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Highlights
What are the main findings?

e A simplified melt model accurately estimated bare ice melt on Passu Glacier
(error = 0.48 m w.e., 9%).

e  Satellite-derived albedo variability significantly influenced melt estimates.

e Elevation was the dominant topographic factor controlling ice melt, exceeding the
influence of slope or aspect.

What is the implication of the main finding?

e  The melt model is reliable and scalable for estimating bare ice melt in remote, data-
scarce regions.

e  Using multi-date satellite imagery for albedo improves the accuracy of ice melt simulations.

e  The approach supports effective glacier monitoring in the Karakoram with minimal
field data.

Abstract

Glaciers in High-Mountain Asia, the so-called “Third Pole,” are critical water sources
but remain poorly monitored due to rugged topography and limited accessibility. We
present an integrated approach that combines remote sensing with ground-based observa-
tions to model ice melt of the Passu Glacier (Pakistan) from 5 August to 13 October 2023.
Meteorological data from two automatic weather stations and ablation measurements
from four stakes were used together with satellite-derived albedo (Landsat 8 OLI), sur-
face temperature (Landsat 9 TIRS), and topography (ALOS AW3D30 DSM) to implement
an enhanced T-index melt model accounting for net shortwave and longwave radiation.
Model performance was evaluated against station and satellite data and ablation stake
measurements using leave-one-out cross-validation. The estimated total ice melt volume

was 16 million m>

w.e. during the monitoring period, with an average melt of 3.60 m w.e.
The model reproduced observed stake ablation with an uncertainty of 0.48 m w.e. (9% of
average measured melt). Elevation was identified as the dominant melt driver (3 = —0.501,
unique R? = 0.199), with aspect and slope exerting secondary influences through their effect
on solar radiation and shading. Our findings demonstrate that combining minimal but
strategically located field data with satellite products provides a physically consistent and
scalable framework for glacier melt estimation in data-scarce regions of the Third Pole,

with relevance for hydrological monitoring and climate adaptation.

Keywords: remote sensing; glacier melt; High Mountain Asia; Third Pole; Karakoram;
Passu Glacier
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1. Introduction

The high-mountain regions of Asia, collectively known as the Third Pole, host the
largest concentration of glaciers outside the polar areas. With over 100,000 glaciers and a
critical role in supplying meltwater to some of the world’s most densely populated river
basins, this region is a key component of both regional and global hydrological systems [1,2].
However, this cryospheric reservoir is increasingly threatened by climate change. Rising
air temperatures, altered precipitation regimes, and feedback from surface processes are
altering the mass balance of glaciers, with far-reaching consequences for water availability,
ecosystem functioning, and natural hazard risk [3,4].

Within this context, the Karakoram Range stands out as a complex and atypical sector
of the Third Pole. Unlike much of the Himalayan arc, where glaciers are retreating rapidly,
the Karakoram displays a more heterogeneous response, including stable or advancing
glaciers, known in the literature as the “Karakoram anomaly” [5,6]. Glaciers here are
located at very high altitudes, often above 3500 m a.s.l., and are frequently affected by
debris cover, which complicates both the energy balance and melt dynamics [7-9]. In
addition, the occurrence of glacier surge-type behavior contributes further variability and
uncertainty to assessments of glacier mass changes [10].

Despite their scientific significance, glaciers in the Karakoram remain under-monitored,
primarily due to the region’s extreme topography, remoteness, and limited accessibility.
Field-based glaciological measurements are scarce and spatially constrained, making it
difficult to acquire continuous or representative datasets [11,12]. This limitation reflects a
broader challenge for cryospheric research across High-Mountain Asia.

Given these constraints, remote sensing has become an indispensable tool for ob-
serving glaciers in inaccessible regions. Satellite data allow for the estimation of surface
elevation change, glacier extent, velocity fields, surface temperature, and albedo over large
spatial domains. However, estimates of glacier melt derived solely from remote sensing
still carry substantial uncertainty, especially in debris-covered areas and regions with com-
plex topography or where energy balance modeling is not constrained by ground-based
data [13]. There is therefore a clear need for integrated approaches that combine satellite
observations with targeted field measurements.

Several types of melt models have been developed [12,14-17], and they are mainly
based on two different approaches: physical energy-balance models and empirical
temperature-index models [15]. The former may be defined as a model in which each
of the relevant energy fluxes at the glacier surface is computed from physically based calcu-
lations considering the necessary meteorological variables, and the melt rate is calculated
from the sum of the radiative and energy fluxes. The latter may be defined as a model in
which the melt rate is calculated from an empirical formula in which air temperature is
the sole considered input variable, although additional input variables, such as incoming
shortwave radiation, may be incorporated through parameterizations based on time and
location. These models explicitly include net shortwave radiation and surface albedo as
additional predictors of melt [15,18]. Other studies have incorporated net longwave radia-
tion, demonstrating that a simplified yet physically consistent formulation can reproduce
ice melt at an AWS site when all radiative components are accounted for [16]. In parallel,
physically based energy and mass balance models have recently been applied to debris-
covered glaciers in the Karakoram, such as Batura, to quantify how supraglacial debris
modifies surface energy fluxes and long-term mass balance over the past two decades [19].
In this context, temperature-index models have been widely used for both glaciological
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and hydrological applications due to their parsimony in data requirement in comparison
with the more sophisticated energy-balance models [15].

In this regard, applications of enhanced T-index models that combine net shortwave
and net longwave radiation with both remote sensing products and in situ measurements
remain scarce in Pakistan region. This study adopts such an integrated framework, focusing
on Passu Glacier, located in the Hunza Valley of the Karakoram (Figure 1). We combined
high-resolution satellite imagery with in situ meteorological and glaciological observations
to develop and validate a physically based ice melt model that is both accurate and scalable.
Due to the extreme logistical challenges of accessing high-altitude glaciers across the Third
Pole, our approach aims to validate a scalable methodology that can be applied to other
glaciers in similar contexts, characterized by high elevation, limited accessibility, and
debris-free surface conditions. Although temporally limited (5 August to 13 October 2023),
our field data provide critical constraints for the calibration and verification of remote
sensing-based ice melt estimates. Unlike previous studies in the Karakoram that relied on
simplified T-index models or constant albedo assumptions (e.g., [12]), this work integrates
multi-date satellite-derived albedo and longwave radiation into a physically consistent
melt model, validated with in situ data.
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Figure 1. (A) Geographic location of Passu Glacier in the Hunza Valley (Pakistan); (B) Magnified
image of Passu Glacier showing the locations of the Passu and Borith Lake AWSs; (C) location of
the four ablation stakes installed and monitored during the 2023 field campaign. Backgrounds:
(A) SRTM30 Colored Hillshade (OpenStreetMaps—terrestris); (B,C) Highlight Optimized Natural
Color product of Sentinel-2 scene (12 September 2023).

By integrating complementary datasets, our aim is to provide a transferable methodol-
ogy that can be applied to other glaciers in the Third Pole region. Since the importance of
understanding this region’s cryosphere is critical, beyond its methodological scope, this
study contributes to a broader scientific and societal imperative.

