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ABSTRACT

Glaciers are melting rapidly across poles due to climate changes. Apart from poles, land-based glaciers are also melting
dramatically. Itis crucial to monitor and reduce the rapid melting of glaciers. However, on-site monitoring of glaciers is
challenging, costly, time-consuming, and entails subjectivity. Therefore, remote sensing techniques are indispensable to
provide an automated and cost-effective solution in order to enhance the land-based monitoring of glaciers. This work
presents a remote sensing technique that is based on neural networks (NN) and support vector machines (SVM) used
for monitoring Baltoro glaciers, situated in the Karakurum range. The classifier classifies land, cloud, greenery, and the
glacier mass. The data set used is the Landsat imagery from 1976, 1991, 1994, 2000, 2010, 2013 and 2016 including
June and July. We observe that SVM achieves an accuracy of 99.97 %, while ANN attains an accuracy of 98.87 %. The
results show that the glaciers have experienced a significant ablation in their masses with the temperature rise around
the globe.
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Around the globe, glacier melting has been one of
the biggest problems that humanity is facing for the last
few decades. Due to this phenomenon, we are
experiencing a rise in temperatures across the globe.
Recent studies reveal, that due to the melting of
permafrost owing to rising temperatures and glacier
melting, the earth is going towards an excess release of
carbon gases in the atmosphere [1] [2]. The melting
glaciers and their impact on the global atmosphere have
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compelled Engineers, Scientists and Environmentalists to
focus on proposing new methods for reducing carbon
emission that is destroying the Ozone Layer [3]. In order
to preserve this resource, new techniques must be
researched for better classification of Glaciers using
remote sensing. For this purpose, we compared two stat
of the art classifiers in this work i.e. FFNN and SVM. A
comparison of the mentioned classifiers has been
provided in this work, since FFNN and SVM have proven
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to be state of art classifiers in various applications,
including glaciers classification. SVM is a kind of classifier
that takes the training data and visualizes a hyperplane
among different classes. SVM is also considered a
discriminate classifier. While on the other hand FFNN is
based on Artificial Neural Networks (ANN) which has
been derived from the biological neural networks that
constitute the animal brain. Comparison of these
classifiers has been done with respect to their accuracy
wiz. A number of correct predictions from all predictions
made by the classifier based on our ground truth data.
This method helps in finding the quality metric of the
classifier. The greater the accuracy, the better the results
of the testing data. The region selected for our
experimentation is Baltoro Glacier. Baltoro is the world’s
largest land-based glacier due to its immense length and
area in the Karakorum Range.

= This work compares two state-of-the-art classifiers

i.e., FFNN and SVM for detecting glacier ablation.
= Furthermore, we explore the best classifier for

classifying the glacier mass.

We provide a remote-sensing-based and a cost-
effective solution for measuring the decline in Baltoro
glacier mass balance and its surrounding glaciers. The
rest of the paper is organized as follows. Section 2
discusses related work. The retrieved data is discussed in
Data Description i.e., section 3 while section 4 is about
Methodology. Section 5 discusses the experimental
results. Furthermore, the Conclusion of the work is
explained in section 6.

LITERATURE REVIEW

Remote sensing can acquire regional information
about glaciers instantly and has proven as a significant
tool to monitor and study the changes occurring in
glaciers [4]. Himalaya and Karakorum mountains
comprise of 17%and 37% as glacier ice, respectively [5].
Glaciers cover about 30% of the earth’s land surface in
which 10% is permanently ice-covered at present, and
10% is permanently frozen. The land in the northern
hemisphere is 50% covered by snow and ice in a winter
season. Glaciers are the source of more than 75% of the
world’s fresh water through which we irrigate lands of
densely populated areas. The analysis has been done in
regards to volume, high altitude thickness, and area of the
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glacier [6]. Neal R. Iverson et al. performed an analysis of
the effects of basal debris on the flow of glaciers [7].
DEMs were used to find about the volumetric changes
that occurred in the glacier.

