado River (CR). Dots represent the centroid
points of individual climate projection grids (1/16th degree) located in each region.
Table 1. Geographic and climatic characteristics of study hydrologic regions.

ID

Region Name

Area (km2 )

Annual
Precipitation
(mm)

Annual Mean
Temperature
(◦ C)

Population
(as of 2010;
Million)

NC
SF
CC
SC
SAC
SJQ
TUL
NL
SL
CR

North Coast
San Francisco Bay
Central Coast
South Coast
Sacramento River
San Joaquin River
Tulare Lake
North Lahontan
South Lahontan
Colorado River

49,859
11,535
28,995
27,968
69,750
38,948
43,604
15,672
68,434
51,103

1390
641
504
459
925
680
408
542
191
127

9.3
14.3
13.0
15.6
11.4
12.8
13.9
6.4
15.2
20.2

0.81
6.35
1.53
19.58
2.98
2.10
2.27
0.11
0.93
0.75

The North Coast region contains the California Coast Ranges, the Klamath Mountains, and parts
of the Modoc Plateau [5]. The eastern side of the region is mostly mountainous with crests around
1800 m (6000 ft) and a few more than 2400 m (8000 ft) in elevation. It is the wettest region in terms of
annual precipitation received (1390 mm; Table 1). As such, the region is prone to flooding. Major floods
were recorded in 1955, 1964, 1986, 1997, 2006, and 2017. The San Francisco Bay region is the smallest in
size. It is bounded by the Pacific Ocean on the west and Coast Ranges on the east where the peaks are
above 1200 m (4000 ft) in elevation. The region faces multiple water management challenges including
an unreliable water supply, declining water quality and ecosystems, increasing flood risks, and threats
posed by sea level rise to coastal areas. The Central Coast region is the most groundwater-dependent
region. Groundwater supplies about 80% of its total water usage. The water management challenges
of this region include managing groundwater quality and overdraft, sea water intrusion, and flood
risks. The South Coast region is the most urbanized and populous region. It accounts for about 7% of
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the state’s total area but accommodates more than half of the state’s population. As a result, water
supply is always a concern of local water managers. The region is also prone to flooding including
debris flows and mud slides, particularly in areas where hillsides have been damaged by wildfires.
It is the driest and warmest region in the coastal regions (Table 1).
Central Valley regions are the major water supply sources for the state, of which the Sacramento
River region is the primary source. It is the largest and second wettest region (925 mm/year; Table 1) of
all 10 hydrologic regions. It contributes a majority portion of the water supplied to the SWP and CVP.
The region is bounded by Coast Ranges on the west and Sierra Nevada on the east. In this region, about
one in three residents is exposed to a 500-year flood event. The region has approximately $65 billion
of assets, 1.2 million acres of farmland, and over 340 sensitive species [5]. Major floods in the region
normally originate from extreme atmospheric river events during the winter. The San Joaquin River
region receives less precipitation than the Sacramento River region. It is also bordered by the Sierra
Nevada on the east. However, Sierra Nevada watersheds in this region are higher in elevation, making
them more dominated by snow compared to Sacramento River region watersheds. Floods in this
region come from both winter rainfall and melting Sierra snowpack [5]. The Tulare Lake region is the
driest in the Central Valley and one of the driest regions in the state. It is the largest agricultural region
in the state heavily relying on groundwater and imported water supply. Groundwater pumping in
this region accounts for more than 38% of the state’s total annual groundwater extraction. The region
is also prone to floods caused by winter rainfall and spring snowmelt.
The eastern regions are the least populous. The North Lahontan region accommodates
approximately 0.3% of the state’s population. It comprises arid high desert (1200–1500 m in elevation)
in the north and the eastern slopes of the Sierra Nevada (up to 3750 m in elevation) in the central and
southern portions. It is the coolest region in the state (Table 1). In contrast, the Colorado River region
is the hottest. It is also the driest region, receiving only about one tenth of the precipitation received
by the North Coast region. The Colorado River region is, however, also subject to flooding which
threatens about 38% of its population. Different from all other regions, most flooding events occur
from infrequent but high-intensity summer storms in this region. The South Lahontan region is the
second driest region in the state. Precipitation for this region comes from both winter storm events
and summer thunderstorms.
In general, California has a typical Mediterranean-like climate, with the summer (winter) being
