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ABSTRACT

Every year, major disasters occutr worldwide, requiring substantial response and recovery efforts. These efforts
are often hampered or delayed due to incomplete information from all affected areas. High-spatial resolution
remote sensing data, such as optical imagery from satellites and 3D point clouds generated from sources like
LiDAR etc. are widely used to support post-disaster phases, focusing mainly on damage assessment and long-
term recovery. However, the immediate and short-term response often goes unmonitored once the event fades
from the spotlight. Additionally, most efforts tend to concentrate on the major urban areas, making them highly
location-specific and often neglecting rural and other hard-to-reach human settlements. This also leads to limited
understanding of the complex response phase due to constraints like limited coverage, infrequent data, and high
costs associated with very-high resolution remote sensing data. These limitations make such datasets unsuitable

for large-scale damage assessments and frequent monitoring of dynamic activities after a disaster event.

This research therefore explores the utility of PlanetScope for (1) large-scale damage assessment covering both
urban and rural areas, (2) detection and monitoring of response activities, and (3) integration with higher
resolution images (WorldView and Pleiades) to understand their synergistic potential. PlanetScope is a
constellation of 130+ satellite doves capturing almost the entire planet (except the poles) daily. The spatial
resolution of PlanetScope is 3-4 meters, lower than WorldView and Pleiades. However, the spatial coverage and
high temporal resolution provides the avenue to acquire images for any area of interest and date, except when
hindered by high cloud cover or extreme events. Using the February 2023 Tirkiye-Syria earthquakes as a case
study, we employed texture feature extraction using GLCM for selected locations from Tirkiye with a supervised
machine learning algorithm, Random Forest, for classification. The potential of higher-resolution datasets was
evaluated by using them as ground truth, confirming presence of activities in focus, and for enhancing
PlanetScope image details through sharpening. Due to the limited availability of very-high-resolution images and
ground truth data from Syria, the analysis primarily focused on locations in Tirkiye. However, a location from

Syria was selected to assess the generalizability of model trained and tested on data from Tirkiye.

Our findings show that PlanetScope effectively supports grid-based damage detection, identifying zones with
collapsed buildings and calculating damage densities to highlight hotspots in both densely (urban) and sparsely
(rural) populated areas. PlanetScope imagery is also useful for monitoring response activities, such as the
evolution of temporary shelters and debris detection. However, damages not showing debris or missing roofs
and small isolated temporary shelters are challenging to detect due to PlanetScope’s nadir acquisition and limited
resolution. High temporal resolution of PlanetScope aids debris detection but is less effective for tracking
removal due to the limitation posed by its spatial resolution and unavailability of related ground truth data.
Integration of PlanetScope with higher-resolution data in multiple ways shows their synergistic potential to
produce a detailed and comprehensive damage assessment. However, large-scale assessment and frequent
monitoring can be hindered by the limited coverage and frequency of the higher-resolution satellite images.
Lastly, the generalizability test conducted on a location in Syria showed that direct application of the model
resulted in poor accuracy due to differences in settlement pattern and texture properties between the two regions.

However, when the model was trained on data from Syria, it achieved high accuracy.

In conclusion, the results prove that PlanetScope can effectively support rapid, large-scale damage and response
assessment that can enable efficient allocation of resources and support for emergency responders. Advance
feature extraction and classification algorithms can further help in improving the accuracy of results.
Additionally, advance integration methods can help in enhancing details of PS images which can also lead to
direct quantification of changes observed resulting in more meaningful insights.
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1.  INTRODUCTION

1.1. Background

Throughout Earth’s history, natural hazards have been an inevitable part of the planet. These hazard events,
when causing disruptions to the functioning of a community or society, are called disasters (UNISDR,
2015). Slow-onset hazardous events like drought, sea-level rise etc. develop gradually and can be predicted
well in advance. This provides time to take measures or anticipatory actions to mitigate the predicted impact
ahead of the hazards (IFRC, 2021). While sudden-onset disasters like earthquakes, flash floods etc. are not
only difficult to predict but their unforeseeable severity and scale pose a unique challenge because adequate
response and recovery resources cannot be allocated in advance for all the impacted regions.

Disaster response begins immediately after the disaster to save lives and address the essential requirements
of the affected population (UNDRR, 2013). This is followed by the recovery phase (Figure 1) which focuses
on reinstituting the disaster-affected community or society, their assets, systems and activities to mitigate
future disaster risk (UNISDR, 2015). Post-disaster response and recovery are complex processes that are
least understood, with this period often going unnoticed or unmonitored (Ghaftfarian and Emtehani, 2021)
when the disaster event fades from the spotlight. This also contributes to disproportionate disaster relief
and response efforts as comprehensive information from all vulnerable places fails to reach the responding
authorities. Therefore, complete information on the extent of damage and subsequent response is vital for
ensuring adequate post-disaster assistance and distribution of resources to all the affected population.

NATIONAL DISASTER RICOVERY
FRAMEWORX (NORF)

NATIONAL RESPONSE
FRAMEWORK (NRF)

S1HO44 AYTAOOTY ANV
WILSVYSIA 40 34008 ONV 3ZIS

AV

PREPAREDNESS SHORT-TERM INTERMEDIATE LONG-TERM
DAYS

ONGOING WEEKS-MONTHS MONTHS-YEARS I

Figure 1. Response and recovery Continuum with corresponding activities by FEMA (FEMA, 2010)

Disaster response efforts are managed by multiple stakeholders (Table 1) who may directly or indirectly
interact to address various interdisciplinary tasks effectively (Fontainha et al., 2022). These stakeholders
include local, national and international government and/or non-governmental organizations, volunteer
groups and community members depending on the scale and impact of the disaster event. The resilience
of the impacted community majorly depends on how effectively these organisations coordinate and
implement their responses (Norris et al., 2008).




Table 1. Stakeholders in disaster response (Shafique and Warren, 2016)

Stakeholders Primary function Information needs [Direct use of RS data
Affected First responders before Extent and impact v
community, external support arrives, of disaster event
volunteer groups [identifying immediate needs |Aid distribution v
Coordinating response Damage 4
activities, supporting needs [assessments
Government assessment, allocation of Impacted v
organisations resources, and information population
dissemination to the affected R asources needed x
population
Offering support with relief [Needs assessment v
operations like medical aid, [Coordination points x
NGO shelter, food etc., facilitating | ith other
participation of the authorities
community
Providing resources and Resource x
Private expertise, supporting relief  Jrequirements
organisations operations through CSR
activities
Donors Providing financial support |Financial needs and x
budget
[Academia Providing policy [Access to data and 4

recommendations based on [information for

analysis and research analysis

From Table 1, it can be seen that the use of different remote sensing (RS) data are vital in understanding
and supporting post-disaster activities concerning response and recovery. Their properties, such as
multispectral information from optical imagery, all-weather and day and night imaging by SAR, the high
point-cloud density of LIDAR and the flexibility of UAVs to be flown at a desired altitude with any sensor
over the area of interest, make RS data a valuable source for facilitating post-disaster decision making.
Recent studies have also emphasized the application of various supervised and unsupervised machine
learning techniques, particularly when dealing with extensive datasets that focus on improving
methodologies and providing new approaches in addition to integrating multiple high-resolution remote
sensing data.

Supervised machine learning models include algorithms like random forest (RF), extreme gradient boosting
(XGBoost) and support vector machine (SVM) are often used for classification tasks. These algorithms
depend on a labelled dataset for training followed by using the learnt information to map new instances
(Alloghani et al., 2020). On the other hand, unsupervised algorithms like autoencoders, and generative
adversarial networks (GAN) learn data based on pattern recognition and show the most utility in cases
where a labelled dataset is absent or to create a labelled dataset which is further used in a supervised learning
task (Hofmann, 2001). The selection of the machine learning method depends largely on the scope and
requirement of the study, for example, Chen et al. (2022) in their research on identifying building cracks
highlighted the absence of annotated point cloud and the time-consuming nature of creating labelled
datasets made them opt for unsupervised learning method for their research. Whereas Virtriana et al. (2023)
used the random forest algorithm for damage classification because of its ability to handle large datasets,
stability against outliers and parallel processing.



A common observation across multiple studies indicates that some use remote sensing data predominantly

for direct physical assessments, such as quantifying building damages (Liu et al., 2022; Valentijn et al., 2020).

While some use it to analyse processes indirectly, such as monitoring land cover and land use (LCLU)

changes for recovery (Ghaffarian and Kerle, 2019). The latter shows that even though direct information

on certain processes might not be available, the more subtle or indirectly observable features can be used

as proxy indicators to gain insights into vatious processes (Table 2). These features refer to the

characteristics or attributes that can be extracted from remote sensing data that highlight specific activity

or changes in the scene (Salau and Jain, 2019). Table 2 shows that spectral and texture features have been

largely used to identify damaged buildings/areas by studying the changes and irregularities and, measuring

the number of reconstructed buildings to assess progress in recovery are some examples of the use of such
proxy indicators (Ghaffarian et al., 2018).

Table 2. Features with remote sensing data requirement.

Activity RS indicators Features RS data References
Geometry | Texture | Spectral | Land | requirement
metric use/
cover
Damage Building 4 4 4 Primary (Adriano et
detection deformation damages: Bi- | al., 2019;
Damages temporal pre- | Tong et al.,
(Tableg3: Structural /build Y andl;ost—p 2012g)
scale) can be ng damages event images
observed Road/urban v 4 4 4 Secondary (Havivi et
immediately | areas /vegetation damages: al., 2022,
after the multi- Izadi et al,,
primary and temporal 2017)
secondary Damage extent v v V' | post-event (Olorunfem
events images. ietal,
2020; Stone
and
Mohamme
d, 2017)
Response | Construction of v v Hypet- (Omarzadeh
Begins temporary temporal et al., 2021)
immediately | shelters post-event
after the Debrtis removal 4 4 images (Khodaverdi
disaster (frequent- zahraee et
event and daily or al., 2020)
can be Demolition of v v weekly) (Pirrone et
observed collapsed al,, 2020)
for several structures
days, weeks | Population v v (Braun et
or months displacement al,, 2019)
Power outage v Pre and post- | (Roman et
multi- al., 2019)
temporal
images




Table 3. Damage scale (adopted from Copernicus EMS classes)

Damage scale Description

Minor Slight damages such as gaps on the roof surface

Major Substantial changes such as partial roof or wall collapse
Complete Destruction such as the collapse of building(s)

Geometric features in RS correspond to shapes focusing on lines and edges (Salau et al., 2019) while spectral
features are extracted by combining different bands to retain the most significant feature (Kumar et al.,
2020). Land cover refers to the physical and biological attributes of the earth’s surface such as soil and
vegetation types, water bodies etc. and the ways in which human activities have made use of the land is
referred to as land use (Liping et al., 2018). Texture features are extracted from the spatial arrangement of
pixel values in an image and are more commonly used compared to other features because they do not
require image segmentation beforehand (Kupidura, 2019). Table 2 provides examples of studies in which
these features have been used to support post-disaster response assessments focusing on specific activities.
Due to the exploratory nature of this research coupled with the properties of data being used, the study

primarily concentrates on texture features (explained further in section 2.3.4).

