Building Segmentation In Remote Sensing Images Using
Region Merging Approach With Convolutional Neural

Network-Based Model

ASIM SHOAIB

MASTER OF SCIENCE (COMPUTER SCIENCE)

FACULTY OF INFORMATION AND COMMUNICATION

TECHNOLOGY

UNIVERSITI TUNKU ABDUL RAHMAN

April 2025



© 2025 Asim Shoaib. All rights reserved.

This dissertation is submitted in partial fulfilment of the requirements
for the degree of Master of Science (Computer Science) at Universiti Tunku
Abdul Rahman (UTAR). This dissertation represents the work of the author,
except where due acknowledgment has been made in the text. No part of this
dissertation may be reproduced, stored, or transmitted in any form or by any
means, whether electronic, mechanical, photocopying, recording, or otherwise,
without the prior written permission of the author or UTAR, in accordance with

UTAR's Intellectual Property Policy.



DECLARATION

I Asim Shoaib hereby declare that the thesis is based on my original work except
for quotations and citations which have been duly acknowledged. I also declare
that it has not been previously or concurrently submitted for any other degree at

UTAR or other institutions.

il



DEDICATION

I am dedicating this thesis to my family members and specially to my Parents.

il



ACKNOWLEDGMENTS

I express my deepest gratitude and respect for my main research advisor,
Ts. Dr. Mogana A/P Vadiveloo. Her patience, encouragement, and continuous
support have been pivotal in helping me find a clear path forward. Dr. Mogana
A/P Vadiveloo has listened to my challenges patiently and pushed me to address

them, making me a better researcher and learner.

I would also like to express my deepest thanks to my co-supervisor Ts.
Dr. Lim Seng Poh for his unwavering support and guidance. He has been a
friendly supervisor and his contributions has been invaluable to the success of

my research work.

I am also thankful to Dr. Manoranjitham A/P Muniandy for
recommending me for this opportunity. I also thankful to Engr. Salman Javed,
Engr. Hasnain Sultan, and Engr. Muhammad Tarique Lakhiar for their technical
guidance and support. Their contributions have been invaluable to the success

of my research work.

I am also insistently and truly thankful to my parents “Muhammad
Shoaib Khan and Yasmeen Bibi”, for their love, and unwavering support
throughout my Master's journey. However, I must especially acknowledge my
parents, whose sacrifices, guidance, encouragement, and endless prayers have
been the cornerstone of my academic achievements. My parent’s selflessness
and dedication to my well-being have been a constant source of inspiration,
reminding me of the importance of resilience and determination in the face of

challenges. My parents unwavering belief in me has instilled a sense of

1Y



confidence and determination that has been pivotal in my success. For my

parents unwavering love, guidance, and sacrifices, I am forever grateful.

I would also like to thank my siblings, but especially my sister Ms.
Shahana Shoaib, and my brother-in-law Ahmad Jamal, for their financial and
emotional support and encouragement throughout this journey. Their trust in
my capabilities and their push to achieve my goals has been paramount to my

Success.

Special thanks to the Universiti Tunku Abdul Rahman for provision of
financial support based on research scholarship scheme (RSS) grant (Vote
No.6550/1MO01). It has been an honor to be a Master's student in the Department
of Computer Science of Faculty of Information and Communication

Technology, Universiti Tunku Abdul Rahman, Malaysia.



BUILDING SEGMENTATION IN REMOTE SENSING IMAGES
USING REGION MERGING APPROACH WITH CONVOLUTIONAL

NEURAL NETWORK-BASED MODEL

By

ASIM SHOAIB

A thesis submitted to the Department of Computer Science,
Faculty of Information and Communication Technology,
Universiti Tunku Abdul Rahman,
in partial fulfillment of the requirements for the degree of
Master of Science (Computer Science)

April 2025

Vi



ABSTRACT

BUILDING SEGMENTATION IN REMOTE SENSING IMAGES
USING REGION MERGING APPROACH WITH CONVOLUTIONAL

NEURAL NETWORK-BASED MODEL

ASIM SHOAIB

Image segmentation is a process used to delineate objects in an image as regions
of interest (ROIs). Poor delineation can lead to over segmentation (OS),
resulting in creation of small regions that do not represent meaningful
segmented ROIs. Region merging is one of the common approaches used to
prevent OS in images. This approach iteratively merges adjacent regions based
on merging criterion (MC) that defines the similarity of features between them.
In the existing research works, feature map of labelled images were generated
either manually or using a specialised software to derive MC. This process is
labour intensive and time consuming. Therefore, in this research MC is derived
with the assistance of convolutional neural network (CNN)-based deep learning
model to perform region merging without any human intervention. In this
research, AttentionU-Net model is used to generate feature map that is used to
derive MC for merging building regions in WHU remote sensing images
dataset. From experiments conducted, prominent features of building regions
which are colour, texture, shape, and edges were extracted from the feature map

vii



to derive MC. This MC is used for merging the OS regions generated by simple
linear iterative clustering (SLIC) algorithm. The proposed region merging
approach has achieved an average F-measure of 0.91 in segmenting building
regions in WHU remote sensing images. This is an improvement compared to
previous research work on region merging, which achieved an average F-
measure of 0.63 in delineating buildings regions in the same dataset. Moreover,
the proposed region merging approach has achieved an average goodness of
segmentation, Gg, of 0.92 compared to 0.83 average G, achieved by the
multiresolution segmentation (MRS) region merging approach in delineating
building regions in the WHU dataset. This comparison demonstrates the
efficacy of proposed approach in segmenting building regions in remote sensing

images without any human intervention.

Keywords: Remote Sensing Images segmentation; Over segmentation; Region
merging, Merging criterion; Convolutional Neural Network-based deep

learning model.

QA75.5-76.95 Computer Science
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CHAPTER1

INTRODUCTION

1.1 Background Study

In image processing, segmentation means the process of dividing an
image into distinct, non-overlapping regions. The aim is to segment these
regions into visual objects as perceived by the human perceptual system [1].
Generally, this segmentation is based on pixel features such as intensity, colour,
texture, shape, edges, and other attributes [2]. Moreover, mostly image
segmentation algorithms depends on two basic fundamental characteristics in
delineating visual objects as regions of interest (ROIs) in terms of pixel features
discontinuity and similarity [3]. Edge-based segmentation algorithms work
based on pixels features discontinuity. While, the region-based segmentation
algorithms are based on the pixel features similarity to generate homogeneous
segments [4]. According to [5], the region-based segmentation algorithms
generate segments that are aligned with object regions boundaries as compared
to edge-based segmentation algorithms. Additionally, in contrast to the edge-
based segmentation algorithms, the region-based segmentation algorithms are
less affected by the noise [5]. This is because in these algorithms, pixels are
evaluated within defined regions to form homogeneous region of interest (ROI).
By considering a larger context of regions, the algorithms can average out noisy
pixels. While edge-based algorithms rely on detecting boundaries between

regions, which can be disrupted by noise leading to inaccurate segmentation [6].



Numerous region-based segmentation algorithms exist [7] such as
region growing, watershed transform [8], the Felzenszwalb and Huttenlocher
(FH) [9], Compact Watershed (CW) [10], random walk [11], Mean Shift (MS)
[12], Quick Shift (QS) [13], and the simple linear iterative clustering (SLIC)
[14]. Generally, these segmentation algorithms begin by identifying pixels
having similarity of feature values then traverse until they reach the edge pixels
of object regions for delineation [15]. Among the mentioned algorithms, SLIC
[14] effectively delineates the regions in image compared to other region-based
segmentation algorithms [16]. This is because in SLIC, a parameter known as
the number of centroids, k has to be defined by the user. It controls the number
of regions that the algorithm will segment the image into allowing for improved
segmentation accuracy [14]. A higher value of parameter k 3000 [17] results in
smaller segments of regions being generated, while a lower k value of 250
produces larger numbers of regions [18]. However, SLIC can still lead to over
segmentation (OS), similar to other region-based segmentation algorithms [19].
Additionally, OS means the creation of small regions which do not provides
meaningful segmented objects regions in the image [20]. Hence, to prevent the
OS in the region-based segmentation algorithms, region merging approach is

commonly used [21].

Region merging is utilised by iteratively merging the over segmented
regions in order to form ROI [22]. Since this approach operates at the region
level, it captures detailed information about object features for merging,
compared to methods that work at the pixel level [23]. Furthermore, in region
merging approach, the merging is conducted based on similarity or dissimilarity

of features of regions selected for merging [24]. This measure of regions



features similarity or dissimilarity is known as merging criterion (MC) [25].
Region merging can be performed using a graph known as region adjacency
graph (RAG) [26]. In RAG, the over segmented regions are the nodes while the
MC depicts the edge connecting these nodes. Pairs of regions are merged

iteratively until the MC is satisfied [27].

Figure 1.1: Over segmentation and regions merging referred from [28]

The Figure 1.1 demonstrates the over segmentation (OS) issue and the
possible delineation for building ROI achieved through region merging.
However, there are still some parts of building are left to merged appropriately.
Resultantly, the regions merging has some limitations for delineating the

building boundaries accurately.

1.2 Problem Statement

In region merging approach, an iterative merging process is commonly
conducted between two adjacent regions using a merging criterion (MC) [26].
The MC is commonly derived from features of the two adjacent regions for
merging [27, 29]. However, this approach still results in over segmentation (OS)
[30]. This challenge has prompted researchers to propose various methods and

feature utilisations for deriving the MC in this approach [31, 32].



In recent years, researchers have used deep learning and machine
learning models to address the OS in region merging [25, 33]. The researchers
in [25] have used a deep learning model in the preprocessing phase to generate
over segmented region that effectively adheres to an object regions boundaries.
By this, model enhances the precision of the initial segmentation results for
accurate merging in the subsequent phase. In this work, a fully convolutional
dense U-Net (FCD U-Net) deep learning model is used with the SLIC algorithm
[14] to generate the over segmented regions in natural images for merging. This
model processes images through multiple hierarchical levels to capture detailed
features of regions which are then integrated with SLIC to generate the initial
over segmented regions that adheres to object boundaries. These regions were
represented in RAG then merged by statistical region merging (SRM) approach
in [34] producing the final segmentation results. However, a limitation of this
work is that deep learning is used only during the preprocessing phase for
generating the over segmented regions. A conventional region merging was
performed where the MC was derived only from colour, spatial and textures

features to merge the regions [34].

In another work, a machine learning model is used to derive MC to
perform merging [33]. In this work, the seeded region growing (SRG) algorithm
[35] is used for generating initial over segmented regions. While the region
merging is performed with random forest (RF) classifiers to segment building
regions in remote sensing images. The RF is trained with a substantial number
of labelled images which are collected based on human observation by using
shape, compactness, smoothness, band-mean spectral standard deviation, band-

mean square error, spectral heterogeneity, spectral angle, and edge features
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values. It then classifies the test images into binary results of 0 and 1. The MC
is derived from this classification results where pairs of regions labelled as 1 are
merged while regions labelled as 0 are not merged. This approach has produced
segmented buildings as ROI achieving a total error (TE) evaluation metric of
only 0.64 which reflects the overall segmentation quality. Moreover, it is

labour-intensive which limits its adaptability for generalisation.

While in [26], deep learning model is used to derive the MC for merging
regions. This work has employed a Siamese Network and proposed a shift-scale
transformer (S2Former) deep learning model to segment building as ROI in
remote sensing images. The S2Former model is trained on manually selected
positive and negative regions extracted from over segmented regions generated
by a multiresolution algorithm (MRS) [36]. In this work, the positive regions
correspond to buildings, while the negative regions refer to non-building object
regions. These regions are labelled with the assistance of specialised software
[26]. From these labelled regions of images, the S2Former transformer model
shall produce feature maps that are used to calculate the MC for merging. The
features used to derive MC consist of texture, shape, edge information,
compactness, brightness, and standard deviation and mean of each Red, Green,
Blue (RGB) channel. By the derived MC, the Siamese Network performs region
merging to delineate the buildings as ROI. Despite its sophisticated method, the
approach has a limitation in that software introduced in the work [26] can only
be used a limited number of times per day by users for producing the labelled
regions of images used for MC derivation. As a result, the method is both

dependent on human involvement and labour-intensive.



In [28] the authors have proposed a region merging approach for
segmenting buildings in remote sensing images using only labelled images to
derive the MC. The labelled images contain feature map of buildings identified
as ROI which are extracted using specialised software [28]. Despite that, image
analysts have to manually cross-checked the generated labelled images against
the original image to ensure accurate pixel matching. In this work, the MC is
derived from feature map of the labelled images containing buildings of
different colour, shapes, compactness and rectangularity feature values to
perform merging [28]. As a result, this approach heavily relies on human

intervention for the ROI delineation.

Hence, to address these issues, it is essential to explore the potential of
using a deep learning model to derive the merging criterion (MC) and perform
the merging process without human intervention, specifically for delineating

buildings as regions of interest (ROIs) in remote sensing images.

1.3 Research Objectives

The objectives of this research are as follows:

1) To extract prominent buildings features from the feature map

generated by a deep learning model to perform region merging.

2) To propose a merging criterion (MC) from the extracted features for
merging buildings into ROI in remote sensing images without human

intervention.



1.4 Research Scope

This research work focuses on delineating buildings in images as regions
of interest (ROIs). Hence, the dataset used in this research is a publicly
benchmarked high-resolution remote sensing images which is known as WHU
aerial buildings dataset [37]. Hereafter, this dataset shall be referred as WHU
buildings dataset. This dataset was chosen because high-resolution remote
sensing images provide the ability to convey detailed spatial information in
comparison to medium or low-resolution images. Moreover, these images
capture the structure, shape, and other features of geographical objects
effectively [38]. Furthermore, this dataset is a multisource collection of remote
sensing images which consists of aerial and satellite buildings for delineation

[37].

1.5 Research Contribution

The primary contribution of this research lies in deriving the merging
criterion (MC) from the features extracted from the feature maps generated
using deep learning model for merging. This research distinguishes itself from
previous studies [25, 26, 28, 33] which utilised various methods in deriving the
MC or to improve the final segmentation results. The earlier research work in
[25] has employed a deep learning model only in the preprocessing phase for
generating over segmented regions having aligned object region boundaries for
merging to improve the segmentation results. While in [26] and [33] although
the researchers have utilised deep learning and machine learning models to
perform region merging, the labelled regions of images are obtained through

specialised software for training these models in order to derive the MC.



Moreover, in [28], the labelled images containing building ROI feature map
generated by a specialised software are further manually cross-checked by
experienced professionals, known as image analysts. They compare these
images against the building regions in the original images to ensure accurate
pixel matching for the MC derivation. As a result, these approaches are labour-

intensive since they require human intervention.

In contrast, the region-merging approach proposed in this research
prevents the need for human intervention by leveraging a deep learning model
to generate feature map for buildings regions. Based on this map, prominent
features are extracted to derive the MC to merge the buildings regions as ROI

in remote sensing images.

1.6 Dissertation Organisation

In Chapter 2, literature review is performed on region-based
segmentation algorithms, CNN-based deep learning feature map generation for
ROI and region merging approaches. Moreover, merging criterion (MC),
features utilised for deriving MC and region adjacency graph (RAG) are
covered. In Chapter 3 methodology, besides description on overall approach,
the approach for comparison between different region-based segmentation
algorithms, and CNN-based deep learning models have been demonstrated.

Along with this, the experimental requirements have been demonstrated.

In Chapter 4, experiments of comparison are conducted on region-based
segmentation algorithms, CNN-based deep learning models, and feature
extraction approaches. In addition, preprocessing and hyperparameter settings

for CNN-based deep learning models are covered. Moreover, analysis of results
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is conducted to select best region-based segmentation algorithm for OS and
CNN-based deep learning model for feature map generation to propose MC in
Chapter 5. Moreover, in Chapter 5, MC is formulated and stated based on the
experimental results explained in Chapter 4. In addition, implementation and
discussion of proposed MC is provided. Furthermore, results and discussion are
demonstrated in form of Tables and Figures with the utilisation of proposed MC
during iterative regions merging process to propose region merging approach.
Finally, in Chapter 6, conclusion is demonstrated which contains the limitation
of proposed region merging approach in this research work, and possible future

work.



CHAPTER 2

LITERATURE REVIEW

2.1 Region-based Segmentation Algorithm

In literature, there are many image segmentation approaches are
proposed which are mainly divided into two main categories. These are the
edge-based segmentation algorithms and region-based segmentation
algorithms. Edge-based segmentation algorithms operate through determining
the discontinuity of pixel features. Region-based segmentation algorithms used
the similarity of pixel features to generate homogeneous regions [39].
Moreover, literature review on region-based segmentation algorithms has been
discussed. Meanwhile, variations of region-based segmentation algorithms have

been studied and discussed from subsections 2.1.1 to 2.1.4.

In literature, region growing is employed to achieve precise medical
image segmentation while addressing the issue of over segmentation (OS) [40].
In [41] authors utilised a region growing approach that utilises gradient and
variance as criterion to identify initial seed pixel and perform segmentation. The
authors in [42], employed region growing by utilising edge and smoothness
factors as criterion to identify initial seed pixels, subsequently applied seeded
region growing (SRG) approach to perform final segmentation. In [43], author
provides comparative review on region growing, seeded region growing (SRQG),
and improved seeded region growing (ISRG). The author mentioned that
improved SRG shows promising results. As mentioned earlier, the selection of

the initial seed in the SRG is critical, as it determines the overall segmentation
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outcome. In previous studies of [4], determine the initial seed through edge-
based segmentation, subsequently utilised the centroid as the initial seed to
perform final segmentation. The authors in [44], employed the Harris corner
detector to compute the initial seed pixels in SRG. In previous work [45], the
authors utilised automatic seeded region growing (ASRG) algorithm in which
the process of selecting initial seed pixel is selected automatically. While,
genetic algorithm was employed to conduct a search for the selection of initial
seed pixels. In [43], ASRG approach has been used for retinal image
segmentation. In [46] proposed a method that utilises the Felzenszwalb and
Huttenlocher (FH) algorithm [9] for the initial over segmentation (OS)
generation. Subsequently, an autoencoder model is proposed to perform the

final segmentation.

