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Abstract

Glacier retreat leads to the formation of glacial lakes, which can become potentially dangerous for outburst flooding, posing
a serious risk to the lives and infrastructure of mountainous communities. To better manage such risk, frequent mapping
and precise monitoring of glacial lakes are essential yet hindered by inaccessible terrain, severe climatic conditions for
in-situ measurements, or a tedious manual mapping of coarse-resolution satellite imagery. Here, we propose an enhanced
breakpoint method (EBM) that adopts for each lake an individual histogram prepared by applying a dynamical buffer around
that lake. We employ EBM to develop the glacial lake inventories for the Astore Basin within the western Himalayas for
2018 and 2019 using ultra-high resolution (~3m) optical PlanetScope imagery. Our semi-automated EBM outperforms
similar methods and precisely maps glacial lakes of all sizes and complexities with little manual mapping and editing using
high-resolution imagery from PlanetScope as well as coarser resolution imagery from Sentinel-2 and Landsat-8 platforms.
Intercomparison of 2018 and 2019 inventories and the existing 2013 inventory revealed heterogeneous lake formations,
disappearances, expansions, and shrinkage patterns. In 2013, 196 lakes had a total area of 5.847km? and a corresponding
volume of 0.073km?. By 2018, 135 lakes formed newly, whereas 9 lakes drained out, leading to an overall increase in the
number of lakes by 64.28% (196) to 322 lakes. Over the five years of 2013-2018, 40 lakes expanded, whereas 147 lakes
shrank, resulting in an overall reduction in area by —1.50% to 5.759km? and a decrease in volume by —5.56% to 0.069 km?.
As compared to 2018, 213 lakes expanded, whereas 98 lakes shrank, experiencing an overall area expansion of 3.83% to
5.98km? and an increase in volume by 4.65% to 0.072km?3. These findings suggest that changes for 2018-2019 are higher
than that of the 2013-2018 period. Employing daily PlanetScope imagery at ~3 m resolution, the EBM can precisely map
and monitor lake evolutions with low latency time to reduce and mitigate outburst flooding risks in complex terrain.
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1 Introduction

Lakes are vital ecological assets that provide a lifeline to the
aquatic and terrestrial ecosystems. More than 100 million
lakes existing on Earth at present collectively hold around
87% of the Earth’s freshwater resources and play a criti-
cal part in the local to global water cycle (Verpoorter et al.

b<1 Shabeh ul Hasson
shabeh.hasson @uni-hamburg.de

1" HAREME Lab, Institute of Geography, CEN, Universitit
Hamburg, Hamburg, Germany

Research Department II: Climate Resilience, Potsdam
Institute for Climate Impact Research, Potsdam, Germany

Institute of Geography, CEN, Universitit Hamburg, Hamburg,
Germany

2014; Yao et al. 2023). Lakes present in glaciated envi-
ronments exhibit a history of glacial and climatic activities
within their catchments (Miehe et al. 2021). The role of
serving as a proxy to local and regional changes in the
drainage basin makes these lakes further suitable for inves-
tigating the terrestrial response to present and paleoclimatic
changes (Adrian et al. 2009). Global warming induced van-
ishing of snowpacks and permafrost, thinning, and retreat of
glaciers, intensified melting, and extreme flood and drought
events lead to the formation and disappearance of lakes as
well as their expansion and shrinkage (Zhao et al. 2018;
Wang et al. 2013). Such dynamics are supposedly more
visible within High Asia, featuring complex terrain, harsh
environments, and being earlier victims of adverse climatic
changes (Pepin et al. 2015; Bolch et al. 2019). In recent
decades, the number of glacial lakes has increased by 50%
worldwide and by 9% within the Himalayas (Shugar et al.
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2020; Nie et al. 2017). Further, the Himalayan lakes have
seen an area expansion of 14% over the 1990-2015 period
(Nie et al. 2017).

Depending upon the geomorphology of lakes and the
hydro-climatic conditions of their catchment, these highly
dynamic water bodies can become potentially dangerous
for the outburst flooding, known as the Glacier Lake Out-
burst Flood (GLOF) (Zhang et al. 2015). Under prevail-
ing climatic changes, the observed amplified occurrence of
snow/ice avalanches and landslides accompanied by shifts
in the environmental stability and the subsequent burgeon-
ing expansion and formation of glacial lakes have substan-
tially augmented the likelihood of GLOF events (Worni
et al. 2013; Ding et al. 2021; Yao et al. 2019). For instance,
more than 100 GLOF events have been reported within the
Himalayas since the 1900s (Nie et al. 2018; Zheng et al.
2021a; Zhang et al. 2022), while their frequency exhibits
a rising trend (Harrison et al. 2018; Yao et al. 2014; Zheng
et al. 2021b). On the other hand, there is no long-term trend
observed in the frequency of GLOFs, despite distinct trends
in the number and area of lakes (Hock et al. 2019; Veh et al.
2019).

Regardless of the triggering mechanism, an abrupt re-
lease of massive water volume leads to the inundation of
large surrounding and downstream areas with no lead time
to manage the disaster. Hence, reducing or mitigating the
GLOF risk needs early monitoring of all lakes to assess
their transition between becoming potentially dangerous
and vice versa. The first step towards such monitoring in-
volves mapping the evolution (formation, disappearance,
expansion, and shrinkage) of lakes (Bajracharya and Mool
2009). Therefore, the generation of a precise and updated
glacial lake inventory is the starting point in analyzing the
potential GLOF hazards within High Asia (Worni et al.
2013; Ives et al. 2010; Bhambri et al. 2018; Mal et al.
2020). However, there is a gap in the accurate delineation
of glacial lake shorelines using high-resolution CubeSat im-
agery. Furthermore, our understanding of the location and
mobility of glacial lake shorelines is still insufficient regard-
ing their formation and development. To minimize damage
related to GLOFs, a better understanding of lake shoreline
dynamics is required. An updated and precise glacial lake
inventory is essential for assessing hazard risk, understand-
ing the dynamics of associated glaciers, and comprehending
the lakes’ spatiotemporal distribution. As such, the Astore
Basin’s glacial lake inventory needs to be updated, and its
boundaries are precisely mapped.

Several studies have developed lake inventories within
High mountain Asia at local and regional scales (Das et al.
2024; Ahmed et al. 2022; Gupta et al. 2022; Li et al. 2022;
Furian et al. 2021; Chen et al. 2020; Wang et al. 2020;
Zhang et al. 2021). Specifically, Landsat datasets are being
widely used to map glacial lakes owing to their extensive
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spatial coverage, long span of record, and easy accessibil-
ity (Khadka et al. 2018; Nie et al. 2017; Shrestha et al.
2017). Studies either applied binary classification (Roach
et al. 2012; Plug et al. 2008) or fractional mapping of pix-
els to segment an image into water and non-water pixels
(Ji et al. 2008; Rover et al. 2010). Binary glacial lake map-
ping, based either on an automated or semi-automated ap-
proach, has been performed using different spectral band
ratio combinations, NDWI thresholding, global-local seg-
mentation, object-oriented classification, and the decision
tree approach (Gardelle et al. 2011; Li et al. 2011; Nie
et al. 2017; Veh et al. 2018). Whereas water bodies have
been mapped for the coarse-resolution imagery of AVHRR
(Klein et al. 2014; Dietz et al. 2017) and MODIS (Sun et al.
2011; Weiss and Crabtree 2011) by applying the spectral
unmixing technique to enhance the accuracy.

