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Abstract The Pamir Mountains, a critical water source for Central Asia, require accurate quantification of
runoff components for water resource management under climate change. Uncertainties in precipitation data are
known to greatly affect hydrological model accuracy, leading to the widespread use of multi‐data calibration
methods to avoid internal error compensation effects between snow and glacier accumulation and melt
processes. Traditional approaches incorporating runoff, snow cover fraction, and glacier mass balance are
frequently employed in the region's hydrological model calibration; yet we find this calibration approach to still
result in significant uncertainties in the quantification of baseflow, snowmelt, and glacier runoff. Here we show
winter baseflow calibration to provide a previously overlooked yet powerful constraint on model parameters,
not only constraining baseflow but also enhancing the estimation of snowmelt and glacier runoff through
groundwater parameters' control on hydrograph characteristics. Even with low‐quality forcing data, winter
baseflow calibration guides parameters toward more realistic values of runoff estimates, improving model
reliability. Using five different forcing data sets, we show that incorporating winter baseflow alongside
traditional calibration variables (runoff, snow cover, and glacier mass balance) reduces uncertainty ranges from
34%–61% to 8%–21% for snowmelt, 5%–17% to 3%–11% for glacier runoff, and 33%–50% to 7%–21% for
baseflow estimates. Though parameter equifinality remains a challenge, winter baseflow calibration
consistently enhances model accuracy, emphasizing its vital role in refining hydrological predictions in alpine,
data‐scarce, and climate‐sensitive regions.

Plain Language Summary The Pamir Mountains provide vital water resources for Central Asia and
face increasing climate vulnerability. Accurate hydrological modeling is essential for understanding and
predicting water availability, but model accuracy depends heavily on both meteorological input data quality and
calibration methods. Our study shows that incorporating winter river flow measurements significantly enhances
model accuracy in this region. By incorporating this winter baseflow data alongside traditional measurements
like total river flow and snow cover, our calibration method reduces uncertainty in estimating how much water
comes from snowmelt, glacier melt, and groundwater. The approach remains effective even with poor
meteorological inputs, making it valuable for data‐scarce mountain regions.

1. Introduction
The Pamir Mountains, where glaciers and seasonal snow dominate the hydrological cycle, represent a crucial
water supply for Central Asia, supporting ∼136 million people (Pritchard, 2019; Varis & Kummu, 2012). This
cryosphere‐dependent system faces mounting pressure from climate change (Immerzeel et al., 2020), making
accurate hydrological modeling essential for water resource management (Siegfried et al., 2010). However,
uncertainties in meteorological input data (particularly precipitation) significantly affect model accuracy, in
particular when quantifying the contributions of glacier and snow melt and groundwater to total runoff, and
can lead to unreliable model parameter estimation (Dembélé et al., 2020; van Tiel et al., 2020). Modeling
uncertainty becomes more pronounced when models rely solely on streamflow for calibration, as this
approach often leads to equifinality, where the same runoff can result from either increased glacier or snow
melt contributions for conditions with reduced precipitation input and vice versa (Beven, 2006; van Tiel
et al., 2020). A multi‐data calibration approach is strongly recommended to reduce such internal error
compensation effects and better constrain the model parameter calibration (van Tiel et al., 2020). However,
reliable model calibration data are often not available in high‐mountain regions, especially in the Pamir
(Unger‐Shayesteh et al., 2013).
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Mountain hydrology research has traditionally focused on cryospheric features such as glacier and snowpack
changes (e.g., Lutz et al., 2014; Pritchard, 2019). In high‐mountain catchments, seasonal snow accumulation and
glacier storage changes complicate solving the water balance (Q = P−ET ± ΔS; where P is the precipitation,
Q is the streamflow, ET is the evapotranspiration, and ΔS is the storage change). To constrain these cryospheric
variables in hydrological models, three complementary variables are typically used for model calibration: total
runoff (R), glacier mass balance (GMB), and snow cover fraction (SCF). Calibrating the model using only R
poses the risk of equifinality as this variable aggregates rainfall, snowmelt, and glacier melt. Adding SCF con-
strains the spatial extent and timing of snow melt, while GMB constrains glacier mass changes and thus glacier
melt (van Tiel et al., 2020). While the R + SCF + GMB calibration approach has become standard practice for
quantifying snow and glacier melt contributions to total runoff in high mountain regions (e.g., Huang et al., 2022),
this method faces fundamental challenges in data‐scarce regions such as the Pamir. Region‐wide GMB estimates
show high uncertainties, with high‐resolution time series available for only a few glaciers (Barandun et al., 2021).
Hydrological models often produce uncertain estimates of glacier melt contribution given a simplified glacier‐
change representation calibrated with limited in situ GMB observations (Tarasova et al., 2016) or no GMB
data at all (Pohl et al., 2017).

Despite the increasing recognition of groundwater discharge as a significant contributor to mountain streamflow
(Andermann et al., 2012; Cochand et al., 2019), its representation and use for calibration in hydrological models
are limited as its quantification remains highly uncertain (Chapman, 1999; Partington et al., 2012). Strong in-
teractions between surface runoff and aquifers have been observed in high mountain regions (Carroll et al., 2024;
Cochand et al., 2019; Tiel et al., 2024) and may be intensified with permafrost thaw under climate warming (Diak
et al., 2023). However, in the absence of relevant observational data, studies often assume a minor role of
groundwater reservoirs, frequently represented by models through shallow and poorly developed soils, resulting
in small and short‐lived groundwater reservoirs (e.g., Su et al., 2022). The modeled contribution of groundwater
discharge to total streamflow, as well as how much this contributes during meteorologically extreme years in the
Pamir, varies between studies (Beck et al., 2013; Pohl et al., 2015; Tarasova et al., 2016). In the absence of
substantial aquifers, the watersheds in the Pamirs respond relatively fast to snow and glacier melt, which
constitute the bulk of the total annual flow. Models thus can effectively capture the highly seasonal flow patterns,
often achieving a high Nash–Sutcliffe efficiency (NSE, Nash & Sutcliffe, 1970) despite poorly representing
winter baseflow sustained by groundwater discharge (e.g., Huang et al., 2022).

Groundwater modeling requires an understanding of the aquifer's physical and hydrologic properties. These
properties result from geological and geomorphological basin characteristics and can be reflected in the baseflow
recession curve (Brutsaert & Nieber, 1977; Cheng et al., 2016; Hall, 1968; Tallaksen, 1995; Zecharias & Brut-
saert, 1988; Zhang & Schilling, 2006). In the Pamir region, a fast hydrograph recession is followed by a slow
recession in winter (Pohl et al., 2015, 2017); a behavior that has elsewhere been attributed to the coexistence of
shallow high hydraulic conductivity sedimentary aquifers and deep low hydraulic conductivity bedrock aquifers
(Hayashi, 2020). Traditional single‐layer groundwater models with simple power law relationships fail to capture
this complexity (Hayashi, 2020; Somers & McKenzie, 2020). The oversimplification of the groundwater module
can lead to significant baseflow underestimation (Floriancic et al., 2018), which subsequently affects the accuracy
of the quantification of snowmelt, glacier, and rainfall runoff. To better represent the groundwater discharge in the
Pamir region, Pohl et al. (2015) implemented a two‐layer groundwater approach: a fast recession component
representing quick release from permeable sediments and a slow recession component capturing gradual
discharge from deeper groundwater sources. However, despite these advances in groundwater representation, the
understanding of how baseflow calibration (i.e., giving a separate weight to the model's performance during the
baseflow period) affects model performance remains limited due to the scarcity of baseflow data. The available
field methods, such as seepage meters and isotopic tracers, do not currently allow an accurate determination of
baseflow (Becker et al., 2004; Cook et al., 2008; Klaus &McDonnell, 2013). As a result, various indirect methods
for estimating baseflow have been developed (e.g., Brutsaert & Nieber, 1977; Cheng et al., 2016; Lyne &
Hollick, 1979; Sloto & Crouse, 1996), but their performance varies by catchment characteristics (e.g., soil and
topographical features) and is difficult to evaluate due to the absence of ground truth data (Chapman, 1999;
Eckhardt, 2008; Klaus & McDonnell, 2013; Nathan & McMahon, 1990; Partington et al., 2012; Smakhtin, 2001;
Xie et al., 2020).

The Gunt River basin in the Pamirs provides a unique opportunity to investigate how calibrating baseflow in
hydrological model calibration influences model performance. The basin's winter streamflow (November–
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February) derives almost exclusively from baseflow because temperatures consistently remain below freezing,
preventing rainfall and snow melt (Pohl et al., 2015). This scenario provides a robust benchmark to evaluate
baseflow simulation. The basin shares key characteristics with the broader Pamir region in terms of topographic
relief, climate (e.g., negative west–east precipitation gradient), and nival–glacial hydrological regime (Pohl
et al., 2017), making it a suitable case study for providing insights into hydrological model calibration in the
complex Pamir mountain system. Here, we use the spatial processes in hydrology (SPHY) model (Terink
et al., 2015), a widely used tool in high mountain hydrological simulations (e.g., Immerzeel et al., 2020; Lutz
et al., 2016), to evaluate how baseflow calibration affects hydrological model performance in the Gunt River
basin. We modify the model with an additional linear groundwater storage component to better represent varying
delays in the baseflow recession as in Pohl et al. (2015). We aim to answer the research questions of how
incorporating baseflow calibration alongside traditional variables (R, SCF, and GMB) can (a) improve model
performance and (b) reduce parameter uncertainty. We use multiple reanalysis‐based meteorological forcing data
sets, the most feasible data source for the data‐sparse mountain region (Zandler et al., 2019), to assess the
robustness of this calibration approach under different meteorological forcing conditions. The present study thus
provides an improved framework for hydrological modeling in the Pamir region, in particular for better quan-
tification of runoff components.

