+ iThenticate Page 1 of 41 - Cover Page

Final_Dissertation_CS2313__ Changes_.pdf

€ Indian Statistical Institute

Document Details

Submission ID

trn:oid:::3618:100536323

Submission Date

Jun 12, 2025, 2:59 PM GMT+5:30

Download Date

Jun 12, 2025, 3:04 PM GMT+5:30

File Name

Final_Dissertation_CS2313__Changes_.pdf

File Size

5.8 MB

+ iThenticate Page 1 of 41 - Cover Page

Submission ID trn:oid:::3618:100536323

35 Pages

7,693 Words

42,208 Characters

Submission ID trn:oid:::3618:100536323



+ iThenticate Page 2 of 41 - Integrity Overview

9% Overall Similarity

Submission ID trn:oid:::3618:100536323

The combined total of all matches, including overlapping sources, for each database.

Filtered from the Report
» Bibliography

Exclusions
» 12 Excluded Matches

Custom Section Exclusions

{titlesCount} Section Titles, {keywordsCount} Keywords

Section title No. of Section Starters
Section Starters

"isi" 2 Indian statistical institute

Match Groups
. 58 Not Cited or Quoted 8%
Matches with neither in-text citation nor quotation marks

%9 7 Missing Quotations 1%
Matches that are still very similar to source material
= 0 Missing Citation 0%
Matches that have quotation marks, but no in-text citation

“

0 Cited and Quoted 0%
Matches with in-text citation present, but no quotation marks

Integrity Flags
1 Integrity Flag for Review

M Replaced Characters
9 suspect characters on 3 pages

Letters are swapped with similar characters from another alphabet.

+ iThenticate Page 2 of 41 - Integrity Overview

kolkata

Top Sources

6%
7%
0%

@ Internet sources
R Publications

2 Submitted works (Student Papers)

Our system's algorithms look deeply at a document for any inconsistencies that
would set it apart from a normal submission. If we notice something strange, we flag
it for you to review.

A Flag is not necessarily an indicator of a problem. However, we'd recommend you
focus your attention there for further review.

Submission ID trn:oid:::3618:100536323



+ iThenticate Page 3 of 41 - Integrity Overview

Match Groups Top Sources
58 Not Cited or Quoted 8% 6% @ Internetsources
Matches with neither in-text citation nor quotation marks 7% B2 Publications

%3 7 Missing Quotations 1% 0% °

Matches that are still very similar to source material

= 0 Missing Citation 0%
Matches that have quotation marks, but no in-text citation

“

0 Cited and Quoted 0%
Matches with in-text citation present, but no quotation marks

Top Sources

The sources with the highest number of matches within the submission. Overlapping sources will not be displayed.

o Internet

www.mdpi.com

Publication

Huifang Shen, Shudong Zhou, Li Fang, Jian Yang. "Glacier Motion Monitoring Usin...

Internet

eclim-research.ch

Publication

Hafiz, Abdel. "2-Dimensional Transport and Production Limited Analysis of Fault S...

o Internet

pure.tue.nl

° Publication

Mondal, Anupam. "Automated Determination of Glacier Ablation Zones", Indian S...

Internet

nozdr.ru

° Internet

upcommons.upc.edu

° Publication

"Computer Vision - ECCV 2018", Springer Science and Business Media LLC, 2018

o Internet

brage.bibsys.no

+ iThenticate Page 3 of 41 - Integrity Overview

= Submitted works (Student Papers)

2%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

Submission ID trn:oid:::3618:100536323

Submission ID trn:oid:::3618:100536323


https://www.mdpi.com/2072-4292/14/20/5128
https://doi.org/10.3390/rs14205128
https://eclim-research.ch/publications-2/?auth=&type=&usr=&yr=
http://gateway.proquest.com/openurl?res_dat=xri%3Apqm&rft_dat=xri%3Apqdiss%3A30485543&rft_val_fmt=info%3Aofi%2Ffmt%3Akev%3Amtx%3Adissertation&url_ver=Z39.88-2004
https://pure.tue.nl/ws/files/90854618/master_thesis_final_revised_SiqiLi.pdf
https://gateway.proquest.com/openurl?res_dat=xri%3Apqm&rft_dat=xri%3Apqdiss%3A31880216&rft_val_fmt=info%3Aofi%2Ffmt%3Akev%3Amtx%3Adissertation&url_ver=Z39.88-2004
http://nozdr.ru/data/media/biblio/kolxoz/Cs/CsLn/Computer%20Vision,%20Graphics%20and%20Image%20Processing,%205%20conf.,%20ICVGIP%202006%28LNCS4338,%20Springer,%202006%29%28ISBN%203540683011%29%28979s%29_CsLn_.pdf
https://upcommons.upc.edu/bitstream/handle/2117/430324/194852.pdf?isAllowed=y&sequence=2
https://doi.org/10.1007/978-3-030-01225-0
https://brage.bibsys.no/xmlui/bitstream/handle/11250/264931/749761_FULLTEXT01.pdf?isAllowed=y&sequence=1

+ iThenticate Page 4 of 41 - Integrity Overview

Internet

arxiv.org

Internet

epub.uni-luebeck.de

Publication

Thangaprakash Sengodan, Sanjay Misra, M Murugappan. "Advances in Electrical ...

° Internet

etd.aau.edu.et

o Internet

repositorio.iscte-iul.pt

e Publication

Rohit Sharma, Dr Sourabh Singh Verma, Dr Vijaypal Singh Dhaka. "SAR images ch...

Internet

www.coursehero.com

a Publication

Mandal, Anup. "Handling Class Imbalance Using Regularized Auto-Encoders With ...

o Internet

publications.ics.forth.gr

m Internet

vdoc.pub

Internet

www.ozguryayinlari.com

Internet

www.researchgate.net

Publication

"Brainlesion: Glioma, Multiple Sclerosis, Stroke and Traumatic Brain Injuries", Spr...

a Publication

Lee, Chia-Hao. "Characterizing the Heterogeneity of 2D Materials With Transmissi...