dry and warm (cool and wet). This is evident for the 10 regions on the monthly scale (Figure 2). Most of
the precipitation occurs during the wet season (November to April). During that period, those regions
receive 69% (Colorado River region) to 91% (Central Coast region) of their total annual precipitation.
Statewide, 85% of annual precipitation occurs during the wet season. January normally observes the
highest amount of precipitation while July is typically the driest month. Meanwhile, January is the
coolest month while July has the highest average temperature. South Lahontan and Central Coast
regions have the largest (22.1 ◦ C) and smallest (10.1 ◦ C) variations in monthly temperature, respectively.
Across all regions, the Colorado River region is the driest and hottest. The North Lahontan region is
the coolest and the North Coast region is the wettest. Those observations are consistent with values
shown in Table 1.
This study looked at both the historical and projected precipitation, and maximum and minimum
temperature data. The projections for 2020–2099 were based on climate model simulations from
the Coupled Model Intercomparison Project Phase 5 (CMIP5) [32], which represents the current
state of the climate science. Specifically, 20 individual projections from 10 Climate Circulation
Models (GCMs) under two newly developed emission scenarios named Representative Concentration
Pathways (RCP) 4.5 and RCP 8.5 [33] were selected for the analyses. These 10 GCMs (Table 2) were
chosen by DWR Climate Change Technical Advisory Group and deemed as the most suitable for
California climate and water resources assessment [34]. RCP 4.5 (RCP 8.5) assumes low (high) future
greenhouse-gas concentrations. These projections were downscaled to a very high spatial resolution at
1/16th degree (approximately 6 by 6 km, or 3.75 by 3.75 miles) to better capture the spatial variability
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of the climate via the Localized Constructed Analogs (LOCA) method [35]. This dataset is made
available for California’s Fourth Climate Change Assessment (http://cal-adapt.org/). There are other
ways of selecting representative GCMs models [36,37] for water planning analysis. However, they
are beyond the scope of this study which exclusively used the GCMs recommended by the CCTAG.
These 20 CCTAG-recommended projections have been applied in DWR’s and the California Water
Commission’s planning activities including the Central Valley Flood Protection Plan [38] and the
Water Storage Investment Program [39]. There is no consensus that some of those projections are more
likely to occur than the remaining projections in the future. As a result, these projections are typically
treated equally in planning activities. In this study, we looked at these 20 projections together. When
looking at the mean of future projections on the annual scale, however, the 10 RCP 4.5 projections and
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Models1 (GCMs) ACCESS-1.0
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named
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and Bureau
of Meteorology
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Concentration
Pathways
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the analyses. These 10 GCMs
2
CCSM4
National
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by DWR Climate
Change
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Group and
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Center
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Research
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[34]. RCP 4.5 (RCP8.5) assumes low
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by 3.75
miles) to better
de Recherche et6de
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the Localized
Constructed
Analogs
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CanESM2 of the climate
Canadian
for Climate
Modeling and
Analysis
7
Geophysical
Fluid Dynamics
Laboratory
[35]. This
dataset GFDL-CM3
is made available
for California’s
Fourth
Climate Change Assessment
8
HadGEM2-CC
Metways
Officeof
Hadley
Centre
(http://cal-adapt.org/).
There are other
selecting
representative GCMs models [36,37] for
Met Office
Hadleythe
Centre/Instituto
de Pesquisas
Espaciais
9
HadGEM2-ES
water planning
analysis.
However, they
are beyond
scope of thisNacional
study which
exclusively
used
Atmosphere and Ocean Research Institute (The University of
the GCMs
recommended
by
the
CCTAG.
These
20
CCTAG-recommended
projections
have
been
10
MIROC5
Tokyo), National Institute for Environmental Studies, and Japan
applied in DWR’s and the CaliforniaAgency
Water for
Commission’s
planning
activities
including
the
Central
Marine-Earth Science and Technology