In previous work [47], the authors implemented Quick Shift (QS)
algorithm for image segmentation, using a density probability function to
connect each pixel to the next higher-density pixel. The function calculates
distances based on colour and spatial differences. Distances exceeding a defined
threshold are discarded, resulting in segments that correspond to the image
region of interest (ROI). Meanwhile, in another previous work [48] the authors
compared Region Growing, simple linear iterative clustering (SLIC) [14],
Watershed [49]. Mean Shift (MS) [50], FH [9] and Voxel cloud connectivity
segmentation (VCCS) [51] algorithms to generate over segmentation (OS) on
medical images. The evaluation metrics such as homogeneity, moment of

inertia, shape and size uniformity show that VCCS outperforms among others.
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Recently, the researchers in [52] [53] compared the efficacy of four
region-based segmentation algorithms in delineating images of medical [52]
and natural [53], respectively. Moreover, Felzenszwalb and Huttenlocher (FH)
[9], Compact Watershed (CW) [10], Quick Shift (QS) [13] and simple linear
clustering (SLIC) algorithm [14] were included in this group of algorithms. The
evaluation criteria were boundary recall (BR), under segmentation error (USE),
and achievable segmentation accuracy (ASA). Based on this, findings reveal
that boundary recall (BR) is much better among other three mentioned region-
based segmentation algorithms. The authors of references [54, 55] compared
the performance of FH, QS and the SLIC algorithms. The previous research
work [54], utilised unmanned aerial vehicle (UAV) images to segment vehicles.
The comparison was based on speed and accuracy as the evaluation and results
indicates that FH shows better performance as compared to QS and SLIC in
segmenting vehicles. Additionally, the authors in [56], compared FH, QS, and
SLIC and mentioned that QS performs best in order to generate over
segmentation (OS). The author in [55] utilised remote sensing images by
employing evaluation criteria which is adapted rand error (ARE). Moreover,
authors mentioned that the SLIC outperforms FH and QS algorithms in
segmenting building regions. The segmentation results demonstrates that the
boundaries of the image object regions were aligned correctly and obtains better

average values of ARE metric [55].

Hence, based on the findings of previous works [52, 54, 55] this research
work will utilised the FH [9], CW [10], QS [13] and SLIC [14] region-based
segmentation algorithms for comparison purposes to identify most suitable one

for generating initial over segmentation (OS) on WHU buildings dataset [37].
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2.1.1 Region Growing Algorithm and its Variations

According to authors in [57], region growing algorithm starts from a
pixel and grows iteratively in all directions to group the adjacent pixels on
satisfying merging criterion (MC). The pixels are labelled as a region that grows
based on the features characteristics similarity such as pixel intensity, colour, or
texture. The edge pixels are associated with that region where the pixel intensity
is the higher among its neighbours. In this right-left and top-down directional
movement, the higher intensity pixels are grouped first. Once all the high
intensity pixels grouped together, this generates a region. Then this process
continues with the lower intensity pixels, and the pixels having lower intensity
are compared with the higher intensity pixels and resultantly generates
boundaries and objects as segmented image [57]. Region growing algorithm has
the advantages of dividing regions with similar features and provides
comprehensive edge information, this resultantly helps in generating good
segmentation. While, the drawback is its excessive over segmentation (OS).

Additionally, noise and uneven features causes severe OS [58].

In literature various variations to region growing algorithm have been
proposed. Seeded region growing (SRG) proposed by [35], is a method that is
based on the traditional region growing concept of grouping pixels having
similarity within regions. It iteratively incorporates adjacent pixels that exhibit
similar features including colour, texture, or pixel intensity. The SRG is
characterised by its efficiency. However, its main drawback is the selection of

initial seed pixel. This process can result in inconsistent regions [59]. The final
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result of segmentation may differ with each execution, influenced by varying

seed selections, which indicates the algorithm sensitivity [60].

Furthermore, to address the issue in SRG algorithm, the Improved
Seeded Region Growing (ISRG) algorithm was proposed [61]. The ISRG is
based on a pixel order independence and was improving SRG. It is because SRG
has two inherent pixel order dependencies known as initial seed selection that
result in different or irregular generated segments after each execution. The
ISRG algorithm has the advantages of pixel order independence, and resultantly
generate accurate segmentation than SRG [61]. However, the main drawback of
ISRG being more complex than the SRG algorithm, it means that it is selecting
the specific points to start the process. Besides SRG and ISRG, another
improved variation of traditional region growing algorithm was proposed by
[62] known as Unseeded region growing (URG) algorithm. The URG algorithm
executes in 3x3 window and start from left to right and top to down. The main
advantage of URG is that it does not rely on initial selection of pixel known as
seeds as compared to SRG and ISRG, respectively. However, the drawback in
URG is that it is also difficult to start the execution at initial stages [63]. Another
improvement to region growing algorithm is known as automatic seeded region
growing (ASRG) [64], having similarities to SRG, with the exception that no
seed selection is required. The algorithm work as seed will be selected
automatically. As a result of being a region-based segmentation algorithm, this
algorithm generated better segmented regions. The issue in ASRG is that it will
produce different segmentation results each time because of automatic selection

of seed [59].
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The region growing algorithms and its variation leads to proposed other
approaches in which the image is represented as an undirected weighted graph.
Based on this concept, FH [9] was proposed. The process depends on the
selection of edges from graph, and similar pixels in graph represents the node
and dissimilarity among pixels are interlinked by the undirected edges. The
dissimilarity of neighbouring pixel referred as nodes is calculated by assigning
weights to each edge based on their feature values, which is used for further
merging process. Despite the fact that the FH algorithm produces over
segmented regions, but still the regions are aligned with the image objects

boundaries [9].

2.1.2 Watershed-based Algorithm and its Variations

Watershed algorithms segment images by a pixel-priority labelling in
which pixels of different priority can have different priority to be labelled. There
are mainly two such types of algorithms, immersion based and topographic
distance watershed. The concept of an immersion approach, as proposed in [65],
regards extensive simulation of water falling over a topographic surface,
accumulating in catchment basins delimited by watershed lines. The basins fill
and merge to bring in the boundaries of the final watershed until this process is
repeated. The watershed by [66] topographic distance defined as an over the
values or gradient magnitudes divides an image, so the image is seen as a terrain
with ridges and valleys, and the watershed lines are the boundaries between,
basins limited by watershed lines. As stated by [67], watershed algorithms have
closure and region connectivity as advantages, and have object boundaries well

aligned. However, these watershed-based algorithms suffer from the problem
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of excessive over segmentation (OS) and issues due to noise effects in image

regions [67].

As a variation of watershed-based, a marker-controlled watershed
algorithm is proposed in [68]. The algorithm uses a prioritised queue set from
pixel intensity values. Adding first the pixels to two queues which are Q1 of
higher and Q2 for lower pixel intensity. It repeats until a queue is not filled with
all pixels. Based on this, marker would be the local minimum or a pixel with
the lowest intensity. Moreover, markerless pixels are assigned to the closest
marker in order to traverse the process. This algorithm works well but suffers
from over segmentation (OS) in which regions become smaller, more
complicated shapes and less compact in size [69]. The Compact Watershed
(CW) algorithm [10] is the improvement of marker-controlled watershed
algorithm [68]. It was subsequently refined by the authors in previous research
work referenced as [10]. The authors of the CW algorithm utilised the approach
of data structure from marker-controlled watershed approach discussed in
reference [68]. Based on that, the authors in [10] incorporated Euclidean
distance function and the compactness to assign the non-marker pixels to the
marker pixels. As a result, regions that are divided into smaller parts are both

compact and have a regular shape [10].

2.1.3 Density-based Algorithm and its Variation

Mean shift (MS) is a density-based algorithm which is originally
proposed by [12]. This algorithm estimates the density of pixels in an image by
connecting each pixel with a probability density peak. This density peak is

calculated by first creating a window around the pixel and then calculating the
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average of the pixels that fall inside the window. Later, the window is moved to
the mean point, and the process is repeated until convergence. The advantage of
mean shift algorithm is that this algorithm uses a specific kernel where the
number of clusters is determined automatically. According to authors in [70]

the drawback of MS algorithm is its long execution of process.

Quick Shift (QS) algorithm [13] is another density-based algorithm
which shifts each pixel in feature space to nearest neighbour for segmentation.
Moreover, shifting procedure is based on a weight computed from two adjacent
pixels in feature space. Furthermore, weight is a calculated measure for density
estimation of either similarity or dissimilarity between adjacent regions. In
addition, QS utilises a 5-dimensional (5D) feature space incorporating colour
information and pixel position within the features space. In QS, one tree node
corresponds to each pixel. Next, all these nodes are regenerated by pruning of
tree branches whose weights are above a predefine threshold in order to create
segmented region. It is because a weight between two adjacent pixels in QS is
based on density estimation of the 5D feature space having pixels and over
segmented regions obtained closely match a boundaries of image objects [13].
The advantages of QS include speed, and simplicity, which are used to generate
uniformed image object boundaries and to reduce the number of under

segmentation (US) and over segmented regions, as stated in [18].

2.1.4 Clustering-based Algorithm

One particular type of clustering-based is SLIC [14]. As stated by
authors of [71], the SLIC algorithm is an adaption of the well-known k-means

clustering approach. Also, SLIC runs on the concept that an image contains N
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pixels already partitioned into R regions of equal size beforehand. The region
of equal-size is approximately N/R pixels in each one. The SLIC algorithm also
initialises centres of clusters through pixels that are approximately equal in size,
and reside near an approximate region. It then determines those corresponding
pixels in a 2 X 2 neighbourhood that are similar and associates them with their
respective cluster centres. The process also calculates the values of the new
cluster centres. For each iteration, the average of similar pixels in each

approximately equal-sized region determines the cluster centre. Furthermore,

average distance between two cluster centre will be calculated by D = /(N /R).
Thus, the whole process goes on in a repeat manner until all the pixels and
regions of equal size are considered. After all the pixels have been traversed the
process comes to an end. SLIC clusters pixels based on pixel intensity, which
occurs in 5D feature space. The authors in [14] indicated that the SLIC
algorithm requires only a single parameter which is k. This parameter represents
the number of segments to be generated. As discussed in [14], the SLIC
algorithm divides the image into segmented regions having well with object

boundaries in an image [14].

2.2 Region Merging Approach

According to [26], the region merging approach progressively merging
the over segmented regions to generate final segmentation having aligned
region of closed boundaries [22]. Region merging process is divided into the
graph-based, statistical-based, and marker-based region merging approach [72].
According to several previous research works [22, 25, 28, 33], graph-based

region merging is easy to implement as compared to other two approaches. The
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region merging approach is mostly influenced by the three key factors. First
factor is the merging criterion (MC), which defines the similarity of
neighbouring regions. Furthermore, the second factor is the order of merging,
which decides in what order regions should be merged. Lastly, the region model,
which represents over segmented regions [26]. Moreover, region merging

model and MC are discussed in Sections 2.2.2 and 2.2.2.1, respectively.

According to author in [22], in region merging, the merging order can
be categorised into three types depending on the merging strategies which are
local, global, and hybrid region merging (HRM). In local-oriented region
merging approach, similar neighbouring pairs of regions are merged based on
defined criterion. According to [22], the global-oriented region merging
approach works as the regions that are globally best fitted are merged during
merging process at each iteration. The iterative searching and merging continue
until finish the over segmented regions. The process of finding the global best
fit regions searching takes time [22]. While, the integration of global- and local-
oriented merging strategies are referred to as HRM. The global merging strategy
of a growing region in HRM is defined by starting with some pair of
neighbouring regions that are the most similar in the global sense. Next,
merging most similar region neighbours of a growing region is performed

following the local-oriented merging strategy [22].

As previous research works [22, 23, 73, 74] have utilised graph-based
region merging method and employed four prominent features such as colour,
texture, shape, and edge to derive MC and perform iterative merging process.

Hence, the proposed approach in this research work will utilise graph-based
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region merging method and four prominent features to derive MC to perform

region merging.

2.2.1 Review of Region Merging Approaches on Remote Sensing

Images

In this subsection, a summary of literature has been presented in Table
2.1 having region merging approaches utilised for remote sensing images. The
reference [26] utilised remote sensing images and proposed deep learning model
to perform buildings segmentation. The MC is derived from different features
such as texture, colour, edge, smoothness, mean value of pixels. The metrics
utilised to evaluate the proposed deep learning-based region merging approach
are F-measure, precision, recall, and total error. The results shows that the
proposed approach of [26] achieved better results in delineating building
regions. Afterwards, reference [28] as demonstrated in Table 2.1 utilised WHU
buildings dataset and proposed region merging approach to delineate building
regions. The approach utilised F-measure, precision, and recall metrics to
evaluate the approach. The results indicate the better segmentation accuracy for
building delineation. In reference [23], authors utilised synthetic aperture radar
(SAR) images and proposed region merging approach. The texture and
statistical values such as mean and standard deviation are utilised to derive MC.
The results show superior performance in terms of evaluation by employing F-
measure, precision, and recall. In [33], authors utilised remote sensing images
and proposed machine learning-based region merging approach. The random
forest classifier is used to decide merging. The classifier act as MC and perform

region merging. The results indicate better performance of the proposed
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approach in [33]. Furthermore, [75], utilised remote sensing images and
proposed region merging approach. The work derives MC from edge feature.
The approach was evaluated by employing F-measure, precision, and recall,

where the results indicate the proposed approach perform well.
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Table 2.1: Summary of region merging approaches for remote sensing images segmentation

Ref. / Year Dataset / Initial MC Features Metrics Pros Cons
Image Type Segmentation
[26] RGB images of | Multi-resolution | Texture, statistical, | F-Measure, Proposed method Features of a newly
Arizona, U.S., | Segmentation shape features, precision, shared the merged superpixel
/
(e.g., (MRS) algorithm | standard deviation | recall. significance of can cause inefficiency
(2024) WorldView, 28 of each band, mean accurately delineating | in region merging if
y g g ging
Total Error,
QuickBird, value of each band, building ROI having | they are re-extracted

IKONOS, etc.)

shape indicator,
compactness,
brightness, border
indicator, and

resizing factors.

global over
segmentation
error (GOSE),
global under
segmentation

error (GUSE).

merging criterion
(MC) defined through

deep neural network.

by the pre-trained

model.
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[28] WHU Watershed Homogeneity, F-measure. Used building An image analyst
Buildings transform heterogeneity, and | precision, features for threshold | digitized the building
/
dataset / algorithm illumination. recall. which shows features map.
(2022) Remote reasonable
Manually delineated
Sensing Images segmentation
ground truths (GTs)
accuracy.
of buildings.
[76] Three synthetic | Initial Over Statistical similarity | F-measure. Utilised only texture | The final results have
aperture radar | segmentation measure (SSM), precision, features and perform | over segmentation in
/
(SAR) images | based on Texture pattern recall. segmentation on the village and urban
(2021) with manually | multiscale similarity measure satellite images, regions in images
Variation of
annotated Bhattacharyya (TPSM) with the resulting better which corresponds to
information
approach. relative common segmentation results.
(VOI), rand
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boundaries of boundary length index (RI), and incorrect segmented
regions. penalty (RCBLP). | segmentation regions.
covering
criterion (Cov).
[33] Chinese remote | Seeded Region 8 merging Global over Proposed method is The challenge in this
/ sensing satellite | Growing (SRG) | criterions contains | segmentation | the significantly work is training the
images, algorithm. following features; | error (GOSE) | different from Random
(2020) Gaofen-2. region size, and a global traditional approaches | Forest classifier, as
Compactness, under such that the machine | obtaining test
Smoothness, Band- | segmentation learning classifier is | samples throughout
mean spectral error (GUSE). | utilised to take the the iterative region

standard deviation,
Spectral

heterogeneity,

final decision about
the merging of

regions with the

merging process
requires humerous

human-computer

24




Band-mean square

assistance of different

interactions, even for

error, Spectral MCs. a small image.
angle mapper, and
edge strength.
[75] Spaceborne SLIC algorithm | Edge Information, | F-measure, No need of Used only edge map
/ PoISAR dataset and Homogeneity | precision, parameters during features for merging
/ Remote measurement recall. running time. criterion derivation.
(2020) Sensing Images (HoM)
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2.2.2 Graph-based region merging

The graph-based region merging method is outlined in previous research
work reference as [77]. This method works by the consideration of initial over
segmented regions as graph having edges demonstrating intensity differences
between regions. The difference is computed by the minimum weight edge
connecting any two adjacent regions. The region adjacency graph (RAG) is one
of the graphs used for performing merging. It is further elaborated in below

subsection 2.2.2.1.

2.2.2.1 Region Adjacency Graph (RAG)

The region merging process executed via RAG [26]. Using the RAG, an
over segmented image can be represented as an undirected graph such as G =
(V, E) as shown in Figure 2.1 (a). While, V' represents an over segmented regions
as a set of nodes, and E is a set of edges connecting adjacent nodes. There will
be an edge connecting the two nodes if they are next to each other or adjacent.
Furthermore, as shown in Figure 2.1 (b), each edge has the corresponding edge
weight to calculate the similarity or dissimilarity between two nodes [26].
Below image in Figure 2.1 (a) is over segmented via SLIC having parameter of

k=100, and RAG Graph is generated from over segmented regions.
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2.2.2.1 Merging Criterion (MC)

In region merging approach, the formation of an appropriate merging
criterion (MC) is essential for effective segmentation. Additionally, the one of
the important aspects in region merging approach is to merge over segmented

regions iteratively using the MC [22]. According to authors in [4, 29], MC
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measures how similar the regions are and is used to determine whether a merge
is desirable. In previous research works [33], a region merging approach based
on machine learning is proposed, where a random forest (RF) classifier
determines the merging by using various combinations of feature information
as input to the binary classifier. This classifier act as MC to decide whether
merging is feasible or not [33]. In [25], a deep learning based approach for
deriving MC in unsupervised region merging segmentation is introduced, using
the FCD U-Net model to extract feature maps. The model processes the input
image at multiple levels in its hierarchical structure, generating feature map that
capture various visual features. These feature maps are then used by the SLIC
algorithm to improve region-based segmentation. The region merging approach
takes these over segmented regions as input and merges them iteratively to
create segmented regions. In another research work [26], the author presents a
novel region merging approach that utilises deep learning. The proposed
approach involves employing a Siamese network with a S2Former model as its
backbone. The MC is derived based on deep learning model for iterative regions

merging.

In literature four prominent features are mostly utilised to formulate MC
which are colour, texture, shape, and edge. For instance, the research works [25,
33, 73] have utilised the combination of colour, texture, shape, and edge feature
for deriving MC to perform iterative region merging. In previous work [25],
authors proposed MC comprised of four features mentioned above and named
as high dimensional feature vector (HDFV). While, [25] utilised different colour
spaces along with red, green, blue (RGB), for texture feature extraction Gabor

Filters has been employed, for shape feature an area attribute has been
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considered, and for edge feature a spatial location has been identified of pixels.
The authors in [73] used colour, texture, and edge information which were
extracted through Canny edge detector and employed in MC. In another work
[33], 8 MCs were derived and categorised into three groups such as geometry,
spectral, and spatial context-based [33]. The method in [73] incorporates both
within-segment and between-segment differences, while also considering
segment area and common boundaries to derive MC and resultantly enhance the
segmentation process [23]. The authors in [78] utilised watershed algorithm to
generate initial over segmentation (OS) and subsequently employed region
merging approach to reduce OS. The MC defined in work is based on the
combination of the region homogeneity and edge integrity. Then RAG is created
from OS and MC is applied to perform iterative merging process. The authors
in [24] proposed region merging approach for remote sensing image
segmentation. The MC named as reference merging criteria group (RMCG) was

utilised and derived from spectral and spatial heterogeneities of region.

