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Abstract:

 This study presents a comprehensive assessment of the variability and trends of the precipitation and temperature along with the trends in drought indices over the State of California. The non-parametric Mann–Kendall trend test is applied with a trend-free pre-whitening procedure in trend identification. A dataset containing 120-year (water years 1896–2015) monthly precipitation, average temperature, maximum temperature, minimum temperature and the Palmer Index for seven climatic regions of the state is used for this purpose. The results confirm previous work indicating that no clear trends are observed in precipitation, while a distinct warming trend is evident in temperature over the state. New findings of this study include: (1) in general, the variability of annual, winter (December–February) and spring (March–May) precipitation shows an increasing tendency, implying intensified frequency of the occurrence of dry or wet extremes; (2) on the annual scale and in the summer, statewide meteorological, hydrological and agricultural drought indices all have decreasing trends, indicating the more frequent occurrence of drought events; and (3) among seven regions, the South Coast Drainage region generally has the most significant warming trend, as well as the most significant declining trends in drought indices. Overall, these findings are highly meaningful from both theoretical and practical perspectives, in the context of providing critical information in developing prediction models and guiding water resources management practices, respectively.
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1. Introduction


Understanding the variability and trends in hydroclimatic variables (including precipitation and temperature) and extreme events (including droughts) is of significant theoretical and practical importance. From a theoretical standpoint, this understanding sheds light on the (evolving) characteristics of these variables and lays the foundation in building improved predictive models to forecast their behavior in the future. From a practical viewpoint, this understanding can guide water resources management practices in terms of making adaptive plans and decisions, which is critical to dry areas, including the State of California, United States. As a top ten economy in the world and the home to over 38 million people, California’s development and growth have been largely relying on its ability to manage available water resources. In California, most of the population and farmlands is located in the southern half, while a majority of the precipitation falls in the northern mountain ranges. The state is also prone to drought with frequent drought events (most noticeably, 1929–1934, 1976–1977, 1987–1992, 2007–2009 and 2012–2015) recorded. The traditional water resources management means have been building water facilities, including storage and transfer projects, such the State Water Project (SWP) and the Central Valley Project (CVP), to redistribute water across different spatial and temporal scales. As the economy and population continue to grow, the demand for water is increasing inevitably. Increasing demand, in light of a changing climate, makes reliable water supply for the state unprecedentedly challenging. To address these challenges, the operations of existing water facilities need to be optimized to mitigate adverse impacts of hydroclimatic extremes (such as the extraordinary 2012–2015 drought) and to maximize the reliability of water supply. Foremost of this approach is to understand the historical variability and trends of hydroclimatic variables and the occurrence of extreme events (particularly drought from a water supply perspective) in the state. For instance, the initial water allocation decision of the SWP, which supplies water for approximately 25 million Californians for the next year, is typically made in late November or early December of the current year. The decision is often based on the projected wetness of the next year, as well as historical conditions in the record. The former is essentially a long-term forecast with large uncertainties. The latter thus plays a critical role in deciding the allocation quota. In this case, the social and economic value of good knowledge on the variability and trends of historical wetness conditions is tremendous.



Due to its importance, a large number of studies have been dedicated to investigating the variability and trends in hydroclimatic variables in numerous areas, including the State of California. These studies mostly used data at two spatial scales. The first one is the point scale. Historical measurements from individual observational gauges are examined [1,2,3,4,5,6]. The second one is the gridded scale, either converted from a point scale or through distributed models [7,8,9,10,11,12]. There are a few exceptions though, which employ the data at a regional scale [13,14,15], whilst water resource decisions and actions are generally operated at a local-to-regional scale. Most of these studies used datasets with a relatively short record period (less than a century). In addition, the linear regression approach was generally used in these studies in trend assessment. The trend detected by this method is largely impacted by the beginning and ending values of the targeted dataset. Despite that different datasets being investigated at different spatial scales, there is a strong consensus across these studies on a warming trend in temperature and no clear trend in precipitation over California. There have also been a number of studies on California drought, with particular interest on the most recent 2012–2015 drought [16,17,18,19,20,21,22,23,24,25,26]. These studies mostly focused on the causes of this drought, as well as its characteristics in a historical context. To our knowledge, no studies have been conducted to assess the trends of different types of drought at a regional scale over the state.



This study aims to present a comprehensive assessment of the variability and trends of the precipitation and temperature along with the trends in drought indices over California, extending beyond the earlier studies in terms of: (1) identifying potential trends in different types of drought at a regional scale; (2) using the longest available dataset through the instrumental record period since water year 1896; and (3) applying the widely-used non-parametric trend-free pre-whitening Mann–Kendall approach in trend analysis. This method addresses the serial correlation in the target time series and is less impacted by the beginning and ending values in comparison to the linear regression approach. This study should provide meaningful insights that drive better informed water resources management practices and support further research in predicting future hydroclimatic extremes.