Valley Flood Protection Plan [38] 1and
the Water Storage Investment Program [39]. There is no
Adapted from Tables 2–4 of [34].
consensus that some of those projections are more likely to occur than the remaining projections in
the future. As a result, these projections are typically treated equally in planning activities. In this
study, we looked at these 20 projections together. When looking at the mean of future projections on
the annual scale, however, the 10 RCP 4.5 projections and 10 RCP 8.5 projections were analyzed
separately.
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The gridded historical observational dataset of these three variables on daily scale for water years
1951–2013 of Livneh et al. [40] (https://data.nodc.noaa.gov/) were employed as the historical baseline.
The spatial resolution (1/16th degree) of this dataset is consistent with that of the LOCA-downscaled
climate model projections. This dataset has been applied extensively in hydrologic modeling and
drought assessment [41–44], and deemed as the best available historical data at this spatial resolution.
In this study, both projected and historical datasets were aggregated from grid scale to (hydrologic)
regional scale in the analyses presented below.
2.2. Study Method and Metrics
2.2.1. Difference from the Baseline
This study employed difference as a parsimonious metric to represent changes in future conditions
from historical conditions. This is a standardized metric applied extensively in climate change related
studies [29]. Specifically, the 40-year period, 1951–1990, was used as the historical baseline period.
Compared to late 1990s and early 2000s, this period is relatively less impacted by anthropogenic climate
change. Additionally, this 40-year window allows enough sample size to represent a wide range of
natural variability in hydroclimatic variables. Similar studies have normally used 30-year periods [34].
Two 40-year future periods, mid-century (2020–2059) and late-century (2060–2099), were considered.
Mean annual precipitation, and maximum and minimum temperature in the baseline period and
future periods were computed and compared. Differences (from the baseline) were subsequently
derived. Specifically, when looking at precipitation variables, the focus was on relative differences
(i.e., percent different from the baseline); for temperature variables, absolute difference (in degree
Celsius) was used.
In addition to annual precipitation and temperature, wet season precipitation and seasonal
temperature were also applied as important indices in planning studies [45]. Wet season precipitation
accounts for a majority portion of the annual precipitation. Seasonal temperature typically affects
water supply and demand. For instance, spring temperature impacts snowmelt timing and amount.
Summer temperature impacts evapotranspiration demand. Changes in wet season precipitation and
seasonal temperature were also explored in this study.
2.2.2. Drought Index
Numerous drought indices have been developed for drought monitoring, assessment and
prediction purposes [46–48]. Among these indices, the most widely used index might be the
Standardized Precipitation Index (SPI) [49] because of its parsimonious (only requiring precipitation
as input) and standardized (can be used across different spatial and temporal scales) nature. Despite
its popularity, more and more studies noted that evapotranspiration also plays an important role in
drought development [50–52]. This is particularly true in a warming climate for dry regions where
evapotranspiration is an important component of the water budget. For instance, the most recent
2012–2015 California drought was a typical “warm drought” characterized by record-low precipitation
and snowpack as well as record-high temperature [45,53–55]. As a result, SPI may not be the most
appropriate index for drought analysis in California which contains many arid or semi-arid areas.
Most recently, based on the same concept employed in defining the SPI, Vicente-Serrano et al. [56]
proposed a Standardized Precipitation-Evapotranspiration Index (SPEI). It first calculates the
discrepancies between precipitation (P) and potential evapotranspiration (PET) on a monthly time
scale (D = P − PET). Monthly discrepancies can be aggregated to other time scales (e.g., 3-month,
6-month, 12-month, among others) to calculate SPEI values at corresponding temporal scales. Next,
a three-parameter Log-logistic distribution is selected to model the discrepancy time series. The
probability distribution function of D is calculated according to the fitted Log-logistic distribution (F(x)).
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Lastly, the SPEI value is determined as the standardized values of F(x) following the approximation of
Abramowitz and Stegun [57]:
SPEI = W −