+ iThenticate Page 4 of 41 - Integrity Overview

<1%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

Submission ID trn:oid:::3618:100536323

Submission ID trn:oid:::3618:100536323


https://arxiv.org/pdf/1909.12507v1.pdf
https://epub.uni-luebeck.de/server/api/core/bitstreams/57cab5f8-98ab-402f-8db9-72686a156fbe/content
https://doi.org/10.1201/9781003515470
https://etd.aau.edu.et/server/api/core/bitstreams/374b298b-cbe8-46c3-8313-1d7113e435e2/content
https://repositorio.iscte-iul.pt/bitstream/10071/21762/1/Master_Ersin_Hasanbas.pdf
https://doi.org/10.1016/j.dsp.2024.104726
https://www.coursehero.com/file/118118424/DESIGN-OF-SEWERAGE-SYSTEM-REPORTdocx/
https://gateway.proquest.com/openurl?res_dat=xri%3Apqm&rft_dat=xri%3Apqdiss%3A31880242&rft_val_fmt=info%3Aofi%2Ffmt%3Akev%3Amtx%3Adissertation&url_ver=Z39.88-2004
https://publications.ics.forth.gr/_publications/1998_04_jrti_journal_imd.pdf
https://vdoc.pub/documents/neural-networks-and-deep-learning-a-textbook-5d46l5vjqlj0
https://www.ozguryayinlari.com/site/catalog/download/389/1836/4242
https://www.researchgate.net/figure/The-confusion-matrix-for-five-camera-identification-by-lens-radial-distortion-only_tbl1_26294909
https://doi.org/10.1007/978-3-030-11723-8
https://gateway.proquest.com/openurl?res_dat=xri%3Apqm&rft_dat=xri%3Apqdiss%3A32063792&rft_val_fmt=info%3Aofi%2Ffmt%3Akev%3Amtx%3Adissertation&url_ver=Z39.88-2004

v iThenticqte’ Page 5 of 41 - Integrity Overview Submission ID trn:oid:::3618:100536323

e Publication

R.]J. Bouwens. "UV CONTINUUM SLOPE AND DUST OBSCURATION FROM <i>z</i>10 ... <1%
a Internet

openaccess.iyte.edu.tr <1%
Internet

www.hindawi.com <1%
a Internet

www.iioab.org <1%
e Publication

A. Ghali, R. Favre, M. Elbadry. "Concrete Structures - Stresses and Deformations: A... <1%
Publication

Bambang Sugiarto, Muhammad Rosyid Arifin, Riffa Haviani Laluma, Esa Prakasa, ... <1%
Publication

Elise Bou, Aliou Ly, Julien Roul, Olivier Llopis, Christophe Vieu, Aline Cerf. "Compa... <1%
Publication

Lawal, Lawal Olamilekan. "Historical Yoruba Document Restoration Using an Opti... <1%
Publication

Muhammad Hafizul Hazmi Wahab, Nor Asilah Wati Abdul Hamid, Shamala Subra... <1%
Publication

Yan, Fengyao. "Multi-Scale AI-Assisted Gene Expression Decoding.", University of ... <1%
Internet

dokumen.pub <1%
Internet

eprints.qut.edu.au <1%
Internet

repositorium.sdum.uminho.pt <1%
Publication

Laiz Trecefio, Pablo. "Deep Learning-Based Solutions to Improve Diagnosis in Wir... <1%

+ iThenticate Page 5 of 41 - Integrity Overview Submission ID trn:oid:::3618:100536323


https://doi.org/10.1088/0004-637X/705/1/936
https://openaccess.iyte.edu.tr/bitstream/11147/11648/1/10410418.pdf
https://www.hindawi.com/journals/schm/2023/1132569/
http://www.iioab.org/Vol7n1suppl.pdf
https://doi.org/10.1201/9781003061274
https://doi.org/10.1109/TSSA51342.2020.9310813
https://doi.org/10.1364/BOE.10.005862
https://gateway.proquest.com/openurl?res_dat=xri%3Apqm&rft_dat=xri%3Apqdiss%3A31843999&rft_val_fmt=info%3Aofi%2Ffmt%3Akev%3Amtx%3Adissertation&url_ver=Z39.88-2004
https://doi.org/10.1016/j.eswa.2024.125951
https://gateway.proquest.com/openurl?res_dat=xri%3Apqm&rft_dat=xri%3Apqdiss%3A31632315&rft_val_fmt=info%3Aofi%2Ffmt%3Akev%3Amtx%3Adissertation&url_ver=Z39.88-2004
https://dokumen.pub/ki-2019-advances-in-artificial-intelligence-42nd-german-conference-on-ai-kassel-germany-september-2326-2019-proceedings-1st-ed-2019-978-3-030-30178-1-978-3-030-30179-8.html
https://eprints.qut.edu.au/235433/1/Akila%2BHewa%2BThondilege%2BThesis%281%29.pdf
http://repositorium.sdum.uminho.pt/bitstream/1822/76438/1/76886-TeseMestrado_ManuelPalermo.pdf
https://gateway.proquest.com/openurl?res_dat=xri%3Apqm&rft_dat=xri%3Apqdiss%3A32015385&rft_val_fmt=info%3Aofi%2Ffmt%3Akev%3Amtx%3Adissertation&url_ver=Z39.88-2004

v iThenticqte’ Page 6 of 41 - Integrity Overview Submission ID trn:oid:::3618:100536323

Publication

Lee, Y., P. L. P. Dillon, Samuel J. Dwyer III, and Roger H. Schneider. "<title>A Cross-... <1%
m Publication
Linan Yuan, Wenbo Wu, Shuli Dong, Qiangmin He, Feiran Zhang. "A High Dynamic... <1%

+ iThenticate Page 6 of 41 - Integrity Overview Submission ID trn:oid:::3618:100536323


https://doi.org/10.1117/12.967004
https://doi.org/10.1080/19479832.2022.2116492

+ iThenticate Page 7 of 41 - Integrity Submission Submission ID trn:oid:::3618:100536323

Glacier velocity estimation using
Adaptive Search Window and
Patch size

A dissertation submitted in
partial fulfilment for the degree of
Master of Technology
n
Computer Science

by
Pratik Patil
Roll no. - CS2313

under the supervision of

Dr. Sarbani Palit
Compute Vision and Pattern Recognition Unit (CVPRU)

STATISTICAL

| :
Nk S
[1] 25 T
I

| : T
- M U

AR WA 7
Nz oS E

mAdann 293y

[ UNITY IN DIVERSITY |

INDIAN STATISTICAL INSTITUTE, KOLKATA
June, 2024

+ iThenticate Page 7 of 41 - Integrity Submission Submission ID trn:oid:::3618:100536323



+ iThenticate Page 8 of 41 - Integrity Submission Submission ID trn:oid:::3618:100536323

2

+/ iThenticate Page 8 of 41 - Integrity Submission Submission ID trn:oid:::3618:100536323



+ iThenticate Page 9 of 41 - Integrity Submission Submission ID trn:oid:::3618:100536323

CERTIFICATE

This is to certify that the dissertation titled ” Glacier Velocity Estimation Using
Adaptive Search Window and Patch Size” submitted by Pratik Patil to the Indian
Statistical Institute, Kolkata, fulfills the requirements for the degree of Master of
Technology in Computer Science. The work presented in this dissertation is an au-
thentic and original contribution conducted under my supervision and guidance. I
confirm that this dissertation adheres to all the necessary academic standards and

regulations of the institute.

