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Abstract. Snow drought, characterized by anomalously low
snow water equivalent (SWE) relative to climatological con-
ditions, has become an increasingly important cryospheric
hazard with substantial environmental and socio-economic
impacts. Although numerous snow drought identification
methods have been developed, existing implementations are
typically fragmented into independent scripts and region-
specific workflows, hindering methodological consistency,
reproducibility, and systematic intercomparison. Here we
present the Multi-method Snow Drought Toolbox (MSDT),
an open-source Python software package that provides an
end-to-end workflow for snow drought research, encom-
passing SWE data acquisition, multi-method identification,
data visualization, and comparative analysis through an
intuitive graphical user interface. MSDT integrates seven
widely adopted snow drought identification methods span-
ning yearly, monthly, and daily temporal scales, with flexible
and adjustable parameters that enable users to tailor anal-
yses to different climatic regions and research objectives.
The toolbox streamlines data access by supporting automated
downloading of state-of-the-art SWE datasets together with
a curated catalog of commonly used products, and further
supports interactive geospatial visualization for data explo-
ration and methodological comparison. In addition, the tool-
box adopts a memory- and performance-efficient architecture
that supports large spatiotemporal datasets while maintaining
responsive snow drought computing. Its modular architec-
ture enables straightforward integration of additional datasets
and identification algorithms. We demonstrate the capability
of MSDT using ERA5-Land SWE data to reproduce global
snow drought climatology, temporal variability, and repre-
sentative historical events documented in previous studies.

The results show that MSDT consistently reproduces pub-
lished snow drought characteristics while substantially im-
proving computational efficiency, workflow reproducibility,
and methodological comparability. By providing a standard-
ized, extensible, and user-friendly platform, MSDT lowers
technical barriers and facilitates reproducible snow drought
monitoring, model evaluation, and impact assessment.

1 Introduction

Snow drought, characterized by anomalously low snow wa-
ter equivalent (SWE) relative to climatological conditions,
has emerged as a critical component of global change. Re-
cent decades have witnessed a succession of high-impact
snow drought events across the western United States (Har-
pold et al., 2017; Dye et al., 2023), Central Asia (Bair et al.,
2018), the European Alps (Colombo et al., 2023), and the
Hindu Kush-Himalaya region (ICIMOD, 2025), underscor-
ing the global scope and increasing severity of this hazard.
The growing prominence of snow drought are exerting im-
portant implications for natural and socioeconomic systems
(Sturm et al., 2017; Henderson et al., 2018; Falk and Lin,
2021; Siirila-Woodburn et al., 2021; Han et al., 2025), at-
tracting increasing attention from the research community.

A range of snow drought identification methods has been
developed to characterize different aspects of snow defi-
ciency across multiple temporal scales. Annual-scale ap-
proaches generally evaluate whether seasonal snow metrics,
such as 1 April SWE, peak SWE magnitude, peak SWE tim-
ing, seasonal accumulated SWE, or average SWE, fall be-
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low climatological thresholds (Harpold et al., 2017; Dierauer
et al., 2019; Marshall et al., 2019; Li et al., 2024). Monthly-
scale methods, represented by the Standardized Snow Water
Equivalent Index (SWEI), extend the standardized precip-
itation index (SPI) framework by transforming cumulative
SWE anomalies into standardized probability distributions,
thereby enabling consistent assessment of prolonged snow
deficits (Huning and AghaKouchak, 2020b). At finer tempo-
ral resolution, daily-scale approaches such as the Phase Di-
agram Method (PDM) simultaneously track the evolution of
SWE and precipitation percentiles, allowing the onset, de-
velopment, transition, and recovery of snow drought events
to be monitored in near real time (Hatchett et al., 2022). To-
gether, these complementary methods provide a comprehen-
sive characterization of snow drought evolution from sea-
sonal accumulation deficits to intra-seasonal persistence and
short-term snowpack dynamics.

Despite these methodological advances, practical applica-
tion remains constrained by the lack of unified computational
tools. Unlike meteorological and hydrological drought in-
dices, which benefit from mature, widely adopted computa-
tional packages (Hao et al., 2017; Hayes et al., 2011), snow
drought analyses remain dependent on ad hoc, investigator-
specific scripts written in Python, R, or MATLAB. Differ-
ences in implementation details, parameter settings, climato-
logical baselines, temporal aggregation strategies, and out-
put formats frequently lead to inconsistent results among
studies, reducing methodological transparency, reproducibil-
ity, and comparability (Gottlieb and Mankin, 2022; Fang
and Leung, 2023). Moreover, constructing complete snow
drought analysis workflows – including data acquisition, pre-
processing, identification, visualization, and result export –
typically requires considerable programming expertise, cre-
ating substantial barriers for hydrologists, cryosphere scien-
tists, operational agencies, and resource managers. Although
platforms such as Google Earth Engine, Microsoft Plane-
tary Computer, and Copernicus Climate Data Store have
provided scalable cloud computing environments and fa-
cilitate retrieval and preprocessing of snow datasets, none
currently provides standardized implementations of multi-
ple snow drought identification methods, integrated com-
parison among alternative definitions, or dedicated graphi-
cal workflows tailored to snow drought analysis. Moreover,
although existing intercomparisons have demonstrated that
method choice can affect inferred drought characteristics
(Gottlieb and Mankin, 2022), many studies still rely on a sin-
gle identification method because of the constraints outlined
above, leaving the robustness of their conclusions across al-
ternative definitions insufficiently evaluated.To bridge this
gap, we developed the Multi-method Snow Drought Tool-
box (MSDT), an open-source Python-based software pack-
age that provides an integrated and standardized platform
for snow drought analysis. MSDT implements seven widely
adopted snow drought identification methods across yearly,
monthly, and daily temporal scales within an intuitive graph-

