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ABSTRACT 
 
 This study conducts a comprehensive trend assessment of snowpack conditions across California, a state 
where snowpack is critical in terms of storing water from winter precipitation and releasing it in late spring and early 
summer when demands of water are typically the highest. The Mann-Kendall and Theil-Sen trend tests using trend-
free pre-whitening and bootstrap approaches are applied to the historical monthly (February 1st to May 1st) snow 
water equivalent (SWE) measurements recorded at 260 snow courses in the state. Most sites have a record longer 
than 50 years. The longest record is 104 years (1911-2014). The focus is on the April 1st SWE and the peak snow 
mass date (PSMD). For April 1st SWE, the study indicates that only 6% (5% downward, 1% upward) of the snow 
courses have statistically significant trends. At a regional scale, only the Feather River watershed shows a downward 
trend. For PSMD, eight sites tend to peak earlier (downward trends) while only one site peaks later (upward trend).  
Overall, state-wide trends in snowpack are not observed, yet there are significant trends at limited sites and regions 
in light of the warming climate. (KEYWORDS:  snow water equivalent, peak snow mass date, snow courses, Mann-
Kendall and Sen’s trend tests, California) 
 

INTRODUCTION 
 
 Snowpack is an important component of the hydrologic cycle. It is unique by its capability in redistributing 
water temporally in terms of storing water from winter snowfall and releasing it in late spring and early summer. 
Due to this unique characteristic, it plays an essential role in flood and drought forecasting, hydropower generation, 
irrigation, hydraulic design, recreation, among other applications, in snow-impacted regions including California. 
Due to its Mediterranean climate, California receives very limited precipitation in the summer and autumn when 
demands of water are typically the highest. During this period, the water supply mostly comes from the reservoirs 
which largely rely on snowmelt. Traditionally snowmelt supplies about one third of California’s water needs in 
normal years. Accurate assessment of water content of the snowpack is critical in determining the state’s available 
water resources. The most direct method to obtain the water content information at a specific location is via field 
measurement conducted either manually or automatically. In the past few decades, there has been significant 
development and application of remote sensing (e.g., by satellites) and in-situ (e.g., Snow Telemetry (SNOTEL) of 
NRCS) automated instrumentation techniques in snow measurements. However, manual measurements remain to be 
most accurate representation of the “ground-truth” (not impacted by weather and land surface conditions or 
malfunction of equipment) and serve as the standard in benchmarking automatic measurements. In California, 
manual snow measurement is conducted seasonally (typically from February to May) at 260 snow courses 
throughout the state.     
 
  Snowpack carries signatures of climatic forcing. Due to the fact that the snow accumulation and ablation 
process is largely controlled by precipitation and temperature, changes and variability in climatic forcing are most 
likely the main drivers of trends in snowpack.  Assessment of any trend in the snowpack can in turn help understand 
the extent of the impact of climatic change on water resources at various spatial and temporal scales. Identified 
patterns of trends (if any) can also guide water resources managers in making adaptive management plans to address 
the changes.  
 
 There are a few studies related to snowpack trend assessment in California (e.g., Howat and Tulaczyk, 
2005; Mote et al., 2005; Kapnick and Hall, 2010).  However, those studies are limited in their approach and range. 
The linear regression approach was generally used in these studies to identify potential trends in snowpack. The 
trend detected by this method is strongly impacted by the beginning and ending values of the dataset. In addition, 
those studies were limited in terms of length or location of the dataset or both. This study aims to present a 
comprehensive trend assessment in California, extending beyond the earlier studies by 1) using the most reliable 
snow dataset (snow course measurements); 2) covering the most wide range of snow-impacted areas in California 
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 (all 260 snow courses); and 3) applying the most widely used trend-free pre-whitening Mann-Kendall approach. 
This method is less impacted by the beginning and ending values of the dataset analyzed.  It can address the impact 
of auto-correlation within the targeted dataset as well as the cross-correlation of the targeted study site with other 
study sites in a same region.  
 