Study Area

Passu Glacier is located in the Hunza Valley, within the Karakoram Range. Compared
to other large glaciers in the valley, Passu is relatively debris-free, covering an area of
53.47 km? [20]. It extends for about 38 km in length [20] from east to west, flanked by the
Gulkhin and Batura Glaciers [21], with an elevation range from 2686 to 7638 m a.s.1.
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At the terminus of the glacier lies Passu lake, a moraine-dammed glacial lake. Al-
though the lake drains naturally, it has experienced at least two outburst flood events in the
last two decades, which caused significant damage, including the destruction of a bridge
along the Karakoram Highway (KKH) and several houses in the Passu village on the right
bank of the Hunza River [21,22]. The recurrence interval of such outburst events appears
to be irregular, with frequencies ranging from 2 to 5 years [22].

Regarding glacier changes, previous studies have documented limited glacier terminus
retreat [21,23,24]. Additionally, Passu Glacier has been the focus of research on black carbon
deposition [25] and the hydrochemistry of its meltwater [26], indicating its importance as a
case study for understanding cryospheric and hydrological processes in the region.

2. Data and Methods

This study combines satellite remote sensing data with sparse but valuable ground-
based observations to model surface ice melt over the Passu Glacier.

We first describe the available field data, including both meteorological and glaciologi-
cal observations. This is followed by a detailed overview of the remote sensing data used.
The final part of this section outlines the modeling framework adopted to estimate the key
input variables, as well as the structure of the ice melt model itself.

All variables were assessed for distributional characteristics using histograms, a Q-Q
plot, and the Shapiro-Wilk test for normality. A significance level of « = 0.05 was adopted
for all normality tests, and the associated p-values (p) are reported. If the null hypothesis of
normality was not rejected (p > 0.05), variables are described as mean =+ standard deviation
(sd); otherwise, they are presented as median values with inter-quartile range (IQR).

2.1. Ground-Based Data
2.1.1. Meteorological Observations

Meteorological data were collected from two permanent automatic weather stations
(AWSs) installed in August and September 2022 (Figure 1). The first station (Passu AWS) is
located on the lateral moraine of the Passu Glacier (36.455°N, 74.856°E; 2945 m a.s.l.). The
second (Borith Lake AWS) is situated near Borith Lake (36.431°N, 74.867°E; 2680 m a.s.l.),
approximately 3.5 km from the Passu AWS. Both stations were installed within the frame-
work of the “Glaciers & Students” project, an international initiative implemented by the
United Nation Development Program (UNDP) to promote scientific and social development
in Pakistan.

The Passu AWS is equipped with a compact, all-in-one sensor by LSI Lastem, capable
of measuring air temperature, relative humidity, atmospheric pressure, wind speed and
direction, and incoming solar radiation. However, it lacks instruments to measure longwave
radiation (both incoming and outgoing) as well as reflected solar radiation. In contrast,
Borith Lake AWS includes a complete set of sensors that conform to World Meteorological
Organization (WMO) standards [27], including a net radiometer. This makes it suitable for
validating modeled radiative fluxes and other meteorological variables used in this study.

Data from both stations were recorded at hourly intervals. A quality control (QC)
procedure was applied to identify and remove nonsensical and erroneous values and assess
the percentage of valid data retained for analysis.

2.1.2. Glaciological Observations

Ablation measurements were conducted during the summer 2023 field campaign by
installing four bamboo stakes (each 12 m in length) with a steam drill in the ablation zone
of the Passu Glacier on 5 August 2023 (Figure 1). Due to the challenging logistics and
accessibility constraints of the Passu Glacier, the installation of only four ablation stakes
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was feasible. The four stakes were positioned along the central flowline of the ablation
zone, spanning an elevation range of 2916-2932 m a.s .., to capture the main melt gradient.
Local slope and aspect are reported in Table 1.

Table 1. Location (latitude and longitude) and description of local conditions (elevation, slope, and
aspect) per ablation stake.

Ablation . . . Aspect
Stake Latitude Longitude Elevation (ma.s.l)  Slope (Azimuth Angle)

1 36.457°N 74.855°E 2932 89.10° 165.47°

2 36.457°N 74.856°E 2926 89.10° 160.20°

3 36.457°N 74.857°E 2917 89.10° 173.66°

4 36.456°N 74.856°E 2916 89.10° 173.05°

The emersions of the ablation stakes from the glacier surface were remeasured on
13 October 2023. The stake data provided point-scale observations of surface ice melt and
played a dual role in this study. First, they were used for model calibration, serving as the
empirical basis for estimating the parameters of the melt model. Second, they were used
for model validation, enabling the assessment of model accuracy and performance.

AWS data from 2022 provided baseline meteorological forcing, while stake measure-
ments (Aug-Oct 2023) were used for calibration and validation. Stake readings were taken
at installation and removal dates; measurement uncertainty was estimated at £0.05 m w.e.

2.2. Remote Sensing Data

To characterize glacier geometry and surface conditions, we used the updated perime-
ter of the Passu Glacier from the “New Pakistan Glacier Inventory” developed under the
umbrella of the “Glaciers & Students” project [20].

In addition, a suite of satellite-derived products was employed to provide key input
variables for the surface melt modeling framework:

e  Digital Surface Model (DSM): AW3D30 (30 m resolution), derived from ALOS/PRISM
data. This dataset was used for computing topographic parameters (i.e., slope, aspect,
and shading) and for distributing air temperature and solar radiation.

e Landsat 8 OLI (30 m resolution) was used to derive glacier-wide surface albedo via
narrowband-to-broadband conversion.

e Landsat 9 TIRS (100 m spatial resolution, resampled at 30 m) was used to validate
outgoing longwave radiation estimates through surface kinetic temperature retrieval.

e  To conduct the albedo analysis, we used Google Earth Engine (GEE), a cloud-based
platform for image for preprocessing, cloud masking, and extraction of surface re-
flectance data for albedo computation.

The DSM used in this study (scene code ALPSMLC30_N036E074_DSM) was obtained
from the Japanese Aerospace Exploration Agency (JAXA). AW3D30 is a global digital
surface model derived from PRISM (Panchromatic Remote-sensing Instrument for Stereo
Mapping), an optical sensor onboard the Advanced Land Observing Satellite (ALOS),
which operated from 2006 to 2011. This DSM product offers a horizontal resolution of
~30 m and vertical accuracy better than 5 m, making it suitable for topographic correction
and terrain-based modeling of radiative fluxes.

2.3. Modeling Framework

To simulate surface ice melt over the Passu Glacier, we implemented a physically
based modeling framework that combines satellite-derived products with in situ mete-
orological observations. The model accounts for the main radiative components of the
surface energy balance, including shortwave and longwave radiation fluxes. Ice melt
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rates were estimated using an enhanced temperature-index approach, in which turbulent
heat fluxes (sensible and latent) are not explicitly modeled but are instead implicitly in-
corporated into empirical melt factors that depend on air temperature. This approach
maintains physical realism while reducing data requirements, making it suitable for remote
high-mountain environments.

The modeling system is designed to spatially and temporally distribute key energy
balance variables across the whole glacier surface, integrating topographic effects (i.e., ele-
vation, slope, aspect, and shading) and atmospheric conditions (i.e., temperature, humidity,
and cloud cover). This allows for realistic estimation of spatially distributed ice melt, even
in the absence of direct surface energy measurements.