2. Materials and Methods


2.1. Drought Indices


In general, drought is classified into four types: meteorological, hydrological, agricultural and socioeconomic [27,28]. The latter often stems from the first three and is normally represented in monetary form [29]. This study only considers the first three physically-based types of drought, which are typically characterized by deficits in precipitation, surface or subsurface water supplies, and soil moisture respectively. Drought severity is often quantified by a drought index, which normally measures the departure of an interested variable from its normal condition according to its historical distribution. Numerous drought indices have been developed in drought monitoring, assessment and prediction [29,30,31]. Of all these indices, the Palmer Index [32] was a landmark and has been widely applied since its inception [30,33,34,35,36,37,38]. The Palmer Index collectively refers to three indices: the Palmer Drought Severity Index (PDSI), the Palmer Hydrological Drought Index (PHDI) and the Palmer Z Index (Z Index), representing the severity of meteorological, hydrological and agricultural drought, respectively [30]. The PDSI is the most prominent index of meteorological drought in the United States [29,30]. The Z index is found more preferable than the widely-used Crop Moisture Index [39] in quantifying agricultural drought [40]. The PDSI, PHDI and Z indices are determined via a two-layer model which accounts for soil moisture gains (from precipitation) and losses (via evapotranspiration) [32]. They are dimensionless with positive (negative) values indicating abnormal wetness (dryness). This study assesses the trends in these three drought indices at different temporal and spatial scales across California.




2.2. Study Area and Dataset


This study focuses on seven climate divisions (Regions D1–D7, Figure 1) of the State of California defined by the United States National Climatic Data Center (NCDC) [41], as well as the whole state (Table 1). Monthly precipitation, temperature, PDSI, PHDI, Palmer’s Z Index of a 120-year period (water years 1896–2015) for these regions are obtained from the NCDC Climate Divisional Database (http://www.ncdc.noaa.gov/) for this study. Since 1931, monthly divisional precipitation and temperature data are determined as the equal-weighted average of observations from stations located within the boundary of the specific division. Prior to 1931, limited by the availability of station data, the divisional precipitation and temperature data are derived from corresponding statewide values published by the U.S. Department of Agriculture (USDA) via a linear regression method. The raw statewide values (prior to 1931) from the USDA are adjusted to achieve homogeneity with the post-1931 statewide values before being applied in deriving the divisional data. The drought indices are determined using the divisional precipitation and temperature data. For a detailed description of the methodology employed in developing the dataset, the readers are referred to [41].


Figure 1. Climatic divisions of the State of California.
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Table 1. Hydroclimatic characteristics of study regions. Precipitation and temperature values are corresponding long-term (water years 1896–2015) mean values. “N-A” denotes November–April.



	
ID

	
Name

	
Area (103 km2)

	
Precipitation (mm)

	
Annual Temperature (°C)




	
Annual

	
Wet Season (N-A)

	
Minimum

	
Average

	
Maximum






	
D1

	
North Coast Drainage

	
53

	
1223

	
1044

	
4.8

	
11.1

	
17.3




	
D2

	
Sacramento Drainage

	
70

	
886

	
750

	
5.3

	
12.3

	
19.2




	
D3

	
Northeast Interior Basin

	
18

	
517

	
398

	
−0.3

	
7.2

	
14.6




	
D4

	
Central Coast Drainage

	
26

	
524

	
479

	
6.9

	
14.1

	
21.4




	
D5

	
San Joaquin Drainage

	
84

	
502

	
438

	
6.6

	
13.8

	
20.9




	
D6

	
South Coast Drainage

	
37

	
442

	
402

	
8.3

	
15.1

	
21.9




	
D7

	
Southeast Desert Basin

	
117

	
156

	
115

	
10.7

	
17.9

	
25.2




	
State

	
State of California

	
405

	
561

	
477

	
7.2

	
14.2

	
21.2










These regions have contrasting hydroclimatic characteristics (Table 1, Figure 2). The region Southeast Desert Basin (D7) is the driest and warmest region, with annual precipitation and average temperature ranges from 42–357 mm and from 16.2–20.0 °C, respectively. The North Coast Drainage (D1) is the wettest region, of which the annual precipitation ranges from 519–2087 mm with a mean value of 1223 mm. On average, the state receives precipitation annually at an amount of 561 mm, of which 85% (477 mm) occurs in the wet season (November–April or N-A). The coolest region is the Northeast Interior Basin (D3), of which the mean annual temperature varies from −0.3–14.6 °C. In 82 years out of the 120-year period, the minimum annual temperature of this region was below zero. The long-term mean regional annual average temperature over the state ranges from 7.2–17.9 °C, with an average value of 14.2 °C. As for the regional maximum (minimum) temperature, the range is from 14.6–25.2 °C (−0.3–10.7 °C).


Figure 2. Boxplots of the (a) annual precipitation, (b) annual average temperature, (c) annual maximum temperature and (d) annual minimum temperature of the study regions. The central mark on each box represents the median value; the edges of the boxes denote the 25th and 75th percentiles; the upper (lower) whisker is 1.5-times the interquartile range away from the top (bottom) of the box.
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Despite the fact that these regions have very diverse hydroclimatic characteristics on the annual scale, they share some similarities on a finer monthly scale (Figure 3). Precipitation values of all regions show significant seasonality, with the majority amount occurring in the wet season from November–April. The percentage of wet season precipitation over the annual precipitation ranges from 74% (D7: Southeast Desert Basin) to 91% (D4 and D6: Central Coast Drainage and South Coast Drainage). Most of the regions receive the highest amount of precipitation in January, except for the South Coast Drainage (D6), where the precipitation in February is about 3% higher than its January counterpart. For the North Coast Drainage (D1), precipitation amounts in December and January are essentially identical. For the Southeast Desert Basin (D7), January and February observe almost a same amount of precipitation. Average temperature values also display strong seasonality, with low temperature in the winter (December–February) and high temperature in the summer (June–August). The lowest temperature always occurs in January. The highest temperature mostly appears in July, except for the South Coast Drainage (D6), of which the August temperature is slightly (0.9%) higher than its July temperature.