MATERIALS AND METHODS 
 
Study Sites and Variables 
 The current study focuses on 260 snow courses (Figure 1) in California. The course elevation ranges from 
1326 m (4350 ft) to 3490 m (11450 ft). About 15% of the these courses are located below 1800 m (5900 ft) and 
around 34% of them are above 2500 m (8200 ft). In general snow courses have five to ten measurement points over 
one or more straight-line transects. The length of a straight-line transect typically varies from about 150 m (500 ft) 
up to 610 m (2000 ft). Snow survey at these snow courses are conducted by a wide range of cooperating agencies 
throughout the state under a statewide Cooperative Snow Survey Program. The survey is normally carried out in a 
seven-day widow around the first date of every month (four days before the first date of that month through two 
days after it) from February to May every year. Snow sample is taken from every measurement point and averaged 
out to obtain a single course-wide value. The SWE value is obtained by weighting the melted snow samples.       
    

                     

 
      
 

         Figure 1.  Study snow courses                                     Figure 2.  Boxplot of record years of study sites    
 
 Most of those snow courses have a record longer than 50 years (Figure 2). The longest record is 104 years 
(1911-2014) on April 1st SWE measurement. For Februray 1st SWE and March 1st SWE, about half of those snow 
courses have 50 years of record; for April 1st and May 1st SWE, this number is 73 years and 41 years, respectively.  
 
 The study focuses on April 1st SWE trend as well as the trend in the snow mass peak date (SMPD). The 
SMPD is determined as follows:   
                                                                          𝑆𝑀𝑃𝐷 = ∑ ( 𝐽𝑖4

𝑖=1 ×𝑆𝑊𝐸𝑖)
∑ 𝑆𝑊𝐸𝑖4
𝑖=1

                                                                       [1] 

 
where Ji and SWEi(i = 1,2,3,4)  designate the Julian date and SWE measurement for Februray 1st, March 1st, April 
1st and May 1st SWE, respectively. The SMPD represents the end of snow accumulation and onset of melting 
(Kapnick and Hall, 2010). It is useful to determine snow accumulation and depletion timing when daily 
measurements are not available. Kapnick and Hall (2010) showed that the SMPD calculated via equation [1] is very 
close to the value determined from the daily measurements at one snow station with daily pillow data.  
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Mann-Kendall Trend Test (MKT) 
 The MKT (Mann, 1945; Kendall, 1975) is a rank-based nonparametric approach widely used in assessing 
the significance of a trend in hydrologic data (Yue et al., 2002; Gautam and Achrya, 2012).  For an observed time 
series {𝑥𝑖, 𝑖 = 1,2, … ,𝑛 } where 𝑛 is the total number of observations, the MKT first calculates the sign (via the sign 
function 𝑠𝑔𝑛) of each possible pair of observations  𝑥𝑖 − 𝑥𝑗 (𝑗 = 𝑖 + 1, 𝑖 + 2, … , 𝑛) and assigns a value of 1, 0, or -1 
if the difference is positive, zero, or negative, respectively. The MKT statistic 𝑆 is calculated next as follows: 
 

𝑆 = ∑ ∑ 𝑠𝑔𝑛(𝑥𝑖 − 𝑥𝑗)𝑛
𝑗=𝑖+1

𝑛−1
𝑖=1                                                                   [2] 

 
The test statistic 𝑍 is then determined by: 

𝑍 =

⎩
⎨

⎧
𝑆−1
�𝑉(𝑆)

      𝑆 > 0

0            𝑆 = 0
𝑆+1
�𝑉(𝑆)

      𝑆 < 0

�                                                                             [3] 

 
where 𝑉(𝑆) is the variance of 𝑆 computed as 𝑉(𝑆) = [𝑛(𝑛 − 1)(𝑛 − 2)]/18. 
 
 The null hypothesis 𝐻0 of no trend is rejected if |𝑍| > 𝑍1−𝛼 2⁄ , where 𝑍1−𝛼 2⁄  is the probability of the 
standard normal distribution at a significance level of 𝛼. The alternative hypothesis that a monotonic trend exist is 
favored under this condition. A positive (negative) value of 𝑍 indicates an upward (downward) trend. This study 
employs the MKT in detecting the significance of trend of the April 1st SWE and the SMPD.  
 