C0 + C1 W + C2 W 2
1 + d1 W + d2 W 2 + d3 W 3

(1)

where W = −2 ln( p); p is the probability of exceeding a determined D value; and C0 , C1 , C2 , d1 ,
d2 , and d3 are preset constant coefficients. A positive (negative) SPEI value indicates wet (drought)
conditions. Depending on the specific values, a drought event can be classified into different categories.
Typically, a SPEI value less than −2 indicates extreme drought conditions. A value ranging from −2
to −1 denotes moderate drought conditions. A SPEI greater than −1 but less than 0 represents mild
drought conditions.
SPEI has been shown to be a robust index. It compares favorably to other popular drought
indices [58–63]. The PET is calculated using the Thornthwaite equation [64] which only requires
temperature data as input. As such, the SPEI index implicitly considers the impact of temperature
on drought situation, making it suitable in assessing drought conditions in future warming scenarios
(represented by different model projections in the current study). For detailed explanations on the
concept and calculation of the SPEI index, the readers are referred to [56]. The SPEI values on annual
scale (SPEI-12), two-year scale (SPEI-24), three-year scale (SPEI-36), and four-year scale (SPEI-48) were
chosen in this study. Drought occurs in California at those time scales regularly. It is meaningful to
look at future drought at those scales for adaptive planning purpose.
Figure 3 exemplifies the SPEI-12 calculated for the three representative regions from each of the
coastal, Central Valley, and eastern areas in the historical period: (1) the highly urbanized San Francisco
Bay region; (2) the largest water supply source of the State: Sacramento River region; and (3) the driest
Colorado River region. The San Francisco Bay region and the Sacramento River region have similar
patterns due to their geographic proximity. The SPEI index for both regions well captures the 1983
and 1997 wet conditions as well as the 1976–1977, 1988–1992, 2007–2009, and the 2012–2013 droughts.
The Colorado River region differs from those two regions in terms of annual precipitation (driest) and
temperature (hottest). Long-duration droughts occur more frequently after 1990s in this region.
2.2.3. Trend Analysis
The methods applied in climatic and hydrological trend analysis are typically classified into
two types: parametric and non-parametric [65,66]. The latter normally requires fewer assumptions
(e.g., normality of study data) compared to the former. In reality, the assumptions on data
distribution are difficult to satisfy. Therefore, the parametric methods are considered less robust
than the non-parametric methods [66]. Among all non-parametric methods, the Mann–Kendall test
(MKT) [67,68] has been applied extensively in the field of climatology and hydrology [14–16,45,69,70].
The approach first identifies the sign of each possible pair of data in the study time series, followed by
the determination of the corresponding test statistic z. The null hypothesis (H0) assumes no significant
monotonic trend in the time series while the alternative hypothesis suggests otherwise. The null
hypothesis is rejected when |Z| > Z1−α/2 , where Z1−α/2 is the probability of the standard normal
distribution at a significance level of α. This study employed the MKT in assessing the significance of
a trend and uses 0.05 as the significance level.
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ranging from 2.8% (1.5%) to 9.8% (10.5%) in mid-century (late-century). This observation implies that
future storms in the wet season would likely become more frequent, which is in line with the findings
of previous studies [25,28]. On the annual scale, most regions are also projected to receive more
precipitation, except for the driest two regions: South Lahontan and Colorado River. This suggests that
those two regions are expecting much less precipitation in the dry season, although more precipitation
is projected for them during the wet season. Typically, summer monsoons are a major contributor to
dry season precipitation in these two regions [73,74]. This finding denotes that future monsoons over
both regions are likely to become weaker or more sporadic. Across all regions, the San Francisco Bay
and the South Coast generally have the highest and lowest increases in precipitation in late-century,
respectively, on both temporal scales. This indicates that they are the most and least prone to changes in
future storms during this period, respectively, yet they are not the wettest or driest regions. Comparing
two future periods, the late-century period is generally expecting a higher increase in precipitation
than the mid-century period except for the dry regions including Colorado River, South Lahontan, and
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Table 3. Percent differences (%) between historical and mean RCP 8.5 projections on annual
precipitation and wet season precipitation.

ID

Region Name

NC

North Coast

Annual Precipitation (%)
Mid-Century Late-Century
4.4
5.2

Wet Season Precipitation (%)
Mid-Century Late-Century
8.4
10.6
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The differences between historical precipitation and mean RCP 8.5 precipitation projections are
also explored (Table 3). Similar to what Figure 4 indicates, wet season precipitation is expected to
increase in both mid-century and late-century across all regions. Increases are expected for annual
precipitation for most regions except for three dry regions (i.e., Colorado River, South Lahontan, and
South Coast) in mid-century and one region (i.e., Colorado River) in late-century. The increases in
late-century are higher. Comparing annual precipitation and wet season precipitation, changes in the
latter is more significant in terms of magnitude, which is in line with the RCP 4.5 results as illustrated
in Figure 4. Comparing two future periods, changes in the late-century is more pronounced compared
to those of the mid-century. Comparing differences of the mean RCP 4.5 projections from the historical
baseline and that of the mean RCP 8.5 projections, the latter are more notable. Those are expected since
the late-century (compared to mid-century) and the RCP 8.5 scenarios (compared to RCP 4.5 ones) are
both expecting higher increases in temperature (Section 3.1.2). A warmer atmosphere can hold more
water moisture, indicative of more water available for precipitation.
Table 3. Percent differences (%) between historical and mean RCP 8.5 projections on annual
precipitation and wet season precipitation.