2.3 Feature Extraction

In literature, number of strategies are provided for feature extraction,
with certain techniques relying on colour, texture, geometric, and statistical

features as demonstrated in Figure 2.2 referred from previous work [79].

29



Feature Vector

l

Colour Texture Geomelry Statistical
[ 1 1 |
Colour Histogram Colour Moment Gabor GLCM Area Perimeter Energy Contrast
Average RGB Centroid
[ |
Mean Skewness

Standard deviation

Figure 2.2: Feature Extraction Methods [79]
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2.3.1 Colour Feature

The most important visual content about the image are colours, all
images are collection of pixel values [80]. Secondly, colour spaces are used
while describing or analysing image pixels and multidimensional space of
colour components is called a colour space [81]. Many colour spaces exist in
the literature to use for extracting colour features. According to [82]. RGB
colour image is said to be of 3 channels which comprises of first red channel
second green channel and the last blue channel [80]. In addition, RGB colour
intensity is 0 to 255. Additionally, each of three main colours mixed creates

different colour pixel [80].

In the RGB colour space, the combination of three channels (0,0,0)
represents the black colour, while the combination of three channels
(255,255,255) represents the colour white [83]. The (Hue, Saturation, Value)
HSV colour space derived from the RGB colour space is calculated from RGB
to HSV and vice versa. The HSV colour space is easier to define, invariant to
illumination and capture orientation [82]. All values are 0 and 1 in HSV colour
space and an image has 3 channels. Furthermore, any of the channels contain
numerical values of the Hue (H), Saturation (S), and Value (V). Moreover, if
the numerical value is 0 it shows dark, and shows white as increases with to 1.
While the combination of three channels (255,255,255) represents the colour
white [83]. The (Hue, Saturation, Value) HSV colour space is derived from
RGB and easy to convert from RGB to HSV and vice versa. The HSV colour
space is easier to define, invariant to illumination and capture orientation [82].

In HSV colour space, all values are between 0 and land an image has three
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channels. All channels contain numerical values for Hue (H), Saturation (S),
and Value (V). The V channel colour is dark when the numerical value is 0, but
brightness as it approaches 1. Brightness is the term V. Colours change each
one of them from unsaturated to fully saturated as saturation goes from 0 to 1
[84]. In an HSV colour space, however, each pixel of an image has one colour
value, as given by the Hue channel. The S and V channels determine how much
black and white colour has been added to the Hue to help differentiate objects
from other colours. A colour channel extraction in RGB images for
segmentation. In addition, different colour spaces have been utilised in terms of
feature extraction not only for colour feature extraction. For example, the RGB,
HSV, CIELAB and CIEXYZ colour spaces were used as in previous work [25].

The authors in [83] compared RGB and HSV colour spaces.

2.3.2 Texture Feature

Apart from colour, texture is visually perceptive and provides important
image features information [85]. As humans view the image as a whole, it is
observed that some of the objects do not appear regular in a small region.
Hence, this combination of local irregularities and general regularities describe
as Texture. It is challenging to find a single mathematical definition of texture,
despite humans clear perceptual understand of the features in images [73].
Moreover, texture represent a surface and the structure of image and defined
as a regular repeating of an element or pattern on a surface [7]. While, main
properties of texture is the repeated pattern of the spatial pixels in an image,
which is the set of small variations, mostly as the function of position [81]. The

texture representation has two main approaches which are structural and
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statistical [2]. A statistical approach calculates texture feature using the
statistical distribution of observed intensities at given image pixels position.
Moreover, number of pixels representing local feature, statistical approaches
can be the first-order (one pixel), second-order (two pixels), or the higher-order
(three or more pixels) [82]. This research will describe two texture feature
extractors, which are Gabor filter and local binary pattern (LBP) for texture

analysis to choose the best one.

LBP was introduced as an efficient texture feature descriptor and
it represents the pixels local structure as texture [82]. In addition, LBP
computes an eight-bit code information for each local neighbourhood pixel. For
every pixel in the centre, it assumes that there is a neighbourhood of arbitrary
size. After that, a binary code with eight bits is computed for the central pixel,

and this code information can be represented by a decimal number [112].

The Gabor filters are bandpass and can be represented as the product of
a complicated sinusoidal wave and a Gaussian envelope. The Gabor filters
behaviour depends on both the frequency and the orientation of the sinusoidal
wave. These filters have a major part in image processing and for feature
extraction and texture analysis. As in past research works [25, 86], Gabor filters
have found use in image segmentation. Moreover, a better result for feature
extraction of textures on the Gabor filters is obtained than by other texture

descriptors [87].
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2.3.3 Shape Feature

In literature, shape is also considered as an important feature for deriving
MC. A shape can be characterised by various attributes. The shape feature
attribute include area [88]. Moreover, the previous works by [25],and [22] have

employed shape feature with an area attribute for deriving MC.

2.3.4 Edge Feature

According to the authors in [73], edges in an image are defined as
discontinuous variations in pixel intensity values, which typically occur at the
boundaries between regions of distinct objects [73]. In [89], authors make
comparison of two prominent edge detectors which are Canny and Sobel. In
[89], the performance of these edge detector are evaluated by the use of metrics
which are the peak signal to noise ratio (PSNR), the mean squared error (MSE),
and the root mean squared error (RMSE). Their results illustrate that both the
Canny and Sobel have distinct advantages that provide insights into their
effectiveness in edge detection when dealing with image segmentation. [89].
Another previous research work as [90], depicts the importance of edge
detection in object boundary extraction and recognition, resultantly highlighting
the importance of understanding the differences between edge detection. In
[90], authors compared the performance of edge detectors. Their results indicate
that the Canny edge detector has successfully achieved superior accuracy in the
detection of object edges with higher entropy, PSNR, MSE, and execution time
compared to Sobel, Roberts, and Prewitt edge detectors [90]. In [91], authors
compared Sobel, Prewitt and Canny edge detectors, which were used to extract

edge information. Furthermore, performance of the mentioned edge detector are
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analysed on the metrics which are MSE and PSNR. The experimental results
proves that the Canny edge detector results better than Prewitt and Sobel edge

detectors [91].

2.4 Convolutional Neural Network-Based (CNN-based) Deep Learning

Models

Convolutional neural networks (CNNs) serve as a significant subtype of
deep learning (DL) technologies, demonstrating rapid development and
increasing attention in recent years [92]. Additionally, convolutional neural
network (CNN) models consist of input, hidden, and output layers. The layer of
the model that receives the data is referred to as the input layer, whereas the
layer of the model that determines the appropriate action for that data is known
as the output layer. Between the input and output layers, there are hidden layers
that perform the calculations. Thus, a convolutional neural network (CNN)
consists of multiple hidden layers situated between the input layer and the

output layer [93].

Recently, the researchers have adopted CNNs for generating feature
map of ROI [94]. CNN models have become the prominent choice for this task.
It is because CNN models has the ability to learn automatically about relevant
features from the images without requiring human intervention [95]. Thus, first
model used in this research is U-Net, a widely recognised CNN-based deep
learning model known for its most effectiveness in biomedical images

segmentation [96].
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The performance of standard V-Net, SegNet, SegU-Net, ResU-Net,
MultiResU-Net, and the AttentionU-Net will be evaluated with the U-Net
model in this research. The evaluation will be based on generating feature map
of building regions ROI in WHU buildings dataset, and it consist of the various

colours, shapes, sizes, and textures features.

Reference [95] states that U-Net, the CNN-based deep learning model
was initially used in the medical image segmentation. It is also very popular in
the area of remote sensing image segmentation. The authors in previous work
[37] used the U-Net for generating buildings feature map from WHU buildings
dataset of 512 x 512 dimension with the corresponding ground truths (GTs).
The hyperparameters like binary cross-entropy (BCE) as loss function, rectified
linear unit (ReLU) as an activation function and sigmoid classifier were used to
train the model. Furthermore, U-Net benefits from the skip-connections, which
allow to keep spatial feature information, and generating feature map of ROI

accurately [37].

Previous works [97, 98] have experimented U-Net model and conclude
that U-Net may have difficulty in inducing feature map for ROI with various
characteristics, which motivates the exploration of U-Net variations. U-Net [96]
has also demonstrated slightly irregular and blobby edge of objects in
generating feature map of ROI or objects [97]. Based on this, various U-Net
variants have been studied and some of the U-Net variants in this research were
implemented. In addition, different variations or modified models based on the

standard U-Net [96] are discussed in subsections 2.4.1 to 2.4.7.
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Furthermore, the variants of U-Net [96] based models are V-Net [99],
SegNet [100], SegU-Net [101], ResU-Net [102], MultiResU-Net [103], and
AttentionU-Net [104]. The robustness of the mentioned models in producing
the feature map of the buildings and the road regions as ROI in the remote
sensing images is evaluated in the existing works [96, 102-104], [99]. These
models are evaluated for their capability of generating feature map of irregular
structure ROI in the medical images, both individually and in a pair. In
precisely, complexity of ROI in chosen image determines the performance of
CNN-based deep learning model in generating feature map to ROI [105].
However, ROI with the higher complexity is made by remote sensing image for

the generation of feature map [106].

In several studies, U-Net has been compared to its variations, for
instance, V-Net and SegNet for image segmentation tasks. In [107], authors also
compared V-Net and U-Net, and V-Net achieved slightly better performance
than U-Net with overall accuracy (OA) of 99.82 versus U-Net’s 99.78 [107].
Additionally, on comparison of U-Net with SegNet for remote sensing image,
results were found with slightly best OA of 88.1 for SegNet and 87.0 for U-Net
[108]. In reference [109], authors compared U-Net with SegNet where U-Net,
gets higher OA of 94.66 compared to SegNet 93.59. As presented in [110],
authors compared SegNet with U-Net and stated that SegNet outperformed the
U-Net especially achieving 0.4463 intersection over union (IoU) compared to

U-Net 0.3752 in remote sensing images.
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2.4.1 U-Net

The U-Net CNN-based deep learning model presents a symmetrical
layout, consists of an encoder (left side) and a decoder (right side). It contains
four blocks of convolutional layers, and along with these, the comprising of a
bottleneck block (bridge between encoder and decoder). The encoder part of the
model uses convolutional layers, ReLU activations, and max-pooling to reduce
the dimension of the data. Moreover, in U-Net, each block contains two
convolutional layers having kernel size of 3 x 3 and 64 feature channels [37].
In addition, the max-pooling phases in the encoder process decrease the size of
the feature map, while simultaneously increasing the number of feature
channels. This ultimately results in a bottleneck that stores the representation of
dense features. The spatial dimension restoration is achieved by the use of up-
sampling and the convolutional layers. The skip-connections are employed to
maintain spatial feature information by connecting the encoder to decoder. This
up-sampling step reduce the number of channels using the filter size of 2 x 2
(de-convolution), and skip-connections with the corresponding features map
from an encoder. Moreover, each decoder block contains two convolutional
layers of 3 x 3 filter, following one by one, a ReLU activation function, followed
each after convolutional layer, and a 2 x 2 filter size max-pooling operation with
stride 2. Then the final layer using a 1 x 1 convolution with having softmax
classifier. The last layer of U-Net consists of the convolutional layer that utilises
the softmax classifier to categorise the final feature map into ROI. In total, the
U-Net model has the 23 convolutional layers, 18 ReLU activation functions, 4

max-pooling operations, and 4 skip-connections.
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2.4.2 V-Net

The second model chosen in this research is V-Net, which is the
extension of the U-Net [96] introduced for the 3-dimensional (3D) medical
images segmentation [99]. The previous work [111] also applies this for road
regions segmentation on the 2-dimensional (2D) remote sensing images. The
V-Net model is similar to U-Net, using the encoder and decoder model, but
additionally utilises element wise summation between encoder and decoder
which helps in the propagation of fine detail feature map in skip-connections.
V-Net also uses the de-convolutional layers for down-sampling, and changes
up-sampling during training. Its encoder is made of 4 blocks with progressively
increased feature channels, using 2 x 2 de- and up-convolutional layers for
feature map up and down sampling. Model consists of the first block (single
convolutional layer), the second block (two convolutional layers) and the third
and fourth block with three convolutional layers, respectively. V-Net performs
a change to the U-Net max-pooling replaced with convolutional processes and
adds in the residual function via an element-wise summation and concatenation.
V-Net also uses hyperparameters like binary cross entropy, PReLU as activation
function, learning rate and batch size. Yet, V-Net suffers from inadequate

generation of a feature map for features of various characteristics [111].

2.4.3 SegNet

The third model in this research is the SegNet, an encoder-decoder
CNN-based deep learning model similar to U-Net but with key differences in
its skip-connection process. SegNet does not employed skip-connection like the

U-Net, rather to propagate feature map in the decoder, SegNet uses max-pooling
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indices that are passed from encoder to decoder of the network. Convolutions,
ReLU activation and 2 % 2 of max-pooling by stride 2 are applied to the encoder,
capturing hierarchical features, and save indexes for later decoding by the
decoder. Instead of U-Net, which uses full feature map, in the up-sampling
process max-pooling indices are retrieved from the encoder. It is made of total
26 convolutional layers divide into five encoder and the decoder blocks, and
concludes with the sigmoid classifier. In fact, reference [112] mentioned that
SegNet is not suitable for generating feature map of small ROL It is due to the
ablation of spatial information which can occur during max-pooling, hence
resulting inaccurate generation of feature map for building ROI in remote

sensing images [112].

2.4.4 SegU-Net

The fourth model selected in this research is SegU-Net, which is
originally proposed by the authors in reference [101] for traffic signs detection
in videos. However, the same SegU-Net model proposed in [101] is employed
by the authors in reference [113] for remote sensing images. Based on [113],
SegU-Net is considered in this research for remote sensing images to generate
feature map of building. Inspired by U-Net [96] and SegNet [100], SegU-Net
[113] is proposed. The SegU Net [101] has an encoder and a decoder part. The
encoder is composed of five blocks consisting of two 3 x 3 convolutional layers
each followed by batch normalisation (BN) and ReLU activation, with max-
pooling operations to increase receptive fields. Furthermore, receptive fields
expansion is followed by some 3 x 3 convolutional layers with BN and ReLU

in the third, fourth and fifth blocks. The number of feature channels double in
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the fourth encoder block for down-sampling. At the bottleneck and the decoder
stages, a series of convolutional layers are passed through the feature map and
max-pooling indices from encoder is to be used for up-sampling. Final decoder
layer [101] processes the up-sampled feature map and concatenated to

corresponding encoder part.

2.4.5 ResU-Net

The ResU-Net is the fifth model utilised in this research, which is
introduced in reference [102]. The authors in reference [102] proposed ResU-
Net based on U-Net that integrates deep residual learning for enhanced road
area segmentation in remote sensing images called the ResU-Net. First,
compared with plain neural units, it employs residual units, which can achieve
better efficient training and improve the feature map generation ability by using
fewer convolutional layers. The decoder and encoder are composed of three
separate blocks connected by a bottleneck. Unlike normal max-pooling, it does
not employ stride 2 convolutional in residual units because that helps to retain
more information of feature than just the upper portion. It combines a residual
unit with up-sampled encoder's feature map to help better transfer information.
The convolutional layer of 1 x 1 and sigmoid classifier is employed to make the
final output. ResU-Net improves feature learning, but as experimented in
previous research work [114], the authors stated that it has a longer training time

because of its complex layout.

2.4.6 MultiResU-Net

The sixth model considered in this research is the MultiResU-Net, which

is originally proposed by [103] for biomedical images segmentation. However,
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the same MultiResU-Net model proposed in [103] is utilised by the authors in
[115] for remote sensing images segmentation. As described by the authors in
[103], MultiResU-Net uses the standard U-Net [96] encoder-decoder layout. In
addition, the encoder part contains two 3 x 3 convolutional layers with a series
that is finally followed by max-pooling operation of size 2 x 2 and stride of 2.
Down-sampling is performed while iterated the mentioned series four times,
subsequent to each one. The number of features channel in the encoder part is
input twofold and it gets halved until bottleneck through the four times iterated
series. On the contrary, the decoder first up samples the feature map via
transposed convolution with 2 x 2 at which the feature channels are halved.
Then, two convolutional with kernel size of 3 x 3 is done. The process is
performed through the encoder, where up-sample and two convolutional layers
iteratively executed. This iterative execution sequence would be repeated four
times. The features channel is reduced by half in each afterwards block.
Consequently, final segmented feature map is computed by performing 1 x 1
convolution operation. Thus, skip-connections utilised in U-Net [96] are used

to concatenate the encoder feature map with corresponding decoder.

The authors in [103] build on top of the U-Net described within by
adding an idea previously studied in reference [116], that two convolutional
operations of size 3 x 3 is similar to a single convolutional operation of the size
5 x5, enabling a multi-resolution approach. Moreover, in order to achieve more
comprehensive feature map generation, the authors introduce the MultiRes
Block, comprised of a sequence of three 3 x 3 convolutional layers with 5 x 5
and 7 x 7 convolutions following. The final layer is fed with the input features

via a 1 % 1 convolutional so that dimensions are preserved, and a residual
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connection is applied. In order to bridge the semantic gap between the encoder
and decoder feature map, the encoder map is fed through additional
convolutional layers rather than concatenating the encoder and decoder feature
map directly. Residual connections are kept in focus as they facilitate feature

learning and enhancing the final results of deep model [103].

2.4.7 AttentionU-Net

Finally, the seventh model utilised in this research is AttentionU-Net.
The AttentionU-Net is the extension of U-Net, and it is utilised in generating
feature map of ROI for remote sensing images [104]. Moreover, at the end of
each skip-connection, AttentionU-Net integrates attention gates (AGs). While
designing AGs, the element-wise multiplication, activation function of ReLU,
and the sigmoid classifier are being utilised. These AGs assist to improve the
resolution or representation of feature map traversed from the encoder to the
decoder part by carrying out the element-wise multiplication between the input
feature map and the attention coefficients [104]. The previous research
referenced as [117], authors introduced the grid-attention mechanism into AGs.
Based on this, the AttentionU-Net was utilised for the purpose of distinguishing
or segmenting building regions in remote sensing images. The incorporation of
AGs makes it possible for gating signals to extract the information about spatial
objects in the feature map. Resultantly, this creates an improved generated the

feature map at decoder part, which concludes with the sigmoid classifier [117].
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2.5 Summary

In this chapter, a comprehensive literature review has been conducted,
focusing on region-based segmentation algorithms, CNN-based deep learning
models, region merging approaches. The aim was to identify optimal region-
based segmentation algorithms, CNN-based deep learning models, and region
merging approaches most effectively applied for image segmentation. In the
region merging approach, the formation of an appropriate MC is crucial for
determining segmentation efficacy. Hence, four prominent features from the
literature have been explored for designing effective MC. Moreover,
approaches to extract feature have been reviewed and discussed in detail.
Furthermore, Chapter 3 builds upon this literature by outlining the overall
experimental approach for implementing various region-based segmentation
algorithms, CNN-based deep learning models, and a proposed region merging

approach.
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CHAPTER 3

RESEARCH METHODOLOGY

In remote sensing image segmentation, challenges such as over
segmentation (OS) often arise, prompting researchers to propose various region
merging approaches. Moreover, to solve the issue of OS, researchers have
explored different techniques to derive the merging criterion (MC) and perform
the merging process, particularly for delineating buildings as regions of interest
(ROIs) in remote sensing images. The proposed approach in this research is
useful to address challenges of buildings segmentation having varying shapes,
and complex background from other structures in remote sensing imagery. By
improving the accuracy and robustness of building segmentation, it enhances

applications like urban planning and disaster management.