Different techniques and procedures are presented
by D.Lu to perform change detection using remote
sensing [8]. ANN, Spectral Mixture Analysis, and
integration of remote sensing data and GIS turned out to
be important methods for change detection applications.
Every method has its own significance depending on its
application [8]. In [9] analysis on snow, cover distribution
was done in Aksu Catchment (Central Tien Shan) using
level 1b scenes of AVHRR. To show widespread glacier
wastage in the central, eastern and southwestern parts of
the Hindu Kush—Karakoram-Himalaya region during
2003-08. In [10] an extensive analysis has been done on
change detection methods using optical remote sensing.
Each technique has been explained in detail.

2.1. Remote Sensing Based Techniques

Glaciers can be detected using classification
algorithms having different accuracy rates. For instance,
supervised and object-based classification is relatively
more effective than knowledge-based in order to detect
glaciers change with an accuracy of 95%, 93%, and 86%,
respectively [8]. P.Rastner et. al discusses two techniques
for Glacier classification i.e. Pixel-Based and Object-
Based for Optical Satellite Images [11]. V.Akbari et al. in
[12] propose a system for the detection of changes in
Arctic glaciers using multi-temporal and multi-polarization
synthetic aperture radar (SAR) images. In [13] robust
image ratio method for exploiting the dense temporal
image coverage of sentinel and Landsat 8 is proposed. In
[14] E. Erten et al. monitor the glacier velocity by
Maximum Likelihood Texture Tracking system. In order to
promote decision making, the understanding of
relationship and interaction between human and natural
phenomenon, the timely and accurate detection of earth
surface features are important and indispensable [8].
Momentous amount of work is done on polar ice caps as
well. [15] has used satellite laser altimetry and a global
elevation model. Furthermore, time series from 1986-
2013 was generated using level 1b scenes of AVHIR and
Moderate Resolution Imaging Spectrometer data, that
were classified using a dichotomous decision scheme and
MODIS data [9]. A sensor system developed by
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Rodriguez Moralas et al. operates over different
frequency bands ranging from 160 MHz-18 GHz.
Rodriguez Moralas et al. mounted the sensor on aircraft
providing extensive support for observing terrain in Polar
Regions that could be impossible for scientists to visit and
observe directly. The operation of these sensors is based
on different bands that range from 16 MHz-18GHz [16].
Similarly, Callegari et al. performed a supervised
classification of ice, soil, and snow using SVM. To obtain
images of Eastern Italian Alps through aerial photography
Synthetic Aperture Radar (SAR) and Polarimetry (POL-
SAR) was used [17]. Furthermore Ke et al. used multi-
source and multi-temporal data acquired from ICESat and
Landsat to evaluate the changes occurred in Qinghai-
Tibet plateau [18]. Zhang et al. determine continental area
change of glaciers and their melted lakes located in the
northern margins of Qinghai- Tibet Plateau using Landsat
TM/ETM+ images from 1991 to 2009 [4]. P.Peduzzi et al.
evaluate the occurred changes in Nevado Coropuna
(Peru) using GIS and Remote Sensing [6].

On monitoring glacier changes, a large number of
Glaciological Studies are focusing on using remote
sensing in regions that are experiencing rapid changes in
glaciers located in Alaska [19]. Haeberliv W. et al.
Discusses Extensive details about Glacier Mass Balance.
The sum of all processes that add mass to a glacier and
remove mass from it is called the mass balance of a
glacier. Addition of mass to a glacier commonly takes
place in the form of snowfall. The predominant form of
ablation is the melting of snow and ice in summers [20].

DATA DESCRIPTION

Analysis has been conducted on Landsat Imagery,
acquired from the USGS official website [21] for the
month of June and July to ensure the same temporal
resolution of the dataset. The first Landsat satellite was
launched on 12 July 1972 for earth exploration via remote
sensing. Currently, Landsat 8 is the functional satellite
providing its services in retrieving images and transmitting
them back to the observatory.

Due to the non-availability of Landsat data from
1980-1989, the retrieval of data from the mentioned years
was not possible. Level 1 imageries of Landsat2,
Landsat3, Landsat5, Landsat7, and Landsat8 have been
retrieved, which include multispectral images of the
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desired scenes with Landsat 2 having a spatial resolution
of 60m while the rest of the data having a spatial
resolution of 30m. The spatial resolution of the
panchromatic band is 15m, but only Landsat 7 and
Landsat 8 have panchromatic sensors installed into the
satellites as an additional band 8. Data with a cloud cover
of less than 20% have been retrieved to ensure noise free
information.

