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Deep Learning-based Documentation of
Conflict Destroyed Buildings in Myanmar

with VHR Satellite Images

Abstract

In the wake of the 2021 military coup in Myanmar, the nation has been subjected
to severe human rights abuses, prominently featuring arson attacks by the military
on villages exhibiting resistance. The challenge of documenting these attacks at the
individual building level is substantial, necessitating an approach that surpasses the
limitations of conventional methods in terms of precision, scalability, and speed to
support accountability and transitional justice. This thesis introduces an automated
workflow that leverages bitemporal high and very high-resolution satellite imagery,
combining Mask R-CNN for instance-based building footprint extraction with spatial
overlap analysis and a Siamese Network for change detection. This methodology not
only identifies destroyed structures with high accuracy but also provides an interface
for potentially linking documented damage to individual victims through auxiliary
data such as cadastral databases in future research endeavors. By providing a method
that integrates advanced deep learning techniques for change detection at the building
level, this work contributes a potential tool for destruction documentation by different
entities and actors, enhancing the efficiency, granularity and accuracy of their documen-
tation work. The implications of this work improving the potential for accountability
and aiding transitional justice processes by proving an efficient mean for documenting
human rights violations in conflict-affected regions.

Sustainable Development Goals (SDGs):

Keywords: Conflict Destruction, Change Detection, Deep Learning, Remote Sensing,
Transitional Justice
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Chapter 1

1.1 Introduction

The ongoing conflict in Myanmar, triggered by the military coup in 2021, has led to
widespread destruction across the nation, predominantly through arson attacks on
towns and villages. These acts, often carried out by military forces as retaliation or col-
lective punishment (Chin Human Rights Organization, 2022) against local populations
in regions of strong opposition, have resulted in the burning of hundreds of villages
and affected tens of thousands of households(Human Rights Watch, 2023; UN High
Commissioner for Human Rights, 2023; UN Independent Investigative Mechanism for
Myanmar, 2023). This situation necessitates a comprehensive assessment and docu-
mentation of the destruction for both humanitarian reasons and transitional justice
efforts. Particularly for justice efforts, it is crucial to document evidence and link it to
individual victims affected by such destruction.

Given the extensive magnitude of destruction, the high frequency of occurrences,
and their spatial dispersion and temporal prolongation across the country, precisely
mapping and documenting these events poses a significant challenge. Moreover, these
events continue to occur, underscoring the need for an innovative and automated
solution. However, few existing tools are suited to address this unique situation,
prompting the exploration and development of an automated workflow or system. This
system aims to document destruction using established technology and open-source
software components, with consideration for transparency, adoptability, accessibility,
and with acceptable accuracy. Additionally, it is designed with the flexibility to adapt
to diverse situations and contexts, such as post-disaster assessment.

Due to the limitations of in-situ data collection, the use of satellite imagery becomes
indispensable. Furthermore, the objective to document destruction at the building
level, to establish links back to individual victims, necessitates the employment of very
high-resolution satellite imagery. This thesis explores and reports on an automated
workflow that incorporates instance-based segmentation and change detection stages,
employing deep learning components. This approach not only aims to meet the urgent
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CHAPTER 1. INTRODUCTION AND RESEARCH OBJECTIVES

need for efficient documentation of conflict-induced destruction but also contributes
to the broader field of remote sensing and machine learning in conflict and disaster
management contexts. Through this work, an adaptable and feasible methodology
is sought to be offered that enhances the accuracy and efficiency of documentation
efforts, potentially informing accountability measures and supporting transitional
justice initiatives.

1.2 Research Objectives

The central aim of this thesis is to develop an automatedworkflow for the documentation
of building destruction in conflict-affected areas, with a focus on Myanmar following
the 2021 military coup. This section outlines the specific objectives that guide the
research towards achieving this aim:

1. To evaluate the operational feasibility, efficiency, and accuracy of an automated
system that utilizes bitemporal very high-resolution satellite imagery and deep
learning components for building-level documentation of destruction.

2. To assess the enhancements the proposed system offers over traditional manual
documentation methods, particularly in terms of documentation speed, scale,
and accuracy.

3. To explore the applicability and adaptability of the system across different
geographic locations, ensuring the method’s utility in diverse environmental and
architectural contexts.

1.2.1 Approach to Achieving the Research Objectives

The research employs a methodological approach combining quantitative and quali-
tative analyses to meet the outlined objectives. Advanced deep learning techniques,
including Mask R-CNN for instance-based segmentation, overlap analysis and Siamese
Network (SN) for patch similarity comparison, form the technological foundation of the
proposed workflow. The study also considers the potential for privision of an interface
to auxiliary data, such as cadastral databases, to link documented damage to specific
victims, thereby enriching the data’s utility for accountability and transitional justice
efforts.

1.3 Research Questions

Building upon the defined objectives, the research seeks to address the following fun-
damental questions, aiming to uncover insights into the proposed system’s practicality
and efficacy:

2



1.4. THESIS ORGANIZATION

1. How does the automated workflow perform in real-world scenarios concerning
accuracy, efficiency, and feasibility?

2. In what ways does the automated system improve upon existing manual docu-
mentation efforts in conflict-affected areas?

3. Can the proposed automated workflow be effectively adapted to document
building destruction across various geographic and contextual environments?

1.4 Thesis Organization

The thesis is organized into six chapters, commencing with a comprehensive litera-
ture review in Chapter 2. This chapter explores various methodologies employed in
documenting destruction from conflicts, natural disasters, and man-made calamities,
alongside a detailed theoretical exposition of key concepts such as Mask R-CNN and
Siamese Network, and foundational elements. Chapter 3 shifts focus to the study
area, delineating the Area of Interest (AOI) and describing the conflict event data, very
high-resolution satellite imagery, and administrative and village identification codes
used. It further outlines the core methodology, including building extraction using
Mask R-CNN, Change Detection (CD) through Overlap Analysis and Siamese Network
Similarity Comparison, and auxiliary methods for tiling, polygon merging, and data
preprocessing, complemented by a discussion on the evaluation metrics for model and
workflow performance assessment.

Chapter 4 presents an in-depth analysis and the results of the individual components
of the study, such as Building Extraction, Change Detection, model training, and the
comprehensive evaluation of the workflow. Building on these findings, Chapter 5
delves into discussions, critically addressing the research questions, explaining the
limitations of the study, and proposing directions for future research. The thesis
culminates in Chapter 6 with a succinct conclusion that encapsulates the essence of
the research findings and the capacity of the proposed methodology for the automated
documentation of conflict-induced destruction.

3



2

Chapter 2

2.1 Literature Review

Conflict damage assessments and mapping via Remote Sensing (RS) and Earth Ob-
servation (EO) data are fundamentally categorized into manual and automated ap-
proaches. Witmer (2015) categorized these methodologies as encompassing a broad
spectrum of destruction and damage types, including structural, environmental, pop-
ulation/humanitarian impacts, and land-use/land-cover changes resulting from con-
flicts. Within the structural damage category, the spatial and temporal granularity
varies significantly, ranging from individual buildings or dwellings and village-level
assessments (Klonus et al., 2012; Knoth and Pebesma, 2017) to city block evaluations
(Al-Khudhairy, Caravaggi, and Giada, 2005), employing uni-temporal, bi-temporal,
and multi-temporal analyses. This literature review places a particular emphasis on
building-level assessments within bi-temporal contexts. It’s noteworthy that the major-
ity of structural damage assessment techniques originate from the natural hazards and
post-disaster damage assessment domain (Brunner, Lemoine, and Bruzzone, 2010; To-
mowski et al., 2010; Yusuf, Matsuoka, and Yamazaki, 2001), as well as change detection
studies (J. Jensen and Im, 2007; M. Liu et al., 2022; Marin, Bovolo, and Bruzzone, 2015)
irrespective of the causative factors. Consequently, although this thesis and literature
review primarily concentrate on conflict-induced damage assessment, methodologies
and insights from these related domains are considered applicable and have been
examined for their potential transferability to conflict damage assessment tasks.

Manual approaches (Danti, Branting, and Penacho, 2017; Parks, 2009; Voigt et al.,
2011) traditionally rely on the visual inspection and annotation of high and very high-
resolution optical images, supplemented by various forms of supporting data. This
auxiliary information encompasses ground-based investigations, open-source data,
crowd-sourced insights, and other forms of photographic, annotative, contextual, and
qualitative data. The spatial scope of these assessments can vary from localized areas
to expansive city-wide projects. Manual inspections are inherently labor-intensive
and time-consuming, constraints that are manageable for small-scale assessments but
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2.1. LITERATURE REVIEW

become impractical for extensive areas or in contexts with frequent conflict occurrences.
To address these limitations, the field has evolved towards crowd-sourced mapping
methodologies (Barrington et al., 2011; Ghosh et al., 2011; Meier, 2013; Poiani et al.,
2016; Weir, McQuillan, and Francis, 2019; Yuan and R. Liu, 2018). These strategies
involve partitioning the area of interest into smaller, manageable segments distributed
among a network of collaborators or volunteers. The feasibility and efficiency of this
approach have significantly improved with the advancements in web technologies post-
2000. Recent studies (Fechner, Wilhelm, and Kray, 2015; Hu, Janowicz, and Couclelis,
2017) have focused on refining these manual and collaborative mapping processes to
enhance workflow efficiency while ensuring the quality of the outputs. This evolution
has fostered the growth of global networks of communities and volunteers dedicated
to mapping and assessment initiatives across various collaborative platforms(Team,
2024; Ushahidi 2024). Concurrently, the rapid development of artificial intelligence, web
technologies, and the availability of open-source data and satellite imagery with higher
spatial and temporal resolutions have fortified manual assessment methods. Moreover,
there has been a marked shift towards developing assistive technologies and auto-
mated tools designed to expedite manual approaches. Research into semi-automated
or fully automated methodologies for assessing man-made and natural disaster dam-
age has progressed, with some innovations (Hotosm/fAIr 2024; Knoth, Slimani, et al.,
2018; UNOSAT S-1 FloodAI Monitoring Dashboard 2024) being integrated into manual
mapping workflows. This integration signifies a pivotal advancement in the field,
blending traditional assessment techniques with cutting-edge technologies to enhance
the effectiveness and efficiency of responses to conflict, disaster, and humanitarian
crises.

Automatic assessment and documentation approaches exhibit significant diversity
regarding data sources, analyzed information, analysis methods, and outputs. Com-
mon data sources in such approaches (Brunner, Lemoine, and Bruzzone, 2010) include
medium, high, and Very High Resolution (VHR) satellite imagery, Unmanned Aerial
Vehicle (UAV)-based optical and multispectral images, and Synthetic Aperture Radar
(SAR) data. Additionally, some methodologies (Qin, 2014; Vetrivel et al., 2018; Zhou,
Gong, and Guo, 2016) incorporate Digital Surface Map (DSM), three-dimensional (3D)
representations, and point cloud data, alongside open-source auxiliary data such as
building annotations from OpenStreetMap. Typically, these approaches either rely on a
single data source or combine multiple sources, such as optical imagery and SAR data.
Certain methodologies (Adriano et al., 2021; H. Du et al., 2024) employ data fusion
techniques, integrating various data sets at different stages of the analysis.

Prior to the advent of Deep Learning (DL) in this field, analytical efforts (Gamanya,
De Maeyer, and De Dapper, 2009; F. Huang et al., 2018; Kemper et al., 2011; Klonus
et al., 2012; Konstantinidis et al., 2017; Leichtle et al., 2017; Prins, 2008; Xiao et al.,
2016) concentrated on deriving meaningful information from original data—such
as spectral pixel values—to provide a contextual foundation for analysis. Derived
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information includes pixel attributes like color, intensity, and brightness, as well as
indices such as the Normalized Difference Vegetation Index (NDVI) and albedo for
pixel-based analysis. Principal Component Analysis (PCA) facilitates dimensionality
reduction, further yielding edges, lines, and corner features through image processing,
filtering, and morphological operations. Additionally, more contextual information is
derived, including texture and geometrical properties, exemplified by the Gray Level
Co-occurrence Matrix (GLCM), and metrics of shape and size. Moreover, visual-based
features common in the computer vision domain, such as Scale-Invariant Feature
Transform (SIFT) and Histogram of Oriented Gradients (HOG), are also utilized in
remote sensing analysis.