Figure 3. (a) Mean monthly precipitation and (b) mean monthly average temperature of the study regions for October (O), November (N), December (D), January (J), February (F), March (M), April (A), May (M), June (J), July (J), August (A), and September (S).
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Whereas sharing a similar pattern, the monthly values of precipitation (temperature) of these regions could be remarkably different. For instance, in January, the highest precipitation amount is 221 mm (D1: North Coast Drainage), almost nine times of the lowest regional amount 26 mm (D7: Southeast Desert Basin). The temperature in January ranges from −1.9 °C (D3: Northeast Interior Basin) to 9.5 °C (D6: South Coast Drainage), with a difference of 11.4 °C. The statewide precipitation and temperature of this month are 103 mm and 5.9 °C, respectively. It is also evident that the Northeast Interior Basin (D3) has consistently cooler monthly temperature than other regions across the year. In contrast, the Southeast Desert Basin (D7) has the highest regional monthly temperature from May–October.



On the seasonal scale, fall (September–November) precipitation accounts for 14% (D6) to 22% (D1) of annual precipitation (19% statewide); for winter, spring (March–May) and summer precipitation, the ranges are 46% (D3) to 58% (D4) (52% statewide), 21% (D7) to 29% (D5) (26% statewide), and 1% (D4) to 13% (D7) (3% statewide), respectively. Seasonal temperature in the Northeast Interior Basin (D3) is consistently the lowest among all regions, with values at 8.0 °C, −1.2 °C, 5.5 °C and 16.4 °C for fall, winter, spring and summer, respectively. In contrast, the temperature of the Southeast Desert Basin (D7) is the highest in fall (18.6 °C), spring (16.6 °C) and summer (28.0 °C). The South Coast Drainage (D6) has the highest winter temperature 9.8 °C (versus 8.6 °C of D7).



Overall, out of the seven regions (D1–D7), the North Coast Drainage (D1) and Sacramento Drainage (D2) receive higher than the statewide average precipitation (218% and 172% of the statewide average for D1 and D2, respectively). The percentage of average values for Northeast Interior Basin (D3), Central Coast Drainage (D4) and South Coast Drainage (D5) are about 90%. It is roughly 80% for the South Coast Drainage (D6) and 30% for the Southeast Desert Basin (D7). More than half of the annual precipitation falls in winter, while the summer observes about 3% of annual precipitation statewide. As for the temperature, the South Coast Drainage (D6) and the Southeast Desert Basin (D7) have higher than statewide average temperatures. The Central Coast Drainage (D4) and South Coast Drainage (D5) have slightly lower than average temperatures. The seasonal and annual average temperatures of the Northeast Interior Basin (D3) are the lowest among all regions.




2.3. Metrics


This study employs a parsimonious metric to represent variability: the ratio of the sub-period variance of a target variable (precipitation, temperature or Palmer Index in this study) over the period of record variance of the variable. A ratio above (below) one indicates that the target variable in the sub-period is more (less) variable than usual. This metrics has been extensively applied in assessing variability in hydro-climatic variables. For instance, [42,43] investigated streamflow variability in every 20-year sub-period within the record period for a large number of watershed in the western U.S. They used a jackknife procedure in verifying the significance of the variability in streamflow. They argued that a 20-year window provides enough sample size to develop reliable variances and persistence, although a longer period would be more desirable. The current study has a 120-year record of period (from water years 1896–2015). A 30-year window is applied to allow enough sample size (30) for variance calculation, as well as enough moving-window sub-periods (91) to capture potential decadal variability.




2.4. Trend Analysis


The Mann–Kendall test (MKT) [44,45] is a rank-based nonparametric approach widely used in assessing the significance of a trend in hydrologic data [46,47,48,49,50,51]. For an observed time series [image: there is no content], where [image: there is no content] is the total number of observations, the MKT first calculates the sign (via the sign function [image: there is no content]) of each possible pair of observations [image: there is no content] and assigns a value of 1, 0 or −1 if the difference is positive, zero or negative, respectively. The MKT statistic [image: there is no content] is calculated next as follows:


[image: there is no content]



(1)







The test statistic [image: there is no content] is then determined by:


[image: there is no content]



(2)




where [image: there is no content] is the variance of [image: there is no content] computed as [image: there is no content].



The null hypothesis [image: there is no content] of no trend is rejected if [image: there is no content], where [image: there is no content] is the probability of the standard normal distribution at a significance level of [image: there is no content]. A value of 0.05 for [image: there is no content] is applied in this study. The alternative hypothesis that a monotonic trend exists is favored under this condition. A positive (negative) value of [image: there is no content] indicates an upward (downward) trend.