2. Study Area
The Gunt River basin is located in the Pamir Mountains and covers an area of approximately 14,000 km2

(Figure 1). The basin's elevation extends from 2,000 m to 6,700 m a.s.l., with an average of about 4,300 m a.s.l.
Land cover is predominantly barren or sparsely vegetated, accounting for 67.6% of the area (Pohl et al., 2015).
About 5% of the catchment area is covered by glaciers (Randolph Glacier Inventory 6.0).

The Westerlies primarily drive moisture supply in the Gunt basin from west to east (Baldwin & Vecchi, 2016;
Schiemann et al., 2008). Over 85% of precipitation falls as snow in winter and spring (Haag et al., 2019). The Gunt
basin is located in the transition zone between the westerly winds and the Indian summer monsoon (Fuchs
et al., 2013; Palazzi et al., 2013), and can be characterized as a dry and continental basin. The western part re-
ceives higher annual precipitation (∼300 mm) than the eastern part (∼100 mm; Farinotti et al., 2020; Palazzi
et al., 2013; Pohl et al., 2015; Wang et al., 2017). Although the eastern part is generally higher in elevation and
receives less precipitation than the western part, no apparent correlation has been found between altitude and
precipitation (Pohl et al., 2015). According to meteorological records, the temperature gradient in the Gunt basin
follows topography, with temperatures staying below 0°C during the winter months (November–February), fa-
voring snow accumulation (Haag et al., 2019; Pohl et al., 2015).

In the arid Pamir, sublimation can be significant due to strong solar radiation, low humidity, and high wind
speeds. Studies from the neighboring Tien Shan mountains have reported sublimation to account for

Figure 1. Elevation map of the Gunt basin showing the available meteorological stations (Navabad, Bulunkul, and Dzaushangoz) and the Khorog discharge
measurement location. Glacier cover data obtained from Randolph Glacier Inventory 6.0.
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approximately 5%–15% of the total annual ablation at Urumqi Glacier No. 1 and Kyzylsu glacier (Fugger
et al., 2024; Yao et al., 2012). Given the dry conditions in the study area, relative sublimation losses may be even
higher.

3. Data
3.1. Climate Data

The SPHY model simulates the water balance components, whereQ = P−ET ± ΔS. The model requires daily
precipitation sum and temperature (maximum, minimum, and average) as forcing inputs. Four meteorological
stations in the Gunt basin record precipitation; however, their location in valleys below 3,800 m (Figure 1) renders
the spatial interpolation and derivation of local precipitation gradients highly uncertain (Teegavarapu, 2014). For
temperature, while its general decrease with elevation is well understood, local variations from katabatic winds
and complex topography render interpolation from limited valley stations problematic, in particular over glaciers
where near‐surface cooling can significantly modify local temperatures (Salerno et al., 2023).

Therefore, we choose reanalysis products given their broad spatial coverage, physical basis, and accessibility. To
reduce modeling uncertainty associated with using a single forcing data set (Barandun & Pohl, 2023), we
incorporated several data sets. For precipitation, we use the land component of the European Center for Medium‐
Range Weather Forecasts (ECMWF) fifth‐generation reanalysis (ERA5‐Land) precipitation (Hersbach
et al., 2020), derived from ERA5 through bilinear interpolation at a resolution of ∼31 to ∼9 km. We also use the
climatologies at high resolution for the Earth's land surface areas (CHELSA) precipitation (Karger et al., 2021),
which also builds on ERA5 but applies a more sophisticated downscaling approach to achieve a ∼1 km resolution
by incorporating orographic predictors, including wind fields, valley exposition, and boundary layer height,
combined with satellite‐derived cloud frequencies. To enable direct comparison with previous work in the region
(Pohl et al., 2015), we also include the High Asia Refined analysis version 1 (HAR v1; Maussion et al., 2014)
precipitation data set, even though this is a previous‐generation product not extended beyond 2013. HAR v1
provides dynamically downscaled daily precipitation at 10 km resolution through the Weather Research and
Forecasting (WRF) model (Barker et al., 2012).

For temperature, we use ERA5‐Land temperature, which applies a constant lapse rate of −0.0065°C m−1 in the
downscaling process (∼31 to ∼9 km resolution). Additionally, we use the Terra Moderate Resolution Imaging
Spectroradiometer (MODIS) Land Surface Temperature/Emissivity Daily Global product (MOD11C1 version 6)
night land surface temperature (∼5 km resolution), which has shown good agreement with station measurements
in previous studies and thus its usability as a surrogate for air temperatures in the region (Pohl et al., 2015).

These data sets result in five main forcing combinations: ERA5 + ERA5, ERA5 + MODIS, CHELSA + ERA5,
and CHELSA + MODIS, plus the HAR + MODIS combination following Pohl et al. (2015). We excluded
CHELSA temperature data as they derive directly from ERA5, using an identical methodology to that of ERA5‐
Land. An evaluation of these products against station observations is presented in Section 4.4.

While numerous other precipitation and temperature products are available (Sun et al., 2018), we selected just a
representative set of products, as a comprehensive assessment of forcing data quality lies beyond the scope of the
present study.

3.2. Glacier and Snow Cover Data

Including GMB observations as one of the calibration data sets helps improve the accuracy of glacial runoff
simulation. However, in situ GMB observations are scarce in the Pamirs (Barandun et al., 2020; Hoelzle
et al., 2017). In the Gunt basin, only one glacier monitoring site, established in 2020, is available (glacier No.
457). Several geodetic‐based GMB data sets (Hugonnet et al., 2021) are available. While these studies often cover
extensive areas, their temporal resolution is typically limited to periods of 5 years or longer. As a result, they fail
to capture interannual or even seasonal variations. Here, we use an annual GMB data set based on a distributed
mass balance model calibrated with sub‐seasonal snowline observations and geodetic mass balances (Barandun
et al., 2021). Repeated snowline observations during the melt season enable a robust calibration, offering a
significant advantage over modeling studies constrained by limited glaciological measurements or the coarse
temporal resolution of geodetic GMB.
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Initial glacier distributions in the model are derived from the Randolph Glacier Inventory (RGI) version 6 (Pfeffer
et al., 2014). The RGI v6 represents the glacier outlines of the 2000s in the Pamir, and the glacier area in each
model grid is updated yearly. Outlines of supraglacial debris‐covered glaciers from RGI v6 are derived from
Scherler et al. (2018) based on Landsat 8 and Sentinel‐2 optical satellite imagery. The glaciers' initial ice thickness
is estimated using the GlabTop2 model (Frey et al., 2014; Linsbauer et al., 2012). We use the MODIS MOD10A2
snow product (Hall & Riggs, 2007), which has been extensively used and validated (Arsenault et al., 2014), to
estimate the monthly SCF in the Gunt basin. MOD10A2 offers a spatial resolution of 500 m and a temporal
resolution of 8 days, with data available from 2000 to the present.

3.3. Discharge Data

We obtained daily discharge data (with gaps) from 1998 to 2013 at the basin outlet (Khorog) from the State
Administration for Hydrometeorology of Tajikistan. The Gunt River hydrograph presents a nival–glacial regime
showing low discharge in winter, which rapidly increases in spring, peaks with sharp daily fluctuations in
summer, and sharply declines in early fall (Pohl et al., 2015). Summer hydrographs show strong interannual
fluctuations, contrasting with the low and relatively constant winter hydrographs. Snow and glacier melt therefore
play a significant role in the hydrological cycle of the Gunt basin, although the contribution of snow melt and
glacier runoff to total runoff is debated (Pohl et al., 2015; Tarasova et al., 2016).

Groundwater discharge is generally recognized as the primary and most significant component of the baseflow,
especially during periods of low flow (Bachman, 1998; Hewlett & Hibbert, 1967). The baseflow recession
analysis (Figure S1 in Supporting Information S1), following Safeeq et al. (2013), also indicates that groundwater
discharge dominates runoff in the Gunt basin during winter (when recession constant <0.065). In the present
study, we assume winter runoff to correspond entirely to baseflow and to come entirely from groundwater
discharge. However, this assumption is not without uncertainty (see Section 6).

Since 2006, a naturally dammed lake has been regulated to maintain constant winter discharge for a downstream
hydropower plant near Khorog (Figure 1). The drawdown of the winter discharge is compensated by retaining
water during the summer, but the regulation effect on summer flows is minor (less than 10% reduction), and the
summer lake level is maintained within its natural fluctuation range to protect the ecosystem (World Bank, 2008).
Therefore, this naturally dammed lake primarily affects winter low flows, while it does not significantly alter the
annual or seasonal runoff patterns in the catchment. Consequently, total runoff data after 2006 are included in the
statistics for model calibration and validation, while winter runoff data after 2006 are excluded. Other human
impacts on discharge are negligible, with summer irrigation in the valleys accounting for only 0.4% of the mean
annual discharge in Khorog (Pohl et al., 2015).