While the several remote sensing data sources with evolving analysis methodologies have made it possible
to capture post-disaster details at different levels, many reasons make such sources suboptimal for
monitoring the immediate response activities. For example, response activities like demolition of damaged
structures, clean-up of debris, and transition of shelters (temporary to semi-permanent) remain
undocumented due to the unavailability of frequent data for the area of interest. Moreover, the cost of such
high-resolution data is high (Appendix 1), making it an expensive exercise to cover and monitor the entire

impacted region regularly.

Additionally, current research in the realm of post-event damage (Wu et al., 2021) and response assessment
(Antoniou et al., 2020) using remote sensing data focuses mostly on urban or densely populated areas.
Vulnerable communities residing in remote, peripheral, and rural locations who are disproportionately
affected due to their social and economic vulnerabilities get less attention due to their geographic isolation
(Metzger et al., 2014). One of the other contributing factors to this oversight in research is the absence of
a comprehensive multi-temporal dataset (both pre- and post-disaster) for such regions (Figure 3).

In conclusion, the limited spatial coverage and low temporal resolution of currently used datasets often
overlook other affected areas and hinder the ability to capture immediate post-disaster changes.

1.2. Research motivation

In recent years, the PlanetScope (PS) constellation of 130 satellites covering approximately 200 million km?
every day (Frazier et al., 2021) has gained considerable interest from researchers, particularly in monitoring
frequent changes in any area of interest. PS provides low-cost, high resolution (3 — 4 m) at nadir, 4 and 8-
band imagery with three products - basic scene, ortho scene and ortho tile. Except for the former, the ortho
products are orthorectified with additional post-processing applied, making them almost analysis-ready.

In the domain of disaster management, the potential of PS has been studied for hazard mapping, monitoring
and detecting changes, such as land use/land cover changes (Filho et al., 2023; Wang et al., 2022), wildfire
damage assessment (Chung et al., 2020), flood mapping (Leach et al., 2022), extracting building inventory
information (Kaplan and Kaplan, 2020), integration with very-high resolution data for building damage
detection (Fu et al., 2022) and damage assessment using spatial autocorrelation (Blanco, 2022). Despite its
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versatility, PS’s utility in understanding the post-disaster response phase remains underexplored.

Undertaking research focusing on very detailed assessment and monitoring with PS data alone may pose
challenges due to its spatial resolution of 3-4 meters (Figure 2), in addition to reduced utility during
unfavourable atmospheric or cloud conditions (Figure 7).

05 May 2023 11 February 2023 18 February 2023

Figure 2. Comparing satellite data: SPOT (left), WorldView (centre), PlanetScope (right)

However, its high temporal resolution (near daily revisit time) and large coverage offer opportunities to
explore large-scale damage and response assessment covering inaccessible or hard-to-reach locations that
may further help address the oversight of remote communities (Figure 3).
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This research aims to assess the extent to which PlanetScope (PS) data can be used to support post-disaster
damage and response assessment. The Tirkiye — Syria 2023 7.8 magnitude earthquake was selected as the
case study, which occurred on 6™ February. This study utilises hyper-temporal PlanetScope and available
multi-temporal WorldView and Pleiades images from the event. The research will compare the availability
of data and information from PlanetScope with additional higher-resolution images to understand how PS

presents additional and complementary potential to support post-disaster damage and response assessment.

1.3. Objectives and research questions

1.3.1.  Main objective

To analyse the suitability of PlanetScope (PS) in identifying post-disaster damages, and response activities
using texture-based feature extraction and supervised machine learning algorithm for classification for the

case study of 2023 Ttrkiye - Syria earthquake struck regions.

1.3.1.1. Sub objectives and research questions
1. To investigate the utility of PlanetScope in detecting post-disaster damage.
e Can PS be used to undertake damage detection in both densely and sparsely populated
regions?
e Can the identified damage by PS be quantified?
e How well does the generalizability of the damage detection model trained and tested on
data from Tirkiye extend to detecting damage in Syria?
ii.  To investigate the utility of PlanetScope in detecting post-disaster response activities.
e For which response activities can PS be used to monitor in both densely and sparsely
populated regions?
e Can the identified activities by PS be quantified?
fii.  To determine the synergetic potential of PS with available higher resolution satellite images to
increase the comprehensiveness of change detection using data integration technique.
e How can higher-resolution data be integrated with PS?
e How does the incorporation impact the comprehensiveness of damage and response

assessment?

1.4. Thesis structure

The chapters of this thesis are organized as follows:

= Chapter 2 offers a comprehensive literature review focusing on the post-disaster response phase.
It details the use of remote sensing data to support this phase, with further emphasis on the
application of PS data for the same.

®  Chapter 3 describes the study areas and data used in this research.

®  Chapter 4 outlines the methodology employed to address the research questions.

®  Chapter 5 presents the results obtained in each step of this research for the sub-objectives.

= Chapter 6 provides a detailed discussion of the results and their implications in the context of the
research questions.

=  Chapter 7 highlights the identified limitations, offers recommendation for future work, and
includes the concluding remarks.



2.  LITERATURE REVIEW

This chapter provides a comprehensive literature review, building upon the themes introduced in the
previous section. It covers the definition of post-disaster response, highlighting its importance and the
challenges faced. This is followed by understanding the use of remote sensing data to support damage
detection and response assessment and exploring the spatial coverage of existing studies. This chapter also
describes the trade-off between spatial and temporal resolution of higher spatial resolution datasets.
Followed by ways of integrating different datasets in remote sensing studies, the focus is placed on the
extraction of features from satellite data, particularly texture feature extraction. Finally, the chapter explores
the application of PlanetScope satellite data in damage detection and response assessment, focusing on its
capabilities and limitations.

2.1 Understanding post-disaster response

2.11.  Definition

Disaster response refers to the actions taken immediately after an event (Figure 4) to save lives, reduce the
impact of the event, ensure safety and meet the needs of the impacted population (Tomaszewski et al.,
2015). It is an important and challenging phase that focuses on both immediate (relief) and medium-term
response continuing for several days or weeks. Immediate response activities include saving lives and
providing basic necessities (like food, clothing and shelter) to the affected population (Todd et al., 2011).
The medium-term response phase entails ensuring public safety, clean-up operations, assessment of
damage, needs assessment, restoration of essential services and communication of relevant public
information (Cumbane et al., 2019; National Research Council, 2006). These activities from the response
phase also impact the process of recovery, highlighting the importance of their adequate implementation
(FEMA, 2016).

Figure 4. The Disaster Management Cycle (Bosher et al., 2021)

2.1.2.  Challenges

Based on the location, type, severity and timing of a disaster event, the challenges encountered during the
response phase also vary. Oden et al., (2012) identified challenges related to coordination between actors
collaborating to undertake the relief operations, curating and disseminating timely information and access
to resources and/or information for impacted populations as the main recutring challenges during this
phase. Moshtari et al. (2021) studied the relief operations from the 2017 Iran-Iraq earthquake to also find
similar challenges in addition to pointing out the reasons behind them. These include complexity in the




needs of impacted communities, short time for implementation, limited resources and funding, disruption

to infrastructure hindering accessibility and limited capacity of responding authorities.

2.2. Importance of post-disaster damage and response assessment

After a disaster event, it is important to understand the impact of the event and the needs of the community
to determine the steps and priorities for response activities. Disaster response assessment provides
information on the impact of the disaster on the community, infrastructure and environment helping the
stakeholders align their efforts and resources efficiently (Rogova et al., 2000).

Additionally, coordinating and managing the response activities is challenging as the severity and frequency
of hazards increase, demanding attention for a proportionally large population. With limited resources,
capacities of the responding authorities, short response time and changing dynamics of the post-disaster
scenario (Ye et al., 2020), post-disaster response assessment helps to understand the speed and reach of
relief operations. Additionally, it also helps to assess the level of coordination among the responding

organisations in addition to identifying the gaps to further support preparedness for future events.

2.3. Remote sensing-based methods for post-disaster damage and response assessment

The use of remote sensing to support the different phases of disaster management has become a commonly
used approach largely due to the availability of a diverse dataset. The analysis undertaken by academicians
and decision-makers using such data has proven to support the different phases of disaster management
(Boccardo et al,, 2015). For example, rapid damage assessments provided during the emergency response
phase by actors like Copernicus EMS, and UNOSAT use very-high-resolution satellite imagery covering
the affected area (Cotrufo et al., 2018). Such assessments use change detection to often calculate variations
in the features extracted (Table 1) from two or more single or multi-source images (before and after the
event). Once the changes are calculated, a threshold is set, or a pattern is identified that corresponds to
meaningful changes. This approach has been used in multiple studies (Table 4), for example, Adriano et al.,
(2019), Syifa et al., (2019) and Virtriana et al.,, (2023) used multi-source spectral features for damage
mapping. Gibson et al., (2023) compared fire extent and severity mapping of Sentinel 1 (radar) and Sentinel
2 (optical) along with GLCM texture metric and found that texture indices increased the performance of
classification for both the sensors. Khodaverdizahraee et al., (2020) developed an automated method to
detect damage and remove debris from changes in texture and spectral measures of very high-resolution
satellite images, where the differences from pre- and post-event images were used as input for classification.

Table 4. RS data supporting post-disaster assessments.

Purpose Features RS data Ancillary data Machine Reference
learning
Fire extent Texture Sentinel 1 and 2 | Precipitation data | SVM (Gibson et al.,
mapping (10 meters 2023)
resolution)
Damaged Spectral, Landsat-8, Field data Artificial (Omarzadeh
assessment (large- | texture and | Sentinel-2 and (photographs) Neural et al., 2021;
scale) shape WotldView-2 and reference Networks Syifa et al.,
(panchromatic map from (ANN), SVM | 2019)
and UNITAR for and Semi-
multispectral) validation automated
(OBIA)




Building damage | Spectral SAR scenes Optical Sentinel-2 | Random (Adtiano et
assessment (intensity, from ALOS-2 and PlanetScope | Forest, al,, 2019;
coherence) PALSAR-2, sensors, Convolution | Valentijn et
and Sentinel-1, OpenStreetMap Neural al., 2020;
geometty WorldView 11 (OSM) building Networks Virtriana et
(DEM) data, Copernicus | (CNN) al., 2023)
EMS damaged
labels, xDB data
Debris removal Texture, QuickBird Built-up data, Genetic (Izadi et al.,
spectral panchromatic building damage | Algorithm 2017,
(brightness), | and 8-band survey (GA), ANN, Khodaverdiza
shape multispectral SVM hraee et al,,
(1.2 meters and 2020;
0.8 meters Sonobe,
respectively), 2020)
WorldView 11

2.3.1.  Spatial coverage

Although post-disaster response assessments and studies undertaken using the various high-resolution
remote sensing data provide detailed information, they often concentrate on specific locations generally
due to their limited spatial coverage. This is particularly true when the focus is on settlements or inhabited
areas. For instance, studies by Aimaiti et al., (2022), Deng et al., (2022) and Xie et al., (2022) only used
images from urban locations to test the damage assessment methods or classification results. Similarly, the
rapid assessment done by emergency management organisations also uses these high-resolution datasets to
perform damage assessments while only being able to do it for the requested locations depending on the
availability of images (Spasenovic et al., 2019), often focusing on densely populated areas while covering
regions surrounding those areas (Figure 3). The social and economic vulnerabilities of communities residing
in remote locations are worsened due to the impact of catastrophic events. The Global Natural Disaster
Assessment Reports of 2020 and 2022 also highlight that rural locations have over 80% of annual casualties
due to disasters and recognize the need to reduce their physical exposure to these disasters (IFRC et al.,
2021; UNDRR, 2022). One of the main reasons behind this is the limited availability of information which
gives rise to several challenges like reduced rescue operations efficiency, ineffective resource allocation and
response management efforts (Yang et al., 2024) in remote locations. This highlights the importance of
adequate coverage and focus on such settlements and communities, particularly during emergencies.

