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Abstract. The mountain cryosphere is a linchpin of global water security. Changes in high mountain systems due to climate
change are putting the freshwater resources of almost a quarter of the world’s population at risk. Hydrological modeling
is the foundation for developing mitigation and adaptation strategies, supporting policy and water management decisions,
and preventing water-related conflicts. However, many vulnerable regions lack access, resources, and training to implement
advanced (glacio-)hydrological modeling in decision-making and resource management processes. The open-source Toolkit for
Modeling glacier evolution and wATer resources In meso-scale glacierizeD cAtchments (MATILDA) provides a cloud-based
modeling workflow that allows users to generate scenario-based projections and analyze runoff contributions in glacierized
catchments. A combination of a temperature-index melt model, an updated Ah routine for glacier evolution, and the HBV
hydrological model is forced with open-access datasets provided via cloud services and complemented by a set of processing
tools. MATILDA is published as a Jupyter Book on a self-contained website, allowing easy access to the entire processing chain
from data acquisition and model calibration to scenario generation and output analysis in a user-friendly Python environment.
This paper is the first of a two-part publication outlining the general workflow, describing input data and modeling routines,
and assessing parameter sensitivity. The second part demonstrates the application in a case study and discusses the uncertainty

in the projections.

1 Introduction

Climate change and water security have moved from the realm of scientific debate to the core of the global security discourse
(Vishwanth, 2019). The 2015 World Economic Forum in Davos ranked the water crisis as the top risk facing societies (WEF,
2015). Eight years later, the direct impacts of climate change and the failure of mitigation and adaptation strategies hold the top
3 positions of the ranking (WEF, 2023). Nearly a quarter of the world’s population is directly dependent on freshwater from
high mountain headwaters (Immerzeel et al., 2020), making the mountain cryosphere a linchpin of water security. Glaciers
and seasonal snowpack serve as critical drought-resilient water reservoirs, mitigating inter- and intra-annual variations in
precipitation and evaporation by storing solid precipitation and releasing it during warmer periods (Hagg et al., 2007; Pohl

et al., 2017; Pritchard, 2019). Therefore, changes in the mountain cryosphere have major impacts on downstream societies
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(Hock et al., 2019; Viviroli et al., 2020; Immerzeel et al., 2020; Aggarwal et al., 2022). In the course of ongoing global
warming, glaciers worldwide have experienced rapid mass loss (Zemp et al., 2019; Hock et al., 2019), which is projected to
continue regardless of anthropogenic greenhouse gas emission pathways (Miles et al., 2021; Rounce et al., 2020). Under these
conditions, integrated water management and governance across all scales is necessary but challenging and requires strong
scientific support (Chen et al., 2018; Hock et al., 2019). Assessment of hydrological cycles and their short- and long-term
projections are crucial to develop mitigation and adaptation strategies, support policy and water management decisions, and
prevent water-related conflicts (Hock et al., 2019; Barandun et al., 2021; Schaffhauser et al., 2023).

Since the advent of computers in environmental science, numerous hydrological models have been developed and the number
is increasing fast (Clark et al., 2011; Horton et al., 2022). However, while computational times (Kim and Ryu, 2019), data
availability (Winsemius et al., 2009; Tarek et al., 2020; Yin et al., 2021; Ali et al., 2023) and therefore model robustness (Finger
et al., 2015; Birhanu et al., 2018) have improved significantly, very few models have made the step into regular application in
countries of the Global South. While most developing countries have limited modeling expertise and technical capabilities to
establish their own standard models (Alcantara et al., 2019; Paul et al., 2021), the international scientific community may assist
in compensating for this. In accordance with the UNESCO’s Recommendation on Open Science adopted by 193 countries in
2021 (UNESCO, 2021), a large number of dedicated researchers, institutions, and cloud service providers has created a variety
of open-access datasets and open-source services. However, the standard application of sophisticated hydrologic and climate
modeling for decision making and resource management is still mostly limited to developed countries. Very few tools provide
the low access and computational costs needed to engage management professionals and stakeholders in the regions where
they are most needed (Photiadou et al., 2021).

