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Abstract

Debris cover on glacier surfaces hampers the accurate detection of debris-covered ice using

traditional techniques based on image band ratios. Therefore, this study tests a new automatic

classification scheme for hierarchical mapping of glacier surfaces based on machine learning
classifiers including k-nearest neighbors (KNN), support vector machine (SVM), gradient
boosting (GB), decision tree (DT), random forest (RF) and multi-layer perceptron (MLP).

Several raster layer combinations (synthetic aperture radar (SAR) coherence image derived from

Sentinel-1 data, visible near-infrared to short wave infrared bands from Sentinel-2, thermal

information from Landsat 8 and geomorphometric parameters from the Advanced Land

Observing Satellite (ALOS) World 3D 30 m mesh (AW3D30) digital elevation model) were

tested to delineate the debris-covered glaciers in the Gilgit-Baltistan, Pakistan and Shaksgam

valley, China. The highest over classification accuracy (97%) was obtained using the RF

classifier (followed by the GB and SVM with radial basis function kernel) and utilizing all of the



multisensor Sentinel/Landsat/ALOS data. Notably, the RF classifier showed to be robust to
parameter settings, fast and accurate for mapping debris-covered ice. GB classifier showed
similar performance as RF despite it has a moderately lower accuracy compared to RF. Although
SVM classifier has a slower in the speed of tuning hyper-parameter, it still performs the third-
best classification accuracy. As the multisensory data we used is freely and (near-)globally
available, our methodology potentially could be applied for precise delineation of debris-covered

glaciers in other areas.

Keywords: Debris-covered glacier, machine learning classifiers, Sentinell&2, Landsat8,

AW3D30, geomorphometric parameters

1. Introduction

Runoff from glaciers is an important freshwater resource for humans, wildlife, and vegetation in dry
climate domain regions, and also allows for hydropower generation (Pritchard, 2019). In the context of
rising global temperatures, monitoring of glaciers over time is particularly important to help understand
the effects of global warming (Haeberli et al., 2007). Repeated measurements over a long time period are
needed for long-term analysis of changes in glacier extent (Bolch et al., 2012; Alifu et al., 2018), glacier
velocity (Altena et al., 2019), glacier debris thickness (Schauwecker et al., 2015), and glacier mass
balance ( Marzeion et al., 2015; Brun et al., 2017) at local to global scales. Moreover, monitoring of intra-
annual (seasonal) glacier dynamics is also necessary for hydrological modeling and the estimation of

seasonal water availability (Pritchard, 2019).

Accurate measurements of glacier areas are only feasible to obtain by remote sensing, as upper glacier
boundaries are often inaccessible. The first Satellite-based glacier inventory - the Randolph Glacier
Inventory (RGI) - contains a collecting of glacier outlines globally (excluding the Greenland and Antarctic

ice sheets) created from satellite images around 1999 using both manually and semi-automatically derived



outlines (such as from band ratio or normalized indices) (Pfeffer et al., 2014). Although (semi-)automated
mapping of debris-free glacier can be done at quite high levels of accuracy based on the unigue spectral
features of glaciers compared to the other rocky mountain landscape, it was quickly realized that
identification of glaciers covered by rocks and other debris was a major challenge (Bishop et al., 2001,
Paul et al., 2004; Ranzi et al., 2004; Bolch et al., 2007; Racoviteanu et al., 2009; Shukla et al., 2010a;

Bhambri et al., 2011).

Debris-covered glaciers are common features in most of the high mountainous areas of the world
(Kirkbride, 2011), and are widely found in the mountains of Himalaya (Bhambri et al., 2011), Karakoram
(Copland et al., 2011), Alaska (Le Bris et al., 2011), New Zealand (Rohl, 2008), Caucasus (Stokes et al.,
2007), and parts of the Andes (Racoviteanu et al., 2008). The spatial distribution of debris cover, and the
varying thickness of the debris cover on the glacier surface, can change glacier ablation and thereby
glacier responses to climate change differently. Therefore, it is essential to monitor these debris-covered
glaciers over time to better understand how they are changing. Past studies based on field observations
indicated that a thin debris layer enhances the underneath ice melting, whereas a heavy debris layer slows
down the ablation (Ostrem, 1959; Nakawo and Young, 1982; Nicholson and Benn, 2006). Thus,
monitoring of the debris-cover glacier area and its change are essential to generate accurate
model/accurate estimates of discharge, fresh-water availability, and sea-level rise. Also, it is important to
realize how the debris-covered glacier's ablation can be associated with the glacial lake formation, as

glacial lake outburst floods can pose extreme risks to downstream populations (Benn et al., 2012).

Automated classification of debris-covered glaciers still remains a challenging task because it is hard to
detect the glacier boundary under the debris cover (debris cover has similar spectral characteristic to the
adjacent rocky mountainous surface). Various methods for mapping of debris-covered glaciers have been
developed and tested, but most are based on semi-automatic classification methodologies, and require
manual editing of the initial classification results to produce an accurate map ( Paul et al., 2004; Shukla et

al., 2010a; Bhambri et al., 2011; Racoviteanu and Williams, 2012; Rastner et al., 2013; Alifu et al., 2015;



Alifu et al., 2018). Nonetheless, several studies have performed fully automatic delineation of debris-
covered glacier using Synthetic Aperture Radar (SAR) data (Huang et al., 2014; Lippl et al., 2018) or a
combination of SAR, optical and topographic data (Robson et al., 2015; Zhang et al., 2019). The studies
by Brenning (2009), Huang et al. (2014) and Lippl et al. (2018) all involved the mapping on a single
glacier, and achieved classification accuracies of around 95%. Robson et al. (2015) obtained a
classification accuracy of nearly 85% for debris-covered ice over a relatively larger (~800 km?)
glacierized area. Recently, Zhang et al. (2019) used a random forest classifier to classify debris-covered
glaciers based on topographic and textural features using Landsat 8 imagery and digital elevation model
(DEM) data. However, these automatic classification methods were mostly optimized for mapping
glaciers in a small study area, or achieved lower classification accuracies in the case of large glacierized
areas and classifier algorithms without optimization of hyper-parameters (Huang et al., 2014; Robson et
al., 2015; Lippl et al., 2018). Nevertheless, it is important to note from previous studies that
geomorphometric parameters such as slope, plan curvature and profile curvature (Paul et al., 2004; Bolch
and Kamp, 2005), SAR features such as coherence pattern (Huang et al., 2014), and optical/thermal
features (Shukla et al., 2010b) were all found to provide useful information for accurate mapping of
debris-covered glaciers. However, they are not fully utilized in previous studies on debris glacier

classification.