2.3.2. Temporal resolution

The development and progress in remote sensing systems have enabled the undertaking of desired tasks at
different spatial and temporal scales. However, a trade-off generally exists between the spatial and temporal
resolution, where fine spatial resolution datasets have relatively coarse temporal resolution that can limit
their usage in monitoring frequent and rapid changes (Hosseiny et al., 2022). For example, Szpakowski et
al. (2019) in their research covering fire risk mapping highlighted that satellites like Sentinel-2 perform well
in detecting fires, but their lower temporal resolution makes them less ideal for monitoring the active fires.
Frequent mapping to capture rapidly changing conditions (such as active fires) usually uses moderate (5-30
meters) to lower (over 30 meters) spatial resolution datasets that have higher temporal resolution. However,
for the response activities mentioned in Table 2, effective monitoring at any desired location requires high
(1-5 meters) and/or very-high (less than 1 meter) spatial resolution datasets having high temporal resolution
as well (SatSummit, 2015). Very-high-resolution datasets such as WorldView, and Pleiades technically meet
the technical requirements however their limited and inconsistent coverage (Annex 1 and Figure 3) does

not support monitoring the dynamic changes that require frequent images of the area of interest.



2.3.3. Data integration

Remote sensing studies often combine multiple data types to get a more comprehensive understanding of
the activity in focus. This is observed across all the fields (environmental, urban, disaster etc.) where the
interaction of multiple components necessitates the use of different datasets. For instance, Cerbelaud et al.,
(2021) undertook flood damage detection using high-resolution satellite data with ground truth, contextual
information, digital elevation model and land use information as ancillary data. Vizzari (2022) also integrated
higher spatial resolution satellite images with Sentinel data to improve the accuracy of object-based image
classification. Table 4 also provides several examples where the integration of additional datasets such as
building footprints, precipitation data, field surveys, higher resolution satellite images etc. have supported
remote sensing analysis. Such datasets complement the spatial analysis from satellite images to provide

more comprehensible insights and structured information.

On the other hand, the integration of additional datasets also presents limitations and requires additional
computational efforts due to scale differences, completeness of information, varying data quality and so on.
For instance, the accuracy and completeness of building footprints made manually or by automation like
that in OSM are different from the ones generated by yet another automatic method or algorithm by a
different source (Gevaert et al., 2024) (Figure 10). Such a case requires manual checks for completeness
followed by transformations to align the digital footprints with actual building footprints. There are also
cases where the integration of satellite images of varying scales requires resampling to harmonize them, as
was done by Vizzari (2022). Hence, such data integration cases require additional computations and cross-

checks to ensure compatibility to utilize their collective functionality.

2.3.4. Feature extraction

Feature extraction is used to represent information by retrieving the unique attributes from a given or
acquired dataset (Salau et al., 2019). In the field of remote sensing, it is one of the important steps preceded
by image classification. Feature extraction is particularly useful when spectral information alone is not
sufficient to support the task (Kumar et al., 2020) or high-dimensional data requires reduction (Li et al.,
2022). Several studies illustrate the use of different feature extraction methods, such as local binary patterns
for feature extraction to detect slum areas in pre-, immediately after and post-disaster events (Ghaffarian
and Emtehani, 2021), recurrent neural networks (RNN) for extracting spatial and temporal information for
land use classification (Xu et al., 2021) and convolution neural network (CNN) for extracting road features
from satellite images (Abdollahi et al., 2020).

While features based on deep learning approaches like CNN have proven to be more effective than
conventional approaches (Vetrivel et al., 2018), this research used Gray-Level Co-Occurrence Matrix
(GLCM) for texture feature extraction coupled with a supervised machine learning algorithm for
classification purposes. This was done because of limited data and better interpretability of features
extracted from GLCM compared to those from CNN which require additional analysis to understand the
learned features (Hosseiny et al., 2022). This supports the goal of this exploratory research, gaining insights
into PlanetScope data characteristics which can be achieved through easily interpretable features.

Texture analysis has been widely used in the field of remote sensing as its features can provide important
information based on the relationship between pixel values in an image. It has been used to support post-
disaster assessments such as small (Wei et al., 2020) to large (Lubin et al., 2019) scale damage detection,
mapping the extent of the disasters (Gibson et al.,, 2023; Wei et al., 2020) and monitoring recovery
(Ghaffarian and Kerle, 2019; Quan et al., 2020). These studies show that varying texture features have
proven to help provide a quantified measure of the changes and describe them by exploring the spatial
distribution within the desired area (Zhang et al., 2017). There are multiple methods for texture analysis
(Figure 5), however, the GLCM is one of the most recurring methods across several studies in addition to



giving relatively better outcomes compared to other methods. For example, Kupidura (2019) compared the
land use/cover classification petrformance of GLCM (using high-resolution WotldView and Pleiades
images) with two other methods, namely Laplace filters and Granulometric analysis and found that GLCM
was effective in enhancing the classification. Although GLCM texture measures have high dimensionality
(Belgiu & Drigut, 2016), meaning each data point in the sample set (such as buildings) includes 8 texture
variables, they have demonstrated good performance with respect to the computation time and complexity
(Heurtier, 2019). Furthermore, with the rise of utilizing machine learning algorithms in the field of remote
sensing, large datasets are efficiently handled, thereby mitigating issues related to high-dimensional data
handling (Maxwell et al., 2018).

Gray level co-occurrence matrix
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Gray difference matrix method

Spatial filtering enhancement
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Figure 5. Texture analysis methods (Liu et al., 2021)

GLCM has the following texture measures:
Table 5. Texture measures in GLCM (Hall-Beyer, 2017)

Measure name Calculation formula
Homogeneity Nzl ( Pij )
L\ + (-2
i,j=0
Contrast IS
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In the equations from Table 5, i and j Digital Number (DN) values are labels of the columns and rows
(respectively) of the GLCM. Pj; are the probability values within the window for the adjacent pixels. p is
the mean and o the standard deviation.



For GLCM analysis, a window size is selected and used on small sub-regions of the image to analyze the
texture. The size is selected based on the spatial resolution of the image and the scale of the texture to be
analyzed (Hall-Beyer, 2017). This is followed by deciding the direction and distance in which the
relationship between pixels is to be examined. Based on these, the different combination of pixel values is
calculated within the window and measures like contrast, dissimilarity, homogeneity, energy etc. are
calculated, which provide a quantitative measure of texture. Table 4 shows that multiple studies use texture-
based analysis in the field of post-disaster response, majotly to classify damaged buildings and the debris
removal process. For instance, the study by Liu et al., (2023) found that homogeneity, energy, and entropy
can be used to effectively distinguish collapsed buildings from non-collapsed ones compared to other
texture methods like Local Binary Pattern (LBP), Gabour feature etc. Using the dissimilarity measure from
GLCM, Sonobe (2020) also mapped collapsed buildings along with locations of debris removal to
understand recovery from the 2016 Kumamoto earthquakes that occurred in Japan.

2.3.5.  PlanetScope for post-disaster damage and response assessment

With its high temporal and spatial resolution, PlanetScope offers significant potential to support post-
disaster damage mapping within a day if the weather conditions are favourable (Adriano et al., 2021). Several
studies have successfully used PlanetScope images to perform large-scale damage assessments. For example,
Cho et al., (2023) and Hamilton et al., (2023) demonstrated the usefulness of mapping large fires and Blanco
(2022) developed an index based on spatial autocorrelation to measure the degree of damage using PS
images for Typhoon Rai/Odette (2021) which hit the southern patts of the Philippines. Some studies have
also focused on combining PlanetScope with various other remote sensing data sources, leveraging the
most useful features of each. For example, Fotiou et al., (2023) used PlanetScope (optical) with Sentinel 1
and 2 (SAR) for impact assessment by understanding co-seismic change and ground subsidence along faults
respectively. They found that such a methodology facilitates monitoring of seismic activities thereby
improving preparedness and reducing potential risks associated with such events. Kussul et al., (2024) also
studied the capability of PlanetScope in identifying artillery craters post-war in agricultural fields and
successfully identified the ones with sizes greater than 50 m? in addition to tracking the development of the

identified craters over time because of PlanetScope’s high temporal resolution.

Given the high spatial and temporal resolution and large spatial coverage, existing studies only cover damage
assessments with PlanetScope. Post-disaster response phase consists of several other dynamic activities that
can be directly or indirectly observed from satellite images such as debris removal, temporary shelter
evolution and restoration of infrastructure like road networks. PlanetScope’s capability in detecting and

monitoring such activities remains largely underexplored.

However, some properties of PlanetScope also pose a challenge to their efficient use as highlighted by Roy
et al., (2021) such as the difference between consecutive overpasses varies due to different sensor orbits
(Figure 8) and seasonal altitude changes, unavailability of images due to high cloud cover or featureless
terrain, different acquisition angles by different sensors and more pronounced shadows by objects like trees
or buildings if the image is acquired earlier in the day when the sun is lower in the sky. Several studies have
also supported the presence of pixel-based radiometric inconsistencies (Francini et al., 2020), illumination
differences between images from different dates (Blanco, 2022), limitations in its geometric accuracies
(Schaeffer et al., 2022) and inconsistency in revisit time that impact the accuracy of models used for change
analysis (Wang et al., 2022). Figure 7 also illustrates these differences for one of the areas being focused on
in this research.

Considering PlanetScope’s advantages like high temporal resolution and spatial coverage alongside the
limitations mentioned and illustrated above, it becomes imperative to evaluate its utility in supporting post-

disaster response assessment.
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3.  STUDY AREA AND DATASET

Following the review of the literature, this chapter focuses on the context of the Tiirkiye-Syria earthquakes
that occurred in February 2023, which is selected as the case study for the research. This section outlines

the study area and lists the datasets used, primarily consisting of satellite images.

