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Abstract

Snow drought, a primary consequence of climate warming, profoundly impacts water resources in
mountainous regions. This study monitors, analyzes spatiotemporal trends, and classifies snow
droughts (dry, warm, and warm-dry) across Iran. Using daily Snow Water Equivalent (SWE) data and
climatic variables from 112 meteorological stations over the 1991-2020 period (during the dominant
snow season, November—April), we quantified snow droughts using the non-parametric Standardized
SWE Index (SSWEI). To distinguish between drought types, the Non-parametric Standardized
Precipitation Index (NpSPI) and the Non-parametric Standardized Precipitation Evapotranspiration
Index (NpSPEI) were employed. Stations were categorized into four thermal-elevation climate zones:
very cold (>1749 m), cold (1077-1749 m), temperate (596—1077 m), and warm (<596 m). Trend
analysis revealed significant declines in SWE across the very cold (-4.93 mm/yr), cold (-1.36 mm/yr),
and temperate (-0.57 mm/yr) zones. In the warm zone, the SWE trend was near zero and thus
excluded from further analysis. Spatial SSWEI analysis indicated that the most extensive snow
droughts occurred in the final years of the study period (2018-2020). Classification analysis
demonstrated that compound warm-dry droughts, with a relative frequency of approximately 40%,
are the dominant type across all zones, indicating the simultaneous occurrence of precipitation deficits
and increased evapotranspiration. In the temperate zone, the frequency of Divergence Type 1
(precipitation surplus but snow drought) increased significantly (about 30%) due to the shift from
snow to rainfall. These findings align with global and regional studies highlighting the prevalence of
compound droughts and a shift toward a temperature-driven regime under warming scenarios. This
study provides a robust methodological framework for monitoring snow droughts in regions with

complex topography.
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1. Introduction

Snowpacks play a vital role as natural water reservoirs in mountainous regions worldwide, including
Iran, where approximately half of the territory is mountainous (Sadeqi et al., 2024). Snow drought
refers to periods characterized by below-normal snow accumulation, identifiable at monthly, seasonal,
and winter scales (Harpold et al., 2017). Unlike conventional droughts, which are primarily defined by
precipitation deficits, snow droughts exhibit a dual nature: both precipitation deficits and temperature
increases can drive their occurrence (Dierauer et al., 2019). Because snow acts as a natural reservoir
that stores winter precipitation and gradually releases it during the warm season, snow deficits can

have profound implications for water resources (Huning and AghaKouchak, 2020).

Despite the growing recognition of snow droughts, a universally accepted definition remains elusive,
with studies employing various metrics and thresholds, such as April 1 SWE, peak SWE, daily SWE
below the climatological median, the Standardized Snow Water Equivalent Index (SSWEI), and
percentile thresholds (Li et al.,, 2026; Harpold et al., 2017). This diversity in definitions leads to
discrepancies in the frequency, severity, and timing of identified snow droughts across different
analyses. All these studies rely on snowpack SWE to define snow droughts. Unfortunately, snowpack
SWE measurement data are unavailable in Iran. Therefore, it is important to note that in this study,
the term snow drought specifically refers to snowfall drought, which is quantified based on gauge-

measured SWE rather than snowpack SWE.

Snow drought indices are effective tools for evaluating and quantifying the severity of snow drought
events in a given region. Several indices have been introduced globally for snow drought monitoring,
including the Standardized Snow Melt and Rain Index (SSMRI; Staudinger et al., 2014), the modified
Standardized Moisture Anomaly Index incorporating snow dynamics (SZIsnow; Tian et al.,, 2022;
Zhang et al., 2019), the Snow Drought Response Index (SnoDRI; Rasiya Koya et al., 2023), and the
Standardized Snow Water Equivalent Index (SSWEI; Colombo et al., 2023; Cowherd et al., 2023;
Heldmyer et al., 2023; Huning and AghaKouchak, 2020; Koehler et al., 2022). In this study, the SSWEI

was employed to monitor snow droughts.

Studies conducted in Iran indicate a significant decreasing trend in the country's snow cover over

recent decades. Ahmadi and Seyedmirzaei (2022), using the MODIS snow cover product from 2003
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to 2018, demonstrated that the snow cover area trend was negative across all cold-season months,
with the most significant decrease occurring in January at a rate of -0.81% per year. They also identified
2008 as a change point for January snow cover (the coldest month), after which the mean snow cover
decreased by approximately 50%. Arkian et al. (2014), analyzing 30 years of data from 28
meteorological stations, reported a declining trend in both the duration and depth of snow cover,
particularly at high-elevation and snow-rich stations such as Koohrang and Abali. Montazeri (2018),
investigating the frequency of snow codes across 304 synoptic stations in Iran from 1951 to 2010,
showed that snow is a low-frequency phenomenon, accounting for less than 2% of 'present weather'
observations. Furthermore, Sherafat and Fathnia (2019), analyzing NOAA-AVHRR imagery,
documented a decreasing trend in snow cover area in the Zagros region from 1996 to 2015, with the

greatest decrease occurring in July and the least in April.

Mountainous and high-elevation regions of Iran, such as the Alborz and Zagros mountain ranges, are
highly sensitive to the effects of global warming and climate change due to significant increases in air
temperature and altered precipitation patterns. For instance, land surface temperature (LST) has
significantly increased in the central Alborz mountainous regions during most months over the past
decades (Roshan et al.,, 2024a; Roshan et al., 2024b). Additionally, shifts in precipitation patterns,
including the transition from snow to rain, are highly probable in the Zagros region (Sadrianzadeh et
al., 2023). The increasing temperatures and changing precipitation patterns in the Zagros have
impacted its agricultural and rangeland areas, necessitating adaptation strategies across various farming
and pastoral practices (Tahmasebi et al., 2013). These changes align with global findings on elevation-
dependent warming; for example, Pepin et al. (2015) demonstrated that warming rates intensify with
altitude in many mountain ranges worldwide, with significant implications for snowmelt and water
resources. In Iran, this phenomenon could similarly lead to premature snowmelt and reduced snow

storage at high elevations.