The main objectives of this research are to: (i) present an automated machine learning classification
scheme for the hierarchical mapping of debris-covered glaciers over a large area based on the integration
of SAR coherence data, optical data, thermal data and topographic data, and (ii) assess the effectiveness of
several machine learning classifiers (including k-nearest neighbors, support vector machine, gradient
boosting, decision tree, random forest, and multi-layer perceptron) for glacier mapping using the multi-

sensor remote sensing data.

2. Study area and datasets

2.1 Study area



The proposed method was examined in the North-western Karakoram region of Gilgit-Baltistan,
Pakistan (Testl, Fig. 1a) and Shaksgam Valley (Test2, Fig. 1b) which is located on the northern side of
the Karakoram mountain range in western China. Nearly 2000 km2 of the area in Testl is covered by
glaciers. Debris-covered glaciers, with varying degrees of debris thickness, are common in the Testl
region (Gardner and Hewitt, 1990; Senese et al., 2018). The elevations of the debris-covered glaciers in
Testl area range from 2300 m to7700 m, and most of glaciers have a width of 0.2 — 2.4 km and extend
from 0.5 — 60 km in length. Moreover, the objective glacier extents vary from 0.5 to 300 km2. Debris
cover can be found in any orientation of glacier surface, size (small to large) and slope (12-40 degrees).
On the other hand, Test2 has a glacierized area of 1200 km?® Elevation ranges of the glacier in Test2 are
from 3200 m to 8611 m (second highest peak in the world, K2). Varying degrees of debris cover on the
glacier surface is also common features in the Test2 area, and most of them are covered by thick rocky
debris layer (Shi et al., 2008). Monitoring glaciers is particularly important in the study areas due to the
millions of people downstream who are reliant on glacier meltwater for sanitation, irrigation, and
hydropower generation. Previous studies reported that the glaciers have been stable or expanding in both
test sites compared to the global retreat of mountain glaciers (Copland et al., 2011; Rankl et al., 2014;
Bhambri et al., 2017; Steiner et al., 2018). Therefore, an automatic method is needed to rapid regularly
update glacier inventories, while both test areas in our study were suitable for a comprehensive

examination of the proposed method.
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Fig. 1. The overall location of Testl area (a) and Test2 area (b). (debris-covered ice outline (in red white-
colored) is derived from the manual delineation of higher resolution Google Earth (GE)) images, glacier
outline (in blue) is from Randolph Glacier Inventory (RGI).



2.2 Datasets

Optical imagery (radiometrically and geometrically corrected Sentinel-2A MSI Level-1C data),
coherence images derived from two pairs of VV polarization SAR images (Sentinel-1A single- look
complex format (SLC) Interferometric Wide Swath data), thermal imagery (Landsat 8 data, which
contains the highest quality Level-1 Precision Terrain), and a digital elevation models (DEMs) (Advanced
Land Observing Satellite (ALOS) World 3D 30 m mesh (AW3D30)) (Takaku et al., 2014; Liu et al.,
2019) were used to map the debris-covered glaciers in this study (Table 1). Our rationale for using these
datasets was:

e Optical images can help detect spectral differences between (debris-covered) glaciers and their
surroundings,

e  Thermal images can help detect radiometric temperature differences,

e SAR coherence images can help detect glacier motion,

o  DEM-derived topographic characteristics such as mean slope can determine the general glacier
boundary due to glacier almost formed on the gradual slope, while plan curvature and profile
curvature can highlight convex and concave terrain allow for better detection of the glacier margin.
AW3D30 was used as the DEM in this study because it reportedly has the higher accuracy over High
Mountain Asia compared to other free available DEMs (Liu et al., 2019).

Recently, it was recognized that some glaciers rapidly advance (Rashid et al., 2020) within a short time
in both test areas (Rankl et al., 2014; Bhambri et al., 2017; Steiner et al., 2018). Thus, the uncertainty of
detected glacier termini as well as the map validation accuracy may be affected if glacier advances
occurred between the acquisition dates of the different multisensor remote sensing data. Therefore, careful
checking was done based on previous studies and visual comparison of the panchromatic band (15 m
spatial resolution) of Landsat images and Sentinel-2 images. As a result, we found that almost no change

or very small change occurred in the study area during 2016-2017 (Fig. 2).
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Table 1
Data used for glacier mapping.
Data Acquisition time Bands Wavelength | Resolution
(YearMonthDay) (um) (m)
Sentinel-1 Testl
20161124&20161224 | C band IW mode 5.6 cm 23x14.1
(SLC) Test2
20170928&20171127
VNIR (B2, B3, B4 & B8) 0.55-0.90 10
Sentinel-2 Test1 20160720 NIR (B5, B6, B7 & B8a) 0.70- 0.88 20
Test2 20170920 SWIR (B11 & B12) 157-2.28 20
VNIR (B1 & B9) — SWIR (B10) 0.43-1.40 60
VNIR (B1, B2, B3 & B4)) 0.44-0.88 30
Landsat 8 Test1 20160720 SWIR (B6 & B7) 1.57-2.30 30
Test2 20171029 PAN (B8) 0.50-0.68 15
TIR (B10 & B11) 10.60 - 12.51 100
AW3D30 Both area 2006-2011 | derived from optical images from ALOS 30




Two kinds of validation datasets were used for evaluating the results derived from this study. One is
point vector data that were generated from the Randolph Glacier Inventory (RGI 6.0) (RGI Consortium,
2017) and S2 data (See methodology section). Other kinds of reference data are polygon vector data from
RGI 6.0 (glacier outlines from RGI are taken from (M0lg et al., 2018)), previous study (Bhambri et al.,
2017) and updated Glacier Area Mapping for Discharge from the Asian Mountains (GAMDAM) (Sakai,
2019) (Table 2). Additionally, debris-covered ice outlines were created using free available high-
resolution Google Earth™ (GE) images by manual delineation (Table 2). Multi-temporal high resolution
satellite images from different sources and a DEM provided by Google Earth™ (GE) allow the 3D view
of glacier landscape which increased the differentiate the bumpy glacier surface and helpful for the
generating accurate reference data by manual digitization of glacier outlines. To simplify the notation,
RGI, Bhambri2017, GAMDAM and GE are referring to reference glacier outlies for the duration of the
paper. Evaluating the accuracy of satellite-derived glacier outlines is usually difficult due to a lack of
ground truth data. It is widely accepted that glacier areas mapped from medium resolution data (such as
data used in this study) can be validated by glacier areas estimated from higher-resolution images due to
the latter providing clear visibility of details of the surface. Thus, glacier area estimated from a higher-
resolution images cloud be considered as ‘ground-truth’. But, manual delineation of debris-covered
glaciers can have relatively high uncertainty, even based on higher resolution images (Paul et al., 2013). In
this regard, following the suggestion by Paul et al., 2013, glacier outlines from different sources of data
like RGI, Bhambri2017, GAMDAM, and GE were used for performing a multiple digitization experiment

based on the same a set of glaciers and then comparing their differences.