Dr. Sarbani Palit
CVPR Unit

Indian Statistical Institute
Kolkata - 700108

India

+ iThenticate Page 9 of 41 - Integrity Submission Submission ID trn:oid:::3618:100536323



+ iThenticate Page 10 of 41 - Integrity Submission Submission ID trn:0id:::3618:100536323

Acknowledgement

I would like to express my gratitude to Dr. Sarbani Palit, my advisor at the Com-
puter Vision and Pattern Recognition Unit of the Indian Statistical Institute in
Kolkata. Her expert guidance, unwavering support, and inspiring insights have
been invaluable throughout my academic journey. Dr. Palit’s extensive knowledge
and innovative ideas have significantly contributed to my understanding of various
topics and have been crucial in shaping my research skills and research aptitude.

[ am very thankful to Shubrunil Mustafa, Senior Research Fellow at the Indian
Statistical Institute, for his essential assistance in acquiring the datasets, notes and
necessary materials for this study. His continuous input of ideas and continuous
support have played an important role in the successful completion of this project.
After various discussion related to topic we came with some improvement in our
work.

I also extend my gratitude to all the faculty members at the Indian Statistical
Institute for their invaluable advice, insights, and teachings, which have provided a
vital perspective to my research work.

[ am thankful to all my friends for their ongoing assistance and motivation. My
appreciation goes out to everyone who has contributed to my personal and academic

growth, even if I have not explicitly mentioned them here.

ii
+ iThenticate Page 10 of 41 - Integrity Submission Submission ID trn:oid:::3618:100536323



+ iThenticate Page 11 of 41 - Integrity Submission Submission ID trn:0id:::3618:100536323

111
Declaration

I, Pratik Patil, with Roll No. CS2313, hereby declare that the material presented
in the dissertation titled Glacier velocity estimation using Adaptive Window
and Patch size represents original work carried out by me for the degree of Master
of Technology in Computer Science at the Indian Statistical Institute,
Kolkata.

Furthermore, I affirm that no sections of this report have been sourced or copied
from external references without proper attribution. I am aware that any instances
of plagiarism or the use of unacknowledged materials from third parties will be

treated with the utmost seriousness and consequences.

Pratik Patil
M.Tech (CS), CS2313

Indian Statistical Institute

+ iThenticate Page 11 of 41 - Integrity Submission Submission ID trn:oid:::3618:100536323



« iThenticate Page 12 of 41 - Integrity Submission Submission ID trn:oid:::3618:100536323

®0

®0

Abstract

Synthetic Aperture Radar (SAR) technology offers a robust solution for monitoring
glacier surface motion, particularly il regions with challenging environmental condi-

tions, since it do not dependence on time of day and weather. This paper presents an
enhanced glacier' motion monitoring approach based on'a Deep Matching Network
(VINJSiGH carns patch-pair correspondences aGHASO-eHANMANHERNUIKS

traditional shallow feature tracking methods, DMN utilize deep feature similarity
through a Siamese network architecture with dense connection blocks to maximize
feature reuse and improve training efficiency. To further improve precision and re-
duce computational cost, the proposed method uses a variable search window and
adaptive patch sizing, enabling efficient and accurate motion estimation across di-
verse glacier terrains. Experimental resulfs demonstrate the effectiveness of the pro-
posed approach in achieving high accuracy and efficiency in glacier motion tracking
on SAR data.

Keywords: Deep Matching Network (DMN), Gaussian Pyramid, Digital eleva-
tion model (DEM), Template Matching, glacier surface motion, dense connection,
CBAM
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Introduction

On 7 February 2021, a catastrophic event of mass flow descended the Ronti Gad,
Rishiganga, and Dhauliganga valleys in Chamoli, Uttarakhand, Tndia, causing wide-
spread devastation and severely damaging two hydropower projects, As per report,
more than 200 people were Killed or are missing.[1] Monitoring glacier surface motion

is essential for assessing and forecasting glacier-related hazards.Centroid Normalized
Cross-Correlation (Centroid NCC)[2] widely used method for glacier motion track-
ing, operating in the spatial and frequency domains, respectively. Despite their
popularity, the effectiveness of these methods can be compromised by factors such
as the repetitive fexture patterns present on glacier surfaces and thelinherent speckle
noise in SAR imagery. To address these issues, Deep Matching Network (DMN)[3]
proposed for accurate motion estimation from SAR images. The DMN framework i§
trained end-to-end to|learn patch correspondences diréctly, eliminating the need for
manually engineered features. It uses Siamese architecture for extracting meaningful
deep representations and utilizes a metric module for precise similarity assessment.
Dense connectivity within the feature extractor ensures efficient feature propagation

and reuse. DMN handles speckle noise and intensity variation effectively.

1.2 Owur Proposed Work

During the implementation of the DMN, we observed that adapting the search win-
dow size significantly reduced computational load while maintaining accuracy. By
introducing adaptive search window we reduced the search window size and by halv-
ing the patch we achieved finer sub-patch correspondence. Additionally, we intro-
duced a simulated SAR method which uses CBAM GAN that reconstruct the SAR

imagery. During reconstruction process it maintains spatial properties of image.
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Chapter 2

Related Theory

®»D 2.1 Gaussian Pyramid

The Gaussian pyramid is a widely used method in image processing and computer
vision for creating multi-scale representations of images [4]. It works by systemat-
ically applying smoothing and downsampling operations to an image, resulting in
a hierarchy of images with progressively lower resolutions. This multi-scale repre-
sentation is particularly valuable in tasks such as image blending, compression, and
object detection, where analyzing features at different scales enhances performance.
In each step of the pyramid construction, the image is first smoothed using a
Gaussian kernel, effectively applying a low-pass filter that suppresses high-frequency
components like edges and noise. The smoothed image is then downsampled by
reducing its dimensions by half in both width and height. Repeating this process
generates a sequence of increasingly coarser and blurrier images.
The pyramid begins with the original image at level 0, and with each higher
level, the image resolution decreases further. This progressive reduction captures
®» D image structure at various scales, enabling robust multi-resolution analysis in a wide
range of computer vision applications.
Let Iy(z,y) denote the original image at level 0 of the pyramid. The Gaussian

pyramid {I;(z,y)}i_, is constructed using the following recursive relation:

G(m,n) - Iy_1(2x + m,2y +n), for k=1,2,.00,N  (2:1)

'8

where T;.(z,y) is the image at level & of the pyramid. G(m,n) is the Gaussian
kernel, typically a 5x5 or 3x3 matrix that defines the weights for smoothing. The
downsampling is performed after convolution, effectively halving the image size at

each level.
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2.2. TEMPLATE MATCHING 3

The Gaussian kernel is usually separable and can be written as the outer product

®0 of two 1D Gaussians. A common choice for & 5X5 Gaussian kernel with standard
deviation o is:

1 x? + o>
lx,y) = 53 OXP (— 57 (2.2)

By capturing information at multiple scales, the Gaussian pyramid allows for
efficient and robust processing in scenarios where scale variability is a concern. Ex-

ample of gaussian pyramid shown in diagram 2.1

Down sampling

Figure 2.1: Gaussian Pyramid of greyscale image of size 64 x 64

2.2 Template Matching

®0 Template matching [5] is & fundamental technique in image processing and computer

vision used to locate a specific pattern or object (called the template) within a
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4 CHAPTER 2. RELATED THEORY

larger image. This method involves comparing portions of the input image with a
predefined template to find regions with high similarity.