The state of snow drought research in Iran reveals a distinct knowledge gap compared to global
studies. While internationally, numerous studies have classified snow droughts into dry (simultaneous
reduction in SWE, total precipitation, and temperature relative to the mean), warm (reduction in SWE
but an increase in total precipitation relative to the mean), and warm-dry (reduction in SWE and total
precipitation, coupled with an increase in temperature relative to the mean) (Harpold et al.,, 2017;
Dierauer et al., 2019) and analyzed their long-term trends across various regions globally (Huning and

AghaKouchak, 2020; Cowherd et al., 2023; Wang et al., 2025), this topic in Iran was largely neglected

3
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until recently. Despite approximately half of the country's territory being mountainous and a
substantial portion of cold-season precipitation being stored as snow in the Alborz and Zagros
highlands, a detailed understanding of snow drought behavior was lacking prior to recent studies.
Global studies indicate that snow droughts are intensifying in many snow-covered regions worldwide,
with their dominant type shifting from dry to warm (Cowherd et al., 2023; Wang et al., 2025). This
shift can have profound implications for water resources management, as warm snow droughts are
typically accompanied by premature runoff, reduced water storage, and an increased risk of winter

flooding (Harpold et al., 2017; Dierauer et al., 2019).

Based on the aforementioned points, the objectives of this study can be summarized as follows:

— Quantitying snow droughts in Iran using the Standardized Snow Water Equivalent Index
(SSWEI) and identifying the types of snow droughts (using auxiliary meteorological drought
indices).

—  Spatiotemporal analysis of snow droughts and investigation of their trend variations in mountainous and snow-

covered regions of Iran, particularly the Alborz and Zagros.

—  Frequency analysis of the occurrence of snow droughts and their types in Iran.

2. Materials and Methods

2.1. Study Area and Data

Iran, covering an area of 1,648,195 km?, is situated between 44° and 63.5°E longitude and 25° and
40°N latitude. Located in the arid subtropical belt, it serves as a transitional zone between subtropical
and extratropical climates, thereby exhibiting a high degree of climatic diversity. This diversity is driven
by the interplay of three factors: geographical location, complex topography, and various synoptic
systems (Khalili and Rahimi, 2018). Approximately 83% of the country experiences an arid to semi-
arid climate, with a reported mean annual precipitation of about 247 mm (Rahimi et al., 2013).
However, a substantial portion of this precipitation is stored as snow at high elevations during the
cold season. Roughly half of Iran’s landmass is mountainous. The two principal mountain ranges—
the Alborz in the north and the Zagros in the west—play a decisive role in shaping precipitation
patterns and snow storage. The Alborz range stretches from west to east in northern Iran, is
approximately 650 km long, and its northern slopes receive higher precipitation owing to their

proximity to the Caspian Sea. The Zagros range, stretching approximately 1,600 km, is located in
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western and southwestern Iran, extending from the northwest to the southeast.

In this study, daily data for five climatic variables—minimum temperature, maximum temperature,
mean air temperature, precipitation, and Snow Water Equivalent (SWE)—were obtained from the
Iran Meteorological Organization for 142 meteorological stations. The dataset spans the dominant
statistical period from 1990 to 2020. Upon data compilation, it was observed that numerous stations
contained missing records (data gaps). The temporal distribution and percentage of missing data were
assessed for each station. Applying a 10% threshold, stations with less than 10% missing data were
selected and subjected to gap-filling procedures. Gap-filling was performed using a nearest-neighbor
correlation approach, implemented via the fillgap() function within the hyfo package in the R
environment (Xu, 2020). Ultimately, following the gap-filling process, 112 meteorological stations
were utilized for this study. Their geographical specifications and thermal climate classifications, based
on the Extended De Martonne method (Rahimi et al., 2013), are presented in Table 1, with their spatial
distribution illustrated in Figure 1. According to the Extended De Martonne method, the thermal
climate classification is based on the mean minimum temperature of the coldest month (Tp,;,): Very
Cold climate (T, < —7°C); Cold climate (—7°C < Ty, < 0°C); Temperate climate (0°C < Ty < 5°C);
and Warm climate (Tp,;, > 5°C). The distribution of stations across these thermal climates is as follows:
17% (Warm), 20.5% (Temperate), 52.7% (Cold), and 9.8% (Very Cold). In total, 62.5% of the stations
are located in Cold and Very Cold climates, where the likelihood of snow is higher compared to other
climates. Given the strong relationship between elevation and the minimum temperature of the coldest
month, the stations were further categorized by elevation into four corresponding thermal climate
zones: Very Cold (elevation > 1,749 m), Cold (elevation between 1,077 and 1,749 m), Temperate
(elevation between 596 and 1,077 m), and Warm (elevation < 596 m). These zones represent very

high, high, medium, and low elevations, respectively (Figure 2).
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145 Figure 1. Geographical locations and thermal climate zones of the selected stations superimposed on

146 the Digital Elevation Model (DEM) of Iran.
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148 Figure 2. Relationship between elevation and the mean minimum temperature of the coldest month
149 across all selected stations. The shaded band around the regression line represents the 95% confidence

150  interval.
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2.2. Determining the Dominant Snow Period

To assess drought conditions at the selected stations in Iran, it is essential to first define the dominant
snow period. Figure 3 illustrates the monthly mean number of snow days (with error bars representing
T one standard error) aggregated across all selected stations. As shown in the figure, the mean number
of snow days from May through October is nearly zero. The highest frequency of snow days, averaging
approximately 3 days per month, occurs in January. Consequently, the results indicate that the

dominant snow period in Iran spans six months of the year, from November to April.

| I I
Jan Feb Mar Apr

May Jun Jul Aug Sep Oct Nov Dec
Month

Error bars represent standard error (SE) across all station-year records

Mean number of Snowy days per month

Figure 3. Monthly mean (£ standard error) number of snow days aggregated across the selected

stations in Iran.

