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Abstract. Our current knowledge of spatial and temporal snow depth trends is based almost exclusively on time-series of non-

homogenised observational data. However, like other long-term series from observations, they are prone to inhomogeneities

that can influence and even change trends if not taken into account. In order to assess the relevance of homogenisation for

time-series analysis of daily snow depths, we investigated the effects of adjusting inhomogeneities in the extensive network of

Swiss snow depth observations for trends and changes in extreme values of commonly used snow indices, such as snow days,5

seasonal averages or maximum snow depth in the period 1961-2021. Three homogenisation methods were compared for this

task: Climatol and HOMER, which apply median based adjustments, and the quantile based interpQM. All three were run using

the same input data with identical breakpoints. We found that they agree well on trends of seasonal average snow depth, while

differences are detectable for seasonal maximums and the corresponding extreme values. Differences between homogenised

and non-homogenised series result mainly from the approach for generating reference series. The comparison of homogenised10

and original values for the 50-year return level of seasonal maximum snow depth showed that the quantile-based method had

the smallest number of stations outside the 95 % confidence interval. Using a multiple criteria approach as e.g. thresholds for

series correlation (> 0.7) as well as for vertical (< 300 m) and horizontal (< 100 km) distances proved to be better suited than

using correlation or distances alone. Overall, the homogenisation of snow depth series changed all positive trends for derived

series of snow days to either no trend or negative trends and amplifying the negative mean trend, especially for stations > 150015

m. The number of stations with a significant negative trend increased between 7 - 21 % depending on the method, with the

strongest changes occurring at high snow depths. The reduction in the 95 % confidence intervals of the absolute maximum

snow depth of each station indicates a decrease in variation and an increase in confidence in the results.
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1 Introduction

During winter in the northern hemisphere, more than 50 % of the earth‘s surface can be covered with snow (Armstrong and

Brun, 2008). The thickness and duration of a snow cover play an important role for many animal and plant species (Johnston

et al., 2019), but also have an important socio-economic dimension: For example, the timing and amount of snow melt are

important for hydropower companies, the number of days with a certain minimum snow depth (e.g. 30 cm) is a metric widely25

used for the profitability of ski resorts (Abegg et al., 2020). Accurate and reliable measurements of solid precipitation, e.g. total

height of fallen snow (snow depth) or the amount of freshly fallen snow (depth of snowfall), are difficult to obtain but important

(Nitu et al., 2018) as they are used for various purposes, e.g. as ground evidence for large-scale grid-based forecasts of snow

depth (Olefs et al., 2013) or the operational assessment of snow models used for avalanche hazard forecasting (Morin et al.,

2020). Long-term measurements are key to climate monitoring and related analyses. They are not only used for climatological30

analyses (Matiu et al., 2021; Pulliainen et al., 2020), but also for creating bias-corrected models (Maraun et al., 2017) and

gridded datasets (Cornes et al., 2018; Hiebl and Frei, 2018; Hersbach et al., 2020; Li et al., 2022).

All climate time series comprise a climate signal, a station signal and white noise (Caussinus and Mestre, 2004). The station

signal includes the characteristics of the environment, observers and instruments of each station. If the station signal changes35

over time, it can alter the climate signal, e.g. by amplifying or weakening trends. It should therefore be adjusted before further

analysis are done. According to the approach of relative homogeneity testing and adjusting this is possible as long as neigh-

bouring stations follow an identical climatic signal (variability and trend). The longer the time series, the higher the probability

of large changes causing breaks/breakpoints in it. There are many reasons for this, such as changes in instruments, observers,

the station environment, or a combination of the above factors (Auer et al., 2007; Venema et al., 2020). Alexandersson and40

Moberg (1997) even found that multi-decadal time series without breaks are rare. Breaks can significantly alter derived trends

(Begert et al., 2005; Gubler et al., 2017; Resch et al., 2022) and extreme values (Kuglitsch et al., 2009). Therefore, to address

this problem, climate time series should be homogenised, which does not always happen or is possible, usually by a two-step

procedure: First, immanent breakpoints are identified. Relative homogeneity tests used for breakpoint identification mostly

assess significant changes of ratios or differences between the station to be homogenised (candidate series) and neighbour-45

ing stations (reference series). Reference series are selected on the basis of several criteria, mostly correlation and horizontal

as well as vertical distance. In a second step, the candidate series is homogenised to the present state, thus compensating for

previous non-climatic deviations, e.g. changes in observation procedures, sensors or measurement technique, in the time series.

Today, this is a standard procedure for climate data like temperature and precipitation (Venema et al., 2020), but has only50

recently been adopted for snow depth time series: First steps towards detecting and adjusting breaks were made by Marcolini

et al. (2017). Schöner et al. (2019) used the HOMOP tool (Nemec et al., 2013) to homogenise seasonal depth time series

and for calculating trends and identifying snow regions in Austria and Switzerland. Marcolini et al. (2019) compared the per-

formance of two homogenisation methods (HOMOP and SNHT (Alexandersson, 1986; Alexandersson and Moberg, 1997))
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and their effects on trends in seasonal mean snow depth. Their results showed the need for improving adjustment methods in55

order to (i) enable the application to data with higher temporal resolution (e.g. daily data) and (ii) to improve the adjustment

of extreme values. Taking up these needs, an adjustment method using quantile matching was introduced by Resch et al. (2022).