3.1 Study area

Tirkiye is a transcontinental country, situated partly in Asia and BEurope. Due to its location and
geomorphological structure, Tirkiye is prone to natural hazards such as earthquakes, landslides, floods and
wildfires. Most of the country is located at the intersection of three tectonic plates, the Eurasian, African
and Arabian (Figure 6) making it highly susceptible to earthquakes. Alpytirir et al., (2022) utilized data from
the Kandilli Observatory and Earthquake Research Institute of Bogazici University and found that 23
earthquakes of magnitude more than 6 occurred in the southwestern part of the country alone from 1900
to 2020.

On 6% February 2023, south-eastern Tirkiye and northern Syria were hit by 7.8 and 7.5 magnitude
carthquakes (also known as Kahramanmaras earthquakes) on the same day. Major aftershocks followed the
carthquake, such as the 6.4 magnitude on 20% February and another 5.8 magnitude in the region, amounting
to a total of 14,107 aftershocks as of March 5, 2023 (Kelani et al., 2024). The provinces of Kahramanmaras,
Hatay, Gaziantep and Adiyaman were most affected in Tiirkiye in addition to Idlib, Aleppo and the coastal
regions of Latakia and Tartus from Syria. According to a recovery and reconstruction assessment report by
the Turkish Government, total fatalities (as of the end of March) were close to 48,000 with 3.3 million
displaced people and approximately 2 million living in tent camps and container settlements (Government
of Ttrkiye, 2023).

L Earthquake magnitude “ Tectonic plate boundaries
f:, :5 | Turkey administrative boundaries
E moes Epicenters
N - 7 Area of interest
p mm7s =
- I I Location to test generalizability
No.  Areaofinterest Activity in focus Settlement
1 Kahramanmaras Damage, debris, Dense
temporary shelters
2 Turkoglu Temporary shelters Sparse
3 Nurdagi Temporary shelters Sparse
4 Sakcagozu Temporary shelters, Sparse
damage, debris
5 Islahiye Damage. debris Dense
6 Antakya Damage. debris, Dense
temporary shelters
7 Jindires Damage Dense

Figure 6. Studyrarea
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In the region where the earthquakes occurred are also some provinces that have a below-average income
of Tirkiye, in addition to more than a million Syrian refugees (approximately 50% of the total Syrian refugee
population in Turkiye) (The World Bank and GFDRR, 2023). This research will focus on such border
provinces (densely and sparsely populated) close to the earthquake epicentre from Ttrkiye, specifically
Kahramanmaras (AOI 1), Turkoglu (AOI 2), Nurdagi (AOI 3), Sakcagozu (AOI 4), Islahiye (AOI 5) and
Antakya (AOI 6) which will be referred to as the area of interest (AOI) in this research (Figure 6). While
the focus should also be on the regions affected by the earthquake in Sytia amid pre-existing war/conflict,
due to the limited availability of higher resolution images and required spatial information to support
processes like labelling, only regions of Tiirkiye have been used in this research. These study locations were
selected based on the availability of corresponding higher-resolution satellite images (WorldView and
Pleiades) and damage assessments (Copernicus EMS and/or UNOSAT). Jindires (Aleppo) from Syria (AOI
7) was selected to check the generalisation of the damage detection model trained and tested on data from
Ttrkiye. This location was chosen due to the availability of damage assessment (used for validation) by
UNOSAT.

3.2,

The main data used in this research were PlanetScope satellite images. They were acquired through Planet

Data used

Lab’s Education and Research Program, which allows limited, non-commercial access of up to 5,000 km?
of data monthly for one year. Higher-resolution satellite images were also used to support the analysis-
WorldView and Pleiades. The WorldView images were acquired through Maxar’s Open Data Program,
which provides free access to available before and after-event satellite images. The Pleiades images were
acquired through Airbus’s Education and Research Programme. Through this programme, accepted
student projects get access to 100 km? of data. In Table 6, an overview of the data files, their sources,
ownership, restrictions or licence, form and formats is provided. Satellite images available for February and
carly March 2023 from the sources mentioned in the table below were used in this research. Refer to
Appendix 1 for information on spatial and temporal resolution of the image sources.

Table 6. Secondary data used

Dataset Owner of data No. of Restrictions and Data form | Format
images | licence

PlanetScope Planet (2023) 86 Yes, limited access via Raster GeoTiff
Satellite images education and research

access
WortldView MAXAR (2023) 09 Yes, limited access via Raster GeoTiff
Satellite images open humanitarian data

access
Pleiades Satellite | Airbus (2023) 06 Yes, limited access via Raster GeoTiff
images the student account
Copernicus EMS | Copernicus EMS, | NA No restrictions, open Vector and | Shapefile,
and Microsoft’s Microsoft Al for reports text
Damage Good (2023)
assessments
Built-up, land use | OSM (2023) NA No restrictions, open Vector Shapetile
land cover from
AOI




The main dataset for this study consists of PlanetScope images, Table 7 shows the number of images
acquired for the different locations. The locations were selected based on the post-disaster activities in
focus, the availability of higher-resolution WorldView images and existing damage assessments from the
selected locations. The research utilized available WorldView images from the locations mentioned in Table
7 and available Pleiades images from Hatay (1 image) and Nurdagi (3 images).

Table 7. PlanetScope images from ateas of interest

WorldView Month and date ranges (PS)
. Area Total
Country | AOI 1rnage . covered PS February March images
availability (k) 01- [ 06- [ 14- [ 20- [ 01- [ 08- |~ pg)
(post-event®) 05 | 13 | 20 | 28 | 07 | 14
Kahramanmaras | 1 37.7 1 3 3 5 1 2 15
1, incomplete
Hatay coverage duc 163.5 1| 4 | 4| 3| 3|1 16
to missing
image
Islahiye 2 20 1 3 2 5 1 1 13
Turkiye 2, incomplete
Nurdagi coverage due 10 1 4 5 4 1 3 18
to cloud cover
Sakcagoz NA 6 1 3 3 4 1 2 14
1, incomplete
Turkoglu coverage due 10 1 1 4 3 0 1 10
to cloud cover
Syria Jindires NA 7 1 1 - - - - 2
Total images 88

* No pre-event WorldView images available from AOIs. All post-event images are either from 7t or 8t February
(immediately after the earthquake).

In summary, this chapter shows that the majority of study regions were selected from Ttrkiye, with one
region from Syria due to the limited availability of ground truth and corresponding higher-resolution
satellite images. This case study also illustrates the application of previously discussed data integration and
sheds light on the challenges of conducting damage detection and response assessments in areas with
limited data access.

Ethical consideration

This research focused on non-human subjects observed in satellite images, ensuring that no direct sensitive
or private information related to any individuals was retrieved or shared. The primary aim was to assess
PlanetScope's capability in supporting post-disaster response and damage assessment, strictly utilizing only
the necessary images for analysis. The study followed the ethical standards by ensuring no data fabrication
occurred and that all inferences drawn were justified.

The following section will detail the methodology employed for this study.



4. METHODOLOGY

Following a brief introduction of the study area and the data being used in this research, this section explains
the methodology employed to address the research questions. This includes pre-processing steps, labelling
approaches for damage, debris and temporary shelters, texture feature extraction with supervised machine

learning for classification and how higher resolution data was integrated with PS in this research.

4.1. Data preparation

4.1.1.  Pre-processing satellite images

For this research, PS images with a cloud cover of less than 15 % for the selected areas of interest were
downloaded using the interface provided under the program. The PS images are deemed analysis-ready as
they have already undergone atmospheric, radiometric, and geometric corrections. However, further
radiometric normalization and geometric corrections were performed to reduce the differences observed
due to misalignment and illumination differences between images from different timestamps of the same

scene (Figure 7).

Radiometric normalization is used to remove the effects caused due to different sensors (Figure 8 a), sun
illumination and atmospheric conditions (Figure 8 b) to make a comparison of multi or hyper-temporal

images better (Santra et al., 2019).
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Figure 7. Geometric inconsistencies between PlanetScope images from Antakya (AOI 6) captured on the 20d
and 8% of February 2023.
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Figure 8. Radiometric inconsistencies between PlanetScope images from Antakya (AOI 6) captured on the 20d
and 8t of February 2023.

The acquired images were radiometrically normalized (relative) through histogram matching. The pixel
values for the input images were adjusted to match the histogram of the pixel values of a reference image
to achieve a similar radiometric appearance. Further, geometric correction was performed to ensure better
alighment of the images from the same scene. This was done using ERDAS Imagine software, where
ground control points (GCP) are generated by identifying stable features in the scene such as road
intersections. The software also provides an option to generate the GCPs automatically. While using this
approach, it was ensured that only the GCPs with the least error (less than 0.4) were selected. These points
were used to improve the alighment of the images from each area of interest.

4.1.2. Labelling
Supervised machine learning was used for classification which required a labelled dataset. Due to the
absence of a pre-existing labelled dataset, labelling was first done manually based on direct observations
from PS images. Higher-resolution images were used later to confirm damaged buildings and response
activities being studied in this research: evolution of temporary shelters (the presence of temporary shelters)
and debris (debris collection sites), which are discussed in detail in section 4.7. Additionally, damage
assessments for the event done by Copernicus EMS and Microsoft were also used to support the task in
situations where the reliability of WorldView images was limited due to reasons like spatial coverage, cloud
obstruction and the presence of other artefacts within the images. Labelling was done for the following-

* Damage - binary classification with ‘observable damaged’ and ‘no observable damage’ labels

(Figures 9 a and b).
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*  Debris - multiclass with ‘present’, ‘absent’ (Figures 9 a and b) and ‘debris disposal locations’ (Figure
9 ¢) labels.

=  Temporary shelters (Figure 9 d and e)- multiclass with ‘present’, ‘absent’, ‘removed’ (Figure 9 d)
and ‘presence of/transition to semi-permanent settlements’ (Figure 9 ¢) labels.

NA (binary classification)

Pre-event sparsely populated area Post-cvent damage NA (binary classification)

c)
Confirmed presence (Pleiades)
= Ty TR
d)
Pre-event
¢)

Pre-event Post-event presence Post-cvent cxpansion

Figure 9. Examples from AOIs (Ttrkiye) show- (a) observed collapse of buildings and presence of debris in densely
populated areas, (b) observed collapse of buildings and presence of debris in sparsely populated areas, (c) debris
disposal site, (d) presence and removal of temporary shelters and (e) expansion of container settlements.
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Table 8 describes the four types of labelling we explored. For the classification of damage and debris,
building footprints were initially used as labels (Table 8 a). However, for the identification of temporary
shelters, the focus was on areas beyond these footprints. This is because the temporary shelters were built
on available open spaces, which included not only parks and stadiums but also available peripheral zones
surrounding the towns, villages, road roundabouts, farmland and buildings, as can be observed in Figure 9
(d). This distribution posed limitations in quick delineation or segmentation of the image for monitoring
temporary shelters. Therefore, a grid-based approach was adopted where grids representing non-built-up
areas were used for labelling temporary shelters. This grid-based approach was subsequently also applied
to the classification of damage and debris focusing on grids representing built-up areas (explained further
in section 5.1).