Theil-Sen Approach (TSA)  
 The Theil-Sen’s approach (TSA, Theil, 1950; Sen, 1968) is a non-parametric procedure that can be used to 
determine the slope of the trend of a time series. It computes the slope (𝑏) as follows: 
 

𝑏 = 𝑀𝑒𝑑𝑖𝑎𝑛(
𝑥𝑗−𝑥𝑖
𝑗−𝑖

)        1 ≤ 𝑖 < 𝑗 ≤ 𝑛                                                  [4] 
This study employs the TSA to identify the slope of the significant trend determined via the MKT.  
 
Trend-Free Pre-Whitening (TFPW) 
 Serial correlation typically exists in hydrologic variables including the streamflow and the snowpack. The 
presence of positive serial correlation increases the probability of false rejection of the null hypothesis of no trends. 
It is necessary to address the serial correlation to obtain more robust trend analysis results. This study employs the 
trend-free pre-whitening approach (TFPW, Yue et al., 2003) to deal with the serial correlation. The TFPW has four 
steps:  
 
1) The slope of the targeted time series is computed by the TSA.  
2) If the slope differs from zero, it is assumed that the trend (𝑇𝑖 = 𝑏𝑖) identified is linear. A de-trended time series 

is produced by removing this trend from the original time series: 
 

𝑥𝑖′ = 𝑥𝑖  − 𝑇𝑖      1 ≤ 𝑖 ≤ 𝑛                                                              [5] 
 

3) The lag-one autoregressive (AR(1)) correlation coefficient (𝑟) of the de-trended series is calculated. The AR(1) 
process is removed from the de-trended series, producing a residual series:  
 

𝑦𝑖′ = 𝑥𝑖′ − 𝑟𝑥𝑖−1′     2 ≤ 𝑖 < 𝑗 ≤ 𝑛                                                      [6] 
 
4) The trend determined from the original time series is added to the residual series to produce a combined series: 

 
𝑦𝑖 = 𝑦𝑖′ + 𝑇𝑖         1 ≤ 𝑖 ≤ 𝑛                                                            [7] 

  
The MKT is applied to the combined series (𝑦𝑖) to determine the significance of a trend. This study employs the 
TFPW to address the auto-correlation embedded in the study time series.  

47



 

 
 
 
Bootstrap Regional Significance Test 
 Previous studies showed the trend determined for one site could be contaminated by the cross-correlation 
between this site and other sites in a same region (e.g., Douglas et al., 2000). A bootstrap-based approach presented 
by Yue et al. (2003) was developed to eliminate the effect of cross-correlation on the identified trend. This study 
employs this approach to address the cross-correlation issue. The approach is as follows: 
 
1) Bootstrapping 
The study period (e.g., [1930, 1931, 1932, …, 2014]) is resampled randomly with replacement. This creates a new 
period set of years with different year order from the original one but with the same length, for example, [1957, 
1986, 1931, …, 2005].  
 
2) Identifying trend   
In a region, each site has a measurement corresponding to each calendar year. According to the order of calendar 
years in the new period set generated in the first step, rearranging the observations values for each site of the region 
produces a new dataset. The MKT is then applied to the new dataset to determine the significance of its trend. 
 
3) Estimating regional significance 
The procedures in above two steps are repeated 1000 times, yielding the distribution of percentage of results that are 
significant. Based on this distribution, the critical value of the number of sites with trend by chance is determined.  
 

RESULTS 
 
 A total number of 15 (6%) snow courses show significant trends in April 1st SWE (Figure 3). Out of those 
15 courses, 13 show significant downward trends and the remaining two showed significant upward trend. The 
majority of these courses are with low and middle elevation. Only one course is located in the Southern Sierra 
(EPP). This is also the only snow course with high elevation (>2500 m) showing significant upward trend. The 
slopes of these trends range from -0.92 ~ 0.19 cm/year (Figure 4).  The sites with significant slope (absolute values 
above 0.25 cm/year) are all located in the low to middle elevation (below 2500 m) areas.  