3.1 Research Framework

Figure 3.1 illustrates the framework for this research as describe below.

Conducting Literature Review
Research Problem Identification
Research Objectives Formulation

A

Data Collection

v

The Proposed Region Merging Approach

v

Experimental Setup
Performance Evaluation and Evaluation Metrics

v

Documentation

Figure 3.1: Research Framework
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3.1.1 Conducting Literature Review, Research Problem Identification, and

Research Objectives Formulation

As shown in Figure 3.1, the initial phase involves conducting a
comprehensive literature review on the traditional region-based segmentation
algorithms, region merging approaches, and convolutional neural network
(CNN)-based deep learning models. Moreover, this review phase explores the
existing methods on region merging approaches mainly on the variations of
merging criterion (MC) derivation to perform merging for building regions in
remote sensing images. After reviewing the existing approaches, a research gap
was identified, leading to the identification of the research problem. In this
research, the identified problem is that in similar existing works, the derivation
of the MC required human intervention to perform region merging for buildings
segmentation in remote sensing images. Subsequently, the research objectives
were formulated based on the identified research problem. The objective of this
research is to generate a building feature map by utilising a CNN-based deep
learning model. Based on the generated feature map, prominent features were
extracted to derive the MC without human intervention to perform region

merging to delineate buildings in remote sensing images.

3.1.2 Data Collection

In this research, a publicly benchmarked images dataset known as WHU
buildings dataset [118] were chosen. The dataset was released in 2019 and
consists of 0.075-m resolution aerial images of Christchurch, New Zealand,

covering 450 km? area. It contains a total of 8189 images, each with dimensions
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of 512 x 512 pixels. Figure 3.2 illustrates the original images with the

corresponding ground truth (GT) images.

This dataset was selected as it provides detailed spatial and geographical
information of visual objects regions in the images [38]. Moreover, this dataset
contains a collection of remote sensing images from multiple sources including
satellite and aerial buildings [37] since the focus of this research is to delineate
buildings region as ROI from the dataset. The images and their corresponding
ground truths (GTs) that either display limited building regions or contain no

building regions have been excluded from this research work.

101 829 1027 1781

Figure 3.2: Original images and ground truths (GTs) of remote sensing

images in WHU buildings dataset [37]
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3.1.3 The Proposed Region Merging Approach

Figure 3.3 presents the flowchart of the proposed region merging

approach which is discussed in detail in the following subsections.

WHU buildings remote sensing images

2 l,
CNN-based Deep Region-based
Learning Model Segmentation Algorithm
Feature Map Over segmented regions
¥ 3 4 ¥
Features Extraction j Merging C.r 1te1;1011 MO
Dertvation
5 |
Y . i '
= lerged regions =K Region Merging
No
7
Final segmented Merge similar chosen 6 | Yes

building regions neighbouring regions

Figure 3.3: The Proposed Region Merging Approach

3.1.3.1 Region-based Segmentation Algorithm

As presented in Figure 3.3, first step of the proposed region merging
approach involves the implementation and the performance comparison of four
region-based segmentation algorithms on WHU buildings dataset [37]. The
experiments and performance comparison are described in Chapter 4 Section
4.2.3. The purpose of the comparison is to select the best performing region-

based segmentation algorithm in generating the over segmented regions which
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are well-aligned with the image objects regions boundaries for delineating

building regions in the WHU buildings dataset.

3.1.3.2 CNN-based Deep Learning Model

The second step is to select a suitable CNN-based deep learning model
from the seven models being reviewed. The seven models were trained,
validated, and tested on WHU buildings dataset to generate feature map of
buildings regions. The performance comparison among these models have been
included in Chapter 4 Section 4.2.4. Moreover, the original CNN-based deep
learning models utilised varying input image sizes, as referenced in their
respective research works [96, 99-104]. Therefore, for a standardised
performance comparison among these models, this research has used the same
input image size, batch number, learning rate, and epoch value for all the CNN-
based deep learning models during training. During the training of all CNN-
based deep learning models, only the hyperparameters were adjusted based on
the results of the hyperparameter tuning experiments. As outlined in the second
step in Figure 3.3, the best feature map generated for buildings as ROI from the
CNN-based deep learning model will be used for features extraction to derive

the MC for merging.

3.1.3.3 Features Extraction

As shown in Figure 3.3, the third step involves features extraction. The
most prominent features of buildings regions in the WHU buildings dataset shall
be identified and extracted from the feature map generated by the CNN-based
deep learning model during the second step. The prominent features are

extracted by identifying the best performing feature extractors. This is because
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extracting the prominent features is crucial for merging criterion (MC)
derivation to perform merging. [119]. Further discussions on these are provided

in Chapter 4 Section 4.2.5.

3.1.3.4 Merging Criterion (MC) Derivation

As demonstrated in the fourth step in Figure 3.3, the extracted features
were used to derive the merging criterion (MC) from the over segmented
regions to perform the merging. The over segmented regions generated in a first
step of Figure 3.3 shall be represented in a graph as commonly addressed in the
existing works [26, 28, 120]. The graph is known as region adjacency graph
(RAGQ) that represents regions as nodes while the MC is represented by the edge
connecting pairs of nodes. Further details are discussed in Chapter 5 Section

5.24.

3.1.3.5 Region Merging

In the fifth step of Figure 3.3, the region merging is performed by
iteratively merging pair of selected neighboring regions that were represented

in the RAG using MC.
3.1.3.6 Condition of Merging Criterion (MC)

In the sixth step of Figure 3.3, the pair of regions in RAG will be merged
if they fulfilled the condition of merging criterion (MC). Moreover, the MC will

be recalculated after each merging is performed.
3.1.3.7 If Condition of Merging Criterion (MC) Not Satisfied

As shown in seventh step of Figure 3.3, if the adjacent pair regions do

not meet the MC condition, they will remain unmerged in RAG.
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3.1.3.8 Final Segmented Building Regions

In the final eighth step as illustrated in Figure 3.3, the merging process
will continue until all the pairs of regions of similar features are successfully
merged if the number of regions is equivalent to K, where K is the number of
buildings in the feature map. The updated region adjacency graph (RAG) is
checked against the condition "Merged Regions = K." This step ensures that
merging stops once the number of merged regions matches K, the estimated
number of buildings in the feature map. Resultantly, all the over segmented
regions are iteratively merged to delineate building region as ROI in WHU
buildings dataset. However, if the condition is not fulfilled, the process loops
back to the merging criterion (MC) derivation step, where the merging

conditions are re-evaluated for further refinement.

3.1.4 Experimental Setup

All the seven CNN-based deep learning models were implemented using
TensorFlow [121], Keras [122] and scikit-image [123] open-sourced libraries.
Python V3.10 was utilised as a programming language in which the execution
of all seven CNN-based deep learning models was conducted on the Google
Colab Pro+ integrated development environment (IDE) installed with the
graphics processing unit (GPU) A100 along with 40GB of the random access
memory (RAM). As presented in Table 3.1, desktop computer Core 17 having
11th Gen Intel (R), operating system (OS) of Windows 10, and 64GB RAM was
utilised. Furthermore, Spyder IDE was used for the visualisation of the results
while Google Colab Pro+ IDE was used to evaluate the performance of the

proposed approach, respectively, using Python V3.10 having open-source
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library of scikit-image [123]. Additionally, laptop with Intel Core 15 having

Windows 10 OS was utilised to perform the experiments.

Table 3.1: Detail of system specification

System (O] RAM IDE
Desktop Computer | Windows 10 64GB Google Colab
Laptop Windows 10 | 32 GB Spyder & Google Colab

Furthermore, Table 3.2, shows the open-source packages or libraries that

were utilised for the implementation of the proposed region merging approach.

Table 3.2: Open-Source Packages or Libraries

Libraries Functions
Python Imaging Library (PIL) Loading and reading images
Numerical Python (Numpy) Numerical operations on image data

Open-source computer vision (OpenCV) | Calculation of quantitative results

Pandas Data saving in excel format

MatPlotLib Visualisation of results as an image

3.1.5 Performance Evaluation and Evaluation Metrics

3.1.5.1 Performance Evaluation of Region-based Segmentation

Algorithm

The region-based segmentation algorithms performance has been
evaluated using two evaluation metrics which are the adapted rand error (ARE)
[55] and the variation of information (VOI) [25]. The results are demonstrated

in Chapter 4 subsection 4.1.2.2 of Section 4.1.2.
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ARE measures the difference between incorrectly segmented boundary

pixels against the ground truth (GT) as shown in equation 3.1 [55].

2 (precision x recall)

ARE =1 —

(3.1)

precision + recall

where precision means positive predictive value while recall is true positive

value or sensitivity of a segmented objects regions.

The range of the ARE is between 0 and 1 with lower values indicating

better delineation results in relation to the GT [124].

Precision and recall are defined as in equations 3.2 and 3.3, respectively.

.. TP
precision = —— (3.2)
TP
recall = (3.3)
TP+FN

where true positive (7P) means the number of correctly segmented buildings
region pixels in comparison to the GT. While false positive (FP) is the number
of incorrectly segmented buildings pixels as compared to the GT and false
negative (FN) is the number of incorrectly segmented non-buildings pixels in

relation to the GT [125].

The VOI measures the distance between the pixels of the segmented
results and the ground truth (GT) by their average conditional entropy [126] as

represented in equation 3.4.

VOl = FalseSplit + FalseMerge 3.4
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where FalseSplit are the missed pixels in the delineation result in relation to GT,
while FalseMerge means that the pixels are merged incorrectly during
delineation in comparison to the GT [126]. FalseSplit computed from the pixels
that are incorrectly assigned to different segments or regions in the segmented
result compared to the ground truth (GT). The calculation of FalseMerge is
based on the pixels that are incorrectly merged during segmentation, when they
should actually be merged to different segments according to the GT. The VOI
often yields values greater than 1, as it is computed over the entire image and
includes the sum of all segmented pixels. Consequently, this results in higher
values. Conversely, a lower VOI value indicates better segmentation results in

relation to the GT [125].

3.1.5.2 Performance Evaluation of CNN-based Deep Learning

Model

The performance evaluation of all the seven CNN-based deep learning
models involves visualising the generated feature map for buildings as region
of interest (ROI) and using evaluation metrics. These metrics are intersection
over union (IoU) [95], F-measure [127], precision [128], recall [128], and pixel
accuracy (PA) [95]. These results are presented and discussed in Chapter 4

Section 4.1.3.3.

IoU or also known as Jaccard score known as the cardinality of
intersecting pixels between the delineated results, P and the GT images, G
divided by total number of pixels in a union of segmented results and GT as

defined in equation 3.5 [112].

I[P NGI

loU = ] (P,G) =—or:

(3.5)
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The IoU has a range of 0 to 1, where lower values correspond to better

segmentation results in comparison to the GT [22].

F-measure is known as harmonic mean of the precision and the recall of

segmented buildings regions as presented in equation 3.6 [129, 130].

F — measure = 2(precision x recall)

(3.6)

precision+ recall

F-measure value of a 1 indicates good delineation that accurately
matches GT, while a value of 0 indicates poor segmentation that does not align

accurately in relation to GT [28].

Moreover, pixel accuracy (PA) represents the proportion of correctly
segmented pixels relative to the total number of pixels in the ground truth (GT).
It encompasses true positives (7P), true negatives (TN), false positives (FP),
and the false negatives (FN) during the segmentation process as shown in

equation 3.7 [95].

TP+TN
PA =
TP+TN+FP+FN

(3.7)

The PA values of 1 refers to segmentation results that are well aligned

with the GT while values of 0 refers to poor delineation results in comparison

to GT.

3.1.5.3 Performance Evaluation of the Proposed Region Merging

Approach

The evaluation metrics used to evaluate the final segmentation results of

the proposed region merging approach are the adapted rand error (ARE), and
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the variation of information (VOI) as stated in Section 3.1.5.1 as equations 3.1
and 3.4, respectively. The other evaluation metrics include F-measure,
precision, and recall as referred in Section 3.1.5.1 as equations 3.2 and 3.3, and
equation 3.6 in Section 3.1.5.2, respectively. Additionally, the adapted rand
index (ARI) [131] was also used to evaluate the performance of the final
segmentation results. ARI is the measure of correspondence between the pixels

of the segmented results, Seg(x) and the GT, GT(x) [22].

__YGT(x).Seg(x)

ARI e

(3.8)

The range of the metric ARI is between 0 and 1 with lower values
indicating better segmentation output in comparison to GT [124]. Moreover,

these results are presented and discussed in Chapter 5 Section 5.4.

3.1.5.4 Performance Comparison of the Proposed Region Merging

Approach with Existing Works

The final segmentation results of the proposed region merging approach
were compared with two similar existing works [28, 36]. The evaluation metrics
used for this comparison are F-measure, precision, and recall as stated in Section

3.1.5.B as from equations 3.4 to 3.6, respectively.

The reference in [132] introduced an evaluation metric known as
goodness of segmentation, G as presented in equation 3.9. G is defined as the
ratio of the correctly segmented pixels, Apperiap t0 the GT, Aperer With Agirs
representing the difference between correctly segmented pixels and
misclassified pixels. The G, is only measuring for the specific building region
of interest (ROI) as compared to considering other objects or regions [132].
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Gs = __Aovertap (3.9)

Adiff
Arefer .eATefer

The Ayperiap and Agips are presented in equations 3.10 and 3.11,
respectively.
onerlap = ZAti)verlap (3.10)

Agisr = Y AN (3.11)

The value 1 of G, indicates good segmentation results in comparison to
GT. In contrast, a G value of 0 indicates that segmentation results are poorly
aligned with the GT [22, 28]. These experimental results and discussions are

presented in Chapter 5 Section 5.5.

3.1.6 Documentation

The experimental results obtained from region-based segmentation
algorithms and CNN-based deep learning models will be documented in detail
for the thesis write-up. Additionally, an in-depth analysis of the final

segmentation evaluation results will also be included in the thesis.

3.2 Summary

This chapter presented the methodology of the proposed region
merging approach for delineating buildings as ROI in remote sensing images.
Additionally, this chapter outlined the experimental setup and performance
evaluation of this approach including the evaluation metrics used. Furthermore,
Chapter 4 covers the region-based segmentation algorithms, CNN-based deep
learning models, and feature extraction processes. Chapter 5 then focuses on the
derivation of the merging criterion (MC) to perform region merging for

segmenting the ROI in remote sensing images.
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CHAPTER 4

GENERATION OF OVER SEGMENTED REGIONS AND FEATURES
EXTRACTION FROM THE FEATURE MAP GENERATED BY
CONVOLUTIONAL NEURAL NETWORK (CNN)-BASED DEEP

LEARNING MODEL

This chapter focuses on experiments related to selecting the appropriate
region-based segmentation algorithm for generating over segmented regions,
followed by generating the feature map from a suitable convolutional neural
network (CNN)-based deep learning model. These generated feature map by the
identified CNN-based deep learning model consists of building regions of
interest (ROIs) are then utilised to extract prominent features which are colour,
texture, shape, and edge information in order to derive merging criterion (MC)

to perform region merging.

4.1 Experimental Flow

Figure 4.1 shows the flowchart of experimental flow for the generation
of the over segmented regions, feature map from the convolutional neural
network (CNN)-based deep learning model, and features extraction from
generated feature map, respectively. Further details on these are discussed in the

following subsections:
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WHU buildings remote sensing images
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Figure 4.1: Flowchart of experimental flow

4.1.1 WHU Buildings Remote Sensing Images Dataset

The experiments were performed by utilising the publicly benchmarked
remote sensing images named as WHU buildings dataset [37]. The dataset [37]
has a total of 8189 images and the corresponding ground truths (GTs) with the
512 x 512 dimensions. However, there are images that only displayed a small
number of buildings or contains no building. In this research, images and GTs
that contains limited building regions have been excluded. Hence, a total of
1550 images and their corresponding GTs of 512 % 512 dimensions are selected

and utilised for experiments in this research.

4.1.2 Over Segmented Regions Generation using Region-based

Segmentation Algorithm

Recently, the researchers in [52] [53] have compared and evaluated the
efficacy of fourregion-based segmentation algorithms in a process of

segmenting medical [52] and natural [53] images simultaneously. Moreover,
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four region-based segmentation algorithms includes Felzenszwalb and
Huttenlocher (FH) [9], the Compact Watershed (CW) [10], the Quick Shift (QS)
[13], and the simple linear iterative clustering (SLIC) [14]. Additionally, the
accuracy of an algorithm is based on a complexity of ROl in selected
image [15]. The complexity of an ROI refers to factors like the shape, size,
texture, and boundaries of the region, as well as how well it contrasts with its
surrounding areas. These characteristics directly affect how challenging it is for
an algorithm to accurately segment the region. For instance, in medical images,
ROIs may be highly irregular in shape which may perform segmentation
difficult. In contrast, in natural images, the ROIs could involve large, distinct
regions with clearer boundaries, which might be easier to segment for some
region-based segmentation algorithm. It means that each region-based
segmentation algorithm has its own effectiveness on either medical, natural or
remote sensing images. Based on this, the reason for choosing the mentioned
four region-based segmentation algorithms is to select a suitable one for this
research on remote sensing images of WHU buildings dataset. Moreover,
experiments are conducted among these algorithms for finding out which
algorithm generate over segmented regions which adheres well to the object
boundaries. Further details on the parameter utilised for region-based
segmentation algorithms and their experimental results are explained in

Sections 4.1.2.1 and 4.1.2.2, respectively.

4.1.2.1 Parameters of Region-based Segmentation Algorithm

In this research work, the parameters defined for region-based

segmentation algorithms. In addition, parameters need to be defined for the FH
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algorithm are the scale, sigma, and minimum size. Moreover, the parameters for
CW are markers and compactness. The Sobel filter [133] is utilised to execute
CW, it is because watershed algorithm always requires the gradient image as an
input image to conduct segmentation [ 134]. Meanwhile, kernel size needs to be
defined as the parameter for QS. As for the SLIC, k parameter has to be defined

[123].

Moreover, for FH, the scale parameter is considered as 50, sigma as 0.5,
and the minimum size as 50 in previous research work [55]. Meanwhile, in CW,
marker and compactness set as 100 [135] and 0.001 [123], respectively. The
value 3 is used for the parameter kernel size in QS [55]. In addition, in SLIC

algorithm, parameter value of k is taken as 100 [123].