3.4. Other Data

For soil hydraulic properties, we use HiHydroSoil v2.0 high‐resolution global maps, which provide a compre-
hensive global inventory of soil hydraulic variables in a gridded format with a spatial resolution of 250 m (Simons
et al., 2020). We derive land use data from the global land cover map based on ENVISAT medium resolution
imaging spectrometer (MERIS) Level‐1B data, with a spatial resolution of approximately 300 m (Defourny
et al., 2009). This map includes 22 land cover classes defined by the United Nations (UN) Land Cover Classi-
fication System (LCCS). The overall accuracy of these land cover classes is approximately 68% (Simons
et al., 2020).

4. Methods
4.1. Hydrological Model

We use the SPHY model, a spatially distributed, physically based leaky‐bucket type of model designed for
cryospheric–hydrological studies in high mountain regions (Terink et al., 2015). We selected the SPHY model
mainly for its computational efficiency and suitability for simulating cryosphere–hydrological processes in data‐
scarce mountain regions. The SPHY model integrates parameterizations of the dominant hydrological processes,
including (a) rainfall runoff, (b) lake/reservoir outflow, (c) cryospheric processes (snow and glacier), (d) dynamic
vegetation, (e) evapotranspiration, and (f) soil hydrological processes. The model has been widely used in hy-
drological modeling in mountain regions, especially in the Tibetan Plateau (e.g., Khanal et al., 2021; Lutz
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et al., 2016). In the present study, the model runs at a daily time step at 1 × 1 km spatial resolution. The calculated
runoff components are summed up for each grid cell and then routed to yield the total runoff. The SPHY model
uses the simple flow accumulation routing scheme, with a flow recession coefficient to account for flow delay. A
detailed description of the model can be found in Terink et al. (2015).

SPHYmodel calculates reference evapotranspiration using the Hargreaves method, followed by the calculation of
potential evapotranspiration using the crop coefficient approach (Hargreaves & Samani, 1982). Surface runoff is
calculated based on saturation excess runoff, known as Hewlettian runoff (Hewlett, 1961). The baseflow
calculation in SPHY is based on the steady‐state response of groundwater flow to recharge (Hooghoudt, 1940),
which is also used in the Soil and Water Assessment Tool (SWAT) model (Neitsch et al., 2009). The model uses
an exponential decay weighting function (Venetis, 1969) to estimate the groundwater recharge. Water table
fluctuations are modeled as a nonsteady response to periodic recharge (Rycroft & Smedema, 1983). Detailed
procedures for calculating baseflow can be found in Terink et al. (2015).

A distributed temperature index model is used to estimate glacier and snow melt (Hock, 2003). Snowfall occurs
when the air temperature falls below 0°C, calculated for each grid cell (1 × 1 km) based on precipitation input.
Snowmelt and rain can infiltrate and refreeze in the snowpack. The amount of freezing and meltwater retention in
the snowpack is determined by the snow storage capacity, which can be calibrated. Melt is proportional to air
temperature and is calculated at a daily resolution for all grid cells except for those covered by glaciers. The total
catchment‐wide snow melt reported in the present work results from the sum of snow melt on the ground and
snow melt from glaciers (Terink et al., 2015).

To simulate glacier changes, we use a subgrid of 100 × 100 m for each RGI glacier outline to account for
elevation‐dependent glacier melt. A temperature lapse rate extrapolates the model forcing temperature for the
corresponding elevation band (see Section 4.4) to each subgrid cell of the glacier. The downscaled forcing data
define the precipitation distribution and are not redistributed to each subgrid cell. We use three different degree‐
day factors (DDFs): one for clean ice (DDF_ice), one for debris‐covered ice (DDF_debris), and one for snow
(DDF_snow). The DDFs are constant in space and time.Wemultiply these factors by the subgrid cell temperature
to calculate melt when the air temperature is above the critical temperature of 0°C. Accumulation is described as
all solid precipitation that occurs below the critical temperature. Melt can infiltrate the snowpack and be retained
on the glacier until maximum retention capacity is reached. Any additional melt will run off and may infiltrate into
the ground or become surface runoff after leaving the glacier surface.

The annual mass balance is the sum of accumulation and ablation at the end of the hydrological year and is used to
calculate ice thickness and volume change. At the end of the hydrological year, the accumulated snow is directly
converted into ice and redistributed over the ablation area to account for flow dynamics based on the ice volume
(Morlighem et al., 2011). The goal of this redistribution is to account for the geometric adjustment of the glacier.
In the present study, the modeled glacier area change is less than 3% of the total glacier area, and its impact on the
calculated mass balance is thus minor.

4.2. Model Improvements

The SPHY model has been successfully applied to simulate runoff in glacierized high alpine catchments (e.g.,
Khanal et al., 2021; Lutz et al., 2016). However, the distinct hydrological characteristics of the Pamir region
require two key model improvements: (a) incorporation of snowmelt infiltration and (b) implementation of a dual
groundwater system.

Compared with often rainfall‐dominated systems with a majority of groundwater recharge resulting from rainfall
infiltration in the Himalayas (Lone et al., 2021), snow infiltration is of paramount importance for groundwater
recharge in nival‐glacial hydrological systems (Meeks et al., 2017; Mohammed et al., 2019; Urrutia et al., 2019).
This is also the case in Pamir, where precipitation occurs predominantly in solid form during the winter months.
We modify the original SPHY model, lacking snow melt infiltration, to incorporate snow melt infiltration
following saturation excess principles (Hewlett, 1961); in doing so, snowmelt is able to contribute to groundwater
recharge while generating surface runoff only when the upper soil layer reaches saturation.

In the original SPHY model, baseflow recession is modeled as an exponential function of time (Terink
et al., 2015). Figure S1 in Supporting Information S1 shows the winter baseflow recession in the Gunt River basin
from 1 November 2000 to 28 February 2001, reflecting the basin's typical winter recession pattern. We fitted the

Water Resources Research 10.1029/2025WR040043

HUANG ET AL. 6 of 26

 19447973, 2026, 1, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2025W

R
040043 by Schw

eizerische A
kadem

ie D
er, W

iley O
nline L

ibrary on [19/02/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



winter discharge based on exponential recession behavior (Safeeq et al., 2013) and constructed the recession
curve using the adapted matching strip method (Posavec et al., 2006). The recession curve presents two stages: the
first shows a rapid recession with a recession constant of 0.0067, while the second shows a slower recession rate
with a recession constant of 0.0007 (Figure S1 in Supporting Information S1). The use of a single recession curve
underestimates baseflow during the slow recession period (Figure S1 in Supporting Information S1). To represent
this dual recession system, a double groundwater layer module is used instead: the first reservoir (GW1) simulates
a fast recession through sedimentary deposits, and the second reservoir (GW2) represents a traditional deep
groundwater layer with a slower recession rate. The “fast” layer receives recharge from percolation through the
unsaturated soil profile, and a fraction of the recharge can be routed to the deep aquifer, which is controlled by the
parameter SplitGW (Table 1). Those two layers can generate the baseflow in parallel, showing different recession
(alphaGW1, alphaGW2) and recharge (deltaGW1, deltaGW2) rates. Details regarding the double aquifer can be
found in Luo et al. (2012) and Neitsch et al. (2009). The groundwater module is parameterized through calibration
using observed winter discharge data (1998–2006), which is considered baseflow and results from groundwater
discharge.

4.3. Definition of Each Runoff Component

In the improved SPHY model, there are four types of runoff: (a) Rainfall runoff is defined as the water flow
generated when rainfall exceeds the soil's infiltration capacity. (b) Snowmelt runoff comprises surface snowmelt
runoff (including snowmelt on glaciers) and subsurface drainage generated when the infiltrated snowmelt exceeds
the soil's field capacity. (c) Glacier runoff refers specifically to bare ice melt from glaciers after the overlying
snow has melted. While some of the ice melt infiltrates through glacier‐margin sediments to contribute to
baseflow (Tiel et al., 2024), we define glacier runoff here as only the surface runoff component of ice melt. (d)
Baseflow combines the groundwater contributions from all sources: snow melt infiltration, glacier melt infil-
tration, and rainfall percolation, regulated through the dual groundwater system described in Section 4.2.

4.4. Forcing Downscaling

All forcing datasets—except CHELSA precipitation—need to be downscaled from their original resolution to
match our SPHY model's 1 × 1 km spatial resolution. We adopt an elevation‐based downscaling approach, given
the role of elevation in climate variability in mountain regions (Liston & Elder, 2006).