Web-based applications following the Hydrologic Modeling as a Service (HMaaS) approach can compensate for deficiencies
in technical resources and expertise (Alcantara et al., 2019; Gan et al., 2020; Photiadou et al., 2021). By increasing accessibility
to sophisticated models, they can facilitate their integration at the local level, enhancing decision-making capabilities (Brooking
and Hunter, 2013; Biswas and Hossain, 2018; Alcantara et al., 2019). While there have been several publications on web-based
hydrological tools, most of them are either limited to a specific region (Alcantara et al., 2019; De Filippis et al., 2022) with
a strong focus on developed countries (Donnelly et al., 2016; Lew et al., 2022) or are designed for short and medium term
forecasts for flood and/or drought warnings (Alfieri et al., 2013; Sanchez Lozano et al., 2021; De Filippis et al., 2022). Other
services focus on only parts of the modeling process, such as data acquisition from web sources (Gichamo et al., 2020) and data
exchange (e.g. www.hydrosheds.org and www.cuahsi.org/data-services/hydroshare) or parameter autocalibration (Rajib et al.,
2022). Some fully-integrated tools provide a strong feature set for the complete workflow, but have technical barriers by not
providing a user interface (Erazo Ramirez et al., 2022) or requiring client-side hosting (McDonald et al., 2019; Jadidoleslam
et al., 2020; Ewing et al., 2022). In recent years, however, fully hosted applications with global coverage have been developed,
offering a wide range of features for in-depth analysis of climate-change impacts on local hydrology for any given region.
While these tools may be promising, at the time this study was submitted, they either did not allow interactive modeling of
user-defined catchments (Arheimer et al., 2020) or were not (yet) available to the public (Taylor et al., 2021). Furthermore,

all of the aforementioned tools are designed for lowland areas. They either neglect glacier melt entirely or do not allow for
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scenario-based projections. Thus far, we are unaware of an open-source, open-access, server-side modeling tool that allows
users to acquire data and calibrate and evaluate a hydrological model for a custom climate change impact assessment at the
catchment scale in areas dominated by melt water.

Initiated in a Kyrgyz-German research collaboration, we have compiled an open-source toolkit for Modeling glacier evo-
lution and wATer resources In meso-scale glacierizeD cAtchments (MATILDA). It consists of well-established modeling
routines and a set of tools, forced with open-access datasets provided via cloud services. Designed as a user-friendly online
workflow in Python, documented in Jupyter notebooks, MATILDA provides a streamlined process from data acquisition and
preprocessing through calibration, parameter optimization, analysis, and interactive visualization. Users can generate scenario-
based hydrological projections and interactively analyze trends in runoff contribution. The tool can be run with default pa-
rameters or calibrated to user-provided runoff observations. With this approach, we aim to provide an easy access to modern
routines, platforms, and tools to local professionals, while also targeting students, and fellow researchers.

This study is the first of a two-part publication. Here we outline the general structure of the MATILDA workflow, describe
input data and modeling routines, and assess parameter sensitivity. The second part presents a case study that demonstrates the

application of the tool in practice and discusses uncertainties and improvement potential.

2  Model description

The main part of the MATILDA workflow is released as a standalone Python package comprising two components: (1)
matilda.core and (2) matilda.mspot. The former contains the core modeling routines, while the latter is respon-
sible for the statistical parameter optimization. The core model is a semi-distributed conceptual catchment model based on the
renowned HBV model (Bergstrom, 1976; Seibert and Vis, 2012) and an updated version of the Ak parametrization proposed
by Seibert et al. (2018) to account for glacier evolution. With a discharge time series and the corresponding coordinates as
the minimum user input for calibration, it allows the simulation of any given catchment from 1979 to 2100 in daily reso-
lution. To reduce download volume and calibration time, all input data are aggregated into at least two sub-catchments: the
glacierized and the ice-free part. Each of these parts is handled by a dedicated module, complemented by auxiliary modules
for pre-processing and output analysis. For additional sub-catchments, the user can setup multiple instances of the core model
and customize calibration.

Figure 1 illustrates the key processes modeled and the associated parameter names. Detailed descriptions and default values
are listed in Table 1. Unless otherwise noted, all reservoirs and fluxes in the following are consistent in millimeter water

equivalent (mm w.e.). Model parameters are in regular style, while all other variables are in italics.
2.1 Glacial modeling

Glacier evolution in the catchment is modeled using three primary routines: (1) A basic temperature index model (Hock,
2003; Seibert and Vis, 2012) calculates the snowpack evolution and returns daily ice and snow melt rates. Solid precipitation

is added to the snowpack, while snowmelt decreases it. Melt is proportional to the positive degree-days (P D D) which are the
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daily (¢) temperature excess 1" above a threshold TTs,,,,, given as

PDD(t) = max(T(t), TTsnow)- (1)
The potential melt M, is calculated by

Mot (t) = PDD(t) - CFMAX 00, 2

where CFMAX;,,0,, is snow melt parameter in mm K! d”!' . The actual snow melt

Moo (t) = min(SWE(L), Moy (t)) 3)

is limited by the amount of available snow water equivalent on the glacier SW E, while ice melt

CFMAX .