Table 2

Detailed information about reference datasets used in this study.

DC area No. | GAMDAM RGI (Rm) Bhambri et al., 2017 (Rm) GE (IS&Rm)
(CF) (Rm) DC area DC area DC area
DC area
1 (Fig. 11a) 19970810 (30) | 19990916 (30) 20131009 (30) 20160619 (WorldView-2&1.8)
g 60.53 km?2 60.80 km?2 61.29 km? 60.53 km?
2 (Fig. 11e) 19970810 (30) | 19990916 (30) 20131009 (30) 20160619 (WorldView-2&1.8)
9. 3.37 km? 3.72 km? 3.71 km? 3.49 km?
3 (Fig. 11g) 20010711 (30) | 19990916 (30) 20150819 (30) 20171009 (SPOT7&1.5)
9.1 7.49 km? 7.13 km? 7.04 km? 7.21 km?
4 (Fig. 11K) 19970810 (30) | 19990916 (30) 20131009 (30) 20160619 (WorldView-2&1.8)
g 4.35 km? 5.11 km2 4,05 km? 4,75 km?
5 (Fig. 11f) 19970810 (30) | 19990916 (30) 20131009 (30) 20171009 (Pléiades-1&2 )
g 4.79 km? 4,78 km? 4.82 km? 5.01 km?
6 (Fig. 110) 19970810 (30) | 20010829 (30) 20131009 (30) 20160619 (WorldView-2&1.8)
g 0.67 km? 0.91 km? 0.91 km? 0.72 km?
7 (Fig. 11b) 19970810 (30) | 20010829 (30) 20131009 (30) 20160619 (WorldView-2&1.8)
g 2.15 km2 2.00 km2 1.93 km? 2.01 km2
. 20010711 (30) | 19990916 (30 . 20160619 (WorldView-2&1.8
8 (Fig. 11h) 162 km(2 ) 158 km(2 ) Not available (1.65 K2 )
. 19970810 (30) | 20010829 (30 . 20161109 (WorldView-3&1.2
9 (Fig. 11d) 0.83 km(z ) 0.73 km(2 ) Not available (0.93 ki )
. . 20010711 (30) | 19990916 (30 . 20160619 (WorldView-2&1.8
10 (Fig. 11j) 0.3 km(z ) 0.30 km(2 ) Not available (0.31 ki )
11 (Fig. 11i) 19970810 (30) | 19990916 (30) 20130714 20170618 (Pléiades-1&2)
g 9.27 km2 9.22 km? 9.36 km? 9.40 km?

Note: CF: corresponding figures; DC: debris-covered; (RM): resolution of data used, unit in meter; IS:

image source

3. Machine learning classifiers

Machine learning classifiers (MLCs) can produce effective and efficient classification results from

remotely sensed images (Maxwell et al., 2018). MLCs can process high dimensional data and are able to

classified the target feature with very complicated signatures (Belgiu and Dragut, 2016; Maxwell et al.,

2018). Several machine learning reviews have been produced and concluded the machine learning




methods can give a higher classification accuracy in comparison with conventional parametric classifiers
(Mountrakis et al., 2011; Li et al., 2014b; Maxwell et al., 2018). MLCs belong to the category of
supervised learning, where the classification algorithms learn from a pre-defined set of “training examples”
input given to it and then use this learning to classify new observations. The following MLCs have been

tested in this study:

- K-nearest neighbors (KNN), a popular technique which uses kernel functions to weight the
neighbors according to their distances. KNN classifies the data points based on the points that are
most similar to it (Altman, 1992; Maselli et al., 2005). It considered as non-parametric because
KNN makes no statistical assumption about the data. The model is made up entirely from the
given data. However, it is an example of “lazy learning” because little training is involved when
this method is used (Altman, 1992; Maselli et al., 2005). Moreover, two hyper-parameters have to
be set: the number of nearest neighbors (k) and weight options are needed to set before training
KNN.

- Support vector machine (SVM), an algorithm that mostly concentrates on the training data (called
support vectors) that are nearest to the optimal boundary between the two classes (Pal, 2008;
Mather and Tso, 2016; Maxwell et al., 2018). The SVM aims to detect the best possible
hyperplane that can the greatest possible separability between the two classes. (Maxwell et al.,
2018). Therefore, an SVM classifier inherently is good at binary classification. SVM requires the
selecting of several parameters including the type of kernel (linear, polynomial and the Radial
Basis Function (rbf)), values of the regularization parameter (C), and kernel specific parameters
(e.g. the gamma value for the rbf kernel) (Mountrakis et al., 2011). The selecting of an appropriate
kernel function directly influences SVM based classification results (Mather and Tso, 2016).
Previous studies suggested that rbf and linear spline kernels performed well for land cover

classification using multispectral datasets (Pal, 2002; Watanachaturaporn et al., 2008).



Decision tree (DT), it makes a multistage decision with a tree-like model (Safavian and Landgrebe,
1991). It splits the observations into smaller subdivisions (leaves) based on the most significant
predictor (rules are learned sequentially) from input training samples (Safavian and Landgrebe,
1991; Friedl and Brodley, 1997). Then, it will select the one that produces the highest accuracy,
and repeat until it successfully splits the data in all leaves (or reaches the maximum depth)
(Safavian and Landgrebe, 1991; Friedl and Brodley, 1997). The advantages of DT are its ease of
interpretation, ability to perform well with limited training data, capacity to process both
numerical and categorical data, and high speed (due to the absence of complex mathematical
requirements) (Pal and Mather, 2003). It should be noted that the hyper-parameters (criterion, min
samples split and max depth) values affect the predictive performance of the induced DT.
Gradient boosting (GB), an ensemble algorithm that integrates the results of several subsampled
base classifiers to improve the predictive performance compared to the individual base classifier
(Opitz and Maclin, 1999; Lawrence et al., 2004). The principle idea behind GB is learning from
the many weak learning base classifiers (residual error) to create a final strong predictive model.
This technique minimizes error in data classification through iterative runs and decision trees. At
each time, it adjusts new trees to improve the previous tree and continue self-adjustment to reduce
mean-squared error (Zhang et al., 2015). Moreover, three parameters (learning rate, number of
trees and subsample) values need to be defined in GB training.