Table 1
Most Sensitive Parameters in Improved SPHY Model

Parameter Description Unit

PCF Precipitation intensity correction factor –

TC Temperature correction factor °C

RootDF Field capacity correction factor in the first soil layer mm/mm

SubDF Field capacity correction factor in the second soil layer mm/mm

dtGw1 Recharge delay time for GW1 day

dtGw2 Recharge delay time for GW2 day

alpGw1 Control the recession speed for GW1 –

alpGw2 Control the recession speed for GW2 –

SplitGW Recharge proportion to ground layer2 %

DDFI Degree‐day factor for clean ice mm w.e. day−1 °C−1

DDFDG Degree‐day factor for debris‐covered ice mm w.e. day−1 °C−1

DDFS Degree day factor for snow mm w.e. day−1 °C−1

SnowSC Storage capacity of snowpack mm/mm

GlacF Percentage of glacier melt that becomes surface runoff %

Kx Recession coefficient of routing –
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We divide the Gunt basin equally into 10 elevation bands with 10 equal percentiles to better characterize
precipitation–elevation relationships, since precipitation gradients can vary significantly at different eleva-
tions in high‐mountain regions (Immerzeel et al., 2015; Ruelland, 2020). For each elevation band, we obtain
the gradients from CHELSA data, which is considered to be able to capture small‐scale precipitation gra-
dients (Karger et al., 2017). We use CHELSA data to obtain the probability density distribution of pre-
cipitation gradients in the Gunt River (Figure S2 in Supporting Information S1). We consider a grid cell in
CHELSA together with its eight neighboring points as one group, and the precipitation gradient within
this group is calculated from the regression of precipitation against elevation. This process is repeated for
each grid cell to obtain the probability density function of the precipitation gradients. The precipitation
gradient distribution in each elevation band shows very similar characteristics, with a median of 2%/100 m
to 2.2%/100 m (Figure S2 in Supporting Information S1). The gradient from CHELSA is substantially lower
than the median value of 9.8%/100 m found in the Upper Indus basin through inverse modeling (Immerzeel
et al., 2015). The lower precipitation gradients in the present study can either reflect the more arid con-
ditions of the Pamir region, which receives less moisture from westerly circulation systems compared with
the Upper Indus basin (Pohl et al., 2015; Schiemann et al., 2008), or might simply be related to unresolved
altitude‐related gradients within the CHELSA data set. While more sophisticated downscaling approaches
exist (e.g., Fiddes & Gruber, 2014), developing high‐resolution precipitation fields is beyond the scope of
this study. To simplify, we apply the gradient of 2%/100 m to all elevation bands for downscaling
the ERA5‐Land and HAR precipitation from 10 × 10 km to 1 × 1 km. To downscale temperature from
ERA5‐Land and MOD11C1, we use lapse rates calculated from the products themselves (0.55°C/100 m and
0.5°C/100 m, respectively). To evaluate the downscaled products, we compare them with independent station
observations (2000–2005) from elevations between 2,080 and 2,751 m; however, these stations cover only
the lower elevation range of the catchment (Figures S3 and S4 in Supporting Information S1). To enable
direct comparison, gridded data are first adjusted to station elevations using the same elevation gradients
applied in the downscaling process. These stations are not assimilated into the ERA5‐Land reanalysis
(Hersbach et al., 2020). Monthly precipitation correlations with observations vary among the data sets
(Figure S3 in Supporting Information S1), with ERA5‐Land showing higher correlations (r = 0.5–0.7)
compared with those of CHELSA (r = 0.3–0.5) and HAR (r = 0.4–0.5). ERA5‐Land and HAR consistently
overestimate precipitation compared with observations, with long‐term monthly ratios ranging from 1.2 to
1.8 for ERA5‐Land and from 1.7 to 3.8 for HAR (Figure S3 in Supporting Information S1). Considering
these overestimations, correction factors of 0.56–0.83 for ERA5‐Land and 0.26–0.59 for HAR should be
applied to initial model parameter values. CHELSA shows no systematic bias but higher temporal
variability.

We apply a similar elevation adjustment for temperature comparisons. Compared with the in situ observations,
MODIS tends to exhibit a cold bias, while ERA5 shows no clear pattern. ERA5 temperature shows a root mean
square error (RMSE) of 4.17°C–5.58°C across stations, whereas MODIS temperatures show greater variability,
with an RMSE ranging from 7.65°C to 12.2°C.

These biases provide reference values for initial model parameters in the subsequent calibration. However, it
should be noted that the comparison is inherently limited by a scale mismatch between point measurements and
gridded data (Tustison et al., 2001) and the relatively low elevation range of available stations.

4.5. Model Parameter Estimation and Optimization

The model calibration process is illustrated in Figure 2. The improved SPHYmodel used in present work presents
a high number of parameters (n = 60; Table S1 in Supporting Information S1).While such high number inherently
increases equifinality risks, it also allows us to test whether winter (November–February) baseflow (WBR) can
effectively constrain even highly parameterized models. We identify the most sensitive parameters (Table 1)
using the Morris global sensitivity analysis (Morris et al., 2014). We iteratively adjust the most sensitive pa-
rameters to obtain an overall optimal set of calibration parameters (Immerzeel et al., 2015). Note that ice typically
shows a higher DDF than snow does; the ratio between DDF for ice and DDF for snow is therefore fixed at 1.9
based on the study by Barandun et al. (2021).

We conduct model simulations over the time period 1995–2015, constrained by the availability of discharge and
GMB observations, with the first 3 years (1995–1997) designated as a warm‐up period to initialize model states.

Water Resources Research 10.1029/2025WR040043

HUANG ET AL. 8 of 26

 19447973, 2026, 1, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2025W

R
040043 by Schw

eizerische A
kadem

ie D
er, W

iley O
nline L

ibrary on [19/02/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



All forcing data sets cover this entire period except for HAR precipitation, which is only available until 2013. For
model calibration, we use the period 2001–2005, when all calibration variables (R, WBR, SCF, and GMB) are
concurrently available. While we acknowledge that snowline‐derived GMB data show higher uncertainty during
the calibration period compared with that shown in post‐2013 observations (Barandun et al., 2021), we accept this
uncertainty as a necessary trade‐off to capture natural hydrological conditions. For validation, we use two
separate time periods to validate the model: 1998–1999 (precalibration) and 2008–2015 (postcalibration). WBR
after 2006 is excluded from validation due to flow regulation from the dam. However, the regulation of the dam is
assumed to have minimal impact (<10%) on annual runoff magnitude and seasonality (see Section 3.3), so total
runoff is included in the statistics.

Given the complexity of mountain hydrology, we implement a simultaneous calibration strategy in which all
parameters are optimized concurrently using the complete set of observational constraints. The simultaneous
calibration, though computationally intensive, better captures parameter interdependencies than stepwise cali-
bration, in particular when dealing with sparse observational data or potential systematic measurement errors
(Schaefli & Huss, 2011). While stepwise calibration can provide explicit constraints on model internal consis-
tency (van Tiel et al., 2020), it may also obscure the model's capacity to represent coupled cryosphere–
hydrological processes in data‐scarce mountain regions.

To automatically calibrate the SPHY model, we use the parameter estimation (PEST) suite with a global
parameter search algorithm (Doherty, 2015). PEST is a nonlinear parameter estimation and optimization package
offering model‐independent optimization routines. PEST can undertake local or global optimization using dif-
ferential evolution methods. Its role is to minimize the weighted sum of squared differences between simulations
and observations, which is calculated as:

ϕ =∑
m

i=1
(wiri)2 (1)

where ϕ is the objective function,m is the total number of time steps in the calibration period,wi is the observation
weight, and ri is the difference between the simulations and the observations.

The fact that these discrepancies can be weighted renders some observations more important than others in
determining the optimization outcome. Choosing the proper weight can significantly impact the calibration results
and often represents a trial‐and‐error process. Ideally, the weight should be set at a level commensurate with the
measurement noise level. Following Clausnitzer and Hopmans (1995), we calculate the weight as:

Figure 2. Flowchart of the model calibration process. Note PG, precipitation gradient; T, temperature; L, elevation band; Simu, simulation; Obs, observation; R, total
runoff; WBR, winter (November–February) baseflow; SCF, snow cover fraction from MODIS MOD10A2; GMB, glacier mass balance based on snowline‐aided
method (Barandun et al., 2021).
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wi = (
1

ni ⋅ σ2i
)

1/2

(2)

where ni is the number of observations and σ2i is the variance of the observations.

The optimization process terminates when a stopping criterion (e.g., the convergence of the total objective
function and the convergence of the parameter set) is satisfied. Many sets of parameter values can yield close to
identical optimal objective function values (global minima or maxima), an issue known as the equifinality
problem. During each iteration, PEST undertakes first‐order second‐moment (FOSM)‐based predictive analysis
to find a parameter set that results in the maximum or minimummodel prediction while still calibrating the model.

The NSE is used as an assessment criterion of the runoff, while the relative and absolute biases serve as efficiency
criteria for assessing model performance in simulating SCF and GMB. Following Moriasi et al. (2007), for runoff
simulation, the model performance can be classified as very good (NSE > 0.75; bias < 10%), good (0.65 < NSE
<0.75; 10% < bias < 15%), satisfactory (0.50 < NSE < 0.65; 15% < bias < 25%), or unsatisfactory (NSE < 0.50
or bias > 25%). For SCF, we applied a ±20% bias threshold, considering the documented MODIS accuracy of
∼60%–80% in mountain regions, with lower accuracy at higher elevations (Frei et al., 2012; Liang et al., 2017;
Şorman et al., 2007; Wang et al., 2008). For GMB, we used a ±0.25 m w.e. yr−1 bias threshold based on the
reported uncertainty for the Gunt basin (Barandun et al., 2021).