ID

Region Name

NC
SF
CC
SC
SAC
SJQ
TUL
NL
SL
CR

North Coast
San Francisco Bay
Central Coast
South Coast
Sacramento River
San Joaquin River
Tulare Lake
North Lahontan
South Lahontan
Colorado River

Annual Precipitation (%)

Wet Season Precipitation (%)

Mid-Century

Late-Century

Mid-Century

Late-Century

4.4
10.3
7.4
−0.1
7.6
5.4
0.5
6.6
−0.5
−2.3

5.2
14.4
12.8
1.4
9.0
7.4
2.7
10.3
2.4
−1.5

8.4
12.7
9.6
1.4
11.4
8.0
2.9
11.8
3.8
4.7

10.6
18.7
16.0
3.9
14.2
11.3
5.8
16.9
7.7
5.9

In addition to looking at the mean of PRC 4.5 and RCP 8.5 projections, individual projections
are also investigated (Figure 5) to provide insights on the potential range of precipitation changes.
Overall, on both temporal scales, there is no consensus that all projections show increases or decreases
consistently for any region in mid-century or in late-century. This finding is also reported in previous
studies using old climate projections [22,26–28]. The changes mostly range from −25% to 50%, with a
few outliers showing more than 50% increases in precipitation. Those outliners come from a single wet
climate model under the higher greenhouse-gas emission scenario (RCP 8.5). The variation range is
generally larger for late-century (compared to mid-century) and dry regions (compared to wet regions).
Additionally, wet season precipitation shows larger change ranges compared to annual precipitation.
These results indicate more uncertainties in the projections for the dry regions, in the wet season, and
in late-century.
3.1.2. Temperature
Mean annual maximum temperature and minimum temperature are examined in a similar way
to the precipitation. The mean of 10 RCP 4.5 projections in two future periods are compared with
their counterparts in the historical period (Figure 6). Increases are expected for both maximum and
minimum temperature in both future periods across all regions. The eastern regions (NL, SL, and CR)
are generally expecting more significant warming compared to other regions. This is likely because
of their geographic location (away from the Pacific Ocean, lacking ocean regulation). In contrast,
the Coastal regions normally have the least significant warming except for the South Coast region
which has similar climate pattern as the dry Tulare Lake region. Comparing two future periods,
late-century is expecting more warming consistently for all regions, which is not surprising given
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3.1.2. Temperature
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temperature and maximum temperature are generally comparable to each other. Statewide, the
increases in the latter is slightly higher. Specifically, for maximum temperature, a 2.4 °C warming is
projected statewide in the late-century versus 2.0 °C in mid-century. For minimum temperature, the
statewide increases are expected to be 2.2 °C and 1.8 °C, respectively, in those two periods. This is
somewhat different from previous studies which claimed that increases in minimum temperature
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are more pronounced [16], leading to smaller diurnal temperature ranges.
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Looking at individual projections on maximum (Figure 7a) and minimum temperature (Figure 7b),
all of them show at least 1 ◦ C warming. No projections indicate any decreases for any region, which is
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different from precipitation projections that have no such consensus. This is also reported in previous
studies [30,75–79]. Comparing two future periods, higher increases are expected in the late-century.
On average, increases in maximum temperature are generally higher than increases the minimum
temperature, which is particularly true for the eastern regions. Those observations are consistent with
what is noted in Figure 6. Similar to precipitation projections, the warming range of late-century is
larger than that of mid-century across all regions. This indicates that climate models tend to disagree
more with
each
other
further
into the future because of increasing uncertainty in climate model forcing.
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mid-century results and orange boxes show late-century results.
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3.2. Trend Analysis
3.2.1. Precipitation
No significant trends are detected in historical annual and wet season precipitation for any
study regions. Similar findings have also been reported in relevant previous studies [14]. During
the projection period (2020–2099), a limited amount (no more than 15%) of model projections show
significant trends (Table 5). For annual precipitation, only one projection (out of 20) has statistically
significant trend for Sacramento River, South Coast, and Tulare Lake regions; three projections indicate
significant trends in Central Coast and North Lahontan regions; for other regions, only two projections
show significant trends. The slopes of those significant trends are all positive.
Table 5. Trend information of projected precipitation.