Widespread used metrics to describe the snow cover include average and maximum snow depths and days with a snow

depth above a certain threshold, referred to here as snow days. This commonly used index is de�ned as the number of days60

within a certain time period (e.g. season) with a certain snow depth, usually between 1 - 50 cm. (Abegg et al., 2020; Schmucki

et al., 2017). Snow days are relevant for ecology (Stone et al., 2002; Jonas et al., 2008), climatology (Scherrer et al., 2004;

Marty, 2008) or the ski tourism industry (Abegg et al., 2020), whereas the average and maximum snow depths are particularly

applicable to climatology and engineering applications. Trend and extreme value analyses of snow indices (Scherrer et al.,

2013; Matiu et al., 2021) are common methods in climate monitoring (Bocchiola et al., 2008; Marty and Blanchet, 2012;65

Buchmann et al., 2021a) and model veri�cation (Brown et al., 2003; Essery et al., 2013), while extreme value analyses are

important for de�ning snow loads and limits for building-codes (Croce et al., 2021; Schellander et al., 2021; Al-Rubaye et al.,

2022).

We use the breakpoints recently identi�ed by Buchmann et al. (2022) for manual Swiss snow series with a joint application

of three widely used breakpoint-detection and homogenisation methods: ACMANT (Domonkos, 2011), Climatol (Guijarro,70

2018) and HOMER (Mestre et al., 2013) for three homogenisation methods to calculate and apply adjustments: Climatol,

HOMER, and interpQM (Resch et al., 2022). ACMANT, which is fully automatic, does not allow manual breakpoint input and

was therefore not used for our analyses. The �rst two methods apply median based adjustments, the latter uses a quantile-based

approach. All three methods are then applied to the network of Swiss snow depth time series. This allows us to assess the

impact of homogenisation (dependent on the method used) on the trends in seasonal mean and maximum snow depths, days75

with snow on the ground and extreme values of maximum snow depths. Our research questions are the following:

1. How do the homogenised series compare across the three methods used?

2. What in�uence does homogenisation have on the decadal trends in average and maximum snow depth?

3. How do the three homogenisation methods affect widely used snow indices?

4. To what extent are the maximum snow depths with a 50-year return period (as an example for snow metrics used by80

practitioners) affected by the different homogenisation methods?

The article is structured as follows: Section 2 describes the data and Section 3 introduces the various methods used. Results are

shown in Section 4 and discussed in Section 5. Conclusions are drawn in Section 6.
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Table 1.Summary of autocorrelations for lag (year) 1 for all stations (n = 40)

Minimum Maximum IQR Mean Median

HSmean -0.34 0.36 0.22 0.1 0.1

HSmax -0.25 0.42 0.24 0.03 0

dHS5 -0.1 0.48 0.14 0.18 0.21

dHS30 -0.29 0.36 0.15 0.06 0.06

dHS50 -0.3 0.26 0.16 0.03 0.06

2 Data

Daily manual snow depth measurements (HS) from 184 Swiss stations serve as the basis for quantifying the bene�t of data85

homogenisation for snow depth series. Seasonal (November to April) and monthly average (HSavg), maximum snow depths

(HSmax), and the number of snow days >= 5 cm (dHS5) are calculated from the daily snow depths measured at 07:00 o'clock

each day. For obvious reasions, daily snow depth time series inherit a strong autocorrelation. We used seasonal indicators of

snow depth, which imply no to low autocorrelation with exception of cases when the snowcover did not completely melt over

the summer. However, this is neither the case for any of the selected stations nor for any of the seasons analysed. This is shown90

in Table 1 for lag 1 - 10 years autocorrelation, with strongest correlation for lag 1. The results showed that autocorrelation is

very low (mean 0.03 - 0.18, interquartile range 0.14 - 0.24). Consequently, a Trend-Free-prewhitening of snow depth series

(Yue et al., 2002) or the application of a modi�ed MK-test was not necessary.

Figure 1 shows the station distribution of the 184 Swiss stations used. They are maintained either by the Federal Of�ce of

Meteorology and Climatology (MeteoSwiss) or the WSL Institute for Snow and Avalanche Research (SLF), covering the95

period from 1931 to 2021 and span from 200 to 2500 m a.s.l. (shown in the right panel of Figure 1). Only stations with

complete data coverage between November and April for each year and at least 30 years of data are considered. A detailed

description of the dataset can be found in Buchmann et al. (2022).

2.1 The set of pre-identi�ed breakpoints

We use the set of 45 breakpoints (found in 40 snow depth series) identi�ed by Buchmann et al. (2022) for our analyses.100

Two series (stations Bernina Hospiz and Gütsch) were removed from the original 42-station-subset due to insuf�cient data

quality between 1961 and 2021. Breakpoints were detected using ACMANT (Domonkos, 2011), Climatol (Guijarro, 2018),

and HOMER (Mestre et al., 2013), with breakpoints accepted as valid if detected within two years by at least 2 of 3 methods.

For details, e.g. on the differences between methods in the detected breaks and motivation for the criteria of break acceptance,

see Buchmann et al. (2022). Breakpoints are identi�ed based on seasonal series. Where appropriate, available metadata has105

been used for veri�cation. However, as our metadata is neither perfect nor complete, it is only used as an additional source

of information and not as stand-alone evidence. To improve the station density near the Swiss eastern border, three Austrian
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Figure 1. Left panel: Map of Switzerland with all 184 Swiss stations used in this study. The 40 identi�ed inhomogeneous stations with

valid breakpoints are highlighted in pink triangles. The green circles are series that are considered homogeneous. Right panel: Elevation

distribution of the homogeneous stations and those with detected breaks.

stations were added to the data base. Figure 1 shows the location of all 184 Swiss series in the left panel, stations with detected

breaks are marked with pink triangles. The right panel shows the elevation distribution of the stations.
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