This study employs the Theil–Sen approach (TSA) [52,53] to identify the slope of significant trends determined via the MKT. The TSA is a non-parametric procedure that can be used to determine the slope of the trend of a time series. It computes the slope [image: there is no content] as follows:


[image: there is no content]



(3)







Serial correlation typically exists in hydroclimatic variables. The presence of positive serial correlation increases the probability of false rejection of the null hypothesis of no trends [54,55,56]. It is necessary to address the serial correlation to obtain more robust trend analysis results. This study employs a trend-free pre-whitening (TFPW) procedure [57,58] to deal with the serial correlation. The original time series (monthly divisional and statewide precipitation, temperature and drought indices of California in this study) with a significant trend is first de-trended. A lag-oneauto-regressive process is then removed from the de-trended time series to generate a new time series. The trend determined from the original time series is added to the new one, yielding a combined time series. The readers are referred to [57] for a detailed explanation on the TFPW procedure. In this study, the MKT is applied to the combined time series to determine the significance of a trend.





3. Results


3.1. Variability


Variability of precipitation, average temperature, maximum temperature and minimum temperature are investigated. The annual precipitation variability of each study region shares a similar pattern (Figure 4a). Before the early 1980s, the 30-year moving variances of all regions are generally less than their corresponding long-term variances (variability less than one). Since the early 1980s, annual precipitation variability increases (greater than one) across the state. The variability peaks in the late 1990s for most regions, except for regions South Coast Drainage (D6) and Southeast Desert Basin (D7). The peak variability of these two regions appears in 2007. On average, the wettest region (North Coast Drainage, D1) is the only region where the annual precipitation is more variable than usual. The median variability of this region is larger than one, whilst it is opposite for other regions. The driest region (Southeast Desert Basin, D7) has the largest variability range from 0.47 (1932) to 2.03 (2007). The variability time series of South Coast Drainage (D6) is highly correlated to that of the Southeast Desert Basin (D7), with a Spearman’s rank correlation value of 0.97. The variability time series of the Central Coast Drainage (D4) and San Joaquin Drainage (D5) also share the same amount of correlation. The correlation between annual precipitation over D6 and D7 (D4 and D5) is 0.89 (0.96).


Figure 4. Time series of the 30-year moving window of the (a) annual precipitation variability and (b) annual average temperature variability of the study regions. The insert diagram shows the boxplot of variability for each region. The description of boxplot features is provided in Figure 2’s caption.
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Annual temperature variability generally exhibits a repeating increasing-decreasing pattern (Figure 4b). An increasing trend is observed till around 1940, followed by a decreasing trend till around 1980. Another increasing trend is apparent from 1980 to early 2000, followed by another decreasing trend till 2013. Except for the three regions in Northern California (D1–D3), the variability values in other regions (including statewide) are generally less than one, indicating that the long-term variances in these regions are larger than any 30-year sub-period variance. For those three northern regions, the median variability is also distinctly less than one. The coldest region (Northeast Interior Basin, D3) has the largest variability range from 0.38 (1991) to 1.27 (1940). The highest Spearman’s correlation (0.97) occurs between the North Coast Drainage (D1) and Sacramento Drainage (D2). The correlation between the annual average temperatures of these two regions is 0.93.



Annual maximum temperature variability (Figure 5a) has a general pattern similar to that of the annual average temperature variability. However, it is different in terms of the following: (1) the first increasing trend peaks earlier (in the middle 1930s rather than around 1940); and (2) the second increasing trend peaks later for all regions (in the middle to late 2000s rather than the early 2000s), except for Central Coast Drainage (D4) and South Coast Drainage (D6). The median variability of every region is considerably less than one, indicating that on average, the annual maximum temperature in a 30-year sub-period is less variable than usual. The highest Spearman’s correlation between regional variabilities is 0.95 (between regions North Coast Drainage and Sacramento Drainage). The correlation between annual maximum temperatures of these two regions is 0.92.


Figure 5. Time series of the 30-year moving window of the (a) annual maximum temperature variability and (b) annual minimum temperature variability of different regions. The insert diagram shows the boxplot of variability for each region. The description of the boxplot features is provided in Figure 2’s caption.
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Similar to the case of the annual average temperature, a repeating increasing-decreasing trend is observed in the annual minimum temperature variability (Figure 5b). In addition, the variabilities in the annual minimum temperature of the four southern regions (D4–D7) are consistently less than one. This shows that the annual minimum temperatures of those four regions are generally less variable than usual. Furthermore, the median variabilities of the three northern regions (D1–D3) are also less than one. It is also evident that the variabilities of these southern regions before 1984 are distinctly higher than those of the four northern regions. The correlations among these three regions (D1–D3) are consistently above 0.95.



In the annual average, maximum and minimum temperature, a sharp increase in the variability of 2015 (representing the 30-year window of 1986–2015) is consistent (Figure 4b and Figure 5). This is likely due to the fact that the temperature in 2015 is a record high and significantly higher than the long-term mean, as well as the 1986–2015 mean values (Table 2). The variance calculated with this extremely high value included is certainly larger than the case when this value is excluded.



Table 2. Annual temperature of the water year 2015 versus the 1986–2015 mean and long-term mean values.