4.6. Winter Baseflow Separation

To assess the uncertainty of our reference winter baseflow, we employ four graphical separation methods, six
digital filter methods, one recession analysis method, and one method that combines the recession analysis and the
digital filter to quantify winter baseflow from the total discharge. We choose those methods because they require
only streamflow data as input. The graphical methods include the smoothed minima method (UKIH, UK Institute
of Hydrology, 1980) and three methods developed by the United States Geological Survey (Fixed, Sliding, and
Local; Sloto & Crouse, 1996). The six digital filter methods are the LH method (Lyne & Hollick, 1979), the
Chapman method (Chapman, 1991), the Boughton method (Boughton, 2004), the Eckhardt method (Eck-
hardt, 2005), the EWMAmethod (Tularam & Ilahee, 2008), and the HydRun method (Tang & Carey, 2017). The
recession analysis method is from Cheng et al. (2016) and provides an objective methodology for automated
selection of base flows based on the BN77 method (Brutsaert & Nieber, 1977). The last method that combines the
recession analysis and the LH filter is from Duncan (2019).

5. Modeling Results
5.1. Model Calibration and Validation

The SPHYmodel is calibrated with R +WBR + SCF +GMB and driven by different forcing inputs. The optimal
parameter set for each forcing is automatically estimated by PEST, representing the overall best model perfor-
mance (Equation 1). Figure 3 and Table 2 show the model performance in simulating the daily R and WBR. For
total runoff during calibration, ERA5 precipitation‐forced models achieved very good performance (NSE: 0.84 to
0.92; bias: −2.3% to −3.4%), and HAR + MODIS showed similar quality (NSE: 0.90; bias: −5.9%). CHELSA‐
precipitation‐forced models performed satisfactorily (NSE: 0.57 to 0.59; bias: −20.9% to −21%). The lower
performance with CHELSA forcing is likely due to anomalously low precipitation estimates in certain years
(Figure S5 in Supporting Information S1). For example, only 50 mmwere estimated for 2001, far below the 2001–
2005 average of 300 mm, and much lower than the other precipitation data sets used in this study (Figure S5 in
Supporting Information S1). During validation periods, ERA5 precipitation‐forced models performed best,
maintaining satisfactory to good performance (NSE: 0.68 to 0.83; bias: 6.4%–17.0%). HAR + MODIS showed
satisfactory performance for 2008–2013 (NSE: 0.78; bias: 12.6%), while CHELSA‐precipitation‐forced models
showed satisfactory performance but with consistently larger bias (NSE: 0.73–0.77; bias: 18.8%–23.0%).

For WBR simulation during calibration, CHELSA + ERA5 showed the best performance (NSE: 0.83; bias:
−0.4%), followed by ERA5‐forced models (NSE: 0.73 to 0.76; bias: −1.5% to −1.8%). HAR + MODIS showed
the poorest WBR performance (NSE: 0.62; bias: −0.42%) despite its good performance in total runoff simulation
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Figure 3. (a) Comparison between the best individual model simulation per input data combination and observed total discharge. The parameter set for each forcing is
automatically estimated by PEST, representing the best overall model simulation performance. (b) Comparison between the simulated and observed WBR. Since 2006,
Yashilkul Lake regulation has significantly affected WBR; thus, WBR has been excluded from statistics since 2006. The regulation is assumed to not significantly
impact the overall annual runoff magnitude (<10%), nor runoff seasonality, and total runoff is therefore included in the statistics. (c) SimulatedWBR comparing single‐
versus dual‐layer groundwater representation (GW1 + GW2). For clarity purposes, only models driven by ERA5+ERA5 are shown for 2001–2002 and 2004–2005.

Table 2
Nash–Sutcliffe Efficiency (NSE) and Relative Bias (%) in Calibration and Validation Periods

ERA5+ ERA5 ERA5+ MODIS CHELSA+ ERA5 CHELSA+ MODIS HAR+ MODIS

R Calibration (2001–2005) NSE 0.84 0.92 0.57 0.59 0.90

Bias −2.3 −3.4 −20.9 −21 −5.9

Validation (1998–1999) NSE 0.80 0.69 0.77 0.73 *

Bias 6.4 9.0 20.1 18.8 *

Validation (2008–2013) NSE 0.68 0.83 0.75 0.74 0.78

Bias 17.0 14.5 −20.5 −23.0 12.6

WBR‐double Calibration (2001–2005) NSE 0.76 0.73 0.83 0.76 0.62

Bias −1.5 −1.8 −0.4 −3.0 −0.42

Validation (1998–1999) NSE 0.74 0.62 −2.05 −1.04 0.54

Bias 1.4 6.1 29.7 22.7 5.3

WBR‐single Calibration (2001–2005) NSE 0.32 0.33 0.48 0.35 0.53

Bias −9.6 −6.5 −10.1 −10.3 5.8

Validation (1998–1999) NSE 0.58 −0.05 −3.9 0.29 0.27

Bias −4.3 −12.8 34.5 6.42 11.3

Note. R, total discharge; WBR, winter (November–February) baseflow; ‐single, single groundwater layer; ‐double, two groundwater layers. Forcing combinations
denoted as precipitation + temperature source: ERA5+ERA5, ERA5+MODIS, CHELSA + ERA5, CHELSA + MODIS, HAR + MODIS. *HAR lacking data before
2001. The regulation is assumed to not significantly impact the overall annual runoff magnitude (<10%), nor runoff seasonality, and total runoff is therefore included in
the statistics. The modes were calibrated with R + SCF + GMB + WBR.
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(NSE: 0.90; bias: −5.9%). During validation, ERA5‐precipitation‐forced models maintained good performance
(NSE: 0.62 to 0.74; bias: 1.4%–6.1%), while both HAR and CHELSA‐precipitation‐forced models showed un-
satisfactory performance, with the latter showing even negative NSE values.

The dual‐layer groundwater representation significantly improved WBR simulation capabilities (Table 2 and
Figure 3c). The model with a single groundwater layer failed to capture the observedWBR pattern, showing much
lower NSE (0.32–0.53) during calibration compared with that of the dual‐layer version (NSE: 0.62–0.83).
Figure 3c shows how only the dual‐layer model captured the characteristic two‐phase recession with a rapid initial
decline fromwater retained in the coarse sediments followed by a slower recession representing gradual discharge
from deeper groundwater sources. For all forcing combinations, baseflow is estimated to dominate total runoff
from October to April (Figure S6 in Supporting Information S1). Annual baseflow contributions to total runoff,
however, exhibit variability (Figure S7 in Supporting Information S1) driven by uncertainties in precipitation
inputs (Figure S5 in Supporting Information S1).

Figure 4. SCF comparison between model simulations and MODIS observations across 10 elevation bands from 2001 to
2016. Elevation bands range from 2,000 to 5,167 m, increasing from top to bottom (specific elevation zones are displayed on
the right side of the figure). Analysis excludes glacier‐covered grid cells due to MODIS limitations in distinguishing between
snow and ice surfaces (Rondeau‐Genesse et al., 2016). For model results, shaded areas show SCF ranges when using
different snow depth thresholds (1, 5, and 10 mm) to define snow presence. For MODIS data (500‐m resolution), where each
pixel is originally classified as either snow‐covered (1) or snow‐free (0), the shaded areas represent SCF ranges when using
different thresholds (25%, 50%, and 75% of snow‐covered MODIS pixels) to aggregate to the model 1 km resolution.
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To verify the conclusion that winter runoff entirely originates from baseflow, we also quantify baseflow using the
classical baseflow separation methods (see Section 4.6). Figure S8 in Supporting Information S1 shows the
comparison between the reference winter baseflow in our study and the baseflow estimation from the different
methods. The results show that, although the BN77 method indicates that not all points represent pure baseflow,
the bias between winter baseflow estimates from various separation methods and the reference winter baseflow is
within 5% (Table S2 in Supporting Information S1). The strong consensus among these methods justifies
considering the winter runoff in the Gunt River basin as baseflow. One exception is the result from the Chapman
method that assumes only 80% as baseflow (Table S2 in Supporting Information S1). Other studies have also
noted that this method tends to underestimate baseflow during low‐flow periods due to its fixed parameters
(Helfer et al., 2025; Xie et al., 2020). We noticed that, although those methods generally agree well in terms of the
overall bias, their capabilities in identifying runoff variability differ, with NSE ranging from 0.51 to 0.92 (Table
S2 in Supporting Information S1). Such difference is not surprising, as different regions with varying hydro-
climatic settings may require different baseflow separation approaches (e.g., Gonzales et al., 2009; Pelletier &
Andréassian, 2020; Xie et al., 2020).

The model simulates the SCF well during both calibration (2001–2005) and validation (1998–1999, 2008–2013)
periods, with similar correlation coefficients ranging from 0.71 to 0.90 (Figure 4). However, the model consis-
tently overestimates SCF across elevation bands, with biases ranging from 5.2% to 19.7%. These overestimations
are predominantly concentrated in the eastern regions and depend on the precipitation products (Figures S9–S13
in Supporting Information S1). The modeled catchment‐scale GMB agrees well with the results in Barandun
et al. (2021), with an average bias ranging from −0.28 to −0.08 m w.e. yr−1 depending on the meteorological
forcing combination (Figure 5). The best‐performing forcing data sets were the ERA5 precipitation and tem-
perature. The mass balances are in better agreement for the calibration period (mean bias: ∼ −0.14 m w.e. yr−1)
than for the validation period (mean bias: ∼ −0.20 m w.e. yr−1) for all forcing combinations.