Here, we develop a semi-automated methodology to pre-
cisely delineate glacial lake shorelines for the western Hi-
malayan basin of Astore using high spatiotemporal reso-
lution CubeSat imagery (PlanetScope) for the years 2018
and 2019. Due to automation, this methodology will expe-
dite the mapping process in the first place. Additionally, the
high-resolution imagery will enhance precision. To accom-
plish this objective, we have improved a water classifica-
tion approach of the Enhanced Breakpoint Method (Olthof
et al. 2015) that employs dynamic buffering. The methodol-
ogy was validated against manually delineated glacial lakes
and compared to the existing regional inventory of Wang
et al. (2020). We further assessed the sensitivity of our de-
veloped methodology to the selection of parameters and to
the coarse spatial resolution of Landsat-8 and Sentinel-2
imagery. The glacial lake changes were quantified in terms
of number, area, depth, and volume. Finally, we discussed
a few limitations of optical imagery in delineating the lake
shorelines within complex Himalayan terrain.

2 Materials and Methods
2.1 StudyArea

Under the rain shadow of the western Himalayas, the As-
tore basin is situated between 34.77° and 35.64° North and
74.41° and 75.24° East (Fig. 1). The Astore River originates
from the west of Burzil Pass, drains the Deosai plateau
in the northwestward direction, and joins the main trunk
of the Indus River downstream of its confluence with the
Shyok and Shigar tributaries. Featuring a complex terrain,
the basin spans over 3990km? of surface area with a mean
elevation of 4100 m and an elevation range of 1500-8000 m
(Hayat et al. 2019).

The climate of the region is influenced by both the south
Asian summer monsoon and the western disturbances.
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Three meteorological stations within the basin, namely
Astore, Rattu, and Rama, suggest that the minimum and
maximum monthly average temperatures are observed in
January (-1.9°C) and August (20.7 °C), respectively (Hayat
et al. 2019). The hydrology of the basin is mainly fed by the
melting of snow, which is received under the precipitation
regime associated with the westerly disturbances during
winter and spring (Hasson 2016; Hasson et al. 2017).
Around two-thirds of the annual total precipitation falls
during winter and spring (Hayat et al. 2019). The south-
westerly moist flow during the summer monsoon months
of July-September is largely blocked by the western Hi-
malayas, although offshoots can approach the basin (Ali
et al. 2009).

Mean snow cover ranges between 2+1% and 98z
1% of the basin area within a year (Hasson et al. 2014)
whereas only ~6% (248km?) of the basin area is engulfed
by glaciers, which possibly contributes a minute amount
of meltwater to the overall discharges (Tahir et al. 2016).
Based on hydrological regime analysis, Hasson et al. (2017)
designated the Astore basin as mainly the snow-fed basin.
The Astore River drains around 3.45 million acre-feet
(MAF) of water, contributing approximately 4.6% of the
total discharge volume of the Indus River at the Tarbela
reservoir (Ahmad et al. 2018). The basin hosts mainly the
erosion lakes, which indicates its past glaciation.

2.2 Optical Imagery and Auxiliary Dataset

We obtained optical imagery from PlanetScope (PS),
Sentinel-2 (S2), and Landsat-8 (LL8) sensors for clear-
sky days centered around September 01, 2018, and 2019,
covering the entire Astore Basin. Mapping was mainly
performed using PS imagery, whereas S2 and L8 data

were used to analyze the sensitivity of our method across
multiple and coarse-resolution sensor imagery.

PlanetScope: PS imagery is based on a Planet Lab’s
constellation of 180+ small optical imaging framing cam-
era platforms, called doves, which have been observing the
Earth’s surface daily at ~3-meter spatial resolution. We ob-
tained a Planet Level 3A data product (Analytic Ortho Tile
Product), available at a 3.125m resolution under the edu-
cation and research program of Planet Labs (https://www.
planet.com/explorer/).

Sentinel-2: A constellation of twin polar-orbiting satel-
lite platforms known as Sentinel-2A and Sentinel-2B is
a multi-spectral imaging mission with a Multispectral In-
strument (MSI) sensor, which acquires optical imagery at
a medium spatial resolution of 10 to 60m and temporal
resolution of five days when combined, or 10 days individ-
ually. The Sentinel-2 scenes processed for this study were
downloaded from https://earthexplorer.usgs.gov/.

Landsat-8: Landsat-8 Operational Land Imager (OLI)
has radiometric precision over a 12-bit dynamic range and
a positional accuracy above 12m. The spatial resolution of
Landsat-8 is 30 m for multispectral, 15 m for panchromatic,
and 100m for thermal bands. The temporal resolution of
Landsat-8 OLI is 16 days. We obtained the Terrain Preci-
sion Landsat-8 scenes of Collection 1, Tier 1 from the Earth
Explorer at https://earthexplorer.usgs.gov/.

Shuttle Radar Topography Mission (SRTM): This dataset
offers high-resolution elevation data of the Earth’s surface
with global coverage at a spatial resolution of 30 meters
(larc second), derived from spaceborne radar. The Earth
Explorer platform from the United States Geological Sur-
vey (https://earthexplorer.usgs.gov/) allows users to search,
visualize, and download SRTM data.
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2.3 Methodology

After acquiring the required dataset, first, we performed
the sensitivity analysis to assess whether the lake mapping
technique is sensitive to the choice of parameter values
and which parameters are the most sensitive. After the sen-
sitivity analysis, we mapped the lakes using PS imagery
obtained for September using an enhanced version of the
breakpoint method (EBM). The breakpoint method maps
the area of each lake by determining the thresholds for pure
water pixels and surrounding land pixels based on a single
NDWTI bimodal histogram prepared for the whole image
based on all lake areas with constant (CBI) buffers applied.
We enhanced the breakpoint method in two ways: 1) to
use a single NDWI bimodal histogram for the whole im-
age based on all lake areas with dynamic buffers instead of
constant buffers (DBI), and 2) to use an individual NDWI
bimodal histogram prepared for each lake with dynamic
buffer applied around that lake (DBL). We designated DBL
as EBM.