 
 

 
 
 

Figure 3.  Snow courses with significant April 1st   Figure 4.  April 1st SWE trend slopes of snow courses in Figure 3 
SWE trend (triangle: upward; arrow: downward) 

48



 

 
 For the SMPD, nine snow courses show significant trends (Figure 5). The course NMN (elevation 1798 m) 
is the only one showing upward trend (peaks later). The remaining eight snow courses show downward trends (peak 
earlier). Of these nine courses, four are above 2500m. None of these snow courses shows any trend in April 1st 
SWE. In the meantime, none of the 15 sites with significant April 1st SWE trend (Figure 3) shows any trend in 
SMPD. The slopes of these trends vary from -0.38 to 0.25 day/year (Figure 4).  

 
 
 
 

 
  
          Figure 6.  SMPD trend slopes for snow courses in Figure 5 
 
 
 

Figure 5.  Snow course with significant SMPD  
trends (triangle: peaks later; arrow: peaks earlier) 
 
               These 260 snow courses are located in 12 different regions. Trend analysis is conducted for April 1st SWE 
of these regions. The regional scale April 1st SWE is calculated by averaging the measured April 1st SWE at each 
individual snow course within the region. Out of all these 12 regions, only the Feather River Watershed (which 
contains 25 snow courses) April 1st SWE shows significant downward trend with a rate of -0.46 cm/year (Figure 7). 

 
 

 
 

Figure 7.  Snow courses in Feather River Watershed               Figure 8.  Scatter plot of April 1st SWE and SMPD 
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               In addition to the trends in April 1st SWE and SMPD, the relationship between these two variables is also 
investigated. Figure 8 shows a scatter plot of them. Every single cycle in the figure represents a snow course in a 
single study year. The red dash line is the median SMPD (day 79). It is apparent that the distribution of the April 1st 
SWE against the SMPD is bell-shaped, indicating the SMPD varies with different amount of snow accumulation. In 
general, when April 1st SWE is large (> 150 cm), the SMPD varies in a very narrow range (day 70 to day 90, about 
March 10th to 31st). This is understandable in the sense that active and steady accumulation of snow is necessary in 
February and March to build such a large April 1st SWE, while the large accumulation of snow usually has high 
thermal capacity and thus onset of snowmelt is delayed. A late SMPD is thus consistent, with little variability from 
year to year. When April 1st SWE is small (≤ 150 cm), SMPD range is much wider, roughly from February 1st to 
April 26th. This is also evident in that low accumulation of snow (to achieve a low April 1st SWE) often results from 
small storms with variable timing. Shallow snowpack from the low accumulation generally has smaller thermal 
capacity and is thus sensitive to temperature above freezing. It can melt earlier or later depending on the 
temperature. These findings are consistent with what Kapnick and Hall (2010) observed.  
 

DISCUSSION AND CONCLUSION 
 
               Overall, there are no widespread trends in snowpack identified across the state, in spite of the fact that the 
continuing and widespread warming detected over California in the past several decades. Specifically, a limited 
amount of snow courses (6%) show significant trends in the record period in April 1st SWE. Even fewer snow 
courses (3.5%) show significant trend in the SMPD. These trends are not all downward. Two snow courses exhibit 
upward trends in April 1st SWE, with one at high elevation (3292 m) and the other at low elevation (1478 m). For 
the SMPD, one snow course with low elevation (1798 m) shows upward trend (snow peaks later). At regional scale, 
only one region (the Feather River Watershed) has significant downward trend in April 1st SWE.  
 

Snowpack is a critical component of the hydrologic cycle in California. To identify the cause of the 
findings of this study, further work is required to 1) investigate the trends in other key components including 
precipitation, temperature, and streamflow in the hydrologic cycle; and 2) relate the trends in snowpack to the trends 
in those additional variables. Without this knowledge, it is difficult to conclude 1) whether the observed trends in 
snowpack are from climate change or not; and 2) whether the impact of climate change on snowpack has been 
lessened or exaggerated by other factors. For example, for small watersheds, human activities (e.g., urbanization, 
agricultural intensification) can shade climate change impacts. In addition, long-term persistence may also mask the 
trend identified. As such, further research looking into all components in the hydrologic cycle will help better 
understand the extend and source of trends, which is meaningful for improved water resources planning and 
management in light of potential climatic and non-climatic changes.  
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