ical user interface (GUI). The toolbox supports automated
downloading of ERA5-Land and GlobSnow SWE datasets,
flexible parameter customization, multi-file comparison, in-
teractive geospatial visualization, and standardized NetCDF
output with embedded metadata to facilitate reproducible
downstream analyses. Its modular software architecture sep-
arates computational algorithms, data management, visual-
ization, and interface components, allowing new datasets and
identification methods to be incorporated with minimal mod-
ification. By integrating data acquisition, processing, visual-
ization, and multi-method comparison into a unified work-
flow, MSDT substantially lowers technical barriers while im-
proving methodological consistency and computational re-
producibility for snow drought research and operational ap-
plications.

In the following, we introduce the implemented snow
drought identification methods together with the software
architecture and graphical interface in Sect. 2. Section 3
demonstrates the capability of MSDT using global analyses
and representative historical snow drought events. Section 4
examines the scientific implications, computational perfor-
mance, current limitations, and future development of the
toolbox.

2 Method and software

2.1 Snow drought identification method

We group existing methods by temporal scale: point-in-time
methods for yearly conditions, standardized index methods
for monthly anomalies, and diagram methods for daily evo-
lution (Table 1).

2.1.1 Point-in-time method (yearly)

Point-in-time methods identify snow drought when snow
metrics, such as 1 April SWE, peak SWE, peak SWE date,
or annual accumulated SWE, fall below local climatology
or lower-tail percentiles. The 1 April SWE metric is widely
used in the western United States because it often approxi-
mates maximum seasonal snowpack and separates accumu-
lation from melt seasons (Harpold et al., 2017; Huning and
AghaKouchak, 2020a; Pagano et al., 2004; Zeng et al., 2018).
Its transferability is limited, however, because peak timing
varies across regions and elevations (Gottlieb and Mankin,
2022; Harpold et al., 2012; Musselman et al., 2021). Alter-
native approaches use peak SWE, peak timing, or annual ac-
cumulated SWE relative to climatological means, medians,
or percentiles (Cooper et al., 2016; Dierauer et al., 2019;
Heldmyer et al., 2023; Li et al., 2024; Marshall et al., 2019;
Shrestha et al., 2021).

In MSDT, the thresholds listed in Table 1 are imple-
mented as documented defaults rather than hard-coded con-
stants. Users can define the mean multiplier used by 1Apr-
SWE and PeakSWEMean, the lower-tail percentile used by
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Table 1. Snow drought identification methods.

Categories Reference Descriptor Metric User-configurable threshold (Default)

Point-in-time method
(Yearly)

Harpold et al.
(2017)

1AprSWE 1 April SWE < user-defined fraction of climatological mean
(default: 1.0×mean)

Dierauer et al.
(2019)

PeakSWEMean Peak SWE < user-defined fraction of climatological mean
(default: 1.0×mean)

Marshall et al.
(2019)

PeakSWEPctl Peak SWE < user-defined lower-tail percentile (default:
25th percentile)

Marshall et al.
(2019)

PeakSWEDate Date of peak
SWE

< user-defined lower-tail percentile of peak
date (default: 25th percentile)

Li et al. (2024) AccSWE Accumulated
SWE

User-defined percentile classes (default:
50th–25th, 25th–15th, 15th–5th, and < 5th
percentiles)

Standardized index
method (SI, Monthly)

Huning and
AghaKouchak
(2020b)

SWEI n-month
accumulated
SWE

User-defined standardized SWEI threshold and
severity classes (default detection threshold:
SWEI <=−0.5)

Phase diagram method
(PDM, Daily)

Hatchett et al.
(2022)

PDM SWE User-defined SWE percentile threshold and
severity classes (default: 30th, 20th, 10th, 5th,
and 2nd percentiles)

PeakSWEPctl, PeakSWEDate, AccSWE, and PDM, and the
SWEI threshold used for standardized monthly anomalies.
These settings are stored in output metadata to support sen-
sitivity analysis and reproducibility.

The point-in-time methods are advantageous for interpret-
ing the state of snowpack in a simple and practical way. Peak
SWE, for example, is widely used for revealing interannual
changes in snow conditions (Cowherd et al., 2023; Heldmyer
et al., 2023; Yeşilköy et al., 2024). The primary limitation is
that these methods do not account for the dynamics of snow
cover (i.e., the onset, development, and cessation process).