The basic idea of template matching is to slide the template image over the input
image and compute a similarity measure at each position. The location where the
similarity score is maximized (or minimized, depending on the metric) indicates the
best match. This method assumes that the template and the object to be detected
are of the same scale and orientation.

Let I(z,y) represent the input image and T'(z’,y’) be the template image of size
w x h. The template is compared to each sub-region of the input image, and a
similarity metric R(u,v) is computed for each position (u,v). A commonly used

metric is the normalized cross-correlation (NCC), defined as:

w0 Xy [T y) — T [ s |

R(uyv) = = 7
VT T [Tw) = 1 /02 X, (I yfoie) - fzw];
2.3

where (u,v) denotes the top-left corner of the region in the input image where

the template is being compared. T is the mean of the template pixel values. I, is
the mean of the image region starting at (u,v) with the same size as the template.

The result of template matching is a similarity map, where high values of R(u,v)
indicate better matches. The coordinates corresponding to the maximum response

in this map identify the most likely position of the template in the input image.

2.3 GAN-Based SAR Image Reconstruction with
CBAM

1. Generator Architecture The generator utilizes a two-stage coarse-to-fine ar-
chitecture. [The coarse network (often am encoder—decoder such as a U-Net) first
provides a rough estimate of missing SAR data by integrating global context. The
refinement network then takes the coarse output along with the surrounding known
pixels to produce a high-quality image, sharpening details and ensuring consistency.
To enhance feature learning, Convolutional Block Attention Modules (CBAM) are
inserted within the generator. Each CBAM module applies channel-wise and spatial
attention sequentially, acting as a dynamic filter that highlights important features
while suppressing irrelevant ones [6]. In practice, the encoder features are passed
through a CBAM block before decoding; this adaptively rescales channel and spatial
feature responses so that salient regions are emphasized, leading to more detailed

reconstructions [6].
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2.3. GAN-BASED SAR IMAGE RECONSTRUCTION WITH CBAM 5

2. Discriminator (PatchGAN) The discriminator is based on the Patch-
GAN paradigm. Instead of producing a single real/fake score for the entire image,
it classifies each N x N patch as real or fake. In implementation, the discriminator
is a CNN whose final feature map is treated as a grid of patch-wise authenticity
outputs [7]. This local discriminator encourages the generator to produce realis-
tic texture and fine detail in every local region, helping to sharpen high-frequency
content. During training, the discriminator takes either a real full SAR image or a
generated image (with missing regions filled) and outputs a matrix of patch labels,
which are compared against the real or fake labels using an adversarial loss.

3. Perceptual Loss (Pretrained VGG16) To encourage semantic consis-
tency between the reconstructed and ground-truth SAR images, a perceptual loss is
employed. This loss compares high-level feature representations of the two images,
extracted from a deep network pretrained on natural images (typically VGG16) [8].
Formally, if ¢;(-) denotes the activation of layer [ in VGG16, the perceptual loss is

2

g | oo |,

’

where I is the reconstructed image and [ is the original. By measuring differences
in feature space rather than raw pixels, the perceptual loss encourages the generator
to produce outputs that are close o the ground truth in content and style.

4. Training Objectives and Optimization The model is trained end-to-end
with a weighted combination of three losses:

1. Pixel reconstruction loss (typically L1) to enforce global fidelity,
2. Perceptual loss improves visual feature similarity,

3. Adversarial loss from the PatchGAN discriminator.

The total generator loss is
['G = )\l‘CLl + )\percﬁperc + )\advﬁadva

where £, = ||I — I||; where original SAR image represented by I, reconstructed
image represented by I and L,q, is the adversarial GAN loss. A typical choice is
to set A\; > Aperc = Aadv, prioritizing low-frequency accuracy while still benefiting
from perceptual and adversarial terms [9, §].

Training proceeds by alternating updates of the generator and discriminator. In
each iteration, the discriminator is updated to better distinguish real SAR patches
from generated ones, and the generator is then updated to minimize Lg. An opti-
mizer such as Adam is typically used, with a learning rate of 10~* and momentum
£1 ~ 0.5. This joint optimization framework ensures a balance between structural

accuracy and visual realism.
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Chapter 3

Dataset

3.1 Study Area

The Yanong Glacier, situated on Gangrigabu Mountain in the southeastern region
of the Qinghai—Tibet Plateau, represents the most highly developed glacier in this
part of the plateau. Its size and well-defined structure make it a key feature in the
regional glaciological landscape. As a eminent glacier in the southeastern sector,
the Yanong Glacier plays an critical role in influencing local hydrological processes,
climate interactions, and ecological systems. Its location on the Qinghai—Tibet
Plateau referred as the ”Third Pole” due to its vast ice reserves further underscores
its importance in studies related to climate change, glacier dynamics, and water
resource management in the region. We took Sentinel-1 SAR data capture on 23
November 2016 and 3 February 2017 for region of interest as shown in Figure 3.1
by red box.

A .Bairiga

i ST

o

®0 Figure 3.1: Marked box is our study area (Yangong Glacier)
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3.2. SAR IMAGERY 7

3.2 SAR Imagery

Synthetic Aperture Radar (SAR) intensity images are vital for glacier motion mon-
itoring but present challenges due to variations in intensity, texture, and speckle
noise. While Sentinel-1's C-band radar is effective for surface observations and
glacier dynamics, L-band radar, such as that used in ALOS missions, penetrates
deeper into vegetation and snow. Despite of the general effectiveness of C-band, the
resolution of SAR images plays a more crucial role in motion estimation than the
frequency band, particularly for glaciers with varying surface characteristics. VV
polarization [10] is often preferred for its ability to provide detailed surface scatter-
ing characteristics, which helps in detecting surface motions and roughness in glacier

areas.