Mice(t) = (Mpot (t) — Msnow (t)) ' CFN[T

“)

is proportional to excess snow melt. To account for differences in albedo between ice and snow, the melt parameter for ice
CFMAX. is higher than the parameter for snow CFMAXG,,,,, by a calibration factor CFMAX,..; between 1.2 and 2.5.
The fraction of melt water refreezing in the snowpack and on moulin walls is determined by the factor CFR. Both, the

refreezing melt water

RR(t) = Msnow (t) : CFR7 &)

and the solid precipitation Pk,;;4 are finally subtracted from the total melt

Mtot (t) = Msnow (t) + Mice(t) (6)

to determine the annual surface mass balance

A
SMB =" Puu(t) = Myt (t) + Rr(t) '
t=1

over the time period A. The code is based on the positive-degree model for Python (PyPDD) by Seguinot (2019).

(2) To account for seasonal variations in retention times, we use the glacier storage-release scheme proposed by Stahl et al.
(2008) and included in the HBV.IANIGLA model by Toum et al. (2021). The delayed glacier runoff

Qa(t) = KG(t) - Sa(t) (®)
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depends on the liquid water stored in the glacier S¢(¢) and the time-varying outflow coefficient

SWE(t)

s )

where K G, is the minimum outflow representing winter conditions with a maximum snowpack and little glacial drainage
(set at KG i = 0.1 d!), while dg ¢ is the maximum outflow increase, with KG,,;,, + dx ¢ representing late summer con-
ditions with minimum or no snowpack and maximum glacial drainage (set at drc = 0.9 d”' ). SW E(t) is the water stored in
the time-varying snowpack on the glacier, while AG is the calibration parameter (mm™' ) with high values resulting in small
storage and immediate release, and low values extending the storage and delaying release.

(3) To account for changing glacier extent under future climate, a Ah parameterization is applied, following Seibert et al.
(2018). The method uses glacier size-dependent mass-area coefficients from Huss et al. (2010) to update glacier area and
thickness annually based on modeled mass changes. This approach has been shown to provide robust estimates of glacier
evolution in hydrological models (Huss et al., 2010; Duethmann et al., 2015; Seibert et al., 2018). Using gridded ice thickness
data from Farinotti et al. (2019), a basin-wide ice mass profile is created at 20 m elevation bands. Glacier melt is simulated
from the initial state to a state with no ice, generating a look-up table of distributed glacier mass estimates with elevation bands
as columns and melting steps of 1% as rows. Based on the annual SMB values provided by the temperature index model,
the glacier state between 0—-100 % is determined. The respective row in the look-up table and the empirical glacier mass-area
coefficients from Huss et al. (2010) allow then to update glacier area and distribution for the next year. The detailed procedure
is described in Seibert et al. (2018). However, the method assumes glacier extents do not exceed their initial state. Since few
glaciers show positive mass balance trends and MATILDA is designed for long-term analysis, we adapted the routine to retain
any mass above 100% and apply it in later years when glacier extent drops below the initial level. While this may affect
individual years, it conserves long-term accumulation.

Small glaciers at high elevations may stabilize above the regional equilibrium line altitude (ELA, Huss and Fischer 2016). In
addition, despite warming trends, increasing precipitation may lead to increasing glacier area at high elevations (Zhang et al.,
2019). We have modified the Ah routine to account for both of these effects. This modification allows to recalculate the average
glacierized and ice-free catchment elevations based on the updated ice distribution. All elevations e are given in ma.s.l. and all

area values a are given in km?. For each year, we first determine the fractional glacierized area

a;
Qi frac = N (10)
! Z7N:1 a;

within each elevation zone ¢ on the catchment’s total glacierized area Zfil a;. The average glacier-covered elevation
N

Colac = D _€i-a; (1)
i=1

is obtained by weighting the mean elevation of each zone e; with the glacier-covered fraction a; fr,c. From the respective area

and mean elevation values for the whole catchment and its (updated) glacierized fraction, we then derive the (updated) mean
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elevation of the ice-free fraction

€cat * Acat — €glac * Qglac
€non—glac = ’ (12)
Gcat — Qglac

where e.q; and eg;,. are the mean elevations of the whole catchment and the glacierized fraction respectively, and a.,; and

Gglqc are the corresponding area values.
2.2 Hydrological modeling

The hydrological module uses the HBV model (Bergstrom, 1976) in a lumped adaptation of HBV-light (Seibert and Vis,
2012) as implemented in the Lumped Hydrological Models Playground (LHMP) by Ayzel (2016). A spinup period of typical
two years provides arrays of initial values for the following seven components ("boxes"): snowpack, snowmelt, soil moisture,
upper and lower groundwater, actual evapotranspiration, and runoff. The snow routine adds solid precipitation to the snowpack
SW E and calculates melt and refreezing using the temperature index approach (see 2.1). While a fraction of the total snow
melt My, 0, is retained in the snowpack, determined by the parameter CWH, the rest is added to the liquid precipitation P;qyq

to form the recharge flux to the soil box
R(t) = Mnow(t) — (CWH- SWE(t)) + Piig(t). (13)