ID

Region Name

NC
SF
CC
SC
SAC
SJQ
TUL
NL
SL
CR

North Coast
San Francisco Bay
Central Coast
South Coast
Sacramento River
San Joaquin River
Tulare Lake
North Lahontan
South Lahontan
Colorado River

Annual Precipitation

Wet Season Precipitation

Range of
Significant Trend
Slope (mm/Year)

2 (10%)
2 (10%)
3 (15%)
1 (5%)
1 (5%)
2 (10%)
2 (10%)
3 (15%)
2 (10%)
1 (5%)

3 (15%)
2 (10%)
3 (15%)
1 (5%)
3 (15%)
2 (10%)
2 (10%)
3 (15%)
0 (0%)
0 (0%)

3.9~5.4
3.2~4.6
−0.5~3.4
2.1~2.7
−2.2~6.0
2.8~5.0
1.7~3.2
1.2~5.3
0.8~1.9
1.1

Number (Percent) of Projections with Significant Trend 1

1

Significance level 0.05.

For wet season precipitation, no projections show any significant trends for the driest two regions
(Colorado River and South Lahontan). For San Francisco Bay, Central Coast, South Coast, San Joaquin
River, Tulare Lake, and North Lahontan regions, the projections showing significant trends are exactly
the same as those showing significant trends in annual precipitation. For the two wettest regions
(North Coast and Sacramento River), three projections show significant changes. Different from
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annual precipitation, two projections on wet season precipitation (one for Central Coast region and the
other for Sacramento River region) exhibit a decreasing tendency. Nevertheless, similar to the annual
precipitation, no significant changes are expected in the majority of climate model projections on wet
season precipitation through 2099.
3.2.2. Temperature