This research focused on creating a balanced dataset for the classification of activities. For binary
classification in the case of damage detection, this was done by adjusting the dataset to have an equal
number of samples from both minority (1) and majority (0) classes by under-sampling the majority class
(Verschoor, 2022). For a multi-class dataset, a similar approach was followed where the minority classes
had significantly fewer number of samples than the majority class. The dataset was first adjusted by under-
sampling the majority class to have the same number of samples as the samples of all minority classes
combined. Further, due to classes such as ‘debris collection site” having a lesser number of samples (within
the minority classes), a weighted approach was introduced (Zhou et al., 2023). In this approach, weights
were assigned to each minority class during classification proportional to its class frequency in the dataset
to ensure a balanced representation of all classes.

4.1.2.1. Building Footprint

Figure 10 shows the coverage and completeness of available building footprint data from the selected area
of interest. The information was extracted from OSM and Microsoft Building Footprints. It can be seen
that both footprints do not align with the actual building footprint and OSM footprint has omitted some
buildings. To address the issue of alignhment, an affine transformation was applied on both footprints to
shift them by specifying a distance in the X and Y directions in QGIS (Figure 10). Further, to address the
issue of completeness, only the missing footprints in OSM were merged from the Microsoft building
footprint data to create a complete dataset. OSM was selected as the primary dataset to represent the
building information as it was better aligned to the actual footprint after transformation compared to
Microsoft building footprints.

Legend
OSM footprint
Microsoft footprint

Figure 10. Comparison of building footprints from OSM and Microsoft and transformation overlayed on PS

images
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4.1.2.2. Grid

Table 8 (b and c) shows the grid representing the area of interest that was generated for labelling. During
the labelling process for damage detection, it was noted that a single grid unit can contain parts of several
building footprints. The labelling in this case was done by assigning the labels to each grid based on spatial
correspondence with the labelled building footprint layer in QGIS. The label assigned to it corresponded
to the highest value (1=damaged building) taken from the associated building footprints.

Table 8. Building footprint and grid-based approach used for damage labelling on PS images.

Building PlanetScope images ; e
Labeling unit  footprint Label assigned l[;ggi‘l‘;ty and uncertainty in

used Pre-event Post-event

One label per building,

High difficulty when:
« the building size is small,

@ Bmldu.lg Yes pl‘qvnfied example shows + The damage is not
footprint buildings labelled as . §
. s evident (absence of roof.
damaged .
= presence of debris).
The label of the building,
provided to overlapping Moderate difficulty.
Building grid unit. However, if the Cases of high uncertainty
footorint and Yes grid contains both when grid contains more
(®) |‘id12800 m?) ‘damaged’ and ‘not ‘not damaged’ building(s)
g damaged’ building, it is than ‘damaged’ building(s)
still given the label of (or part of building).
‘damaged’
L High difficulty.
Grid unit with visible Visual inspection of each grid
damage is labelled as unit is subjective and may lead
(¢) Grid (800 m?) No ‘damaged’ and the grid to inconsistencies.
with no visible damage is Distinguishing between
labelled as “not damaged’ damage and other artifacts
(e.g., shadows) is challenging.
Grid unq with visible Moderate difficulty.
damage s labelled as While smaller grid-size may
(d) Grid (500 m?) No ‘damaged’ and the grid & Y

with no visible damage is

labelled as ‘not damaged”

reduce ambiguity, challenges
stated above persist.

This was followed by a visual check and required rectifications to ensure the correct representation of
classes for each grid. The selection of grid size for each area of interest is explained in section 5.1.1. A
similar approach was followed for labelling the response activities- the evolution of temporary shelters and
debris. Grids representing the different classes for each response activity were labelled manually. Higher-
resolution images were also used to validate the presence of response activities.

4.2. Texture feature extraction with Gray-Level Co-Occurance Matrix

Gray-Level Co-Occurrence Matrix (GLCM) was used for texture analysis in this research. GLCM provides
eight texture measures, namely angular second momentum (ASM), contrast, correlation, dissimilarity,
entropy, homogeneity, mean and variance that were calculated for all the PlanetScope images. These texture
measures are calculated in predefined directions for pairs of gray-pixels in the image (Christaki et al., 2022),
as shown in Table 9 using a window size of 3 by 3. A small window size was selected to extract clear and
detailed information because increasing window size results in relatively less sharp and coarser texture
features (Cao et al., 2019). However, Kim et al. (2023) found that the different window sizes do not
significantly impact the change detection performance.



Table 9. GLCM directions (Batista et al., 2010)

Direction Description

©,1) Immediate neighbour below, vertical comparison
1,-1 Immediate diagonal neighbour, bottom-right

1,0 Immediate right neighbour, horizontal comparison
(1,1 Immediate diagonal neighbour, top right

The 8 texture measures (Table 5) were calculated for each image (at least one pre-event and multiple post-
event images) from every area of interest followed by extraction of texture measures for specific activities
in focus- damage, debris removal and temporary shelters in this research. Image differencing was used to
quantify changes in temporal analysis as has been done in various studies such as for identifying urban
development (Luo et al., 2018), collapsed buildings (Erdogan et al., 2019) and landslides (Muhammad et al.,
2022). After calculating the difference of each available consecutive timestamp (Figures 11 and 12), each
texture measure was extracted for each segment (building footprint/grid) followed by the calculation of the
mean for the segments to summarize the texture information for each unit. These values along with their
respective labels for damage, debris and temporary shelters were compiled to create the dataset for
classification through a machine-learning model.

Damage due to primary event

f (Difference) l

Pre-event Post-event
image mage
————-=-== BN @ T Secondary —wSISIEISIN @) FREIPRENS
Pre-event Post-event
image image
& (Difference) & j
Damage due to secondary event
Figure 11. Time for damage detection
| Evolution of temporary shelters >
Primary or Tmage 1 Tmage 2 Image 3 Tmage 4 Image n
secondary <R Y O===== === === Or=====(O=====- >
event (Difference) — (Difference) — (Difference) ~ (Difference)

| Removal of debris >

Figure 12. Timeline for changes in debris and temporary shelters

4.3. Supervised machine learning algorithm: Random Forest

Random forest algorithm was used in this research for classification purposes which randomly selects a
subset of training samples to produce multiple decision trees that form the basis for classification (Belgiu
& Drigut, 2016). Random forest models have been used in multiple studies in the field of post-disaster
assessments to support for example recovery monitoring (Ghaffarian et al., 2020), detection of collapsed
buildings (Ji et al,, 2019) and flood damage assessment (Tavus et al., 2022). The model’s ability to
successfully handle data with high dimensionality, multicollinearity and ability to be less affected by noise
and outliers (Mei et al., 2019), along with providing variable importance (Kupidura, 2019) made it the
preferred model for this research. An additional reason behind selecting the Random Forest model in this
research is because of its ability to handle binary, multiclass, categorical or numerical outputs without
requiring significant modifications to the algorithm.

The data were divided into training and testing sets, with 80% allocated for training and 20 % for testing.
To find the best configuration of the model to maximize its effectiveness, hyperparameter optimization
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through grid search was performed in this research. This involves searching through a subset of data,
evaluating the performance of the different combinations of parameters and selecting the combination that
gives the best performance metrics. Hyperparameter tuning also helps in addressing overfitting or
underfitting (Huang et al., 2023). The parameters used in this research were (Pal, 2005; Shi and Yang, 2016):

e The number of decision trees,

e The maximum depth of the trees,

e The minimum number of samples needed to split a node,

e The minimum number of samples at each leaf,

e The minimum number of features for the best split and,

e Bootstrap to introduce randomness into the model.

The model also checked for the features that contribute most significantly to its performance through
feature selection (Zhang et al., 2017). This was done by analysing the cumulative feature importance based
on a set threshold of 95%. Once this subset of features was selected, the model was trained again on the
filtered dataset by focusing on the most informative features.

4.4. Validation

The model’s performance for classification was checked using the evaluation metric containing accuracy,
precision, recall, F1 score, confusion matrix and the area under the Receiver Operating Characteristic curve
(ROC AUC) (Table 10). These are calculated as follows, where TP, TN, FP and FN refer to true positives,
true negatives, false positives and false negatives respectively:

Table 10. Evaluation metrics and their formulas for classification performance (Shafique et al., 2022)

Evaluation metric Formula

Precision TP / (TP + FP)

Recall TP / (TP + FN)

F1 score 2* (Precision * Recall) / (Precision + Recall)

Accuracy Correct Predictions / Total Predictions = (TP + TN) / (TP + TN + FP + FN)
ROC AUC TP rate = TP / (TP + FN) and FP rate = FP / (FP + TN)

The precision score shows the total true predictions out of all the positive predictions made by the model.
Recall measures the total true predictions out of all the predictions, for example, actual damaged buildings
that were correctly identified by the model. The F1 score is the harmonic mean of precision and recall.
Accuracy measures the number of correctly classified true positives and negatives; it provides an overall
measure of the model’s performance. ROC AUC is another performance measure that plots the TP rate
against the FP rate, where the AUC value ranges from O to 1. A higher AUC value indicates better
performance and should ideally be greater than 0.7 (Yang et al., 2021), annex 2 provides the interpretation
of different ROC AUC values. Confusion matrices were generated to measure the performance of
classification which shows the number of correct and incorrect predictions made per class. The
classification results were also compared with ground truth data using WorldView and Pleiades images to
evaluate the accuracy.

4.5. Quantification

4.5.1. Damage

Kernel Density Estimation (KDE) is a non-parametric method used to derive a continuous surface from
an underlying unknown density function (Shuo et al., 2021). It has been used in several studies to convert



point-based information to grid-based distributions for analysis, such as wildfire occurrence distribution
(Shuo et al., 2021), housing and urban development (Fleming et al., 2017), assessing dynamics at forest
edges (Wang et al., 2020) and identifying road accidents hotspots (Le et al., 2022; Loo et al., 2011; Thakali
et al., 2015).

KDE first overlays a rectangular grid on the area of interest. A kernel is then used to calculate the density
estimate of each grid cell, which is a function of specified shape and width. Equation 1 shows how KDE
is calculated, where f(x, y) is the density estimate at location (x,y), n is the number of samples, h is the search
radius (bandwidth or kernel size), d; is the distance between the location (x,y), and the in, observation (data
point) and K is the kernel function.

Equation 1. Kernel Density Estimation (Kazmi et al., 2022)

o= T4

i=1

In this research, the ‘Heatmap’ tool offered by QGIS was used to calculate the mean and standard deviation
of KDE values to identify and highligcht damage hotpots (based on classification results with feature
selection). KDE generates a raster map, to display the intensity and severity of damage as continuous
surfaces. The level of damage intensity in different regions is then visually represented by using different

colour codes.