2.3. Drought Indices

In this study, the Standardized Snow Water Equivalent Index (SSWEI) was employed to monitor
snow droughts. Classifying snow drought types (i.e., dry, warm, or warm-dry) necessitates additional
metrics. These supplementary metrics include total precipitation and mean air temperature.
Specifically, the Non-parametric Standardized Precipitation Index (NpSPI) was used as a proxy for
total precipitation, and the Non-parametric Standardized Precipitation Evapotranspiration Index
(NpSPEI) was used in place of mean air temperature. All three indices were computed using the

cumulative values of the respective variables over the dominant snow period (November to April).

2.3.1. Standardized Snow Water Equivalent Index (SSWEI)

In this study, the Standardized Snow Water Equivalent Index (SSWEI) was employed to monitor
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snow droughts. This index compares the current Snow Water Equivalent (SWE) at a given location
against baseline conditions to identify the presence of a snow drought, though it does not isolate the
underlying cause. Snow drought is defined as a deficit in snow, which may stem from either a reduction

in total precipitation or a decreased fraction of precipitation occurring as snow (Cowherd et al., 2023).

The calculation of the SSWEI relies on a non-parametric approach, utilizing empirical probabilities
rather than fitting a specific theoretical distribution to the SWE data. This method, introduced by
Huning and AghaKouchak (2020), has been widely adopted in subsequent studies (Chen et al., 2026).
The first step in the Huning and AghaKouchak (2020) framework involves aggregating SWE values
over a specified time window (typically 3 months). In this study, rather than a standard 3-month

window, the aggregation period was defined as the dominant snow season, spanning from November

to April:
12 4
A, = Z SWE;, , + Z SWE,,, (1)
i=11 i=1

where SWE; represents the SWE in month i; 4, is the total aggregated SWE over the dominant snow
period; and y denotes the snow season year, covering a 30-year period from 1991 to 2020 in this study.
The first term on the right-hand side of Equation (1) accounts for the cumulative SWE in November
and December of the preceding year, while the second term represents the cumulative SWE from
January to April of the current year. For example, the aggregated SWE for the 1991 snow season

(A1991) includes SWE from November and December 1990, as well as January through April 1991.

Subsequently, the empirical probability of each aggregated value is calculated using the Gringorten

plotting position formula (Gringorten, 1963):

_y—044
PA) =012 @)
where i is the rank of the aggregated value among all sorted values, and n is the sample size (total
number of study years). This formula was selected for its suitability in handling Gumbel distributions

and hydrological datasets that contain zero values (Gringorten, 1963).

Finally, the SSWEI is derived by transforming the empirical probability into a standard normal
distribution, as follows (Huning and AghaKouchak, 2020; Chen et al., 20206):
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SSWEI(A,) = ¢~1[P(4,)] 3)

where ¢'is the inverse standard normal distribution function. The SSWEI value can be interpreted
as the standardized deviation from the long-term mean snow (Huning and AghaKouchak, 2020).
Table 2 provides the classification thresholds for snow drought severity based on SSWEI values
(Shrestha et al., 2021). SSWEI values below -1 indicate drought conditions, values between -1 and 1

denote normal conditions, and values greater than 1 indicate wet conditions.

Table 2. Thresholds and descriptions of standard drought index categories (McKee et al., 1993)

Category Wet spell Normal Drought

Moderate +1.0 to +1.5 (W1) z 1.0 to -1.5 (D1)
<

Severe +1.5 to +2.0 (W2) :o 15 t0 -2.0 (D2)
S

Extreme >+2.0 (W3) B <-2.0 (D3)

2.3.2. Non-parametric Standardized Precipitation Index (NpSPI)

The Standardized Precipitation Index (SPI) is one of the most widely applied and validated drought
monitoring indices globally, originally introduced by McKee et al. (1993) to monitor drought
conditions in Colorado. The sole required input for calculating the SPI is monthly precipitation data.
A key characteristic of the SPI is its flexibility to be computed across multiple time scales. While
vegetation dynamics are primarily influenced by shorter time scales (e.g., 3 months), surface and

groundwater resources respond to longer accumulation periods.

In this study, a methodology analogous to that of the SSWEI was adopted to compute the SPI. Rather
than employing varying moving time windows, a fixed six-month window spanning November to
April (the dominant snow period) was utilized. The cumulative precipitation for this period was
calculated, and the non-parametric Gringorten plotting position formula (Equation 2) was applied to
determine the empirical probabilities of the seasonal precipitation totals. Finally, following Equation
3, the empirical probabilities were transformed into a standard normal distribution, yielding the Non-
parametric Standardized Precipitation Index (NpSPI). The classification thresholds provided in Table

2 were used to categorize the NpSPI values.
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2.3.3. Non-parametric Standardized Precipitation Evapotranspiration Index (NpSPEI)

The Standardized Precipitation Evapotranspiration Index (SPEI), introduced by Vicente-Serrano et
al. (2010), is established as a climatic water balance index. This index relies on quantifying the climatic
water balance and requires monthly precipitation and potential evapotranspiration (PET) data for its

computation. The climatic water balance equation is defined as:

DiZPi—PETi (4)
where P; and PET; denote precipitation and potential evapotranspiration, respectively; D; is their

difference; and i represents the month index.

Various empirical and physical equations are available for estimating PET, and the calculation of the
SPEI is not restricted to a specific method. When only air temperature data are available, the
Thornthwaite (1948) method is typically employed. Conversely, when a broader range of climatic
variables is accessible, more physically robust and accurate approaches, such as the Hargreaves-Samani
or Penman-Monteith methods, are preferred. In this study, due to the unavailability of solar radiation
data, the Hargreaves-Samani method (Hargreaves and Samani, 1985) was adopted to estimate monthly

PET.