However, with the increasing popularity of deep learning within the domain, the
focus of input information has shifted back to utilizing raw forms of data such as
optical, thermal, multispectral, SAR, and DSM inputs, complemented with annotated
data like classification samples and change maps. This shift is due to deep learning
models’ ability to autonomously extract and learn from both the detailed contextual and
hierarchical information present in the original input data. Deep learning techniques,
through their advanced architectures, can identify intricate patterns and relationships
within the data, enabling a more nuanced and comprehensive analysis of satellite and
UAV-based imagery for automatic assessment and documentation purposes.

Beyond uni-temporal approaches, which primarily focus on the direct detection or
classification of damaged structures, Jiang et al. (2022) identified that most method-
ologies for damage documentation and change detection comprise two critical stages:
feature extraction and change analysis. After the extraction of the aforementioned
features, various change analysis techniques are applied to these extracted features and
information to identify damaged or destroyed structures. In classical and conventional
methods, Pixel-based Image Analysis (PBIA) features are subjected to straightforward
techniques such as image differencing and ratioing. Change is discerned through
thresholding or the application of rule-sets designed to pinpoint and highlight altered
or damaged structures. Alternatively, statistical and probabilistic methods, including
Fuzzy, Change Vector Analysis (CVA) and Multivariate Alteration Detection (MAD),
offer sophisticated means of analyzing change. These change analysis techniques (Benz
et al., 2004; Pagot and Pesaresi, 2008; Xiao et al., 2016) are equally applicable to Object-
based Image Analysis (OBIA) or superpixel-based approaches, which place a greater
emphasis on contextual information.

Progressing beyond this foundational stage, Machine Learning (ML)-basedmethods
are increasingly adopted (Brunner, Lemoine, and Bruzzone, 2010; Im and J. R. Jensen,
2005; Klonus et al., 2012; Moya et al., 2019), showcasing a significant overlap between
classical and contemporary approaches. These advanced techniques leverage both
traditional feature analysis and modern computational algorithms to enhance the
accuracy and efficiency of detecting and documenting changes and damages within
structures. In this paradigm, features and information extracted using conventional
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techniques are subsequently integrated into machine learning-based classification and
change analysis phases. This integration employs both supervised methods, such as
Support VectorMachine (SVM) and Random Forests (RF), and unsupervised techniques,
including Decision Trees (DT) and Iterative Self-Organizing Data Analysis Technique
Algorithm (ISODATA), to categorize and cluster pixels, superpixels, and objects. These
classifications discern between intact structures and those compromised by damage,
leveraging their shared characteristics for accurate labeling. An alternative strategy
involves independently classifying each image into specific structural and land cover
categories, followed by a comparative analysis across classifications to pinpoint changes.
The spatial resolution of these methodologies extends from discrete components of
individual structures and singular buildings to entire blocks, enhancing the granularity
and detail of change detection efforts.

As deep learning methods have advanced and gained widespread adoption across
various domains, the focus of research in conflict damage documentation has also
shifted towards deep learning-basedapproaches, leading to the emergence of innovative
solutions (Adriano et al., 2021; Daudt et al., 2018; Ghaffarian et al., 2019; Ma et al., 2020;
Valentĳn et al., 2020). Among these, Convolutional Neural Network (CNN) are pivotal,
given their prevalent application in processing image data, a practice extensively
employed in the field of remote sensing for analyzing satellite imagery. Owing to
their architecture, CNNs excel at adaptively learning spatial hierarchies of features
from input images, making them particularly effective for tasks such as semantic
segmentation, e.g., U-Net (Ronneberger, Fischer, and Brox, 2015), and classification,
applicable to both pixels and superpixels.

Moreover, CNNs are integrated with one-stage, for example You Only Look Once
(YOLO)(Redmon et al., 2016) and Single Shot Detector (SSD)(W. Liu et al., 2016)), and
two-stage detectors, for example Region-based Convolutional Neural Network (R-CNN)
and Faster R-CNN (F-RCNN), for object detection tasks (Y. Li et al., 2019). These models
are adept at identifying and categorizing objects within images, producing bounding
boxes and class labels, which proves invaluable for detecting or enumerating specific
entities like buildings within a study area. Enhanced versions of these architectures,
such as Mask R-CNN, extend this functionality by segmenting target objects (Wen
et al., 2019), thereby providing both masks and classes in addition to bounding boxes.
These models can be configured and trained to directly identify damaged structures,
often employing uni-temporal data analysis. Given that conflict and disaster events
frequently involve multi-temporal datasets, Recurrent Neural Network (RNN) and their
variants, such as Long Short-Term Memory Network (LSTM), have been adopted (Bai
et al., 2022; H. Chen, Wu, B. Du, L. Zhang, and L. Wang, 2020; Jiang et al., 2022) for their
proficient handling of sequential data. This makes them suitable for tasks focusing on
temporal changes and developments. Similarly, Generative Adversarial Network (GAN)
have made significant contributions (H. Chen, W. Li, and Shi, 2022; Saha, Bovolo, and
Bruzzone, 2021) to the field. GANs excel at generating augmented images, addressing
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the challenge of training data scarcity in destruction damage scenarios, and demon-
strating remarkable capabilities in domain adaptation. This includes applications in
super-resolution and spatial refinement of conflict event imagery, serving as assistive
components. GANs can also be tailored to directly detect changes and damages by
training the network to generate difference images between two temporal states.

Siamese Networks represent another critical deep learning strategy, functioning as
both feature extractors and comparators. They can discern similarities and dissimi-
larities between two inputs, showcasing their relevance for change detection between
pre-event and post-event images. The integration of these approaches (Bandara and
Patel, 2022; H. Chen, Wu, B. Du, and L. Zhang, 2019; J. Chen et al., 2021; Ding et al.,
2021; Y. Liu et al., 2021; M. Wang et al., 2020; H. Zheng et al., 2022; Z. Zheng et al., 2022),
along with adaptations and modifications like Feature Pyramids Network (FPN) (for
multi-scale analysis), Residual Network (ResNet), attention mechanisms (to emphasize
relevant features), and Transformer models (for enhancing feature adaptability and
facilitating data fusion), at various stages of an architecture, significantly boosts the
effectiveness and precision of automated change detection and damage documentation
models. This amalgamation of advanced techniques and architectures underscores the
dynamic evolution of deep learning in transforming the capabilities of remote sensing
for comprehensive and accurate assessments of conflict and disaster-induced damages.

Despite the abundance of recent research into change detection and destruction
documentation, particularly within the natural disaster domain, few studies have been
operationalized and integrated into practical workflows and platforms. Additionally,
many studies focus on specific localities, data sources, and circumstances, which limits
their generalizability and applicability. There is a growing demand for a universal,
generalizable, and operational method that can be seamlessly integrated into existing
processes. An exemplary initiative in this direction is the Hotosm/fAIr (2024) Artificial
Intelligence (AI)assisted mapping tool developed by Humanitarian OpenStreetMap
Team. This tool represents a significant advancement by incorporating AI-based
automated tools within the framework of manual collaborative mapping approaches,
showcasing the potential for enhancing the efficiency and effectiveness of mapping
efforts through the integration of AI technologies.

In summary, the field of conflict damage assessment has transitioned from manual
inspections and traditional methods to automated deep learning techniques using
satellite and UAV imagery. Yet, the integration of these innovations into practical
settings is still scarce. These methodologies often aim to develop new techniques,
evaluated against standard datasets and benchmarks, or focus intensely on specific
events or regions, constrained by particular data and conditions. Notably, ML and
DL methods rely on samples of damaged buildings, a factor limited by data scarcity.
This thesis introduces an alternative strategy, emphasizing the identification of intact
buildings and conducting bi-temporal change analysis. This approach circumvents the
challenge of insufficient specific data on buildings affected by conflict, a significant
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barrier for adoption of ML and DL-based approaches due to the diverse nature of
destruction and geographic variances, which limit the diversity and availability of
training data.

2.2 Theoretical Background

This section explains the theoretical and conceptual underpinnings of various com-
ponents that form the bedrock or critical aspects of the methodology and workflow
proposed in Chapter 3. Central to the proposed methodology are the Mask R-CNN for
building extraction and the Siamese Network for the similarity comparison of detected
buildings in pre- and post-event scenarios for the purpose of change detection. These
deep learning components draw on foundational concepts such as artificial neural
networks, deep neural networks, and convolutional neural networks, further enhanced
by variations like fully convolutional networks, region-based convolutional neural net-
works, region proposal networks, residual networks, and feature pyramid networks,
among others. Noteworthy enhancements such as the region of interest (ROI) pooling
and ROI align in Mask R-CNN, along with the convolutional block attention module in
the Siamese Network, significantly boost the accuracy and efficacy of their respective
networks. Additionally, this section delves into complementary components integral
to the workflow, including the use of directed graphs for constructing a hierarchical
structure of extracted building polygons for polygon merging, and R-tree spatial in-
dexing to expedite and optimize the process of identifying overlapping polygons in a
one-to-many setting for polygon merging and overlap analysis.

2.2.1 Artificial Neural Network

Artificial Neural Network (ANN) are sophisticated computational frameworks that
mimic the neurological structure of the human brain to process complex data patterns.
These networks comprise interconnected layers of nodes, akin to neurons, that transmit
and transform input data through a series of weighted connections, emulating synaptic
functionality(Uhrig, 1995). ANNs are distinguished by their ability to learn from data
iteratively, adjusting the synaptic weights through algorithms like backpropagation.
This learning process enables ANNs to perform a myriad of tasks, ranging from pattern
recognition to predictive modeling, by generalizing from the input data without explicit
programming for specific tasks. Their versatility and adaptability have made ANNs
foundational in advancing the field of ML and AI.

2.2.2 Deep Neural Network

Deep Neural Network (DNN) extend the concept of Artificial Neural Networks by
incorporating multiple hidden layers between the input and output layers, as contrasted
in Figure 1, enabling the modeling of complex data with high levels of abstraction.
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Figure 1: Architecture of artificial and deep neural networks with contrasting layers of
hidden neuron.

DNNs are characterized by their deep architecture(Simon J.D. Prince, 2023), which
allows them to learn hierarchical representations of data, making them particularly
effective in fields such as image and speech recognition, natural language processing,
and more. This depth facilitates the extraction of intricate patterns and features
that simpler models might overlook, significantly enhancing predictive and analytical
capabilities.

2.2.3 Activation Functions

Activation functions are mathematical equations that determine the output of a neural
network node or neuron, given an input or set of inputs. They are fundamental to the
ability of neural networks to model complex nonlinear relationships that exist between
features in datasets. Activation functions introduce non-linearity into the network,
enabling it to learn and perform more complex tasks than what would be possible with
linear functions alone(Simon J.D. Prince, 2023). Activation natures of each functions
are illustrated in Figure 2. Commonly used activation functions are Rectified Linear
Unit (ReLU), Sigmoid, Hyperbolic Tangent (TanH), Leaky ReLU, Softmax and Swish.
ReLU keeps positive values unchanged while setting negative values to zero, improving
training efficiency and reducing the risk of vanishing gradients. ReLU is defined as in
Equation 2.1. The sigmoid function, defined in Equation 2.2, outputs values between 0
and 1. It is particularly useful for binary classification tasks. Tanh extends the output
range of sigmoid to between -1 and 1. This function, as defined in Equation 2.3, is
commonly used in hidden layers. Leaky ReLU allows a small gradient when inactive
to prevent neurons from dying as defined in Equation 2.4 where 𝛼 is a small constant.
Softmax is used in the output layer for multi-class classification, converting logits to
probabilities as defined in Equation 2.5 for each input 𝑥𝑖 in a vector of length 𝑁 , making
the output sum to 1. Swish is a self-gated function as defined in Equation 2.6 where 𝛽

is a learnable parameter or fixed constant, and 𝜎 represents the sigmoid function.