In the following sections, we detail the procedures used to derive each ice melt model
component across the whole glacier surface, including incoming and outgoing shortwave
radiation, incoming and outgoing longwave radiation, and air temperature. We also
explain the implementation of the enhanced T-index melt model, and how calibration and
validation were performed using field-based ablation data.

2.3.1. Air Temperature (T4 point)

Air temperature across the whole glacier surface (T 4int) Was reconstructed by ap-
plying the mean tropospheric lapse rate of 6.5 °C/km [28]. This lapse rate was applied
to daily mean air temperature values recorded at the Passu AWS, in order to correct for
elevation differences across the glacier. The correction was implemented at the spatial
resolution of the AW3D30 DSM, generating a distributed daily air temperature field over
the glacier surface. This approach allows for the incorporation of topographic variability in
temperature modeling, which is essential for accurately estimating melt in high-altitude,
complex terrains.

Although the model was run for the full hydrological year, in this study we report T4
results only for the period between 5 August and 13 October 2023, corresponding to the
availability of ablation measurements for calibration and validation.

2.3.2. Incoming Shortwave Radjiation (S Win-point)

Incoming solar radiation (SWiy point) over the whole Passu Glacier was modeled fol-
lowing the multi-step approach reported by [29], which progressively increases in physical
complexity. The methodology involves four sequential steps: (i) flat exo-atmospheric
surface, assuming no topography, (ii) sloped exo-atmospheric surface (SWiyexo-point), in-
corporating slope and aspect effects, (iii) sloped surface with orographic complexity (i.e.,
accounting for topographic shading) (SWiyexo-shade-point), and (iv) actual atmosphere and sur-
face conditions (SWiy_poin:) integrating atmospheric transmissivity and using data acquired
by the Passu AWS (SWi,,_passu)-

This modeling framework incorporates several key parameters: slope (Spoi), aspect
(Apoint), solar declination (8yiy¢), sunrise/sunset hour angles (Ws;_point/Wss_point), and atmo-
spheric transmissivity (). The effects of terrain-induced shading were calculated using
the AW3D30 DSM, applying the approach by [30].
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The radiation for a sloped surface under exo-atmospheric conditions was estimated
using the following formulation:

Swinfexofpoint = IXExk
X [ (SN it X SIN P pojnt X COS Spoint )
X (wss—point - wsr—point)
— (S it X €08 Ppoint X €COS Spoint X €OS Apoint )
(wss—point - wsr—point) 1)
€08 Opoint X €08 point X COS Spoint) X (sinwss — sinws;)

X + + X

(OS B pgint X SIN Ppiyt X SN Spoint X COS Apoint )
(Sin Wss—point — SIN wsr—point)
— (08 Bpoint X SIN Apoint X SIN Spoint )

X (COS Wss—point — COS wsr—point)]

where [ is the average solar irradiance at the mean Earth-Sun distance (1367 W m~2), E is
the eccentricity factor accounting for Earth’s elliptical orbit [31], k is a unit conversion factor
to MJ day’l, and @y is the latitude. Werpoint and Wgs poins have opposite values because
of the hour. The slope Spint ranges from 0° (i.e., horizontal) to 90° (i.e., vertical) [32]. The
aspect is related to the south; thus, 0° represents south, 90° east, —90° west, and £180°
north [32].

The calculation of Wg; point and Wss point for sloped surfaces followed the analytical
approach by [30], which also accounts for auto-shading. In particular, steep north-facing
slopes in the Northern Hemisphere may remain shaded for part or all of the day.

The last step involved computing SWiy_point, which distributes incoming solar radiation
over the glacier surface by integrating shading conditions (derived from mountain peak—
grid cell elevation differences [29]) and cloudiness. The latter was taken into account by

estimating Ta: sw
in—Passu
TA= Goo— (2)
SWin—exo—Passu

where SWi,_exo-passu is the sloped exo-atmospheric incoming solar radiation, estimated for
the pixel of the Passu AWS. The atmospheric transmissivity generally ranges from nearly 0
to slightly higher than 1 [33]. Values higher than 1 are due to multireflection, caused by the
presence of fresh snow over the surroundings.

Finally, five combinations of shading and atmospheric conditions were identified
following the scheme proposed by [17], depending on whether the Passu AWS and/or
each grid point were shaded and whether the sky was clear or cloudy. Based on all these
combinations, SWi,_ins Was calculated as

Swinfpoint = Swinfexofpoint X TA 3)

The modeling framework provides incoming shortwave radiation at hourly resolution
for each glacier grid cell. To ensure consistency with the temporal scale of other vari-
ables and the melt model, hourly SW;, values were aggregated into daily means prior to
integration into the ice melt calculation.

Although the model was run for the full hydrological year, in this study we report
SW;, results only for the period between 5 August and 13 October 2023, corresponding to
the availability of ablation measurements for calibration and validation. We described each
variable and how it was considered during the calculations in Table 2.
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Table 2. Description of each variable used for calculation of SW;,,. For each variable it is reported
whether it is considered constant, modeled, or measured.

Symbol Parameter Assessment Method
I Average solar irradiance Constant
E Eccentricity factor Modeled, temporally variable
k Unit conversion factor Constant
Bt Solar declination Modeled, temporally and spatially
P variable
Ppoint Latitude Derived from DSM
Spoint Slope Modeled from DSM
Wsr-point/Wss-point Sunrise/sunset hour angles Modeled, tenlg(g:gl}é and spatially
Apoint Aspect Modeled from DSM
Ta Atmospheric transmissivity Modeled, temporally variable
S, ) Sloped exo-atmospheric incoming solar Modeled, temporally and spatially
in-exo-point radiation at each pixel variable
Sl(?p ?d exo-atmosphenc neoming sfo.lar Modeled, temporally and spatially
SWin-exo-shade-point radiation, considering shading conditions variable

at each pixel

S Win-point Incoming solar radiation at each pixel Modeled, ten;p;;;l)ll}é and spatially

Sloped exo-atmospheric incoming solar
radiation at Passu AWS pixel

SWiy-passu Incoming solar radiation at Passu AWS Measured

SWin-exo-Passu Modeled, temporally variable

2.3.3. Surface Albedo (aygint)

Outgoing solar radiation (SW,,;) is governed by the reflection of incoming solar
radiation at the surface and is directly related to albedo («, defined as the fraction of
incident solar irradiance that is reflected by the surface [34]). As the Passu AWS is not
equipped with a net radiometer, surface albedo was derived from satellite imagery.

We estimated broadband albedo across the whole glacier surface using surface re-
flectance data from Landsat 8 OLI, processed via the Google Earth Engine (GEE) platform.
After applying a cloud mask based on the CFMASK algorithm, we used the narrowband-
to-broadband conversion algorithm proposed by Liang [35]:

opoint = 0.35602 — point + 0.13004— point + 0.37305— point + 0.0850— point + 0.07207_ poine — 0.0018 4)

where a; point (1=2,4, 5, ...) represents narrowband albedo derived from the i-th L8/OLI
band for each pixel. This formula has been widely validated in previous glaciological
studies [36,37].