2.1.2 Standardized index method (SI, monthly)

SI methods treat snow drought as a sub-seasonal period
of low snowpack. The Standardized Snow Water Equiva-
lent Index (SWEI), inspired by SPI (Keyantash, 2021), de-
scribes snow drought using probability-transformed cumula-
tive SWE anomalies (Huning and AghaKouchak, 2020b). In
the original SWEI method, a three-month sliding accumula-
tion is performed on monthly SWE datasets to obtain accu-
mulated SWE records:

Ak,i =

0∑
k=−2

SWEk

the probabilities of cumulative SWE were subsequently de-
termined by computing the empirical Gringorten plotting po-
sition (Gringorten, 1963):

p(Ak,i)=
i− 0.44
N + 0.12

where i represent the ith rank of Ak,i sorted in ascending
order, N is the number of samples in the ranked list. The in-
verse cumulative distribution function is used to transform
the empirical probability, p, into the standard normal distri-
bution to obtain SWEI:

SWEI=∅−1(p).

SI methods provide a measure reflecting the combined ef-
fects of SWE amount and its persistence over any desired
timescale. They allow a more flexible characterization of the
temporal evolution of snow drought. In addition, SI values
are comparable across regions with different climates, since
they are essentially the standardized SWE anomalies after
the normalization (Keyantash, 2021). These advantages po-
tentially support their widespread adoption, similar to other
drought indices (Hao et al., 2017; Hayes et al., 2011).

2.1.3 Phase Diagram method (PDM, daily)

Hatchett and McEvoy (2018) noted that point-in-time and SI
methods do not fully represent the real-time onset, evolution,
and termination of snow drought, which can limit impact-
oriented interpretation. Hatchett et al. (2022) therefore ap-
plied a phase diagram to examine the daily co-variation of
SWE and accumulated precipitation. The method basically
follows the following steps: (1) calculating daily percentiles
for SWE and precipitation. The accumulated SWE and accu-
mulated precipitation since the first day of winter period is
calculated first, and a 7 d moving window centered on each
calendar day is applied to reduce seasonality effects. (2) scat-
tering and connecting daily percentiles on the phase diagram
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in chronological order. (3) days falling between the 30th–
20th, 20th–10th, 10th–5th, and 5th–2nd percentiles, and be-
low the 2nd percentile, are identified as abnormally dry, mod-
erate drought, severe drought, extreme drought, and excep-
tional drought, respectively. Dry snow drought occurrs when
accumulated precipitation is below the median and warm
snow drought occurring when it is above the median. Within
below-median precipitation conditions, a precipitation per-
centile exceeding the SWE percentile indicates dry but warm
snow drought, suggesting a comparatively greater snowpack
deficit in percentile terms. Thus, this approach does not di-
rectly apply a temperature threshold but instead uses the
combined precipitation and snowpack anomalies to infer po-
tential warming-related influences, such as rainfall replacing
snowfall or enhanced snowmelt.

The PDM provides more than a snow drought identifica-
tion method and an illustration of variation, it offers a po-
tential tool to link snow drought to its impacts on meteorol-
ogy, water resources, ecosystems, and recreation within the
system of interest. However, because it explicitly includes
precipitation but not other drivers such as temperature, so-
lar radiation, humidity, or light-absorbing particles, it cannot
represent all snow-evolution mechanisms (Fang and Leung,
2023; Hatchett et al., 2022; Wang et al., 2024).

2.2 Identification of snow-covered area

Accurate snow drought identification requires prior estab-
lishment of valid snow persistence zones. In this study, we
first calculate the 3 month rolling snow cover fraction cli-
matology from MODIS/Terra Monthly Snow Cover data set
(MOD10C1) observations (2000–2022), then apply a 5 %
threshold to remove ephemeral snow regions. Monthly SWE
records from the land component of the fifth generation of
European ReAnalysis (ERA5-Land, 1980–2024) are further
used to retain pixels where snow is present for at least 75 %
of a given month across the study period (Huning and Agha-
Kouchak, 2020b; Li and Wang, 2022). All data are regrid-
ded to 0.25° spatial resolution using the bilinear interpolation
method before identifing snow-covered area.

The MSDT system does not restrict the method for iden-
tifying the snow-covered area. Users can use this as a refer-
ence or employ other methods to determine their own snow-
covered area. Then, in the form of an Excel table (optional),
they can specify the Extent Mask within the MSDT program
to reduce the computational load.

2.3 Multi-method snow drought toolbox, MSDT

2.3.1 Software architecture

The MSDT is designed as a modular, end-to-end software
framework that integrates SWE data preparation, multi-scale
snow drought analysis, visualization, and standardized out-
put generation within a unified workflow (Fig. 1). The

software adopts a layered architecture in which individual
functional components communicate through standardized
NetCDF-based data structures rather than method-specific
intermediate files, ensuring consistency, extensibility, and re-
producibility.

The workflow begins with a data input and preprocessing
layer. During data ingestion, coordinate systems, temporal
dimensions, hydrological-year definitions, baseline periods,
and metadata are automatically validated and standardized.
This shared preprocessing framework ensures that all subse-
quent analysis modules operate on consistent data structures
regardless of the original data source. After preprocessing,
users access three independent but interconnected functional
modules through the graphical user interface. The Multi-
scale Analysis Module performs snow drought identification
using multiple methods at yearly, monthly, and daily tem-
poral scales. The Visualization Module enables interactive
inspection of both original SWE datasets and derived snow
drought products through synchronized geospatial mapping
and comparison tools. The Data Download Module pro-
vides automated retrieval of selected SWE datasets together
with a curated catalog of commonly used snow products
for convenient data discovery. Finally, all analysis results
are exported through a standardized NetCDF output layer,
which stores snow drought occurrence, drought type, inten-
sity, SWE values, thresholds, and complete method metadata
using a unified data model (Table 2 and Text S2). By sep-
arating data management, computational algorithms, visual-
ization, and user-interface components, the architecture fa-
cilitates future integration of new datasets and identification
algorithms while maintaining a consistent and reproducible
workflow.