𝑓 (𝑥) = max(0, 𝑥) (2.1)
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𝜎(𝑥) = 1
1 + 𝑒−𝑥

(2.2)

tanh(𝑥) = 𝑒𝑥 − 𝑒−𝑥

𝑒𝑥 + 𝑒−𝑥
(2.3)

𝑓 (𝑥) =

𝑥, if 𝑥 > 0

𝛼𝑥, otherwise
(2.4)

Softmax(𝑥𝑖) =
𝑒𝑥𝑖∑𝑁
𝑗=1 𝑒

𝑥 𝑗
(2.5)

𝑓 (𝑥) = 𝑥 · 𝜎(𝛽𝑥) (2.6)

Figure 2: Activation or output characteristics of different activation functions. (Balkr-
ishna Pandey, 2023)

2.2.4 Convolutional Neural Network

CNN are a class of deep neural networks, primarily used in processing data that has
a grid-like topology, such as images. CNNs utilize a mathematical operation called
convolution in at least one of their layers. They are particularly known for their ability
to capture spatial and temporal dependencies in an image through the application
of relevant filters, enabling them to efficiently recognize visual patterns directly from
pixel images with minimal preprocessing. This capability makes CNNs extensively
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applicable in image and video recognition, image classification, medical image analysis,
and natural language processing tasks.

2.2.5 Fully Convolutional Networks

Fully Convolutional Network (FCN) represent a pivotal advancement in deep learn-
ing, particularly in the realm of semantic segmentation tasks. Originating from the
adaptation of conventional convolutional neural networks (CNNs), FCNs have been in-
novatively restructured to enable spatially dense prediction tasks without the necessity
for any fully connected layers. This modification permits an FCN to accept input images
of arbitrary size and produce correspondingly sized output maps that categorize each
pixel, making them exceptionally suitable for image segmentation. FCNs are generally
composed of downsampling and upsampling paths.

Downsampling Path In the downsampling path, a series of convolutional and pooling
layers extract and condense feature information from the input image, effectively
reducing its spatial dimensions while increasing the depth of the feature maps. This
process mirrors that of traditional CNNs, capturing the essential features required for
understanding the content of the input image.

Upsampling Path The upsampling path reversely enlarges the feature maps to the
original input image size using deconvolutional (transpose convolutional) layers. This
procedure is crucial for mapping the learned dense feature representations back to the
original pixel space, facilitating precise pixel-wise classification.

Skip Connections A significant innovation in FCNs is the integration of skip connec-
tions, which concatenate feature maps from the downsampling path with those from
the upsampling path. These connections help to recover the spatial resolution lost
during downsampling, ensuring that fine details necessary for accurate segmentation
are preserved.

2.2.6 Region-based Convolutional Neural Network

Girshick et al. (2014) introduced R-CNN which is an advanced approach in object
detection technology. They cleverly combine region proposal methods with the deep
learning strength of CNNs. The process starts by identifying potential areas in an
image where objects are likely found. Then, it uses CNNs to classify these regions
into different object categories and fine-tunes their borders. This method significantly
improves the precision of detecting and classifying objects in images, making R-CNNs
a cornerstone for further advancements in image recognition tasks.
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2.2.7 Faster R-CNN

F-RCNN (Ren et al., 2016) improves upon the earlier R-CNN models by integrating
the region proposal step directly into the network, making it faster and more efficient.
Unlike its predecessors that handle region proposals separately, Faster R-CNN uses
a Region Proposal Network (RPN) that shares full-image convolutional features with
the detection network, thus speeding up the process. This unified model significantly
enhances object detection tasks by reducing the time taken to identify potential object
locations while maintaining high accuracy in detecting and classifying objects.

2.2.8 Region Proposal Network

The Region Proposal Network (RPN) is introduced together with Faster R-CNN and
designed for generating object proposals efficiently within the network. It scans the
feature map obtained from the input image with a sliding window and outputs object
bounds and objectness scores for each location. RPN enables the model to identify
object locations and sizes at various scales and aspect ratios, significantly enhancing
the efficiency and accuracy of the object detection process by integrating proposal
generation and object detection into a single network.

2.2.9 Mask R-CNN

Mask R-CNN (He, Gkioxari, et al., 2018) is an extension of Faster R-CNN that adds a
branch for predicting segmentation masks on each Region of Interest (ROI), in parallel
with the existing branch for classification and bounding box regression. This framework
allows for the precise localization ofobjects in an image while simultaneously generating
a high-resolution object mask, making it highly effective for tasks requiring detailed
object segmentation, such as instance segmentation. Mask R-CNN maintains a balance
between speed and accuracy, making it a preferred choice for many computer vision
applications.

2.2.10 Region of Interest Pooling

Region of Interest Pooling (ROI Pool) is a technique used in object detection tasks to
extract a fixed-size feature vector from an arbitrary-sized ROI. It divides the ROI into a
grid of cells and applies max pooling to each cell, ensuring the output feature map has a
consistent size regardless of the ROI’s dimensions. This process allows the subsequent
layers of a neural network to operate on inputs of uniform size, facilitating the detection
and classification of objects across varying scales and positions within the image.
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2.2.11 Region of Interest Align

Region of Interest Align (RoIAlign) is a technique in Mask R-CNN that accurately
extracts feature maps from ROIs, avoiding the misalignments caused by the quanti-
zation in ROI Pooling. Unlike ROI Pooling, which approximates the spatial locations
of features, ROIAlign uses bilinear interpolation to compute the exact values of input
features at four regularly sampled locations in each RoI bin, and then aggregates the
results. This leads to more precise object detection and segmentation, particularly for
tasks requiring fine-grained spatial understanding.

2.2.12 Feature Pyramid Network

The FPN is a backbone architecture introduced by Lin et al. (2017) and designed to
improve the segmentation and detection performance by efficiently creating a pyramid
of features at multiple scales. FPN enhances the network’s ability to detect objects at
various sizes by utilizing a top-down architecture with lateral connections, allowing for
the integration ofhigh-level semantic information from deep layers withhigh-resolution
information from shallow layers. This structure significantly boosts the performance
of Mask R-CNN in tasks requiring precise object localization and segmentation.

Figure 3: A feature pyramid with predictions made independently on feature maps at
all spatial scale levels encompassing different levels of contextual and semantic features.

2.2.13 Residual Network

Residual Networks (ResNets), such as ResNet50 and ResNet101, are deep learning
models introduced in He, X. Zhang, et al. (2015) and designed to address the vanishing
gradient problem in very deep networks. They introduce "skip connections" allowing
the network to learn residual functions with reference to the layer inputs. ResNet50
and ResNet101 denote variants with 50 and 101 layers, respectively. These architectures
enable training of substantially deeper networks by facilitating the flow of gradients
during the learning process, significantly improving performance on tasks like image
classification and recognition.
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2.2.14 Siamese Network

A Siamese Network is a neural network architecture that contains two or more identical
subnetworks designed to generate feature representations of different inputs. The idea
of Siamese Network is first introduced by Bromley et al. (1993). These subnetworks
share the same parameters and weights. Siamese Networks are particularly useful in
applications requiring a measure of similarity between inputs, such as face recognition
or signature verification. They are trained on pairs of inputs to learn which features
to compare and how to differentiate between them, effectively learning an embedding
space where similar inputs are brought closer and dissimilar ones are pushed apart.

2.2.15 Contrastive Loss

Contrastive Loss is a function, defined in Equation 2.7, used in Siamese Networks to
learn embeddings by bringing closer the representations of similar pairs while pushing
apart those of dissimilar pairs. It penalizes embeddings based on their similarity,
effectively training the model to distinguish between pairs of inputs. This loss function
plays a crucial role in tasks like face verification and anomaly detection, where the
model needs to understand and quantify the similarity between inputs.

𝐿(𝑥𝑖 , 𝑥 𝑗 , 𝑦) = (1 − 𝑦)12 (𝐷)2 + 𝑦
1
2 max(0, 𝑚 − 𝐷)2 (2.7)

where 𝐷 is the distance between the embeddings of 𝑥𝑖 and 𝑥 𝑗 , often computed
using the Euclidean distance, 𝑚 is the margin, a hyperparameter that defines how far
apart the dissimilar points should be pushed. It acts as a threshold for dissimilar pairs.
𝐿 is the contrastive loss for the pair (𝑥𝑖 , 𝑥 𝑗).

2.2.16 Euclidean Distance

In Siamese Networks, Euclidean Distance is used to measure the similarity between
embeddings. This distance metric calculates the root of the sum of the squared
differences between the components of two vectors as described in Equation 2.8. By
applying Euclidean Distance to embeddings generated by the network for a pair of
inputs, the network can quantify how similar or dissimilar those inputs are. A smaller
distance indicates high similarity, whereas a larger distance suggests dissimilarity. This
approach is fundamental in tasks like verification, where the goal is to determine
whether two inputs are the same or different.

𝐷(𝑝, 𝑞) =

√√
𝑛∑
𝑖=1

(𝑝𝑖 − 𝑞𝑖)2 (2.8)
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2.2.17 Convolutional Block Attention Module

The Convolutional Block Attention Module (CBAM) introduced by Woo et al. (2018) is
an attention mechanism for Convolutional Neural Networks (CNNs) that sequentially
infers attention maps along two dimensions: channel and spatial. CBAM enhances the
representational power of CNNs by focusing on informative features and suppressing
less useful ones. It does this first by channel attention, determining the importance of
each channel, followed by spatial attention, highlighting salient regions in the spatial
domain as visualized in Figure 4. This module can be easily integrated into existing
CNN architectures, significantly improving performance on various visual tasks with
minimal computational overhead.

Channel attention in neural networks focuses on identifying the most informative
feature channels within a given input. It dynamically weights the contribution of each
channel based on its relevance to the task at hand. By doing so, channel attention
mechanisms can enhance the model’s ability to prioritize features that significantly
impact the output, thereby improving the network’s overall performance and efficiency
in processing complex data.

Spatial attention in neural networks refers to the mechanism that allows the model
to focus on specific regions of the input data, emphasizing areas that are more relevant
for the task. This approach mimics human visual attention, where not all parts of
a scene are processed equally, but focus is directed towards parts of interest. In the
context of CNNs, spatial attention enhances feature representation by modulating
the importance of different spatial locations within the input, leading to improved
performance in tasks requiring detailed visual understanding.

2.2.18 Directed Graphs

Directed graphs, or digraphs, are fundamental structures in graph theory used to
model entities and their directed relationships. A directed graph 𝐺 is defined as an
ordered pair 𝐺 = (𝑉, 𝐸) where:

• 𝑉 represents a set of vertices or nodes,

• 𝐸 ⊆ {(𝑢, 𝑣)|𝑢, 𝑣 ∈ 𝑉} represents a set of directed edges, with each edge being an
ordered pair (𝑢, 𝑣) indicating direction from node 𝑢 to node 𝑣.

The key feature distinguishing directed graphs from undirected graphs is the
orientation of edges, which implies directionality in the relationships modeled by the
graph. This directionality is crucial for applications involving asymmetric relationships,
such as web link structures, citation networks, and various hierarchical or flow-oriented
models. Directed graphs are widely used for modeling data structures, network flows,
dependencies among tasks, and more.
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Figure 4: Architecture of (a) Convolutional Block Attention Module (CBAM) with
(b) channel and (c) spatial attention modules. Channel attention puts emphasis on
feature channels and spatial attention amplifies emphasis on spatial locations which
correspond to objects of focus. (Woo et al., 2018)

2.2.19 R-Tree: Spatial Indexing Structure

An R-Tree, is a balanced tree data structure optimized for indexing spatial data, such
as geographical coordinates and polygons(Guttman, 1984). It organizes spatial objects
using hierarchical, nested minimum bounding rectangles (MBRs), enabling efficient
search, insertion, and deletion operations. The structure of an R-Tree allows for variable
node capacities, with each node containing entries that either point to child nodes (non-
leaf nodes) or directly to spatial objects (leaf nodes). This hierarchical division of space
into MBRs facilitates quick spatial queries by significantly reducing the search space
through bounding rectangle overlap checks.