Random forest (RF) is another ensemble algorithm, which builds a large number of DTs, and
merges the results of these DTs together to get a more accurate and stable prediction compared to
a single DT (Breiman, 2001). For each DT, a random subset of the training sample and a random
subset of the classification features are used (Breiman, 2001). Each tree casts a unit vote and the
class that receives the greatest number of votes is selected as the final predicted class (Breiman,
2001). This process improves the predictive accuracy of the model and controls over-fitting by

integrating a many subsampled trees to reducing the variance. To train an RF model, hyper-



parameters like ‘max_features’ which is the maximum number of randomly selected features used
for best split and ‘n_estimators” which is the number of trees in the RF model are need to be set.

- Multi-layer perceptron (MLP) is a feedforward artificial neural network (ANN) model that has
been found suitable for remote sensing classification problems (Foody, 2004; Yuan et al., 2009).
MLP is composed of several layers. The first layer is named as the input layer. In this layer, input
values are distributed to all units in the next layer (Rumelhart et al., 1985). The last layer is called
the output layer which outputs the classification results (Rumelhart et al., 1985). Layer between
the above-mentioned layers is known as the hidden layer (Rumelhart et al., 1985). MLP builds
many simple units and, name as neurons or perceptrons. Each of the neurons can make simple
decisions based on the learning of training samples. Then, neuron feeds those decisions to other
neurons (based on activation function) by organized interconnected layers to generate final
predictions. For training the MLP, parameters like the number of hidden layers, activation

function, learning rate, alpha, and the number of iterations need to be defined.

4. Methodology

This section introduces the proposed automatic classification schemes for the hierarchical mapping of
glaciers using the machine learning classifiers. The automatic classification scheme consists of several
steps: pre-processing, generating an initial debris-free ice map, generating the training data set,

implementation of MLCs and accuracy assessment (Fig. 3).
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4.1 Pre-processing
1) Resampling: Sentinel-2 images were resampled to 30 m resolution which is the same resolution

2)

3)

with Landsat 8 images and the DEM using a bilinear interpolation method.

Co-registration: Sentinel-2 images are co-registered with Landsat 8 images using ground control
points (GCPs) collected from the same location in both images that are clear visible and
considerably stable points. The co-registration error was controlled at less than 0.4 pixels.

SAR Coherence processing: a pair of Sentinel-1 images were processed to generate the SAR
Coherence data. VV polarized SLC S1 images were combined with interferometric processing
(TOPSAR co-registration interferogram IW all Swaths using SRTM, Multilooking, Speckle filer,

Range Doppler terrain correction) using the freely available sentinel toolbox software (Veci et al.,

2014). This step can be done automatically by using the Sentinel Toolbox Graph Builder.



4) Extraction of the geomorphometric parameters (GMPs): GMPs were extracted from AW3D30
DEM.

5) Subsetting the data: all images (S2, Coherence, TIR, and GMPs) were subset to the study area
boundary.

6) Generation of raster layers: Finally, several raster layers that contain the different raster
combinations (Table 3) were generated to test the band sensitivity and accuracy performance.
Green (b3), Red (b4), NIR (b8&hb8a) and SWIR (b11&b12) bands of S2 were selected due to they

can enhance differentiability of debris-covered ice from surrounding rocky materials (Table 3).

Table 3
Selection of raster bands for different raster layers.
Raster Optical-SAR- Optical- Optical- Optical-
TIR-GMP SAR-GMP | SAR-TIR | TIR-GMP
Coherence image S1A
Thermal L8
Sb11/Sh12
Plan curvature DEM
Profile curvature DEM
Slope DEM
S2 b1l
S2 b8
S2 b4
S2 b3
S2 b8a

4.2 Debris-free ice map

Automated mapping techniques of the debris-free ice were developed based on the fact that snow and

ice have high reflectivity in the visible to VNIR wavelengths. On the other hand, snow and ice have a very



low reflectivity in the SWIR wavelength region. The band ratio method is based on this property and is
known to be as accurate and robust ( Racoviteanu et al., 2009; Paul et al., 2013). Therefore, in this study,
the map of debris-free ice was generated using the conventional band ratio method

(S2b4(Red)/S2b11(SWIR) >1.8) (Paul et al., 2016).

4.3 Generating the training data sets

The generation of accurate training data is crucial to the accuracy of classification results. However,
accurate training data are extensively based on human knowledge. Manual selection of samples is time-
consuming. Therefore, a new idea was presented here for automatically generating the training data
accurately and this was achieved by creating zones that exclude the uncertain glacier margins. First, we
found that existing glacier outlines from RGI (Fig. 4 and 5a) were generated using Landsat images around
1999/2000. Therefore, visually checking was done based on S2 false-color composite images whether
large area difference existed in the glacier tongue. Then, for generating training data, two relatively stable
boundary layers: debris-covered ice area and non-glacier area, were created (Fig. 4a, Fig. 5e and d) by
applying buffers to existing RGI outlines (Fig. 4). In the case of debris-covered ice areas (Fig. 5d, yellow-
colored boundary), we applied an internal buffer (buffer distance = -200 m) to the RGI debris-covered
glacier ice boundary (RGI outlines clip the debris-free ice map). On the other hand, the non-glacier area
(Fig. 5e, cyan colored boundary) was derived from the intersecting of two different external buffer zones
(areas located between the 100m and 1000m buffers) of RGI outlines. Finally, randomly placed training
points (2,000 and 20,000 points for Testl area, 20,000 points for Test2 area) were generated in both
Testl/Test2 areas, and points were assigned to the “non-glacier” or “debris-covered ice” class based on
debris-covered layer and non-glacier layer (Fig. 4 and 5f). In addition, these threshold values may also
apply other regions but visual checking is needed to judge whether large area changes existed between the

RGI and investigated period.



RGI outline

O//
Buffer Buffer Debris-free ice map
RGI 1 km RGI +0.1 km SB4/SB11
(Fig5.b) (Fig5.c) (Fig5.d green)
' - ™
: Buffer debris-covered
I
Study area Clip ice RGI (0.2 km)
L (Fig5.d) )

Non-glacier Debris-covered ice
area (Fig5.e) area (Fig5.d yellow)

Create random training point ]

'

Training Validation
data data

Fig. 4. Methodology flowchart for automated training points generation.



e Debris- &
coveredice SN
* Non-glacier

Non-glacier %
— area

Fig. 5. Example of automated training points generation.

4.4 Implementation of MLCs for mapping of debris-covered ice

Prior to classification, to mask out a large number of high similarity pixels (spectral/thermal) from the
combination raster layers and reduce the processing time, a vector layer generated from a one km buffer of
the RGI (Fig. 5b) and debris-free ice maps were used. As an initial step, the performance of all machine
learning classifiers was compared based on the accuracy of the debris-covered ice maps derived from the

Testl area using the smaller set of training points (2,000). Then, to evaluate the transferability of the



method, the top three classifiers (from the previous step) were used for classifying debris-covered ice in

both Testl and Test2 areas using all 20,000 training points.