To check the robustness of our semi-automated method-
ology, we validated the EBM by comparing the semi-
automatically mapped lake areas using clear sky PS im-
agery of 01 September 2018 against the 38 reference lakes
of different sizes and complexity mapped manually on the
same PS imagery. Then, over a large area, we additionally
assessed whether three methods can be applied to coarse
or medium-resolution satellite imagery across platforms
(PS, Sentinel-2, and Landsat-8) and whether the EBM out-
performs similar breakpoint methods against a reference
dataset of 22 lakes mapped manually using PS imagery. To
assess the added value of local scale precise mapping using
high-resolution imagery, we further compared the EBM
methodology with a regional-scale inventory developed by
Wang et al. (2020) for the same year 2018 using Landsat
imagery.

Based on validated methodology, we prepared lake in-
ventories for the years 2018 and 2019. We compared the
lake evolution during 2013 and 2018 by comparing the lake
inventory of 2018 with an existing inventory of 2013, man-
ually prepared by the Pakistan Meteorological Department
(PMD) using the Landsat imagery. We also assess how lakes
evolved between 2018 and 2019. After mapping the glacial
lakes, we estimated lake volumes and mean depths using
empirical relationships (Supplementary Table 2).

2.3.1 Sensitivity Analysis of Lake Mapping

We assess whether the lake mapping technique is sensi-
tive to the choice of parameter values and which parame-
ters are the most sensitive. These include a global NDWI
threshold that identifies initial lake locations, a hillshade
threshold that reduces shadow effects, and a parameter, C,
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that finally decides on the thresholds of 100% land and
100% water pixels. Sensitivity to the global NDWI and hill-
shade thresholds has been assessed by manually applying
varying thresholds on a list of random NDWTI rasters from
the analyzed archive and inspecting their results against
the reference datasets. The objective is to determine the
safest thresholds that work in all situations, although im-
perfectly, and in an automated fashion. Whereas for C, a ref-
erence lake centered at 74.65°E 34.91°N featuring an area
of 6560m? was mapped in a semi-automated process with
nine values of C ranging between 0.55 and 0.95 with an
increment of 0.05, and the calculated lake area was then
compared against the manually delineated area to determine
the best threshold. We further assessed whether changes in
the estimated lake area occurred due to varying C are com-
pensated by the water fraction percentages (100%, =75%,
>50%, 225%, =2 10%, and >0%) considered for calculating
the total lake area.

2.3.2 Validation Across Platforms

To validate our methodology, we compared the semi-auto-
matically mapped lake areas against the 38 reference lakes
of different sizes and complexities mapped manually on the
same clear sky PS imagery of 01 September 2018. This vali-
dation was performed for the lake areas calculated based on
all considered water fractions (100%, =75%, =50%, =25%,
>10%, and >0%) to identify which water fraction should
be considered for calculating lake areas. To quantify inter-
dataset differences, we employ the statistical measures of
mean bias in percentage (PBIAS), coefficient of determina-
tion (R?), root mean square error (RMSE), and normalized
RMSE (nRMSE). The lower values of PBIAS, RMSE, and
nRMSE and higher values of R? indicate better inter-dataset
agreement.

On successful validation, we further assessed whether
our methodology can be applied to coarse or medium-res-
olution satellite imagery. For this purpose, 22 lakes of dif-
ferent sizes and complexities were delineated semi-auto-
matically from the Landsat-8 OLI (30m), the Sentinel-2
MSI (10m), and PS (~3m) imagery dated 24 September
2019, 10 September 2019, and 1013 September 2019, re-
spectively, and the estimated lake areas were compared to
manually delineated lake areas from PS imagery.

Using the same imagery from PS, Landsat-8, and
Sentinel-2, we additionally showed how our method for
lake area estimation based on the individual NDWI his-
tograms generated from a Dynamical Buffer around each
individual Lake (DBL) yields better results relative to
similar methods. For this, we compared DBL to a single
histogram either generated from Dynamically Buffered
lakes of the whole Image (DBI) or Constant Buffered
lakes of the whole Image (CBI), irrespective of the lake
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size, type, and complexity. We compared these approaches,
particularly for the PS imagery, but additionally for the
Sentinel-2 and Landsat-8 imagery. In the case of CBI, we
applied a constant buffer of 60m around all potential lake
polygons within the image, as suggested by Cooley et al.
(2017), and calculated the thresholds and subsequent lake
areas on a single bimodal NDWI histogram for all buffered
lake polygons. In the case of DBI, we instead applied
a dynamical or varying buffer to each potential lake poly-
gon in the image but again calculated the thresholds and
subsequent lake areas based on a single bimodal NDWI
histogram for all buffered lake polygons.

We further compare the developed inventory with the
regional lake inventory developed by Wang et al. (2020)
for the same year of 2018 using Landsat imagery, to assess
the added value of local scale precise mapping using high-
resolution imagery.

2.3.3 Lake Area Mapping

The extraction of inland water bodies from satellite im-
agery is non-trivial, particularly within the complex Hi-
malayan terrain, where cloud confusion, lake freezing, soil
saturation, and mountain shadows hinder precise mapping.
Our semi-automated methodology addressed these issues in
dedicated steps (Fig. 2). First, we calculated the Normalized
Difference Water Index (NDWI) (McFeeters 1996) to en-
hance the water pixels and suppress the vegetated and other
non-water pixels within PS imagery, calculated as follows

(Eq. 1):

BAND gpen — BAND,;,
BAND gye0n + BAND,;,

NDWI = ey

The relevant information regarding the NDWI is pro-
vided in the Supplementary Information (SI). Further, we
avoid the mountain shadows and find the lake locations
within the image. For this, a global threshold of 0.1 was
applied to NDWI to initially exclude non-water pixels, and
then binary thresholding (Otsu 1979) was applied. Binary

| Calculate NDWI ':>| Global Threshold > 0.1 | | Binary Thresholding (OTSU) |

AR

| NIR Binary Thresholding (OTSU) Intersection & Excluding
. conversion to |:> polygons<1000 m?
| Hillshade Threshold < 90 |:> polygon

Water fraction maps by <: Apply dynamical <::| Manual selection and
identifying WL and LL buffer on lakes update of potential

@ lakes

Integrate water fractions >0%, 210%, >25%, >50%, >75% and 100% to calculate
surface areas for each lake polygon

Fig.2 Methodology workflow for lake mapping

thresholding (Otsu 1979) was additionally applied to the
near-infrared top-of-atmosphere reflectance. The near-in-
frared channel is selected because its wavelengths are least
reflected by clear water bodies relative to other features;
hence, water pixels appear the darkest as the mountain
shadows. Mountain shadows were removed by applying
a threshold of 90 to the hillshade raster calculated from
the DEM based on the sun’s azimuthal and altitude angles
recorded at the time of image acquisition. Such a loose
threshold was applied due to the coarse resolution of DEM
and the resultant hillshade at 30 m to avoid the removal of
adjacent lake features, so the shadows are removed partially.
Then, an intersection of the binary rasters from NDWI, NIR,
and hillshade was converted to polygons, from which fea-
tures below 1000m? in the area were excluded to further
reduce the noise. Therefore, the lake polygons greater than
1000m? in the area were selected for the EBM method,
while the remaining lakes were mapped manually. These
steps yield lake locations by identifying the boundaries of
their pure water pixels. The methodological workflow is
shown in Fig. 2, and all the steps of the methodology are
depicted in Supplementary Fig. 1.