The flux from the soil to the groundwater is calculated as

Rg(t): (SM(t))BETA7 (14)

FC

where SM is the current soil moisture, FC is the maximum soil moisture storage, and BETA is a nonlinear shape coefficient

(Bergstrom and Lindstrom, 2015). According to Seibert and Vis (2012), the loss of soil moisture due to evaporation

. [ SM(t
Eoct(t) = Epot(t) - min <FC : il))’ 1) , (15)

and thus is limited by the amount of available SM, FC, and the evaporation control parameter LP. The potential evaporation

is calculated by

Epot(t) = (1+CET-(T(t) —Tnm)) - Epot,m, (16)

Ey o, ifE,>0
Bpor=4 (17)
0, otherwise
where T} is the long-term mean of 7', CET is a evaporation correction parameter, and F,,; s is the long-term mean

potential evaporation for day ¢ (Seibert and Vis, 2012; Lindstrom and Bergstrom, 1992). If the potential evaporation is not
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calculated by default (see eq. 22), but provided as input data, it is corrected by the deviations of the air temperature 7'(¢) from
the long-term mean T, for day ¢ (Seibert and Vis, 2012; Lindstrom and Bergstrom, 1992). The percolation parameter PERC

controls percolation from the upper groundwater box SU Z to the lower groundwater box (Seibert and Vis, 2012)

SLZ(t)=SLZ(t—1]) + min(SUZ(t),PERC). (18)
Finally, the runoff

Qq4(t) =Ko -max(SUZ(t) —UZL,0) + K, - SUZ(t)+ Ko - SLZ(t) 19)

is calculated as the sum of three outflow components simulating different retention times. They are controlled by their individual
recession coefficients (Kg,Kj,K2) and the threshold parameter for the upper groundwater box UZL (Seibert and Vis, 2012).

To reduce noise in the simulated runoff @);,,, and control the delay, a Butterworth low-pass filter for discrete data (Zieliriski
2021, Eq. 8.37) is applied (Ayzel, 2016), using the general transfer function

Cbo+biz by

H =
(2) l1+aiz7t+...+ayz=N’

(20)

where z is the complex frequency variable, b = [bg, b1, ...,bn] are the coefficients of the numerator polynomial, a = [a1,...,an]
are the coefficients of the denominator polynomial, and N is the filter order. The scipy.signal.butter function allows
to compute polynomial arrays for b and a by specifying a filter order N and a cutoff angular frequency w,. By fixing both with

the filter parameter MAXBAS as N = MAXBAS and w, = we obtain the following transfer function to compute the

1
MAXBAS*
smoothed simulated runoff ) ;,, at time step ¢.

Qsim(t) = by - Qg(t) + by - Qg(t - 1) + ...+ bypaxBAS Qg(t —MAXBAS)
—aa- Qszm(t - 1) — ... " AQMAXBAS " Qszm(t - MAXBAS) (21)

3 Technical Implementation

MATILDA-Online is published as a self-contained website using the Jupyter Book format (Holdgraf et al., 2019), combining
code cells, markdown, images, and interactive elements. Code is hidden by default, offering non-technical users easy access
while supporting reproducibility — a key concern in hydrological studies (Stagge et al., 2019). With the click of a button, an
online Python environment by mybinder.org (Project Jupyter et al., 2018) launches, allowing for a browser-based application
on the example site or any other catchment.

Figure 2 summarizes the workflow and its modules. To reduce client-side computation and ensure global coverage, MATILDA
uses cloud services like Google Earth Engine (GEE; Gorelick et al., 2017) for data input and preprocessing. The workflow con-

sists of eight interactive Jupyter notebooks:
— Notebook 0: Introduction and GEE registration

— Notebook 1: Catchment delineation and static data



195

200

205

210

215

220

https://doi.org/10.5194/egusphere-2025-3461
Preprint. Discussion started: 15 December 2025 EG U h
© Author(s) 2025. CC BY 4.0 License. spnere

Notebook 2: Climate reanalysis data

Notebook 3: Climate projection data

Notebook 4: Model calibration

Notebook 5: Scenario runs

Notebook 6: Interactive analysis, Climate impact assessment, and summary
3.1 Data and Preprocessing

MATILDA utilizes seven input datasets, with the user only required to provide runoff observations for calibration. GEE is
accessed via its Python API packages ee (GEE, 2025) and geemap (Wu, 2020), which provide access to historical and future

climate forcing data and the digital elevation model (DEM). The remaining datasets are obtained from other sources.
3.1.1 Static data

By default, MATILDA uses the 90 m resolution MERIT Hydro DEM, which is optimized for hydrological applications (Ya-
mazaki et al., 2017). If desired, alternative DEMs hosted on GEE can be selected in the configuration file. After the user defines

the gauge location, the catchment is delineated using the pysheds library (Bartos, 2020).
3.1.2 Glacier data