5.2. Performance of Different Model Calibration Strategies

The model was calibrated using different combinations of calibration data to explore their impact on model
performance (Figure 6). The results show that the WBR calibration was essential for any model setup to accu-
rately simulate the winter stream flow (Figure 6). The traditional R + SCF + GMB method yielded satisfactory
results for R, SCF, and GMB (as shown in Table 3) but did not perform well for WBR. Consequently, it was

Figure 5. Comparison between modeled annual glacier mass balances and surface mass balance from Barandun et al. (2021).
Solid lines show median values from different forcing combinations to minimize the influence of extreme values; dashed
lines indicate their lower and upper quartiles. The black line represents the reference mass balance with uncertainty bounds
(dashed black lines) from Barandun et al. (2021).
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categorized as a “failed” calibration strategy. Calibration strategies for optimal model performance depend on the
forcing data set. For example, for ERA5 + ERA5, good model performance can be achieved by combining WBR
with any other calibration variable. However, for ERA5 +MODIS, to achieve optimal model performance, GMB
and WBR must be used simultaneously as calibration variables. These results highlight the fundamental role of

WBR calibration as a constraint for model performance, though the choice of
additional calibration data depends on the forcing data set used.

5.3. Impact of Different Calibration Strategies on Runoff Component
Quantification

WBR calibration effectively constrained the uncertainty in runoff component
quantification (Figure 7). The uncertainty range, defined as the spread be-
tween maximum and minimum values estimated by each forcing data set, is
substantial without WBR calibration: 34.2%–60.9% for snowmelt, 5.0%–
17.3% for glacier runoff, and 33.4%–50.4% for baseflow (Table 4). Incor-
porating WBR calibration, especially when combined with any other

Figure 6. Model performances according to different objective functions for different data combinations in the calibration
period. (a) R_NSE, NSE for total discharge; (b) WBR_NSE, NSE for winter baseflow; (c) SCF_bias, snow cover fraction
bias; (d) GMB_bias, glacier mass balance bias. Calibration group names with WBR calibration are marked in blue;
calibration strategies that failed in any of the other performance categories are indicated with a cross. Good minimum
performances are presented as “standard” in Table 3.

Table 3
Standards of Overall Good Model Performance

R WBR SCF1…10 GMB
NSE RB (%) NSE RB (%) AB (%) AB (m/y)

>0.5 <25 >0.75 <10 <20 <0.25

Note. RB, relative bias; AB, absolute bias. If a strategy does not meet the
performance criteria in any single category, it is classified as a “failed”
calibration strategy. The standard for R is lower than that for WBR because it
was the highest achievable one with CHELSA data.
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calibration objective (R, SCF, or GMB), substantially narrowed these uncertainty ranges to 8.2%–21.2%, 2.6%–
10.7%, and 6.8%–21.3%, respectively (Figure 7; Table 4).

While runoff component quantification inherently depended on forcing inputs (Figure 7), WBR calibration
substantially mitigated these input‐dependent variations, in particular for snowmelt and baseflow estimates. For
example, before WBR calibration, median estimates across different forcing data sets varied widely, with
snowmelt contributions ranging from 35.0% to 60.9% and baseflow contributions from 33.4% to 58.3% (Table 4);

Figure 7. Box plots of major runoff component contributions with different calibration strategies during the time period 2001–2005. Groups with R + WBR calibration
are highlighted in blue. Model runs are included when meeting their respective calibration objectives (Table 3). Rainfall runoff contribution was negligible (<3%), and
we thus excluded this from further analysis.

Table 4
Runoff Contribution to Total Runoff Estimated With Different Calibration Strategies

R R + SCF R + GMB R + SCF + GMB R + WBR R + SCF + WBR R + WBR + GMB R + SCF + WBR + GMB WBR SCF + WBR + GMB WBR + GMB

Snowmelt Range 38.3 43.9 34.2 45.2 11.5 8.2 14.3 10.9 22.4 20 21.2

E (%) Median 60.9 54.8 59.6 55.9 53.6 52.7 50.5 52.1 50.7 42.6 40.7

R Glacier Range 16.3 17.3 12.7 12 5.9 6.1 4.3 7.9 6.4 10.7 5.3

A (%) Median 6.1 6.6 5.8 5.0 3.7 3.9 8.3 5.9 3.1 8.6 8.2

5 Baseflow Range 37.7 48.5 40.6 50.4 21.3 10.8 12.7 6.8 22.5 21.3 21

(%) Median 33.4 36.8 34.9 40.3 40.8 43.4 41.2 41.7 46 47.1 50.6

C Snowmelt Range 21.4 28.2 27 29.4 12.7 7.3 7.6 7.2 22.6 15.3 23.1

H (%) Median 36.3 35 43.8 35.3 42.7 47.8 41.4 46.7 39.9 51.8 38.1

E Glacier Range 16.6 17.9 12.2 13.6 11 6.6 4.2 2.6 11.3 3.2 5

L (%) Median 10 9.9 8.1 5 10.8 6.5 5.4 5.8 5.0 5.9 4.7

S Baseflow Range 34.8 31.3 31.5 39.2 8.4 9.8 7.6 6.7 28.3 14.7 23.9

A (%) Median 55.3 56.4 49 58.3 48.6 44.5 53.1 47.7 53.9 42.3 57.3

Snowmelt Range 48.7 55.2 44 50.2 27 20.8 24.1 11.3 42.2 20.5 23.1

H (%) Median 57.7 52.5 55 53.8 51.4 48.3 48.5 51.6 49.6 41.5 38.7

A Glacier Range 17.6 19.9 13.4 14.4 12.7 7.7 5.4 8.7 12.3 12.7 8.5

R (%) Median 6.3 5.9 6.8 5.0 3.7 6.0 6.7 5.9 3.6 7.8 5.4

Baseflow Range 51.8 53.4 47.5 54.2 24 23.5 25.6 12.2 39.5 22.7 26.1

(%) Median 35.1 45.2 38.1 41.7 44.5 44.5 45.2 42.4 46.5 50.5 55.2

Note. The first column represents different precipitation inputs. Median and range (max ‐ min) from Figure 7 show model results under different forcing inputs and
calibration data.

Water Resources Research 10.1029/2025WR040043

HUANG ET AL. 15 of 26

 19447973, 2026, 1, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2025W

R
040043 by Schw

eizerische A
kadem

ie D
er, W

iley O
nline L

ibrary on [19/02/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



but, after incorporating WBR with other calibration data, these ranges converged to 38.1%–53.6% for snowmelt
and 40.8%–57.3% for baseflow, reducing the uncertainty by 40.2% and 33.7%, respectively (Table 4).

To further quantify the uncertainties resulting from either calibration strategy or forcing data, Figure 8 shows the
relative differences for each category. The specific methods for quantifying these uncertainties are described in
Text S1 of Supporting Information S1. The results suggest that the choice of a particular calibration strategy can
introduce larger uncertainties in runoff component estimation than those introduced by differences in the forcing
data. Traditional calibration approaches (R + SCF + GMB) constrain these uncertainties less effectively than
approaches incorporating WBR calibration. WBR calibration consistently reduces uncertainty ranges for
snowmelt runoff (21%–33% to 9%–13%) and baseflow (24%–38% to 7%–19%). Differences in glacier melt un-
certainty are mainly improved by incorporating GMB calibration. These findings indicate that, while the quality
of forcing data is crucial in hydrological modeling, the calibration strategy is at least equally important for
reducing uncertainty in the runoff component estimates.

6. Discussion
6.1. WBR Calibration

Incorporation of WBR as an additional calibration variable has been proven significantly beneficial for con-
straining model parameter ranges across different forcing data sets. As outlined in Terink et al. (2015), SPHY
balances the surface runoff and groundwater recharge to achieve a desired baseflow (Text S4 in Supporting
Information S1). By constraining the amount of baseflow in the calibration process, the model requires to adjust
percolation water either through liquid precipitation or snow melt, leading to, for example, different SCF rep-
resentations between different forcing data sets. The WBR calibration substantially narrows the uncertainty
ranges for certain GW parameters and those affecting meltwater infiltration rates, notably reducing the uncer-
tainty of DeltaGW1 by over 90% and SplitGW by 30%–90% (Figures S14–S18 in Supporting Information S1).
However, some other parameter ranges were not significantly improved (Figures S14–S18 in Supporting In-
formation S1). The overall uncertainty reduction (Figures 7 and 8) might indicate either a low sensitivity of such
parameters (Table S1 in Supporting Information S1) or equifinality related to snow accumulation and melt
processes, which are driven by the precipitation and temperature correction factors (PCF, TCF) that indirectly
control the groundwater recharge from melt. The high uncertainty of those parameters can also be related to the
limited calibration data, the simplified model, and the choice of the objective function (Cui, Li, & Tian, 2021; Cui,
Sreekanth, et al., 2021; Her & Chaubey, 2015; Smith et al., 2022; Tague et al., 2004; Wagener & Gupta, 2005).
Despite some of the parameters not being narrowed down, the calibration strategy attests additional value over
classical calibration strategies for better constrained runoff component estimates (Figures 7 and 8), although with

Figure 8. Runoff component uncertainty range induced by (a) calibration strategy and (b) forcing inputs. Uncertainty range
refers to the difference between the estimated maximum and minimum values of runoff components.
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limited value for deriving a robust and transferable model. For the latter, the dependence on forcing data still
appears to significantly influence the derivation of the model parameters.