RTrees support various operations including spatial querying, where the tree is
traversed to find objects within a specific area, and dynamic dataset modifications
through object insertion and deletion, maintaining tree balance to optimize query
performance. Due to their efficiency in handling spatial data, RTrees are widely
applied in Geographic Information System (GIS), spatial databases, and for indexing
multi-dimensional information in diverse applications requiring rapid spatial querying
and data retrieval.
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Chapter 3

3.1 Data and Methodology

The study area of this thesis is Myanmar, chosen for its ongoing conflict, extensive
reporting and documentation of conflict events by various entities, the author’s local
and background knowledge, and the considerable availability of very high-resolution
satellite images. The conflict and arson events, exacerbated nationwide since the
military coup in 2021, as reported by Myanmar Witness(Myanmar Witness, 2024), are
predominantly concentrated in the Sagaing, Magway, and Mandalay regions, along
with the Chin, Karenni, and Kachin states. Among these potential study locations,
Kachin State, Magway, and Sagaing regions were selected based on the reporting
coverage and the availability of pre- and post-event satellite imagery.

The pivotal information for this thesis encompasses conflict and arson attack event
details, specifically the locations and timings of such incidents. This crucial data is
derived from Myanmar Witness’s reports, which aggregate and cross-reference infor-
mation from diverse sources including news outlets(Democratic Voice of Burma, 2024;
Khit Thit Media, 2024; Mizzima, 2024; Myanmar Now, 2024; The Irrawaddy, 2024),
citizen journalism, social media platforms, and NASA’s Fire Information for Resource
Management System (FIRMS) fire data(NASA, 2024), alongside optical and thermal
satellite images. Approximately a hundred reported events in the study areas were
narrowed down to 20 areas of interest or villages, selected based on the availability of
very high-resolution satellite images, the quality of images, and spatial coverage for
each area as demonstrated in Figure 5. To validate the reported locations and timings
of fire/arson events, PlanetScope (Planet Team, 2017) images were visually inspected
for their high temporal resolution (daily coverage) and high spatial resolution (3m).
Figure 6 illustrating the pre-, peri-, and post-event areas captured by PlanetScope
imagery demonstrate this verification process. Subsequent to this verification, very
high-resolution satellite images, 30cm and 50cm Ground Sampling Distance (GSD),
from Pléiades (PL) and Pléiades Neo (PLN) satellites were acquired. Pléiades images,
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Figure 5: Areas of interest (AOIs) in Northwestern Myanmar (Sagaing, Magway and
Kachin) that are involved in this thesis work. Callouts present visible conflict induced
changes in residential areas.

Figure 6: (A) Pre-, (b) post- and (c) peri-events captured by PlanetScope imagery due to
its high (daily) temporal resolution. This characteristic contributes to the conflict event
time, location and extent verification process.

pansharpened reflectance products, and Pléiades NEO images, analytic level prod-
ucts, were prepared for analysis using ArcGIS Pro software for pansharpening and
preprocessing. Although these products contain Red, Green and Blue (RGB) and Near-
infrared (NIR) bands, only RGB data was extracted for the analysis. Furthermore, pre-
and post-event images were registered and aligned using the Similarity transformation
method in ArcGIS Pro software, rendering the data ready for subsequent analysis
stages.
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Auxiliary information includes systematic and official data regarding the areas of
interest or villages. The Myanmar Information Management Unit (MIMU)(Myanmar
Information Management Unit 2024) compiles and shares administrative geospatial in-
formation widely recognized and utilized in Myanmar. MIMU assigns each regis-
tered village or area of interest a unique identification code known as a Place Code
(PCode)(Place Codes (Pcodes) | MIMU 2024), along with information on hierarchical
administrative regions. This PCode serves both as a unique identifier for analysis areas
and as a means to link analysis results with other spatial and administrative data. The
study areas and data sources utilized are detailed in Table A1 and Table A2 in the
Appendix A.

3.2 Methodology

3.2.1 Overview

The methodology outlined in this thesis, as demonstrated in Figure 7, presents a
systematic approach for automating the documentation of buildings impacted by
conflict, utilizing satellite imagery enhanced by moderately advanced deep learning
techniques. The primary challenge addressed by this methodology is the scarcity of
specific data on buildings damaged in conflicts, which significantly hampers the direct
application of machine learning models for identifying such structures. This scarcity
is further complicated by the diverse nature of destruction caused by both man-made
and natural disasters, as well as the variance in geographic locations of these events,
leading to a pronounced limitation in the availability and diversity of training data.

To counter these issues, the research strategy focuses on the identification of intact
buildings—a domain where abundant data exists—thus facilitating the training of the
Mask R-CNN model. Mask R-CNN, recognized for its robustness in segmenting and
identifying distinct objects within a wide array of imaging data, is specifically adapted
here for the recognition of undamaged buildings in both pre- and post-conflict satellite
imagery. This approach not only enables detailed documentation of structural integrity
but also lays the groundwork for potentially connecting this information to individuals
affected by the conflict in subsequent analyses, thereby enhancing the data’s utility for
accountability and justice efforts.

The differential in temporal resolution, as seen in Figure 8, posed by the very high
spatial resolution satellite images introduces an additional layerof complexity, making it
challenging to distinguish between alterations caused by the conflict and those resulting
from unrelated man-made or natural changes. This dilemma is exemplified in instances
where temporary shelters are constructed on the sites of previously destroyed buildings,
potentially leading to misclassification of these structures as original, undamaged
buildings using basic spatial overlap analysis which is demonstrated in Figure 9.

To augment the accuracy of change detection, the methodology incorporates an
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CHAPTER 3. DATA AND METHODOLOGY

Figure 8: Difference between (a) event and pre-/post-event image acquired dates and
(b) pre- and post-event image acquired dates.

Figure 9: Rebuilt structures and temporary shelters in destructed locations post-event.
Temporal window between pre- and post-event images introduce building changes
which renders sole reliance on overlap analysis unreliable.

additional phase of similarity comparison utilizing a Siamese Network, following the
preliminary spatial overlap analysis. The Siamese Network, with its proven efficacy
in various comparative analyses, including image similarity, object tracking, and face
recognition, serves as an ideal tool for assessing the agreement between building
instances before and after a conflict event. Through the pairwise comparison of
image patches, the network assigns a similarity score that effectively quantifies the
status of change. In essence, this integrated workflow combines the capability of
Mask R-CNN for intact building detection with the nuanced change analysis provided
by spatial overlap analysis and Siamese Network-based similarity comparison. This
multifaceted approach adeptly addresses the challenges of limited data availability
and the intricacies of temporal resolution, striving to produce a high-quality, reliable
output. The forthcoming sections will further dissect each component of this workflow,
providing a detailed exploration of the methodologies and technologies implemented
to meticulously document buildings affected by conflicts.
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Figure 10: Architecture of Mask R-CNN with ResNet101 backbone with FPN applied
in building extraction. Building bounding boxes and segmentation masks are extracted
from input RGB raster images.

3.2.2 Building Extraction

The Building Extraction phase of the workflow is a critical step, utilizing Mask R-CNN
to identify and outline building instances from satellite imagery. This process not only
detects buildings but also generates detailed segmentation masks for each, which are
subsequently transformed into precise building footprint polygons as demonstrated in
Figure 10.

Before deploying Mask R-CNN, a vital data preprocessing step is undertaken to
ensure the satellite images are compatible with the model’s requirements. Given
the varying dimensions of satellite imagery, each image is segmented into a grid of
uniform tiles, typically sized at 512x512 pixels, with an overlap of approximately 20%
between adjacent tiles. This tiling ensures the model receives input in a consistent
format, addressing potential limitations of the computing platform and maintaining
the structural integrity of the Mask R-CNN model. Additionally, to standardize data
from different satellite sources, each tile undergoes min-max normalization to a 8-bit
Unsigned Integer (UINT8) range, ensuring uniformity across the dataset.

Following preprocessing, these prepared tiles are fed into the Mask R-CNN de-
tection stage, which outputs bounding boxes and segmentation masks for individual
building instances within each tile. These outputs are localized to their respective tile
coordinates. The post-processing stage addresses the model’s segmentation of build-
ings into multiple entities based on visual or structural differences. This is achieved
through a sophisticated polygon merging strategy, detailed in Figure 12. Utilizing an
rtree index, this strategy identifies overlapping or intersecting polygons, calculating the
intersection area between each pair. Subsequently, the ratio of the intersection area to
the area of each polygon is calculated. If the ratio exceeds a certain threshold, typically
50%, the polygons are considered related, with the larger polygon deemed the parent
in cases where both exceed the threshold. This relationship is codified in a directed
graph, with edges representing the parent-child connections.
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Figure 11: Polygon merging strategy based on the directed graph is applied to merge
overlapping and redundant polygons from Mask R-CNN output into single building
entities.

This iterative process results in a directed graph containing unconnected nodes (in-
dividual polygons) and clusters of interconnected polygons, which are then processed
to identify root nodes. For each cluster, children or leaf nodes are recursively merged
into their parent nodes, culminating in a single, merged polygon that accurately repre-
sents each building instance. This approach not only refines the segmentation masks
produced by Mask R-CNN but also ensures that buildings segmented into multiple
parts are accurately consolidated into coherent entities as demonstrated in Figure 11.
The outcome of this building extraction process is a dataset of building polygons,
prepared for subsequent overlap analysis.

3.2.3 Change Detection

3.2.3.1 Overlap Analysis

This phase employs a straightforward spatial overlap analysis to compare building
instances, or polygons, delineated from pre- and post-event imagery as output by
the Building Extraction stage. In this analysis, the bounding boxes of post-event
building polygons are cataloged within an rtree index for efficient spatial querying.
Subsequently, for each building polygon identified in the pre-event dataset, overlapping
or intersecting polygons from the post-event dataset are retrieved from the rtree index.
The Intersect over Union (IoU) score is calculated for each pre-event polygon against
its overlapping post-event counterparts. Post-event polygons exhibiting an IoU score
below a predetermined threshold, such as 0.5, are excluded from consideration. Among
the remaining candidates, the post-event polygon with the highest IoU score is selected
as the corresponding match for the pre-event building instance. Should a pre-event
polygon lack any overlapping post-event polygons or fail to identify a suitable match,
it is classified as destroyed. This is outlined in Algorithm Figure 13.
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Figure 12: Algorithm for merging redundant and overlapping polygons resulting from
grid tiling of input image and imperfections of Mask R-CNN model. Individual parts
of a coherent building detected as separate buildings are merged through overlap area
ratioing and the analysis of hierarchical relationship between overlapping polygons.

This methodological step effectively segregates the dataset into two distinct cate-
gories: pre-event building polygons without corresponding post-event matches, indica-
tive of destruction, and those with matching post-event polygons. The latter group is
subsequently analyzed using the Siamese Network patch similarity comparison stage to
further assess the integrity of the structures, while the former group proceeds directly
to the post-processing stage of the change detection phase.

3.2.3.2 Patch Similarity Test

The CD phase incorporates a critical Siamese Network Patch Similarity Comparison
to assess similarities between pre- and post-event building instances. This network
consists of three main components: a feature extraction module that translates images
into a vector space, a differencing mechanism for calculating vector distances, and
a sigmoid neuron in the final head that determines similarity scores between 0 and
1, indicating dissimilarity and perfect similarity, respectively. The feature extraction
utilizes dual identical branches, or "twin towers," each processing an input indepen-
dently with shared weights. ResNet101 with a FPN is selected as the feature extractor
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Figure 13: Algorithm to determine and match pre- and post-event building polygons
based on IoU. Outputs from this algorithm is a set of paired pre- and post-event
building polygons and sets of unmatched polygons for each temporal sets.

backbone as they were already implemented and trained in the Mask R-CNN model for
identifying relevant building features. Pre-trained weights from this portion of Mask
R-CNN model can be transferred to Siamese Network’s feature extractor portion.