To ensure reliable surface coverage, only scenes with more than 70% valid pixels
within the glacier perimeter were retained, resulting in a total of nine usable scenes (Table 3
and Figure 2). Due to temporal gaps, which result in an insufficient temporal coverage of
the studied period, and partial cloud cover, which prevents us from obtaining complete
spatial coverage of the glacier for each acquisition, albedo was treated as time-invariant
but spatially distributed.

Table 3. Code scene, acquisition date, and glacier coverage percentage of Landsat 8 OLI images.

Code Scene Acquisition Date Glacier Coverage (%)
LC81500342023221LGNO00 09 Aug 2023 85
LC81500352023221LGNO00 09 Aug 2023 89
LC81500342023253LGN00 10 Sept 2023 88
LC81500352023253LGN00 10 Sept 2023 90
LC81490352023262LGNO00 19 Sept 2023 90
LC81500342023269LGN00 26 Sept 2023 50
LC81490352023278LGNO00 05 Oct 2023 98
LC81500342023285LGN00 12 Oct 2023 97

LC81500352023285LGNO00 12 Oct 2023 94
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N. of scenes per pixel 47 5

s .8

Figure 2. Density map of the number of valid Landsat 8 scenes available per pixel. Background:
Highlight Optimized Natural Color product from Sentinel-2 (12 September 2023).

For each pixel, the mean value across all valid dates within the ablation monitoring
period (5 August-13 October 2023) was used to represent the surface albedo, minimizing
the effect of possible outliers.

2.3.4. Incoming Longwave Radiation (LWj,,)

Daily mean incoming longwave radiation (LW;,) was estimated using air temperature
and cloudiness derived from the Passu AWS dataset, following the approach reported
by [29,38]. To estimate cloudiness, we computed cloud transmissivity (7) by comparing
measured incoming shortwave radiation (SW;,,) with clear-sky values (SW;,_cs), modeled
using a truncated Fourier series fitted to the whole 2023 dataset:

SWi, g = 2455 —116.9 x cos(%—%z")
1464
dayx2m (@)

X sin( 365
9.7 x cos (22453 ) — 122 x sin (24457 )

where day is the Julian day of the year.

The atmospheric emissivity (¢) was then calculated as a function of cloudiness (1),
combining clear-sky (ecs) and fully cloudy (ec;) conditions. The latter was assumed to be
nearly constant and close to 1 [39]. ecs was derived following the method by Konzelmann
et al. [40]. Atmospheric emissivity was computed using

e =¢€cg X (1—”2)+ECLX112 6)
Finally, LW;, was calculated by applying the Stefan—Boltzmann law:
LW;, =€ x 0 x (Ta +273.15)* ?)

where ¢ is the Stefan-Boltzmann constant (5.67 x 1078 W m~=2 K%), and T, is the air
temperature from the Passu AWS.

This methodology builds on the physical understanding that under clear-sky condi-
tions, incoming longwave radiation primarily depends on the vertical profiles of temper-
ature and humidity in the lower atmosphere, with approximately 80% of the radiation
originating from the lowest 500 m and more than 50% from the lowest 100 m above the
surface [41]. As a result, LW, is often estimated from surface observations by assuming
standard atmospheric profiles for temperature and humidity [42-45]. This approach is
particularly suited for high-mountain regions where detailed vertical atmospheric profiles
are rarely available and AWS data are often limited to surface-level measurements.
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Given its atmospheric origin, LW;, was assumed to be spatially uniform across the
whole glacier surface, consistent with assumptions adopted in other previous glaciological
modeling studies [17,29]. Although LW;, was modeled over the entire year, in this study we
present results only for the period between 5 August and 13 October 2023, corresponding
to the availability of ablation stake measurements.

2.3.5. Outgoing Longwave Radiation (LW, ypoint)

Daily mean outgoing longwave radiation (LW point) Was modeled over the whole
glacier surface using the Stefan-Boltzmann law, based on the glacier surface temperature
(TS—point):

LWoutfpoint =& X0 X (Tsfpoint + 273-15)4 8)

where g5 is the ice emissivity assumed to be equal to 1 [38]. As direct measurements
of surface temperature were unavailable, T’ .,y was estimated from the distributed air
temperature field (T4 point) (see Section 2.3.1), using the empirical relationship developed
by Oerlemans [38], which assumes that the glacier surface temperature is in equilibrium
with the air temperature only when the latter is below the melting point. Accordingly,
surface temperature was constrained so that it did not exceed 0 °C:

Ts—point = min (TA—point/ 0) (9)

This means that the surface temperature was spatially and temporally distributed,
being derived for each grid cell and for each day of the full hydrological year, using the
elevation-corrected air temperature field. This approach allows us to incorporate topo-
graphic and temporal variability in the estimation of LW,,; over the entire glacier surface.

Although the model was run for the full hydrological year, in this study we report
LWyt results only for the period between 5 August and 13 October 2023, corresponding to
the availability of ablation measurements for calibration and validation.

2.3.6. Ice Melt Modeling (Myint)

Ice melt on glacier surfaces occurs when three main conditions are met: the surface
temperature reaches 0 °C, the surface energy budget is positive, and albedo is lower than
0.40 [28]. To simulate ice melt, we applied the methodology developed and tested by
Senese et al. [16], which builds upon the enhanced T-index formulation by Pellicciotti
et al. [15]. This new model improves the standard T-index approach by explicitly in-
corporating net longwave radiation (LWt point) into the energy-melt relationship while
simplifying the treatment of turbulent heat fluxes, which are included implicitly via the
empirical coefficient. The model estimates ice melt at each glacier grid point using the
following conditional equation:

Mpoint = {TMF X TAfpoint + SLMF x [(1 - “point) X SWinfpoint + Lwnetfpoint}/ ‘ Tsfpoint =0°Cand X point <0.40 (10)
point —

O/

Ts— point < 0°C and apgin; > 0.40

where TMF is the temperature melting factor (0.031 m w.e. °C~! day~!), SLMF is the
radiative melting factor (—0.003 m w.e. (W m~2)~1 day’l), and LWt poins is the difference
between LW;,, and LW, point- The two melting factors were assessed using the data of ice
ablation measured at the 4 selected sites simultaneously by regression model. Melting
factors estimated from field data were taken as constant in time and space [33].

This formulation allows us to maintain the physical contributions of radiative fluxes
(both shortwave and longwave) while encapsulating the more complex turbulent fluxes
into temperature-dependent terms. The choice of thresholds (Ts_ins = 0 °C and gyt < 0.40)
ensures that melt is computed only under physically plausible surface conditions.
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The model was applied at the grid-cell level, allowing the simulation of spatially
distributed ice melt across the whole Passu Glacier for the period 5 August-13 October 2023.
2.3.7. Model Validation

To assess the accuracy of the modeled variables and the resulting ice melt estimates,
we applied a multi-faceted validation approach using independent datasets and established
statistical metrics (Table 4).

Table 4. Distribution and validation methods for each modeled parameter.