Note that WBR alone is insufficient for good model performance, as its calibration alone shows limited effec-
tiveness in constraining parameter uncertainty (Figures S14–S18 in Supporting Information S1), and thus must be
combined with other data types to calibrate the model. Combining WBR with total runoff is the most effective
way to reduce parameter uncertainty. Calibrating on total runoff can lead to equifinality, as matching the total
flow is sufficient without constraining the processes involved. By addingWBR as an individual runoff component
in the calibration process, we force the model structure to account for both meltwater infiltration for groundwater
storage recharge and a dual‐layer groundwater discharge that produces the characteristic fast and slow recession
baseflow. As groundwater parameters directly influence how precipitation translates into baseflow over months to
years (Pohl et al., 2017), the WBR calibration affects multiple calibration parameters simultaneously, which in
combination lead to a specific baseflow behavior. This also explains, to some degree, why different forcing data
produce different parameter sets. However, these parameter sets seem to be consistent with their respective
forcing data. It is striking that the WBR calibration is efficient for the parameter estimation even over such a short
calibration period as the 5‐year one used in this study (2001–2005), as well as for the forcing data sets with evident
data issues.

As Pohl et al. (2015) demonstrated for the Gunt catchment, even inaccurate precipitation data can reproduce total
discharge if basic seasonality is maintained; the only requirement is to adjust the precipitation intensity to satisfy
the water balance. Her et al. (2019) further suggest that the uncertainties frommodel parameters can be larger than
the uncertainties from the forcing inputs for the quantification of slow components such as soil moisture and
groundwater. Therefore, even with the anomalously low precipitation in 2001 (50 vs. 300 mm average) for
CHELSA, the CHELSA‐forced models still can achieve satisfactory WBR performance during the calibration
period. However, validation results show significant degradation in WBR simulation performance. In addition to
the well‐known forcing data uncertainty problem, the reduced performance during the validation period can also
be attributed to several other factors, including overfitting during calibration (e.g., Her & Chaubey, 2015; Zhao
et al., 2019), limitations in calibration data quality (e.g., Montanari & Di Baldassarre, 2013), and the choice of the
objective function (e.g., Her & Seong, 2018). The impact of each aspect on this study is discussed in Text S2 of
Supporting Information S1.

With long‐lasting snow covers (Immerzeel et al., 2009) and increasing dominance of snow‐ and glacier‐fed
streams toward the western end of the Himalayas, hydrological study results can differ significantly regarding
the importance of runoff components (Azam et al., 2021). The WBR calibration strategy appears promising for
exploiting these nival–glacial discharge patterns and deriving much better constrained estimates of runoff
components. Even in the absence of continuous discharge estimates, we have shown that WBR + GMB can
already yield more constrained results than classical calibration strategies. As the baseflow recession can be
determined (at least for the slow recession component) at a monthly scale, the WBR calibration should allow for
using historic data records for Central Asian rivers available at the monthly temporal resolution (e.g., GRDC;
Elmi et al., 2024). In combination with an increasing availability of satellite‐derived geodetic GMB (e.g., Bar-
andun et al., 2021; Hugonnet et al., 2021), snowline altitude (Barandun et al., 2021; Loibl et al., 2025), and
gravimetric terrestrial water storage data (e.g., from the Gravity Recovery and Climate Experiment (GRACE)),
additional boundary conditions and constraints can be implemented. The complementary data on snow accu-
mulation and melt should help to further increase model robustness due to snowmelt's paramount importance on
groundwater recharge in cold regions (Jeelani et al., 2021; Mohammed et al., 2019; Tiel et al., 2024), and the
terrestrial water storage can further constrain the water balance at the mountain range scale (Bai et al., 2018; Lo
et al., 2010; Sun et al., 2010).

6.2. Runoff Component Quantification

Only two similar studies conducted in the study area (Pohl et al., 2015; Tarasova et al., 2016) are available for
direct comparison with the present work. Taking the median of the results from the R + SCF + WBR + GMB
calibration as the baseline, the estimated contributions of snowmelt runoff, glacier runoff, and baseflow to total
runoff from 2001 to 2005 are 46.7%–52.7%, 5.8%–5.9%, and 41.7%–47.7%, respectively (Table 4). Using
HAR + MODIS forcing data, Pohl et al. (2015) estimated lower snowmelt (28%) and baseflow (38%) contri-
butions but much higher glacier runoff (34%). Pohl et al. (2015) did not incorporate GMB data to constrain the
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modeled GMB. On the other hand, the higher glacier contribution in Pohl et al. (2015) probably results somewhat
from snow melt on the glacier surface being included in the glacier meltwater contribution, whereas we separate
the snow melt on ice from the glacier meltwater contribution and add this to the snow runoff component instead.
Armstrong et al. (2018) calculated the contribution of ice and snowmelt on the glacier separately and showed that,
on an annual scale, snow melt on ice often exceeds the contribution of ice melt (up to seven times). However, in
their study, the authors report that exposed ice melt contributes 8% to the annual runoff of the Amu Darya basin,
while snow on ice contributes only 4%. Furthermore, without constraining GMB, Pohl et al. (2015) also modeled
significantly more negative GMB for some of their forcing combinations. For comparison, Tarasova et al. (2016)
estimated a contribution of glacier runoff (without snow melt on ice) to total runoff of 5.8%–14.3% using
R + GMB calibration in a multi‐objective function; these results are much closer to those presented here. The
GMB in the present work shows a dominant negative bias over the whole study period for most forcing com-
binations when compared with the GMB reported in Barandun et al. (2021). Therefore, the glacier meltwater
could be overestimated in our study.

All forcing data sets tend to overestimate the SCF in the eastern part of the Gunt basin during May and June
(Figures S9–S13 in Supporting Information S1), suggesting the potential bias in the modeled seasonal distribution
of the snow melt runoff. The SCF overestimation likely stems from two key factors: first, the Pamir region
exhibits a strong negative precipitation gradient, with annual total precipitation decreasing from west to east due
to westerly dominated moisture transport being progressively depleted as air masses traverse the mountain ranges
(Baldwin & Vecchi, 2016). While ERA5 and HAR generally capture this pattern, CHELSA shows an opposite
pattern with higher precipitation in the east (Figure S19 in Supporting Information S1). Second, in these eastern
dry areas, thin and discontinuous snow cover may not be well detected by MODIS (Hall & Riggs, 2007). MODIS
snow detection is limited in the winter months over the high mountain regions, for example, due to low solar
illumination angles and extensive cloud cover (Dietz et al., 2012; Rittger et al., 2013). Adjusting the depth
threshold of the modeled snow cover changes the model's performance. For example, the bias is reduced by 2%–
7% when increasing the snow depth threshold from 5 to 20 mm for identifying snow presence in the Gunt basin
(Figure S20 in Supporting Information S1).

We estimate that groundwater discharge contributes 41.7%–47.7% to annual total streamflow. The significant
groundwater contribution could provide resilience against climate change impact because groundwater acts as a
stable, slow‐release reservoir (Cochand et al., 2019; Hayashi, 2020; Somers & McKenzie, 2020). The loss of
glacier cover jeopardizes their buffering capacity on streamflow during extreme meteorological conditions (Pohl
et al., 2017). However, as shown in the Canadian Rocky Mountains, groundwater reservoirs might increase their
storage capacity in regions that experience glacier loss (Castellazzi et al., 2019). More accurate groundwater
representation is thus crucial, since geological properties strongly control streamflow response to climate
warming—higher permeability systems can better maintain summer flows, but they risk faster groundwater
depletion during droughts (Tague et al., 2004). While permafrost thaw may increase groundwater contributions in
some regions (Walvoord & Kurylyk, 2016), changing precipitation patterns and earlier snow melt could ulti-
mately reduce recharge (Cuthbert et al., 2019; Meixner et al., 2016; Taylor et al., 2013). Future work comparing
WBR‐constrained versus unconstrained projections could help quantify uncertainty in predictions of the
groundwater's stabilizing role for mountain water resources, which is increasingly critical as climate change
continues to alter the timing and magnitude of different water sources (van Tiel et al., 2020).

6.3. Model Equifinality

The reduction in variability of individual runoff components using WBR calibration (Sections 5.1 and 6.2)
contrasts with a significant variability in parameter value ranges across models with different forcing data
(Figures S13–S17 in Supporting Information S1). We attribute such disparity primarily to the outlined inherent
dependence of groundwater recharge on snowmelt (Section 6.1) that prioritizes calibration of parameters leading
to good groundwater recharge and subsequent discharge representation (e.g., CHELSA models compared with
ERA5 models prioritize lower infiltration with higher field capacity; Figure S16 in Supporting Information S1).
As this parameterization affects snowmelt infiltration into the ground in years with biased precipitation estimates,
both over‐ and underestimation, the groundwater parameterization reflects a compromise for the calibration
period that might fail in the validation period, for which precipitation estimates might differ significantly.
Therefore, the model may perform poorly during the validation phase compared with the calibration phase. We
did not test how the choice of calibration and validation periods would affect the model performance because the

Water Resources Research 10.1029/2025WR040043

HUANG ET AL. 18 of 26

 19447973, 2026, 1, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2025W

R
040043 by Schw

eizerische A
kadem

ie D
er, W

iley O
nline L

ibrary on [19/02/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



available period in which we were able to compare all the different forcing setups is overall short, and also
considering the constraints of river flow regulations in place after 2005.