Next, MLC models in the open-source “scikit-learn” package were implemented in this study
(Pedregosa et al., 2011). All MLCs were conducted in a Python environment on an Intel(R) Core (TM)
CPU i7-6700 @3.41 GHz processor with 8.00 GB memory (RAM). In general, learning algorithms
benefit from data set standardization, because normalized/standardized processing can improve the
numerical condition of the optimization problem (Sarle, 2002). Therefore, before performing the MLCs,
all input features were normalized/standardized. To optimize the hyper-parameters of the MLCs (Table 4),
the training data were divided into training (80% of the training data) and evaluation (20% of the training
data) subsets, and a grid-search (based on 10-folds cross-validation) was used to identify the best hyper-
parameters that produced the highest classification results. The search range for each of the hyper-
parameter values was based on literature review (Table 4) ( Hsu et al., 2003; Kavzoglu and Mather, 2003;
Haapanen et al., 2004; Pal, 2005; Elith et al., 2008; Li et al., 2014a; Qian et al., 2015; Pham et al., 2017,
Thanh Noi and Kappas, 2018; Yang et al., 2019). However, wider ranges compared to the literature were
defined in this study. Finally, the hyper-parameters that were found to produce the highest cross-validation
accuracy were used to perform the final training of MLC models (i.e. using all of the training data). To
compare all MLCs, the final classification results were first evaluated by classification metrics such as
accuracy_score, log_loss, and overall accuracy. The accuracy_score, log_loss was estimated based on
evaluation (20% of training data) subsets. Log loss calculated the uncertainty of the MLCs prediction
using the predicted result compared to evaluation subsets (Nielsen, 2015). This gave a more nuanced view

about the accuracy of the model because the goal of MLCs is to minimize this value (Nielsen, 2015).



Table 4
Optimizing of various hyper-parameters for machine learning classifiers (MLCs).

MLCs Grid search Hyper-parameters value Reference
KNN N_umber (.)f nelghb_ors N 1.t0 30 Qian et al. 2015; Haapanen et al. 2004
weight option = uniform, distance
SVM_linear C = logspace(-3, 2, 6) Hsu et al. 2003; Li et al. 2014a
Gamma = 2.0**sp.arange(-15,4,2) L
SVM_rbf C = 2.0%*sp.arange(-5,16,2) Hsu et al. 2003; Li et al. 2014a
learning_rate = [1, 0.5, 0.25, 0.1, 0.05,
0.01], . .
GB n_estimators = [1, 2, 4, 8, 16, 32, 64, 100, Elith et al. 2008; Yang et al. 2019
200,1000]
Criterion (C) = gini, entropy,
min_samples_split = range (10, 500, 20), . s
DC max_depth = [1., 3,5, 7,9, 11, 13, 15, 17, Elith et al. 2008; Li et al. 2014a
19]
RE n_estimators = sp.arange(100,1100,100), Thanh Noi and Kappas 2018;
max_features = auto, criterion= gini Pal 2005; Elith et al. 2008; Li et al. 2014a
Solver (S) = "Ibfgs', max_iter = [1000],
MLP alpha (A) = 10.0 ** -np.arange(1, 10), | Pham et al. 2017; Kavzoglu and Mather 2003
hidden_layer_sizes = np.arange(4, 28, 4)

4.5 Accuracy assessment

On one hand, overall accuracy was estimated based on 500 random vector points per class. These points
were randomly generated based on RGI and then manually checked using S1 and Google earth images.
Overall accuracy, kappa coefficient of overall and each classes were calculated along with their variances.
On the other hand, for a comprehensive analysis of classification method effort, reference polygons (11
selected debris-covered ice areas) were manually digitized using higher resolution GE images and
extracted at the same digitized area from reference polygons. Selection of these 11 reference polygons was
due to them having debris-covered ice with differences in size, debris condition (partly or fully covered by
debris), and aspect (direction of glacier termini). Importantly, in these selected digitized areas, there were
high-resolution Google Earth images with a close temporal acquisition date to the satellite data used for
classification and minimum snow cover condition, allowing for the generation of high quality reference

data. Finally, the area difference between results (based on Optical-SAR-TIR-GMP classification) derived



from this study and references was calculated for the evaluation of the mapping accuracy. The percentage
of area difference was calculated as the area difference between mapped area and reference area, dividing

by reference area and multiplying the result by 100.

5. Results

Fig. 6 shows the results of the debris-free glaciers of Testl and Test2. The initial debris-free ice map
generated using the band ratio approach showed a high similarity with S2 false-color composite images
and SAR coherence images (Fig. 6). Previous studies have already concluded that debris-free ice can be
mapped with high accuracy using simple band ratio methods, e.g. using the Red/NIR band ratio image of
Landsat data or S2 data (Racoviteanu et al., 2009; Paul et al., 2016). Therefore, the debris-free ice map
derived from this study was not discussed in detail. Next, specific details on the classification results of
debris-covered ice derived from different training samples and tuning parameters for the MLCs are

described in the following paragraph.




Fig. 6. Example of results of debris-free glacier maps of Testl (a&b) and Test2 (c&d) showed the
remarkable similarity with overlaid false-colour Sentinel-2 (a&c) and Sentinel-1 coherence images
(b&d). The debris-free glacier can easily distinguish from a stable mountain area based on spectral

difference and loss of coherence (dark shaded area).

5.1 Comparisons of debris-covered ice maps derived from MCLs based on different layers and
2000 training samples in Testl area

Generally, the visual comparison and accuracy score indicated that results derived from most of all
MLCs based on the Optical-SAR-TIR-GMP layer have higher accuracy compared to the results from
other layer combinations (Fig. 7 and 9). This is likely due to the MLC classifiers were able to extract
useful classification features from all of the multi-sensor data (i.e. the optical, SAR, thermal, and GMP).
The second highest accuracy was obtained from results derived from MLCs based on the Optical-SAR-
GMP layer and then followed by Optical-TIR-GMP and Optical-SAR-TIR layers. Particularly, the best
results were derived from the Optical-SAR-TIR-GMP layer due to the lowest misclassification rate of
both the debris-covered ice area and the non-glacier area near the glacier tongue (Fig. 7 and 9). For
example, various degree of underestimation of debris-covered ice area in the glacier tongue occurred in
results derived from Optical-SAR-TIR layer (Fig. 7el-e4 and Fig. 8el-e3). Results derived from Optical-
SAR-GMP (Fig. 7d1-d4 and Fig. 8d1-d3) and Optical-TIR-GMP layers (Fig. 7f1-f4 and Fig. 8f1-f3)
indicated that different levels of the non-glacier area near the glacier tongue were misclassified as debris-
covered ice. All results derived from MLCs based on different combinations of raster layers contained
some isolated pixels (shown in Fig. 7 and 8 in blue color). These isolated pixels were removed
automatically using the procedure presented in Section 5.2. According to visual comparison and accuracy
scores, the Optical-SAR-TIR-DEM combined layer always produced the highest accuracy, and therefore,

it was selected to evaluate the performance of MLCs (presented in the next section).
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Fig. 7. Debris-covered ice maps of Testl area obtained from KNN, SVM_linear, DT, and MLP
classifiers based on different layers and 2000 training points. All figures present the same location of
(a) False-colour Sentinel-2 images and (b) Sentinel-1 coherence images. Classification results
obtained from Optical-SAR-TIR-GMP layer showed the better differentiation of debris-covered ice
from surrounding areas, then followed by Optical-SAR-GMP, Optical-SAR-TIR, and Optical-TIR-