Parameter Distribution Input Data Method Data for Validation Reference
T p-point Spatial and temporal Passu AWS Elevation gradient Borith AWS Senese et al. (2014) [28]
Astronomical,
SWin-point Spatial and temporal Passu AWS geographical and Borith AWS Senese et al. (2016) [29]
geometrical parameters
Qpoint Spatial only (izfélggi) Empirical method Borith AWS Fugazza et al. (2016) [46]
LW;, Temporal only Passu AWS Empirical method Borith AWS Senese et al. (2016) [29]
LWout-point Spatial and temporal Passu AWS Empirical method Satellite (Landsat 9 TIRS) Oerlemans (2000) [38]

The meteorological variables Ta point, SWin-point, &point» and LW;;, were validated against
daily mean values recorded by Borith Lake AWS. Only days with complete hourly datasets
were included in the validation. Model performance was evaluated using the following
metrics: bias error (BE), mean absolute error (MAE), root mean square error (RMSE), bias-
removed RMSE (BRRMSE), and R-Squared (R?). These metrics allow us to assess both the
magnitude and direction of deviations between modeled and observed values.

To validate LWyt point OVer the whole glacier surface, we used surface temperature
retrieved from three Landsat 8/9 TIRS scenes (Table 5). The scenes were averaged between
them. Surface kinetic temperature was extracted from Band 10 (TIRS-1: 10.6-11.19 pm),
which provides 100 m resolution thermal data. The surface reflectance product (Collection
2 Level 2) was used, which includes atmospheric correction and internal blackbody calibra-
tion. Using these satellite-derived temperatures (T Lsndsat-point), We calculated LWoys yal-point
via the Stefan-Boltzmann law to be used to validate LW, poins:

4
LWout,val—point =& 0 (TLandsat—point + 273'15> (11)

Table 5. Code scene, acquisition date, and acquisition time of Landsat 8/9 TIRS images.

Code Scene Acquisition Date Acquisition Time
LC91490352023222L.GN00 10 Aug 2023 05:35:10 UTC
LC91490352023254LGNO0 11 Sept 2023 05:35:27 UTC
LC81490352023278LGNO0 05 Oct 2023 05:35:30 UTC

Regarding ice melt, due to the limited number of ablation stakes (n = 4), it was not
possible to split the dataset into two independent calibration and validation subsets. To
address this limitation, we applied a leave-one-out cross-validation (LOOCYV) procedure
(i.e., a particular case of leave-p-out cross-validation with p = 1), which ensures that
each data point is used once for validation while the remaining are used for calibration.
This method avoids overfitting and allows us to compute robust error estimates for ice
melt simulations.
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3. Results

3.1. Meteorological Variables
3.1.1. Air Temperature

During the ablation stake monitoring period (5 August to 13 October 2023), the
daily air temperature modeled over the entire Passu Glacier showed a clear asymmetric
distribution (Figure 3). The overall median temperature was +1.49 °C with an interquartile
range (IQR) of 7.59 °C. The lowest daily median occurred on 8 October 2023 with —-8.02 °C
(IQR =10.10 °C), while the highest was on 21 August 2023 at +7.18 °C (IQR = 10.10 °C).

Air Temperature (°C) 0.00 - 4.99
Bl <= -15.00 I 5.00 - 9.99

-9.99--5.00 [ > 15.00 2
-4.99 - 0.00

Figure 3. Spatial distribution of mean daily air temperature over the Passu Glacier, modeled from
Passu AWS data during the period 5 August-13 October 2023. Background: Sentinel-2 Highlight
Optimized Natural Color image acquired on 12 September 2023.

Considering the full spatial distribution across the glacier, the absolute minimum
modeled air temperature was —25.13 °C (7638 m a.s.l., 8 October 2023), and the maximum
was +22.26 °C (2686 m a.s.1., 21 August 2023).

At the Passu AWS, air temperature followed a similar pattern, with a gradual cooling
trend from August to October. The daily minimum was +5.83 °C (8 October), and the maxi-
mum reached +20.50 °C (21 August), confirming consistency with the distributed values.

The approach for distributing air temperature was validated modeling air temperature
at the Borith Lake AWS elevation using Passu AWS data. By comparing such modeled air
temperatures with the measured one by Borith Lake AWS from 5 August to 13 October 2023,
a BE of +0.63 °C, a MAE of +0.79 °C, an RMSE of +0.99 °C (corresponding to 6.4% of the
mean value of all the daily values), a BRRMSE of +0.76 °C, and an R? of 0.97 were observed.
These results show a good agreement between the measured and the modeled values
(Figure 4).

3.1.2. Incoming Shortwave Radiation and Albedo

From 5 August to 13 October 2023, the modeled daily incoming shortwave radiation
ranged between 57.90 W m~2 (8 October) and 306.12 W m~2 (9 August), with a median
of 172.34 W m~2 (IQR = 125.76 W m~2), over the entire glacier. Cumulative S Win_point for
the entire study period is illustrated in Figure 5 to better elucidate melt dynamics. The
maximum value of cumulated incoming solar radiation is 1315.63 MJ m~2 (6259 m a.s.l.,
slope = 44°, aspect = E), and the minimum value is 662.85 M] m~2 (5413 mas.l., slope = 69°,
aspect = SW).
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Figure 4. Daily mean air temperatures from 5 August to 13 October 2023 recorded by Borith Lake
AWS (x-axis) versus modeled daily mean air temperatures (y-axis) at Borith Lake using Passu AWS
air temperature and the atmospheric lapse rate. The plot includes the linear regression line (dashed
black) and the 95% confidence interval (shaded gray area).

Cumulated Incoming Solar Radiation ~ Mean albedo
(SWin) [MJ m-2] (a)

- s [
1,316 0

Figure 5. Cumulative modeled incoming shortwave radiation (SW;,) and mean albedo over the
Passu Glacier for the period 5 August-13 October 2023. Background: Sentinel-2 Highlight Optimized
Natural Color image acquired on 12 September 2023.

Model validation against Borith Lake AWS measurements yielded a BE of —96.54 W m~2,
a MAE of 96.54 W m 2, an RMSE of 102.32 W m 2, a BRRMSE of 33.92 W m?, and an R
of 0.81 (from 5 August to 13 October 2023). Despite slight underestimation, the overall
performance is acceptable (Figure 6).

The median albedo over the glacier was 0.52, ranging from 0.01 to 0.99 (IQR = 0.58)
(Figure 5). Albedo was found to increase with elevation: median albedo rises from around
0.14 at 2500-3000 m a.s.l. to 0.94 at 6500-7000 m a.s.]l. Above 7000 m, a.s.l. albedo shows
low medians (~ 0.08-0.10), likely due to local topographic shadowing.
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Figure 6. Comparison between modeled and measured daily mean incoming shortwave radiation
(SWj,) at Borith Lake AWS from 5 August to 13 October 2023. The plot includes the linear regression
line (dashed black) and the 95% confidence interval (shaded gray area).

To validate albedo estimates, we extracted the value for the Borith Lake AWS loca-
tion, obtaining a mean of 0.09, which was compared to the measured mean albedo of
0.12 derived from Borith Lake AWS shortwave radiation data. The modeled albedo was
slightly underestimated by 0.03. Albedo calculations were restricted to the central hours
of days (10 am-3 pm LT) when the solar incidence angles are smaller, thus ensuring the
greatest possible accuracy and reliability of the albedo calculations (following [47-49]).
Since only a single mean value is available, it was not possible to compute statistical metrics
as performed for the other parameters.