2.3.2 Multi-scale analysis module

The Multi-scale Analysis Module constitutes the computa-
tional core of MSDT (Fig. S1 in the Supplement). It in-
tegrates seven widely adopted snow drought identification
methods spanning yearly, monthly, and daily temporal scales.
Five yearly point-in-time methods (1AprSWE, PeakSWE-
Mean, PeakSWEPctl, PeakSWEDate, and AccSWE) charac-
terize seasonal snow deficits from complementary perspec-
tives, including snow accumulation, peak magnitude, and
peak timing. At the daily scale, the PDM method identifies
the onset, evolution, and termination of snow drought events
based on the joint evolution of SWE and precipitation per-
centiles.

The monthly module implements SWEI method, allow-
ing users to choose the accumulation window from 1–
12 months and to fit the cumulative SWE series using ei-
ther the empirical Gringorten plotting position or paramet-
ric distributions commonly used in drought-index calcula-
tions, including Gamma, Pearson type III, normal, lognor-
mal, and Weibull distributions (McKee et al., 1993; Guttman,
1999; Vicente-Serrano et al., 2010; Stagge et al., 2015). For
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Figure 1. Overall software architecture of MSDT.

Table 2. Main characteristics for different snow drought definitions. sd_flag: binary records of snow drought; sd_type_flag: causes of snow
drought; intensity: SWE, date, or SWEI anomaly of each record; intensity_flag: severity level of snow drought, see Table S1 in the Supplement
for the classification schemes and flag values; swe: SWE when snow drought occurs; threshold: threshold used to identify snow drought. See
Table S2 for detail explanations of those variables.

Categories Descriptor Snow drought characteristics

sd_flag sd_type_flag intensity intensity_flag swe threshold

Yearly 1AprSWE X X X X
PeakSWEMean X X X X
PeakSWEPctl X X X X
PeakSWEDate X X X X
AccSWE X X X X X

Monthly SWEI X X X X

Daily PDM X X X X X

parametric SWEI fitting, positive-support distributions use
a zero-probability adjustment before cumulative distribution
transformation, whereas real-support distributions are fitted
directly to finite accumulated SWE values. If a fitted distri-
bution is numerically unstable or has too few valid samples
at a grid cell, MSDT falls back to the empirical estimator
and records the selected distribution in the output metadata.
The choice of distribution can influence the probability trans-
formation of accumulated snow water equivalent and there-
fore affect the estimated spatial extent, severity, and duration
of snow drought events. The empirical Gringorten approach

does not assume a predefined distribution and is useful when
sample sizes are limited or the data distribution is complex;
however, it has limited ability to represent probabilities be-
yond the observed record (Gringorten, 1963; Huning and
AghaKouchak, 2020). Parametric distributions may provide
smoother probability estimates, but their performance de-
pends on how well the assumed distribution matches the ob-
served snow water equivalent characteristics. Gamma, Log-
normal, and Weibull distributions are often suitable for non-
negative and right-skewed hydroclimatic variables, whereas
Pearson type III has been widely recommended in standard-
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ized drought-index calculations because of its flexibility in
representing skewed distributions (Guttman, 1999; Stagge
et al., 2015). The Normal distribution is simple and compu-
tationally stable, but it may underestimate extremes in re-
gions with strong skewness or frequent zero-snow condi-
tions. Therefore, probability distribution selection should be
treated as a source of methodological uncertainty. Users are
encouraged to compare multiple distributions, especially in
regions with short records, intermittent snow cover, or com-
plex snow regimes.

Despite their methodological differences, all identification
methods follow a common computational workflow consist-
ing of data loading, parameter validation, algorithm execu-
tion, metadata generation, and standardized output. This uni-
fied processing framework enables direct comparison among
snow drought definitions, climatological baselines, thresh-
old selections, temporal scales, and input datasets. Users
can flexibly configure baseline periods, winter period defini-
tions, drought thresholds, accumulation windows, and prob-
ability distributions through the graphical interface. To min-
imize invalid parameter combinations, the graphical inter-
face dynamically activates only the configuration options re-
quired by the selected identification method. The software
also automatically determines the default winter period ac-
cording to the hemisphere of the input dataset, adopting July–
June (Northern Hemisphere) and January–December (South-
ern Hemisphere) for yearly-scale analyses, and November–
March and May–September for daily-scale analyses, respec-
tively. Meanwhile, users can customize the start and end
months of the winter period. For the Northern Hemisphere,
the end month is interpreted as a month in the following year,
whereas for the Southern Hemisphere, it corresponds to a
month in the same year. Furthermore, the Intensity outputs
generated by the AccSWE, SWEI, and PDM methods sup-
port user-defined reclassification, enabling direct comparison
of snow drought severity across methods, datasets, and study
regions.

More details regarding the pseudocode, flowcharts, input
and output conventions, and example parameter files for the
seven snow drought identification methods in the Supple-
ment (Text S1).

