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Abstract

Synthetic Aperture Radar (SAR) technology offers a robust solution for monitoring

glacier surface motion, particularly in 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

(DMN), which learns patch-pair correspondences in an end-to-end manner. Unlike

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 results 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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Chapter 1

Introduction

1.1 Literature Survey

On 7 February 2021, a catastrophic event of mass flow descended the Ronti Gad,

Rishiganga, and Dhauliganga valleys in Chamoli, Uttarakhand, India, 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 texture patterns present on glacier surfaces and the inherent 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 is

trained end-to-end to learn patch correspondences directly, 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 Our 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.

1

1

3

9
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Chapter 2

Related Theory

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

image structure at various scales, enabling robust multi-resolution analysis in a wide

range of computer vision applications.

Let I0(x, y) denote the original image at level 0 of the pyramid. The Gaussian

pyramid {Ik(x, y)}Nk=0 is constructed using the following recursive relation:

Ik(x, y) =
2∑

m=−2

2∑
n=−2

G(m,n) · Ik−1(2x+m, 2y + n), for k = 1, 2, . . . , N (2.1)

where Ik(x, y) is the image at level k of the pyramid. G(m,n) is the Gaussian

kernel, typically a 5×5 or 3×3 matrix that defines the weights for smoothing. The

downsampling is performed after convolution, effectively halving the image size at

each level.

2

25

38

40

30
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2.2. TEMPLATE MATCHING 3

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

of two 1D Gaussians. A common choice for a 5×5 Gaussian kernel with standard

deviation σ is:

G(x, y) =
1

2πσ2
exp

(
−x2 + y2

2σ2

)
(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

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

2.2 Template Matching

Template matching [5] is a fundamental technique in image processing and computer

vision used to locate a specific pattern or object (called the template) within a

19

9
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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(x, y) represent the input image and T (x′, y′) be the template image of size

w × 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:

R(u, v) =

∑w−1
x′=0

∑h−1
y′=0

[
T (x′, y′)− T̄

] [
I(x′ + u, y′ + v)− Īu,v

]√∑w−1
x′=0

∑h−1
y′=0

[
T (x′, y′)− T̄

]2 ·√∑w−1
x′=0

∑h−1
y′=0

[
I(x′ + u, y′ + v)− Īu,v

]2
(2.3)

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

the template is being compared. T̄ is the mean of the template pixel values. Īu,v 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 an 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 ×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 ϕl(·) denotes the activation of layer l in VGG16, the perceptual loss is

Lperc =
∥∥∥ϕl(Î)− ϕl(I)

∥∥∥2
2
,

where Î is the reconstructed image and I 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 to 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

LG = λ1LL1 + λpercLperc + λadvLadv,

where LL1 = ∥I − Î∥1 where original SAR image represented by I, reconstructed

image represented by Î and Ladv is the adversarial GAN loss. A typical choice is

to set λ1 ≫ λperc ≥ λadv, prioritizing low-frequency accuracy while still benefiting

from perceptual and adversarial terms [9, 8].

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 10−4 and momentum

β1 ≈ 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.

Figure 3.1: Marked box is our study area (Yangong Glacier)

6
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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:

• Model 1: Input shape (64, 64, 1)× 2

• Model 2: Input shape (32, 32, 1)× 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× 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 × 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 × 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×
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:

• Input Image: I ∈ R1×256×256 — a single-channel SAR patch with pixel values

normalized to the range [0, 1].

• Binary Mask: M ∈ {0, 1}1×256×256 — randomly generated during training

to simulate occluded regions.

• Masked Input: Imasked = I · (1−M) — the final input to the generator, with

missing areas there value will be zero.

The generator receives both the masked image Imasked 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× 13000 pixels. To make the data manageable and suitable for

deep learning, the image is divided into non-overlapping patches of size 256 × 256

pixels. This will give total of 50 × 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.

13
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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-

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.

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

12
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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.

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.

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

1
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12 CHAPTER 4. METHODOLOGY

4.2 Deep Learning Models

4.2.1 Deep Matching Network for SAR Image Matching

The DMN combines a feature extraction network with a metric network use to handle

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:

xk = S([x0, x1, ..., xk−1])

where S(·) includes convolution, and ReLU. Each output is:

f l
j = σ

(∑
i

f l−1
i ∗ ωl

ij + blj

)

with σ(x) = max(0, x) as the ReLU function. The DMN uses a Siamese structure to

process input patch pairs (xi, yi) from SAR images X and Y . Both branches share

weights and output deep features x̂, ŷ that are compared by the metric network.

The similarity between features is computed using the Euclidean distance (DW ):

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

L =
1

2N

N∑
n=1

label ·D2
W + (1− label) ·max(0,m−DW )2

Here, label = 1 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

separates non-matched ones beyond a threshold. Figure 4.3 shows the network

structure.

Figure 4.3: Proposed framework of a deep matching network
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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 T1 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 T1 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.

