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1.0 Intoduction

Glaciers contain 75% of the world’s freshwater
reserves, providing freshwater to many semi-arid and
arid regions of the world. Glaciers are also integral
components of the high mountain cryoshpere;
regulating climate, surface energy exchange, and the
hydrological cycle. Due to their significance, it 1s
important to monitor global glacial extents.

The current study employed an object-based
supervised classification technique to delineate clean
ice and debris-covered glaciers. Object-based image
anaylsis (OBIA) can employ multiple data sources to
divide a satellite 1image 1nto near-homogenous ‘1mage
-objects’. The size, and subsequently, the total number
of 1mage-objects 1s dependent on three user-defined
parameters during image segmentation: (1) scale, (2)
shape; and (3) compactness.

The current study aimed to assess the accuracy of

semi-automated  object-based  glacier  outline
delineations produced by 4 different variants of the
user-defined segmentation parameters.

2.0 Study region and data

2.1 Study region

The current study classifed the glaciers and debris-covered situated
around Labuche Kang Himalaya, situated north of the Great
Himalayas region, in Tibet.

2.2 Data

Multi-spectral imagery

Landsat 8 ETM+ imagery of the region dated from 18/10/2019 was
downloaded from the USGS’ GloVis image broswer application. The
scene was selected due to the 1ts low 2.57% cloud cover.
Classification was conducted using bands TM2 (blue), TM3 (green),
TM4 (red), TMS (NIR), TM6 (SWIR 1), TMS8 (panchromatic), and
TM10 (TIRS 1). The 1mage was not hazy, therefore, atmosphereic
correction was not conducted.

Sentinel-1 scenes

Two sythetic aperture radar (SAR) scenes dated 12/10/2019 and
24/10/2019 were downloaded from the Copernicus Open Access
Hub. The scenes are seperated by a time interval of 12 days, an
optimal period for detecting phase difference between the scenes.
The scenes were calibrated, co-registered, and terrain corrected in
SNAP. The SAR coherence between the two scenes was used as a
processing parameter during classification.

DEM

The High Mountain Asia (HMA) DEM was downloaded from the
NSIDC and mosaiced together within Geomatica Mosaic.

Reprojection and resampling

All data was reprojected to UTM zone 45N, and resampled to 30m
res.

3.0 Methodology

A Support-Vector-Machine (SVM) supervised classification
was conducted within eCognition. 5 land-cover classes were
chosen; clean ice and snow, debris covered i1ce, glacial lakes,
bedrock, and shaded regions.

A SVM classification was conducted for each segmented object
size; large, medium, optimum, small and very small.
Respectively, 20, 25, 25, 30, and 35 samples were collected for
each classifciation.

Outlines were virtualised 1n ArcGIS, and their accuracy was
tested against the RCI 6.0 glacier outlines using a confusion
matrix.

Object size Scale Shape Compactness
Optimum 150 0.5 0.3
Medium 150 0.6 0.8

4.0 Results

The SVM classification results were tested in a confusion matrix
against the Randolph Glacier Inventory 6.0 glacier outlines
published 1n July, 2017. Both clean and debris-covered ice were
classified as one. Small i1mage-objects had the highest user
accuracy at 64%. Large, medium, and very small image-objects
produced user accuracies of 53%, 57%, and 49%, respectively. The
low user accuracies are largely due to a lack of post-classification
editing (where misclassified objects could be reassigned land-
cover classes), producing a large quantity of false positives,
particully 1n the debris-covered ice class since 1t 1s spectrally
similar to bedrock. Larger image-objects likely performed worse
than medium and small 1image-objects due to the high quantity of
pixels within them, which decreases the internal homogenity
within the 1mage-object, increaisng ambiguity during the objects
classification. Conversely, very-small objects contain pixels that
are largely homogenous. However, reduced image-object size
decreases the SVM’s ability to recognise patterns in object shape
during classification. Medium to small scale 1mage-objects are
most preferable for OBIA.

parameters in white. Large image-objects in red (top left), medium image-ojects in yellow (top right),
small image-objects in green (bottom left), and very small objects in dark blue (bottom right).
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Debris-covered glacier (SE of Labuche Kang). RCI 6.0 glacier outlines in black. Optimum
segmentation parameters in white. Large image-objects in red (top left), medium 1mage-ojects 1n

yellow (top right), small image-objects in green (bottom left), and very small objects 1n dark blue.
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