2.3.3 Visualization module

The Visualization Module provides an integrated environ-
ment for interactive exploration of SWE datasets and snow
drought products without requiring external geographic in-
formation system (GIS) software (Fig. S2). Multiple NetCDF
files can be opened simultaneously, allowing direct com-
parison among datasets, identification methods, variables,
and parameter settings. The module synchronizes tempo-
ral selection, map projection, color mapping, and navigation
across multiple visualization panels, facilitating evaluation of
methodological differences and spatial consistency.

Interactive geospatial visualization is implemented using
Matplotlib and Basemap, supporting zooming, panning, fit-
to-view, and rapid switching between variables and time
steps. Variable metadata are displayed within the interface
and can be customized to improve figure readability. Final
figures can be exported in PNG, JPG, TIF, PDF, and SVG
formats with user-defined resolutions, enabling publication-
quality graphics to be generated directly within MSDT.

2.3.4 Data download module

The Data Download Module integrates automated data ac-
quisition with a comprehensive SWE product catalog to sim-
plify data preparation for snow drought analysis (Fig. S2).
Downloaded datasets are automatically organized using the
standardized data structure adopted throughout MSDT and
can be transferred directly to the analysis and visualization
modules without additional preprocessing.

Currently, MSDT supports automated retrieval of ERA5-
Land SWE through the Copernicus Climate Data Store
(CDS) API and downloading of GlobSnow v3.0 products
(Pulliainen et al., 2020; Muñoz-Sabater et al., 2021). Users
specify the spatial domain, temporal range, variables, local
storage location, and API credentials (where required), while
download progress and execution status are displayed in real
time within the application.

To facilitate broader data selection, MSDT also includes
a curated SWE product catalog covering more than 9
commonly used in-situ observations, reanalysis and data-
assimilation products, and satellite-derived datasets (Ta-
ble S3). For each product, the catalog summarizes the tempo-
ral coverage, spatial resolution, provider, available variables,
and access information, enabling users to efficiently iden-
tify suitable datasets for regional applications, intercompar-
ison studies, and validation analyses (Robinson et al., 1993;
Gelaro et al., 2017; Bormann et al., 2018; Che et al., 2019;
Rodell et al., 2004; Takala et al., 2011; Pulliainen et al., 2020;
National Operational Hydrologic Remote Sensing Center,
2004).

2.3.5 Computational optimization

To improve computational efficiency and memory stability,
MSDT adopts an end-to-end optimization strategy covering
the entire workflow from data input to result export (Fig. 2).
During data ingestion, NetCDF files are loaded lazily to re-
duce memory pressure and standardized to consistent vari-
able names, coordinate conventions, and dimension orders,
thereby eliminating redundant preprocessing in subsequent
computational steps. The input data are further constrained to
the optionally selected winter period and user-defined spatial
extent, minimizing the volume of data processed throughout
the workflow. During computation, optimization strategies
are tailored to different identification methods. Yearly meth-
ods rely primarily on vectorized hydrological-year aggrega-
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Figure 2. End-to-End Computational Optimization Workflow of MSDT

tion with low memory overhead, whereas SWEI employs
compact rolling-accumulation arrays with user-selectable
probability distributions. For the computationally intensive
daily PDM method, MSDT uses a memory-aware calcula-
tion and output workflow. Inputs are first restricted to the se-
lected winter period. Small datasets are processed as a sin-
gle spatial block, whereas larger datasets are partitioned into
latitude blocks that retain the complete temporal sequences
needed for percentile estimation. Block size and concurrency
are determined from the filtered input dimensions and avail-
able system memory, with explicit parallel execution limited
to two workers. A bounded task queue controls the number of
resident block results, and blocks outside the extent mask are
omitted. Floating-point intermediate arrays use float32 preci-
sion where appropriate. A single writer incrementally stores
block results in annual NetCDF files, and these results are
released after writing. Outputs use lossless NetCDF4 com-
pression at level 4, with shuffle enabled and storage chunks
aligned with spatial blocks. This workflow controls memory
demand throughout calculation and output and reduces stor-
age requirements.

Detailed computational benchmarks are provided in
Text S3, including method-specific runtimes and peak mem-
ory usage, temporal and spatial scaling, and NetCDF file
sizes with and without lossless compression. All benchmarks
were conducted using the same hardware and software con-
figuration.

3 Experimental study

3.1 Global snow drought characteristics

To demonstrate the capabilities of MSDT, we analyzed
global snow drought characteristics across yearly, monthly,
and daily scales. Snow drought characteristics were calcu-
lated from ERA5-Land SWE data at 0.25° spatial resolution
for 1980–2024. The default parameters were used for each
method.