GMP.
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Fig. 8. Debris-covered ice maps of Testl area obtained from RF, SVM_rbfa and GB classifiers
based on different layers and 2000 training points. All figures present the same location of (a) False-
colour Sentinel-2 images and (b) Sentinel-1 coherence images. Classification results obtained from
Optical-SAR-TIR-GMP layer showed the better differentiation of debris-covered ice from
surrounding areas, then followed by Optical-SAR-GMP, Optical-SAR-TIR, and Optical-TIR-GMP.
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Fig. 9. Accuracy score (a), log loss (b), and classification speed (colored line in (b)) estimated from
machine learning classifiers based on four different layers and 2000 training points. Classification
results from Optical-SAR-TIR-GMP layer illustrated the better accuracy than other layers. RF, GB,
and SVM_rbf classifiers were produced the highest accuracy score and lowest log loss.

5.2 Comparisons of debris-covered ice maps derived by MCLs based on Optical-SAR-TIR-GMP
The debris-covered ice maps produced by MLCs were evaluated based on visual comparison and a

guantitative accuracy assessment. The comprehensive comparison of classification results (Fig. 7c1-c4,

Fig. 8c1-c3, Fig. 9 and 10) derived from all MLCs indicated that RF, GB, and SVM_rbf were the most

accurate classifiers (in that order), followed by MLP, KNN, DT, and SVM _linear (Fig. 9 and 10).
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Fig. 10. Accuracy assessment of results before (a) and after (b) removed the isolated pixels derived
from machine learning classifiers based on Optical-SAR-TIR-GMP and 2000 training samples. RF
presented the best overall accuracy and kappa coefficient then followed by GB and SVM_rbf.

Varying degrees of the isolated pixels were existing in the results derived from the MLCs (Fig. 7c1-c4,
Fig. 8c1-c3) because these pixels had higher similarity in spectral, thermal, and motion of the debris-
covered ice with rock materials. However, these noisy isolated pixels can be easily removed (here, areas
mapped as debris-covered ice that were less than 40 pixels in size were removed). The accuracy
assessment indicated that the accuracy of debris-covered ice maps improved by 2-3 % when isolated
pixels were removed. In the meantime, the order of performance of the MLCs remained unchanged such

as RF, GB, and SVM_rbf respectively.

To investigate the relationship between the number of training points and classification accuracy as well
as comparison of RF, GB and SVM _rbf classifiers performance and transferability of the method, debris-
covered ice in Testl/Test2 were mapped using RF, GB and SVM_rbf classifiers based on Optical-SAR-
TIR-GMP with 20,000 training points. Results derived from this larger number of training samples
revealed that RF achieved higher accuracy than GB and SVM_rbf (Fig. 11). The accuracy of the debris-
covered ice map was increased by 1-2% by increasing training points from 2,000 to 20,000 (Fig. 10 and
11). Additionally, the accuracy of debris-covered ice maps was improved by 0.5-1.5% when isolated

pixels were removed (Fig. 10 and 11). The similar performance of RF using the small and large training



sets is consistent with past research that found RF could achieve accurate classifications with limited

training samples (Johnson and Xie, 2013).

Maps of debris-covered ice were converted to vector polygons for visual and estimated areal comparison
with two reference datasets: One generated by manual delineation of part of the debris-covered ice using
higher resolution Google Earth (GE) images, and another covering the same part of the debris-covered ice
outline from RGI, GAMDAM and Bhambri2017 (Table 2, Fig. 12 and 13). Visual comparisons of debris-
covered ice maps indicated that polygons derived from RF, GB, SVM_rbf were similar to the GE-derived
polygons (date of the images used in GE are available in Table 2) in most of the debris-covered ice sites
(i.e.: Fig. 12a, d, g, I, and j). The boundary of debris-covered ice derived from RF, GB, SVM_rbf has an
obvious difference with polygon outlines from RGI, which are shown in Fig. 12e and k. Visual
comparison of glacier outlines also revealed that the GB classifier mostly misclassified the small river

which was connected to the glacier tongue (Fig. 12c).

Area differences between debris-covered ice derived from RF, GB, SVM_rbf classifiers (based on
Optical-SAR-TIR-GMP using 20,000 training data) and reference polygons showed that smaller area
differences were estimated between MLC classifiers and Bhambri2017&GE compared to area differences
between the MLC classifiers and RGI&GAMDAM datasets (Fig. 13). Specifically, the debris-covered ice
area derived from RF had the smallest area difference (average difference) compared to the reference
datasets (Fig. 13). The areal and visual comparison both showed the RGI and GAMDAM in selected
debris-covered ice sites had a much worse match with the results from this study due to the time mismatch
of data acquisition used in RGl and GAMDAM (i.e.: Fig. 12e and k). On the contrary, the debris-covered
ice areas derived from GB and SVM_rbf showed a very similar area difference compared to the reference

area.
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Fig. 11. Accuracy assessment of debris-covered ice maps ((a)Testl and (b) Test2) before and after
removing the isolated pixels derived RF, GB, and SVM_rbf classifiers based on Optical-SAR-TIR-
GMP and 20000 training data. RF presented the best overall accuracy and kappa coefficient and
classification accuracies were improved after isolated pixels were removed.
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Fig. 12. Visual comparisons of debris-covered ice outlines derived from RF, GB, and SVM_rbf
classifiers based on Optical-SAR-TIR-GMP using 20000 training points and reference polygons
from the manual delineation of higher resolution GE images, RGl, GAMDAM, Bhambri2017. Most
of the debris-covered outlines derived from RF, GB, and SVM_rbf were similar to the GE-derived
polygons due to closed dates of the images (see Table 2) used for glacier mapping.
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Fig. 13. Areal differences of debris-covered ice maps derived from RF, GB and SVM_rbf classifiers
based on Optical-SAR-TIR-GMP and 20000 training points and reference polygons based on GE (a),
GAMDAM (b) RGI (c), and, Bhambri et al., 2017 (d). RF had the smallest average area difference
compared to the reference datasets.