In our case, the inaccurate forcing data for the validation period shows higher deviation compared with the
assumed more accurate forcing estimates (Table 2). Interestingly, the different precipitation forcing data (ERA5
and HAR) do show similar parameter estimates and a clear overall improvement in equifinality compared with the
calibration without WBR (Figures S15 and S18 in Supporting Information S1). These results suggest that
equifinality reduction with WBR calibration relies on some threshold quality of the forcing data, as said reduction
was achieved with the different estimates for HAR and ERA5 but not with CHELSA. Besides forcing data,
equifinality could also respond to the calibration's dependence on winter baseflow at the basin outlet, which
overlooks spatial baseflow distribution (Cui, Li, & Tian, 2021; Cui, Sreekanth, et al., 2021; Smith et al., 2022;
Tague et al., 2004; Wagener & Gupta, 2005). The simplified groundwater module may also produce parameters
(e.g., DeltaGW1 and DeltaGW2) that are related to offset structural and input uncertainties (Cui, Li, & Tian, 2021;
Cui, Sreekanth, et al., 2021).

Although the WBR calibration has overall reduced the model's equifinality issues, the effectiveness of WBR
calibration can be influenced by the parameter space, as previous studies have shown that the number of cali-
bration parameters significantly impacts model equifinality (e.g., Arsenault & Brissette, 2014; Casado‐Rodríguez
& del Jesus, 2022; Her & Chaubey, 2015). Furthermore, the uncertainties from model parameters can be larger
than the uncertainties from the forcing inputs for the quantification of slow components such as soil moisture and
groundwater (Her et al., 2019). To explore howmodel equifinality varies with parameter space in groups with and
without WBR calibration, we conducted sensitivity experiments following the framework proposed by Her and
Chaubey (2015).

The results suggest that the model equifinality generally increases with the number of parameters, though this
trend becomes less pronounced when calibrating more than 40 parameters (Figure S21 and Table S3 in Sup-
porting Information S1). The conclusion is consistent with the results from Her and Chaubey (2015), as the
additional parameters with decreasing sensitivity have limited influence on the model behavior. Notably, the
WBR calibration group exhibited 30%–46% lower equifinality compared with that of the conventional calibration
group (R + SCF + GMB). However, in groups without WBR calibration, WBR simulations remain poor,
regardless of the number of parameters. Even when all other calibration data were included in the calibration, the
best WBR NSE achieved was only 0.56, below the threshold for “good performance” (Table 3). This is primarily
due to WBR's small magnitude relative to total runoff, which limits its influence on overall model bias when not
weighted (Equation 1). Consequently, groups without WBR calibration fail to improve WBR performance and
thus do not provide effective constraints on the model.

6.4. Uncertainties

In addition to the known uncertainties in hydrological modeling, such as model structure (e.g., constant hydraulic
conductivity in our model), forcing, calibration data, and parametrization (see Text S3 in Supporting Informa-
tion S1 for details; Cui, Li, & Tian, 2021; Cui, Sreekanth, et al., 2021; Gupta & Govindaraju, 2019; Her
et al., 2019; Her & Chaubey, 2015; Shin et al., 2023), one of the primary sources of uncertainty in the present
study is the accuracy of the reference winter baseflow. As we use a definition of baseflow (see Section 4) that
resembles the structure of our model, that is, baseflow results only from groundwater discharge, we do not ac-
count for other possible sources of baseflow. Likewise, the observational stream flow data might include localized
melting of snow or ice (e.g., due to solar radiation, geothermal heat, or friction in streams) that can contribute to
streamflow (Kapil et al., 2010; Liston & Winther, 2005), and the Yashilkul Lake in the Gunt basin can also
contribute surface flow if the lake is not completely frozen. In addition, the quality of the observed data itself may
also introduce uncertainty. For example, the winter baseflow recession curves for January–February in 1998 and
1999 are nearly identical, particularly in the rapid recession phase (Figure 3b), suggesting potential data quality
issues. However, these errors are difficult to quantify.

For the interpretation of our results and the comparison with other studies (Section 6.2), the definition of baseflow
used in this study is well‐suited as all comparisons are made with other modeling studies that follow the same
definition. By assuring a close representation of winter discharge with the WBR calibration, we can derive GW
parameters that provide more accurate and reliable estimates at any other time of the year. Thus, the WBR
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calibration approach should improve the estimation of overall contribution of groundwater discharge to total
runoff compared with that obtained with classical calibration without WBR.

Furthermore, considering the small bias between the baseflow obtained by different baseflow separation methods
and the observed winter runoff (Section 5.1), using winter runoff for the WBR calibration approach seems
justified in our case. In situations where liquid precipitation or other contributions to winter runoff perturb the
stream flow signal, using a baseflow separation method, as described above, could be highly beneficial and allow
the WBR calibration approach to work also under such conditions.

7. Conclusions
Nival–glacial‐dominated hydrological systems in remote mountain regions offer significant challenges for hy-
drological modeling. Lack of data for model forcing, calibration, and validation, in particular, can lead to model
equifinality. However, in the case of the Gunt River basin in the Pamir, we show that winter discharge can be a
proxy of winter baseflow, which can be integrated into model calibration to improve model robustness. By
representing the groundwater system as a dual‐layer component with a fast and a slow recession and by incor-
porating winter baseflow as an independent weight in the objective function, not only runoff component con-
tributions to total runoff and several GW model parameter estimates can be well constrained but also the
variability of various other model parameters can be reduced. These results are not independent of the quality of
the forcing data sets, but even different forcing datasets—if they provide somewhat reasonable estimates—seem
to yield similar parameter ranges and reduce equifinality significantly.

The results obtained in the present work lead to the following conclusions:

1. The proposed calibration method improves overall NSE from 0.32–0.53 to 0.62–0.83 during the calibration
period. The modified model effectively captures both rapid flow through coarse sediments (GW1) and slow
discharge from deep aquifers (GW2), providing a more realistic representation of groundwater processes in
mountain environments. This improvement is particularly evident in the simulation of the characteristic two‐
phase recession curve observed in the winter baseflow.

2. When winter baseflow is combined with traditional calibration variables (runoff, snow cover fraction, and
glacier mass balance), this approach substantially narrows down uncertainty ranges for snowmelt (34.2%–
60.9% to 8.2%–21.2%), glacier melt (5.0%–17.3% to 2.6%–10.7%), and baseflow (33.4%–50.4% to
6.8%–21.3%).

3. While forcing data quality is essential, the choice of the calibration strategy plays an even more critical role in
reducing uncertainties in runoff component quantification. Winter baseflow calibration consistently reduces
forcing‐induced uncertainty in runoff component estimation, indicating that careful selection of calibration
data combinations is paramount for achieving robust hydrological simulations.

4. The winter baseflow calibration approach relies on baseflow observations, which, in high alpine nival–glacial
dominated hydrological regimes, can often be directly derived from discharge time series in winter. When this
signal is obscured, baseflow separation methods can help to constrain these estimates but should be carefully
selected as differences are apparent. These considerations might allow the application of the method also in
catchments with less dominant nival–glacial hydrological regimes.

This study innovatively uses winter baseflow, often overlooked in high‐mountain hydrological modeling, as a
calibration constraint. Winter baseflow calibration substantially reduces uncertainties in runoff component es-
timates, providing a novel framework for model calibration in high‐mountain regions worldwide. Improved
accuracy in runoff component estimates could enhance future runoff predictions, supporting adaptive water
management under climate change. It should be noted that winter baseflow estimation is subject to high un-
certainties. Future research should focus on enhancing the precision of baseflow separation and developing
rigorous objective criteria for selecting region‐specific separation methods.
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Data Availability Statement
The data and code that support the findings of this study are available from the corresponding author upon request.
The meteorological data for HAR can be obtained from the Technical University of Berlin via https://data.klima.
tu‐berlin.de/HAR/v1/ (Maussion et al., 2014); CHELSA data can be obtained via https://doi.org/10.16904/envida
t.228.v2.1 (Karger et al., 2021); and ERA5‐Land data (Hersbach et al., 2020) can be obtained via the Copernicus
Climate Data Store (https://cds.climate.copernicus.eu/). The mass balance data are published in Barandun
et al. (2021). Debris cover information (Scherler et al., 2018) was obtained via https://doi.org/10.5880/GFZ.3.3.
2018.005. Glacier outlines have been taken from the Randolph Glacier Inventory accessible at https://www.glims.
org/RGI/. MOD10A2 and MOD11C1 data are distributed by the Land Processes Distributed Active Archive
Center (LP DAAC), located at the US Geological Survey (USGS) Earth Resources Observation and Science
(EROS) Center (lpdaac.usgs.gov). We thank the State Administration for Hydrometeorology of Tajikistan for
their cooperation and for providing the discharge data. Soil data from HiHydroSoil v2.0 (Simons et al., 2020) can
be obtained via https://www.futurewater.eu/projects/hihydrosoil/, and land use data (Defourny et al., 2009) can
be obtained from https://due.esrin.esa.int/page_globcover.php. Discharge data were provided by the State
Administration for Hydrometeorology of Tajikistan and are available upon request.
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