Since this research explores a grid-based approach for damage detection, KDE aligns with its methodology
as it also focuses on the visualization of data over defined grid cells. Several studies further highlight the
benefits of adopting KDE. For example, a study by Wang et al. (2024) shows that KDE can handle spatial
heterogeneity by adapting to the changes in density of the data. This makes them suitable for studies
focusing on varying degrees of spatial concentration, as expected from a damage pattern after a disaster
event. Kazmi et al. (2022) using KDE for road accident hotspot identification show its utility in creating
informative and intuitive maps, which can also help identify damage zones in disaster-affected areas of

interest.
4.5.2. Response

4.5.2.1. Temporary Shelters

Although the number of shelters constructed or removed was difficult to quantify with PS images alone
due to their limited spatial resolution, the rate of expansion of the temporary shelters (particularly container
settlements) was analyzed with the hyper-temporal images from Nurdagi (AOI 3). Since the classification
of temporary shelters was also done using the grid-based approach, the number of grids covered by
container settlements were counted from the collected images from successive dates. Using this count and
the area of a grid unit, the cumulative area covered by the shelters along with their rate of expansion was
calculated, which was measured in square meters per day (m2/day). Calculation of settlement growth rates
is common in studies that focus on quantifying and comparing the presence and expansion of informal
settlements (Samper et al., 2020), densification of such settlements (Mudau et al., 2022) and land cover
changes due to refugee settlement expansion (Friedrich et al., 2020).

4.5.2.2. Debris

Various remote sensing data sources can be used to provide information supporting the effective
management of rubble and debris after a disaster-event. Numerous studies have shown this. For example,
Axel et al. (2016) quantified road debris post-disaster using 3D data provided by point cloud lidar systems.



Saffarzadeh et al. (2017) state the reliability of using UAVs for capturing high-resolution images from the
area of interest on desired dates to measure the amount of post-earthquake waste. Pollino et al. (2020)
found the utility of very-high-resolution WorldView satellite images in identifying the distribution of
different seismic rubble and its sensor’s ability to capture the areas from different angles which allows for
monitoring the volume of debris. While such datasets are expensive, which may pose limitations to their
practical utility, these studies highlight the importance of very high-resolution data and its availability for
any area of interest to identify and quantify post-disaster debris. PS images allow monitoring any region at
any time (unless hindered by clouds and other artefacts) due to their high temporal resolution and spatial
coverage, their spatial resolution and image acquisition at-nadir make them unsuitable for debris
quantification tasks. However, KDE as explained in the previous section can also be used to identify the
hotspots of debris in the scene that can help emergency responders to plan and prioritize their cleanup
efforts. Since the KDE analysis for damage and debris produces similar heatmaps, each showing hotspots
of damage and debris respectively, to avoid redundancy, only the quantification of damage is detailed in the

results section.

4.6. Assessing generalizability

Generalizability is defined as the model’s capability to perform well on data that it different from its training
data (Gohil et al., 2024). It helps various users to address different tasks using the same process with similar
features, having variation only in the user-provided training labels (Rolf et al., 2021). Several studies on
change detection focus on the generalization of classification models. For example, Zhu et al. (2022)
validated the generalization performance of their land use land cover change detection model using a larger
dataset to improve the model’s generalization capability. Pyo et al. (2022) focused on enhancing the
generalizability of their forest change detection using open-source satellite images and the U-Net model.
Du et al. (2024) proposed a supervised approach to improve the generalization of change detection models

across different domains.

The complexity arising from the use of different remote sensing data sources, variations in geographies and
spatial arrangement in built-up areas, and the selection of training data can challenge a model’s
generalization ability (Lunga et al., 2021). As highlighted in section 3, due to the limited availability of
ground truth (corresponding higher-resolution images) from Syria, this research focuses on Tirkiye’s
carthquake-affected regions. However, Jindires (Figure 13 a) from Syria was selected to test the
generalization of the damage detection model trained and tested on data from Tirkiye (Figure 13 b and c).



Pre-event Post-event

Figure 13. Visual comparison of the settlement patterns between the selected study areas used to test the
generalization of the damage detection model (a) Jindires in Syria (AOI 7), (b) Antakya (AOI 6) and (c) Sakcagozu
(AOI 4) representing examples of densely and sparsely populated areas respectively from Tirkiye.

The documented post-disaster response to this earthquake event showed that Tirkiye had a better and
stronger response with more international attention (Uwishema, 2023) while Syria, already suffering from
pre-existing conflict, received comparatively less international attention (Patwary et al., 2023). This
difference in coverage was also evident in the satellite images made available for free by Maxar under its
Open Data Program, which majorly covered areas from Turkiye, with only one image covering a region
neighbouring Azaz city in Syria. Assessing the generalizability of the model allows to evaluate the model’s
applicability in a different geographical area beyond the initial study area and check whether the
methodology and model could be directly applied to the neighbouring region also impacted by the
earthquake. This helps to check if the developed methodology and/or model is versatile and can be used
to provide valuable insights in regions with varying levels of satellite coverage, international attention and

general information availability.

4.7. Data integration
The higher resolution WorldView and Pleiades images were integrated at various steps in the research in
ways explained below:
1. Ground truth- - Initially, the labelling was done from direct observations from PS images. Also,
the texture analysis used for the detection of damage, debris and temporary shelters (including
transitions) was done on the PS images only. Separately from the labelling and texture analysis on
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PS, the available higher-resolution images were used to validate and confirm the reliability and
effectiveness of the labelling and texture analysis.

Confirming the presence of activity- As shown in Figure 14, confirming the presence of certain
dynamic activities like debris collection sites or shelters was sometimes difficult with PS images
alone, due to reasons like similar appearance with objects in the vicinity or unclarity due to
resolution. In such cases, available higher-resolution images were used to confirm the presence
for labelling. The available time-series images from PlanetScope were further used to understand
the transition of the identified dynamic activities.

Uncertain I Confirmed presence | Confirmed absence l

Figure 14. Understanding the presence of temporary shelters from (a) PlanetScope and (b) Pleiades image

Data integration- With the limited availability of higher resolution images (maximum two images
from different dates for the AOIs), undertaking a detailed and comprehensive pixel-level
integration for all PS images was not attainable. However, a focused image sharpening test was
conducted to check the feasibility of incorporating higher-resolution Pleiades image with PS
images. Such very high-resolution images are not freely available and for this research were
accessed through Airbus’s education and research programme. A high-pass modulation method
(Li et al., 2020) was followed for sharpening each individual band (red, green and blue) image of
PS with the corresponding individual band image from Pleiades. In this method, the higher-
resolution image (Pleiades) is first down-sampled to match the resolution of PS image. The down-
sampled image is then subtracted from the original higher-resolution image to create a ‘high-pass’
image. This high-pass image is blended with the lower-resolution PlanetScope image by adding it
with a blending or modulation factor (Equation 2). This modulation factor determines the
strength/intensity of information being added from the high-pass image. The
blending/modulating factors of 0.2, 0.5 and 1 were tested. This test was conducted with
PlanetScope and Pleiades images from 01 and 02 March 2023 respectively (approximately a month
after the event) from Nurdagi (AOI 3- sparsely populated area). Pleiades images from 08 and 09
February were also available but were not considered due to high illumination difference and cloud
cover.

The quality assessment of sharpened images was done by comparing the edges of the original and
sharpened images using the Canny algorithm, which is one of the most popular traditional
algorithms for edge detection (Chen et al., 2024). It is simple to understand analytically, commonly
available in different software libraries and computationally efficient (Abraham et al., 2021). The
‘cv2.Canny’ function from the OpenCV library was used which identifies the edges by looking for
areas of rapid intensity change (OpenCV, 2024). The number of edge pixels were calculated using
this method and compared with the original and sharpened images to measure the effect of
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sharpening process. An increase in the number of edges indicates enhanced details (Abraham et
al., 2021).

Equation 2. High-pass modulation method for sharpening PS image using higher-resolution Pleiades image

Original -~ Down sampled = [(High pass image) * modulation factor] + PS image

|'
Pleiades image

In summary, our methodology consists of using GLCM to extract texture features from PS images. Both
building footprint and grid-based approaches were used for the classification of damage, while only the
grid-based approach was used for the classification of response activities in focus. A supervised machine
learning algorithm, Random Forest, was selected for classification purposes. Available higher-resolution
satellite images were also integrated in various ways to illustrate their synergistic potential with PS data to
support the analysis.

The following section presents the key results and key findings of the study.



5. RESULTS

In this chapter, the analysis results for each sub-objective are provided.

Section 5.1 presents the results of damage detection from both densely and sparsely populated areas. It
includes findings from the building footprint approach and explains the rationale for transitioning to the
grid-based approach. The section also shows the change in performance due to this shift. Further, it explains
the process of determining the building size threshold for damage detection, highlighting the challenges in
accurately determining that value. Additionally, the generalizability of the damage detection model, trained
and tested on data from Tirkiye to data from Syria is explained.

Section 5.2 presents the results of response assessment from both densely and sparsely populated areas,
highlighting that response activities were detected with high accuracy in both regions.

Section 5.3 presents the approach and results of integrating Pleiades data with PS, aiming to increase the
comprehensiveness of damage detection and response assessment.

5.1. Damage detection

5.1.1.  Densely populated regions

The building footprints were initially labelled manually from direct observations and each building unit was
used to extract the different texture features (Figure 8 a) from PS multispectral images. The research first
focused on finding one texture feature that would satisfactorily detect damage. However, none of the
texture features individually were able to discriminate the binary classes for damage detection. Annex 4
provides the evaluation metrics showing the low accuracy, precision, recall and F1 values of individual

texture measures ranging from 0.4-0.6.

The feature selection functionality of random forest algorithm was applied to improve the performance of
classification (Akbari et al., 2020). This feature selection functionality selected all the texture features except
correlation and entropy and then retained the random forest classifier with these. However, the observed
area under the curve (AUC) value lower than 0.7 (Figure 15) failed to meet the acceptable threshold for
reliable accuracy (Annex 2).
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Figure 15. Area under the ROC curve for damage detection after feature selection, labelling at building footprint
level (Table 8 a)



To understand the distribution of correct predictions made using this approach, accuracy per building range
was calculated. Figure 16 shows the accuracy per building range along with the number of samples
belonging to each range.
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Figure 16. Accuracy per building range: Densely populated area for damaged labelling at building footprint level
(Table 8 a)

It can be observed that the accuracy of damage detection increased with the increasing size of the buildings.
The dips in the chart are misclassifications due to illumination differences, shadows and similar artefacts.
Based on this observation, a grid-based approach was adopted for analysis (Table 8 b and ¢). The building
sizes that showed an accuracy of 0.7 and above were selected for testing. Annex 3 shows that the
performance of all the selected grid sizes for damage detection (labelling as Table 8 ¢) was comparable with
high AUC values of 0.7 and above. However, to select the appropriate grid size, ‘recall’ values were further
checked (Figure 17). The grid size with the highest recall for ‘observable damage’ was selected for analysis.
This is because a higher recall value indicates fewer false negatives, meaning fewer missed damages.
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Figure 17. Recall values of different grid sizes for damage detection using damage labelling at the grid level (Table
8 cand d)

Therefore, the grid size selected for analysis was 800 m?2. This grid size was tested for damage detection in
sparsely populated areas and labelling and testing classification for response activities in focus.
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5.1.2.