After the identification of lake locations, all potential
lake polygons selected and revised manually were buffered
incrementally by one meter to ensure that for each individ-
ual polygon, the corresponding region from the raw NDWI
additionally encompasses the land and mixed pixels sur-
rounding pure water pixels. The buffer of the potential lake
polygon grows outward iteratively until the following con-
dition holds true (Eq. 2).

Ainitial > (Abuﬁ‘ered - Ainital) + (Ainitial S 02) (2)

Where Ainiriat, Abugerea are the areas of each polygon before
and after the buffer was applied, respectively. This incre-
mental buffering technique is known as a dynamic buffer,
which helps us to easily identify land and water pixels. The
dynamic buffer forms a bimodal histogram of the NDWI
values with two distinct peaks (water peak and land peak)
for each individual lake. The pixels outside the two peaks
of the histogram refer to the pure land and water pixels, and
the pixels inside the peaks are partially inundated (Fig. 3).
Then, for each individual lake, we created the water frac-
tion map by estimating the water fraction of each pixel from
the NDWI image. For this, we first determined the thresh-
olds that precisely identify the 100% land and 100% water
pixels (Olthof et al. 2015) using Eqs. 3 and 4, respectively:

L100=HLpeak -C x PromLpeak (3)
WlOO: HWpeak -C x Promeeak (4)

Here, C is a constant, which depends upon bimodal dis-
tribution, and if the value of this constant changes (Sup-
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automatically against each value of C, compared to the manually mapped reference lake area

plementary Fig. 2) the region of the histogram contain-
ing mixed pixels also varies in other words this parameter
defines the limits of the mixed pixel region, whereas L
and Wy are the thresholds for 100% land and 100% wa-
ter pixels, Hipear and Hwpea are the land and water peak
heights within the histogram, and Promypea and Promwpear
are the prominences of the land and water peaks, respec-
tively. The prominence of a peak refers to its significance
due to its fundamental elevation and its position relative to
other peaks. After determining the Lo and W, thresholds,
water fractions (WF) for each NDWI pixel were calculated
using Eq. 5:

WF = w (®))
Wioo = L1oo

Pixels with NDWI values =W,y have a water fraction
of one and are designated as pure (or 100%) water pixels,
whereas pixels with NDWI values <L, were given a water
fraction of zero and are designated as pure (or 100%) land
pixels. The pixels between W;g and L, were assigned their
water fractions between zero and one. Once water fractions
are estimated, the total area of each lake was calculated
using Eq. 6:

Larea = X (WF X Parea) (6)

Where Larea is the total area of a lake and Parea is
the area of an individual image pixel. We hypothesize that
the inclusion of pixels featuring minute water fraction may
not be necessary for PS imagery at a higher resolution of
~3 m, but important for the coarser-resolution imagery from
Sentinel-2 and Landsat-8, etc. To check what water frac-
tions are important to precisely estimate the lake area, we
considered six different water fractions, i.e.,>0%, =10%,
225%, =50%, =75%, and 100%.
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2.3.4 Manual Mapping Uncertainty

The lakes were digitized manually for validation via visual
inspection and interpretation. Glacial lake extraction from
remote sensing imagery using manual visual delineation is
often accompanied by errors related to image quality. The
area error in glacial lake boundary extraction based on re-
mote sensing images can be roughly +0.5 pixels. Because
pure lake water body pixels are typically surrounded by
mixed pixels, the theoretical maximum area error in glacial
lake boundary extraction is half the area of the edge pix-
els. According to Hanshaw and Bookhagen (2014), the un-
certainty in the lake area of a single glacial lake can be
calculated as follows (Eqs. 7 and 8):

P G?
Error(lo) = e X > x 0.6872 @)

Error (10)
— X

Erroreiasive (%) = 100 3

where P is the perimeter of the glacial lake (m), G is the
spatial resolution of the PlanetScope imagery (3.125m),
0.6872 is the 1 standard deviation (16), Error.um. is the
relative error, and A denotes the lake area (m?).

2.3.5 Lake Volume and Depth Estimation

GLOF risk reduction and management entail information
regarding the possibility and intensity of outburst events.
For the GLOF risk assessment, a large lake volume indi-
cates greater flooding potential in the case of an outburst
event. However, flood volume also depends on other imper-
ative factors, such as the trigger mechanisms, status, and
characteristics of the lake and damming material (Emmer
and Vilimek 2014). Therefore, volume and depth analyses
of lakes are essential. However, estimation of lake volume
is challenging owing to the presence of these lakes in harsh
and inaccessible environments, which prevents bathymet-
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ric surveys of lake basins. At present, neither the informa-
tion on the volume of glacial lakes nor their bathymetry is
available within the Karakoram or Himalaya region of the
Indus basin. This hinders the estimation of lake volumes or
their changes, which are crucial for GLOF risk reduction
and mitigation. Here, we estimate the lake volumes based
on empirical area-volume relationships developed from the
lake measurements given in Supplementary Table 2.

The estimation of lake depths based on empirical rela-
tionships is the best alternative when in-situ measurements
are not available (Carrivick and Quincey 2014; Loriaux and
Casassa 2013; Yao et al. 2012). However, caution must be
practiced as the lake area and the mean depth do not al-
ways scale predictably (Cook and Quincey 2015). This is
because glaciers experience a varying intensity of erosion,
the height of moraine dams varies, shallow lakes form on
stagnant ice (Yao et al. 2012), sediments could deposit into
the lakes (Allen et al. 2009), and due to the existence of
a lake outlet, etc. We have used the empirical relationships
to estimate the mean depth of the mapped glacier lakes
(Supplementary Table 2).

3 Results and Discussion
3.1 Sensitivity Analysis of Lake Mapping

We observed that precise lake area mapping is sensitive
to the choice of select parameters of global NDWI thresh-
old, hillshade threshold, and the value of C. For the global
NDWI threshold, we tested different values to successfully
identify lake locations from multiple NDWI images and vi-
sually inspected their results. We found that to correctly
identify the location and shape of lake water pixels, the
global threshold must vary depending on the image, the
lake type, and its geometry, which hinders the automation
of the mapping process. Against this background, we se-
lected 0.1 as the safe global threshold irrespective of the
image and the lake type because higher global thresholds
may remove pure water pixels, and we only need to remove
a majority of non-water pixels to input to the binary thresh-
olding. The same procedure was followed for determining
the hillshade threshold, and its value was fixed at 90.