	
Annual Temperature (°C)

	
D1

	
D2

	
D3

	
D4

	
D5

	
D6

	
D7

	
State






	
Average

	
2015

	
13.3

	
14.5

	
9.5

	
16.5

	
16.0

	
17.7

	
20.0

	
16.4




	
1986–2015 Mean

	
11.6

	
12.7

	
7.7

	
14.8

	
14.4

	
16.0

	
18.7

	
14.9




	
Long-term Mean

	
11.1

	
12.3

	
7.2

	
14.1

	
13.8

	
15.1

	
17.9

	
14.2




	
Maximum

	
2015

	
19.7

	
21.6

	
17.0

	
23.7

	
23.1

	
24.5

	
27.1

	
23.4




	
1986–2015 Mean

	
18.0

	
19.8

	
15.2

	
21.9

	
21.4

	
22.8

	
25.9

	
21.8




	
Long-term Mean

	
17.3

	
19.2

	
14.6

	
21.3

	
20.9

	
21.9

	
25.2

	
21.2




	
Minimum

	
2015

	
6.9

	
7.3

	
2.0

	
9.4

	
8.9

	
10.9

	
12.9

	
9.4




	
1986–2015 Mean

	
5.2

	
5.7

	
0.2

	
7.7

	
7.3

	
9.2

	
11.5

	
7.9




	
Long-term Mean

	
4.8

	
5.3

	
-0.3

	
6.9

	
6.6

	
8.3

	
10.7

	
7.2










The overall variability pattern of winter precipitation (Figure 6a) mimics the pattern of the total annual precipitation (Figure 4a). This is not surprising, since a large portion (52% statewide) of the annual precipitation occurs in winter (Figure 3a). Similarly, the driest region (Southeast Desert Basin, D7) has the largest variability range (from 0.44–1.86). There is no clear trend in regional variabilities of summer precipitation (Figure 6c). This is likely due to the fact that summer precipitation generally derives from a small amount of storms and is thus highly variable from year to year. Additionally, it only accounts for a very small portion of the annual precipitation (3% statewide). The variability pattern of spring precipitation (Figure 6b) is generally similar to that of fall precipitation (Figure 6d), in spite of individual regional variabilities being largely different in the two cases. Overall, a general increasing trend is apparent. A sharp decrease in variability is observed after 2012. Most likely, this drop is caused by a lack of precipitation during the extraordinary 2012–2015 drought across the state. For instance, statewide spring precipitation in 2013, 2014 and 2015 accounts for only 47%, 83% and 49% of the 1986–2015 mean spring precipitation, respectively.


Figure 6. Variability of the seasonal precipitation of different regions. (a) Winter; (b) Spring; (c) Summer; (d) Fall.
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Winter, spring and fall temperature variabilities all exhibit cyclic patterns, while there is no evident pattern in summer temperature variability (Figure 7). The overall winter temperature variability peaks around the early 1960s for most regions and then starts declining till around 2013. After 1985, the variabilities are mostly less than one (Figure 7a). The general spring temperature variability first peaks in the late 1930s, followed by a declining trend till around 1985; after that, the variabilities for all regions start increasing till around 2004. A dip is observed after 2004 with the lowest variabilities occurring around 2008 (Figure 7b). The overall fall temperature variability first peaks at around 1940 for most regions and then declines till the late 1960s. It starts increasing again till 2001; after that, it becomes relatively stable (Figure 7d). In general, the variation range in winter (summer) is the largest (smallest). These cyclic patterns are also observed in the maximum temperature variability and minimum temperature variability (not shown) in winter, spring and fall. The only exception is that the minimum temperature variability exhibits no apparent pattern in fall. In summer, similarly, there are no evident patterns in the variabilities of maximum and minimum temperatures.


Figure 7. Variability of the seasonal average temperature of different regions. (a) Winter; (b) Spring; (c) Summer; (d) Fall.
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The variation range of precipitation variability differs among regions across different seasons (Figure 8a–d). The San Joaquin Drainage (D5) is the only one of which the median variability is less than one in all seasons. Statewide, the variability varies the most in spring (Figure 8b), with the upper bound (1.62) nearly four times of the lower bound (0.43). The median seasonal temperature variabilities of all regions are consistently less than one in all four seasons (Figure 8e–h). The South Coast Drainage (D6) is generally of the least variability among all regions followed by the Central Coast Drainage (D4), while regions including the Sacramento Drainage (D2), San Joaquin Drainage (D5) and Northeast Interior Basin (D3) typically have large variabilities. Statewide, the variability range in the winter is the largest (from 0.46–1.48).


Figure 8. Boxplot of precipitation variability (left column) (a–d) and average temperature variability (right column) (e–h) for winter, spring, summer and fall (Rows 1–4, respectively). The X-axis and Y-axis show the region name and variability values, respectively. The description of the boxplot features is provided in Figure 2’s caption.
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3.2. Trend


There is no trend in annual precipitation in any region or statewide (Figure 9). An increasing trend is evident for the temperature over all regions. For annual average temperature (Tavg), trend slopes range from 0.07 °C/decade (Sacramento Drainage, D2) to 0.16 °C/decade (South Coast Drainage, D6); for annual maximum temperature (Tmax), the range is from 0.07 °C/decade (San Joaquin Drainage, D5) to 0.17 °C/decade (D6); for annual minimum temperature (Tmin), the slope varies from 0.05 °C/decade (D2) to 0.16 °C/decade (Central Coast Drainage, D4). The statewide increasing slopes for the annual average, maximum and minimum temperatures are roughly the same at 0.11 °C/decade. In contrast, a decreasing trend is apparent in drought indices for most regions, indicating intensified frequency of drought occurrence. Specifically, except for the two wettest regions (North Coast Drainage and Sacramento Drainage), other regions have declining trends with slopes ranging from −0.26/decade (D6) to −0.13/decade (Northeast Interior Basin, D3) in the meteorological drought index (PDSI); the range is from −0.26/decade (D6) to −0.12/decade (D5) for the hydrological drought index (PHDI). For the agricultural drought index (Z Index), a decreasing tendency is observed from D4–D7 ranging from −0.09/decade (D6) to −0.06/decade (D5). The statewide declining trend slopes for PDSI, PHDI and the Z Index are −0.14 /decade, −0.15 /decade and −0.06 /decade, respectively.