3.3 Preparing Dataset for Siamese Model Deep
Matching Network (DMN)

Deep Matching Network (DMN) is based on a Siamese architecture, which processes
a pair of image patches to learn feature similarity for glacier motion estimation. Each
input sample consists of two grayscale image patches derived from co-registered
Synthetic Aperture Radar (SAR) intensity images.

Two separate DMN models are trained using different spatial resolutions to ex-
plore the impact of input scale on motion estimation performance. The input con-

figuration for each model is as follows:

e Model 1: Input shape (64,64,1) x 2

e Model 2: Input shape (32,32,1) x 2

Each branch of the Siamese network receives one patch from the input pair, and
both branches share identical architecture and weights. The patches represent SAR
backscatter intensity values and preserves the natural dynamic range and speckle
properties inherent to SAR data, which can be important for detection of texture
and find motion patterns.

To train the Siamese deep matching network, a high-resolution SAR intensity
image of size 512 x 512 pixels was selected. We use Range Doppler Terrain Correc-
tion, so that pixels match ground reality. A sliding window approach was used to
extract overlapping patches of size 64 x 64 pixels with a stride of 8 pixels in both
directions, yielding a total of 3,249 patches.

Each patch was considered a base sample and augmented using Gaussian blur

(coefficient in [0, 0.5]), small rotations (within +5°), contrast variations (factor be-
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8 CHAPTER 3. DATASET

tween 0.5 and 1.5), and multiplicative noise with fixed variance of 0.1. Three aug-
mentations were generated for every base patch to improve data diversity.

To construct training pairs, each original patch was paired with its three aug-
mentations to form matched pairs. Additionally, it was paired with three different
patches or their augmentations to form non-matched pairs. This resulted in a total
of 19,494 patch pairs, equally balanced between matched and non-matched classes.
The same procedure was repeated for smaller patch sizes (32 x 32) extracted from
images of reduced dimensions, enabling analysis of the effect of spatial resolution on

network performance.

3.4 Preparing Dataset for CBAM GAN

The CBAM-GAN model used in this study is designed for SAR image inpainting,
where the objective is to reconstruct missing or occluded regions in remote sensing
imagery. The network is trained using grayscale SAR intensity patches of size 256 x
256 pixels, and leverages the Convolutional Block Attention Module (CBAM) to
enhance attention to important spatial and channel-wise features.

Each training sample consists of the following components:

e Input Image: I € R!*256x256 __ 3 gingle-channel SAR patch with pixel values

normalized to the range [0, 1].

e Binary Mask: M € {0,1}'*?6%256 — randomly generated during training

to simulate occluded regions.

e Masked Input: [,,5qa = - (1— M) — the final input to the generator, with

missing areas there value will be zero.

The generator receives both the masked image I,.5q and the mask M as inputs.
It attempts to reconstruct the original image content within the masked regions. The
discriminator evaluates the realness of the generated images, distinguishing between
real SAR patches and the generator’s output.

For training the CBAM GAN model,we used a high-resolution SAR intensity
image of size 13000 x 13000 pixels. To make the data manageable and suitable for
deep learning, the image is divided into non-overlapping patches of size 256 x 256
pixels. This will give total of 50 x 50 = 2500 patches, each of which is treated as
a separate training sample. Each sample consists of three components: the original
SAR image patch, a corresponding binary mask indicating occluded regions, and
the masked image obtained by applying the mask to the original. All patches are

normalized to the [0, 1] range to facilitate stable training.
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3.4. PREPARING DATASET FOR CBAM GAN 9

The input to the model includes both the masked image and the binary mask,
each having a shape of (1,256,256), while the output (target) is the original un-

X 12) masked patch of the same shape. To simulate occlusions in the training data, a

custom function was implemented to generate irregular binary masks with random
coverage levels. [11] The function supports six predefined coverage classes, ranging
from 1% to 60%, and randomly selects one class for each mask. For each train-
ing sample, the mask is initialized as a zero-valued binary image. Random line
segments, simulating brush strokes with varying thicknesses, are drawn to mimic
occlusion. Additionally, elliptical shapes are added with a 30% probability to fur-
ther diversify occlusion patterns. This process continues until the mask’s mean
pixel value, corresponding to the occlusion coverage, falls within the selected cov-
erage class. If the generated mask exceeds the maximum coverage, excess non-zero
pixels are randomly removed to ensure compliance with the upper bound. The final
binary mask, where a pixel value of one indicates pixels that need to be reconstruct,
is returned in a PyTorch-compatible tensor format. This strategy ensures diverse
and realistic occlusion patterns, enhancing the robustness of the CBAM GAN model

during training.

(a) (b) (c)

Figure 3.2: (a) Input Image, (b) Binary Mask (c) Masked Input
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Chapter 4

Methodology

To support long-term and large-scale monitoring of glacier dynamics, this study
presents a deep learning-based glacier motion estimation method using SAR in-
tensity images. A Deep Matching Network (DMN) is employed to automatically
and accurately match image pairs. To improve efficiency and accuracy, the method

integrates adaptive patch sizes and variable search windows.

1. Preprocessing

2. Proposed improvement

For each patchin T1 locate
search window in T2

DMN for patch size

3. Glacier motion estimation

SAR ‘"tEisl“V . 64 x 64 Pixel level
image ImageatT1 ¥ i
and T2 displacement
Find match using gaussian
pyramid and template
matching
i
Peak centroid based
subpixel matching
Yes No
Divide Optimize
Initial i Search =
» ImageatT2 |—1— patchinto : Glacier
registration & 4 parts Window 64 DMN for patch size motion

results

“Optimize 32x32
Window 32

Figure 4.1: Framework for proposed method

In Figure 4.1, a three-step process is shown for glacier motion estimation using
SAR intensity images. Initially, preprocessing involves registering SAR intensity
images from two different time points, T1 and T2. The proposed improvement finds
an optimize search window using gaussian pyramid and template matching. If no
matches are found, the patch is divided into smaller parts, and the search window
is optimized. Finally, the glacier motion estimation step uses a Deep Matching Net-
work (DMN) for different patch sizes to determine pixel-level displacement and peak
centroid-based subpixel matching, resulting in glacier motion estimation outputs.

10
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4.1. PREPROCESSING SAR INTENSITY IMAGES 11

4.1 Preprocessing SAR intensity images

Before glacier motion estimation, Sentinel-1 SAR intensity images must undergo
key preprocessing steps to ensure geometric and radiometric integrity. The process
begins by applying precise orbit files to correct satellite position inaccuracies using
metadata. Radiometric calibration, though optional, can be performed to convert
DN values to backscatter coefficients like Sigma0 [12], helps us in quantitative anal-
ysis of surface scattering.