Attention mechanisms are usually integrated in tasks such as image similarity
comparison, change detection and object tracking tasks (T. Chen et al., 2022; J. Huang
et al., 2022; Sun et al., 2022). In this thesis work, CBAMs are employed to refine
feature maps through Channel Attention and Spatial Attention, emphasizing areas
pertinent to building comparison. Post-feature extraction, Euclidean distances between
feature vectors are computed, and the sigmoid neuron outputs a similarity score.
The whole architecture is outlined in Figure 14. For each pair of matching pre- and
post-event building polygons identified in the overlap analysis, image patches are
extracted based on a square bounding box defined by the union of each pair. These
patches are resized to fit the network’s input specifications, such as 224x224 pixels,
and normalized to a UINT8 data range. The Siamese Network then processes these
patches, with the sigmoid neuron activation providing a similarity score. A threshold,
typically set at 0.5, classifies each pair as similar (intact) or dissimilar (changed or
destroyed). This process results in a set of pre-event building polygons classified as
"intact" or "changed/destroyed," merged with polygons lacking post-event matches.
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Figure 14: Architecture of Siamese Network similarity comparison component em-
ploying ResNet101 and FPN as feature extractor and integrating CBAMs to introduce
attention mechanism. The similarity of two input image patches are determined by the
score output of sigmoid neuron.

The final outputs include pre-event building polygons with change status annotations
and identified post-event building polygons, transitioning from initial raster inputs to
a detailed building delineations with structural change documentation.

3.2.4 Deep Learning Models

The proposed workflow is composed of two DL components: Mask R-CNN for building
extraction and Siamese Network for image patch similarity comparison. The following
sections describes data preparation and training processes for both DL components.

3.2.4.1 Data Preparation

For the training of Mask R-CNN model, pre- and post-event RGB raster images are
aligned and georegistered in ArcGIS software using Spline Transformation. Both sets of
images are resampled to the highest spatial resolution among input images, which is 30
cm per pixel. The Geo-SAM plugin(Zhao, Fan, and L. Liu, 2023) in QGIS facilitates the
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swift and precise manual annotation of building footprints directly from these raster
images, with each building delineated as a separate polygon. This process is applied
to both pre- and post-event images across 20 areas of interest, ensuring comprehensive
coverage. Figure 15 visualizes the raster images and annotated buildings. These
pre- and post-event images, along with their corresponding building annotations, are
segmented into 512x512 pixel tiles. Tiles containing a NODATA pixel count exceeding
50% of the entire raster tile are excluded from further processing. Subsequently, image
tiles undergo min-max normalization to the UINT8 data range. These prepared tile sets
and their annotations are then divided into three distinct datasets: training, validation,
and testing, as outlined in Table 1. Given the architectural and environmental similarity
of buildings across AOIs involved, the data was split by paying more attention to the
equal distribution of different combinations of data sources, PL and PLN, of pre- and
post-event images.

For the training of Siamese Network similarity comparison model, the input data
constitutes anchor, positive and negative images. Anchor image is the image of an
object which is deemed similar to the positive image while the negative image is the
dissimilar image opposed to the anchor image as presented in Figure 16. In case of
anchor and positive image (similar) pairs, image patches of the same building in the
pre- and post-event images are extracted as pairs. In case of anchor and negative image
(dissimilar) pairs, the anchor image of a building is paired up with a random image
of another building as the negative image. The similar pairs are visually inspected
and extracted from 12 AOIs. The bounding boxes (adjusted to square shapes) of
building polygons are used as windows for extracting the image patches which later
resized to 224x224 pixels dimension which is the input dimension of ResNet101 feature
extractor and min-max normalized to UINT8 data range. Extracted image patches are
further augmented by increamental rotation of 45 degrees. The resulting samples are
further split into three datasets: train, validation and test as described in Table 2. For
consistency of models’ performance evaluation, respective samples belonging to train,
validation and test datasets from Mask R-CNN are similarly put into same category of
datasets for Siamese Network.

To assess the efficacy of this comprehensive workflow, GT data for six AOIs which
are not involved in the training phases of both the Mask R-CNN and Siamese Network
models were carefully prepared. This GT comprises pre- and post-event raster images
and building annotations for both temporal states, along with the status of each building
in the post-event scenario, delineating whether it has undergone destruction or change.
The annotation process for establishing this GT was conducted manually, entailing a
thorough visual comparison of images from both temporal states.
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Figure 15: Input RGB raster tiles and building annotations used in the training process
of Mask R-CNN model.

Figure 16: Image patches: (1-4) similar and (5-8) dissimilar pairs with corresponding
labels for training Siamese Network similarity comparison model.
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Dataset Tiles Total Area
(Km2) Buildings Split

(%)

Train 695 16.40 14879 67.41
Validation 243 5.73 4860 22.02

Test 162 3.82 2334 10.57

Table 1: Train, validation and test datasets of image tiles and annotated buildings
prepared for Mask R-CNN model training.

Dataset Similar Pairs Dissimilar Pairs Split (%)
Train 35760 35760 63

Validation 11920 11920 21
Test 9120 9120 16

Table 2: Train, validation and test datasets of similar and dissimilar image patch pairs
for Siamese Network model training.
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3.2.4.2 Model Training

The Mask R-CNN model, as implemented by Matterport(Abdulla, 2017), incorporates
a FPN and RoIAlign, and is employed to train the model. The ResNet101 architec-
ture serves as the backbone for feature extraction. Given the limited volume of input
data, a strategy of transfer learning from a pre-trained model is utilized to expedite
the training process while enhancing model performance. The baseline pre-trained
weights, released as part of the CrowdAI challenge, form the foundation for trans-
fer learning. This model, having been trained on the SpaceNet challenge dataset
(Datasets 2018)—comprising VHR (30-50cm) satellite imagery from the WorldView-2
and WorldView-3 satellites—bears a significant resemblance to the data utilized in
this thesis, thereby providing a robust starting point. Data augmentation is applied
through the incremental rotation of input image tiles by 30 degrees. The training pro-
cedure initiates with the loading of pre-trained weights from the CrowdAI challenge
(Mohanty, 2018; Mohanty et al., 2020). Initial training phases freeze all the lower-level
layers of the backbone, focusing solely on the head components—comprising RPN,
object detection, and mask regression layers—with an initial Learning Rate (LR) of
0.001 over 30 epochs. Subsequent phases involve unfreezing layers above the fourth
and third levels of the backbone, including the head components, for fine-tuning at
a LR of 0.0001 for 30 and 20 epochs, respectively. The final stage entails unfreezing
all layers for comprehensive fine-tuning at a LR of 0.000001 for 80 epochs, by which
point the model typically achieves a plateau in training and validation loss values,
approximately 0.75 and 0.7, respectively, as charted in Figure 17. Likewise, a model
without transfer learning from a pre-trained model is also trained in order to contrast
the performance between models with and without transfer learning applied. This
contrast is obvious in learning curves of two models where the model with transfer
learning have lower losses.

This culmination of losses—comprising the Mask R-CNN bounding box loss (mr-
cnn_bbox), class loss (mrcnn_class), mask loss (mrcnn_mask), and the RPN bounding
box loss (rpn_bbox) and class loss (rpn_class)—indicates the model’s performance,
with the RPN bounding box loss being notably the most significant contributor. This is
attributed to its role in proposing regions containing potential object candidates, which
are then utilized by the Mask R-CNN for predicting bounding boxes and masks. The
final deliverable of this training process is a TensorFlow-based Mask R-CNN model, pro-
ficient in identifying and segmenting buildings or houses from VHR satellite imagery
as illustrated in Figure 18.

To ensure consistency across software dependencies, TensorFlow is utilized for
training the Siamese network model. This network architecture generally comprises
three main components: a feature extraction part that extracts features and embeddings
into a vector space, a differencing part that calculates the distance between vectors,
and a final head that produces a similarity or dissimilarity score for the two inputs.
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Figure 17: Learning curves of Mask R-CNN model training process: (a) overall total
losses and (b) individual losses on train and validation datasets. Curves for models
with and without transfer learning applied are denoted with TL and NTL prefixes
respectively.

The feature extraction module is constructed as two identical branches, known as twin
towers, which share the same weights and process each input separately. For this
task, ResNet101 combined with FPN is selected as the feature extractor, leveraging its
pre-existing implementation and training within the Mask R-CNN model to identify
features associated with buildings and their background. The components of the
ResNet101 backbone andFPN from the MaskR-CNN model, along with theirpretrained
weights, are integrated into the feature extraction portion of the Siamese network and
set as non-trainable. The output feature maps from the FPN, which exist at varying
spatial scales, are subsequently downsampled to a uniform dimension and processed
through a CBAM to apply attention weights. The distance between the feature vectors
extracted from each tower is calculated using Euclidean distance, which then feeds into
a fully connected sigmoid neuron to yield a similarity score ranging between 0 and 1,
where 0 indicates dissimilar image patches and 1 denotes perfect similarity.

The network is trained using a learning rate of 0.00001 and employs contrastive loss
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Figure 18: Input images and building polygons extracted by trained Mask R-CNN
model visualized against ground truth polygons.

across 45 epochs, at which point both the loss and accuracy tend to plateau around 0.15
and 0.85, respectively. The training trajectory in Figure 19 indicates a stable balance
between training and validation performance up until the final epochs, where the
model begins to show signs of overfitting to the training data.

3.2.5 Evaluation Metrics

In order to evaluate the feasibility, performance and accuracy of the proposed workflow
as a whole or the individual stages of the workflow, a set of evaluation metrics are
calculated as follow. It is imperative to recognize that the complexity of the integrated
workflow precludes a single, unified metric that can encapsulize its overall performance
and accuracy. The workflow is composed of two distinct deep learning stages: the
extraction of buildings using Mask R-CNN and the subsequent similarity comparison
via Siamese Network. Each stage has its potential for error; Mask R-CNN may yield
both missed and false detections in a bi-temporal analysis, while Siamese Network’s
predictions are contingent upon the overlap analysis results, potentially leading to
misclassifications regarding the change status of buildings. The compounded nature
of these errors necessitates a multifaceted evaluation approach. The accuracy and
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Figure 19: Learning curves, train and validation losses, of Siamese Network model
training process over 45 epochs.

performance of the workflow are thus assessed through discrete analyses of each
component, combined with a comparison of the workflow’s results against the ground
truth change status to form an overarching evaluation.

3.2.5.1 Intersection over Union

The IoU score is a relevant and widely utilized metric in object detection tasks. IoU
calculates the ratio of the area of overlap between two polygons or bounding boxes to the
area of their union, as defined in Equation 3.1. In this study, both the building extraction
component and the overlap analysis of pre- and post-event buildings employ the IoU
score for performance evaluation and analytical decision-making. For the evaluation
of building extraction performance, the IoU between detected buildings ground truth
buildings is calculated and compared against a threshold to assess agreement levels,
identify missed detections, and false detections. In the context of overlap analysis, the
presence of pre-event buildings in the post-event imagery is preliminarily determined
by calculating the IoU between corresponding pre- and post-event building polygons.

IoU =
Area of Overlap
Area of Union (3.1)

3.2.5.2 True Positives and Negatives, False Positives and Negatives

These metrics form the basis for calculating additional scores and metrics, such as
Precision (P), Recall (R), Average Precision (AP), F-beta, and Matthews Correlation
Coefficient (MCC) scores. In the evaluation of the Mask R-CNN model, detected
polygons with corresponding overlapping ground truth polygons whose IoU score
exceeds a predefined threshold are classified as True Positive (TP) cases. Detected
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polygons lacking a corresponding ground truth polygon are classified as False Positive
(FP), while ground truth polygons without a corresponding detected polygon are
considered False Negative (FN). Although the concept of a True Negative (TN) case is
pertinent in scenarios involving the detection of multiple object classes, it is deemed
irrelevant in the current context, where there is only one target object class considered
as foreground and everything else as background.

For the Siamese Network patch similarity comparison component, the definitions
for TP, TN, FP, and FN cases are clear and well-defined. Any input pairs labeled
as similar and with a predicted similarity score above the threshold (e.g., 0.5) are
classified as TP, whereas pairs labeled as similar but with a score below the threshold
are considered FN. Similarly, for pairs labeled as dissimilar, those with a predicted
score above the threshold are deemed FP, and those with a score below the threshold
are TN.

In evaluating the overall workflow, the agreement, missed detections, and false
detections between ground truth polygons and detected polygons are quantified. For
all polygon pairs in agreement, the change status of GT polygons is compared against
the change status of detected polygons. Situations where intact buildings in the ground
truth correspond to detected polygons with an intact change status are categorized as TP,
while instances where changed or destroyed buildings in the GT correspond to detected
polygons with a changed or destroyed status are categorized as TN. Discrepancies
between the GT polygon labels and detected polygons result in FN cases for intact GT
polygons and FP cases for changed or destroyed GT polygons.