Figure 4.4: (a) Original SAR Image (b) Masked Image (c) Binary Mask (d) Simu-
lated SAR image

29
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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 Ω denote a square neighborhood centered at the peak of the correlation

surface, typically of size 5×5 pixels. The subpixel offsets (∆a,∆b) from the integer-

valued peak location are calculated as:

∆a =

∑
a,b∈Ω a · C(a, b)∑
a,b∈ΩC(a, b)

, ∆b =

∑
a,b∈Ω b · C(a, b)∑
a,b∈Ω C(a, b)

(4.1)

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

within the window Ω, and C(a, b) denotes the correlation value at position (a, b).

Only those correlation values that are greater than the local mean within Ω are

considered to enhance robustness against noise.

Displacement Estimation

To begin with, SAR intensity images of size 1152 × 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 × 64 pixel patches. For each reference

patch, a search is performed in a 96 × 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× 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.

1

1

1
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4.4. PROPOSEDMETHODOLOGY FORVELOCITY 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 T1 and T2 are divided into

smaller patches, typically of size 64 × 64 pixels in both the x and y directions,

to simulate potential displacements. Gaussian pyramids constructed for both the

reference patch from the T1 image and the search window from the T2 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× 64 patch size, we switch to a

smaller patch size of 32×32. 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-

1
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16 CHAPTER 4. METHODOLOGY

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 of the reference patch and the matching patch.

The peak location in the cross-power spectrum is used to estimate the subpixel dis-

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

total displacement vector.

The proposed methodology has been implemented and evaluated using a dataset

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

various applications in remote sensing and environmental monitoring.

Figure 4.5: Template matching at different levels I0, I1 and I2

4.5 Proposed algorithm for pixel level displace-

ment

Pref : Reference patch, Wsearch: Search window, R: List of match locations with

scale. Wopt: Optimized search window, flag: Matching strategy flag, Pmatch: Best-

matched patch. δ: Dissimilarity score, d⃗: Displacement vector, Ck: Candidate

patches, M64,M32: Pre-trained DMN models.

1

7

13

12

39

Page 32 of 41 - Integrity Submission Submission ID trn:oid:::3618:100536323

Page 32 of 41 - Integrity Submission Submission ID trn:oid:::3618:100536323



4.5. PROPOSED ALGORITHM FOR PIXEL LEVEL DISPLACEMENT 17

Algorithm 1: Deep Patch-Based Displacement Estimation

1 X ,Y ,D,M← ∅;
2 for i = 32 to H − P − 32 step P do
3 for j = 32 to W − P − 32 step P do
4 Pref ← I1[i : i+ P, j : j + P ];
5 Wsearch ← I2[i− 16 : i+ P + 16, j − 16 : j + P + 16];
6 R ← TemplateMatchGaussian(Pref ,Wsearch);
7 if R = ∅ then
8 flag ← 32;
9 Wopt ← Wsearch;

10 else
11 Extract (x, y, h, w) from R;
12 Wopt ← Adjust window size from all x, y;
13 flag ← 0;

14 (Pmatch, d⃗)← FindBestMatch(Pref ,Wopt,M64,M32, f lag);

15 Append Pref to X , Pmatch to Y , δ toM, d⃗ to D;

16 return X ,Y ,D;

Algorithm 2: TemplateMatchGaussian

1 Build Gaussian pyramids GT , GI up to level L;
2 R ← ∅;
3 for l = 0 to L− 1 do
4 R← MatchTemplate(GI [l], GT [l]);
5 Find max value, max location in R;
6 if max val > threshold then
7 loc← 2l ·max loc;
8 Append (loc, l) to R;

9 return R;

Algorithm 3: FindBestMatch

1 if flag = 0 then
2 Extract all 64× 64 candidates Ck from W ;
3 Predict dissimilarity scores δk ←M64(Pref , Ck);
4 C∗ ← argmink δk;
5 return (C∗, location of C∗);

6 else
7 Divide Pref into four 32× 32 subpatches;
8 for each subpatch do
9 R← MatchTemplate(Pref ,Wsearch);

10 Extract local 64× 64 search window from R;
11 Predict best match using M32;

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

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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5.2. ANALYSIS OF PATCH SIZE AND THRESHOLD SELECTION IN TEMPLATEMATCHING19

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 64×64 patches extracted

from band 1 of Sentinel-1 SAR imagery and matched them against 96×96 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 64×64 patch was subdivided into four 32×32 sub-

patches and re-evaluated with varying threshold32 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 threshold32 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.

Figure 5.1: Sub-Patch Matching for Threshold64 = 0.8 with varying Threshold32

16
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20 CHAPTER 5. EXPERIMENTS AND RESULTS

5.3 Root Mean Square Error (RMSE)

The Root Mean Square Error (RMSE) is a widely used metric for quantifying the

difference between predicted values and actual observations. It is calculated as the

square root of the average of the squared differences between the predicted and

observed values. The formula is given by:

RMSE =

√√√√ 1

n

n∑
i=1

(ŷi − yi)2

where ŷi represents the predicted value, yi the true value, and n the total number

of observations. RMSE is 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.

Figure 5.2: RMSE for different Multiplicative Variance Noise for different image
matching methods

4

5

15

Page 36 of 41 - Integrity Submission Submission ID trn:oid:::3618:100536323

Page 36 of 41 - Integrity Submission Submission ID trn:oid:::3618:100536323



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 × 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.

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.

(a) Velocity magnitude map using
Centroid NCC

(b) Velocity magnitude map using
DMN

(c) 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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