3.1. Shape Files

While the shapefiles of the focused region have been
acquired from the GLIMs and open street map [22]
through their online resources. The international program
GLIMS monitors the extent, changes, and dynamics of
glaciers worldwide using satellite data [23]. GLIMS is a
project designed to monitor the world’s glaciers primarily
using data from optical satellite instruments, such as
ASTER(Advanced Spaceborne Thermal Emission and
Reflection Radiometer). According to reports of NASA of
July 2016 was recorded to be hottest in the history of
mankind. First, six months of 2016 were warmest in
NASA’s modern temperature records, which dates back to
1880 [24].

RESEARCH METHODOLGY

The Methodology section entails Pre-Processing,
Region-Extraction, Feature-Extraction, and Classification.
Furthermore, the classification section further leads to
FFNN and SVM. Algorithm 1 represents the performed
steps for the completion of this work.

4.1. Pre-Processing

Images obtained needed to be processed in order to
make them usable for further processing. This includes
image sharpening, enhancement, and contrast stretching
to see dark objects adjust the angle of our need and
select the proper coordinate system also called
registration for further processing [26]. After thoroughly
analyzing the satellite data we concluded that extraction
of our Baltoro Glacier region from satellite data is
necessary to enhance and objectify our results.
Furthermore, the processing time for the classifier will
also be decreased. For such purpose, GLIMS provided
us with the shapefiles for Baltoro Glacier as discussed
above. As shown in figure 1, after applying shapefile we
can easily locate Baltoro Glacier boundary by pointing out
the red polygon.
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Algorithm 1 Experimental Setup Algorithm
Data Acquire ();
fori < Alll mages do
Image Acquisition ();
Image Enhancement ();
Contrast Stretching ();
Il Extraction of Baltoro Region from Landsat Scene
Region Extraction ();
Il Feature Extraction of the training data for classifiers
Feature Extraction ();
end
for j < Extracted Region do
for k < Extracted Features do
if FFNN then
Set Parameters ();
Classification ();
10 Epochs ();
100 Epochs ();
1000 Epochs ();
Il Accuracy Assessment of Classifiers
Accuracy Assessment ();
end
if SVM then
Set Parameters ();
Classification ();
Linear Kernal ();
2 Degree Polynomial Kernal ();
Radial Basis Kernal ();
Sigmoid Kernal ();
Il Accuracy Assessment of Classifier
Accuracy Assessment ();
end
end
end
Accuracy Comparison ();

4.2. Future Extraction

After pre-processing and clipping phase, feature
extraction has been performed in order to obtain ground
truth data for training classifiers. Features have been
extracted using ROl (Region of Interest). Different
polygons for land, ice, debris, and clouds have been
selected. These polygons have been selected in the
desired regions manually as training data.
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Figure 1 Region of Iférest chosen for experimentation

4.3. Classification

A comprehensive comparison of Feed Forward
Neural Networks and SVM has been performed, to find a
classifier which produces best classification results.

Feed Forward Neural Networks

FFNN consists of a substantial number of units called
nodes, organized in layers, through connections
comprising of different weights. Data enters the input
layer and passes through the network and arrives into the
output layer. There is no feedback or loops in FFNN that
is why it is called Feed Forward Neural Network as
illustrated in figure 2.

A two-layered network is presented in figure 2. 5
output units at the top layer, represented in red. Blue is
the hidden layer, shown in the middle layer. The bottom
units are represented as inputs that comprise three in
number. Between the two layers in figure 4 are
connections having different weights. These weights are
subjugated according to the fittest data.

LZD = Wik
The weights are represented as w i to the input xi. The

Activation function is as under:
1

f(x) = 1+e
Here the excitation level of input data is represented
by ‘X’ i.e. neurons.
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Figure 2 Feed Forward Neural Networks basic model

Input data has been provided to the network during
the learning phase of the classifier. The training threshold
determines the size of the internal weight for the
activation of the node. Weights are adjusted between the
nodes for better classification results in order to minimize
error during the training phase. It must also be considered
that poor generalization may be caused by too many
weights. Likewise, the speed of the training phase
determines the training Rate. Non-convergence may be
imminent with a large training phase. The results using
FFNN are obtained using algorithm 2.