Geometric distortions caused by terrain and radar imaging geometry are cor-
rected using Range-Doppler Terrain Correction [13]. This step uses a Digital El-
evation Model (e.g., SRTM 3Sec) [14] and resamples the data to a specified pixel
spacing (e.g., 10 m), producing orthorectified outputs in a consistent map projection
(such as UTM). Speckle filtering can optionally be applied at this stage to reduce
noise, typically using the Lee or Refined Lee filter [15].

For glacier motion estimation, multiple SAR images are co-registered by creating
a stack and selecting a master image for alignment. Initial coregistration [16] uses
orbit metadata, followed by fine registration through cross-correlation. We take
subset of this coregistered image. If using IW mode, the debursting step ensures
continuity across bursts. Then we create a subset from that coregistered image

shown in Figure 4.2.

(a) (b)

1) Figure 4.2: Preprocessed SAR intensity images of the Yanong Glacier. (a) was
captured on 23 November 2016. (b) was captured on 3 February 2017
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®0 12 CHAPTERY METHODOLOGY

®0 4.2.1 Deep Matching Network for SAR Image Matching
®0 The/DMN combines @ feature extraction networkwith aAmetricnetworkluse fothandle

A 1] patch-based inputs from large SAR images. For feature extraction, we use Deep

Convolutional Neural Networks with Dense Connection Blocks (DCNN-DCB) [17]
to extract hierarchical features. Dense blocks enhance gradient flow and feature

reuse by concatenating all previous feature maps:

whereS(-) includes convolution, and ReLLU. Each output is:

fjl =0 (Z fil_1 * wfj + bé)

7

(L )35) with g(&) = max(0;z) as|the ReLU function. The DMN uses a Siamese structure to

process input patch pairs (z;,y;) from SAR images X and Y. Both branches share
weights and output deep features z,y that are compared by the metric network.
The similarity between features is computed using the Euclidean distance (Dy):

The network is trained using a contrastive loss [18]:

N
_ 1 2
"0 £ = g3 tabe D + (PO DR

LY 1) Here, label = [ for matched pairs and 0 otherwise, m is a margin, and N is the

number of training pairs. The loss minimizes distances for matched patches and
1) separates non-matched ones beyond a threshold. Figure 4.3 shows the network

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,
1

pe-Srte- Tt

ﬁSha.red parameters

MW Pooling connected

Figure 4.3: Proposed framework of a deep matching network

« iThenticate Page 28 of 41 - Integrity Submission Submission ID trn:oid:::3618:100536323



®0

+ iThenticate Page 29 of 41 - Integrity Submission Submission ID trn:oid:::3618:100536323

4.2. DEEP LEARNING MODELS 13

4.2.2 Methodology for Simulated SAR Image Generation

For DMN evaluation, simulated SAR is generated using affine transformation of
whole SAR image at time T'1 with some small constant shift in y direction but
variable shift within a small range in x direction. But in reality different parts of
SAR image can move in different direction. To mitigate this problem we introduce
a different method.

The generation of simulated Synthetic Aperture Radar (SAR) images involves a
sophisticated process that includes affine transformations, masking, and Generative
Adversarial Networks (GANs). Initially, the SAR image at time 7'1 is divided into
smaller patches, each subjected to random affine shifts. These shifts, which involve
translations in both the x and y directions, simulate the natural displacement of
patches over time. The magnitude of these translations is randomly determined

within a specified range to introduce variability.

Following the affine transformations, the displaced patches are masked to create
regions of missing data. This masking process involves blacking out areas opposite
to the direction of the shift, effectively creating voids that simulate gaps due to
temporal changes or occlusions. The displacement vectors and masked regions are

recorded for further processing.

The final step employs a GAN to fill in the masked regions and generate a com-
plete SAR image at time T2. The GAN’s Generator component takes the masked
image as input and produces a complete image by filling in the missing regions,
while the Discriminator ensures the realism of the generated image. This method-
ology uses affine transformations, masking, and GAN-based inpainting to produce
high-quality synthetic SAR images, useful for applications such as environmental

monitoring and disaster response.

(a) (b) (c) (d)

Figure 4.4: (a) Original SAR Image (b) Masked Image (c¢) Binary Mask (d) Simu-
lated SAR image
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14 CHAPTER 4. METHODOLOGY

4.3 Post Processing

Subpixel Displacement Estimation Using Centroid Method

Deep learning-based approaches such as Deep Matching Networks (DMNs) are ef-
fective for pixel-level displacement estimation. However, achieving precise subpixel-
level displacement is essential in applications involving glacier motion monitoring
and is often constrained by the resolution and quality of the SAR images.

To enhance the accuracy beyond integer-pixel alignment, subpixel displacement
estimation techniques are employed. Among them, the peak centroid method is
widely used due to its simplicity and robustness. This method determines the
subpixel location of the correlation peak by computing the weighted centroid of
correlation values in a local neighborhood. [19]

Let 2 denote a square neighborhood centered at the peak of the correlation
surface, typically of size 5 x 5 pixels. The subpixel offsets (Aa, Ab) from the integer-

valued peak location are calculated as:

Za,bGQ a- C(CL, b) Ab — Za,beQ b C(CL, b)
Za,beﬂ O(a7 b) : Za,beﬂ C(a> b)

Here, a and b represent the horizontal (column) and vertical (row) coordinates

Aa = (4.1)

within the window Q, and C(a,b) denotes the correlation value at position (a,b).
Only those correlation values that are greater than the local mean within €2 are

considered to enhance robustness against noise.

Displacement Estimation

To begin with, SAR intensity images of size 1152 x 1152 pixels are preprocessed
using Range Doppler terrain correction, assisted by an external digital elevation
model” (DEM) to correct for topographic effects. Following this, the images are
coregistered to align features across scenes.

The displacement estimation process uses a trained Deep Matching Network
(DMN). The input image is divided into 64 x 64 pixel patches. For each reference
patch, a search is performed in a 96 x 96 pixel window in the target image with a
1-pixel stride. The network selects the best-matching patch and calculate pixel dis-
placement, and subpixel displacement uses centroid-based method, which estimates
the peak offset from the correlation surface. Then combine both pixel and subpixel
displacement.

To address this, a 3 x 3 mean filter is applied, improving spatial consistency by
removing abrupt changes and non-glacier motions. This post-processing step results

in a cleaner and more reliable glacier displacement map.
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4.4. PROPOSED METHODOLOGY FOR VELOCITY ESTIMATION IN SAR IMAGES15

4.4 Proposed Methodology for Velocity Estima-
tion in SAR Images

The proposed methodology for velocity estimation in Synthetic Aperture Radar
(SAR) images utilize a multi-faceted approach combining Gaussian pyramid-based
template matching and dividing patch size, and deep learning models. This method-
ology is designed to estimate the displacement and velocity of surface features be-
tween two temporal SAR images, addressing the existing complexities and variations
in SAR imagery.