Traditionally, the SPEI is computed by calculating D for each month, applying a moving sum over
different accumulation periods, and fitting a parametric probability distribution. In this study, rather
than employing moving time windows of varying lengths, a fixed six-month window spanning
November to April (the dominant snow season in Iran) was applied. The cumulative water balance
for this period was calculated, and the non-parametric Gringorten plotting position formula (Equation
2) was utilized to determine the empirical probabilities. Subsequently, according to Equation 3, the
empirical probabilities of the cumulative water balance were transformed into standard normal
variables, yielding the Non-parametric Standardized Precipitation Evapotranspiration Index

(NpSPEI). The thresholds outlined in Table 2 were used to classify the NpSPEI values.

2.4. Spatiotemporal Analysis of Drought Indices

A comprehensive spatiotemporal analysis of drought necessitates integrating statistical methods to
quantify snow drought severity (as detailed in Section 2.3.1), trend tests to evaluate temporal dynamics,

and geostatistical techniques for spatial interpolation. The methodological framework for this analysis

10
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is outlined in the following subsections.

2.4.1. Trend Analysis

The Mann-Kendall (MK) test and the Sen’s slope estimator are among the most widely applied non-
parametric methods for trend analysis in hydroclimatic time series (Mann, 1945; Kendall, 1975; Sen,
1968). These techniques are extensively utilized in climatological and hydrological studies because they

do not require the data to follow a normal distribution and are highly robust against outliers.

2.4.1.1. Mann-Kendall Test

The Mann-Kendall (MK) test is a non-parametric method used to detect monotonic increasing or
decreasing trends in time series. The null hypothesis of this test assumes that the data are randomly

ordered and independent. The MK test S statistic is defined as follows:

n-1 n
S=) > sl - X (5)
k=1 j=k+1

where sgn()is the sign function, defined as:

1 ifx>0
sgn(x) ={0 ifx=0 (6)
-1 ifx<0

The expected value of S is zero (E[S] = 0), and its variance is given by:

, n@w—nan+5)—}fﬂg(g—1x2g+5)
- 18

(7

g

where p is the number of tied groups and t; is the number of data points in the j-th tied group. The

standardized Z statistic is computed as:

S_
ifS>0
o
Z={ 0 ifS=0 )]
S+1
ifS<0
o

A positive value of Z indicates an increasing trend, while a negative value indicates a decreasing trend.
It is important to note that the presence of autocorrelation in hydroclimatic data can overestimate the
variance of the S statistic, thereby increasing the probability of detecting a false trend. To address this

issue, Hamed and Rao (1998) proposed a variance correction approach based on the effective sample
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size. In this method, the variance of the S statistic is adjusted using a correction factor that accounts
for the serial correlation of ranks. To correct the variance in the MK formula, the effective sample

size is calculated using the following equation:

e 2 ; ©
Lt = Dm = 2 (= D =i = D =i =2)py(0)

where pg(i) is the autocorrelation function of the ranks of the observations. Subsequently, the

corrected variance is obtained from V*(S) = V(S) - =, and the Z statistic is recalculated using this

nyR’
updated variance. This method is implemented in the modifiedmk package in R via the mmkh()

function (Patakamuri and O'Brien, 2021).
2.4.1.2. Sen's Slope Estimator

The Sen's slope estimator (Sen, 1968) is a non-parametric method used to determine the magnitude
of a trend. This technique utilizes the median of all possible slopes between data pairs and is highly
robust against outliers (Sen, 1968; Theil, 1950). To calculate Sen's slope, the slope for each data pair

(X;, X ), whete j > k, is first determined as follows:

Q==—p  fori=12..,N (10

Subsequently, the median of the Q;values (Sen's slope) is obtained according to the following equation:

Q(N+1)/2 if N is Odd
(11)

Qnea =11 o
me E(QN/2+Q(N+2)/2) if N is even

The sign of Q.4 indicates the direction of the trend, and its value represents the slope of the trend

line (change per unit time).
2.4.2. Spatial Analysis and Interpolation

To generate continuous drought maps from discrete station data, statistical and geostatistical
interpolation methods are applied within a GIS environment (Hosseini et al.,, 2021). Selecting an
appropriate interpolation method is a strategic decision in spatial drought analysis and depends on the
specific conditions of each region. Hybrid approaches combining statistical and geostatistical methods

have been widely recommended in numerous studies. Notable examples include the regression-kriging

12
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method (Nadi et al., 2012) and the regression-inverse distance weighting method (Tanir Kayiket and
Zengin Kazanci, 2016; Chen et al., 2014). Among various geostatistical techniques, kriging (particularly
ordinary and simple kriging) is generally regarded as a precise and standard method, provided that the
data allow for reliable variogram modeling. Another widely used alternative is the Inverse Distance
Weighting IDW) method. IDW is a powerful, simple, and computationally efficient option that
performs exceptionally well, especially in regions with sparse station networks or complex topography

where variogram modeling is challenging (Mohammadi Ghaleni et al., 2024).

In this study, a hybrid gradient method based on multivariate linear regression and IDW was employed
to generate drought zoning maps. The independent variables in the regression model include elevation
(H), longitude (X), and latitude (Y). First, a multivariate linear regression model is established between

the climatic variable (Z) and the geographical attributes as follows:

Z=a+bX+cY+dH (12)
where a is the regression constant, and b, ¢, and d are the regression coefficients. Subsequently, the
residuals (e = Z — Z) are calculated at the station locations, and these residuals are interpolated using
the IDW method to produce a residual map. The mathematical formulation of the IDW method is as

follows:

n n
R &; 1
& = ? d—p (13)
L = i

i=1

where d; is the distance between the unknown point and the i-th station, and p is the power parameter
(typically set to 2). A key characteristic of the IDW method is that it precisely reproduces the residual
values at the exact station locations. Finally, the interpolated residual map is added back to the
regression trend surface (Equation 12) to correct the spatial distribution of drought severity. This
hybrid approach has been extensively utilized by Khalili (1997) for mapping climatic variables across

Iran.