4.1.2.2 Experimental Results and Discussion for region-based

segmentation algorithm

Figure 4.2 demonstrates the over segmentation (OS) results and Table
4.1 presents the performance evaluation results of the four chosen region-based
segmentation algorithms which are FH, CW, QS and SLIC on WHU buildings
dataset [37]. Furthermore, two evaluation metrics are utilised for performance
evaluation for selecting a suitable region-based segmentation algorithm. These
evaluation metrics are the adapted rand error (ARE) and the variation of
information (VOI) formulas are stated in Chapter 3 Section 3.1.5 and subsection

3.1.5.1 as equations 3.1 and 3.4, respectively.

From Figure 4.2 (left to right), in third row the FH has delineated images

into 1262, 1237, 970 and 1302 regions. Moreover, CW (fourth row) generated
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76 segments of the regions, respectively. Additionally, remote sensing images
were over segmented into total of 3054, 2733, 1982 and 2595 regions by QS
(fifth row). Meanwhile, SLIC (last row) generated 57, 40, 64 and 56 over

segmented regions, respectively.
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Table 4.1 presents the performance evaluations of implemented four region-
based segmentation algorithms in delineating images from WHU buildings dataset
[37]. Moreover, SLIC has achieved average ARE of 0.2426. While, the CW has
obtained an average ARE of 0.1811. Furthermore, average VOI of CW is 5.2066.
Additionally, SLIC achieved better results for average VOI than the CW. In
comparison to SLIC and the CW, FH obtained better results only than the QS.
Hence, the QS algorithm ranked last as it has highest results of average ARE and

VOI in delineating the remote sensing images demonstrating poor results.

Table 4.1: Performance comparison of FH [9], CW [10], QS [13], and SLIC
[14] algorithms on 1550 images from WHU buildings dataset [37]

Average Adapted Rand Average Variation of
Algorithms
Error (ARE) Information (VOI)
FH 0.6714 7.9363
Cw 0.1811 5.2066
QS 0.7597 8.3387
SLIC 0.2426 4.9297

Though severe over segmentation (OS) was observed in the images, the
results still showed acceptable segmentation performance across all four region-
based segmentation algorithms. Moreover, the performance of these experimented
region-based segmentation algorithms are majorly relies on the selection of
parameter(s) values which are scale for the FH algorithm, compactness for the CW,
kernel size for the QS and k for the SLIC. In previous work [135], the authors tested

various parameter(s) values for the above-mentioned algorithms to determine the
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optimal ones. Based on these results, this research has selected the parameter values
that showed the best performance in [135]. The authors in [135] stated that,
parameter values has great impact on the segmentation output of algorithm.
Therefore, this can lead to severe under or over segmentation (OS) in the final
results if the parameter values are not correctly chosen [135]. Meanwhile, to be
more specific, Figure 4.2 demonstrate that SLIC adheres to image object boundaries

well as compared to other three region-based segmentation algorithms.

Table 4.1 shows that SLIC performed better as compared to other three
region-based segmentation algorithms by achieving average VOI of 4.9297. This
algorithm is capable of making almost optimal use of memory when segmenting
high resolution images as opposed to generating over segmented regions that obey
image object boundaries. The SLIC over segmented regions are regular and
uniform in shape [64]. On the other hand, CW also produced images over
segmented area, which only came up to the images objects boundaries. The CW
achieves average VOI of 5.2066 than SLIC indicating more variation of pixels loss.
It is because the CW considers the high-contrast pixels and ignored some of the
true but relatively low-contrast pixels [134]. While for the ARE, CW outperform
SLIC with lower average ARE 0.1811 and also lower average VOI 5.2066 than QS
and FH. This is mainly due to the compactness and marker parameters in the CW
algorithm [10], because the compactness influences how non-marker pixels are
assigned to object regions and the marker parameters changes other smaller regions
to zero. The FH and QS algorithms do not adhere to image boundaries too well and

also have higher average ARE and VOI values. From [53] and [136], the FH and
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QS algorithms has no compactness parameter being defined to control the
generation of the over segmented regions. Based on above experimental results,
SLIC was found to be the effective due to its ability to produce regular and uniform
over segmented regions. Therefore, SLIC will be utilised for further segmentation

tasks.

4.1.3 Generation of Feature Map Using CNN-based Deep Learning

Model

In this research, the CNN-based deep learning models are utilised to
generate the feature map. The chosen CNN-based deep learning models are used to
generate feature map in remote sensing images because they have been effectively
utilised to delineate ROIs in various remote sensing image datasets in the existing
research works [37, 100, 102, 111, 113, 115, 117]. In this research the experiments
are conducted among the chosen seven models to select the best model generating
accurate buildings regions feature map. Further details on the construction of CNN-
based deep learning model along with hyperparameter tuning and experimental
results are explained in Sections 4.1.3.2 and 4.1.3.3, respectively. The implemented
CNN-based deep learning models are compared by employing IoU, F-measure,
precision, recall, and pixels accuracy (PA) metrics formulas as stated in Chapter 3
Section 3.1.5.2 from equations 3.3 to 3.7, respectively. Hence, the comparison
among CNN-based deep learning models will assists in finding the suitable model

in order to generate the feature map of buildings as ROL.
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4.1.3.1 Preprocessing and Data Augmentation of WHU buildings

dataset for CNN-based Deep Learning Model

The WHU buildings dataset of 1550 images and corresponding ground
truths (GTs), a total of 1395 images and GTs are utilised for training the CNN-
based deep learning models. On the other hand, the testing dataset consist of 155
images with their corresponding GTs. Based on this, the initial splits of the WHU
buildings dataset of 1550 images and GTs into training and testing datasets
becomes a ratio of 90:10. According to the authors in [137], the utilisation of data
augmentation process for training CNN-based deep learning model is of utmost
importance and plays a substantial role in generating an efficient result. The data
augmentation demonstrates images to different changes and positions. It also
increases diversity and size of training dataset. This leads to improve the model
generalisation ability and performance [95]. Thus, the training images 1395 are
augmented by applying random rotation of 45 degree, and operations of horizontal

and vertical flips as recommended in previous work [138].

During the data augmentation process, random rotation of 45 degrees results
in images that exhibit empty spaces, as illustrated in Figure 4.3, third row. These
empty spaces are subsequently filled by replacing them with the nearest pixels to
ensure a complete image representation. After augmentation, the total images and
corresponding GTs of training dataset 1395 resulting in generating 5580 images
and corresponding GTs, which are then split into final training dataset 4464, and

1116 validation dataset of images along with the GTs. Moreover, the validation
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dataset refers to wvalidating the model’s performance during training
simultaneously. The testing dataset of 155 was not augmented, it is because to keep
it as images unseen for CNN-based deep learning models [95]. Based on this, the
seven CNN-based deep learning models are trained and validated on 5580
generated images and GTs and tested on 155 images. Hence, WHU buildings
dataset splits into the training, the validation, and the testing datasets in a ratio of

the 70:20:10 [127], respectively.

As demonstrated in Figure 4.3, the first and second row shows the original
images and their corresponding GTs, respectively. During the data augmentation
process, random rotation of images and GTs generated with black regions are
presented in Figure 4.3 third and fourth row, respectively. Resultantly, third row in
Figure 4.3 consists of Random Rotated Image (empty spaces after rotation) and
fourth row containing Random Rotated GTs (empty spaces after rotation) have been
excluded for training the CNN-based deep learning models. However, they are
utilised after filling the black or empty regions with nearest pixels to generate
completely new image and GT as demonstrated in Figure 4.3 fifth and sixth row,
respectively. Hence, images and GTs from the fifth and sixth row (Random Rotated
Images and filled empty spaces) are utilised for training CNN-based deep learning
models, respectively. Furthermore, Figure 4.4 shows the horizontal and vertical
flips demonstrated from seventh till tenth row images and GTs. These are used for

training CNN-based deep learning models.
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Random Rotated
Image (filled
empty spaces
after rotation)

Random Rotated
GT (filled empty
spaces after
rotation)

Figure 4.3: Random rotation of WHU buildings dataset images and GTs

71




Horizontal Flip
of Original
Image

Horizontal Flip
of Original GT

Vertical Flip of
Original Image

Vertical Flip of
Original GT

Figure 4.4: Horizontal and Vertical Flips of WHU buildings dataset images and GTs
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4.1.3.2 Construction of CNN-based Deep Learning Model and

Hyperparameter Tuning

This research chose CNN-based deep learning models from the literature,
specifically focusing on U-Net and modified or enhancements versions based on
standard U-Net. All these standard CNN-based deep learning models consist of
encoder-decoder parts. The encoder part is responsible for extracting the features
of the input image and progressively reducing the spatial dimensions of the image.
While the decoder part is responsible for reconstructing the features of the image
obtained from the encoder part [95]. The implementation of seven chosen CNN-
based deep learning models includes the U-Net [37], V-Net [111], SegNet [100],
SegU-Net [113], ResU-Net [102], MultiResU-Net [115], and AttentionU-Net

[117].

The hyperparameters for CNN-based deep learning model are chosen from
previous research work of [37] and hyperparameters are further validated through
performing experiments. The experiments for hyperparameter tuning starts by
training U-Net model with two optimisers, and different batch sizes on WHU
buildings dataset referred in [37] for 50 epochs. This research utilises the specified
hyperparameters from previous research work [37], which were implemented in the
U-Net. Consequently, this serves as baseline model for the performance

comparison with other models in this research work.

The chosen seven CNN-based deep learning models have been trained from

scratch. The training process of the seven chosen models starts by taking the
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original size of input images from WHU buildings dataset having 512 x 512
dimensions. As stated in Section 4.1.3.1, the dataset splits into ratio of 70:20:10 as
training, validation, and testing, respectively. The training dataset consists of 4464
images and corresponding GTs for training the CNN-based deep learning models
and 1116 images along with the GTs as validation dataset for validating the models
performance during training. Moreover, the test dataset consists of 155 images and
corresponding GTs for final performance evaluation of all models. Finally, the
results and discussion are explained in Section 4.1.3.3 which contains Tables 4.2 to
4.5. These tables present the results of seven CNN-based deep learning models by
employing evaluation metrics of the intersection over union (IoU), F-measure,

precision, recall, and pixel accuracy (PA).

4.1.3.3 Experimental Results and Discussion on Construction of CNN-

based Deep Learning Model and Hyperparameter Tuning

Table 4.2 presents the hyperparameters utilisation and their results for the
U-Net model. Based on these results, the suitable hyperparameters have been
selected for training all the chosen seven CNN-based deep learning models in this
research. Furthermore, same set of the hyperparameters values are considered
among all seven CNN-based deep learning models for the fair comparison of

performance evaluation.
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Table 4.2: Summary of hyperparameter tuning and training results for U-Net model using Adam [139] and stochastic gradient

descent (SGD) [140] Optimisers on WHU buildings dataset for 50 epochs with different batch sizes

Optimiser | Batch size | Average IoU | Average F-measure | Average precision | Average recall | Average Pixel
Accuracy (PA)

6 0.9353 0.9113 0.9196 0.9121 0.9650
Adam [139] 8 0.9268 0.8807 0.8752 0.9283 0.9577
16 0.9296 0.9029 0.9131 0.9045 0.9621
6 0.9035 0.7860 0.9055 0.8214 0.9439
SGD [140] 8 0.8884 0.7677 0.9206 0.7642 0.9356
16 0.9103 0.8016 0.8784 0.8714 0.9481
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The hyperparameter results as presented in the Table 4.2, the U-Net model
training results achieved higher average intersection over union (IoU) of 0.9353 by
employing Adam optimiser as compared to stochastic gradient descent (SGD)
optimiser of 0.9035 for batch size 6. The other two batch sizes of 8 and 16 have
also comparable average IoU results, however lower than Adam with batch size 6.
Hence, the Adam optimiser and batch size 6, along with ReLU as activation
function, binary cross-entropy (BCE) as loss function, learning rate 0.0001, final
layer classifier as sigmoid has shown reasonable results. Additionally, an early
stopping and regularisation technique has been implemented to prevent the

overfitting [141].

Table 4.3 and 4.4 presents performance evaluation results of the U-Net [37],
V-Net [111], SegNet [100], SegU-Net [113], ResU-Net [102], MultiResU-Net
[115], and AttentionU-Net from [117] in generating feature map of buildings as
ROI from training and validation dataset [24], respectively. Table 4.5 shows the
test dataset from the WHU buildings dataset that the models had not seen during

training and validation, along with an analysis of the best performing model.

76



Table 4.3: Average loU, average F-measure, average precision, average recall, average pixel accuracy (PA) and total epochs of
seven CNN-based deep learning models for WHU buildings remote sensing training images dataset

Models Total epochs IoU F-measure | precision | recall PA
U-Net [37] 100 0.9939 0.9873 0.9923 0.9904 | 0.9963
V-Net [111] 24 0.9609 0.9185 0.9482 0.9415 | 0.9768
SegNet [100] 33 0.9347 0.8582 0.9309 0.8755 | 0.9614
SegU-Net [113] 85 0.8568 0.6975 0.8827 0.7009 | 0.9170
ResU-Net [102] 38 0.9819 0.9627 0.9749 0.9736 | 0.9891
MultiResU-Net [115] 54 0.9733 0.9458 0.9623 0.9621 0.9840
AttentionU-Net [117] 62 0.9780 0.9475 0.9690 0.9690 | 0.9869

Table 4.4: Average loU, average F-measure, average precision, average recall, average pixel accuracy (PA) and total epochs of
seven CNN-based deep learning models for WHU buildings validation images dataset

Models Total epochs IoU F-measure | precision recall PA
U-Net 100 0.9298 0.9107 0.9208 0.9043 0.9631
V-Net 24 0.9360 0.8869 0.9144 0.9079 0.9624
SegNet 33 0.9216 0.8428 0.9205 0.8537 0.9547

SegU-Net 85 0.8612 0.7048 0.8906 0.7092 0.9197
ResU-Net 38 0.9351 0.9036 0.9219 0.9032 0.9632
MultiResU-Net 54 0.9338 0.8964 0.9092 09114 0.9618
AttentionU-Net 62 0.9436 0.9046 0.9277 0.9185 0.9675
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Tables 4.3 and 4.4 present the training and validation results. In the training
dataset, the U-Net model achieved the highest average IoU of 0.9939 over 100
epochs, outperforming other models. This is attributed to its efficient feature map
processing from the encoder to decoder, which enables accurate generation of
building region feature maps as regions of interest (ROI) in the training dataset.
[142]. In the validation dataset presented in Table 4.4, U-Net achieved an average
IoU of 0.9298, higher than SegNet and SegU-Net while lower than other models
which are V-Net, ResU-Net, MultiResU-Net, and AttentionU-Net. It is due to its
simpler architecture having fewer convolutional layers which may have led to

poorer feature map generation during validation.

The SegU-Net model achieved the lowest average IoU of 0.8568 in training
and 0.8612 in validation. Its deep structure, combining SegNet and U-Net, affects
feature learning, particularly at deeper layers, leading to poor results [112]. SegNet
achieved the lowest IoU of 0.9347 in training and 0.9216 in validation,
outperforming only SegU-Net. It is because of the use of pooling indices for
upsampling may miss fine details, unlike U-Net's skip connections [112].
AttentionU-Net achieved an average IoU of 0.9780 in training and 0.9436 in
validation. It is due to the attention gates (AGs) enhanced feature map generation

by focusing on prominent features, outperforming other models. [104].

V-Net, ResU-Net, and MultiResU-Net achieved satisfactory results with

IoU of 0.9609 for V-Net and 0.9819 for ResU-Net in training, and 0.9360 and
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0.9351 in validation, respectively. The V-Net, similar to U-Net, includes additional
convolutional layers [111]. The ResU-Net combines U-Net with residual blocks,
enhancing feature extraction for efficient ROI feature map generation [143].
MultiResU-Net achieved IoU of 0.9733 in training and 0.9338 in validation time,
which are lower than ResU-Net and it is due to its multiple residual learning blocks
[143]. The structure of ResU-Net is much deeper than those of deep CNN-based
models, which may also affect the performance of ResU-Net. Table 4.4 shows
AttentionU-Net achieved the highest average IoU of 0.9469, while SegU-Net had

the lowest of 0.8726.
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Table 4.5: Average loU, average F-measure, average precision, average recall, average pixel accuracy (PA) and total epochs of
seven CNN-based deep learning models for WHU buildings testing images dataset

Models Total epochs IoU F-measure | precision recall PA
U-Net 100 0.9339 0.9150 0.9218 0.9119 0.9654
V-Net 24 0.9376 0.8922 0.9169 0.9146 0.9638
SegNet 33 0.9291 0.8558 0.9314 0.8713 0.9592
SegU-Net 85 0.8726 0.7239 0.9061 0.7383 0.9274
ResU-Net 38 0.9396 0.9124 0.9268 0.9155 0.9662
MultiResU-Net 54 0.9388 0.9052 0.9141 0.9240 0.9650
AttentionU-Net 62 0.9469 0.9119 0.9309 0.9293 0.9698
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The CNN-based models achieved higher accuracy in generating building
ROI feature maps in training presented in Table 4.3 compared to validation time
results shown in Table 4.4, indicating effective learning and good generalisation to
new images, with minimal overfitting. [37]. Additionally, the difference between
Table 4.3 and Table 4.5 indicates that the models are less likely to be affected by
overfitting on the test images dataset. This demonstrates that the models are able to

generalise accurately when it comes to delineating ROI in new images.