Significant Historical Trend Slope (1951-2013)
Insignificant Historical Trend Slope (1951-2013)
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All 20 projections on mean annual maximum temperature (Figure 9a) and minimum temperature
(Figure 9b) show significant increasing trends. On average, the increasing rates of the Central Valley
regions (SAC, SJQ, and TUL) are fairly close to each other. The increasing rates of the coast regions
(NC, SF, CC, and SC) and eastern regions (NL, SL, and CR) are slightly smaller and higher, respectively,
compared to that of the Central Valley regions. Particularly, the median increasing rate in the coolest
region, North Lahontan, is the highest among all regions in maximum temperature. This is mostly
in line with what Figures 5 and 6 illustrate. In the historical period, both variables also exhibit
increasing trends. However, for maximum temperature, only the trends for Central Coast, South Coast,
San Francisco Bay, and South Lahontan regions are statistically significant at a significance level of 0.05.
For minimum temperature, the trends of all regions except for Colorado River region are significant.
Compared to historical trends, most projected trends have higher increasing rates. In general, the
increasing trend is more significant in maximum temperature than in minimum temperature, implying
that temperature range (difference between maximum and minimum temperature) is likely to increase.
Comparing different regions, on average, the coastal regions (NC, SF, CC, and SC) tend to have the
relatively smaller increasing rates while the eastern regions generally have the highest increasing rates.
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Similar to those observed on the annual scale (Figure 9), not all regions have significant trends
in historical maximum temperature and minimum temperature on the seasonal scale (Figure 10a).
Specifically, fall and winter minimum temperature exhibits no statistically significant changes for
any region. Furthermore, the Tulare Lake region does not observe any significant trends in its
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Similar to those observed on the annual scale (Figure 9), not all regions have significant trends
in historical maximum temperature and minimum temperature on the seasonal scale (Figure 10a).
Specifically, fall and winter minimum temperature exhibits no statistically significant changes for any
region. Furthermore, the Tulare Lake region does not observe any significant trends in its maximum or
minimum temperature in any season. Comparing two temperature variables, maximum temperature
shows significant increasing trend in most cases while minimum temperature only exhibits significant
warming in a couple of seasons (spring and summer) for a few regions. In contrast, mean projections
on seasonal maximum temperature and minimum temperature show significant warming trends
consistently for all regions (Figure 10b). Warming in summer and fall is more pronounced than
warming in two other seasons. Looking at different regions, the eastern regions generally have
the highest increasing trend while the coastal regions have the smallest amount of increasing rate.
Particularly, the coolest region, North Lahontan, has the most significant increasing tendency in both
maximum temperature and minimum temperature. The region has the highest seasonal warming
rate in both maximum temperature (0.52 ◦ C/decade) and minimum temperature (0.51 ◦ C/decade) in
Climate 2018,
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summer.
Those
observations
are largely in line with what Figure 7 shows.
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including
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20 projections
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consistently,
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All
20 projections
a decreasing
tendency
consistently,
indicating
more severe
droughts
forsevere
those
droughts for those regions on the annual, two-year, three-year, and four-year scales. For other
regions, there is no such consensus. However, the majority of projections show a decreasing trend. It
should be highlighted that, for the wettest region, North Coast, most projections have a relatively
milder decreasing trend compared to the historical baseline. This suggests that projected increase in
precipitation over this region outweighs the effect of warming. For the coolest region, North
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regions on the annual, two-year, three-year, and four-year scales. For other regions, there is no such
consensus. However, the majority of projections show a decreasing trend. It should be highlighted
that, for the wettest region, North Coast, most projections have a relatively milder decreasing trend
compared to the historical baseline. This suggests that projected increase in precipitation over this
region outweighs the effect of warming. For the coolest region, North Lahontan, the median trend
slopes of projected SPEI values are generally around the historical trend slope values. This implies that
projected precipitation increase in this region offsets the impact of warming. For other regions, most
projections have a steeper decreasing trend compared to their historical counterparts, indicating that
projected increases in precipitation are not sufficient to offset the effect of warming. Particularly, for
the driest region, Colorado River, the decreasing rates of all 20 projections are higher than its baseline
counterpart. This suggests that this region is the least resilient to warming and thus most prone to
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Central
Coast
region
and Sacramento
region show no significant changes in SPEI values (Figure 11). Additionally, on three-year scale and
four-year scale, all Central Valley regions (SAC, SJQ, and TUL) have no increasing or decreasing
tendency in drought represented by SPEI during the historical period. In the projection period
(Table 6), for the driest two regions, Colorado River and South Lahontan, all 20 projections show
consistently significant trend in SPEI at the four time scales considered. This is no such consensus for
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River region show no significant changes in SPEI values (Figure 11). Additionally, on three-year scale
and four-year scale, all Central Valley regions (SAC, SJQ, and TUL) have no increasing or decreasing
tendency in drought represented by SPEI during the historical period. In the projection period (Table 6),
for the driest two regions, Colorado River and South Lahontan, all 20 projections show consistently
significant trend in SPEI at the four time scales considered. This is no such consensus for other regions.
However, the majority of projections still show significant trends. For instance, only one out of 20 (5%)
projections exhibit insignificant changes in Tulare Lake region. For another relatively dry region,
South Coast, all projections show significant trends in SPEI on the three-year scale (SPEI-36) and
four-year scale (SPEI-48) while only one projection (5%) has insignificant trend on the annual scale
(SPEI-12) and two-year scale (SPEI-24). The wettest region, North Coast, has the highest amount
(25% to 30%) of projections that show no significant trend. For the second wettest region, Sacramento
River, 15–20% of the projections indicate no significant trend. Overall, those projections agree more
with each other on the increasing aridity in dry regions than in wet regions irrespective of the time
scales investigated.
Table 6. Number (percent) of SPEI projections with insignificant trend 1 in the projection period.
ID

Region Name

SPEI-12

SPEI-24

SPEI-36

SPEI-48

NC
SF
CC
SC
SAC
SJQ
TUL
NL
SL
CR

North Coast
San Francisco Bay
Central Coast
South Coast
Sacramento River
San Joaquin River
Tulare Lake
North Lahontan
South Lahontan
Colorado River

6 (30%)
5 (25%)
3 (15%)
1 (5%)
4 (20%)
3 (15%)
1 (5%)
2 (10%)
0 (0%)
0 (0%)

5 (25%)
5 (25%)
3 (15%)
1 (5%)
3 (15%)
2 (10%)
1 (5%)
3 (15%)
0 (0%)
0 (0%)

5 (25%)
5 (25%)
3 (15%)
0 (0%)
4 (20%)
2 (10%)
1 (5%)
3 (15%)
0 (0%)
0 (0%)

6 (30%)
3 (15%)
2 (10%)
0 (0%)
3 (15%)
2 (10%)
1 (5%)
0 (0%)
0 (0%)
0 (0%)

1

Significance level 0.05.