2.5. Frequency Analysis of SSWEI Classes vs. NpSPI and NpSPEI

By comparing the Standardized Snow Water Equivalent Index (SSWEI, representing snow drought)
with either the Non-parametric Standardized Precipitation Index (NpSPI, representing meteorological
precipitation drought) or the Non-parametric Standardized Precipitation Evapotranspiration Index

(NpSPEL representing climatic water balance drought), four distinct scenarios emerge (Figure 4):
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Positive Alignment (PA) (Wet precipitation/water balance and wet snow): Both the
NpSPI/NpSPEI and SSWEI indices exhibit positive values (a surplus in both). This indicates
that both seasonal precipitation/water balance and snow ate above normal. This scenario is
considered ideal for water resources.

Negative Alignment (NA) (Dry precipitation/water balance and dry snow): Both indices are
negative (a deficit in both). This signifies that both seasonal precipitation/water balance and
snow are below normal. This represents the worst-case scenario for water resource deficits.
Divergence Type 1 (DT.1) (Wet precipitation/water balance, but dry snow): The
NpSPI/NpSPEI is positive (above-normal precipitation/water balance), while the SSWEI is
negative (snow deficit). This pattern typically reflects warm winters where a portion of the
precipitation falls as rain rather than snow, or where snowmelt occurs prematurely.
Divergence Type 2 (DT.2) (Dty precipitation/water balance, but wet snow): The
NpSPI/NpSPEI is negative (below-normal precipitation/water balance), whereas the SSWEI
is positive (snow surplus). This rare scenario typically occurs during exceptionally cold winters,
where limited precipitation is fully preserved as snow due to negligible evaporation and

minimal melt losses.

NpSPI or NpSPEIL

SSWEI

Wet

Normal -

Figure 4. The four possible alignment and divergence states between SSWEI and NpSPI/NpSPEL
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Based on these four states, it is evident that snow droughts can only occur under one of two
conditions: Negative Alignment (NA) or Divergence Type 1 (DT.1). Figure 5 illustrates the
classification framework for the three specific types of snow drought (Dry, Warm, and Warm-Dry).

According to this flowchart, the drought classification follows a step-by-step evaluation of the indices:

Step 1: The SSWEI is evaluated first. If the condition SSWEI < 0 is not met, it indicates that no snow

drought has occurred.

Step 2: If SSWEI < 0 is satistied, the NpSPI is then evaluated.

— If NpSPI = 0, the NpSPEI is examined. In this case, if NpSPEI < 0, a Warm snow drought is
identified; otherwise, no drought is recorded.
— If NpSPI < 0, the values of NpSPEI and NpSPI are compared. If NpSPEI <NpSP], the event

is classified as a Warm-Dry snow drought. Otherwise, it is classified as a dry snow drought.

No
SSWEI <0
No
No
NpSPEL< 0
Yes
4 v
Warm-Dry Dry Snowfall Warm Snowfall No Snowfall
Snowfall Drought Drought Drought Drought

Figure 5. Flowchart for determining snow drought types using the SSWEI, NpSPI, and NpSPEI

indices.

3. Results

3.1. Spatial Distribution of Snow Duration, Precipitation, and SWE

Figure 6 illustrates the spatial distribution of four climatic variables across Iran: the long-term mean

annual number of snow months, Snow Water Equivalent (SWE), total precipitation, and the ratio of
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SWE to total precipitation. As shown in Figure 6, the long-term mean number of snow months in
Iran ranges from zero in the central desert and along the southern and southwestern coasts to
approximately 8 months in the high elevations of the Alborz and Zagros ranges and the northwestern
mountains. The mean SWE varies from zero to approximately 900 mm in the central Zagros
highlands, although in most snow-covered regions of the country, the annual SWE is less than 200
mm. Annual precipitation is below 250 mm over a large portion of the country; however, it reaches
1,000 to 1,200 mm in the Alborz and Zagros highlands, and up to 2,000 mm along the Caspian coastal
strip. The SWE-to-total precipitation ratio reaches up to approximately 0.8 across the country, though
it remains below 0.2 over vast areas. This ratio reaches 0.4 in the relatively high mountains of the
Alborz and Zagros, the northeastern mountains, and the Kerman region, and approaches 0.8 in the
central Alborz, central Zagros, and northwestern highlands. Based on the data from the 112 selected

stations, the highest values of this ratio were recorded at Koohrang (0.67) and Abali (0.57).
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Figure 6. Spatial distribution of the mean annual number of snow months (a), Snow Water Equivalent

(SWE) (b), total precipitation (c), and the ratio of SWE to total precipitation (d) across Iran.

3.2. Trend Analysis of SWE in Thermal Climates

The time series of mean Snow Water Equivalent (SWE) from 1991 to 2020 across the four thermal
climates (Figure 7) exhibit a significant decreasing trend in the Very Cold, Cold, and Temperate zones.
Specifically, the Very Cold climate, characterized by the highest mean SWE (~300 mm), experienced
the most pronounced absolute decline (-4.93 mm/yr, R* = 0.379). This was followed by the Cold (-
1.36 mm/yr, R? = 0.405) and Temperate (-0.57 mm/yr, R* = 0.216) zones. In contrast, the Warm

zone not only exhibits the lowest SWE values (near zero) but also demonstrates a statistically
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insignificant and nearly flat trend. Furthermore, the wide shaded bands (representing * 1 standard
deviation) across all climates, particularly in the Very Cold and Cold zones, indicate high interannual
snow variability. Even in the Warm and Temperate zones, isolated extreme spikes are observed (e.g.,

the 2008 anomaly in the Warm zone).
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Figure 7. Temporal variations and trends in mean Snow Water Equivalent (SWE) across the four
thermal climate zones. The shaded areas around the mean represent the standard deviation of SWE

for stations located within each respective climate zone.