Figure 4.5 shows the U-Net, V-Net, SegNet, SegU-Net, ResU-Net,
MultiResU-Net, and AttentionU-Net results on the WHU buildings test dataset,
with blue, red, and green boxes highlighting building ROIs, including inaccurate
boundaries or misclassified pixels. The blue colour boxes representing segmented
regions with inaccurate boundary, the green colour boxes mean incorrect regions
segmented as buildings, and red colour boxes means under segmented regions.
Figure 4.5 shows AttentionU-Net accurately generates building ROI feature maps
with diverse colours, sizes, shapes, and textures compared to other models. Figure
4.5 shows AttentionU-Net accurately generates building ROI feature maps, despite
minor boundary discrepancies. It is because of the use of attention gates (AGs)
effectively captures fine feature details in the WHU buildings dataset [37]. In
comparison, SegNet and SegU-Net fail to generate accurate building ROI maps
compared to AttentionU-Net, due to their structure and the inclusion of attention
gates in AttentionU-Net. Figure 4.5 shows that for image ID 829, none of the

models generated a building ROI feature map (blue box), and for image ID 1027,
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SegNet failed to generate a feature map for the building regions indicated within
the red box. SegNet's poor performance is due to its reliance on pooling indices for
upsampling, which cannot capture fine details like shape, size, and texture of
building ROI regions [108]. SegU-Net shows poor visual results for many images,
mainly due to its complex structure [112]. The U-Net, V-Net, ResU-Net, and
MultiResU-Net generate satisfactory building ROI maps, but their results are
poorer than AttentionU-Net as shown in Figure 4.5. Since the U-Net model contains
lower number of convolutional layers, resulting in lower performance as compared
to the AttentionU-Net model. The unavailability of an attention mechanism in V-
Net, ResU-Net, and MultiResU-Net makes it harder for these models to generate
diverse building features. Therefore, AttentionU-Net is considered the best model

based on experimental results in this research work.
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Figure 4.5: Visualisation results of seven CNN-based deep learning models in generation of buildings ROI feature map for test image

IDs 101, 829, 1027, and 1781 from WHU buildings dataset in comparison to ground truths (GTs), respectively
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In Figure 4.6, AttentionU-Net's classified building ROI (second row)
matches the actual building ROI indices (first row), with pixel values ranging from
0 to 1. The threshold value of 0.5 is used to retrieve the actual building ROI from
the image based on the AttentionU-Net generated feature map of building ROI [97].
AttentionU-Net uses a sigmoid classifier in the last layer with a 0.5 threshold to
output the building ROI feature map [28]. The process of generating feature map
of buildings ROI from actual image building follows the previous work [28]. This
process first verifies the indexes on x and y coordinates of feature map generated
by AttentionU-Net with the pixels of actual building ROI in image by using the
built-in capabilities of python libraries [144, 145]. As a result, the matched pixels
are considered as buildings regions. The rest of the pixels values which are
unmatched on indexes of x and y are taken as 0, resultantly buildings feature map
generated having black background as shown in Figure 4.6 third/last row. Finally,
the building feature map generated by AttentionU-Net (third row of Figure 4.6) is
used to extract colour, texture, shape, and edge features as discussed in Section

4.1.4.
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4.1.4 Features Extraction from the Feature Map

The features extraction experiments (represented as step 3 in Figure 4.1)
have been conducted on the feature map obtained from the best performing
AttentionU-Net CNN-based deep learning model (represented as step 2 in
Figure 4.1). Based on this feature map, colour, texture, shape, and edge features
will be extracted. These four features are prominent features that are commonly
used in most of previous works [25, 28] for region merging approaches. The
four features will be computed after the generation of the feature map by the
AttentionU-Net model. The colour features will be extracted from the colour
channels (such as RGB and HSV) of the image. By analysing the colour
distribution within each region of interest (ROI), statistical measures like mean,
of the colour channels will be derived. Texture features are computed by
analysing the spatial patterns within the feature map, using techniques such as
Local Binary Patterns (LBP), or Gabor filters, which quantify the surface
characteristics of each region. Shape features will be derived from building
ROIs. Lastly, edge features will be computed through edge detection algorithms
like Sobel, or Canny filters applied to the feature map. Further details on these

features extraction are described in the subsections from 4.1.4.1 to 4.1.4.4.

4.1.4.1 Colour Feature Extraction

In this research, two different colour spaces which are Red, Green, Blue
(RGB) and Hue, Saturation, Value (HSV) are used for colour features
extraction to achieve the best colour feature space, especially for WHU

buildings dataset [37]. The colour information can be extracted through many
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ways such as colour histogram, colour moment, and average RGB [79].
However, one efficient way is colour moment which refers to express the
distribution of pixel intensity values in an image [82]. The concept of colour
moment was first developed by Stricker and Orengo [146]. The colour moment
is used as a descriptor and it actually defines the relationship of pixel with its

surrounding neighbours.

The colour moments cannot be computed for a single pixel where it
requires a number of pixels to compute it [82]. Colour moments can be
employed for extracting colour feature from colour space be it RGB or HSV
when considering image segmentation approaches [147]. In addition, colour can
be measured by following attributes and there are colour moments, specifically

the mean, standard deviation, skewness, and kurtosis as shown in Figure 2.2.

As shown in Figure 4.6 third row as building feature map generated,
experiments are conducted in order to extract colour feature. If an image is
considered as discrete function f (x, y) with x=0, 1...M and y=0, 1....N, then the

moment of order (p + g) 1s defined as equation 4.1.
Mpq = ¥ 0 Xy=0 9pq(x, Y)f (x,¥),p,q = 0,1,2, ... 4.1)

where Mpq 1s the momentum having moment weighting kernel demonstrated
as @pq. This kernel is a function or a set of coefficients f that is applied to each
pixel intensity value or a combination of values represented as (x, y) in the case
of colour images to compute the colour moments of each channel having

dimension represented as M and N in the colour space [148].
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Colour moments are utilised to characterised the colour distribution
within an image. The mean, or first moment, quantifies the average colour
intensity across each channel [82]. It is calculated by summing the pixel
intensity values for the entire channel and normalising by the total number of
pixels. The mean for each individual channel red, green, and blue (RGB) has

been calculated as follows in equation 4.2.

1
E.= —¥L YV, P (4.2)

MxN

where E. represents the mean intensity value for a specific colour channel ¢, ¢
can be red (R), green (QG), or blue (B). The total number of pixels in the image
is determined by multiplying the number of rows M and columns N, ensuring
that the mean is calculated over all pixels in the image. The term P;; denotes the
intensity of a pixel located at coordinates (i, j) in the respective colour channel.
By summing the pixel values across all positions in the image and then dividing
by the total number of pixels, this equation provides the average intensity for
each colour channel, which helps in analyzing the overall colour features in the
image. Thus, E, represents the mean pixel intensity over all pixels in an image,
and subscript [ is representing the AttentionU-Net CNN-based deep learning

model generated feature map.

The conversion from RGB to HSV colour space is based on the open-
source image processing library skimage.color [149]. These two colour spaces
are utilised in order to select the suitable colour space for feature extraction
which are colour, texture, shape, and edge feature. Along with this, colour

moments and the attributes such as mean, standard deviation, skewness, and
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kurtosis are utilised from open-sourced image processing library [150-152]. The
mean value is used of channels for comparing pixel distributions based on a

threshold (having higher mean intensity of single channel) [153].

4.1.4.2 Texture Feature Extraction

Experiments are conducted on building feature map generated as shown
in Figure 4.6 third row in order to extract texture feature. Furthermore, to extract
texture features from the CNN-based deep learning model generated feature
map, two texture extractor consisting of Gabor and Local Binary Pattern (LBP)
filters have been utilised. These filters are used for finding the suitable
descriptor for textures feature extraction in both colour spaces RGB and HSV,
respectively. According to [82] both descriptors generate matrices, and
afterwards, mean values from those matrices of texture feature can be utilised
for further computation. Gabor and LBP have been utilised from an open-source

image processing library which are skimage.filters.gabor [154] [155].

4.1.4.3 Shape Feature Extraction

In this research, for shape feature the area attribute has been considered
and it refers to the total number of pixels in each building ROI. Since, the
number of pixels would be the same for each building ROI in both the colour
spaces RGB and HSV. Thus, in this case area attribute of shape feature is not

further compared or evaluated.
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4.1.4.4 Edge Feature Extraction

As presented in Figure 4.6 third row as building feature map generated,
the Canny and Sobel edge detectors are implemented on the feature map.
Moreover, two colour spaces RGB and HSV have been utilised for the
experimentation of Canny and Sobel in order to identify the best performing
edge detector for edge information extraction. Both the edge detectors are
utilised from an open-sourced image processing library having Canny as [156]

and for Sobel edge detector as [157].

4.2 Evaluation of Extracted Features from Generated Feature Map

In this research work, chi-squared (x?) statistical test is utilised in terms
of selecting the suitable feature in order to incorporate for merging criterion
(MC) derivation. The chi-squared (x?) statistical test is often used to find the
most important and appropriate features by evaluating the relationship of
independence between each feature in the feature map and the target variable
[158]. In this research, target variable is the RGB or HSV channel value from
feature map generated by AttentionU-Net CNN-based deep learning model. The
chi-squared is a statistical test in order to ascertain if two categorical variables
have a significant relationship [159]. The relationship is more significant and
the feature is more relevant if the chi-squared value is higher. Lower p-values
(probability values) denote more significant relationships, while the chi-squared
test p-value represents the likelihood of finding the chi-squared statistic as

defined in equation 4.3 [160].
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(0;—E;)?
E;

(x)? =% (4.3)

where (x.)? refers to chi-squared for RGB channels, E; means the expected
count of pixels and o, is representing the observed count of pixels of the i-th

channel [158].

In chi-squared statistical test context, the aim is to evaluate the
significance of the relationship between the colour moment features such as
mean, standard deviation, skewness and kurtosis of RGB and HSV colour
spaces as well as the texture features extracted via Gabor and LBP filters. The
threshold for mean calculation is the Mean value itself derived from channels
having highest Mean value. It means that the highest value of any channel from
R, G, B, the value will be considered as threshold value. Similarly, the threshold
for standard deviation, skewness, and kurtosis is their respective values. During
the chi-squared (y?) statistical test, mean value is used for comparing pixel
distributions based on a threshold having highest Mean intensity of each

channel [153].

The test typically involves two categories: one for pixels below or equal
to the threshold and another one for pixels above the threshold. The threshold
below or equal to is considered the best. Moreover, there is no particular range
for a maximum value, the lowest possible value for a chi-squared x? variable is

0 as referred in [161] equation 4.4.

22 RV
(xC)Z — (OIEEI) + (OZEEZ) (4.4)
1 2
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Categories:
Category 1: Pixels with intensities below or equal to the threshold.

Category 2: Pixels with intensities above the threshold.

Observed Counts:
O;: The observed count of pixels in Category 1.

O:>: The observed count of pixels in Category 2.

Expected Counts:

E;: The expected count of pixels in Category 1 based on a segmented
pixels value.

E>: The expected count of pixels in Category 2 based on outcome pixels

value.

The chi-squared statistical test evaluates whether there is a significant
difference between the observed and expected distributions of pixel intensities
relative to the threshold (mean intensity value from r, g, b channels) [25]. The
chi-squared statistical test is utilised from an open-source image processing

library [162].

4.2.1 Experimental Results and Discussion for Colour Feature

Extraction

Table 4.6 presents the results of features extracted from AttentionU-Net
model generated feature map. In Table 4.7, the upward direction arrows
represent that higher the value the better is the result, and for downward arrows

it is vice versa. The RGB colour space achieved 0.58 chi-squared value as
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compared to HSV colour space which achieves 0.45. The standard deviation
(STDV) achieved 0.17 chi-squared value for RGB colour space in contrast to
HSV as 0.11. The skewness and kurtosis have been computed in both colour
spaces RGB and HSV, respectively. The skewness and kurtosis achieved 0.16
and 0.21 chi-squared value in RGB colour space, respectively. While, HSV
colour space achieves 0.06 and 0.19 chi-squared value for skewness and

kurtosis, respectively.

Table 4.6: Colour feature extraction in RGB and HSV colour spaces

Colour Feature Eval
Feature Spaces Extractor / Metri.c chi-squared Results I
p Attributes
Attributes RGB | HSV
colour
moments Mean 058 | 045
Colour | RGB & (mean, chi-
STDV 0.17 0.11
standard
[153] HSV o squared
deviation, Skewness 0.16 0.06
skewness,
kurtosis) kurtosis 0.21 0.19

Table 4.6 demonstrated experimental results of colour feature extraction
from feature map generated through AttentionU-Net model. During the
experiments for colour feature extraction, results demonstrate the highest values
of chi-squared test for Red, Green, Blue (RGB) colour space as compared to
hue, saturation, value (HSV) colour space. Moreover, in HSV colour space, hue
channel determines the colour, the saturation channel determines the different
shades of that colour, and the value channel describes the intensity of lightness

or darkness [83]. The higher value of chi-squared values indicates that the RGB
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colour space provides better colour information in WHU buildings dataset [37]

for building feature map generated through AttentionU-Net. Hence, the RGB

has higher chi-squared value which means that the RGB colour space is more

efficient than HSV in this research.

4.2.2 Experimental Results and Discussion for Texture Feature

Extraction

Table 4.7 presents results of texture feature extraction. Gabor filters

achieved 0.15 chi-squared value in RGB colour space and HSV colour space

depicts 0.12 chi-squared value. The Local Binar Pattern (LBP) descriptor shows

0.05 chi-squared value for the RGB colour space in contrast to HSV colour

space which depicts 0.09 chi-squared value.

Table 4.7: Comparison of texture feature extraction in RGB and HSV

colour spaces

Feature
Colour Eval.
Feature Extractor / chi-squared Results]
Spaces Metric
Attributes
Gabor &
RGB & chi-  |Attributes Gabor LBP
Texture LBP RGB | HSV | RGB | HSV
HSV squared | Mean 0.15 | 0.12 | 0.05 |0.09
(Mean)

The results in Table 4.7 for two texture extractors Gabor and LBP in

RGB and HSV colour spaces indicates that Gabor filter demonstrates highest

chi-squared value in RGB colour space. This shows the efficacy of RGB colour

space for texture feature extraction. The main reason of RGB colour space
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showing best chi-squared test results for colour and texture feature extraction is
due to the significant difference between building ROI pixels and background

pixels. Hence, RGB colour space performs better than HSV.

4.2.3 Experimental Results and Discussion for Shape Feature

Extraction

During shape feature extraction, area attribute has been considered as
the total number of pixels. Hence, it has been extracted during experiments that
the area has same number of pixels in both colour spaces RGB and HSV,

respectively.

4.2.4 Experimental Results and Discussion for Edge Feature

Extraction

Table 4.8 presents the results for Canny and Sobel edge detectors for
extracting edge feature. The Canny achieved average mean squared error (MSE)
17446.93 in RGB colour space as compared to Sobel which shows 10910.20,
respectively. Furthermore, Canny achieves average MSE 18313.86 in contrast
to Sobel 12092.30 in HSV colour space, respectively. In addition, Canny
achieved average peak signal to noise ratio (PSNR) 5.75 as compared to Sobel
edge detector 7.81 in RGB colour space, respectively. Moreover, Canny
achieved average MSE 18313.86 and Sobel shows 12092.30 in HSV colour
space, respectively. Additionally, the PSNR value achieved by Canny is 5.53
and Sobel demonstrated 7.35, respectively. The MSE and PSNR has been
calculated from each building ROI feature map which is generated through the

AttentionU-Net and each building is represented as K. The highest values for
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both metrics is due to the K of building ROI. As K grows, the values of two
metrics increase as much as K. Resultantly, the values are calculated as for

overall K in order to find the optimal results for each metric.
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Table 4.8: Comparison of edge feature extraction in RGB and HSV colour spaces

Feature
Colour Eval.
Feature Extractor / chi-squared Results I
Spaces Metric
Attributes
Canny Sobel
Canny & Attributes
RGB & MSE,
Edge Sobel RGB HSV RGB HSV
HSV PSNR
Detectors Average MSE{ | 17446.93 | 18313.86 | 10910.20 | 12092.30
Average PSNR]| 5.75 5.53 7.81 7.35
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As presented in Table 4.8, during experimentation in two colour spaces, in
general the HSV depicts higher values for MSE and lowest values for PSNR as
compared to RGB colour space. This shows that HSV colour space is providing
more edge information as compared to RGB colour space. However, in terms of
two edge detectors comparison, Canny edge detector shows good results by
achieving higher values of MSE and PSNR in both colour spaces as compared to
Sobel edge detector. The main reason for good results for the edge detectors in HSV
colour space is because of the edge pixels identification of buildings ROI. As the
edge detectors only focus on the edge pixels of the buildings ROI then both the
edge detectors performed slightly better in HSV colour space as compared to RGB
colour space. The Canny edge detector depicts good results as compared to Sobel
in HSV colour space as presented in Table 4.8. The HSV colour space provides
good results for edge detectors. Based on the results of colour and texture feature
extraction in RGB colour space, the Canny edge detector has been utilised in RGB

to maintain pixel correlation.

4.3 Summary

This chapter outlines the implementation of region-based segmentation
algorithms, along with CNN-based deep learning models. It also details the process
of feature extraction from the generated feature map utilising the selected
AttentionU-Net model. Total four region-based segmentation algorithms were
evaluated for generating over segmented region, and results demonstrating SLIC
with superior performance. Afterwards, seven CNN-based deep learning models

are compared, and AttentionU-Net has been selected based on the best
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performance. The experiments are performed between RGB and HSV colour
spaces in order to extract colour feature. The comparison between Gabor and LBP
for texture feature, and Canny and Sobel for edge detection are performed in RGB
and HSV colour spaces. Following the results of these experiments of Chapter 4,
prominent features which are colour, texture, shape, and edge information will be
utilised to derive merging criterion (MC) for the proposed region merging approach

in Chapter 5 for delineating buildings as ROI in remote sensing images.
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CHAPTER 5

MERGING CRITERION DERIVATION FOR MERGING BUILDINGS

REGION IN REMOTE SENSING IMAGES

This chapter focuses on experimental flow which involves generating the
over segmented regions, followed by extracting the feature map from the
AttentionU-Net convolutional neural network (CNN)-based deep learning model.
These extracted features are then used to propose a merging criterion (MC) for
merging buildings into regions of interest (ROIs) in remote sensing images. This
process aims to address over segmentation (OS) and improve building delineation,

while eliminating the requirement of human intervention in the merging process.

5.1 Derivation and Implementation of Merging Criterion

Figure 5.1 presents the flowchart for derivation of merging criterion (MC)
and implementation of region merging, which is further discussed in detail in the
following subsections. While, based on the results of experiments performed in
Chapter 4, simple linear iterative clustering (SLIC) among four region-based
segmentation algorithms, AttentionU-Net among seven CNN-based deep learning
models, and colour, texture, shape, and edge features extraction were selected to
derive MC. Finally, all the pairs of regions of similar features will be successfully
merged if the number of regions is equivalent to K, where K is the number of

buildings in the feature map.
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4
Merging Criterion (MC)

Derivation
54
Region Merging
No
| 7
Final segmented Merge similar chosen 6 | Yes

building regions neighbouring regions

Figure 5.1: Flowchart for derivation and implementation of MC

5.1.1 Over segmented regions by SLIC represented in Region

Adjacency Graph (RAG)

In Chapter 4 Section 4.1.2, experiments were performed for finding suitable
region-based segmentation algorithm for the proposed region merging approach.
Although, in Chapter 4 Section 4.1.2.2 results demonstrate that SLIC had
outperformed to generate over segmented regions which are aligned with object
boundaries. However, as mentioned earlier that SLIC generates different number
of over segmented regions based on k parameter. According to authors in [138],
although the process of over segmenting an image is faster with a lower value of k
parameter in SLIC which produces less and larger over segmented regions
boundaries, which completely missed the object regions. However, with higher k
values in SLIC algorithm, generating severe over segmentation (OS) [138]. Hence,
in this Chapter, experiments have been conducted on SLIC with different values of

parameter k and incorporated the proposed MC. The goal is to find the suitable
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value of parameter k in the SLIC to merge the over segmented regions. Moreover,
the authors in [17] experimented on SLIC algorithm for finding appropriate value
for parameter k and their experimental results demonstrated that best results were
achieved using k=3000. In addition, the segmentation results are demonstrated from
Figure 5.3 to 5.7 by utilising different values for k parameter in SLIC and MC
derived from three and four features, respectively. The over segmented regions
generated by SLIC are represented on RAG graph which is presented in Figures

2.1(a) and (b) Chapter 2 Section 2.2.2.1.