Initially, the preprocessed SAR images at times 7’1 and T2 are divided into
smaller patches, typically of size 64 X 64 pixels in both the x and y directions,
to simulate potential displacements. Gaussian pyramids constructed for both the
reference patch from the 71 image and the search window from the 72 image,
enabling multi-scale template matching. This multi-scale approach improves the
robustness of the matching process by capturing spatial features at different levels
of detail.

In cases where no matches are found using the 64 x 64 patch size, we switch to a
smaller patch size of 32 x 32. This reduction in patch size increases the likelihood of
finding a match by provides us more detailed and localized search. The decision to
reduce the patch size is based on the observation that smaller patches can capture
finer details and variations, which we might lose by larger patches. This adaptive
approach ensures that the matching process remains robust even in the presence of
significant variations in the SAR images.

The search window size is also made variable to further enhance the matching
process. The size of the search window is adjusted based on the detected matches at
different levels of the Gaussian pyramid. If matches are found did not deviate much
from central locations, the search window is reduced to focus on the regions with
potential matches, thereby improving the efficiency and accuracy of the template
matching. This variable window size approach allows for a more flexible and adaptive
search process, which is essential for handling the unnecessary convolutions of SAR
imagery.

Deep learning models finds the pixel level displacement estimation. These net-
works measure the dissimilarity between the reference patch and the candidate
patches, providing a similarity metric tailored to the characteristics of SAR images.
This approach improves the accuracy of the displacement estimation by helping to
learned features and similarities.

Once the best matching patch is identified, the displacement vector is calculated
based on the relative location of the matching patch within the search window. This

displacement vector is used to estimate the velocity of the surface features by con-
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sidering the time interval between the two SAR images. The velocity estimation is

performed using a subpixel-level displacement estimation technique, which involves
computing the cross-power spectrum 6f the reference patch and the matching pateh!
The peak location'in the cross-power spectrum isiused to estimate thelsubpixel dis-

placement, which is then combined with the pixel-level displacement to obtain the

total displacement vector.
IIRGPEOO8GH 1 hodolozy HAENSEMmplemented and BYANENSINSIERAItasct
of SAR images, illustrate its effectiveness in accurately estimating the displace-

ment and velocity of surface features. The use of Gaussian pyramid-based template

matching, variable patch sizes, and deep learning models significantly enhances the
robustness and |accuracy of the velocity estimation, making it a valuable tool for

Template matching

Template matching

Template matching

Search Window

Figure 4.5: Template matching at different levels Iy, I; and Iy

4.5 Proposed algorithm for pixel level displace-

ment

P,cr: Reference patch, Wieqren: Search window, R: List of match locations with
scale. Wyt Optimized search window, flag: Matching strategy flag, Pucn: Best-

matched patch. ¢§: Dissimilarity score, d: Displacement vector, C}: Candidate

patches, Mgy, M3o: Pre-trained DMN models.
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4.5. PROPOSED ALGORITHM FOR PIXEL LEVEL DISPLACEMENT 17

Algorithm 1: Deep Patch-Based Displacement Estimation

1 X, Y, D, M <« 0;

2 fori=32to H— P — 32 step P do

3 for j =32 to W — P —32 step P do

4 Poep< Lli:i+Pj:j+ Pl

5 Wearen < Io[i —16 i+ P+ 16,7 — 16 : j + P + 16];
6 R < TemplateMatchGaussian(Pyes, Wiearch):

7 if R = () then

8 flag < 32;

9 Wopt — Wsearch;

10 else

11 Extract (z,y, h,w) from R;

12 Wopt <= Adjust window size from all x, y;

13 flag < 0;
14 (Prateh (f) + FindBestMatch (P, Wopt, Mo, M3, flag);
15 Append P,y to X, Ppaen to YV, 0 to M, d to D;

16 return X, ), D;

Algorithm 2: TemplateMatchGaussian

1 Build Gaussian pyramids G, Gy up to level L;
2 R« 0;

3 for! =01t L—1do

4 R <+ MatchTemplate(G;[l], Gr[l]);

5 Find max_value, max _location in R,

6 if max_val > threshold then

7 loc < 2! - mazx_loc;

8 Append (loc,l) to R;

9 return R;

Algorithm 3: FindBestMatch

1 if flag =0 then

2 Extract all 64 x 64 candidates C}, from W;

3 Predict dissimilarity scores 0y <= Mes(Preys, Ck);
4 C* < argming, 0y;

5 return (C*,location of C*);

6 else

7 Divide P, into four 32 x 32 subpatches;

8 for each subpatch do

9 R < MatchTemplate(Pre s, Wearch);

10 Extract local 64 x 64 search window from R;
11 Predict best match using M3o;

12 return (list of best matches, refined locations);
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Chapter 5

Experiments and Results

5.1 Model Selection and Trade-off Analysis

 Y34] To conduct our experiments, we selected a device equipped with an Intel(R) Xeon(R)

Gold 6254 CPU. Aiming to balance model accuracy and computational efficiency for
patch-based motion estimation in SAR imagery, we explored multiple lightweight
network architectures by varying the number of convolutional filters and the repe-
tition count of Dense Connection Blocks (DCB). The DCB structure—designed to
concatenate outputs across layers—facilitates feature reuse and enhances gradient
flow, helping the network maintain representational capacity even with a reduced

parameter count.

Our experiment focused on analyzing the influence of filter count, DCB repeti-
tions, total parameter size, and resulting test losses. Architectures using 32 filters
consistently outperformed those with 16 filters in terms of test loss. Notably, the
configuration with 32 filters and three DCB repetitions achieved the best perfor-
mance, recording the lowest test loss of 0.2115 with just 13,536 parameters. In
contrast, the same number of DCB repeats with only 16 filters yielded the highest
test loss (0.2224), reflecting reduced effectiveness.

This optimal model—with a moderate filter count and efficient DCB struc-
ture—demonstrated an effective trade-off between accuracy and model complex-
ity. While more compressed models exhibited slightly higher test losses, they risked
underfitting. The selected configuration, therefore, stands out as both computation-
ally lightweight and accurate, making it well-suited for high-resolution SAR imagery

applications where both precision and efficiency are essential.

18
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(Y16} 5.2, ANALYSIS OF PATCH SIZE AND THRESHOLD SELECTION IN TEMPLATE MATCHING1¢

®0 5.2 Analysis of Patch Size and Threshold Selec-
tion in Template Matching

In template matching for remote sensing imagery, patch size and similarity threshold
significantly influence accuracy and robustness. In this study, we used a hierarchical
approach based on Gaussian pyramids (levels = 4) with 64x64 patches extracted
from band 1 of Sentinel-1 SAR imagery and matched them against 96x96 search
windows in band 2 of size 13000 x 13000 pixels.