4. Discussion and Conclusions
This study investigated potential changes in future precipitation, temperature, and drought
(as represented by SPEI) across 10 hydrologic regions defined by the California Department of Water
Resources. The latest climate model projections on these variables through 2099 representing the
state of the current climate science were applied for this purpose. Changes were explored in terms of
differences from a historical baseline as well as the changing trend.
Results indicate that warming is expected across all regions in all temperature projections,
particularly in late-century. There is no such consensus in precipitation, with projections ranging
mostly from −25% to +50% different from the historical baseline. There is no statistically significant
increasing or decreasing trend in historical precipitation as well as in the majority of the projections.
However, on average, precipitation is expected to increase slightly for most regions. It should be noted
that this finding is not completely in line with a previous study that indicates decreases in future
California precipitation [81]. The major difference stems from the fact that different sets of data are
applied in the two studies. Specifically, the current study focused on precipitation and temperature
projections from 10 GCMs models (versus 42 models used by the previous study) that are deemed
most appropriate for water resources planning studies in California. Compared to wet regions, dry
regions are projected to have more severe drought conditions represented by SPEI. Those findings are
generally consistent with what have been reported in previous studies [21,26,28,76]. A new finding
of this study is that the coolest region, North Lahontan, tends to have the highest increases in both
minimum and maximum temperature and a significant amount of increase in wet season precipitation,
indicative of naturally increasing flood risk in this region. In another new finding, the warming in
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summer and fall (when water demand is typically high and precipitation is limited) is expected to be
more significant than the warming in winter and spring
In general, the findings of this study are meaningful from both scientific and practical perspectives.
From a scientific point of view, these findings provide useful information that can be utilized to
improve the current flood and water supply forecasting models. For instance, the coolest region, North
Lahontan, is expecting the most significant warming as well as increases in wet season precipitation.
This region is largely impacted by snow because of its high elevation. These expected changes will most
likely intensify regional rainfall (more precipitation comes as rainfall as warming elevates the snowline)
and spring snowmelt, increasing flood risks in the future. This region needs to be closely monitored in
the future, particularly near and above the current snowline. The current flood forecasting model uses
a parameter to cap the maximum possible snowmelt rate [82]. To reflect the expected warming, this
parameter needs to be increased accordingly to better model snowmelt. Taking one step further, the
snow accumulation and snowmelt processes based on which the current forecasting model is developed
are derived under the stationary assumption. In a non-stationary environment, these processes need to
be revisited and updated accordingly as relevant new observations become available. Additionally, the
current snowmelt model is temperature-index based. Snowmelt is a thermodynamic process driven
more by radiation than temperature. Development and implementation of radiation-driven snowmelt
model in operations are ongoing and will be reported in our future work.
From a practical standpoint, these findings can help inform water managers in making adaptive
management plans. For instance, vulnerability assessment is typically the first step in developing
any mitigation and adaptation strategies [83]. Corresponding adaptation strategies such as supply
diversification or increased volume management capacity should be tailored for the characteristics of
the regions and their particular impacts to a changing climate. All in all, this study has the potential
to help decision-makers move from a reactive position of responding to hydroclimatic events as
they happen to a pro-active position with region-specific strategies for improved water resources
management in the future. These strategies facilitate improving the resilience of California’s physical
water framework and the preparedness of its institutional framework via investments (e.g., where,
when, on what, and how much) in advance.
Despite its scientific and practical significance in guiding long-term strategical water resources
planning, the study addressed temperature and precipitation changes at annual and seasonal scales at
the hydrologic region scale. For time-sensitive and localized activities including emergency response
and management, those changes at a finer temporal and spatial scale at which extreme events occur
need to be explored. Extreme climatic indices (e.g., daily maximum precipitation, heat wave, etc.) with
daily resolution at the watershed scale have been extracted from the 20 climate projections applied
in this study. They will be analyzed and presented in a follow-up study. Furthermore, as opposed
to precipitation and temperature, streamflow runoff is normally the variable directly used to inform
real-time decision making (e.g., determination of reservoir release schedule). Those climate projections
have been used as input to drive a distributed hydrologic model, the Variable Infiltration Capability
model, to produce daily inflow projections through 2099 for major water supply reservoirs in California.
Those flow data will be analyzed in terms of volume, variability, and frequency and reported in a
companion study.
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