5.3 MLCs parameters tuning

The optimal MLCs parameters and classification accuracy were calculated based on cross-validation,
and are shown in Fig. 9 and 11 and Table 5. Fig. 9 and 11 illustrated that most of the highest accuracy of
all MLCs were achieved based on Optical-SAR-TIR-DEM. Particularly, for KNN classifiers, the best
classification accuracy was derived from the number of neighbors’ value of 6 and distance weight function
based on Optical-SAR-TIR-GMP (Table 5). For the SVM_linear classifier, the greatest classification
accuracy was captured with a C value of 1 based on the Optical-SAR-GMP (Table 5). In the case of DT
classifiers, the highest classification accuracy was acquired with a maximum depth value of 7 based on
Optical-SAR-TIR-GMP (Table 5). Regarding MLP classifiers, the most reliable classification accuracy

was achieved by the alpha value of 0.00001 and hidden layer sizes of 20 based on Optical-SAR-TIR-GMP



(Table 5). For SVM_rbf classifiers, classification accuracy (based on Optical-SAR-TIR-GMP and 20,000
training samples in both test areas) was the highest when a gamma value of 0.5 and a C value of 8 and 2
were selected (Fig. 11 and Table 5). In the case of GB classifiers, a learning rate value of 0.1 and a
number of estimator’s value of 1,000 derived the highest classification accuracy in the case of both test
areas based on Optical-SAR-TIR-DEM and 20,000 training samples (Fig. 11 and Table 5). The highest
classification accuracy was achieved for RF classifiers by a number of estimators values of 200 (for Test1)
and 300 (for Test2) based on Optical-SAR-TIR-GMP and 20,000 training samples (Fig. 11). SVM_rbf and
MPL classifiers have longer hyper-parameter tuning speed compared to other MLCs. Furthermore, RF and
GB classifiers showed a more accurate and faster prediction model compared to other MLCs (Fig. 9 and

Fig. 10 and 11).

Table 5
Best estimated hyper-parameters value for machine learning classifiers.
MLCs Testl Testl Testl Testl Testl Test2
TD2000 TD2000 TD 2000 TD 2000 TD 20000 | TD 20000
0SG OST oTG OSTG OSTG OSTG
KNN NN =_12 NN;B NN;G NNfG
WO = Distance | WO = Distance | WO = Distance |WO = Distance
SVM_linear C=1 C=10 Cc=01 C=10
G=05 G =0.03125 G =0.03125 G=05 G=05 G=05
SVM_rbf C=2 C=8192 C=512 c=8 c=8 C=2
GB LR=0.1 LR =0.05 LR=0.1 LR =0.05 LR=0.1| LR=0.1
NE =200 NE = 1000 NE = 1000 NE =1000 [ NE = 1000( NE = 1000
C=gini C=gini C =gini C=gini
DC MSS =10 MSS =10 MSS =10 MSS =10
MD =5 MD =11 MD =7 MD =7
RE NE=500 NE=700 NE =100 NE =200 NE =200 | NE =300
MF=auto MF=auto MF = auto MF =auto | MF = auto [ MF = auto
S = Ibfgs S = Ibfgs S = Ibfgs S= Ibfgs
MLP A =1e-09 A=0.01 A =1e-08 A =1e-05
HLS =8 HLS =20 HLS =8 HLS =20

Note: Training data: TD; Optical-SAR-GMP: OSG; Optical-SAR-TIR: OST, Optical-TIR-GMP: OTG,;
Optical-SAR-TIR-GMP: OSTG; NN: Number of neighbors, WO: weight option, G: gamma, LR: learning
rate, NE: n_estimators, MSS: min_samples_split, MD: max_depth, MF: max_features, S: Solver, A: alpha,
HLS: hidden_layer_sizes



SVMrbf

(d) Sntlnel 2 Sentinel 1 coherence (28 Sep. 2017 & 27 Nov. 2017)

Fig. 14. Visual comparisons of debris-covered ice maps derived from the RF, GB and SVM_rbf
classifiers based on Optical-SAR-TIR-GMP and 20000 training data in Testl (a-b) and Test2 (c-d).
RF classifiers better detecting the ice under the debris layer compared to GB and SVN_rbf.



6. Discussion
6.1 Comparisons of debris-covered ice maps based on different layers

As expected, visual comparison (Fig. 7 and 8) and accuracy scores (Fig. 9 and 10) of the classification
results -derived from all MLCs and using different layer combinations - indicated that most of the MLCs
achieved their highest accuracies based on the Optical-SAR-TIR-GMP combined layer. It further
confirmed the conclusions (the combination of coherence, spectral, thermal and GMPs would helpful for
accurate detection of debris-covered ice) of previous studies that multi-sensor data fusion is desirable for
debris-covered glacier classification. However, it is important to consider which types of multi-sensor data
to include for this mapping. For example, we found that classification accuracy using the Optical-SAR-
TIR layers (without GMPs) was lower than that of other classifications that did not include one of these
layers. This demonstrates that GMPs play a critical role in the accurate detection of debris-covered ice that
cannot be overcome simply by using other types of multi-sensor (non-elevation) data. Furthermore, the
classification accuracy of results derived from Optical-SAR-GMP and Optical-TIR-GMP layers illustrated
that additional information from coherence and thermal images are helpful to increase the accuracy of
debris-covers ice mapping. Importantly, use of the coherence image resulted in a greater increase in
accuracy than use of the thermal infrared images, probably because of the coarser resolution (120 m) of
the thermal data and the thicker debris on the glacier surface (which caused small difference in

radiometric temperature between debris-covered ice and surrounding rocky materials).