Beyond linear trend analysis, the monotonic (linear/non-linear) trends of the SWE time seties were
evaluated. As detailed in Table 1, the mean SWE trends in the Very Cold, Cold, and Temperate zones
are statistically significant and negative, whereas no significant trend is detected in the Warm zone.
The Mann-Kendall (MK) S-statistic is negative across all climate zones; however, the trends are
statistically significant at the 95% confidence level only for the Very Cold (Z = —3.50,p < 0.001),
Cold (Z = —3.53,p < 0.001), and Temperate (Z = —2.53,p = 0.01) zones. In the Warm zone
(Z = —1.03,p = 0.30), the trend is not statistically significant. Based on Sen's slope estimator, the
magnitude of the decline is greatest in the Very Cold zone (-4.41 mm/yr), followed by the Cold (-1.38
mm/yr) and Temperate (-0.55 mm/yr) zones; Sen's slope is approximately zero in the Warm zone.
Therefore, we conclude that: (1) the decline in SWE is more severe and definitive in colder climates,
diminishing in magnitude towards warmer zones; and (2) the downward trends in the Very Cold, Cold,

and Temperate zones are significant at the 5% level. These findings are consistent with the linear trend
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slopes presented in Figure 7.

Table 1. Trend analysis of mean Snow Water Equivalent (SWE) time seties (1991-2020) across

different thermal climate zones of Iran.

Mann-Kendall Test Sen's Slope Test
Climate
Zone S Statistic ~ Z Statistic p-value S?:;;ilyorr)) € 915'?/:‘7?1 J;op/opéli p-value
Very Cold -197 -3.50 0.00 -441 -7.06 -2.10 0.00
Cold -199 -3.53 0.00 -1.38 -2.13 -0.64 0.00
Temperate -143 -2.53 0.01 -0.55 -1.01 -0.16 0.01
Warm -55 -1.03 0.30 0.00 -0.04 0.00 0.30

3.3. Snow Drought Monitoring

In this study, snow droughts were evaluated using the Standardized Snow Water Equivalent Index
(SSWEI) over the dominant snow period in Iran (November to April) across 112 selected stations
spanning four thermal climate zones. According to the SSWEI heatmap (Figure 8), the Very Cold
climate zone (e.g., Abali and Koohrang) exhibits the highest interannual variability. The 1990s were
characterized by moderate to extreme wet conditions (e.g., 1993 and 1997), the 2000s shifted toward
normal and mildly dry conditions, and the 2010s—particularly the period from 2014 to 2020—were
dominated by severe and extreme droughts, marking a structural break in the snow regime of the
country’s highest-elevation regions. The Cold climate zone (containing the highest station density, e.g.,
Tabriz and Zanjan) experienced a similar yet less intense pattern. Scattered wet periods during the
1990s gave way to normal to moderate drought conditions in the 2000s. From the mid-2010s onward,
severe and exceptional droughts expanded across all stations, with 2018 and 2020 recording as dry
snow years at many locations. The Temperate climate zone (e.g., Gorgan and Shiraz) displays a more
muted heatmap, as snow has become a low-frequency phenomenon. While the 1990s featured a few
distinct snow years, normal conditions dominated the 2000s and 2010s, with only scattered wet events
observed (e.g., 2008 in Gorgan and Rasht). Stations such as Lar and Saravan recorded no snow days,
rendering snow drought monitoring inapplicable at those locations. The Warm climate zone (e.g.,
Ahvaz, Abadan, Bandar Abbas, Bushehr, Bam, and Kish) is almost entirely devoid of data, as
significant snow does not occur. The notable exception is Bandar Anzali, which maintains a relatively

consistent snow regime due to marine humidity and its mid-latitude positioning.
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Figure 9. Median (£ standard deviation) of the Standardized Snow Water Equivalent Index (SSWEI)

aggregated across all stations within each of the four thermal climate zones.

To compare the Standardized Snow Water Equivalent Index (SSWEI) across all stations within each
of the four thermal climate zones, the median (£ standard deviation) SSWEI was computed and is
presented in Figure 9. The analysis reveals highly heterogeneous patterns for SSWEI across the four
thermal climate zones from 1991 to 2020. Colder zones (particularly the Very Cold zone) experienced
the highest annual fluctuations and spatial dispersion (indicated by long error bars). Following a wet
period during the 1990s and early 2000s, these regions shifted sharply toward drought in the latter
years of the study period (particularly 2015-2020), with 2020 recording the most severe drought in
the Very Cold zone (median = —2). Conversely, the Temperate and, notably, Warm zones exhibited
much greater stability, remaining largely within the normal range throughout the study period. These
findings suggest an overarching drying trend over the last decade, the severity of which is far more

critical and perilous in cold climates where water resources are heavily reliant on snowmelt.

3.4. Spatial Analysis of Snow Droughts
Figure 10 illustrates the spatial distribution of the SSWEI over the 1991-2020 period. The SSWEI
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Figure 10. Spatial distribution of the Standardized Snow Water Equivalent Index (SSWEI) (drought:
< —1; normal: between —1 and 1; wet: > 1) during the snow season (November to April) across Iran

over the 1991-2020 period.
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distribution pattern across the three consecutive decades indicates a gradual transition from
widespread wet conditions to pervasive droughts. During the 1990s, the years 1992, 1993, and
particularly 1996 exhibited the most extensive spatial coverage of wet conditions throughout the entire
study period. In 1996, large portions of the central and western regions experienced highly favorable
snow reserves, whereas droughts during this decade appeared primarily as small, scattered patches in
1995 and 1999. During the 2000s, normal conditions prevailed. Scattered droughts were observed
mostly in the western and central regions in 2001, 2004, and 2008. Conversely, wet conditions
occurred as small, isolated, and scattered patches in the central and northern regions during 2005 and
2008. From the 2010s onward, the spatial pattern of drought underwent a noticeable shift. In 2010,
2013, and 2015, drought patches expanded across the north and east, with this transition peaking in
the final years of the decade. Specifically, in 2018, 2019, and 2020, snow droughts became extensive
and continuous, covering vast areas across the northern, northeastern, eastern, and central regions. By
2020, nearly the entire eastern and northern half of the region was confronted with severe snow

drought.