Algorithm 2 Feed Forward Neural Networks

Il Setting the Threshold value of Classifier

Set Threshold value ();

/I To set the training Rate of the classifier

Set Train Rate ();

Set Training momentum ();

/I To set the root mean square error of Classifier
Set RMS Criteria

Il Set Number of Hidden Layers of Neural Networks
Classifier

Set Hidden Layers;

/I Train certain number of Epochs Neural Networks
Classifier

forido

if the error is acceptable then

Stop, and exit the loop

end

Increment the hidden layer by one

Apply the weight of the new hidden unit

end
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Support Vector Machines

SVM was first introduced by Bose, Guyon, and
Vapnik [27] as a state of art classification method. SVM is
also used in pattern Recognition and Regression
estimation. The main reason for the wide usage of SVM
classifiers is its high computational efficiency. A decision
boundary also called hyper line is estimated in such a way
that pixels belonging to different classes can be
differentiated easily. The hyper line depends on the
kernel used during the training of classifier using training
data i.e. ground truth. Different types of kernels include
Linear, Polynomial, Sigmoid and Radial. In our case study
Linear, Polynomial, Sigmoid and Radial Based kernel has
been used.

Linear: Kxixj)=xiTxj

Polynomial: K (xi xj)=(gxiTxj+r)d,g>0

Sigmoid: K (xi,xj)=tanh(gxiTxj+r)
Radial basis function (RBF): K (x i xj ) = e(-g(xi-xj))
X_ A
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Figure 3 As shown in the figure, there are multiple hyper
plane (dashed lines) in the graph shown by

Where d determines the degree of the polynomial
kernel used. The degree may be 2, 3 and so on. Degree
of the polynomial determines the delineation factor of the
hyperplane between the classes. A Polynomial with
degree 1 represents a linear kernel. The high degree may
increase the variability of classifier but may also introduce
noisy data. In case of Linear Kernel, a straight line is used
to separate those features of problem space during the
training of the classifier. Let's suppose a training data set
of a finite number of points is given, as:
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Where the y i is the class name and x i is the feature
set for the designated class. Class may be either 1 or -1.
To determine an offset value using which a boundary may
be defined, a hyperplane must be estimated as shown in
figure 3 in order to designate the unknown feature either
to class 1 or -1 during the testing phase of the data. The
hyperplane may be defined as:

w-x—B=0

Where w is hyper plane’s normal vector.

The Algorithm for SVM is listed in Algorithm 3.

Algorithm 3 Algorithm for Support Vector Machines
Set Kernel Type ();
Set Penalty Parameter ();
for i < Get Image do
if Penalty does not apply then
if Kernel = Linear then
Classification ();

end
if Kernel = Polynomial then
Set Degrees ();

/I For the separation of margins of hyper plane
from origin
Set bias ();
/I For the control of variance of the data
Set Gamma (); Classification ();
end
if Kernel = Sigmoid then
Il For the separation of margins of hyper plane
from origin
Set bias ();
/I For the control of variance of the data
Set Gamma (); Classification ();
end
if Kernel = RBF then
Il For the separation of margins of hyper plane
from origin
Set bias;
Il For the control of variance of the data
Set Gamma (); Classification ();
end
end
Exit ();
end
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EXPERIMENTAL RESULTS

5.1. Hardware/Software
We ran our experiments on an Intel i5-6500 core
machine with a total of 4 cores and each core is clocked
at a frequency of 3.2 GHz. The machine supported 39 bit
physical and 48-bit virtual addresses. Multiple Instruction

Per second (MIPS) was 6384. The machine had a
memory of 8 GB sufficient enough to support the
processing, classification, and analysis of the glacier data.
The machine had storage of 1 TB. The operating system
used was Professional Windows 10.