Figure 9. Slope of significant trends of annual variables (per decade; the white color indicates no trends). Study variables and region names are shown in the X-axis and Y-axis, respectively. PDSI, Palmer Drought Severity Index; PHDI, Palmer Hydrological Drought Index.
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On the seasonal scale, there is no trend in winter and fall precipitation (Figure 10). However, the region Southeast Deserts Basin (D7) tends to have a slightly decreasing trend (−0.1 cm/decade) in spring precipitation. The San Joaquin Drainage (D5) has a slightly increasing trend (0.04 cm/decade) in summer precipitation. The average temperature shows increasing trends across all four seasons, with the South Coast Drainage (D6) being the one with the most significant trend in every season. Statewide, the increasing trend slopes range from 0.10 °C/decade (winter) to 0.12 °C/decade (spring). The maximum temperature also exhibits an increasing trend except for the San Joaquin Drainage (D5) in summer. The South Coast Drainage (D6) has the most significant trend, except for the fall, when the Northeast Interior Basin (D3) region has a slightly higher trend slope. For minimum temperature, there is no significant trend for the Sacramento Drainage (D2) in winter and spring, neither for the North Coast Drainage (D1) in winter. In winter and fall, the Central Coast Drainage (D4) has the most significant trends; while in spring and summer, the South Coast Drainage (D6) has the most significant trends. The statewide trend is generally less significant in winter (with a slope of −0.08/decade) and spring (−0.1/decade) than in summer (−0.14/decade) and fall (−0.13/decade).


Figure 10. Slope of the significant trends of seasonal variables (per decade; the white color indicates no trends). Study variables and region names are shown in the X-axis and Y-axis, respectively. (a) Winter; (b) Spring; (c) Summer; (d) Fall.
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There are no trends in drought indices for the North Coast Drainage and Sacramento Drainage on the seasonal scale (Figure 10), which is consistent with that of the annual scale (Figure 9). There is no statewide trend in the Z Index in winter, spring and fall. There is no statewide trend for PHDI in winter and spring, either. In winter, no region exhibits a trend in the Z Index. Decreasing trends in PDSI and PHDI are observed for South Coast Drainage and Northeast Desert Basin (D6 and D7), with the former having slightly higher trends. The Northeast Interior Basin (D3) also shows a decreasing trend (−0.16/decade) in PHDI. In spring, those three regions (D3, D6 and D7) have significant declining trends in PHDI. The slopes of these trends are more significant than their counterparts in winter. Index PDSI show trends in all regions, except for the two wettest regions, with the highest trend slope in the South Coast Drainage (−0.26/decade) and the lowest slope in the Northeast Interior Basin (−0.15/decade). Relatively mild trends are observed for the Z Index from D5–D7 ranging from −0.11/decade to −0.09/decade. In summer, decreasing trends from D3–D7 are evident in PDSI and PHDI, with the South Coast Drainage (D6) having the most significant slopes for both indices (−0.34/decade and −0.32/decade, respectively). Slight trends are observed in the Z Index for regions D4–D6. The statewide trend slopes for three indices are −0.23/decade, −0.21/decade and −0.10/decade, respectively. In fall, the trend in the Z Index only exists in the South Coast Drainage (D6) with a slope of −0.05/decade. Regions D3–D7 also have significant trends in PDSI and PHDI. Region D6 again possesses the most significant trends, with slopes at −0.24/decade and −0.28/decade for PDSI and PHDI, respectively. The statewide trend slopes for these two indices in fall are −0.12/decade and −0.17/decade, respectively.



In addition to annual and seasonal scales, the trends of these variables are further investigated at the monthly scale. Precipitation shows no statistically significant trends in any month for any region. Temperature exhibits trends in multiple months for all regions (Figure 11). For temperature, May and September are the only two months where significant trends in all three temperature variables (average, maximum and minimum temperature) are observed across all regions. In May, except for Central Coast Drainage (D4), the trend slope in maximum temperature is the highest among three temperature variables, which is also the case in February and March. In September, for the three regions (D1–D3) in Northern California, the slope of the trend in maximum temperature is the largest; for the four regions (D4–D7) in Southern California, the trend slope in minimum temperature is the most significant, which is also the case statewide. In April, temperature trends are only observed in two coastal regions, D4 and D6. Those are also the only two regions where trends in minimum and average temperatures are observed for every month. In July and August, it is evident that the trend in minimum temperature is the most significant in three temperature variables across all regions. Statewide, in addition to April, there is no trend observed in December; for November, there is only a trend in the minimum temperature. The trend slope is consistently less than 0.2 °C/decade. The most apparent trends in all three variables appear in September. In summer and fall months (June–November), the trend in the minimum temperature is generally the most significant; in the winter and spring months, except for December and April, however, the trend in the maximum temperature is the most apparent among three temperature variables.