For identifying the optimum value of C, the lake area
estimated from the automated procedure was compared to
the manually delineated lake for each value of C. The re-
sults are shown in Fig. 3 and are summarized in Table 1. We
found that varying the value of C changes the thresholds that
identify pure land and water pixels, markedly changing the
resultant lake area (Table 2). We further assessed whether
changes in the estimated lake area occurred due to varying
C are compensated by the water fraction percentages con-
sidered for calculating the total lake area. We found that as

Table 1 Variation of water (wth) and land threshold (lth) for a given
sensitive parameter (C)

Parameter NDWI NDWI
©) (Ith) (wth)
0.95 0.196 0.261
0.90 0.196 0.276
0.85 0.196 0.291
0.80 0.191 0.296
0.75 0.186 0.296
0.70 0.186 0.301
0.65 0.156 0.301
0.60 0.156 0.301
0.55 0.156 0.306

the value of C decreases, the wth and [th thresholds become
stricter and yield a smaller number of pure land and water
pixels. Subsequently, the region of mixed pixels within the
NDWTI bimodal histogram expands with a greater number
of mixed pixels, resulting in an overall underestimation of
the observed lake area (Supplementary Fig. 2). Our results
suggest that the optimum range for the sensitive parameter
C is between 0.95 and 0.9, where C=0.95 yields the lake
area closest to the observation. For identifying optimum
water fractions, we note that as we decrease the value of C,
integrating only higher water fraction pixels further under-
estimates the observed lake area. Such an underestimation
is marked for water fractions higher than 25%. These find-
ings imply that the integration of pixels with smaller water
fractions becomes more important for precise area calcula-
tion when the number of mixed pixels is relatively large.
This is particularly true for shallow lakes or their shallow
shorelines. Hence, we have fixed the value of C to 0.95 for
the rest of the analysis.

3.2 Validation Against Reference Datasets

Areas from the semi-automatedly delineated lakes using
C=0.95 were compared with the 38 lakes manually delin-
eated from the same cloud-free PS image of 01 September
2018 (Fig. 4). The comparison was performed on pixels
inundated with any water fraction greater than zero. We
found a minute bias of —0.71%, indicating that our lake
areas slightly underestimate the reference lake areas. This
bias is within the range of the uncertainty that is associated
with the manual lake area mapping, which assumes an error
of £0.5 pixel for at least one-third of the pixels along the
shoreline (Fujita et al. 2009; Salerno et al. 2012). Our results
suggest that as we integrate only higher water fractions,
the underestimation becomes higher and approaches 9% of
the reference dataset when only pixels featuring 100% wa-
ter fractions are considered for area calculations (Table 3).
Nonetheless, higher values of R? (>0.99), lower values of
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Table2 Variation of an example

. Sensitive wf>0%) (wf=10%) (wf=25%) (wf=50%) (wf=75%) (wf=100%)
lake area according to water
. . . parameter (C)
fraction for a given sensitive
fraction is the percentage of the 0.90 6120.25 6113.88 6081.26 5917.37 5689.65 5185.55
pixel inundated in water 0.85 5947.68 5940.63 5897.26 5718.69 5425.87 4824.22
0.80 5936.08 5924.02 5880.42 5683.68 5323.85 4619.14
0.75 5985.20 5975.91 5927.71 5712.31 5387.45 4619.14
0.70 5921.62 5911.77 5861.85 5646.37 5221.00 4433.59
0.65 6239.96 6220.22 6139.91 5882.46 5425.22 4433.59
0.60 6239.96 6220.22 6139.91 5882.46 5425.22 4433.59
0.55 6174.43 6155.35 6063.33 5800.05 5343.63 4121.09
Fig.4 Semi-automatically vs. a 15 b 8
manually delineated areas of WF > 0% 7
38 reference lakes from PS im- é o 56, ps
agery dated 01 September 2018, = [ 8 12 e ]
. = 10 ¢+ S e (]
a Areas calculated consider- % < 3 o
ing >0% (all) water fractions — & 2 8. __e® @ . e ©
are shown, b Differences in ar- 3 E 1 98 28 8008 o . S8 °C.% o _ ®
. . . fus 51 0 w . ° o ,,»-. c o000 _ 5 ¢
eas considering certain water g_ £ 1 e gt o2 |
fractions for integration § ?U 2 ® 0% >10%
S g -3 >25% >50%
£ 0 -4 ©2>75% 100%
< 0 5 10 15 N

Manual-Map Area (m?) x 10*

PBIAS (-0.71%), and negligible RMSE and NRMSE sug-
gest that the semi-automated lake area mapping approach
is robust and can precisely map lakes of various sizes and
complexities in mountainous terrain. Figure 5 shows spa-
tial maps of six lakes with their shorelines, considering the
pixels with different water fractions in addition to manually
delineated shorelines. Considerable differences can be seen
for either shallower lakes or their shallower shorelines, for
which mixed pixels are higher in number relative to large
lakes with deep shorelines. The comparison of the mean of
all multiple automatic digitization of lake outlines with the
manually mapped lake outlines is reported in Supplemen-
tary Table 3.

3.3 Validation Across Platforms

We assessed whether our methodology can precisely map
glacial lakes on varying coarse resolution imagery from
the Sentinel-2 and Landsat-8. For this, the areas of the
22 lakes mapped automatically from the PS, Sentinel-2,

1 35 7 91113151719212325272931333537
Lakes

and Landsat-8 images of similar dates were compared to
the manually mapped areas using PS imagery. We assessed
such across-platform robustness of our methodology (DBL)
for similar breakpoint methods considering a single NDWI
histogram based either on constant buffered lakes (CBI)
or varying buffered lakes for the whole image (DBI). The
results are shown in Fig. 6 and are summarized in Table 4.

Across-platform comparison using DBL methodology
suggests that as the resolution becomes coarser, the lake
areas are underestimated relative to 22 manually delineated
lakes. Such an underestimation is negligible for the PS and
Landsat-8 and around 2.38% for the Sentinel-2 imagery.
However, the lake area estimates for the Sentinel-2 (10m)
are closer to that of PS whereas marked underestimation
for the Landsat-8 is due to its spatial resolution, which is
ten times coarser than that of PS imagery. Overall, DBL
yields relatively robust results for PS and Sentinel-2 owing
to their high resolution relative to the Landsat-8 imagery.
This indicates that resolution has a significant impact as far
as precise lake area mapping is concerned. This also sug-

Table3 RMSE, NRMSE, R?,

. Parameter Lake Areas for Given Water Fractions
and PBias (%) of water frac-
tionated area of lakes for C= >0% 210% 225% 250% =75% 100%
0.95 RMSE 0.0010 0.0010 0.0011 0.0012 0.0016 0.0022
NRMSE 0.0619 0.0624 0.0644 0.0712 0.0922 0.1267
R? 0.9988 0.9988 0.9987 0.9987 0.9985 0.9976
PBias (%) -0.71 -0.78 -1.16 -2.53 -4.95 -8.96
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Fig.5 Spatial maps of semi-automatically and manually delineated lake shorelines from PS imagery considering pixels of different water fractions
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Fig.6 Relationship between
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gests that the DBL method using high-resolution CubeSat
imagery of PS allows the mapping of lake areas with high
accuracy.