The catchment is assigned to a region in the Randolph Glacier Inventory 6.0 (RGI 6; RGI Consortium 2017). Glacier outlines
from 2001 are downloaded, subset to the catchment, and refined to include only RGI polygons with >50 % overlap. Minor
discrepancies are resolved by adjusting the catchment outline. The final outlines are stored in a GeoPackage. The area and
mean elevation of the total and the glacierized sub-catchment are saved in the static . ym1 file. Initial ice mass is estimated
from ice thickness rasters by Farinotti et al. (2019) and summarized in a . csv profile of total catchment ice mass (m.w.e.) by

10 m elevation bands.
3.1.3 Reanalysis data

Daily near-surface temperature and precipitation data from ERA5-Land (Mufioz Sabater et al., 2021) are accessed via GEE,
enabling spatial and temporal subsetting with minimal downloads. The dataset is suitable for hydrological modeling (Probst
and Mauser, 2022; Ougahi and Mahmood, 2022; Wu et al., 2023) and and may even provide long-term results comparable to
actual observations (Tarek et al., 2020). To balance spatial heterogeneity and efficiency, all intersected ERAS5-Land grid cells
(0.01° x 0.01°) are aggregated using the area-weighted mean resulting in a single . csv of 1.4 MB with catchment-wide time
series from 1979-2022. The reference elevation is calculated accordingly from the ERAS5-Land geopotential height, converted

to meters, and saved in the static .yml file. To facilitate the integration of observational data sets, we decided not to use



225

230

235

240

245

250

https://doi.org/10.5194/egusphere-2025-3461
Preprint. Discussion started: 15 December 2025 EG U
sphere

(© Author(s) 2025. CC BY 4.0 License.

potential evaporation (PET) data from ERA5-Land, but to estimate it from air temperature as suggested by Oudin et al. (2005):

Epot = RE(T;\+88+5), if Thpean +5>0;  else: Eppr =0, (22)

where E),,; is the potential evaporation (mm day™1), R, is the extraterrestrial radiation at the latitude of the study area at a
given julian day (MJ m~2 day~—!), 7T, is the daily mean air temperature (°C), and ) is the latent heat flux which is considered
equal to 2.45MJ kg~!. Oudin et al. (2005) show that this simple approach can be applied with comparable efficiency to more
complex models such as the widely used Penman-Monteith model (Monteith, 1965; Allan et al., 1998; Oudin et al., 2005)

while reducing the input data to a minimum.
3.1.4 Climate scenario data

Multi-model ensembles help reduce individual model uncertainty (Gholami et al., 2023; Wu et al., 2023). Therefore, the future
climate impacts are simulated using 35 model simulations from the Climate Model Intercomparison Project Phase 6 (CMIP6,
Eyring et al. 2016). The NEX-GDDP-CMIP6 dataset (Thrasher et al., 2022) accessed via GEE provides the data downscaled
to 0.25° using a bias correction and spatial disaggregation method following (Wood et al., 2002, 2004) and manual trend
adjustments. Area-weighted catchment averages of temperature and precipitation from 1950 to 2100 were downloaded for
two Shared Socioeconomic Pathways (SSP2 and SSP5) and for the historical period prior to 2015. Multiprocessing allows
for ensemble downloads in under two minutes under ideal server-side conditions. All 70 CMIP6 time series are bias-adjusted
against ERAS-Land (1979-2022) using Scaled Distribution Mapping (SDM) via the bias_correction library (Kumar,
2022). This technique outperforms other quantile mapping methods in terms of preserving trends and predicting extreme events
in raw GCM data (Switanek et al., 2017). As suggested by the authors, SDM is applied iteratively to discrete decades using a
30-year moving window (e.g. bias adjust 2021-2050 to receive 2031-2040, bias adjust 2031-2060 to receive 2041-2050 and so
on). Finally, models with extreme outliers (>3 standard deviations) or abrupt changes (>5 K of annual mean temperature) are

excluded. Both thresholds are configurable.
3.2 Calibration

The mat i 1da package includes a calibration module (mat ilda.mspot) based on the spotpy library (Houska et al., 2015).
It offers configurable optimization algorithms and objective functions that can be tailored to available computing resources
and desired accuracy. The matilda.core model has a total of 21 non-optional parameters (see Table 1) of which 19 are
HBYV light standard parameters. Thus, the apparent risk of overparametrization must be mitigated by reducing the parameter
space to decrease model uncertainty and equifinality, and enhance the forecast ability (Beven and Binley, 1992; Kuczera
and Mroczkowski, 1998; Silvestro et al., 2015). The incorporation of additional objective functions (Her and Seong, 2018)
and calibration parameters (Her and Chaubey, 2015; Finger et al., 2015) can reduce uncertainty in hydrological models. In
glacierized catchments, the combination of snow data, runoff, and glacier surface mass balance observations (SMB) enhances