Figure 3a–e shows the relative changes in snow drought
years across the world from 1980–2024 using yearly-scale
methods. Positive and negative values indicate increases and
decreases in snow drought years during the latter 22 years
relative to the first 22 years, respectively. Globally, the meth-
ods revealed spatially consistent patterns, with hotspots in
western CONUS, eastern Russia, Europe, eastern Siberia,
Central Asia, and East Asia, demonstrating the ability of
MSDT to reproduce established large-scale snow drought
patterns. The temporal evolution of snow drought spa-
tial extent is shown in Fig. 3f–j. Over the past 45 years,
snow droughts exhibited significant spatial expansion across
all methods except 1AprSWE, potentially reflecting ear-
lier snowmelt timing. The 1AprSWE method, originally de-
signed for western CONUS, showed smaller spatial cover-
age than the other four methods (Fig. 3a–e) because valid
snowpack is often absent on 1 April in southern or low-
elevation regions of the Northern Hemisphere. Similarly,
PeakSWEPctl showed smaller changes in drought years and
spatial extent than PeakSWEMean (Fig. 3b and c, g and h),
reflecting its stricter drought identification threshold.
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Figure 3. Global changes in snow drought year between the first and last 22 years (a–e) and the timeseries of the number of snow drought
grid box (f–j) using yearly-scale methods: (a, f) 1AprSWE, (b, g) PeakSWEMean, (c, h) PeakSWEPctl, (d, i) PeakSWEDate, and (e, j)
AccSWE.

Geosci. Model Dev., 19, 10669–10686, 2026 https://doi.org/10.5194/gmd-19-10669-2026



X. Li et al.: MSDT v1.0: an open-source multi-method snow drought toolbox 10677

Figure 4. Global map and timeseries of snow drought month (a, b) and snow drought day (c, d). 1 snow drought day is the difference
between the later and first 22 years during 1980–2024.

Figure 4 displays the spatiotemporal characteristics of
snow drought duration derived from the SWEI and PDM
methods. Snow drought duration exhibited distinct latitudi-
nal and altitudinal gradients, with Arctic and mountainous
regions experiencing prolonged drought conditions (Fig. 4a).
Over the past 45 years, the global mean snow drought dura-
tion doubled from 2–4 months, accompanied by a significant
increase in drought days (Fig. 4d). The strongest intensifi-
cation occurred across Eurasia (Fig. 4c). Figure 5 presents
the spatial distribution and temporal trends of snow drought
intensity calculated with the monthly and daily methods. In-
tensity patterns were related to snow climate regimes: coastal
and intermountain regions exhibited more severe droughts
than continental zones (Fig. 5a). Concurrently, global snow
drought intensification was evident from declining SWEI
values and daily intensity metrics (Fig. 5b–d), consistent with
previous studies (Cowherd et al., 2023; Huning and AghaK-
ouchak, 2020b). The spatial patterns of duration and intensity
changes closely matched those of snow drought occurrence
(Figs. 3a–e, 4c, and 5c), indicating systematic aggravation of
snow droughts across the globe.

3.2 High-impact snow drought characteristics

Three recent high-impact snow drought events were se-
lected to further demonstrate the applicability of MSDT:
the 2014/2015 and 2016/2017 events in the contiguous
United States (CONUS) and the 2017/2018 event in Cen-
tral Asia. Statistics for these events are presented below, and
the consistency among different snow drought identification
methodologies was evaluated.

3.2.1 Snow drought in the contiguous United States
(CONUS)

The CONUS has suffered from chronic snow droughts over
recent decades. The 2014/2015 winter saw unprecedented
and widespread snow drought in western CONUS, breaking
records of the past three to four centuries (Fosu et al., 2016;
Margulis et al., 2016; Dye et al., 2023; Harley et al., 2020).
Driven by anomalously high temperatures in the Pacific
Northwest and precipitation deficits in the Sierra Nevada,
the 2014/2015 snow drought triggered abnormal winter
streamflow and extreme summer water shortages, prompting
drought emergency declarations in Washington and Oregon
(Cooper et al., 2016; Harley et al., 2020). In contrast, the
2016/2017 winter brought substantial snowpack recovery to
western CONUS following a series of winter storms (Folger,
2017), while an atypical snow drought emerged in eastern
regions (Huning and AghaKouchak, 2020b; Koch and Coul-
ston, 2020).

Figure 6 maps snow drought intensity across the CONUS
during the 2014/2015 and 2016/2017 water years, with neg-
ative values denoting drought conditions. Method-specific
intensities are not directly comparable because the meth-
ods use different thresholds and measurement dimensions.
All yearly-scale methods effectively detected the 2014/2015
western drought and eastern wet anomalies. Snow drought
intensity varied among methods in central CONUS, reflect-
ing differences in snow drought definitions (Fig. 6a, c, e, g,
i). In 2016/2017, most methods captured the “wet west, dry
east” pattern across CONUS, except for 1AprSWE, which
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Figure 5. Global map and timeseries of daily (a, b) and monthly (c, d) snow drought intensity. 1 intensity is the difference of SWEI values
between the later and first 22 years during 1980–2024.

showed “dry west, no data in the east”. This result indicates
that 1AprSWE can overestimate snow drought in western
CONUS and is less suitable for regions with early snowmelt,
such as eastern CONUS. The encircled anomalies in Fig. 6g
and h further mark strong peak-SWE timing deviations, with
early peaks in the north-central United States and late peaks
in the northern and central Great Plains. These align well
with the November 2014 storms in central Minnesota (Na-
tional Weather Service, 2014), blue (late) aligns with May
2015 heavy snow in South Dakota and April 2017 blizzards
in Kansas-Colorado (National Weather Service, 2015, 2017),
demonstrating the PeakSWEDate method’s capability to de-
tect anomalous snow timing compared with the other yearly
methods.