Damage detection using building footprint with both individual texture features and feature selection
method on multispectral PS images showed suboptimal performance with ROC AUC below 0.6 for sparsely
populated regions. The grid-based approach with a grid size of 800 m? was applied to detect damage,
however, this grid size did not give acceptable accuracy results. The distribution of correct predictions per
building range was examined for sparsely populated areas (Figure 18). While the chart shows a reasonable
degree of accuracy for smaller buildings, due to the lower number of larger buildings (typical in sparsely

Sparsely populated regions

populated areas) the model’s prediction for these ranges was less consistent.

Figure 19 shows the classification results which highlight those buildings in the range of 300-399 m? that
were accurately detected for damage. Therefore, a grid size of 300 m? was selected for testing damage
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detection for sparsely populated regions.
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Figure 19. Area under the ROC curve and confusion matrix for damage detection in sparsely populated area
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An AUC of 0.64 indicates modest discrimination of classes but it does not show high accuracy. The
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While experimenting with integration of PS with available higher-resolution Pleiades satellite images
(explained in detail in section 5.3), individual red, green and blue bands were extracted from both PS and
Pleiades images. Due to absence of pre-event Pleiades image, image differencing could not be performed,
and only post-event images were used for damage detection classification. While multispectral PS images
could not detect damages in sparely populated areas with high accuracy (Figure 19), it was observed that
individual bands were capable of achieving this (Table 11).

Table 11. Accuracy for damage detection by individual bands for sparsely populated region

PS Band ROC AUC
Red 0.76
Green 0.75
Blue 0.74

The results of damage detection from densely and sparsely populated areas show that while multispectral
PlanetScope images can capture large-scale damages in densely populated areas, individual bands work
better for sparsely populated regions.

Secondary damages due to aftershocks could not be studied due to the unavailability of information on the
same required for labelling and validation.

5.1.3.  Building size threshold for damage detection

Using the method employed by Kussul et al. (2024) to determine the relationship between the detected
craters due to war and their areas, a density plot was used to find the building size threshold for damage
detection using texture measures on PS data. In the density plot, the x-axis represents the building area (m?)
and the y-axis represents the probability density. The plot shows how the density of building areas is
distributed for correct and incorrect predictions. Although the visual representation might suggest that the
area under the curve for correct predictions is smaller than that for incorrect predictions, this is due to the
distribution of the data points. The total area under each curve sums to 1, ensuring valid probability
distribution for both correct and incorrect predictions.
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Figure 20. Probability density plot of building areas by prediction accuracy



Figure 20 shows that the accuracy of smaller buildings tends to be lower, indicated by the higher density of
incorrect predictions compared to the correct ones. Despite this observation, it is challenging to find the
exact threshold for minimum detectable damage size because of several factors and limitations:

e The number of samples in different size ranges (Figures 16 and 18) varies significantly, leading to
less reliable accuracy measurements.

e Despite correction efforts to align the building footprints (section 4.1.2.1), minor misalignments
persisted, particularly affecting damage detection.

e The effectiveness of texture-based analysis relies not only on the spatial resolution of the image
but also on potential artefacts (Annex 6) induced by the sensor and noise like shadows, haze etc.,
as texture is calculated from pixels within the defined window in GLCM. Even if the building is
not under direct shadow or affected by any other artefact, the presence of such issues in the
neighbouring pixel can still alter the texture. These can create patterns that lead to misclassification
by either mimicking the actual damage or hiding the damage.

e The detection of damage largely depended on the complete collapse of buildings, which visibly
showed the presence of debris and/or the absence of a roof (Figure 21). Smaller buildings
exhibiting these characteristics were correctly identified as damaged, whereas those with partial
damage and no significant change in or around the building often went undetected.

Pre-event )

Building footprints Collapsed buildings

Figure 21. Absence of roof detected as damage for building sizes 100 m? (approx.) from Sakcagozu (AOI 4)

Therefore, determining an exact threshold for the building size for damage detection is complex due to
challenges in texture analysis coupled with artefacts in PS images, misalignment of building footprints and
sample size differences. Additionally, damage detection is straightforward for buildings with evident
collapse, while partial damage particularly to smaller buildings is harder to identify. These factors make it
difficult to establish a size threshold for reliable damage detection based on the methodology of this
research and also highlight that the detection of damage does not solely depend on the building size.

5.1.4. Quantification of damage using KDE

Due to the variability of GLCM texture measures, direct quantification of damage through the selected
texture measures was not feasible. To overcome this challenge, the Kernel Density Estimator (KDE) was
employed for damage quantification (explained in section 4.5.1). Figure 22 visualizes the spatial distribution
of damaged buildings using KDE across Kahramanmaras (AOI 1). The map shows varying density of
damage, from blue (no damage) to red (highest concentration of damage).
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Figure 22. Kernel Density Estimation output for Kahramanmaras (AOI 1) showing damage density as of 08
February 2023

It can be observed that areas with more damage have higher density values (orange and red), whereas areas
with few or no damage have lower density values (blue, green and yellow). To ensure a balanced
representation of damage across the study area, the damage density classes were created by dividing the
data into five equal parts. The KDE density values vary across different areas due to the distribution of
damage within each area of interest.

5.1.5.  Generalizability of the damage detection model

As mentioned in 3.1, due to the limited availability of higher-resolution images and required information
from Syria, which was also impacted by the earthquake, the research mainly focused on locations from
Tirkiye. However, to test the generalizability of the damage detection model trained and tested on Tiirkiye
data, Jindires (Aleppo) located in Syria was selected.

Direct application of the model trained on data from Tirkiye for damage detection in Syria gave poor
accuracy results, with a ROC AUC of 0.41. This can be attributed to the difference between the buildings
and damage patterns from the two regions (Figure 13) resulting in different texture patterns that correspond
to the change. Further, pre-existing damaged buildings due to the war in the region (Alhaffar et al., 2023)
can also be one of the reasons behind the observed difference.
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An independent samples T-test was performed to compare the means of the texture measures from Tirkiye
and Syria to determine the points of differences. T-tests also calculate p-values to provide further support
in highlighting the differences. A low p-value (<= 0.05) shows a high difference while a high p-value (>0.05)
shows no significant difference (Adamu et al., 2018). The texture measures representing damaged and non-
damaged grid units from both the countries were compared, table 12 shows the results.

Table 12. T-test results with p-values for texture measures from Tirkiye and Syria for damage detection

Comparison Texture T-statistics p-value
Variance 1.097 0.277
Mean 4.077 0.000128
Syria damage vs. Tirkiye | Homogeneity 1.949 0.0557
damage Entropy -2.094 0.0399
Dissimilarity -1.39 0.169
Contrast -0.004 0.997
Variance 0.019 0.985
Mean 3.21 0.002
Sytia non-damage vs. Tirkiye | Homogeneity 3.384 0.0013
non-damage Entropy -2.356 0.0222
Dissimilarity -2.823 0.0067
Contrast -1.013 0.316

* Significant difference and potential difference

On comparing ‘damaged’ texture measures from Turkiye and Syria, it can be observed from the T-values
that mean and entropy show high differences, indicating significant variation of these textures from
damaged areas between the two regions. The p-value of homogeneity also suggests potential difference, but
variance, dissimilarity and contrast show no significant difference. On comparing ‘non-damaged’ texture
measures from Tirkiye and Syria, it can be observed from the T-values that mean, homogeneity, entropy
and dissimilarity show high differences indicating significant variation of these textures from non-damaged
areas between the two regions.

These differences explain the low accuracy observed when generalising the classification model from
Tirkiye to Syria. The variations in texture measures, such as mean and entropy, between the two regions
suggest that the buildings and damage patterns differ significantly between the two regions. The model was
retrained using data from Syria (following the same methodology applied to data from Tirkiye), resulting
in a higher accuracy value of 0.7. The higher accuracy can be attributed to the model learning the unique
and different texture features representing damage from Syria.

5.2. Response assessment

5.2.1. Temporary shelters

One of the response activities focused on in this research was the evolution of temporary shelters. This
included identifying their presence, absence, removal and transition to semi-permanent container
settlements. The grid-based approach employed for damage detection (grid size 800 m?2) was applied for
labelling and detecting the evolution of temporary shelters. Table 13 shows the performance of different
texture measures, highlighting that ‘mean’ gave the highest accuracy of 0.82.



Table 13. Performance of different texture measures for detecting the evolution of temporary shelters

Texture Absent Present Removed Semi-permanent Micro-average ROC
ASM 0.71 0.64 0.55 0.77 0.71
Contrast 0.65 0.59 0.65 0.63 0.68
Correlation 0.66 0.61 0.58 0.61 0.67
Dissimilarity 0.68 060 0.66 0.66 0.70
Entropy 0.69 0.64 0.60 0.73 0.71
Homogeneity 0.70 0.58 0.74 0.68 0.71
Mean 0.82 0.67 0.79 0.85 0.82
Variance 0.66 0.66 0.85 0.69 0.70

The accuracy of detecting the presence of temporary shelters is comparatively lower than other classes due
to the difference in the placement of these structures. While many shelters were clustered together, there
were also cases where individual shelters were built on any available open space (Annex 5). These isolated
structures which were small in size, posed challenges in detection, affecting the accuracy. Detecting the
evolution of temporary shelters with high accuracy was possible for both densely and sparsely populated

because the types of shelters that were established in both regions were the same.

Additionally, the minimum number of images required to monitor the evolution of temporary shelters
effectively was assessed. Figure 23 presents the graph depicting the decreasing accuracy as the number of

images in the time series decreases.
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Figure 23. (a) Accuracy for different time-series combinations when detecting the evolution of temporary shelters and
(b) available images from Nurdagi (AOI 3)

It can be observed that a minimum of four images, including pre-event images, is necessary to achieve high
detection accuracy.



5.2.2.  Debris

The other response activity focused on in this research was debris. Due to the lower resolution of PS images
and limited availability of higher-resolution images from post-event dates, monitoring debris removal
progress was challenging. Therefore, the scope of this research was confined to debris detection. Utilising
the available higher-resolution images and research conducted by Mavroulis et al. (2023), the sites of debris
disposal were identified and included as an additional class in the debris detection process. However, the
samples in this class were lower than other classes. To balance the dataset, class weights proportional to the
frequency of each class were assigned. The less pronounced ROC AUC curve (Annex 7), particularly for
the ‘debris disposal site” class, further highlights the lower number of samples in this class. The three classes
of debris were detected with high accuracy in both densely and sparsely populated areas. This could be
attributed to the focus being only on completely or partially collapsed buildings that evidently showed
destroyed materials in their vicinity (these were also the correctly identified damaged buildings highlighted
in the previous sections). Table 14 shows the performance of different texture measures (combined from

densely and sparsely populated regions) for the detection of debris and its disposal site.