3.2.5.3 Precision, Recall (True Positive Rate) and False Positive Rate

In the context of object detection and binary classification, Precision, Recall or True
Positive Rate (TPR), and False Positive Rate (FPR) are critical metrics used to evaluate the
performance of a model. These metrics are essential for interpreting the effectiveness
of a model in distinguishing between the classes (e.g., "object" vs. "no object" in object
detection or "positive" vs. "negative" in binary classification).

Precision measures the accuracy of the positive predictions made by the model.
It is defined as the number of true positive predictions divided by the total number
of positive predictions (the sum of true positives and false positives) as described in
Equation 3.2. In object detection, in case of this thesis work - building extraction, it
quantifies how many of the detected objects were truly buildings.

Recall or TPR measures the model’s ability to correctly identify all actual positives in
the dataset. It is defined as the number of TP predictions divided by the actual number
of positives in the dataset (the sum of TPs and FNs) as described in Equation 3.3. In
scope of this proposed workflow, this metrics is relevant and important in evaluating
how good the building extraction is in detecting all buildings existing in the input
image. This is particularly important not to miss the presence of actual buildings in
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both pre- and post-event images which affect the overlap analysis stage and the final
output data quality.

The FPR measures the proportion of negative instances that are incorrectly classified
as positive. It is defined as the number of FP predictions divided by the total number
of actual negatives in the dataset (the sum of FP and TN) as described in Equation 3.4.
Likewise to TPR, FPR is an important metric in the building extraction stage not to
register false presence of buildings which contribute to the overlap analysis and final
output quality.

Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
(3.2)

Recall = TPR =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
(3.3)

FPR =
𝐹𝑃

𝑇𝑁 + 𝐹𝑃
(3.4)

3.2.5.4 Average Precision

The Average Precision, commonly used in object detection and instance segmentation
tasks, is calculated by averaging the precision values at each recall level across the
recall range (from 0 to 1) as described in Equation 3.5. This is done for each object class
individually. Mean Average Precision (mAP), the average of the APs across all classes,
is commonly used in cases of multiple classes which is irrelevant in current case where
only building class is detected. AP provides a single figure that summarily reflects the
performance of building extraction across all thresholds, making it a comprehensive
metric for evaluating the model’s detection and segmentation accuracy.

AP =

∑
𝑛

(𝑅𝑛 − 𝑅𝑛−1)𝑃𝑛 (3.5)

3.2.5.5 F-beta

The F-beta score (F𝛽) is a metric combining Precision and Recall to balance their
importance, critical in object detection where precision and recall trade-offs are essential.
The parameter 𝛽 adjusts the emphasis on recall; values greater than 1 prioritize recall,
highlighting the model’s ability to detect all relevant entities, whereas values less than 1
prioritize precision, focusing on the model’s accuracy in pinpointing true positives. In
this study’s context of building extraction, F1 and F2 scores are significant. The F1 score,
aiming for a balance between precision and recall, is optimal for evaluating overall
performance. The F2 score, giving more weight to recall, is essential for evaluating
model’s capability to capturing all buildings within a given input at a designated IoU
threshold, ensuring comprehensive detection. Equation 3.6 details the calculation of
(F𝛽) score.
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𝐹𝛽 = (1 + 𝛽2) · Precision · Recall
(𝛽2 · Precision) + Recall

(3.6)

3.2.5.6 Areas under Curve: Receiver Operating Characteristics(ROC-AUC) and
Precision-Recall (PR-AUC)

The ROC-Area under Curve (AUC) score is determined from the Receiver Operating
Characteristic (ROC) curve, which plots TPR against FPR across varying threshold
settings. This score is obtained by integrating the area under the ROC curve from 0 to
1, considering various binary classification thresholds. In the context of the Siamese
Network similarity comparison stage, the ROC-AUC metric is particularly pertinent
as it assesses the model’s capability to correctly differentiate between positive and
negative classes where both classes are equally important while both classes in training
and evaluation datasets are well-balanced.

Furthermore, the Average Precision Score, associated with the PR-AUC (Precision-
Recall Area Under the Curve), is calculated from the Precision-Recall (PR) curve. This
curve delineates Precision against Recall at diverse threshold levels. The Average
Precision (AP) encapsulates the PR curve as the weighted average of precision values
at each threshold, employing the increment in recall from one threshold to the next as
the weighting factor. Although the PR-AUC metric might not carry the same weight
as the ROC-AUC in the Siamese Network’s similarity comparison phase, it remains
an essential measure for evaluating the model’s proficiency in accurately identifying
unchanged or intact buildings. This evaluation is crucial in real-world applications
where a significant majority of detected buildings are likely to remain unchanged, with
only a minority being altered or destroyed, emphasizing the model’s precision and
recall balance in identifying TPs and minimizing FPs.

3.2.5.7 Matthews Correlation Coefficient

The Matthews Correlation Coefficient (MCC) is a measure used in machine learning
to evaluate the quality of binary (two-class) classifications. It takes into account true
and false positives and negatives and is generally regarded as a balanced measure
which can be used even if the classes are of very different sizes. The MCC is defined
in Equation 3.7. The MCC is considered to be a reliable statistical rate which produces
a high score only if the prediction obtained good results in all of the four confusion
matrix categories (true positives, false negatives, true negatives, and false positives),
proportionally both to the size of positive elements and the size of negative elements
in the dataset. This characteristic is relevant in evaluation of workflow’s performance
where the ability to distinguish both intact and changed/destroyed buildings is equally
important.
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MCC =
(𝑇𝑃 × 𝑇𝑁) − (𝐹𝑃 × 𝐹𝑁)√

(𝑇𝑃 + 𝐹𝑃)(𝑇𝑃 + 𝐹𝑁)(𝑇𝑁 + 𝐹𝑃)(𝑇𝑁 + 𝐹𝑁)
(3.7)
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Chapter 4

4.1 Analysis and Results

In this chapter, the evaluation and analysis of the results for each deep learning
component within the workflow, as well as the workflow as a whole as described in
the previous chapter, will be presented. The initial focus will be on the Mask R-CNN
model, followed by the Siamese Network similarity comparison, and concluding with
the evaluation of the integrated workflow.

4.1.1 Mask R-CNN

The evaluation of the trained model hinges on conducting an IoU analysis between
the Ground Truth (GT) and the polygons detected by the model. For every ground
truth polygon, an IoU value is computed against any overlapping detected polygons.
The list of potential matching candidates is then refined by excluding any polygons
with an IoU score below the threshold of 0.5. Among the remaining candidates, the
polygon boasting the highest IoU score is deemed the corresponding match for the GT
polygon. This procedure culminates in a compilation of matched detections (TP), false
detections (FP), and missed detections (FN). Subsequently, these metrics are utilized
to calculate Precision and Recall scores, which are further employed to compute the
AP and F-beta (F0.5, F1, and F2) scores. While Precision and Recall are pivotal, the
imperative to identify and catalog all extant buildings accentuates the significance of
Recall and the F2 score in the evaluation process.

To ascertain the model’s efficacy across varying IoU thresholds, the aforementioned
metrics are recalculated for IoU values spanning from 0.1 to 0.9, in increments of 0.05.
The outcomes are illustrated in Figure 20, which plots the scores against IoU values, as
shown below. The model without transfer learning is also included in the evaluation to
contrast the performance difference between two models. It is apparent that the model
with transfer learning perform noticeably better than the one without transfer learning.
Additionally, Table 3 is provided to detail the specific metrics and scores achieved at
the IoU threshold of 0.5.
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Dataset Tiles Buildings
Ground Truth

Buildings
Detected Precision Recall F0.5 F1 F2 AP

Train 595 14879 17160 0.81 0.94 0.84 0.87 0.91 0.94
Validation 206 4860 5446 0.81 0.91 0.83 0.86 0.89 0.89

Test 106 2334 2647 0.81 0.92 0.83 0.86 0.89 0.91

Table 3: Evaluation results of Mask R-CNN model for train, validation and test datasets.
High scores in general display good performance of trained model.

Figure 20: Mask R-CNN model evaluation metrics: (a) AP, (b) F0.5, (c) F1 and (d) F2
plotted over a 0.1-0.9 range of IoU thresholds. Scores above 0.8 is still observed till IoU
threshold of 0.6. Metrics for models with and without transfer learning is denoted with
prefixes TL and NTL respectively.
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4.1.2 Siamese Network

The evaluation of the Siamese Network for similarity comparison involves directly
contrasting the GT labels (similar or dissimilar) with the prediction results for image
pairs as illustrated in Figure 21. An output score below a set threshold (e.g. 0.5) is
categorized as dissimilar, while a score above this threshold is deemed similar. These
output scores are compared against the GT labels, similar or dissimilar. This evaluation
is conducted across all datasets—including training, validation, and testing—using a
spectrum of threshold values from 0 to 1 to test the sensitivity across thresholds.

Figure 21: Examples of Siamese Network model’s classification results. Pairs (1-3) and
(4-6) present similar and dissimilar pairs with correct classification while pairs (7-8)
present incorrect classification results.

Dataset Similar
(GT)

Dissimilar
(GT)

Similar
Classified

Dissimilar
Classified TPR FPR Precision Threshold

Train 5957 5963 6309 5611 0.90 0.16 0.85 0.54
6101 5819 0.88 0.15 0.86 0.55
5875 6045 0.86 0.13 0.87 0.56

Validation 1990 1984 2084 1890 0.89 0.16 0.85 0.54
2024 1950 0.88 0.14 0.86 0.55
1968 2006 0.86 0.13 0.87 0.56

Test 1520 1520 1607 1433 0.87 0.19 0.82 0.54
1546 1494 0.85 0.17 0.83 0.55
1500 1540 0.84 0.15 0.85 0.56

Table 4: Evaluation results of trained Siamese Network model at three binary thresholds.
High TPR scores present model’s good performance in classifying intact buildings.

This approach generates metrics on TPs, TNs, FPs, and FNs, where positive cases
represent similar pairs and negative cases denote dissimilar pairs. These metrics are
further analyzed to calculate the TPR, FPR, Precision, and Recall. ROC and PR curves
are plotted, with AUCs computed for all three datasets, as illustrated in Figure 22 and
Table 4.

Moreover, the distribution of FPs and FNs across various threshold values is charted
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Figure 22: Siamese Network model evaluation curves (a) ROC and (b) Precision-Recall
with respective AUCs plotted for train, validation and test datasets.

to identify the optimal threshold for achieving a balanced trade-off between FPs and
FNs, as depicted in Figure 23 where a threshold between 0.5 and 0.55 seems optimal.

Figure 23: False positives and negatives charted over a threshold range for (a) train, (b)
validation and (c) test datasets. A good balance between FP and FN can be observed
around threshold value of 0.55.
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4.1.3 Workflow

The integrated workflow, combining the processes of building extraction and change
detection, is designed to process pre- and post-event images from specified AOIs. The
outcome of this workflow includes two sets of polygons representing buildings for both
pre- and post-events. Each polygon from the pre-event is appended with an attribute
indicating whether the building has been destroyed, changed post-event, or remains
intact.

Given that the workflow bifurcates into building extraction and CD, the evaluation
is correspondingly dual-faceted. Initially, for the building extraction phase, the IoU
metric is utilized to compare each ground truth building polygon with overlapping
detected polygons. The selection of candidates is refined by excluding those with an
IoU score below a predetermined threshold (0.55), and the highest-scoring candidate
is identified as the corresponding prediction for each ground truth building. This
phase’s evaluation focuses on the accuracy of building detection, quantifying correct
detections, missed detections, and FPs.

Subsequently, in the CD phase, only those delineated buildings that align with GT
data are scrutinized. The comparison involves analyzing the status attributes—whether
destroyed/changed or intact—of both extracted and GT polygons. Metrics such as TPs,
TNs, FPs, and FNs are computed, which are then leveraged to derive the TPR, FPR,
Precision, Recall, F1, and MCC scores. Among these metrics, MCC is emphasized as a
crucial indicator of binary classification performance, highlighting the model’s ability
to correctly identify both TP and TN scenarios.