The DBI-based across-platform comparison exhibits an
opposite response, suggesting an overestimation for the PS.
The lake areas are close to the reference lake areas for the
Sentinel-2 with a negligible negative mean bias, followed
by an overestimation of 19% for the PS. The CBI methodol-
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ogy likewise maps lake areas closer to reference lake areas
for the Sentinel-2, followed by the Landsat-8 with around
—7% underestimation. Surprisingly, CBI method substan-
tially overestimates lake areas (>24%) for the PS imagery.
It also yields the highest NRMSE for the PS relative to
DBI and DBL. This confirms that the constant buffer for
the glacial lakes is not an optimum choice for precise map-
ping of lake areas using high-resolution imagery.
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Table 4 List of statistical parameters across methodology

Scenario Description Platform R? RMSE NRMSE (%) PBias (%)
CBI Constant Buffer Image PlanetScope 0.94 0.039 36.9 24.72
CBI Constant Buffer Image Sentinel-2 0.99 0.005 5.1 -1.24
CBI Constant Buffer Image Landsat-8 0.99 0.014 13.8 -7.14
DBI Dynamic Buffer Image PlanetScope 0.95 0.033 31.4 19.07
DBI Dynamic Buffer Image Sentinel-2 0.99 0.005 5.0 -1.21
DBI Dynamic Buffer Image Landsat-8 0.99 0.015 14.7 -8.53
DBL Dynamic Individual Lake PlanetScope 0.99 0.004 4.19 -1.83
DBL Dynamic Individual Lake Sentinel-2 0.99 0.005 5.1 -2.38
DBL Dynamic Individual Lake Landsat-8 0.95 0.026 24.6 -1.54
Fig. 7 Relationship of relative 14 PlanetScope Landsat-8
area error vs. area of manually o1 8 )
d glacial lakes < 12 ¥ = 06473 — y=161.54x94%  ®  <0.01km

mapped g < ] R2=0.9191 x 6 R? = 0.8293 0.01-0.05 km?

T 10 - 0.05-0.1 km?

< g o >0.1 km?

] s, o g

g oy :
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Overall, a comparison between methodologies across
platforms suggests that the dynamic buffer around glacial
lakes is necessary either areas are calculated from a sin-
gle image-based or individual lake-based NDWTI histogram.
This means the CBI method should be avoided for map-
ping glacier lakes from high-resolution imagery. Besides
the high resolution of PS imagery, its NRMSE is higher
for both CBI and DBI. This shows that especially for PS
imagery, CBI and DBI are the least preferred methods, and
the precise lake areas can only be obtained by the DBL ap-
proach. The lowest RMSE and the highest R? for the DBL
method for all platforms except Landsat-8 further suggest
the same. Although DBI can yield better results for coarse-
resolution imagery, the DBL method clearly outperforms
DBI for high-resolution PS imagery.

3.4 Manual Mapping Uncertainty

We noted that as lake size increases, the relative error of
individual glacial lakes decreases, as indicated by the un-
certainty estimated from Eq. 8. Smaller lakes typically have
higher relative errors. The estimated error for a large lake
is less than for a small lake since the relative error was cal-
culated as a function of lake perimeter and satellite image
spatial resolution. The relative area errors of the manually
mapped lakes varied from 1.56 to 12.48% and 0.19 to 5.95%
via PlanetScope and Landsat-8, respectively (Fig. 7).
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3.5 Lake Area Mapping

Lake inventories for the years 2018 and 2019 were mapped
semi-automatically within Astore Basin using PS imagery
based on the DBL method. We compared both inventories,
and their changes are quantified. We also compared the
2018 lake inventory with the PMD inventory of 2013. We
note that lakes are more densely distributed on the Southern
and Eastern flanks and sparsely distributed on the Northern
and Western flanks of the basin (Fig. 8).

A comparison between 2013 and 2018 inventories re-
vealed a heterogeneous pattern of glacial lake evolution,
such as incidences of disappearance, formation, shrink-
age, and expansion (Fig. 8). Nine lakes drained were not
present anymore until 2018, corresponding to a lake area
loss of 0.064km? On the other hand, around 135 glacial
lakes emerged in 2018 relative to 2013, accounting for an
area of 0.50km? These newly mapped 135 glacial lakes
from PlanetScope were either not present or not detected in
2013 due to the coarse resolution of the Landsat imagery
and methodology difference. The reasons for the formation
and development of glacial lakes depend upon glacier geo-
morphological characteristics, calving processes, subaque-
ous melting mechanisms, and ice-face ablation phenomena
(Gardelle et al. 2011; Thompson et al. 2012). A comparison
of 2018 and 2019 lake inventories revealed that ten lakes
drained were not present anymore until 2019, correspond-
ing to a lake area loss of 0.041km?. In contrast, around ten
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glacial lakes emerged in 2019 relative to 2018, accounting
for an area of 0.016km? Between 2018 and 2019, the total
number of lakes almost remained the same.

The total number of lakes and the sum of their corre-
sponding areas were determined, as shown in Fig. 9a. In
2013, 196 lakes, corresponding to a total area of 5.847 km?,

2013

2018
Year

2019 2019

were identified in the Astore Basin. In 2018 and 2019,
322 and 321 lakes were mapped with a total area of 5.759
and 5.980km? respectively. Between 2013 and 2018,
40 lakes experienced an expansion, whereas 147 lakes
have seen a shrinkage in their areas. Between 2018 and
2019, 213 lakes expanded, whereas 98 lakes shrank. A sub-
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stantial area increase has been observed for four lakes
(0.012-0.042km?) between 2013 and 2018 and for three
lakes (0.014-0.025km? between 2018 and 2019. These
extensively expanded lakes could further be assessed for
additional criteria to designate them as potentially dan-
gerous for GLOF. Besides the loss of nine lakes in 2018
relative to 2013 and ten lakes in 2019 relative to 2018 and
several lakes shrinking since 2013, the total lake area within
the Astore basin has increased by 2019. The expansion of
glacial lakes is strongly associated with broader and more
extensive valleys and smoother topography, which provides
an appropriate setting for lake development (Song et al.
2016).

PlanetScope
IS Wang et al. (2020)
a

0 0.15 0.3 Km

I a

0 002 004K
e

0 0.02 0.04 Km

Owing to marked variation, the glacial lake areas were
classified based on their sizes into four categories, such
as >0.1, 0.05-0.1, 0.01-0.05, and <0.01km?, as shown
in Supplementary Fig. 4. In 2013, most lakes were of
the category 0.01-0.05 km?, which corresponds to 91 lakes
out of 196 total lakes (46.43%) with an area of 1.905km?
(32.58%). On the other hand, very few lakes belonged to
the largest category >0.1km? with only 11 lakes (5.61%)
covering the total area of 2.329km? (39.83%). In 2018
and 2019, most lakes were present in the category of
<0.01km?, with 206 (63.97%) and 203 (63.24%) lakes
corresponding to a total area of 0.716km? (12.43%) and
0.721km? (12.06%), respectively. For both 2018 and 2019,
only 10 lakes were present in the category of >0.1km?