model performance and process representation, while reducing equifinality and parameter uncertainty (Duethmann et al., 2014;
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Finger et al., 2015; Nemri and Kinnard, 2020). This can avoid unrealistic melt rates (Stahl et al., 2008; Finger et al., 2015) and
high sensitivity to climate forcing (Compagno et al., 2021). Consequently, MATILDA uses a four-step, hierarchical, process-
based calibration, which is described in detail in Schuster et al. (2025d). Discharge observations and reference coordinates
need to be provided by the user. By default, MATILDA uses SMB and snow water equivalent (SWE) datasets limited to High
Mountain Asia (HMA). Additional areas will be included in the future and custom datasets can be added manually. Shean et al.
(2020), provide average annual SMB (2000-2018) and uncertainty (o) for 99 % of all glaciers in High Mountain Asia (HMA).
MATILDA aggregates both to catchment-means, using SMB, & 04 as the calibration target. Users can simply replace this
with a custom range. SWE estimates for 2000-2017 at 16 arcsecond (~500 m) resolution are sourced from the High Mountain
Asia Snow Reanalysis (HMASR; Liu et al. 2021a). The dataset is based on a Bayesian reanalysis scheme of Margulis et al.
(2019) assimilating seasonal snow cover from remote sensing with meteorological inputs (Liu et al., 2021b). The raw data
requires preprocessing, which cannot currently be done in the online workflow (Schuster et al., 2025d). The corresponding

scripts are provided via GitHub to be run locally.
3.3 Validation

Validation options largely depend on the regional data availability. While split-sample validation is standard (Klemes, 1986),
some studies recommend using all available data for calibration (Arsenault et al., 2018; Shen et al., 2022) as the number of
observations improves model performance and reduces uncertainty (Her and Chaubey, 2015; Guo et al., 2020). Therefore,
MATILDA allows flexible selection of calibration/validation periods. Additional validation (e.g., glacier change) can be added

manually. Several validation options for a specific use case are provided in Schuster et al. (2025d).
3.4 Analysis and Visualization

Users can explore the projections in interactive figures using the dash library by plotly (Plotly Technologies Inc., 2015).
Ensemble means including a 90% confidence interval (CI) of all mat i 1da . core output variables can be plotted, customized,
and compared to other variables. In addition, a set of climate change indicators (Table 2) is calculated from the results. All
27 climatic, hydrological, and drought signatures can be assessed in a Dash board of customizable figures. Finally, two static
figures that summarize the ensemble projections of key variables through the 21st century are generated (see Schuster et al.

20254d).

4 Sensitivity analysis

Due to MATILDA’s many interrelated parameters, sensitivity analysis is essential to reduce the parameter space and support
users with limited computational resources. Global sensitivity was evaluated using five runs of the extended Fourier Ampli-
tude Sensitivity Test (FAST) by A. Saltelli and Chan (1999). All parameters were sampled from uniform distributions within
default bounds (Tablel) over 1,500,012 iterations. (1) The first run included all 21 parameters. (2) Then, three HBV param-

eters correcting input errors were excluded to isolate internal model sensitivities: The correction factors for snowfall (SFCF)
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and evaporation (CET) were disabled fixing them at 1 and 0, respectively. The precipitation correction factor (PCORR) was
calibrated using the posterior mean of stratified random samples of all water balance related parameters (see Schuster et al.
2025d). Finally, (3-5) the FAST was repeated for three glacier cover scenarios. The glacierized fraction of the example catch-
ment (10.8 %) was varied to 50 %, 30 % and 0 %, respectively, by linearly adjusting the glacier profile while maintaining
elevation distribution.

Figure 3 illustrates parameter sensitivity with and without input correction factors, and for different glacier cover fractions.
The HBV model shows extreme sensitivity to input correction factors, especially those related to precipitation, which tend
to mask internal sensitivities. The snow melt factor (CFMAX,,w) has a significant effect on runoff in every configuration
and is the dominant parameter at high glacier cover. The upper groundwater box recession coefficient (K;) stands out as the
dominant parameter in the ice-free catchment, but its significance diminishes when glacier cover exceeds 10%. Soil parameters
such as field capacity (FC) and shape coefficient (BETA), as well as the threshold for groundwater runoff (UZL), become
more important with lower glacier cover. Conversely, lapse rates (Irsemp, Irprec), the refreezing coefficient (CFR), at least one
threshold temperature (TT,,,00,/TTg;f f), soil evaporation reduction (LP), and the routing parameter (MAXBAS) are below the
sensitivity threshold of 0.05 in all experiments. Using this threshold, the number of low-sensitivity parameters varies by glacier
cover: 10 (for 0 % glacier cover), 6 (10.8 %), 12 (30 %), and 15 (50 %), allowing for substantial reduction in calibration time

with minimal performance loss, depending in the initial catchment conditions.