Using the modeled SWi;, iy and satellite-derived ay;,, we calculated cumulative
net shortwave radiation over the glacier surface from 5 August to 13 October 2023.
Values ranged from 141 MJ m~2 to 14,506 MJ m~2, with a median of 6863 MJ m—2
(IQR = 7922 MJ m~2).

3.1.3. Incoming Longwave Radiation

From 5 August to 13 October 2023, the temporal distribution of LW;,, was non-normal,
with a median of 251.72 W m~2 and an IQR of 124.56 W m~2. Daily minima and maxima
ranged from 179.22 W m~2 (13 October) to 399.22 W m~2 (23 August) (Figure 7). LW;, vari-
ability reflected the influence of air temperature and cloudiness, with a bimodal cloudiness
distribution: 33% of days had low cloudiness (< 0.2), and 30% had high cloudiness (> 0.8)
(median cloudiness = 0.54; IQR = 0.76) [29].

Incoming longwave radiation was validated with the Borith Lake AWS data for the
study period, showing a BE of —49.69 W m~2, a MAE of 6229 W m~2, an RMSE of
72.61 W m~2 (corresponding to 22.65% of the mean value of all daily values), a BRRMSE of
52.95 W m~2, and an R? of 0.45. Although the model performance for incoming longwave
radiation was almost satisfactory when compared to Borith Lake AWS data, part of the
observed discrepancies can be attributed to known limitations in dome-type pyrgeometer
measurements [50]. Solar heating of the instrument dome, especially under clear-sky and
low-wind conditions, can cause overestimation of LW;,, values by more than 10% according
to previous studies [51,52]. Additional sources of uncertainty include frost formation
and aerosol deposition on the dome surface, which can impair optical clarity and distort
measurements. In general, instrument accuracy for LW;, measurements is estimated to be
about 20 W m~2 [45,53] or better under well-maintained and ventilated conditions [54,55].
These sources of error should be considered when interpreting the validation metrics.
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Figure 7. Temporal distribution of air temperature (°C), cloudiness, and incoming longwave radiation
(W m~2) recorded at Passu AWS from 5 August to 13 October 2023 (daily values).

3.1.4. Surface Temperature and Outgoing Longwave Radiation

From 5 August to 13 October 2023, daily mean surface temperature estimates showed
a non-normal distribution, with a median value of 0 °C over the study period. Notably,
59.42% of the days had a median surface temperature equal to 0 °C. This is primarily due
to the modeling approach, which constrains the surface temperature so that it remains at or
below the melting point (Equation (7)). The minimum value is —25.13 °C (7638 a.s.1., on
8 October 2023), and the maximum value is 0.00 °C, due to definition (Equation (7)).

We validated these results with the averaged surface temperatures retrieved from the
Landsat 9 satellite. We observed a BE of —1.83 °C, MAE of 2.69 °C, RMSE of 4.24 °C, a
BRRMSE of 3.82 °C, and an R? of 0.57. Most residuals were between 0 and +1 °C, suggesting
good model performance, despite a negative bias (Figure 8). The presence of a long-tailed
positive distribution indicates that negative outliers contributed more to the error metrics.
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Figure 8. Histogram showing the difference between surface temperatures retrieved from the Landsat
9 scene (Ts_Landsat9) and those modeled using the empirical relationship based on air temperature
(Ts_modeled). Each bin has a width of 0.5 °C.

Modeled daily mean LW, poins was also non-normally distributed, with a median
value of 315.66 W m~2 (IQR = 29.68 W m~2). The minimum daily median was 280.17 W m—2
(IQR = 42.94 W m~2, 8 October), and the maximum was 315.66 W m~—2 (IQR =0 W m~2,
5 August) (Figure 9).
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Figure 9. Temporal distribution of outgoing longwave radiation (W m~2) over the Passu Glacier
from 5 August to 13 October 2023 (daily values).

To validate this parameter we used the LWyt va1-point derived from the averaged three
Landsat 9 scenes compared to the modeled LW, point Of the same day, which shows a BE
of —2.67 Wm~2, a MAE of 13.16 W m~2, an RMSE of 20.98 W m~2 (corresponding to 6.7%
of the average value of all the pixels), a BRRMSE of 20.81 W m~2, and an R? of 0.48.

3.2. Ice Melt

Over the study period (5 August to 13 October 2023), Passu Glacier lost a total of

16 million m>

w.e., corresponding to a mean ice loss of 4.22 m w.e. across the glacier bare
ice surface.

The spatial distribution of melt is highly skewed, with a dominant peak at 0 m w.e.,
indicating that most of the glacier surface exhibited no melt during the study period,
resulting in an overall median melt of 0 m w.e. (Figure 10). However, when considering
only grid cells where melt occurred, the median melt rises to 3.60 m w.e. (IQR = 4.33 m

w.e.), with a maximum of 14.11 m w.e.

Cumulated ice melt =~ 4.00-6.00 Albedo
[mw.e.] 6.00-8.00 [ >=0.40
B <=2.00 [ 18.00-10.00

[ 12.00-4.00 Il > 10.00

Figure 10. Cumulative ice melt (m w.e.) distributed over the Passu Glacier from 5 August to
13 October 2023 and area with albedo > 0.40. Background: Sentinel-2 Highlight Optimized Natural
Color image acquired on 12 September 2023.

Ablation measurements from four stakes on Passu Glacier provided observed melt
values ranging from 4.55 to 6.91 m w.e. (Table 6). By applying the LOOCYV, the model
successfully reproduced these observations, with an error of 0.48 m w.e. (estimated by
dividing the standard deviation of the differences between modeled and measured ice melt
by the square root of the number of the ablation stakes [28]), equivalent to approximately
9% of the average observed melt. This result indicates good model performance, particu-
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larly demonstrating the model’s ability to accurately replicate observed ablation patterns,
especially in areas subject to intense melting.

Table 6. Measured and modeled ice melt (m w.e.) at each ablation stake. The modeled values were
calculated applying the LOOCV. The difference (AM) between modeled and measured ice melt are
also reported.

Stake Measured Melt (m w.e.) LOOCYV Modeled Melt (m w.e.) (mAVI:r/Ie )
1 4.55 5.14 +0.60
2 5.28 4.60 —0.68
3 6.91 4.98 —-1.93
4 5.13 5.21 +0.08

4. Discussion
4.1. Factors Driving Ice Melt

To better understand the spatial variability of ice melt across Passu Glacier, we explored
its relationship with topographic factors, namely elevation, slope, and aspect. Only pixels
with positive cumulative melt were included in the analysis to isolate the drivers of actual
ablation. To investigate which topographic factors most strongly influence cumulative ice
melt, we applied a standardized multiple linear regression using four predictors: elevation,
slope, and the south- and east-facing components of aspect. Aspect was decomposed into its
cardinal components to avoid the circularity inherent in angular data. Two key metrics were
used to assess the influence of each predictor: (i) the standardized regression coefficient (3)
and (ii) the unique contribution to R? (Table 7). In addition, we performed the following
checks: (i) we analyzed the correlation matrix between the predictors (Table 8), and (ii) we
calculated the Variance Inflation Factor (VIF) for multicollinearity diagnostics (Table 7).
Moreover, to minimize the potential influence of spatial autocorrelation among neighboring
pixels (which could artificially inflate the strength of the statistical relationships), we tested
the robustness of our results by repeating the analysis on a thinned dataset. Specifically, we
selected one pixel every 300 m, thereby reducing the likelihood that adjacent pixels with
similar characteristics would bias the regression outcomes (Table 9).