The evolution patterns of the 2014/2015 and 2016/2017
snow droughts are depicted in Figs. 7 and 8. During the
2014/2015 water year, concurrent snow droughts initiated
in both western and eastern CONUS, escalating and ex-
panding westward while subsiding eastward in the follow-
ing months (days). In contrast, the 2016/2017 water year be-
gan with opposing anomalies: drought developing in east-
ern CONUS and wet conditions in the west. These patterns
progressively worsened and spatially expanded in subsequent
months (days).

3.2.2 Snow drought in Central Asia (2017/2018)

During the 2017–2018 winter, Central Asia experienced an
extraordinary snow drought event, with the most pronounced
deficits extending from the western Tianshan Mountains

through Afghanistan’s high-altitude regions to the northwest-
ern Himalayas. More than three-quarters of Afghanistan’s
snow-covered districts experienced snow drought intensities
fourfold higher than average. The snow drought led to drying
of wells and rivers, widespread crop failures, livestock losses,
and displacement of more than 260 000 people, severely dis-
rupting agricultural production and contributing to a human-
itarian crisis (Bair et al., 2018; Muhammad et al., 2017).

Figure 9 displays the spatial distribution of yearly snow
drought intensity across Central Asia during the 2017/2018
water year. Snow droughts are represented as negative values.
All methods consistently identified Tianshan wet anomalies
in the north and Himalayan-Afghan drought signals in the
south. The 1AprSWE method yielded the most limited spa-
tial extent (Fig. 9a), followed by PeakSWEDate (Fig. 9d),
while PeakSWEMean, PeakSWEPctl, and AccSWE showed
comparable snow drought coverage (Fig. 9b, c, and e). Tem-
poral analysis revealed initially normal snowpack conditions
in the Himalayas and southeastern Afghanistan at the on-
set of the 2017/2018 water year, followed by progressive
drought intensification. Conversely, the Tianshan Mountains
exhibited a gradual wetting trend from December 2017–
March 2018 (Fig. 10). These asymmetric patterns were cor-
roborated by daily-scale snow drought analyses (Fig. 11).

4 Discussion and conclusions

This study presents the MSDT, an open-source Python
software package that provides an integrated platform for
standardized snow drought identification, visualization, and

Geosci. Model Dev., 19, 10669–10686, 2026 https://doi.org/10.5194/gmd-19-10669-2026



X. Li et al.: MSDT v1.0: an open-source multi-method snow drought toolbox 10679

Figure 6. Snow drought intensity (negative values) in CONUS during the water year of 2014/2015 (left) and 2016/2017 (right) using yearly-
scale methods: (a, b) 1AprSWE, (c, d) PeakSWEMean, (e, f) PeakSWEPctl, (g, h) PeakSWEDate, and (i, j) AccSWE.

SWE data management across yearly, monthly, and daily
temporal scales. MSDT integrates seven widely adopted
snow drought identification methods within a unified graphi-
cal interface, enabling reproducible workflows for data ac-
quisition, preprocessing, multi-method analysis, visualiza-
tion, and standardized NetCDF export. Its modular software

architecture supports future extension to additional datasets
and algorithms while ensuring methodological consistency
and reproducibility (Hao et al., 2017; Gottlieb and Mankin,
2022).

The development of MSDT can be situated within the
broader movement towards standardized, reusable drought
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Figure 7. Snow drought intensity across CONUS during the water year of 2014/2015 (a–e) and 2016/2017 (f–i) using monthly-scale method.

Figure 8. Snow drought intensity across CONUS during the water year of 2014/2015 (a–d) and 2016/2017 (e–h) using daily-scale method.

and climate-analysis software. The SPEI R package ex-
poses accumulation scales, probability distributions, fitting
methods, and reference periods through documented ar-
guments, illustrating the importance of making statistical
choices explicit and reproducible (Beguería and Vicente-
Serrano, 2023). MSDT follows a similar principle by allow-
ing users to select SWEI accumulation scales and probabil-
ity distributions rather than relying on a single fixed config-
uration. The scPDSI package provides explicit calibration-
period settings, highlighting the importance of reference con-
ditions when interpreting drought severity across locations
and periods (Zhong et al., 2018). This principle is reflected
in MSDT’s baseline-dependent thresholds and configurable
classification rules, although these are not equivalent to
the self-calibration procedure used by scPDSI. Meanwhile,
xclim separates numerical index calculations from an indica-
tor framework that handles metadata, units, and missing-data
checks (Bourgault et al., 2023). MSDT’s separation of analy-
sis routines from its graphical interface is consistent with this

modular approach, while xclim provides a more developed
model for systematic data validation. MSDT’s complemen-
tary contribution is a graphical workflow integrating seven
snow drought identification methods with data acquisition,
visualization, and result export.