5 Limitations
5.1 Spatial Aggregation

As a lumped model, MATILDA does not capture spatial variability from terrain shading, elevation-dependent warming, or
orographic effects. This impairs the accurate representation of snowmelt and consequently the timing of runoff. Additionally,
glaciers in favorable topography may persist longer. While semi-distributed models can improve runoff timing (Khakbaz et al.,
2012; Shannon et al., 2023), especially in nival basins (Garavaglia et al., 2017), hydrological research units or additional
subcatchments increase computational demands, calibration complexity, and reduce accessibility. Without appropriate data
to constrain the model, added complexity does not improve runoff simulation (Finger et al., 2015). Thus, data availability

outweighs model structure.
5.2 Sublimation

MATILDA simplifies snow and glacier processes, notably by omitting explicit snow sublimation, a key factor in glacio-
hydrological modeling (Strasser et al., 2008; Gascoin et al., 2013; Stigter et al., 2018; Sauter et al., 2020). Sublimation reduces
both energy for snowmelt (Hock, 2003) and the amount of snow considered as melt runoff, and can account for up to 90 %
of total ablation in arid, wind-exposed regions (Strasser et al., 2008). High sublimation leads to low degree-day factors due

to its high energy consumption (Hock, 2003). While physical estimation is possible using wind and humidity, HBV typically
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addresses sublimation via the snowfall correction factor (SFCF). In this study, SFCF was fixed to isolate internal sensitivities
and because sublimation is already addressed in the snow reanalysis (Liu et al., 2021b) used for model calibration (Schuster
et al., 2025d).

5.3 Glacial Modeling

The Ah routine by Seibert et al. (2018) assumes clean-ice valley glaciers with parabolic geometry. However, debris cover alters
melt rates—enhancing them when thin and reducing them for higher thicknesses (Shukla and Qadir, 2016; Anderson et al.,
2018). A debris-enhanced model by Carenzo et al. (2016) addresses this but adds six parameters and requires shortwave radi-
ation and debris data. Though Rounce et al. (2021) provide debris estimates for all RGI6 glaciers, catchment-wide aggregates
have high uncertainty without consideration of glacier dynamics. Thick debris may reduce ablation and promote permafrost
features like rock glaciers (Anderson et al., 2018; Jones et al., 2019), which are not modeled in MATILDA but could influence
future runoff as shallow aquifers providing retarded runoff during dry periods (Wagner et al., 2021).

MATILDA’s modular design allows replacing the glacier routine with a more comprehensive glacier model (e.g., OGGM,;
Maussion et al. 2019) to account glacier dynamics and spatial variability. Nevertheless, the uncertainties propagated by the
calibration data remain regardless of the modeling approach (Schuster et al., 2025d) and become more important with higher

glacier cover (Shannon et al., 2023).

6 Conclusions

MATILDA offers a broad user base easy access, simplicity, and low technical requirements. Its modular design and availabil-
ity as a Python package enhance its usability and adaptability. Leveraging open data and cloud services enables streamlined
hydrological modeling across regions and use cases. MATILDA’s simplistic design is particularly useful for studies requiring
large sample sizes. Its Jupyter Book format, paired with an online Python environment, integrates comprehensive documenta-
tion with practical execution. However, as discussed in the follow-up study (Schuster et al., 2025d), these benefits come with
significant uncertainties.

Despite its accessibility, effective calibration and interpretation still require expert knowledge (Photiadou et al., 2021). Open-
source services like MATILDA help address this obstacle by promoting reproducibility, collaboration, and communication
(Gan et al., 2020; Gichamo et al., 2020). The model, tools, and example data are freely available to facilitate community
engagement. Stakeholder participation, shared knowledge, and accessible tools for monitoring and projecting future conditions
are essential for integrated water management in the context of climate change (IPCC, 2019). Tools like MATILDA can
inform, educate, and empower stakeholders in water resource management and science in vulnerable regions, enhancing the
effectiveness of water management strategies in the face of the challenges ahead.

Part two of this study applies MATILDA to a case study, evaluates performance and uncertainties, and and discusses potential
improvements (Schuster et al., 2025d). Future releases aim to expand the tool through community contributions and broader

regional applications.
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Code availability. This paper refers to the v1.0.2 of the MATILDA Python package (Schuster et al., 2025¢), which is accessible on Zenodo
via https://doi.org/10.5281/zenodo.16049093, and v1.0.1 of the online workflow MATILDA-Online (Schuster et al., 2025a), accessible via
https://doi.org/10.5281/zenodo.16059509. The source code and related resources, such as example datasets, repositories, and manuals are
available there. Both the core model and the online workflow are distributed under the MIT license. Additionally, the latest version of
MATILDA-Online is deployed as a Jupyter Book at https://matilda-online.github.io/jbook (Schuster et al., 2025b). Each Notebook can be
executed locally or in an online Python environment hosted on mybinder.org (Project Jupyter et al., 2018).