Table 7. Standardized regression results for cumulative melt. The table reports standardized co-
efficient (13 1), standard error (SE), t-statistic (t), p-value (p), unique R?, and variance inflation
factor (VIF).

Predictor B SE t j4 Unique R? VIF
Elevation —0.501 0.016 —31.57 <2 x 10716 0.199 1.262

Slope —0.101 0.016 —6.455 1.3 x 10710 0.008 1.236

Aspect south component +0.164 0.016 +10.441 <2 x 10716 0.022 1.231
Aspect east component —0.025 0.016 —1.635 0.102 <0.001 1.236

Table 8. Correlation matrix of topographic predictors.

Predictor Elevation Slope Aspect South Component Aspect East Component
Elevation 1.000 —0.431 0.108 0.142
Slope —0.431 1.000 0.026 —0.027
Aspect south 0.108 0.026 1.000 0.426
component
Aspect east component 0.142 —0.027 0.426 1.000
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Table 9. Model results for thinned sample (n = 111). The R? of the model is 0.319.

Predictor B Unique R?
Elevation —0.340 0.222
Slope —0.047 0.003
Aspect south component 0.045 0.003
Aspect east component 0.015 0.001

The results of the standardized multiple regression are reported in Table 10. These data
highlight how elevation and the aspect south component dominate glacier melt. Indeed,
holding other predictors constant, elevation shows a negative standardized coefficient
(B = —0.501), consistent with decreasing ice melt at higher elevations due to the temperature
lapse rate. South-facing exposure has a positive influence on the model (f = +0.164),
consistently with the increased solar irradiance on south-facing slopes in the Northern
Hemisphere. In contrast, slope exhibits a small but statistically significant negative effect
(B = —0.101), which can be explained with the fact that steeper surfaces experience less
favorable solar incidence and greater auto-shading probability. The aspect east component
was found to be negligible as its p-value is greater than 0.05 (3 = —0.025; p = 0.102). Unique
R? values mirror these patterns (elevation: 0.199; slope: 0.008; aspect south component:
0.022, aspect east component: < 0.001). Analysis on multicollinearity between predictors
highlights low values (all VIFs < 5), supporting coefficient stability. The analysis on the
thinned sample confirmed the robustness of these findings, with elevation still explaining
the majority of ice melt variability (elevation unique R? = 0.222) and only negligible
differences in coefficients or model fit (R? = 0.319 vs. 0.227 in the full dataset).

Table 10. Model summary (full dataset). The table reports sample size (n), R?, adjusted R? (R? adj),
and residual standard error (RMSE).

n RZ R? adj RMSE
3891 0.226 0.225 0.880

Since SW;, is the melt model component mainly depending on slope and aspect, we
also performed the same analysis for the incoming solar radiation. The results show that
while the median SW;,, remains stable across slope classes, the spread (dispersion) of values
increases with slope (Figure 11A), reflecting greater variability in solar irradiance due to
shading and orientation effects. As regards aspect, no clear pattern is visible across the
cardinal directions (Figure 11B), although lower SW;, values are more frequent on steep
north-facing slopes, consistent with increased shading probability [30]. To support this, we
also computed the average number of shaded hours per day for each pixel, confirming that
north-facing pixels experience more shading (Figure 12).

4.2. Possible Uncertainties Related to Applied Approaches

In addition to the uncertainties of the input datasets, our modeling framework relies
on different simplified assumptions that introduce additional sources of uncertainty in the
simulated melt patterns.

The first source of uncertainty is represented by the approach used for distributing air
temperature, which is assumed to vary only according to an elevation gradient. However,
temperature gradients can differ over the glacier due to local topographic effects. This
simplification could lead to errors in the distributed air temperature values used to drive
the melt model.
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As regards the incoming shortwave radiation models, we assume spatially constant
cloudiness over the glacier. However, this parameter can vary spatially, introducing
additional uncertainty in the estimated SW;,.
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Figure 11. Boxplot of cumulative modeled SW;, (from 5 august to 13 October 2023) over (A) slope
classes; (B) aspect classes.
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Figure 12. Average number of daily hours in shade for each pixel (up) and aspect (down) across
the glacier. Aspect values are reported as degrees clockwise from north (azimuth). Background:
Sentinel-2 Highlight Optimized Natural Color image acquired on 12 September 2023.

Assuming temporally constant albedo and emissivity = 1 introduces potential biases.
While these assumptions simplify modeling in data-scarce contexts, future work should
incorporate time-varying albedo and emissivity corrections. More precisely, surface albedo
is assumed to be temporally constant even if spatially variable. In reality, albedo can
change during the ice melt season because of snowfall events (which increase albedo),
liquid precipitation (which can temporarily decrease ice albedo and induce brightening
in the following days) [47], and the seasonal darkening phenomenon related to dust and
impurity accumulation.

Moreover, incoming longwave radiation is treated as spatially constant over the glacier,
although it is expected to vary with cloudiness and to be locally modified near the glacier
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margins by effect of the surrounding rocks. This simplification could underestimate the
spatial variability of LW;,,.

Outgoing longwave radiation is computed under the assumption that glacier surface
temperature equals air temperature up to 0 °C. In glacierized terrain, surface temperature
can deviate from air temperature; thus, this approximation could cause errors both in
outgoing longwave radiation and in the identification of melt conditions over the glacier.
In particular, days with slightly positive air temperature could be classified as melting days
even if the glacier surface has not yet reached the melting point.

As regards the calibration and validation of the ice melt model, due to logistical
challenges (such as the presence of numerous and distributed crevasses), only four ablation
stakes were installed, all located in a relatively small portion of the glacier. As a result,
they may not be fully representative of the full spatial variability of ice melt over the entire
glacier surface, and the model error derived from stake data likely underestimates the true
prediction error for unsampled areas. Therefore, the overall model uncertainty could be
underestimated. A complementary way to evaluate the performance of the model over
the whole glacier extension in future work would be to compare the modeled cumulative
bare-ice melt over the study period with geodetic mass-balance estimation derived from
satellite altimetry or DEM differencing [56-58], although implementing such as analysis
would require careful product selection uncertainty assessment. In addition, we use a
single digital surface model and keep glacier geometry constant in time. As a consequence,
the model is meteorologically dynamic but glaciologically static and should be interpreted
as a quasi-static representation of melt under varying atmospheric forcing rather than a
fully dynamic glacier-evolution model.

Validation metrics reported here reflect local fit at stake positions rather than global
predictive accuracy across the entire glacier. The limited number and spatial clustering of
stakes constrain the robustness of model evaluation.