Figure 11. Slope of significant trends of monthly temperature for regoins (a) North Coast Drainage (D1); (b) Sacramento Drainage (D2); (c) Northeast Interior Basin (D3); (d) Central Coast Drainage (D4); (e) San Joaquin Drainage (D5); (f) South Coast Drainage (D6); (g) Southeast Desert Basin (D7); (h) State from October (O) to September (S).
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Drought indices show trends for most regions, except for the North Coast Drainage and Sacramento Drainage (Figure 12). These two regions are thus not presented. Regions including the Northeast Interior Basin (D3), Central Coast Drainage (D4) and San Joaquin Drainage (D5) see no trends in any of the drought indices in certain months (October–December for D3; November–February for D4 and D5) (Figure 12). For regions and months where trends are identified, the trends are consistently negative (declining). Most significant trends generally occur over the South Coast Drainage (D6). In contrast, the trends observed in the Northeast Interior Basin (D3) have relatively milder slopes (greater than −0.2/decade). Among three indices, the Z Index has the least frequent and least significant trend (characterized by a mild slope, should the trend exist). The trend in PDSI is the most significant in spring and summer months (March–August). Statewide, no trends are observed in winter months (December–February). However, declining trends exist for all three indices from May–September where the trend in the Z Index is normally the least significant. In September and October, the trend in PHDI is more significant than that of PDSI.


Figure 12. Slope of significant trends of monthly drought indices. (a) Northeast Interior Basin (D3); (b) Central Coast Drainage (D4); (c) San Joaquin Drainage (D5); (d) South Coast Drainage (D6); (e) Southeast Desert Basin (D7); (f) State from October (O) to September (S).
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4. Discussion


This study shows that annual, winter and spring precipitation variabilities generally increase throughout the record period across the state. This implies that precipitation extremes are being observed more frequently. The increasing occurrence of precipitation extremes is also projected till the end of this century [59,60,61,62,63]. For instance, [59] shows that wet extremes (dry extremes) are expected to become three (one and half to two) times more common over California by 2100. The work in [63] reports that drought and flooding events over the state are projected to increase by at least 50% in the same timeframe. They attribute these intensified extremes partly to strengthened El Niño-Southern Oscillation (ENSO) tele-connections. This is in line with the work of [64], which shows a dominant influence of the ENSO on wet season precipitation variability over the state (particularly the southern part). In spite of increasing variability, the current study further shows that the average amounts of annual and wet season precipitation remain almost the same. In addition, the current study identifies no trends in annual precipitation, winter precipitation and monthly precipitation in any region across the state. This finding is generally consistent with what is reported in previous studies [2,9]. Despite the high consensus of increasing precipitation extremes in the future, there is low consensus across the literature on how the precipitation mean and trends will evolve. The work in [65] indicates that by the end of this century, statewide annual mean precipitation could be 80%–100% of the historical average with major decreases in Central and Southern California. A different study [66] projects decreased precipitation in the winter and summer throughout the 21st century. Several other studies [60,67], however, notice large spatial differences in annual precipitation changes, including both increases and decreases. Projected precipitation trends vary largely depending on the models applied, the emissions scenarios investigated and the regions across the state [66,68,69,70,71,72].



While no significant trends in precipitation are observed in the record period, this study identifies increasing trends in average, maximum and minimum temperatures on both annual and seasonal scales nearly for all regions. Statewide, the increasing rate is about the same (0.11 °C/decade) for annual average, maximum and minimum temperatures. Specifically, the Southern Coast Drainage region generally has the most consistent (observed nearly every month) and significant (high increasing rate) warming trends at annual, seasonal and monthly scales. There is a strong consensus on the increasing trend in temperature across the state in the literature [5,7,8,9,13,14,73], though the specific increasing rates vary with different studies. Warming trends in temperature over the state are projected to continue throughout the 21st century [65,69,70,71,74,75,76]. The current work shows that, rather than an increasing trend, variability in temperature exhibits a decade-to multi-decade-long cyclic pattern on both annual and seasonal (except for summer) scales. This is probably linked to the leading patterns of sea surface variability, including the Pacific decadal variability (PDV) pattern. The work in [11] finds out that the PDV pattern plays a major role in determining the spatial and seasonal characteristics of both temperature and precipitation trends over the Unites States (including California). Despite this cyclic pattern in variability, extreme hot years (seasons) appear to occur more frequently, which is particularly evident since 2000. For instance, the year of 2015 is characterized with the highest annual, winter and fall statewide average temperatures in the 120-year record period (Table 3). Out of the hottest 10 years (with the highest statewide annual average temperatures), five years come from the last 15 years (2001–2015). For winter, spring, summer and fall temperatures, the corresponding numbers are four years, five years, six years and five years, respectively. The intensified occurrence frequency of extreme heat waves over the state is also observed in previous studies [5,9] and projected throughout the 21st century [61,69,77].


Table 3. Top 10 years with highest statewide average temperatures.