The evaluation findings are systematically presented in Table 5 and Table 6, comple-
mented by illustrative examples comparing the workflow’s detection outcomes with
the ground truth, showcased in Figure 24. This structured approach enables a clear
and concise assessment of the workflow’s capability to accurately document building
status changes in the aftermath of events. In summation, the workflow delineated
herein exhibits a considerable degree of accuracy in identifying destroyed buildings, as
substantiated by the results in Table 7. While there is a discernible presence of missed
detections and erroneous classifications regarding the change status of buildings, the
reduction in time and labor required to evaluate each AOI suggests that the workflow
is viable for operational use. However, it is recommended that the workflow’s out-
comes undergo supplementary verification by a human expert to ensure precision and
reliability in an applied setting.
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AOI Area
(km2)

Time Taken
(Secs)

Buildings
(GT)

Buildings
(Detected)

Agreement
(GT)

Missed
Detections

False
Detections

175981 1.05 92.81 297 298 272 25 26
188943 1.08 76.03 375 300 257 118 43
188837 0.63 45.24 380 321 288 92 33
171240 0.35 35.31 297 308 255 42 53
171241 0.77 68.75 511 527 450 61 77
171242 0.63 68.53 573 560 501 72 59

Table 5: Workflow’s building extraction results over test dataset tabulated. A good
agreement between ground truth and extraction is observed.

AOI TP TN FP FN TPR FPR Precision Recall F1 MCC

175981 117 135 12 8 0.94 0.08 0.91 0.94 0.92 0.85
188943 162 69 9 17 0.91 0.12 0.95 0.91 0.93 0.77
188837 91 159 1 37 0.71 0.01 0.99 0.71 0.83 0.75
171240 130 80 4 41 0.76 0.05 0.97 0.76 0.85 0.67
171241 255 117 7 71 0.78 0.06 0.97 0.78 0.87 0.66
171242 310 138 7 46 0.87 0.05 0.98 0.87 0.92 0.77

Table 6: Siamese Network-based change classification results of the workflow over test
dataset.

AOI GT Destroyed Correct Incorrect Missed Detections

175981 136 117 8 11
188943 257 162 17 78
188837 169 91 37 41
171240 201 130 41 30
171241 366 255 71 40
171242 402 310 46 46

Table 7: Summary of workflow’s performance on detecting and classifying destroyed
or changed buildings in test dataset.
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Chapter 5

5.1 Discussion

In this chapter, the discussion revolves around the evaluation results and performance
of key components, particularly the Mask R-CNN building extraction model and the
Siamese Network patch similarity comparison model, in addition to the integrated
workflow as a whole. The focus is on interpreting the evaluation outcomes, identifying
the factors leading to misclassifications and deficiencies, and critically assessing each
component along with the overall workflow. This is followed by addressing the research
questions this study aimed to explore, detailing the limitations of the current methodol-
ogy and the proposed workflow. The section concludes by outlining future directions,
suggesting areas for potential extensions, further research, and enhancements to this
study.

5.1.1 Building Extraction

The evaluation results for the Mask R-CNN model, as reflected in Figure 18 and
Figure 20, focus on the model’s capability to detect and delineate correct building
instances. These results are critical as they form the foundational step for subsequent
analyses in the assessment of building changes post-conflict. Table 3 indicates a
consistent precision maintained around 0.8 with IoU threshold of 0.50 across training,
validation, and testing datasets. This uniform precision suggests that the model is
adept at accurately identifying intact buildings.

Recall is exceptionally high in the training set at 0.94, indicating a strong capability
of the model to detect the majority of buildings truly present in bi-temporal images.
This is crucial in the change detection. The F-beta scores, particularly the F2 score,
demonstrate the model’s sensitivity to capturing positive instances, which, in this
context, are the intact buildings. The performance graphs reveal a commendable
stability across varying IoU thresholds, suggesting that the model’s detection capability
is not overly sensitive to the exactness of the IoU cutoff till IoU 0.7. AP is high across all
datasets, with the highest in the training set at 0.94, slightly tapering off to 0.91 in the
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testing set, an indication that the model’s ability to detect buildings translates well to
unseen data. In terms of object detection evaluation metrics, both PASCAL VOC (IoU
0.5)and strict (IoU 0.75), as presented in (COCO Dataset - Evaluation Metrics 2024), AP
and F-beta scores between IoU thresholds 0.5 and 0.75 presents a range between 0.65
and 0.9 which can be considered adequate.

In the specific context of conflict damage assessment, the Mask R-CNN model
serves a pivotal role in detecting intact structures rather than the destroyed ones. The
subsequent stages of change detection, which involve overlay analysis and Siamese
network-based similarity comparison, rely on the accurate identification of buildings
by the Mask R-CNN. The high recall and F2 scores are particularly significant, as they
ensure that the model minimizes the chances of missing any intact buildings, which is
a necessary condition for accurate change detection and assessment of destruction. The
high level of precision and recall across all datasets underscores the model’s robustness
and its critical role in the workflow for conflict damage assessment.

5.1.2 Patch Similarity Comparison

The Siamese Network’s performance for patch similarity comparison is critical for
discerning the status of buildings, whether they remain intact or have been de-
stroyed/changed post-event. The evaluation of the Siamese Network, as detailed
in Table 4, indicates that the network is proficient at identifying both true positives
and true negatives across training, validation, and test datasets. Notably, the TPR
remains high across all datasets, signifying that the network reliably identifies similar
image pairs—crucial for confirming buildings as intact which constitutes the majority
of buildings in post-event after overlap analysis.

For the training set, the TPR is particularly robust at 0.90 with a threshold of 0.54.
The FPR is managed well, staying around 0.15-0.16, which reflects the network’s ability
to discern dissimilar pairs effectively and avoid false alarms of building destruction.
Precision and recall both exhibit high scores, hovering around 0.85-0.87 for precision
and 0.86-0.90 for recall, again demonstrating the model’s reliability.

In the validation dataset, a consistent pattern with TPRs of 0.89 at the 0.54 threshold
is observed, indicating strong identification of true building pairs. The FPR remains
controlled, suggesting that the model maintains a low rate of incorrectly identifying
dissimilar pairs as similar. Precision and Recall metrics are comparable to the training
set, ensuring confidence in the model’s applicability to unseen data.

The test dataset, which is crucial for assessing the model’s generalizability, shows a
TPR of 0.87 at the 0.54 threshold and a slight decrease in Precision to 0.82, indicating
a modest drop when faced with completely new data. However, the Precision and
Recall values suggest that the network’s performance is dependable, with only a minor
decrease observed in the transition from training/validation to testing conditions.
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The ROC and Precision-Recall curves provided in Figure 22 offer a visual repre-
sentation of the model’s performance across different thresholds. The areas under the
curves (AUC) for both ROC and Precision-Recall are above 0.9 for the training and
validation sets and slightly lower for the test set, reinforcing the robustness of the model.
This also exhibits the model’s good capability in differentiating both true positives and
negatives. The curves exhibit a desirable steepness, especially in the ROC graph, which
denotes a high true positive rate across all threshold levels.

In summary, the Siamese Network exhibits strong performance in identifying
buildings that are either intact or have been destroyed/changed. The network’s high
true positive rate ensures that intact buildings are correctly identified as such, while the
low false positive rate and high true negative rate confirm its capability to accurately
recognize buildings that have undergone changes. These characteristics underscore
the network’s potential to be an effective component in the workflow for automatic
documentation of conflict destruction in high-resolution satellite imagery.

In the evaluation of the Siamese Network for patch similarity comparison, a critical
analysis of false predictions has revealed several underlying challenges. The misclassi-
fied pairs, presented in Figure 25, exhibit discordance between ground truth labels and
the network’s predicted similarity scores. Specifically, image pairs 1-4, annotated as
’Similar’, have been assigned scores indicative of dissimilarity, while pairs 5-8, labeled
as ’Dissimilar’, have been erroneously scored as similar.

Figure 25: Examples of incorrect classifications by Siamese Network similarity compar-
ison model.

Several contributory factors to these misclassifications could be identified as am-
biguous visual features, occlusions and shadows, image quality and resolution, satellite
look perspective and angle changes, and background noise. Shared architectural fea-
tures, such as structural elements and color schemes, may lead to elevated similarity
scores in inherently dissimilar building pairs (false positives), particularly in regions
with homogenous building designs. Discrepancies in shadow casting or occlusions
between temporally separated images can obscure critical building features, resulting
in both false negatives and positives during the similarity assessment process. Varia-
tions in resolution, focus, and lighting conditions across the bi-temporal images may
impair the model’s ability to accurately extract and compare pertinent features, thereby
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affecting the classification outcome. Alterations in perspective between image cap-
tures can modify the apparent structure of buildings, potentially distorting the feature
vectors utilized for comparison and contributing to classification errors. Predominant
background features may inadvertently influence the feature extraction, leading to a
misjudgment in similarity, especially where background features overshadow those of
the buildings themselves.

5.1.3 Workflow

In the comprehensive evaluation of an integrated workflow designed for the automatic
documentation of conflict-induced destruction in buildings, a two-stage process was
meticulously assessed using ground truth annotations for six areas of interest, with each
region representing completely unseen data to the models. This rigorous approach
is aimed at ensuring the robustness and applicability of the workflow in operational
settings.

In the first stage of the evaluation, the Mask R-CNN model demonstrated a high
degree of fidelity in detecting buildings from bi-temporal satellite images, as reflected
in the substantial agreement with ground truth data presented in Table 5. Despite this,
the process was not without its challenges, with certain instances of missed detections,
ranging from 20 to 120 per AOI whereas total ground truth buildings range between 300
and 600, warranting further scrutiny. These missed detections are particularly critical,
as they may represent instances of destruction that the workflow fails to capture, leading
to potential underestimation of damage. Factors contributing to these omissions could
include, but are not limited to, variations in building visibility due to occlusions,
shadowing effects, the inherent diversity in structural forms, and limitations in image
resolution or quality.

The second stage of the workflow focused on change detection through status
comparison of building pairs, categorizing them as either intact or destroyed. Here, the
Matthews Correlation Coefficient (MCC) was employed as a pivotal metric, providing
a balanced measure of the model’s performance in identifying true positive and true
negative cases. The MCC scores, derived from the evaluation results, indicate a
commendable level of accuracy in the binary classification of the buildings’ post-event
status. A high MCC value across the datasets as presented in Table 6 underscores the
model’s capability to discern and accurately classify buildings, taking into account the
critical need to identify both intact structures and those that have been affected. Visual
evidence provided in Figure 24 further illustrates the effectiveness of the workflow.

In conclusion, the evaluation results suggest a robust performance by the integrated
workflow. However, they also highlight the necessity for continued enhancement,
particularly in addressing the instances of missed detections in the initial extraction
phase. Optimizing the model to mitigate these occurrences will be crucial for ensuring
comprehensive damage documentation. Furthermore, maintaining high MCC values
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in the change detection phase is essential for accurate post-conflict analysis.

5.2 Answering Research Questions

Research Question 1: How does the automated workflow perform in real-world
scenarios concerning accuracy, efficiency, and feasibility? The proposed system’s
feasibility for documenting conflict-induced structural changes is evidenced by the
accuracy and efficiency metrics presented. The processing platform, specified in Ap-
pendix C, adeptly processed and analyzed an area of 1 km² in 90 seconds as presented
in Table 6. Such efficiency is noteworthy when contrasted with the time-consuming
nature of manual documentation. Additionally, the proposed system is implemented
based on open source software libraries and established technology which made it
replicable and deployable. The responsibility inherent in documenting conflicts neces-
sitates transparency in the tools, data, and workflows used. To this end, disseminating
the implemented workflow as an open-source project, built upon open-source software
components, alongside the publication of trained models, guarantees the transparency
of the documentation tool. Despite these advantages, the presence of false detections
and errors, albeit not significant, cannot be dismissed. These inaccuracies signify that
while the system provides a robust tool for rapid assessments, it cannot be deemed
infallible. The system’s limitations suggest that it should serve as a supplementary tool
in a more comprehensive documentation process.