6.2 Comparisons of debris-covered ice maps derived from MLCs based on Optical-SAR-TIR-
GMP

Based on accuracy assessments (Fig. 9 and 11) and visual comparisons (Fig. 7c1-c4, Fig. 8c1-c3, and
Fig. 12) of MLCs, the difference in accuracy between best three classifiers (RF GB and SVM_rbf) was
relatively small. However, detailed comparison of the debris-covered ice outlines with coherence images
showed that more accurate debris-covered ice areas were extracted by the RF classifiers (Fig. 14). On the

other hand, similar accuracies and similar debris-covered ice outlines were obtained by the GB and



SVM_rbf classifiers (Fig. 11 and 13). In contrast, SVM_linear, DT, KNN, and MLP classifiers achieved
lower accuracies. The lowest accuracy in our study was derived from the SVM_linear classifier, and it
was mainly due to the nonlinear separability of the data. Another reason was the fact that these classifiers
did not have a strong ability to work on the high dimensionality of data (Pal and Mather, 2003; Verleysen,
2003; Wang, 2011). Importantly, the results of this study further confirm that RF, GB, and SVM_rbf
classifiers can successfully handle high data dimensionality (Pal, 2005; Lusa, 2015; Belgiu and Dragut,
2016). GB is learning from the many weak learning base classifiers (residual error) to create a strong
predictive model to increase classification accuracy. RF decorrelates the trees with the introduction of
splitting on arandom subset of features, using a random subset of training samples, to improve
classification accuracy. SVM is efficient for a two-class classification problem and it refers to the iterative
process of finding a classifier with the maximum class boundary to separate the training patterns and
perform the same configuration in high-dimensional space (Mountrakis et al., 2011). The above-
mentioned properties may explain why RF, GB, and SVM_rbf have produced a significantly better
classification accuracy. Areal comparisons of debris-covered ice outlines derived from MLCs and
reference datasets (Fig. 7cl-c4 and Fig. 8cl-c3) indicated that various degrees of misclassification
occurred in all MLCs classifiers in the glacier terminus region, where glacier ice is mostly covered by
debris. These misclassifications likely occurred due to active stagnant ice that was exiting near the glacier

tongue (Fig. 7b and 8b) or very thick debris cover on the glacier tongue with very low glacier motion.

Comparisons of area differences also revealed that the area difference between the RF, GB, SVM_rbf,
and GE&Bhambri2017 maps was smaller compared to the RGI&GAMDAM (Fig. 12). The area
difference between RF, GB, SVM _rbf, and RGI&GAMDAM are inappropriate to discuss here because
RGI & GAMDAM outlines were generated by Landsat data around 1999/2000, therefore, it resulted in
larger area differences (Fig. 12 and Table 2). This further illustrates that the automatic method is needed to
regularly update the glacier inventory due to glaciers change, especially in response to the ongoing climate

change or surge activity. The areal difference increased with a decrease in the debris-covered ice area.



Particularly, the larger area difference was observed (Glacier ID 6, 7, 9 Table 2) in smaller debris-covered
ice areas (<1.0 km?). These indicated that the small debris-covered ice boundaries derived from this
research had larger area differences compared to larger debris-covered ice (Fig. 12), indicating that 30 m
resolution of the data was not good enough for the identification of smaller debris-covered ice areas with
high accuracy. Minor misclassifications also occurred in glacier tongues, such as the river channel from
glacier outlet, debris avalanche and debris-flow deposits (Fig. 12 c, e, and g) despite the fact that the
automatic method took advantage of the coherence, thermal, terrain features from DEM, and spectral data.
These errors can be ascribed to the effects of steep terrain on the SAR images, the lower resolution of the
thermal band in comparison to the VNIR-SWIR bands, and thicker debris layer on the glacier terminated

at the gentle slope.

6.3 Importance of hyper-parameters optimization

Hyper-parameters are important because they directly control the behavior of the MLCs, and can have a
remarkable impact on classification accuracy. Therefore, the optimization of hyper-parameters was
performed using cross-validation for MLCs. According to our hyper-parameters analysis optimization, RF
classifiers showed a more robust parameter setting, faster and accurate for mapping debris-covered ice
based on data used in this study (Belgiu and Dragut, 2016). GB classifier showed similar performance to
RF despite its slightly lower accuracy. The SVM_rbf classifier had the third-highest classification

accuracy, but was much slower in the tuning of hyper-parameters.

6.4 Comparisons with past studies

The past studies which focused on automated classification of debris-covered ice had some limitations
that were addressed here. One limitation is that methodologies used in these studies were developed based
on analysis of a single glacier or small study area, and therefore, applying these methods to other regions
or larger glacierized areas are problematic (Brenning, 2009; Huang et al., 2014; Lippl et al., 2018). For

example, accuracy was decreased (85% accuracy) (Robson et al., 2015) when a method developed for a



smaller case study site was used to map debris-covered ice in a relatively larger area. Decreasing of
accuracy occurred due to debris-covered ice classes was determined by a combination of results from SAR
coherence, elevation, slope and spectral index which were derived by many thresholding values.
Furthermore, MLCs classifiers such as SVM and RF were also used in past studies without hyper-
parameter optimization. Hence, this study has several advantages compared to the previous studies: 1) It
takes full advantage of coherence, thermal, topographic and, spectral futures to map debris-covered
glaciers; 2) Our debris-coved ice map achieved 96% overall accuracy over a 2000 km2 area using of
freely available datasets like S1&S2, Landsat 8 and AW3D30 by an automatic process; 3) Seven MLCs
were tested and examined to for debris-covered glacier classification; 4) Training data were obtained

automatically based on existing glacier inventory data.

Multi-temporal (5 to 10 years) glacier inventories is still not available for many glacierized regions
where changes are occurring rapidly (Paul et al., 2007). In the meantime, previous studies observed that
debris cover on glacier surfaces has increased in recent decades (Bolch et al., 2012; Carturan et al., 2013;
Tielidze et al., 2020). Importantly, the proposed MLC-based methods allow for mapping of the debris-
covered ice areas accurately and (relatively) quickly, while having the advantage of transferability to other
regions and other dates. Thus, the methods introduced in this study could help to fil the data gap in regions

where few historical (and/or current) glacier inventory maps exist.

7. Conclusions

Regularly updated glacier inventories are essential for understanding glacier responses to climate change.
However, debris layer on the glacier surface hampers the automatic, fast and accurate detection debris-
covered ice. Therefore, this study introduced a new automatic classification scheme for hierarchical
mapping of glacier areas based on the Machine learning classifiers, which takes advantage of optical, SAR,
thermal and terrain features derived from freely available remote sensing datasets. The results derived
from this study indicated that a combination of coherence, spectral, thermal and geomorphometric

parameters allowed for the accurate detection of debris-covered glacier ice. For all classifiers tested, the



misclassifications mainly occurred in the glacier terminus regions, which are typically fully covered by
debris. The highest classification accuracy (97%) was achieved using the RF classifier. The RF classifier
also was shown to be the most robust method to the parameter settings, enabling faster mapping of debris-
covered ice. The GB classifier achieved the second-highest classification accuracy, but the difference in
accuracy between RF and GB was quite small. SVM_rbf achieved the third-highest classification accuracy,

but suffered from a much slower tuning of hyper-parameters.
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Highlights

Sentinel-1&2, Landsat 8 and AW3D30 data used to map debris-covered ice
The highest accuracy achieved using the RF classifier
GB classifier showed slightly lower accuracy compared to RF classifier

SVM_rbf classifier had third-best accuracy despite low computation speed