At a strict threshold of 0.8, the algorithm recorded 1297 matches and 5,746
non-matches, indicating high precision but moderate rejection. To recover addi-
tional matches, each unmatched 64x64 patch was subdivided into four 32x32 sub-
patches and re-evaluated with varying thresholdss values from 0.4 to 0.9. As shown

in Figure 5.1, match count decreases and non-match count increases with higher
thresholds.

This behavior highlights a trade-off between sensitivity and reliability. Lower
thresholds recover more matches but risk false positives, while higher thresholds
are overly strict. The results suggest that a thresholds, between 0.55 and 0.60
best balances recovery and accuracy, making it the preferred range for sub-patch

matching when primary patch matching fails.

5000 +
4000 <
., 3000 -
=
=
(=]
o
2000 4
1000 A
—8— Sub-Patch Match Count
Sub-Patch Mon-Match Count

0.4 0.5 0.6 0.7 0.8 0.9
Thresholds,

Figure 5.1: Sub-Patch Matching for Thresholdg, = 0.8 with varying Thresholds,
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®o 5.3 Root Mean Square Error (RMSE)

®0 The Root Mean Square Error (RMSE) is a widely used metric for quantifying the
differencerbetiveen predicted values aidlactual observations. Iffisicalculated as he
square root of the average of the squared differences between the predicted and
observed values. The formula is given by:

RMSE =

Sl

where §; represents
of observations. RMSEiS especially effective in highlighting larger errors, as it

penalizes them more heavily, making it a reliable indicator of significant prediction

deviations.

Figure 5.2 presents the RMSE values across varying noise variances for three im-
age matching techniques: Centroid Normalized Cross-Correlation (Centroid NCC),
Deep Matching Network (DMN), and the Proposed Method, which incorporates
adaptive search window and patch sizing within the DMN architecture.

Among the three, Centroid NCC consistently yields the highest RMSE values,
reflecting lower accuracy in matching performance. The DMN method shows im-
proved results with generally reduced RMSE, indicating greater robustness to data
variation. The Proposed Method achieves the lowest RMSE across all variance lev-
els, demonstrating that dynamic adjustment of search window and patch size within

the DMN framework leads to more accurate and reliable image matching outcomes.

18

—&— Centroid_NCC
—o— DMN
—=— Proposed_Method

,__—-4-———4'\.’_‘
1.6 | ] | ‘

1.4 4

RMSE

12

ol T T T—

0.00 0.02 0.04 0.06 0.08 0.10
Multiplicative Noise Variance

Figure 5.2: RMSE for different Multiplicative Variance Noise for different image
matching methods
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5.4. ANALYSIS OF TIME 21

5.4 Analysis of time

This section evaluates the computational efficiency of three image matching tech-
niques applied to SAR imagery of size 1152 x 1152 pixels: Centroid Normalized
Cross-Correlation (Centroid NCC), Deep Matching Network (DMN), and a Pro-
posed Method that integrates adaptive search window and patch size selection within
the DMN framework. The relationship between noise variance and computation time

is illustrated in Figure 5.3.
The DMN approach exhibits a consistently high computation time across all

noise levels, indicating that its processing load is largely unaffected by input vari-
ability. This stability suggests that the method’s complexity stems from its internal

architecture, rather than the characteristics of the data.

In contrast, the Proposed Method shows a more adaptive response to noise.
Although it experiences a slight rise in computation time at lower variance levels,
the increase plateaus with higher variance, reflecting its robustness and efficiency in
dealing with noisy inputs.

The Centroid NCC technique stands out for its consistently low computation
time, highlighting its computational simplicity. However, its noticeable sensitivity
to minor noise changes at lower variance levels suggests that it may lack scalability

and resilience in more complex or degraded conditions.

Overall, the Proposed Method provides a balanced trade-off—delivering im-
proved efficiency under noise while preserving performance—whereas DMN ensures
consistent but costly processing, and Centroid NCC prioritizes speed over robust-

ness.
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Figure 5.3: Time taken vs Multiplicative Noise Variance for different image matching
methods.
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5.5 Results

The velocity magnitude maps generated by various methods provide crucial insights
into the dynamics of glacier movement. The Centroid Normalized Cross-Correlation
(NCC) method tends to produce broader, more generalized motion patterns. Due to
its dependence on basic correlation operations, it often overlooks finer motion details
and is more susceptible to noise and surface texture variations, resulting in lower
estimation accuracy. In comparison, DMN uses the capabilities of deep learning to
identify spatial patterns and variations in SAR imagery. This leads to significantly
more detailed and accurate velocity estimations, as the model learns to interpret
complex visual within the data.

The Proposed Method enhances this further by incorporating adaptive search
window and patch sizing within the DMN framework. By tailoring its parameters
to the local characteristics of the image, it achieves a more precise and nuanced
depiction of glacier motion. This flexibility proves particularly advantageous under
varying noise conditions and heterogeneous surface structures, making the method
both robust and well-suited for reliable glacier monitoring. Figure 5.4 illustrates the

velocity magnitude maps generated by each approach.

®e (a) Velocity magnitude map using (b) Velocity magnitude map using
Centroid NCC DMN

(€) Velocity magnitude map using Pro-
posed Method

Figure 5.4: Velocity magnitude maps using different methods
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Chapter 6

Conclusion and Future Work

In this study, we introduced a Proposed Method that adapts the search window and
patch size within the Deep Matching Network |(DMN) framework for 'SAR image
matching, This method outperforms traditional approaches like Centroid Normal-
ized Cross-Correlation and standard DMN in computational efficiency and robust-
ness to noise. The adaptability of the Proposed Method enhances accuracy and
ensures efficient resource utilization, making it promising for large-scale SAR image
processing. When we processed with GPU, DMN and Proposed Method consumes
similar time.

Future research can focus on several areas to build on the strengths of the Pro-
posed Method. Enhancing the adaptive mechanisms using advanced machine learn-
ing techniques could further improve performance. We can apply attention based
architecture which can predict patch matching that should be light weight which
can removes unnecessary computations. Integrating the method with other imag-
ing modalities and sensor data could expand its applicability. Developing real-time
implementations and optimizing the method for speed and scalability are crucial
next steps. Additionally, extensive validation and testing across diverse datasets
and scenarios will establish the method’s reliability. Exploring parallel processing
techniques, such as GPU acceleration, could enhance computational efficiency, en-
abling faster processing of large SAR images. To reduce computation we can use

distributed system, which also enables parallelization.

23
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