Research Question 2: In what ways does the automated system improve upon existing
manual documentation efforts in conflict-affected areas? When considering the
enhancement over manual documentation efforts, the proposed system significantly
reduces the resource and time expenditure. Specifically, the analysis per area of interest,
encompassing hundreds of buildings, demonstrates a high level of agreement with
ground truth data. However, the criticality of manual verification is highlighted in
instances where the system’s automated processes falter. The manual verification step
remains essential to rectify and validate the system’s output, ensuring the reliability
of the final documentation. Thus, the system’s role is best realized as an assistive
technology that enhances, rather than replaces, human expertise.

Research Question 3: Can the proposed automated workflow be effectively adapted
to document building destruction across various geographic and contextual environ-
ments? The architectural styles, construction materials, and environmental contexts
of buildings vary significantly across different geographic locations and countries. This
diversity often restricts the applicability or transferability of deep learning method-
ologies tailored to specific regions or contexts to other areas. However, the workflow
introduced in this thesis is designed with a level of flexibility that allows for its de-
ployment across various geographic settings, including but not limited to Myanmar,

50



5.3. LIMITATIONS

by facilitating the exchange of data pertinent to any given location. Additionally, the
incorporation of transfer learning within the deep learning components of the workflow
mitigates the need for extensive training datasets. It also demonstrates the system’s
adaptability to diverse locations, leveraging a pre-trained model trained on data from
varying geographic, architectural, and environmental backgrounds distinct from the
study area. Crucially, the workflow’s strategy for detecting destruction—centered
on identifying intact buildings and their changes over time—avoids the necessity for
samples of destroyed buildings, which may be scarce and vary across different regions
and causes of destruction. The ability to fine-tune the model with moderate amounts
of localized data points to the workflow’s effective adaptability for geographic regions
with different environmental and structural characteristics. Yet, the necessity for lo-
calized expertise becomes apparent, ensuring the system’s outputs are contextually
accurate and relevant. This need for human intervention is particularly pronounced
given the system’s considerable missed detections and misclassifications, reinforcing
the premise that the workflow should be used judiciously as part of a larger toolkit.

5.3 Limitations

In the pursuit of refining the proposed system for the automatic documentation of
conflict destruction, several limitations warrant consideration. The system’s reliance
on very high-resolution satellite imagery implies that any compromise in image quality
could impact its performance while any shortage of image availability for a focus area
could render the documentation impossible. Challenges such as obstructions from
cloud cover, shadows, or dense foliage can obstruct the system’s detection capabili-
ties. Additionally, models’ generalizability remains a concern; despite the advantages
conferred by transfer learning, they may not perform uniformly across all environ-
ments. Architectural diversity and unique regional landscapes—particularly those not
represented in the training set—pose potential hurdles to the system’s applicability.
Fine-tuning of models with localized data is a requirement.

Furthermore, the system, although accurate, is not immune to false positives
and negatives. These inaccuracies are particularly critical in the realm of conflict
damage assessment and documentation intended for justice efforts, where the stakes
of misidentification are high. Another notable limitation is scalability; as the system
is scaled up to process larger datasets or to span more extensive geographic regions,
computational demands escalate, potentially posing logistical and resource-based
challenges. The necessity of human oversight also emerges as a primary limitation.
The current requirement for manual verification steps to uphold data integrity may
impede the system’s operational efficiency and scalability. Such a reliance underscores
the importance of expert intervention in the validation of automated processes, which,
while indispensable, could be seen as a bottleneck to achieving a fully automated
workflow.
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5.4 Future Works

Looking to the future, several avenues for advancement present themselves. The inte-
gration of additional data layers, such as multispectral imagery or temporal data, could
significantly enhance the model’s detection and classification accuracy. For example,
integration of near-infrared band, could be beneficial to highlight and differentiate
between man-made structures, vegetation and shadow. Additionally, since most of
change detection errors are introduced from variations in color, pixel resolution, bright-
ness and shadow conditions, components that are insensitive to such variations such
as Transformers should be explored and introduced in the workflow. Furthermore, the
low temporal resolution and high price of very high resolution satellite images may
acts as a limitation in certain cases which can be navigated around by exploring a way
to transfer models’ capability to work on high resolution images with high temporal
resolution. For example, GANs can be applied for both domain adaptation of models
and refining high resolution images into very high resolution representations.

Customizable models that cater to specific regional characteristics and types of
buildings, along with the development of real-time processing capabilities, could
immensely benefit timely and responsive decision-making during or immediately after
conflict events. Training the system on a more expansive and diverse range of datasets
will also be instrumental in improving its generalizability. Lastly, future iterations of the
system could aim to categorize not only the occurrence but also the severity of damage,
offering a more detailed assessment of the destruction. As outlined in limitations,
the need for human oversight is a bottleneck which cannot be completely excluded.
An effort to accelerate this human-based review process can be made. Investigating
into the development of a supplementary tool dedicated to a streamlined reviewing
process is a potential future work. Moreover, in order for the proposed workflow to be
accessible and applicable in operational scope, the proposed system will be packaged
and redistributed either as a QGIS plugin or a standalone tool. However, current
Python implementation of the workflow along with trained models can be found at
(Nyan Lin, 2024).

In summation, while the proposed system marks a in leveraging technology for
conflict damage documentation, it is clear that continued research and development
to make the system operationally robust and ready are crucial. By addressing these
limitations and exploring the outlined future work, the system can evolve to more
effectively meet the intricate demands of documenting destruction in conflict zones,
ultimately aiding humanitarian and justice efforts with greater precision and insight.
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Chapter 6

6.1 Conclusions

The experimentation and evaluation results display that the development of an auto-
mated documentation system based on stable, well-established and publicly available
technology is feasible. However, the system, while presenting its capability and ef-
ficiency in automating significant portions of the damage documentation workflow,
must be approached with caution. Its current form, although deemed satisfactory, is
not without errors, and reliance on this system alone could lead to unreliable doc-
umentation. Such unreliability is untenable in the critical and sensitive context of
conflict destruction assessment. Therefore, the system is recommended as an assistive
tool—a means to expedite the documentation process and to handle a substantial
workload with satisfactory accuracy. The final step, however, must invariably involve
human scrutiny, wherein experts can apply their nuanced understanding and critical
evaluation to ensure the integrity and credibility of the documentation. The value of
the proposed system lies in its support to these experts, not in its capacity to replace
the essential human element of the assessment process. The proposed system, in
any regards, can be concluded as a feasible, efficient and useful system which can be
replicated and employed for various international causes. The workflow examined in
this thesis presents an innovative approach that sidesteps the necessity for training
samples specific to destruction. By harnessing transfer learning, it ensures adaptability
across diverse geographic and environmental contexts, aiming for operational applica-
bility. This method stands as an alternative to post-classification strategies and others
reviewed in the literature, offering a practical solution to the challenges identified.
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A

Study Area and Data

Table A1 and Table A2 detail the unique place codes, village name, coordinates, event
dates, image acquired dates and satellite sources of image for areas of interest involved
in this thesis work.

PCODE Village Name Township Region
State

Latitude
(N)

Longitude
(E)

166804 Se Zin Hpakant Kachin 25.32962 95.96509
171081 Pa Du Sagaing Sagaing 22.09759 95.92734
171241 Na Nwin Kaing Myaung Sagaing 21.67091 95.25502
171240 Shwe Ta Chaung Myaung Sagaing 21.68133 95.2493
171242 Su Lay Kone Myaung Sagaing 21.6688 95.26508
172578 Na Myar Tabayin Sagaing 22.63742 95.44688
173038 Hta Naung Taw (South) Monywa Sagaing 22.04531 95.18803
173494 Ma Hti Thar Chaung-U Sagaing 21.87292 95.26181
173512 Inn Ma Chaung-U Sagaing 21.94339 95.21317
173516 Ta Pei Inn Chaung-U Sagaing 21.93832 95.19591
173908 Sar Htone Salingyi Sagaing 21.99043 95.11454
173913 Htan Zin Salingyi Sagaing 22.01357 95.11932
173971 Hpaung Ka Tar (North) Salingyi Sagaing 22.02902 95.10939
173978 Se Te - Zee Taw Salingyi Sagaing 22.04727 95.09101
175981 Bin Mingin Sagaing 22.83414 94.71625
188837 Kinma Pauk Magway 21.26701 94.38808
188848 Ohn Taw Pauk Magway 21.44122 94.51079
188870 Gway Gon Pauk Magway 21.5585 94.43727
188876 Sa Thein Pauk Magway 21.57209 94.44043
188877 Nyaung Yin Pauk Magway 21.58858 94.43562
188943 Lel Beit (Taung Su) Pauk Magway 21.46618 94.61146

Table A1: Areas of interest or villages involved in the dataset and the study with their
respective information and coordinates.
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APPENDIX A. STUDY AREA AND DATA

PCODE Image Source
(Pre-event)

Image Source
(Post-event)

Event
Date

Pre-event
Image Date

Pre-event
Image Date

166804 PL PL 08/10/22 04/18/21 11/24/22
171081 PL PL 05/22/23 02/23/23 10/21/23
171241 PLN PLN 11/07/22 11/26/21 11/12/22
171240 PLN PLN 11/07/22 11/26/21 11/12/22
171242 PLN PLN 11/07/22 11/26/21 11/12/22
172578 PL PLN 12/06/22 10/09/22 12/08/22
173038 PLN PLN 03/15/23 01/11/23 04/27/23
173494 PL PLN 10/15/22 01/09/22 01/29/23
173512 PL PLN 04/23/22 11/25/21 04/27/23
173516 PL PLN 05/28/22 11/25/21 04/27/23
173908 PL PLN 12/01/22 11/04/22 04/27/23
173913 PL PL 11/30/22 11/04/22 02/22/23
173971 PL PLN 01/10/23 11/04/22 04/27/23
173978 PLN PLN 01/13/23 01/11/23 04/27/23
175981 PL PLN 01/31/22 11/30/21 01/24/23
188837 PL PL 06/15/21 02/24/21 06/21/21
188848 PLN PLN 03/09/23 03/04/23 03/30/23
188870 PL PLN 11/28/22 12/26/21 02/06/23
188876 PL PLN 11/23/22 12/26/21 01/11/23
188877 PL PLN 11/28/22 12/26/21 01/11/23
188943 PL PLN 12/30/22 04/05/21 03/30/23

Table A2: VHR satellite imagery sources, reported event and image acquired dates per
AOI.
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B

DL Model Training Configurations

Table B1 details the configurations associated with training processes of Mask R-CNN
and Siamese Network models. Hyper-parameters, configurations and architecture of
Mask R-CNN model training are not described here since the default implementation
by (Abdulla, 2017) is used. For Siamese Network model, a margin value of 1 is used for
the contrastive loss function whose architecture is described in Figure B1 and Figure B2.

Model Loss Function Optimizer Epochs LR Layers

Mask R-CNN Cross Entropy (Bi-
nary, Sparse Cate-
gorical), Smooth L1

SDG 30 1E-03 Heads (RPN, Object Detection,
Mask Regression)

60 1E-04 ResNet101 Layer 4 and above
80 1E-04 ResNet101 Layer 3 and above
160 1E-05 All

Siamese Network Contrastive RMSProp 45 1E-05 All except ResNet101 and FPN

Table B1: Training configurations for Mask R-CNN and Siamese Network models.

Figure B1: Overview architecture of Siamese Network model. Inputs to two feature
extraction towers are two image patches while one Sigmoid activation neuron outputs
the similarity score between two inputs.
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C

Technical Specif ications and
Experimental Setup

The implementation of the workflow as well as complementary components proposed
in this thesis work is based on open source software components for the transparency,
reproducibility, and accessibility. Table C1 details the list of these components involved.
Implemented workflow and supplementary tools for data processing, model training
and evaluation as Python scripts as well as Mask R-CNN and Siamese Network models
and weights as outputs from this thesis work can be can be found in this repository
(Nyan Lin, 2024).

All processes were run in a Microsoft Windows 11 Pro machine, equipped with
Intel Core(TM) i7-10750H @ 2.60GHz CPU with 48GB RAM and Nvidia Quadro T1000
Ti GPU with 4GB graphic RAM and 896 CUDA cores.
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