Fig. 10 Comparison of semi-automatically delineated lake shoreline using PS (green) with those delineated by Wang et al. (2020) using Landsat

images (yellow) for the year 2018

Table 5 Differences of 2018 PS

h . Lake Area (m?) Area (m?) Absolute Absolute
inventory with Wang et al. . .
(2020) No. Wang et al. (2020) PlanetScope Difference (m?) Difterence (%)
1 480,609 456,203 24,406 5.35
2 264,787 255,054 9733 3.82
3 247,688 236,496 11,192 4.73
4 5562 6275 713 11.36
5 6159 5781 378 6.54
6 6840 7435 595 8.00
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Fig. 11 a Area vs. volume relationship in 2013 using empirical methods based on regions outside the Himalayas, b Change in volume vs change
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within the Himalayas, f Change in volume vs Change in the area for 2019 relative to 2018 using empirical methods based on regions within the

Himalayas

(3.10% for 2018 and 3.11% for 2019), featuring a total
area of 2.109km? (36.62%) and 2.167km? (36.24%) in
2018 and 2019, respectively. Overall, we found most of the
lakes in the Astore Basin to be smaller than <0.05km?.

We compared the PS-based inventory of 2018 with the
regional inventory from Wang et al. (2020), prepared using
the Landsat images of 2018. In Fig. 10, the first row de-
picts the three best cases of large lakes where the regional
inventory successfully delineates, however, its performance
is poor for the smaller and shallower lakes as shown in three
cases in the second row. The lake sizes can be noted from
the map scale shown for each lake, and their corresponding
areas are shown in Table 5. This problem could be explained
by the lack of local precision in the regional lake invento-
ries, which ignore the local details and delicate problems
associated with the lakes. Wang et al. (2020) mapped 106
lakes in total with an area of 4.57km? within the Astore
basin. In comparison to PS inventory, Wang et al. (2020)
underestimate areas for 29 lakes, and overestimate areas for
77 lakes. Overall, Wang et al. (2020) overestimate the 2018
lakes by 5.61% for the Astore basin. These findings suggest
that the regional inventory estimates may represent large-
scale features or their qualitative changes; however, relying
on their estimates on a local scale is not adequate. This
further emphasizes developing the local scale inventories
using very high-resolution satellite imagery.

3.6 Lake Volume and Depth Estimation

The area and volume relationship of glacial lakes delineated
in 2013, 2018, and 2019 was determined using the empiri-
cal relationships, as shown in Fig. 11. It is evident from the
results that the volume estimated using the empirical rela-
tionships of Huggel et al. (2002), Evans (1986), and Cook
and Quincey (2015) are close to each other, as compared
to those proposed by O’Connor et al. (2001). The volumes
estimated via the area-volume relationships proposed by

Table 6 Summary of the total lake volumes in 2013, 2018, and 2019
estimated via empirical relationships

Empirical Rela- 2013 (Vol- 2018 (Vol- 2019 (Vol-
tionship ume km?) ume km?) ume km?)
O’Connor et al. 0.145 0.134 0.141
(2001)

Huggel et al. 0.073 0.069 0.072
(2002)

Evans (1986) 0.063 0.059 0.062
Cook and 0.070 0.067 0.069
Quincey (2015)

Wang et al. 0.014 0.013 0.014
(2012)

Fujita et al. 0.170 0.162 0.169
(2013)

Zhang et al. 0.093 0.088 0.092
(2023)

Yao et al. (2012) 0.350 0.349 0.362
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Wang et al. (2012), Fujita et al. (2013), Zhang et al. (2023),
and Yao et al. (2012) vary depending on the empirical re-
lationship used. These area-volume relationships generally
suggest that as the area increases, the lake volume also in-
creases (Fig. 11a, d).

The total volume of lakes in 2013, 2018, and 2019 es-
timated using empirical relationships are summarized in
Table 6. Although the number of lakes substantially in-
creased in 2018 and 2019 relative to 2013, the areas of
individual lakes were relatively smaller, leading to approx-
imately the same volume in 2013 and 2019. A comparison
of volume between inventories is shown in (Fig. 9b, c).
Although we could not validate these estimates against in-
situ measurements, we weighed the method of Huggel et al.
(2002) more than other methods because several studies in
the HKH region have used this relationship to estimate the
volume of glacial lakes (Singh et al. 2023; Rashid et al.
2020; Khan et al. 2021; Muneeb et al. 2021; Sarwar and
Mahmood 2024; Siddique and Rahman 2023).

Between 2013 and 2018, 40 lakes saw a positive vol-
ume change of 0.0025km? (20.57%), whereas 147 lakes
experienced a negative change of 0.0088km?® (14.59%).
Between 2018 and 2019, 213 lakes have gained volume
by 0.0044km? (9.11%), whereas 98 lakes have lost their
volume by 0.0010km? (5.09%). The distribution of lake
volumes was also analyzed based on the area size classes
(Supplementary Fig. 4). This analysis revealed that big-
ger lakes present in the category of >0.1 Km? have more
volume and the smaller lakes present in the category of
<0.01km? have less volume in all three years. Although
the bigger lakes are less in number, their volume is more
owing to their large areas.

Table7 Summary of the mean lake depths in 2013, 2018, and 2019
estimated via empirical relationships

2013 (Depth

Empirical Rela- 2018 (Depth 2019 (Depth

tionship m) m) m)
Huggel et al. 6.63 4.83 491
(2002)

Wang et al. (2012) 6.39 4.62 4.71
Fujita et al. (2013) 20.09 16.31 16.47
Cook and Quincey 6.88 5.15 5.23
(2015)
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Moreover, the depth of the lakes was also estimated by
using the empirical relationships summarized in Table 7.
In 2013, 2018, and 2019, the mean depth of the lakes was
6.6, 4.8, and 4.9 m, respectively, according to the empirical
relationship of Huggel et al. (2002), as shown in Fig. 9d.
These area-depth relationships mostly suggest that as the
lake area grows, the lake depth also increases (Fig. 12a).
The mean depths estimated via the empirical relationships
of Huggel et al. (2002), Wang et al. (2012), and Cook and
Quincey (2015) are closer to each other relative to the em-
pirical relationship of Fujita et al. (2013). According to area
sizes, the lakes present in the area categories of 0.05-0.1
and >0.1km? feature the maximum mean depth, whereas
lakes lying in the small area categories of 0.01-0.05 and
<0.01km? are the shallowest (Supplementary Fig. 4).
Since lakes with a depth >10m may cause substantial
outburst events (Furian et al. 2021), we determined 25,
24, and 25 lakes passed that threshold in 2013, 2018, and
2019, respectively, according to the empirical relationship
of Huggel et al. (2002). This emphasizes further investiga-
tion of these lakes for additional criteria to designate them
as potentially dangerous.