5.2. Impact of FFNN

Shown in figure 4 is the Root Mean Square error
(RMS) Plot that determines to stop further classification
after a certain threshold is reached. Figure 4 shows the
RMS error graph vs iterations graph. Although the graph
shows the analysis of 1000 iterations it can be realized
from the graph that the classifier was put to stop at 300
iterations. This happened because RMS value equaled
0.10 which was the predefined value for the classifier.

1 hidden layer has been set for FFNN classifier.
Different weights are assigned to each connection, when
data representing a selected feature class, reaches the
output layer after passing through the hidden layer. The
predicted 10 training data which is weighted more than
that is predicted incorrectly.

Results generated by experimenting on FFNN has
been obtained by setting the following parameter values
for the classifier, which are presented in t.

= Training Threshold = 0.9

= Training Rate =0.2

= Number of Hidden Layers =1
Training RMS exit criteria

= Training Momentum = 0.9

5.3. Impact of SVM

Since our feature sets have mostly been pixels so we
used only polynomial degree 2 kernel in our
experimentation. t is the bias in the polynomial and RBF
kernels. The term bias in the SVM is very important
because without it the hyperplane will always pass
through the origin and hence our classifier may not
provide good accuracy results. In our experimentation 1
has been used as a bias parameter for the SVM classifier.
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Figure 4 Training RMS exit criteria

Table 1. The Table shows the Comparison of
accuracy assessment tests conducted on testing data on
classification images. Column one shows the quantity of
data to be tested while column 2, 3 and 4 represent its
accuracy on 10, 100 and 1000 iteration of Neural Network
classifier respectively. Similarly, for SVM classifier the
accuracy for linear, polynomial degree 2, radial basis
function, and sigmoid has been calculated via testing 10
percent, 30 percent, 50 percent, 80 percent and 90
percent of testing data.

Classifier Accuracy

Feed Forward Neural Networks SVM

Epochs Kernel
Training Data 10 100 1000 Linear 2-degree Polynomial RBF Sigmoid
10% 97.92% | 97.35% 97.96% 98.65% 98.73% 98.89 95.47%
30% 96.57% | 97.29% 97.94% 98.81% 98.90% 98.99] 95.20%
50% 96.68% | 97.30% 97.93% 98.82% 98.91% 99.01]  95.30%
80% 96.71% | 97.27% 97.95% 98.86% 98.94% 99.02] 95.30%
90% 96.73% | 97.38% 98.00% 98.87% 99.97% 99.04) 95.33%

5.4. Impact of SVM

Table 1, shows the results generated by training and
testing the two classifiers for comparison purposes.
Testing data in the table represents the percentage of
data provided to the classifier for training purposes and
the following columns show the accuracy results of FFNN
and SVM classifiers.

Different percentages of the collected data have been
taken, i.e. 10%, 30%, 50%, 80%, and 90%. In ‘Feed
Forward Neural Networks’ column 10, 100 and 1000
epochs have been taken and their results have been
mentioned in their respective columns.

It can be observed that as the epochs increase from
10 to 100 the accuracy of classifier shows different results
while for 1000 epochs as the training data increases so
does the accuracy of the classifier. In the section of
‘SVM’, linear, 2-degree polynomial, Radial Basis Function
and Sigmoid have been mentioned and their respective
results have been included in their respective columns.
Similarly, it can be analyzed that as the training data
increases from 10% to 90% the accuracy also increases.
i.e. for 90% the classifier accuracies calculated for the
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parameter of linear, 2-degree polynomial, Radial Basis
Function, and Sigmoid are 98.86%, 98.99%, 99.04%, and
95.33%. As compared to 10%, 30%, 50%, 80%, the
results gathered from using 90 % of training data shows
better results.

CONCLUSION

SVM using RBF (Radial Basis Function) having an
accuracy of 99.04% has proved to be a comprehensive
classifier for glacier and land data as compared to Neural
Networks with the accuracy of 98.00%, in our
experiments. The experiments have been conducted of a
vast number of Landsat images ranging from 1979 to
2016. SVM classifier due to its kernel based nature has
proved to be a better choice for classification of glaciers.
Change detection and mass balance ablation in glaciers
can be substantially done using volumetric studies of the
area. This type of studies not only show us the altitude
and amplitude of the glacier mass, but also the
displacement of glacier masses due to temperature
changes in the region, which involves our future study.
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