Figure 11 illustrates the percentage of the total study area occupied by each SSWEI category (drought,
normal, and wet) for each snow year. Based on the stacked bar chart, it is evident that the normal
category (white bars) consistently accounts for the largest proportion throughout the entire 30-year
period (typically exceeding 70-80% of the area). This indicates that intermediate (normal) conditions
have been the dominant state across the region. Notably, 1996 stands out as the wettest year of the
period, with nearly 47% of the study area classified as wet (blue bars), followed by 1992 (~38%) and
1993 (~30%).

A key finding from this figure is the gradual yet continuous increase in the proportion of drought
conditions (yellow bars) from the 2010s onward. While the drought extent rarely exceeded 5% during
the 1990s and 2000s, it reached approximately 10-15% in 2009 and 2010. This trend culminated in
2018 (~15%), 2019 (~11%), and 2020 (~18%). Ultimately, the year 2020 recorded the highest

percentage of area affected by snow drought over the entire study period.
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Figure 11. Stacked bar chart (percentage area) of the SSWEI drought, normal, and wet categories
during the 1991-2020 period in Iran.

3.5. Frequency Analysis of SSWEI Classes vs. Other Drought Indices

The concurrent analysis of the Standardized Snow Water Equivalent Index (SSWEI) alongside the
Non-parametric Standardized Precipitation Index (NpSPI) and the Non-parametric Standardized
Precipitation Evapotranspiration Index (NpSPEI) provides valuable insight into the role of
temperature in climate change, as it distinguishes whether snow deficits stem from reduced
precipitation or from warming-induced precipitation phase shifts (i.e., snow converting to rain). This
comparative analysis was conducted on the drought index time series across the Very Cold, Cold, and
Temperate climate zones. In the Warm climate zone, such an analysis was not feasible due to the

absence or rarity of snow events.

Opverall, as illustrated in Figure 12, the frequency distribution pattern of the SSWEI relative to both
the NpSPI and NpSPEI is remarkably similar and consistent. In colder climates (Very Cold and Cold),
Positive Alignment (PA) and Negative Alignment (NA) states exhibit the highest frequencies
(approximately 30—35%), indicating a strong synchronicity and correlation between snow droughts
and meteorological precipitation/climatic water balance droughts in these regions. Conversely,
transitioning toward the Temperate climate, the frequency of the PA state decreases sharply (to

approximately 18%), while the frequency of Divergence Type 1 (DT.1) increases significantly (to
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approximately 30%). Consequently, in the Temperate climate zone, DT.1 becomes the most prevalent
state, likely attributable to the more prominent role of evapotranspiration in these regions.
Furthermore, Divergence Type 2 (DT.2) exhibits the lowest frequency across all climate zones
(approximately 15—18%). Moreover, the relatively large standard deviations (particularly within the
Temperate climate for the PA and DT.1 states) highlight the high spatial variability and heterogeneity

of these states among the stations within each climate zone.
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Figure 12. Mean (% standard deviation) relative frequency (%) of Positive Alignment (PA), Negative
Alignment (NA), Divergence Type 1 (DT.1), and Divergence Type 2 (DT.2) between the SSWEI and
NpSPEI and the SSWEI and NpSPI, across the thermal climate zones of Iran.

3.6. Frequency Analysis of Snow Drought Types

Figure 13 presents the mean (& standard deviation) relative frequency of the three snow drought types
(Dry, Warm, and Warm-Dry) across the Very Cold, Cold, and Temperate climate zones. The most
prominent finding of this figure is the overwhelming and absolute dominance of Warm-Dry droughts
across all climate zones. Specifically, the relative frequency of this drought type is approximately 40%,
whereas the frequency of purely Dry or purely Warm droughts remains notably low across all three
climates, at approximately 10% to 11%. Another notable observation is the high uniformity and
convergence of the pattern among the different climate zones, implying that there is no significant
difference in the distribution of these three drought types across the Very Cold, Cold, and Temperate

climates. This finding indicates that, irrespective of the baseline thermal conditions of each climate

25



514
515
516
517
518

519
520

521

522

523
524
525
526
527
528
529
530
531
532

zone, whenever a snow drought occurs in Iran, it predominantly manifests as the simultaneous
occurrence of precipitation deficits (dryness) and temperature increases (warming). Overall, this figure
emphasizes that snow drought in Iran is a compound phenomenon in which increased
evapotranspiration (driven by warming) and decreased precipitation act concurrently, thereby

exacerbating each othet's effects.
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Figure 13. Mean (£ standard deviation) relative frequency (%) of snow droughts across the thermal

climate zones of Iran.

4. Discussion

The findings of this study—demonstrating a significant decline in Snow Water Equivalent (SWE)
across all climate zones, most notably the steepest decline in the Very Cold climate (—4.93 mm/yt)—
align closely with a recent study based on ERA5-Land reanalysis data in Iran (Hajivand Paydari et al.,
2026). That study indicates that the temperature during the dominant snow season (November—April)
in Iran has increased at a rate of approximately 0.67°C per decade, and peak SWE has decreased at a
rate of 10.3 mm per decade, while precipitation has exhibited no significant trend. This indicates a
structural shift in the mechanism of snow drought in Iran: a transition from a precipitation-deficit
regime to a temperature-driven regime. This diagnosis is fully consistent with our results, as across all
four climates, the share of compound warm-dry droughts is far greater than that of purely dry

droughts, implying that temperature (rather than precipitation deficit alone) has become the primary
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limiting factor for snow reserves. MODIS-based assessments (snow cover persistence) further
confirm that temperature accounts for approximately 58% of the reduction in Iran's snow cover,

whereas precipitation accounts for roughly 42% (Karimi and Sarbazvatan, 2025).