Future work should compare modeled cumulative melt with geodetic mass balance
estimates from satellite altimetry or DEM differencing (e.g., [56-58]).

4.3. Possible Uncertainties Related to Satellite Data

In the literature on glacier energy and mass balance models (see [59] for a review), the
actual spatial and temporal variability of surface albedo is often neglected, with constant
values commonly assumed for snow and ice surfaces. This simplification can lead to
inaccurate estimations of meltwater contributions to the hydrological cycle [46].

To evaluate the sensitivity of our model to this parameter, we re-ran the ice melt
simulations three times using single-date albedo values derived from the satellite scenes
with the highest pixel availability for each month in which ablation stake measurements
were available. These dates and corresponding pixel coverage are reported in Table 1.
For each pixel, the cumulative ice melt estimated with the averaged albedo value was
compared to that obtained using each single-date albedo (Table 11). Pixels lacking albedo
data were excluded from the comparison.

Table 11. Performance statistics of ice melt model (m w.e.) using different albedo values.

% Available Pixels for Albedo

Acquisition Date Scene over the Whole Glacier BE MAE RMSE BRRMSE
9 Aug 2023 89% —0.02 0.04 0.23 0.23
19 Sept 2023 90% 0.00 0.04 0.19 0.19
5 Oct 2023 98% 0.07 0.10 0.46 0.46
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The results show minor differences in ice melt estimates for two out of the three
scenes, confirming the robustness of the average albedo approach. However, the scene
from October shows a larger discrepancy, likely due to fresh snow deposition affecting
surface reflectance. This highlights how the use of single-day satellite imagery, especially
in the presence of cloud cover or recent snowfall, can compromise spatial coverage and
increase uncertainty in melt simulations. However, an improvement of our model could
be to distribute albedo both spatially and temporally. This could lead to more accurate
estimates of ice melt in a given time period since glacier surface albedo varies in value
because of fresh snow, impurities, or ice exposure.

To investigate the potential uncertainties associated with satellite-derived surface
temperatures, we analyzed the difference between surface temperature retrieved from
the Landsat 9 scene (Tr udusat) and that derived from LW,,; data recorded at the Borith
Lake AWS (assuming a surface emissivity equal to 1). Considering the date time of the
Landsat 8/9 TIRS scenes, the averaged estimate was +36.82 °C, while the averaged value
calculated from ground-based LW+ was +35.88 °C, indicating a satellite overestimation of
0.94 °C (corresponding to 2.6% of the observed value). This overestimation may result from
several factors. A key source of uncertainty is the assumed surface emissivity used in the
radiative transfer calculations for both the Landsat TIRS data and the AWS measurements.
Small deviations from the actual emissivity of ice, snow, or debris-covered surfaces can
significantly affect the derived temperatures. Additionally, residual atmospheric effects,
even after correction, can influence the thermal signal received by the satellite, particularly
under humid conditions or in the presence of thin cirrus clouds. A similar issue may affect
pyrgeometer-based measurements: the presence of warm air layers between the surface
and the sensor may enhance the recorded LW,,;, leading to a slight overestimation of the
derived surface temperature [38]. Lastly, potential sources of satellite uncertainty include
calibration errors, spatial averaging at 30 m resolution, and anisotropic surface emission in
complex topographic settings.

5. Conclusions

In this study, we applied a simplified, physically based model to estimate meltwa-
ter release from the debris-free ice of the Passu Glacier during the 2023 ablation season
(5 August to 13 October). The model integrates satellite-derived datasets with in situ
meteorological and glaciological observations, including data from two off-glacier AWSs
and four ablation stakes.

3 w.e., with

Our results indicate a total meltwater volume of approximately 16 million m
a median cumulative melt of 3.60 m w.e., ranging from 0.00 to 14.11 m w.e. across the glacier.
Model validation against ablation stake measurements revealed an error of 0.48 m w.e.,
corresponding to 9% of the observed average melt, confirming a good agreement between
simulated and measured values.

Sensitivity analysis showed that elevation is the dominant control on melt distribution
(B =-0.501; unique R? = 0.199). The study also highlights the value, and limitations, of
using remote sensing-derived products, particularly for albedo and surface temperature, in
regions where ground-based data remain scarce.

Compared to a previous study in which ice melt was modeled over the entire ablation
areas of glaciers within the Central Karakoram National Park (CKNP, Pakistan) [12], the
present work achieved a significant improvement in both input variable modeling and
the melt model itself. In the earlier approach, incoming shortwave radiation was esti-
mated using only an altitudinal gradient, while in this study, we applied a more physically
based approach that incorporates topographic (slope, aspect), geographic (latitude), and
astronomical (solar angle) factors. Additionally, surface albedo was previously assumed
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to be constant in both space and time, whereas we now use spatially distributed albedo
derived from satellite imagery. As for the melt model, the earlier approach relied solely
on air temperature, SW;,,, and albedo, while the updated model includes all key radiative
components of the surface radiative balance (i.e., incoming and reflected shortwave radia-
tion and both incoming and outgoing longwave radiation). These advancements led to a
substantial reduction in the ice melt estimation error, from 17% in the previous study to 9%
in the current analysis. This demonstrates the value of incorporating more detailed and
physically representative input data, even in data-scarce high-mountain environments.

In the absence of reliable in situ meteorological observations, satellite-based longwave
radiation products can offer a valuable alternative for modeling glacier melt. As reported
by [50], among the various global datasets evaluated in the literature, CERES SYN products
have shown the highest overall accuracy for downward longwave radiation, with the
lowest bias and standard deviation, as well as the strongest correlation with ground-based
pyrgeometer measurements. The relatively high performance of CERES SYN is attributed to
its use of detailed and high-quality cloud descriptions, which are crucial for modeling LWj,,.
Other products such as GEWEX SRB and ERA-Interim also perform reasonably well, with
moderate biases (+3 W m~2 and -2 W m 2, respectively). Conversely, although the CSFR
dataset displays an overall bias similar to CERES, it suffers from large spatial variability in
performance at the grid level, making it less reliable in heterogeneous mountainous terrain.
Therefore, when AWS data are unavailable, CERES SYN emerges as the most reliable option
for glacier-scale melt modeling, especially in remote high-altitude environments like the
Karakoram, where ground validation remains logistically challenging.

Our results demonstrate that even limited field measurements, when strategically
deployed, can substantially enhance the reliability of remote sensing-based glacier melt
models, thereby improving glacier monitoring in one of the most challenging and climate-
sensitive mountain regions in the world. Moreover, the applied melt model, incorporating
radiative fluxes (SWyer and LW,), offers a robust compromise between physical realism
and operational simplicity, making it well suitable for glacierized areas with limited obser-
vational data. In future applications, the performance of this framework over the whole
glacier extension could be further evaluated by comparing the modeled cumulative bare-
ice melt with geodetic mass-balance estimation derived from satellite altimetry or DEM
differencing. Ultimately, our work not only contributes to improving melt modeling in
data-scarce high-mountain environments but also underscores the hydrological significance
of the Passu Glacier system, particularly in relation to potential GLOF events from Passu
Lake. These insights may prove valuable for risk management and water resource planning
in the upper Hunza Valley and broader Karakoram region.
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