3.7 Limitations of the Study and the Implications of
the Findings

As part of Planet Labs’ research and education program,
we obtained a 4-band top-of-atmosphere reflectance prod-
uct with a 3.125m resolution free of cost. A semi-auto-
mated delineation approach was used to prepare an inven-
tory of the glacial lakes. Although this automatic classifica-
tion method can speed up the detection of glacial lakes, it
cannot be applied to the entire region owing to uncertainties
created by atmospheric and physical processes. For exam-
ple, if lakes are fully or partially frozen or covered with
snow, or obstructed by cloud cover, they cannot be detected
using this automatic classification method. Further, moun-
tain shadows present in the satellite imagery can be mapped
as lakes due to their closer spectral similarity (Fig. 13). In
such cases, manual post-processing is required.

Shadow removal is a major concern when mapping the
glacial lakes within the mountainous region using opti-
cal imagery because their spectral signatures are similar
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Fig. 13 a, d lakes with shadows, b, e lakes with highly saturated soil, ¢, f frozen lakes

to glacial lakes with low turbidity (Gardelle et al. 2011).
Therefore, shadowed areas can be misclassified as potential
lake polygons and require attention (Li and Sheng 2012;
Salvador et al. 2001; Su et al. 2016). One strategy to de-
lineate such lakes is to increase the hillshade threshold,
which then requires high-resolution DEM not available for
our study. This strategy works to some extent because the
dynamic buffer can again include shadow pixels; hence,
a bimodal histogram cannot be obtained.

Snow removal was also problematic to some extent be-
cause of the band limitation in first and second-generation
PS imagery from the Dove Classic and Dover-R flocks.
Water surfaces can easily be distinguished from non-water
surfaces using Green and NIR bands. For ice and snow dis-
crimination from liquid water, a combination of NIR and
mid-infrared (MIR) bands is required, which is not possible
due to the absence of MIR in PS. Furthermore, the short-
wave infrared (SWIR) band is crucial for improved water
classification compared to the NIR band (Du et al. 2014;
Ji et al. 2009; Li et al. 2013). However, PS observes a nar-
row range of electromagnetic spectra, ranging from 455 to
860nm. Hence, MIR and SWIR are not available, limiting
the ability to differentiate between clouds, open water, ice,
and snow (Hall et al. 2002). Furthermore, frozen lakes cov-
ered by snow cannot be classified using a semi-automated
method because of the different responses to frozen and
liquid water. Lakes in contact with glaciers were also dif-
ficult to delineate due to their similar responses; thus, the
shape of the potential lake polygon was disturbed. These
problems at present lead to some manual postprocessing.

The performance of water indices regarding glacial lake
mapping is reliable under consistent spectral conditions, but
at the same time, care must be taken while implementing
such techniques because water spectrally resembles moun-
tain and cloud shadows (Su et al. 2016). Hence, glacial lake
mapping accuracy is compromised to some extent while us-
ing optical remote sensing datasets, owing to the presence
of frequent clouds and steep mountainous slopes in glacier-
ized regions. These issues can be tackled by using Synthetic
Aperture Radar (SAR) datasets such as Sentinel-1 (Zhang
et al. 2019) and Radarsat-2 (Strozzi et al. 2012).

In conclusion, the automated lake delineation approach
can be challenging for the mapping of turbid lakes, lakes
partially covered by snow and ice, and lakes present in
shadow zones. The development of advanced mapping tech-
niques using machine or deep learning may solve these
problems (Wangchuk and Bolch 2020).

The estimation of lake volume and depth is indispensable
for disaster risk assessment and management. Therefore,
the study employed empirical relationships to estimate the
volume and depth of the lakes. Since we are unable to
conduct detailed bathymetric surveys due to the region’s
inaccessible terrain and severe weather conditions, we have
to rely on empirical relationships. We caution the reader
to take these estimates carefully, and we need to emphasize
the bathymetric surveys, which are beyond the scope of this
study.

There are some limitations to relying upon the empir-
ical relationships for lake depth and volume estimation.
For example, region-specific datasets are used to derive the
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empirical relationships. These relationships might produce
erroneous findings if applied to lakes in different geograph-
ical locations. The accuracy of these relationships relies
upon the quality of the initial data that was utilized to con-
struct them. The biases in the training datasets may appear
in the derived relationships. These relationships overlook
vital aspects by oversimplifying the complex physical pro-
cesses that affect lake morphometry. Therefore, we suggest
field-based bathymetric surveys for better accuracy in future
studies.

In light of the unprecedented climate change, it is im-
perative to continuously monitor the glacial lakes and their
vulnerability to outburst floods. To ensure the well-being
and protection of the communities living in the downstream
vulnerable areas, long-term planning and adaptation strate-
gies are vital. The concerned authorities and policymakers
can more efficiently and effectively formulate management
plans to reduce the impacts of outburst floods on suscep-
tible communities by comprehending the dynamics of the
PDGLs.

4 Conclusions

In this study, we propose an enhanced breakpoint method
(EBM) that determines the thresholds for pure water pix-
els and surrounding land pixels for each lake based on an
individual NDWI bimodal histogram prepared by applying
a varying or a dynamical buffer around the lake polygon.
The EBM can resolve the issue of local precision owing to
the treatment of each lake as a unique object.

Our results suggest that a semi-automated EBM outper-
forms similar methods and precisely maps glacial lakes of
all sizes and complexities with little manual editing us-
ing high-resolution imagery from PlanetScope as well as
coarser resolution imagery from Sentinel-2 and Landsat-8
platforms. We found that the lake areas estimated via PS
and Sentinel-2 are close to each other due to their high
resolution, while the lake areas estimated using Landsat-8
imagery were underestimated owing to its coarse resolution.

Glacial lake inventories (2018 and 2019) mapped in this
study provide valuable information about the current state
of the lakes in terms of area, volume, and depth. These
glacial lake inventories revealed that the Astore Basin is
home to a considerable number of lakes of variable sizes.
Intercomparison of 2018 and 2019 inventories and the exist-
ing 2013 inventory revealed heterogeneous lake formations,
disappearances, expansions, and shrinkage patterns. Some
new lakes were formed, and the previously present lakes
disappeared. Overall, the number and area of lakes signifi-
cantly increased, and changes observed for 2018-2019 are
higher than that of the 2013-2018 period.

@ Springer

The EBM using daily PlanetScope imagery at ~3m al-
lows precise monitoring of lake evolutions with low latency
time to reduce and mitigate outburst flooding risks in com-
plex terrain. In the future, there is a potential to develop
a web tool for monitoring dynamic lakes along with GLOF
early warning systems. Frequent mapping and continuous
monitoring will aid in GLOF risk reduction. Moreover, an
automated methodology will reduce the labor-intensive and
time-consuming process of glacial lake mapping. The ap-
proach discussed in this study would provide grounds for
planning and managing GLOF-related hazards.
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