The tool has cross-platform compatibility and was developed on Ubuntu 22.04.4 LTS and Windows 11. It can be executed on any operating
system supporting Python 3.11 and Jupyter Notebook. For optimal calibration performance, parallel processing is recommended, which may
require further dependencies. The calibration module was specifically developed and tested on a desktop computer running Ubuntu 22.04.4
LTS and an HPC system running Rocky Linux 8.6. Detailed installation guidelines, dependencies, and usage examples are provided in the

repositories and the website referenced above.
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Table 1. MATILDA Model Parameters.

Parameter  Description Unit Range Default

Atmospheric Parameters

Irtemp Temperature lapse rate °Cm™* [-0.0065, -0.0055] -0.006
Irprec Precipitation lapse rate mmm™! [0, 0.002] 0
PCORR Precipitation correction factor - [0.5, 2] 1.0

Snow and Glacier Melt Parameters

TTsnow Threshold temperature for snow °C [-1.5, 1.5] 0
TTais Temperature range for rain-snow transition °C [0.5,2.5] 2
SFCF Snowfall correction factor - [0.4,1] 0.7
CFMAXgow  Melt factor for snow mm K~ day=  [0.5, 10] 5
CFEMAX | Melt factor for ice relative to snow - [1.2,2] 2
CWH Water holding capacity of snowpack - [0,0.2] 0.1
CFR Refreezing coefficient - [0.05, 0.25] 0.15
AG Control parameter of the glacier storage-release scheme - [0, 1] 0.7

Soil and Evapotranspiration Parameters

BETA Shape coefficient for soil moisture routine - [1, 6] 1.0
CET Correction factor for evapotranspiration - [0, 0.3] 0.15
FC Field capacity of soil mm [50, 500] 250
LpP Fraction of field capacity for maximum evapotranspiration - [0.3,1] 0.7

Flow and Routing Parameters

Ko Recession coefficient for surface flow day’1 [0.01, 0.4] 0.055
K1 Recession coefficient for intermediate groundwater flow day’l [0.01, 0.4] 0.055
Ko Recession coefficient for deep groundwater flow day’1 [0.001, 0.15] 0.04
PERC Percolation rate from upper to lower groundwater reservoir ~ mm day ~* [0, 3] 1.5
UZL Threshold for quick flow from upper zone mm [0, 500] 120
MAXBAS Length of triangular routing function day [2,7] 3.0
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Table 2. Default climate change indicators calculated as part of the MATILDA output. Definitions and customization options can be found

in the module documentation.

Indicator Unit
Month with Maximum and Minimum Precipitation MoY*
Day of the Year with Maximum Flow DoY®
Start, End, and Length of the Potential Melting Season DoY®, d
Potential and Actual Aridity -
Number of Days in Dry Spells per Year d

g5, ¢50, q95 mm

Average Frequency and Duration of Low/High Flow Events ™', d
Climatic Water Balance mm

SPI® and SPEI* (for 1, 3, 6, 12, and 24 months) -

“MoY: Month of Year, ®DoY: Day of Year,

“Standardized Precipitation Index, ¢Standardized Precipitation-Evapotranspiration Index
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Figure 1. Cupcake scheme’ of the MATILDA core routines. Numbers refer to hydrologic subdomains of the conceptual high-mountain
landscape: (1) The glacier routine consisting of a temperature-index melt model with a Ah parametrization, (2) the temperature-index based
snow routine, (3) the soil routine, (4) the upper and (5) the lower groundwater routine. Subdomains 2-5 are HBV standard routines. Reservoirs
are written in teal blue, model parameters in black, fluxes in red. Parameters with an asterisk have two variants. Long names for parameters

are listed in 1. Details on the processing and long names for reservoirs and fluxes are provided in the text.
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Figure 3. Results of five consecutive Fourier Amplitude Sensitivity Tests (FAST), each based on 1,500,012 random parameter samples for
the period 2000-2017. Blue bars show the total order sensitivity index (St) of all MATILDA parameters for the benchmark catchment (see
Schuster et al. (2025d)). Long names for parameters are listed in 1. Yellow bars show St for the internal parameters only (input correction
parameters fixed). The other colors show St for the same catchment in three glacierization scenarios. The indicated fractions refer to the

initial glacier cover in the year 2000, which was artificially changed from the original value (10.8 %) to 0 %, 30 %, and 50 %, respectively.
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