5.1.2 Features Extraction from Over segmented region

In below equations from 5.1 to 5.10, the following formulas are utilised to
extract features from over segmented regions, and region of over segmented image

is represented by I,..

5.1.2.1 Colour Feature

I represent the input image having three channels red, green, blue (R, G, B).
The image has over segmented regions where I, represents these over segmented
regions. The I, contains pixels represented as N, demonstrated in equation 5.1.
Therefore, C, representing mean values of colour feature for an over segmented

region I, can be calculated via equation 5.2.

L = {(x0,¥0), (x1,¥1), -, (XNT,}/NT)} (5.1)
1 o
G = N_r ZI z(x,y) (5.2)
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where I, showing the over segmented regions such as » = 1, . . ., O, N, is
representing the number of pixels in each over segmented region, and z is the pixels
location. Moreover, the summation is taken over all pixels in RGB colour space

representing through z (x, y) in each over segmented region I,..

5.1.2.2 Texture Feature

The texture feature for each over segmented region are identified through
Gabor filters. The Gabor filters have been utilised by employing the equations 5.3
to 5.7 as defined in [163]. The author in [163] defined 2D Gabor filter kernel

function as presented in equation 5.4.

G (x,y) = go(x,y') .expliCm f X' + )] (5:3)

where superscript ¢ € {R, G, B} represents each channel, 8 is the orientation, f is
the specific frequency, the phase offset is represented with ¥, and gg(x’, y") is the

Gaussian envelope.

The Gaussian Envelope formulation controls the spatial extent of the Gabor
function G ¢ and phase offset 1, and can be written as mentioned in equation 5.4.
Furthermore, equations 5.5 and 5.6 describes the rotation of filters bank during

implementation on original pixel (x, y) coordinates based on orientation 6.

gox',y") = exp [-1 (22| (5.4)

o2

x' = xcos(0) + ysin(0) (5.5)
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y' = —xsin(6) + ycos(6) (5.6)

where Gaussian Envelope go, has the standard deviation represented as o .
Moreover, (x, y) represents the original pixels values and cosine and sin 8 indicates

the different angles of the filters.

Based on this, the result of Gabor filters for all three channels (R, G, B) will

be extract at pixel location z (x, y) by utilising equation 5.7.

Glr = lp(m,n) (Z) = [l/}?m,n)' l/}?m,n)' lp(Bm,n)] (57)

where G, refers to the result of Gabor filters after appending the phase offset

represented with P for three channels (R, G, B) with m and » are the direction and
scale factors. It holds the Gabor response for all three channels at pixel location z

(x, y). I is representing the over segmented regions.
5.1.2.3 Shape Feature

For shape feature of each over segmented region I, , the area attribute A,
can be computed via equation 5.8. The area contains the total number of pixels that

belong to the each over segmented region.
A, = N, (5.8)

where N, is the total number of pixels that belong to the over segmented region I,..
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5.1.2.4 Edge Feature

Following the previous research work [73] for integrating edge features into
merging criterion (MC), the edge information is extracted by applying Canny edge
detector. According to [73], the Canny edge detector mathematically formulates the
three criteria which low error rate, exact position, and single edge point. Moreover,
authors calculate the edge intensity representing by D and the normal direction 6 of

the image at the pixel location (x, y) presented in equations 5.9 and 5.10,

respectively.
_ [rar? e\2
Dixyy = J(ax) + (6y) (5.9)
ofs
— oy
0(xy) = arctan <E> (5.10)
dx

where equations 5.9 and 5.10 are referring to the 3x3 kernel implemented in x-axis
and y-axis direction 8 on the image. df; is referring to frequently occurrence of
pixels at location dx and dy. Detailed mathematical representation of Canny edge

detector provided in [73].

Thus, the over segmented regions have been utilised to extract edge
information by using the equations 5.9 and 5.10 of Canny edge detector. Thus, the
equation of extracting edge information from the over segmented regions would be

as in equation 5.11.

ED, = ) D, 5.11)

Z€E I,
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where ED; Canny Edge Detector has D, which is referring to pixels in different
over segmented regions, region is represented with r = 1,....,0 consist of the

pixels z € I, having the pixels location of z = (x, y) in over segmented region I,..

5.1.2.5 Over segmented region Features

The four features that are colour, texture, shape, and edge are used to derive
the MC from the over segmented regions as referred in the formulations of Section
5.1.2. The over segmented region features containing the colour, texture, shape, and
edge are extracted by following the formulations from Section 5.1.2.1 to 5.1.2.4
and stacked through horizontal stacking [138]. According to the authors in [138],
horizontal stacking is the process where different features having different

dimensions are stacked as one after another. In this way, colour feature C;_¢ ,
texture feature G; ¢ , shape feature A; ¢ ; and edge feature ED; ., are

horizontally stacked each after one another and can be represented as in equation

5.12.

F, e =hstack(Ci ¢ 1,Gr e, A,er EDie)  (5.12)

where F; ¢  are the features from over segmented regions, and hstack is referring
to the horizontal stacking of four features as stated above. The dimension of F; ¢ ;
will be 1 x 6, which is having horizontal stacking where 6 rows and 1 column. The
3 dimensions are for colour having mean of R, G, B channel, 1 for texture feature
resultant from Gabor matrix as mean, 1 for shape as area attribute having number
of pixels, and 1 for edge information as indices. The merging process will use these

stacked features when the difference in these feature values (colour, texture, shape,
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and edge information) between neighbouring regions is below a threshold as

defined in below Section 5.1.4.

5.1.3 Feature Extraction from AttentionU-Net generated Feature Map

The above process mentioned in Section 5.1.2 is demonstrated for features
extraction from over segmented regions. The following formulas from Section
5.1.2.1 to 5.1.2.4 are utilised for the feature extraction from the AttentionU-Net
CNN-based deep learning model generated feature map. Additionally, the
AttentionU-Net model includes different connected components which are the
building ROI and black background. These connected components were derived
through the AttentionU-Net CNN-based deep learning model. Thus, it is necessary
to utilised the only pixels having non-background and consists of buildings ROI to

derive MC.

The feature map generated by AttentionU-Net is represented by I; which
contains connected components. These connected components correspond to
individual building regions of interest (ROIs) and consist of K ROI, such that the
I, = {1, ... K} with each ROI containing N; number of pixels. Afterwards, an
indicator function referred from previous work of [ 164] as demonstrated in equation
5.13 will assist in the feature calculation for each building ROI in feature map

generated through the AttentionU-Net.

z> 0, z €]

5.13
Otherwise ( )

b = {
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where J/(z) an indicator function [164], it calculates the feature values when the
pixel value z is non-zero and otherwise refers that the calculation for zero value
pixels will not be computed. It is used for AttentionU-Net generated feature map
building ROI in order to specifically used building ROI pixels for calculation and
ignore the background pixels which are in black colour and would have zero value.
In indicator function Y(z), z = (x, y) is the pixels position, and z € I;. Thus, the
indicator function will identify and calculate only the building regions. It will

extract the exact information of features without considering the background pixels.

As defined in equation 5.13, the indicator function utilised to extract feature
from each building ROI generated feature map through AttentionU-Net and
representing a labelled region I; € I. Moreover, labelled region [ =1, . . .K, K
representing each building from feature map generated through AttentionU-Net.
Then, the formulas for colour, texture, shape, and edge feature, presented in

Sections 5.1.2.1 to 5.1.2.4 for the over segmented region to be applied.

Thus, formulas for extracting feature from buildings ROI feature map
generated through AttentionU-Net which are colour, texture, shape, and edge
feature. Hence, buildings ROI feature map generated through AttentionU-Net can

be represented as in equation 5.14.

Fi, e 1 = hstack(Cy e 1,Gre 1 Ape 1 EDpe 1) (5.14)
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where the F, ¢ ; is referring to the horizontal stacking [138]. Moreover, colour
represented as Cj, ¢ ; , texture as Gy, e, shape as Aj e, and edge feature

represented as EDj, ¢ .

5.1.4 Threshold Calculation

The threshold is defined in order to put the limit in merging edges and
employed in merging criterion (MC). According to previous work [28], the authors
stated that due to the high variability of the remote sensing image features,
utilisation of a static value or hard threshold affects the overall segmentation
efficiency [25]. Hence, the threshold represented with th is computed for all the

edge weights in the region adjacency graph (RAG) by utilising equation 5.15.

th = u(F), e )K (5.15)
where U is the mean of the building ROI generated feature map through

AttentionU-Net, and Fj, ¢  is calculated through equation 5.14. As demonstrated in

equation 5.15, the K denotes the total number of buildings in the feature map. The
different buildings ROI will have different mean values and for each building mean

value will act as the threshold for iterative regions merging.
5.2 Merging Criterion (MC)

This step involves deriving the MC from the AttentionU-Net building ROI.
Moreover, the MC based on the three (colour, texture, and shape) and four features

(colour, texture, shape, and edge information) is incorporated into the merging
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process over the RAG generated from the SLIC over segmentation (OS). Based on
the over segmented image having adjacent regions such as I, I; € I, a RAG graph

is presented in Figure 2.2, Section 2.3.4 Chapter 2. The RAG graph consists of node
in each over segmented region and edges between adjacent over segmented regions.
Each node represents the calculated over segmented region features vector for each
over segmented region. The edges in RAG represent the dissimilarity between

adjacent regions I. I; € I. Hence, I I; is representing the two adjacent over

segmented regions in an over segmented image.

As presented in equation 5.16, w(, 1)er will be the weight calculation

formula of the edge connecting nodes on RAG representing regions ;. and I;, which
corresponds to the dissimilarity between the over segmented regions having

features vector of the two adjacent regions, I,- and I; in the over segmented image.

Moreover, I; represents the adjacent regions to /- in the over segmented image.
E=wg, )er = Lh=121=1 ||FIT - ” v I # (5.16)

where w(;  ; ye; represents the edge weights between I and I;, which are the

neighbouring over segmented regions. Moreover, O is the total number of over
segmented regions, and b is the total number of neighbouring over segmented
regions for any given node I,.. While, ) is used to calculate the total features values

of over segmented region, which are then subtracted from the adjacent over
segmented region using ”F,r — F,j ” This results in a feature value that will be

compared with the feature values of the building ROI generated feature map.
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Finally, a merging criterion M (Ir , Ij) will determine when to merge two
nodes I, and /; based on the weight of the edge connecting them and the computed

threshold through equation 5.15. Based on the above formulas, the following
merging criterion (MC) performs the merging process, and hence can be
represented as in equation 5.17.

” _ 1 if Wi1) el = min(W(IT‘Ij) cp)and W i)er < th
() 1) el 0 Otherwise (5.17)

where min(w(,, Ij)e ;) 1s the minimum edge weight in the RAG and ¢/ represents

the threshold.
5.2.1 Iterative Region Merging

When the MC M, 1)er is equals or less than the threshold, then regions

I, and I; can be merged into a single a region. If the difference of edge weights is
below the threshold computed in equation 5.15 and satisfied the merging criterion
(MC) presented in equation 5.17, the two nodes merge to generate a new region.
After merging nodes, the new region features are computed and assigned to new
node in the RAG. Following each merge, the edges of the newly formed region are
recalculated based on the four features of the merged regions. The region merging
process continues until all the nodes in the RAG are merged based on the merging

criterion (MC).

115



(a) (b) (©)

Figure 5.2: Construction of RAG and iterative region merging process in RAG

In graph-based region merging that involves constructing a region
adjacency graph (RAG) to represent the over segmented regions. The feature
information of the corresponding over segmented region is represented by each
node, with each edge representing the feature distance (or dissimilarity) between
the connected nodes. Figure 5.2 shows the concept of a RAG model. Beginning
with seven over segmented regions as shown in Figure 5.2 (a), Figure 5.2 (b) shows
the nodes representing the over segmented regions, together with the edges
connecting them representing the relations between the regions. The merging
criterion (MC) formula of equation 5.17 assigns the weight of each edge as a
dissimilarity of its two adjacent nodes. For instance, the weight of the edge
connecting nodes n3 and n5 in Figure 5.2 (b) is found to be smallest, this means the
nodes are highly similar. As a result, n3 and n5 will be merged into a new node, a
new n3’, as shown in Figure 5.2 (¢). The edge weights of node n3' are subsequently
changed. The process iteratively proceeds with the RAG model until no merging

can be performed.
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5.3 Analysis and Discussion

The performance evaluation results have been demonstrated in Tables 5.1
and 5.2 (see Appendix A) in terms of comparison between the integration of three
(colour, texture, and shape) and four features (colour, texture, shape, and edge
information) into MC for different SLIC algorithm k parameter. In addition, the
upward direction arrows represent that the higher the value the better is the result,
and for downward arrows it is vice versa in both the tables. The adapted rand error
(ARE), variation of information (VOI), F-measure, precision, recall, and adapted
rand index (ARI) metrics have been employed as stated in Chapter 3 from Sections
3.1.5.1 to 3.1.5.3, respectively. Furthermore, in order to find the better resultant
feature integrated into MC, the comparison have been performed between three
features as MC and Four features as MC. Finally, the proposed region merging
approach and previous work are compared by utilising metrics which are the Gg,
the F-measure, precision, and recall stated in Chapter 3 Section 3.1.5.4 and 3.1.5.3,

respectively.

5.3.1 Results for Three Features with specified k parameter value in

SLIC

The performance evaluation results of incorporating three features into MC
for different k parameter values in SLIC are presented in Table 5.1. These values
for parameter k are 500, 1000, 1500, 2000, and 3000, respectively. As presented in
Table 5.1 that the three features incorporating in MC, image ID 101 has achieved

F-Measure of 0.8465 through SLIC algorithm with parameter k=3000 by
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generating 2165 number of over segmented regions. The same image with k=3000
parameter of SLIC achieved values of 0.8632 for ARI, 0.1535 for ARE, and VOI

value is reached to 0.7594, respectively.

The image ID 829 has demonstrated the F-measure value of 0.9865 via
SLIC algorithm k parameter of value 3000 by generating 2068 over segmented
regions. While, the same image with achieved values of 0.9553 for ARI, ARE is
0.0153, and VOI is 0.0781, with the SLIC k=3000, respectively. The image ID
1027 has shown the value 0.9548 for F-measure metric by setting SLIC k=1000
which generated over segmented regions of 661. Along with this, the same image
with achieved values of ARE is 0.0452. However, for ARI, and VOI, the values are

0.9307 and 0.2083, with the SLIC k=3000, respectively.

5.3.2 Results for Four Features with specified k parameter value in

SLIC

As demonstrated in Table 5.2 for utilising the four features which are
colour, texture, shape, and edge information incorporated into MC from
AttentionU-Net generated feature map. The results of different initial over
segmentation (OS) have been demonstrated by employing MC during the regions
merging. The image ID 101 has achieved F-Measure of 0.9040 through SLIC with
parameter k=3000 by generating 2165 number of over segmented regions. For the
same image, having parameter k=3000 of SLIC achieved values of 0.9102 for ARI,

0.0873 for ARE, and VOI value is reached to 0.3592, respectively.
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The image ID 829 has demonstrated the F-measure value of 0.9990 for
SLIC k parameter of value 3000 by generating 2068 over segmented regions.
Additionally, the same image has achieved values of 0.9781 for ARI, ARE is
0.0127, and VOI is 0.0301, with the SLIC k=3000, respectively. The image 1D
1027 has shown the value 0.9825 for F-measure metric by setting SLIC k=3000 by
generating number of 2324 of over segmented regions. Additionally, the same
image achieved ARI values of 0.9893. The metric ARE demonstrated 0.0397 and

VOI shows 0.0912 with the SLIC k=1500, respectively.

The difference of F-measure between Tables 5.1 and 5.2 are also notable.
As from the results in above Table 5.2, the average F-measure values for all the
images have achieved higher value as compared to Table 5.1. One of the reasons of
achieving higher values of Table 5.2 is because of the features incorporation into
MC. It means that the four features integration as MC has significantly impacts on
the final segmentation outcomes. It is because that, the more features are utilised
the better will be segmentation results. Furthermore, from Figure 5.3 to 5.7, the
segmentation results of parameter k different values in SLIC algorithm have been

presented visually.
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5.3.3 Analysis on specified k parameter value in SLIC by incorporation

of Three and Four Features as MC

From results presented in Table 5.1 and 5.2 as well as from Figure 5.3 to
5.7, it has been observed that the initial over segmentation (OS) has influence on
regions merging process. The results indicate that, the higher the OS the better is
the final segmentation. The tables 5.1 present three features results and 5.2
demonstrates the results of four features as MC (see Appendix A). The metric used
for comparison between three and four features as MC are F-measure, precision,
recall, ARI, ARE, and VOI. The results of both the tables 5.1 and 5.2 proves that
SLIC with parameter k=3000 outperform among k values of 500, 1000, 1500, and
2000. Moreover, the results also indicate that, four features which includes colour,
texture, shape, and edge feature are providing better segmentation results as

compared to three features as MC.

It has been observed in Tables 5.1 and 5.2 (see appendix A), respectively
that the SLIC algorithm parameter k=3000 shows better results for three images in
terms of performance evaluation. While, in Table 5.3, SLIC parameter k=3000 also
achieved best results on WHU buildings Dataset [37]. It means that when the initial
OS is excessive, then the features employed into MC are most correlate to regions
in the over segmented region. In this way, it becomes easy for the MC to be satisfied

and merge regions, hence provides better segmentation results.

Furthermore, in terms of evaluation results for different initial OS, it has

also been observed from Figure 5.3 to 5.7 for image ID 101, 829, and 1027 that the
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SLIC algorithm having parameter k value of 500, 1000, 1500, 2000 have missed
some buildings region either completely or partially for three features as MC as
well as for four features as MC, respectively. The parameter k value 1500, and 2000
has segmented the buildings ROI but due to some inaccurate boundaries identified
for regions as compared to k parameter value 3000. Although, k parameter value
3000 of SLIC algorithm also contains some missed or irregular boundaries even
though the edge information is present in AttentionU-Net generated feature map to
provide accurate boundary. The edge features implementation is based on the
satisfying of three features merging criterion (MC), and once the three features
incorporated provides initial merging range, then the edge information assists in
uniforming those boundaries which have high similarity with over segmented
region. It means that even though the edge features from the Attention U-Net
generated feature map and the over segmented region are included in the feature
vector, they will not merge outside the three features range. This is due to the
strength of the information between the edges. As it can be seen in Figure 5.3 of
SLIC algorithm having parameter k=500 from row fourth to row seventh row for
image ID 101, 829, and 1027 has missed two buildings in top-centre of image,
centre building, and bottom-left, respectively. Although, the buildings in top-centre
of image, centre building, and bottom-left, are present in the AttentionU-Net

generated feature map as well as the edge features intensity map, respectively.