The absolute dominance of compound warm-dry droughts (~40%) across all zones is physically
consistent with the three-tier snow drought classification framework (dry, warm, and warm-dry)
proposed by Dierauer et al. (2019). In fact, warm-dry droughts result from the simultaneous
occurrence of precipitation deficits and abnormally high temperatures. Dierauer et al. (2019) note that
compound warm and dry conditions typically generate the most severe snow droughts, as the effects
of reduced precipitation and accelerated melt processes exacerbate each other. The high proportion
of this drought type in the present study indicates that snow drought in Iran is not a single-factor
product but rather the result of the synergistic interaction between moisture stress and thermal stress.
This finding is consistent with the global-scale results of Huning and AghaKouchak (2020), who
demonstrated that in climate transition zones and lower elevations, the effect of increasing
temperature on reducing snow reserves can surpass the influence of precipitation variability. From a
physical mechanism perspective, increasing temperatures exacerbate snow drought through two
pathways: first, the phase shift of precipitation from solid to liquid (rain), which directly reduces snow
accumulation; and second, the acceleration of existing snowmelt, which shortens the lifespan of the
snow reserve. The continuation of the warming trend during Iran's cold season has activated both
pathways simultaneously, consequently raising the frequency of warm-dry droughts to abnormally

high levels.

The rapid rate of SWE decline in the Very Cold climate (—4.93 mm/yr), which appears
counterintuitive at first glance (the coldest region experiences the greatest decline), can be explained
by the Elevation-Dependent Warming (EDW) phenomenon (Pepin et al., 2015). EDW refers to the
increase in warming rates with increasing elevation, driven by factors such as snow-albedo feedback
and water vapor feedback. MODIS observations in Iran show that the mean elevation of snow cover
has shifted to higher altitudes at a rate of approximately 29 m per year (a total of about 638 m), which
is equivalent to a warming rate of about 0.07 to 0.09°C per year (Karimi and Sarbazvatan, 2025). At
high elevations in the Very Cold climate, positive snow-albedo feedback is highly decisive: a reduction
in snow cover decreases the surface albedo, causing the land to absorb more solar energy, which raises
local temperatures and accelerates the melt of remaining snow (Liu et al., 2026). Because these regions

initially hold the largest snow volumes, the potential for this positive feedback is maximized there.

27



564
565
566
567
568

569
570
571
572
573
574
575
576
577
578
579
580
581
582

583
584
585
586
587
588
589
590
591
592

Therefore, although the Very Cold climate has the highest baseline SWE, it exhibits the most sensitive
response to warming due to these mechanisms. Furthermore, studies have shown that the deposition
of light-absorbing particles such as black carbon in the Alborz highlands reduces snow albedo and,
combined with rising temperatures, intensifies snowmelt and exacerbates the vulnerability of these

regions (Norooz-Valashedi and Noroozian-Rostami, 2020).

In the Temperate climate, the share of Divergence Type 1 (DT.1)—where precipitation is normal or
above normal but a snow drought occurs—rteaches approximately 30%. This pattern exactly matches
the classic definition of a warm snow drought provided by Harpold et al. (2017) and Dierauer et al.
(2019): total precipitation is near or above average, but due to higher temperatures, the fraction of
precipitation falling as snow is reduced, or snow melts prematurely, resulting in an SWE deficit. In the
Temperate climate, winter temperatures often hover near the 0°C threshold (the rain-snow transition
boundary); therefore, even slight warming can cause non-linear and dramatic shifts in the solid-to-
liquid precipitation ratio. This explains why warm snow droughts are far more common in the
Temperate climate than in colder climates. Recent observations in Iran also confirm this; at snow-
dominated stations, wet periods have been accompanied by significant temperature increases, such
that a larger proportion of precipitation during the warm season has fallen as rain rather than
recharging snow reserves (Motamedi et al., 2023). Thus, the high frequency of DT.1 in the Temperate
climate is not statistical noise but a clear signal of a change in the hydrological response of these

regions to global warming,.

The methodological framework employed in this study (integrating SSWEI, NpSPI, and NpSPEI)
offers significant advantages. First, the SSWEI and its non-parametric version (based on the
Gringorten empirical probability) are the most suitable options for regions like Iran that face sparse
ground station networks and complex topography. The standardized SWE deficit assessment
framework developed by Huning and AghaKouchak (2020) enables the comparison of snow droughts
across different climates. Second, using NpSPEI (instead of raw temperature) as a thermal stress proxy
provides a more precise physical meaning for separating warm-dry droughts from dry ones. When
NpSPEI is more negative than NpSPI, it signifies that the increase in atmospheric water demand
(potential evapotranspiration) exceeds what can be explained by precipitation deficits alone; this

discrepancy is a clear indicator of the involvement of thermal stress.
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5. Conclusion

This study investigated and classified snow droughts in Iran using data from 112 meteorological
stations over the 1991-2020 period. The results revealed a significant decreasing trend in Snow Water
Equivalent (SWE) across the Very Cold, Cold, and Temperate climate zones, with the decline being
most pronounced in colder climates. The analysis of snow drought types using the index alignment
matrix demonstrated that Warm-Dry droughts (a combination of precipitation deficits and thermal
stress) are the most prevalent drought type across all snow-covered climate zones in Iran.
Furthermore, in the Temperate climate, the divergence state (wet precipitation conditions but snow
drought) accounts for a substantial proportion, primarily due to increasing temperatures and the shift
from snow to rainfall. These findings are consistent with recent studies in Iran indicating a regime
shift in snow droughts from precipitation-driven to temperature-driven. Overall, it can be concluded
that snow droughts in Iran are strongly influenced by global warming, and the methodological
framework presented in this study provides a precise approach for identifying compound droughts.
This framework can be effectively utilized in water resource management and climate change

adaptation planning in the mountainous and snow-covered regions of the country.
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