Application of MSDT to ERA5-Land SWE data for 1980–
2024 showed that the toolbox reproduced previously re-
ported global snow drought characteristics and representa-
tive historical events, while also providing a unified frame-
work for interpreting methodological differences among ex-
isting snow drought definitions (Figs. 3–11). It should be
aware that ERA5-Land SWE may be affected by forcing,
model-physics, and terrain-representation uncertainties, par-
ticularly in mountainous regions. The dataset is used here to
demonstrate MSDT functionality; users should evaluate al-
ternative SWE products for region-specific applications. Al-
though the seven implemented methods differ in their con-
ceptual basis and therefore produce different estimates of
drought intensity, spatial extent, and evolution, they consis-
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Figure 9. Snow drought intensity in Central Asia during the water year of 2017/2018 using yearly-scale methods: (a) 1AprSWE, (b) Peak-
SWEMean, (c) PeakSWEPctl, (d) PeakSWEDate, and (e) AccSWE.

tently identified the major global snow drought hotspots and
long-term intensification trends, indicating that the princi-
pal signals of snow drought are robust across methodologies.
Rather than competing alternatives, these methods should be
regarded as complementary tools addressing different sci-
entific questions, consistent with previous work showing
that point-in-time metrics, standardized SWE anomalies, and
daily phase-diagram approaches emphasize different aspects
of snow drought development (Harpold et al., 2017; Huning
and AghaKouchak, 2020b; Hatchett et al., 2022; Fang and
Leung, 2023). Annual point-in-time methods are most appro-
priate for seasonal water-resource assessments based on rep-
resentative snow metrics, monthly SWEI is better suited for

monitoring persistent snow deficits and interregional com-
parison through standardized anomalies, and the daily PDM
provides detailed characterization of drought onset, develop-
ment, and recovery for operational monitoring and impact as-
sessment. By integrating these complementary methods into
a standardized computational framework, MSDT enables re-
producible multi-method analyses and facilitates more com-
prehensive understanding of snow drought processes than
any individual method alone.

Beyond software implementation, MSDT provides a stan-
dardized computational framework that improves the repro-
ducibility and comparability of snow drought research. Such
standardization follows broader recommendations for oper-
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Figure 10. Snow drought intensity in Central Asia during the water year of 2017/2018 using monthly-scale method.

Figure 11. Snow drought intensity in Central Asia during the water year of 2017/2018 using daily-scale method.
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ational drought monitoring systems and drought-index im-
plementation (Hayes et al., 2011; Hao et al., 2017). By
adopting unified parameter management, metadata record-
ing, and standardized NetCDF outputs, the toolbox facili-
tates integration with GIS analyses, hydrological modelling,
climate model evaluation, and climate-impact assessment.
The availability of a common multi-method platform also
enables more rigorous intercomparison among alternative
snow drought definitions, supporting future methodologi-
cal development and community benchmarking. As snow
droughts become increasingly frequent under continued cli-
mate warming, MSDT provides an open and extensible plat-
form for both scientific research and operational monitoring.

The computational performance of MSDT depends mainly
on the spatial resolution, temporal coverage, and selected
identification method. Annual methods are generally effi-
cient, followed by the monthly SWEI analyses which require
additional processing for rolling accumulation and probabil-
ity fitting. The daily PDM method is the most computation-
ally demanding because it involves repeated moving-window
and grid-wise percentile calculations. According to the end-
to-end optimization strategy of MSDT (Fig. 2), users are ad-
vised to define an appropriate winter period and apply an
extent mask where possible before calculation. For large-
domain or long-term daily analyses, memory allocation and
parallel execution are adaptively configured according to the
input data volume and the available hardware resources of
the local computing environment. Because each worker re-
quires its own data block and temporary arrays, increasing
the number of workers may therefore not always improve
performance and can substantially increase peak memory
use. In practice, moderate block sizes and a small number
of parallel workers generally provide a more stable configu-
ration. Nevertheless, large-scale, high-resolution analyses re-
main mainly constrained by NetCDF input/output and grid-
wise statistical calculations.

There remains considerable scope for future development
of MSDT. Future versions will extend support beyond SWE-
based diagnostic methods by incorporating additional snow
datasets, emerging snow drought identification algorithms,
and predictive capabilities. An important direction is to in-
tegrate snow drought identification methods that account
for drivers beyond air temperature and precipitation, such
as radiation, humidity, and blowing-snow processes Fang
and Leung, 2023; Wang et al., 2024). These factors can
strongly influence snow accumulation, redistribution, and
ablation, particularly in open, alpine, and high-latitude en-
vironments where surface energy balance and wind expo-
sure play major roles. Planned improvements also include
parallel and distributed computing, cross-platform and con-
tainerized deployment, enhanced visualization functionality,
and community-contributed modules enabled by the modular
software architecture. These extensions will help the tool-
box support drought monitoring across different hydrolog-
ical regimes and user communities (Baez-Villanueva et al.,

2024). Through continuous community development and
methodological expansion, MSDT is expected to evolve into
a comprehensive open-source platform supporting both sci-
entific research and operational applications in snow drought
monitoring and cryosphere studies.

Code availability. The source code for MSDT is publicly available
at https://doi.org/10.5281/zenodo.21396772 (Li and Tian, 2026a).

Data availability. The produced global snow drought character-
istics, together with the input SWE and precipitation data, are
publicly available at https://doi.org/10.5281/zenodo.21396300 (Li
and Tian, 2026b). The case-study analyses use ERA5-Land SWE
data obtained from the Copernicus Climate Data Store (https://cds.
climate.copernicus.eu/datasets/reanalysis-era5-land?tab=overview,
last access: 16 July 2026). The snow-covered area extraction uses
the MODIS Snow Cover data from National Snow and Ice Data
Center (https://nsidc.org/data/MOD10CM/versions/6, last access:
16 July 2026). Additional SWE product links listed in the MSDT
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