The process of incorporating edge features along with three features will
work as initially the colour, texture, and shape features criterion will be satisfied

and based on which the edge features would assist in generating the boundaries of
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within the generated or satisfied colour, texture, and shape region in terms of
generating uniformed edges. It means that once the three features satisfied the
process of merging region, the edge features map would fulfil the region boundaries
within the merged region and will produce the uniform boundaries. This way, the
resultant image would have straight boundaries with incorporating four features
into MC as compared to three features. Meanwhile, to be more specific, the colour,
texture, and shape features will select the relevant features of object and later will
be uniformed with edge information. During the region merging process, colour,
texture, shape, and edge features collectively enhance segmentation. Initially,
colour features are grouped based on mean values similarity, followed by texture,
which refines the grouping by considering surface patterns via Gabor filter matrices
mean values. Afterwards, shape features further refined region having number of
pixels. Finally, edge features are used to precisely define boundaries, ensuring clear
segmentation of ROL In a brief it means that, the entire four features have been
used to merge but the three features (colour, texture, and shape) help with
identifying and grouping the regions. Once complete this, the fourth feature which
is edge information will refine the segmentation by clearly marking the building

region boundaries.

As mentioned in literature that, region growing algorithm starts from within
the objects and finish until identifying the boundaries. Hence, this process has
similarity to region growing algorithm which is discussed in detail in Chapter 2
Section 2.1.1. In this proposed region merging approach, if initially the edge

features are integrated and then the other three features mentioned above are
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utilised to perform merging. Then the chances are there that the buildings ROI
feature map generated by AttentionU-Net having edges that are consists of extra
pixels, such edges would influence the region merging and resultantly the building
segmentation would be inaccurate. Based on the comparisons in tables 5.1 and 5.2
(see Appendix A) and F-measure values, as well as the visual results from Figures
5.3 to 5.7, this research explores the generation of initial over segmentation (OS).
While, different k parameter values of the SLIC algorithm are applied, and the
results are compared using both three and four features based MC. The findings
demonstrated that SLIC algorithm provides better results by using parameter

k=3000.

5.3.4 Comparison of Three and Four features as MC

The results in below Table 5.3 are demonstrated having the comparison
between three features and four features employed into MC for different parameter
of k in SLIC. While, the SLIC algorithm with parameter k=500, 1000, 1500, 2000,
and 3000 is utilised to generate initial OS. The best results achieved with k=3000
as average results for F-measure on WHU buildings dataset [37] for three features
achieved 0.8826, ARI as 0.8976, ARE as 0.1174, and VOI as 0.5057, respectively.
The four features acting as MC produces the average results on WHU Buildings
dataset for F-measure of 0.9101, ARI of 0.7603, ARE as 0.0793, and VOI as

0.3951, respectively.
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Table 5.3 Average Results for Three and Four features incorporated as MC for parameter k value 500, 1000, 1500, 2000, 3000,
respectively on 1550 images of WHU buildings Dataset [37]

OS Value of Evaluation Metrics
Features | parameter k . o
. 3 .. Adjusted Rand | Adapted Rand | Variation of
into MC | for SI:IC F-Measure { | precision | recall Index (ARI) Error (ARE) | | Information (VOI)I
Algorithm
500 0.6354 0.6954 0.5857 0.5751 0.2061 0.6437
1000 0.6606 0.7132 0.6145 0.6903 0.1899 0.5711
Three 1500 0.7182 0.7691 0.6783 0.7999 0.1701 0.5552
Features
2000 0.7571 0.7999 0.7201 0.8019 0.1699 0.5476
3000 0.8826 0.8840 0.8825 0.8976 0.1174 0.5057
500 0.8910 0.9010 0.8850 0.6452 0.1560 0.4931
1000 0.9012 0.9104 0.8910 0.6903 0.1395 0.3075
Four 1500 0.9064 0.9150 0.8958 0.7370 0.1291 0.1590
Features
2000 0.9092 0.9180 0.8999 0.7601 0.1099 0.0631
3000 0.9101 0.9204 0.9001 0.7603 0.0793 0.3951
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Figure 5.8: Comparison of segmentation results by incorporating Three and Four Features into MC, respectively

136



5.3.4.1 Analysis on Three and Four Features incorporation into MC

In Table 5.3, the comparison between integrating three features in MC and
four features in MC has been performed. The results proves that four features MC
containing colour, texture, shape and edge features achieved higher F-measure of
0.9101 as compare to three features as MC achieved 0.8826. Furthermore, it can be
visualised in Figure 5.8 that the image ID 101, 829, and 1027 has buildings
extracted through three features integration in MC, however the boundaries of
buildings are not uniform or regular as shown in yellow colour boxes. Hence, the
visual results of four features incorporated into MC demonstrated uniform
buildings boundaries as compared to three features integration into MC. This is
because the edge information from building feature map based on AttentionU-Net
assists in the generation of uniformed boundaries of building ROI. The edge feature
is used in order to identify the location of boundaries that are very similar or nearby
to the over segmented region boundary pixels. This process executes when the three

features colour, texture, and shape achieved the initial merging range.

Thus, it shows that the edge features will not consider the buildings
boundaries outside the three features range as mentioned earlier. This comparison
between three features and four features integration into MC indicates the trade-off
about the utilisation of three features into MC for implementing region merging
process in this research. Hence, the SLIC parameter k=3000 and four features
integrated into MC is utilised for comparison with previous research works

proposed region merging approaches.
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5.4 Comparison with Previous Research Works

The results comparison between the proposed region merging approach
results from four features incorporated into MC and with previous research work
[36], and [28] on WHU buildings dataset [37] demonstrated in Table 5.4 for 1550
images. The authors in [36] proposed the MRS algorithm, which is widely regarded
as a highly effective segmentation algorithm to segment remote sensing images.
The MRS algorithm has been successfully implemented in commercial software

named as eCognition, which includes a module for MRS algorithm [36].

According to the authors in [36], MRS algorithm is a bottom-up region
merging algorithm that starts by treating each pixel as an object and then merges
the pixels according to the MC. Furthermore, the MC of MRS algorithm is
regulated by two parameters which are (1) shape, which also controls colour, and
(2) compactness, which oversee the smoothness. The shape criteria range from 0 to
0.9 and measures the extent to which the shape of an image object affects the
segmentation process relative to the object spectral features or colour [36].
Moreover, the compactness parameter is determined by the standard deviations of
the spectral values linked to the initial pixel [36]. Besides this, MRS algorithm also
consists of colour, and shape features as MC and scale parameter act as threshold
for optimisation process of regions merging. Based on the properties mentioned
above, the MRS algorithm is used in this research to compare the final segmentation
results on the WHU buildings dataset. Furthermore, as mentioned above that MRS
[36] requires three parameters to implement and perform segmentation. The three

parameters consist of scale parameter, shape and compactness. According to the
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comparison of previous work [28], the author compared different scale parameter
(SP) and resultantly the 130 provides better buildings segmentation on WHU
buildings dataset in since shape and compactness were kept as 0.5 for the
experiments. Hence, in the experimentation of MRS algorithm [36] in this research,
scale parameter (SP) is taken as 130 and other two parameters having shape and

compactness are kept as 0.5.

Although, the results produced by [28] are promising such as the average
F-measure achieved in [28] is 0.63 on WHU buildings dataset. However, the
achieved value of [28] is lower than the proposed region merging approach in this
research work which is average F-measure 0.91 on the same dataset. Furthermore,
the precision value of the proposed region merging approach in this research is
0.92, whereas [28] achieved 0.82. Moreover, the recall is 0.90 in this research work,
whereas the [28] achieved 0.52 average recall. Furthermore, the results of MRS
algorithm in Table 5.5 demonstrates the Gg metric values in comparison to the
proposed region merging approach. The MRS achieved 0.83 average G; as
compared to the proposed region merging approach in this research work which

achieves 0.92 average G, for WHU buildings dataset.
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Table 5.4: Comparison of final segmentation results of proposed approach with previous research work [28]

Initial Metrics Average Average Average
Ref / Year Segmentation | Dataset F-Measure | precision recall
. Used
Algorithm
[28] /2022 Watershegl 0.63 0.82 0.50
transformation F-Measure,
WHU Precision
Proposed SLIC algorithm | buildings and Recali
Approach / Four parameter ' 0.91 0.92 0.90
Features as MC k =3000 value

Table 5.5: Comparison of final segmentation results of proposed approach with previous research work [36]

Ref Initial Seg1}1entat10n Dataset Metric Used Average Gg
Algorithm
[36] Region Growing 0.83
WHU G¢ (Goodness for
Proposed Approach / SLIC algorithm buildings segmentation) )
Four Features as MC parameter 0.9
k =3000 value
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Figure 5.9 demonstrated the comparison between the proposed region
merging approach in this research and the MRS algorithm proposed by [36]. The
proposed region merging approach and MRS algorithm [36] are evaluated on the
same WHU buildings dataset. In Figure 5.9, the first row shows the image ID 829
buildings segmentation through the proposed region merging approach and in
comparison, to the MRS algorithm for the same image. In this first row, the yellow
boxes represents that the building is either has missed the ROI or other regions are
been segment which can be further analysed in third row via the zoomed building
of image ID 829 for both approaches. In the third row having image ID 1027, it can
be analysed that some buildings have slightly under-segment in the proposed region
merging approach shown in yellow boxes at centre-right side and the MRS
algorithm generate slightly over segmented regions demonstrated in yellow boxes
at centre in third row. The reason of two comparison having different metrics is that
the previous work [28] used the segmentation specifically for buildings ROI, while
the [36] algorithm perform segmentation for other objects as well. Hence, it is
difficult to analyse the performance of segmentation with other metric, resultantly
the G metric has been utilised for comparing the buildings delineation of proposed

approach with MRS [36].
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Figure 5.9: Comparison of final segmentation results with utilisation of four features into M, with MRS

algorithm [36] on WHU buildings dataset [37]
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5.4.1 Analysis on the Proposed Region Merging Approach in

comparison to previous research works

As demonstrated the results comparison in Table 5.4, average F-
measure, precision, and recall of the proposed region merging approach in this
research are higher than previous research work region merging approach [28].
The main reason of higher result of the proposed region merging approach in
this research as compared to previous work [28] is due to the WHU buildings
dataset preprocessing phase. It means that the WHU buildings dataset used in
previous work [28] is not preprocessed by the authors. In [28] authors stated
that the preprocessing is not performed in order to analyse the performance of
the algorithm proposed in [28]. While, the dataset which is utilised in this
research is actually preprocessed by the authors [37] and made publicly
available. In this research, the utilised features as MC can also be the factor of
higher results. In this research colour, texture, shape, and edge features are
employed as MC. The researchers in [28] utilised only spectral angle (SA) as
average homogeneity and heterogeneity for MC derivation. Hence, these could
be one of the reasons of high difference of results between this research and
previous work of [28]. Moreover, in the methodology of [28], the approach to
segment buildings in remote sensing images is similar to this research in such a
way that building features from labelled image are used as feature map to derive
MC. Although, in the previous work of [28], the feature map employed to derive
MC is containing building features identified as ROI which are generated using
specialised software [28]. Furthermore, in Table 5.5 MRS achieved lower G

(goodness of segmentation) as compared to the proposed region merging
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approach in this research work. It is mainly due to the features integrated into
MC. Moreover, the MRS algorithm is also depending on the colour, texture, and
smoothness features as MC. While in this research work, MC is derived from
the colour, texture, shape, and edge features. Hence, this could be one of the

factors of higher results of the proposed region merging approach.

In Figure 5.9, visual results comparison of the proposed region merging
approach in this research and the MRS algorithm [36] are demonstrated. It can
be observed that both the region merging approaches are segmenting buildings
accurately and efficiently. However, there are some small boundaries of
building regions which still shows under segmentation (US) in the proposed
approach and over segmentation (OS) in the MRS algorithm results. These US
or OS can be seen in yellow boxes highlighted in Figure 5.9 in image ID 829
and 1027, respectively. The limitation of MRS algorithm is that it is difficult in
terms of finding the specific threshold. It has also been observed in MRS
approach that during extracting the mean value for colours in order to merge the
over segmented regions, the difficulty lies to find the difference between
different features as demonstrated in Figure 5.9 last row image ID 1027
Zoomed-In Building ROI having buildings colour similarity. Moreover, to be
more specific, the mean value of buildings roof has the correlation to roads
mean values due to similarity in colour. Hence it becomes challenging to merge
two different objects based on this criterion in MRS approach. However, in the
proposed region merging approach, this limitation is minimal because of the
MC derivation based on the feature map generated through AttentionU-Net

CNN-based deep learning model to perform region merging without any human
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intervention. The MC derivation, utilising the feature map generated through
the AttentionU-Net CNN-based deep learning model, enables region merging
without the need for human intervention. This approach enhances efficiency,
accuracy, and, making it valuable for tasks such as buildings delineation in
remote sensing images. Finally, the results proves that the proposed region

merging approach provides better segmentation results.

5.5 Summary

In this chapter, a region merging approach is proposed by deriving
merging criterion (MC) from the experimental results of Chapter 4. This chapter
describes the formulation of the MC including colour, texture, shape, and edge.
The results of the proposed MC are presented in tables and figures and compare
segmentation performance with previous region merging approaches. Finally,
the chapter outlined a region merging approach implementation through the

utilisation of derived MC.
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CHAPTER 6

CONCLUSION AND FUTURE WORK

6.1 Conclusion

In this research work, a region merging approach is proposed to
delineate the buildings regions as region of interest (ROI) in the WHU buildings
remote sensing images dataset. In this proposed approach, Attention U-Net, a
CNN-based deep learning model is used to generate the feature map of the ROI
in the images. From this feature map, prominent features of the ROI which are
colour, texture, shape, and edge were extracted. These features are then used to
derive the merging criterion (MC) using the over segmented regions generated

from the SLIC algorithm for merging without any human intervention.

The proposed region merging approach achieved a higher average F-
measure of 0.91 in comparison to a similar existing work that required human
intervention for merging buildings regions in the WHU images dataset [28]
which achieved an average F-measure of 0.63. Furthermore, in comparison to
another similar work known as the multiresolution segmentation (MRS)
algorithm [36], the proposed approach achieved an average G of 0.92 while
MRS scored an average G, of 0.83 for delineating building regions in the same
dataset. The higher results of the proposed region merging approach is mainly
because of the feature map generated by the AttentionU-Net model. This feature
map accurately defines buildings as ROI, allowing the subsequent feature

extraction process to select the prominent features for deriving the merging
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criterion (MC) to perform the merging without any human intervention. The
proposed region merging approach proves best results for building ROI

delineation as compared to previous research works [35, 36].

6.2 Limitation and Future Work

In the proposed region merging approach, there are instances where
AttentionU-Net CNN-based deep learning model used fails to generate feature
map for small buildings regions. As a result, these regions will not be delineated
by the proposed region merging approach. This indicates that the feature map
produced by the AttentionU-Net model will have a significant impact on the
feature extraction process and the merging criterion (MC) derivation for
merging the buildings regions in the proposed approach. The proposed region
merging approach may not be ideal for real time buildings segmentation in
remote sensing images. The limitation is because of the dependence on the
AttentionU-Net model which requires extensive training that results in delays

in the iterative merging process.

In future, to address the challenges for training the AttentionU-Net
CNN-based deep learning model, a transfer learning technique can be
developed to generate feature map with a reduced number of training images to
minimise delays in the merging process. Additionally, the AttentionU-Net
model can be integrated with additional attention mechanisms such as you only
look once (YOLO) or ResNet-based networks to enhance its capabilities in

generating feature map for small objects regions as ROI in remote sensing
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images. By this, the proposed region merging approach shall accurately

delineate the ROI.
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APPENDIX A

Table 5.1 Results of Three Features as MC for parameter k in SLIC value 500, 1000, 1500, 2000, 3000, respectively

Input | OS Value of Total Number Evaluation Metrics
\mage | parameter k of Reglons Adjusted Rand | Adapted Rand | Variation of
Ne- ?léiﬁ:fm Generated F-Measuref | precision recall Index (ARI) T | Error (ARE) ! | Information (vonl
500 250 0.3944 0.8282 0.2588 0.6501 0.6056 1.4231
1000 612 0.6235 0.8076 0.5077 0.7607 0.3765 1.1186
101 1500 940 0.6864 0.8333 0.5835 0.7961 0.3136 0.9818
2000 1421 0.7772 0.8582 0.7103 0.8312 0.2228 0.8851
3000 2165 0.8465 0.8930 0.8046 0.8632 0.1535 0.7594
500 234 0.5748 0.4387 0.8333 0.7054 0.4252 0.2928
1000 554 0.8826 0.7963 0.9900 0.8571 0.1174 0.2015
829 1500 902 0.9407 0.8936 0.9931 0.9166 0.0593 0.1294
2000 1324 0.9575 0.9238 0.9938 0.9398 0.0425 0.0942
3000 2068 0.9865 0.9742 0.9991 0.9553 0.0135 0.0781
500 303 0.8981 0.8403 0.9646 0.8852 0.1019 0.3044
1000 661 0.9548 0.9228 0.9890 0.9154 0.0452 0.2443
1027 1500 1027 0.9536 0.9167 0.9937 0.9284 0.0464 0.2162
2000 1538 0.9330 0.8831 0.9888 0.9245 0.0670 0.2236
3000 2324 0.9423 0.8990 0.9900 0.9307 0.0577 0.2083
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Table 5.2 Results for Four features as MC for parameter k value 500, 1000, 1500, 2000, 3000, respectively

OS Value of | Total Evaluation Metrics
Input parameter k Nur{lber of .. Adjusted Rand | Adapted Rand | Variation of
Image No. ffll;g (S)llifm Iéﬁl:rl; o F-Measure { | precision { recall { Index (ARI) Error (ARE) | | Information (VOI)1
500 250 0.8781 0.8996 0.8587 0.7295 0.1442 0.6210
1000 612 0.8799 0.8998 0.8610 0.7791 0.1255 0.5729
101 1500 940 0.8850 0.9015 0.8693 0.8049 0.1098 0.4601
2000 1421 0.8950 0.9097 0.8810 0.8610 0.0990 0.3919
3000 2165 0.9040 0.9184 0.8902 0.9102 0.0873 0.3592
500 234 0.7978 0.7510 0.8509 0.8195 0.0971 0.0886
1000 554 0.9359 0.9017 0.9731 0.8850 0.0496 0.0690
829 1500 902 0.9548 0.9296 0.9815 0.9279 0.0310 0.0513
2000 1324 0.9781 0.9611 0.9958 0.9547 0.0199 0.0309
3000 2068 0.9990 0.9985 0.9996 0.9781 0.0127 0.0301
500 303 0.9296 0.8901 0.9730 0.9501 0.0891 0.1792
1000 661 0.9569 0.9351 0.9798 0.9599 0.0919 0.1401
1027 1500 1027 0.9804 0.9697 0.9919 0.9700 0.0397 0.0912
2000 1538 0.9603 0.9410 0.9799 0.9781 0.0401 0.1001
3000 2324 0.9825 0.9704 0.9951 0.9893 0.0399 0.1197
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