	Rank 1
	1
	2
	3
	4
	5
	6
	7
	8
	9
	10





	Annual Temperature
	2015
	2014
	1996
	1934
	1992
	2000
	1981
	2013
	2009
	2003



	Winter Temperature
	2015
	2014
	1981
	1986
	1996
	1980
	2003
	1978
	1940
	2006



	Spring Temperature
	1934
	2004
	1997
	1992
	2014
	2013
	2007
	2015
	1931
	1926



	Summer Temperature
	2006
	2015
	1996
	2014
	2003
	2013
	1981
	1961
	2008
	1960



	Fall Temperature
	2015
	1996
	1992
	2013
	2009
	2000
	2002
	1968
	2004
	1959







1 Rank 1 indicates the highest temperature.








Statewide, deceasing trends are evident in the drought indices investigated on the annual scale and in the summer. This reflects the increasing occurrence of annual and summer meteorological, hydrological and agricultural droughts. It is worth noting that no trends are observed in annual or summer precipitation. The decreasing trends in the meteorological drought index may be attributed to the increasing occurrence of (dry) precipitation extremes. In addition, no trends in these indices are detected in winter. This is expected, since winter is the wet season, when more than half of the annual precipitation occurs and when water demand is typically low. However, a decreasing trend in the meteorological drought index is observed in spring, indicating the more frequent occurrence of meteorological droughts in this season statewide. On the annual scale, the declining trend in the hydrological drought index is more significant than that of the meteorological drought index. This is likely due to the fact that snowmelt runoff is an important component of the streamflow. The increasing temperature possibility shifts the snowmelt runoff timing earlier and leads to a larger portion of precipitation falling as rainfall rather than snowfall [1,78,79,80,81], yielding the increased possibility of the occurrence of a hydrological drought, even though there is no deficit in precipitation. The study also shows that no trends are identified in the drought indices over the North Coast Drainage and the Sacramento Drainage on annual, seasonal and monthly scales. These are the two wettest regions of which the annual mean precipitation is markedly above the statewide average precipitation. The South Coast Drainage tends to have the most consistent and significant declining trends in these indices on annual, seasonal and monthly scales. Among the three indices, trends in the Z Index are generally the least frequent and least significant when compared to the other two drought indices. It should be pointed out that, despite its strength in combining both water supply (precipitation) and demand (potential evapotranspiration) into a single index, the Palmer Index may not work well in mountainous and snow-impacted basins [38,40,82,83,84], while large portions of California are mountainous areas. However, a detailed assessment of the skill and applicability of the Palmer Index in these areas is out the scope of the current study. For a comprehensive review on the strength and limitations of the Palmer Index, the readers are referred to [29,30].




5. Conclusions


This study conducts a detailed regional analysis of the characteristics of hydroclimatic variables and drought extremes in terms of variability and trends over California. The specific objective of this work is two-fold: (1) to assess the variability and trends of precipitation and temperature over the state; and (2) to detect potential trends of three physically-based types (meteorological, hydrological and agricultural) of drought over the state. A comprehensive dataset containing 120-year (water years 1896–2015) monthly precipitation, average temperature, maximum temperature, minimum temperature and the Palmer Index (including PDSI, PHDI and the Z Index) for seven climate regions of the state is used for this purpose. The Mann–Kendall test along with a trend-free pre-whitening procedure is employed in trend identification.



The results indicate that, at annual and seasonal scales, there are nearly no significant changes in mean precipitation, whilst an increasing trend is evident in average, maximum and minimum temperatures statewide and over each individual region. This finding is consistent with what was reported in previous work [2,5,9,14,73]. Specifically, this study shows that the statewide increasing rates for annual average, maximum and minimum temperatures are about the same (0.11 °C/decade) across the record period. On average, the warming trend over the South Coast Drainage is the most significant among all regions.



In a new finding, this study indicates that annual, winter and spring precipitation variabilities generally have an increasing tendency for every region. This implies the increasing frequency of precipitation extremes, which is also projected to occur throughout the 21st century with continuing warming expected [59,60,61,62,63]. The variabilities of annul and winter precipitation in the Northeast Desert Drainage vary in the widest ranges out of all seven regions.



Another new finding of this study is that no significant trends are detected in the three types of physically-based drought events over the two wettest regions of the state (North Coast Drainage and Sacramento Drainage) at annual, seasonal and monthly scales. For other regions, the South Coast Drainage tends to have the most significant declining trends in drought indices in general, indicating the most intensified frequency of the occurrence of drought events over this region. In summer, declining trends are observed in all three indices, highlighting the increased possibility of less than normal precipitation, streamflow and soil moisture in this season.



In spite of its advantageous properties and wide popularity among researchers, the Palmer Index applied in this study may not be the most appropriate choice for the snow impacted mountainous regions across the state. This is mostly due to the insufficient representation of the snow storage processes in the two-layer model used in deriving the Palmer Index. Nevertheless, this study focuses on the qualitative trend rather than the quantitative severity of drought. The specific values of drought indices have very marginal (if any) implications on the main findings of this study, as long as they are determined in the same manner. The alternatives of the Palmer Index, including the standardize precipitation (evapotranspiration) and runoff indices [85,86,87,88], are under evaluation and will be presented in our future work.



Overall, these findings are highly meaningful from both theoretical and practical perspectives. From a theoretical perspective, these findings provide critical information that can be adopted in enhancing and verifying forecast models that predict future hydroclimatic extremes. From a practical perspective, these findings have significant implications for water resource managers in making adaptive management plans, in the context of being better informed in deciding future water allocation quotas (based on identified variability and trends in historical conditions) and in determining reservoir releases before the summer when water demand is typically the highest (in light of the observed increasing frequency of drought occurrence during this season), among others.
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