Table 14. Performance of different texture measures for detecting debris

Texture Absent | Present | Disposal site Micro-average ROC
ASM 0.86 0.88 0.85 0.89
Contrast 0.62 0.67 0.61 0.63
Correlation 0.59 0.65 0.66 0.64
Dissimilarity 0.88 0.92 0.87 0.91
Entropy 0.85 0.87 0.87 0.89
Homogeneity 0.82 0.87 0.84 0.87
Mean 0.91 0.90 0.94 0.92
Variance 0.84 0.90 0.88 0.89

It can be observed that all texture measures, except contrast and correlation, gave high accuracies (0.8 and
above) for the detection of all the classes (< 0.7).

5.2.3. Quantification of shelter area and expansion

The expansion of temporary shelters, particularly the container settlements was done using the time-series
images from Nurdagi (AOI 3), explained in section 4.5.2. There were a total of 10 images from this location
and each image showed an evident increase in area covered by these shelters during the response phase.
The following were calculated:

e Cumulative area covered- By calculating the area covered by temporary shelters on each date
(counting the number of grids of size 800 m?) to estimate the increase in area over the specified
duration.

e Rate of expansion- By understanding the change in cumulative area per unit time (m2/day) to find
the speed at which the temporary shelters were spreading.

Table 22 in annex 8 provides detailed information on the calculations.

Figure 24 shows that the initial growth of container shelters was slow, this can indicate that organizing and
deploying resources took time. However, the increase from February 10 suggests that more resources might
have been mobilized for constructing stronger shelters for the impacted population. The steady growth
highlights constant efforts to expand the shelters.

The sharp peak in Figure 25 indicates (on 15t February) indicates focused response efforts regarding shelter
provision and construction around that time. The decreasing trend suggests that the initial need for shelters



may have been met or available space expansion or resources could have had limitations. However, the

continued positive rate of expansion shows that the expansion continued, though at a slower rate.
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Figure 24. Cumulative area covered by temporary shelters (container settlements) in Nurdagi after the earthquake
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Figure 25. Average daily rate of expansion of temporaty shelters (container settlements) in Nurdagi (m?2/day)
after the earthquake

Such quantitative analysis can help understand shelter dynamics, allocation of resources and overall impact

of intervention.

Debris detection was another aspect that was studied and that can be quantified using the same KDE
analysis employed for damage quantification (explained in section 5.1.4). However, to avoid redundancy,
the visualization of the debris density map has been provided in annex 9. This decision is based on the
observation that the majority of damage identified by PS images relates to completely or partially collapsed
structures, which already indicates either the absence of a roof or the presence of debris.

Table 15 summarizes the findings, focusing on damage and response activity detection supported by

PlanetScope, along with minimum data requirements for each.




Table 15. Summary of findings from damage and response activities detection with PlanetScope

Showing spatial
distribution of
damage density in
the study area

Cumulative area and
expansion rate of

shelter construction

Parameters Damage Temporary shelters Debris
Random Binary v v v
Forest Multi-class x v v
Classification
Primary v NA NA
Unit of Building footprint x x x
labelling Grid-based v \ v
Area of Densely populated v v v
focus area
Sparsely populated v 4 v
area
Quantification v v v

Showing spatial
distribution of debris
density in the study

area

Minimum requirements for the

Post-event image

Hyper-temporal

Bi-temporal (pre and

images images, minimum 4 post) images for
(including pre-event detection, additional
image) images from a week
(minimum) after the
event for detecting
debris collection sites
5.3. Integration of PS with higher-resolution satellite image

5.3.1.

Use of higher-resolution images as ground truth

After labelling the PS images based on direct observations and obtaining the classification results on damage

detection (explained in section 5.1), the higher resolution WorldView images were used to suppott the

labelling process (5% change and 20% increase in ‘observed damage’ labels) (explained in section 4.6). This

approach was undertaken to evaluate the impact of utilising the available higher-resolution dataset on

classification accuracy. Figure 26 shows the ROC AUC plot obtained from the classification results using

this approach.

1.0

0.8 4

0.6 4

0.4

True Positive Rate

0.2 1

0.0

ROC curve (area = 0.76)

T
0.2 0.4

T
0.6 0.8

False Positive Rate

10

Figure 26. Area under the ROC curve for damage detection after using WorldView images to support labelling.




The accuracies of classification with and without the use of WorldView images for labelling are 0.76 and
0.7, respectively (section 5.1). The slight increase in performance highlights that while PS images alone can
identify damage patterns, incorporating higher-resolution WorldView images significantly enhances the
accuracy of damage detection. This suggests that the additional information provided by WorldView
enabled the identification of the patterns that are difficult to find through visual interpretation of PS images
alone.

5.3.2.  Use of higher-resolution image for sharpening PS image

In addition to using higher-resolution images as ground truth and confirming the presence of damage and
response activities as mentioned in previous sections, they were also used to increase the details of PS
images through pan-sharpening (explained in section 4.6). Due to the unavailability of panchromatic
Pleiades image, its individual red, green and blue bands were used to sharpen the corresponding red, green
and blue bands of PS images from Nurdagi (AOI 3). Additionally, only one post-event image was sharpened
and thereby used for damage detection due to the absence of a pre-event Pleiades image.

The high-pass modulation method was used to sharpen the PS image using one Pleiades image as explained
in section 4.7. This was followed by edge detection using the Canny edge detection method to evaluate the

effects of sharpening.

Table 16. Comparison of edge pixels between original and sharpened post-event PS image (individual bands)

Band No sharpening | Sharpening with Sharpening with Sharpening with
modulating factor 0.2 modulating factor 0.5 modulating factor 1

Red 258310 259208 266388 248262

Green | 224374 225518 237189 221802

Blue 184466 185676 206462 197329

Table 16 shows that sharpening with a factor of 0.5 significantly increases the number of edge pixels across
all bands, while a factor of 1 leads to a reduction in the number of edge pixels suggesting potential over-
sharpening that might cause blurring of details.

After producing individual red, green and blue-band sharpened PS images, GLCM was performed, followed
by damage detection to compare the accuracy results with and without sharpening.

Table 17. Comparison of damage detection accuracies between original and sharpened post-event PS image

(individual bands)

Band No sharpening | Sharpening with | Sharpening with | Sharpening with
modulating factor 0.2 modulating factor 0.5 modulating factor 1

Red 0.76 0.73 0.80 0.75

Green | 0.75 0.76 0.76 0.80

Blue 0.74 0.74 0.78 0.76

From Table 17 it can be observed that sharpening with the modulation factor of 0.5 gives higher accuracy,
particularly for the red and blue bands. However, the green band shows an improvement with a modulation
factor of 1. As expected, sharpening enhanced the details in the image, thereby improving the damage
detection accuracy. However, excessive sharpening resulting from a modulation factor of 1 does not yield

better results due to the introduction of noise and artefacts due to the sharpening (as seen for red and blue
bands).
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Tables 16 and 17 collectively suggest that the sharpening factor of 0.5 is the most effective in enhancing
image quality for edge detection and improving damage detection accuracy.

Figure 27 shows the sharpened PS image resulting from different modulation factors.

Original

Sharpened
MF 0.5

Sharpened
MF 1

Sharpened
MF 1.5

Figure 27. Visual comparison of PS images sharpened by a post-event Pleiades image using modulation factors
for Nurdagi (AOI 3) showing (a) temporary shelters, (b) road cross-section and debris pile, (c) buildings.

The classification performance of response activities could not be tested due to the unavailability of Pleiades
images from post-event dates. However, it can be observed from Figure 27 that the temporary shelters,
debris and buildings become more pronounced when a PS image is sharpened. This indicates that individual
shelters (Annex 5), debris piles and building damage could potentially be detected with higher accuracy
compared to the accuracy result from the PS image alone (explained in section 5.2.1).

The following chapter will provide a detailed discussion of all the results presented in this chapter.
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6. DISCUSSION

This research aimed to assess the suitability of PlanetScope in identifying post-disaster damages, and
response activities, using the case study of Turkey-Syria earthquakes from February 2023. The methodology
involved texture-based feature extraction using GLCM, summarising the changed texture for building and
grid units, followed by classification using a supervised machine learning algorithm, random forest. Damage
and response activities were identified for the selected areas of interest in Turkey, from both densely and
sparsely populated locations. Although Syria was also significantly impacted by the earthquake amidst
ongoing conflict, due to the limited availability of higher-resolution images (only one freely available post-
event WorldView image), it could not be included as one of the areas of the main focus in this research.
However, a location from Syria (Jindires, Aleppo) was selected to test the generalisability of the model
trained and tested on data from Turkey. In this chapter, the methods and results corresponding to each
sub-objective of this research will be critically examined and discussed.

Research sub-objective 1: To investigate the utility of PlanetScope in detecting post-disaster
damage.

R.Q. 1.1: Can PS be used to undertake damage detection in both densely and sparsely populated regions?
This research shifted from detecting damage at the building level to a grid level. The initial attempts to
identify a single texture measure using GLCM from the multispectral PS image for damage detection were
unsuccessful, with the individual texture measures giving poor accuracy (lower than 0.6). By employing
feature importance in the random forest algorithm, it was found that a combination of features could
collectively improve accuracy. Despite this, building-level damage detection using GLCM was challenging
(accuracy lower than 0.7). This can be attributed to:

e Building footprint information- Studies by Li et al. (2023) and Ullah et al. (2023) have highlighted
the issues of misalighment and completeness (respectively) of building footprints from
OpenStreetMap (the main building footprint dataset used in this research). Although the alignment
issues were reduced using transformations and missing footprints were added from the Microsoft
building dataset, inconsistencies in the building information persisted. These inconsistencies can
lead to misclassification, affecting the reliability of damage detection.

e Limitations of PS images- The relatively lower spatial resolution of three meters is not optimal for
capturing damage to buildings that do not show significant changes due to their small size and/or
partial damage. Despite pre-processing, ensuring consistent data quality across the large number
of time-series images acquired for monitoring change was challenging. Pickering et al., (2021) noted
that different sensors and image acquisition conditions can introduce inconsistencies that can
further affect change detection.

e Window size in GLCM- The texture measures were calculated using a window size of 3 by 3 pixels.
For each building unit, these texture measures were summarized by calculating the mean of all the
texture pixels within that unit. However, since some buildings may extend beyond the window size,
this approach might not capture the full extent of changes, potentially resulting in some building
damages being overlooked.

Several factors led to the transition from building-level damage detection to a grid-based approach. Using
a grid size larger than a typical small building but comparable to the size of a larger building allowed to
utilize surrounding information more effectively during manual labelling. This approach ensured that if
there were multiple small buildings within a grid, their collective damage could be assessed together.
Additionally, if there is only a single large building within the grid, the grid size will capture the building
accurately. Furthermore, for automatic labelling, this surrounding information helps improve the accuracy



of damage detection by considering the context provided by neighbouring buildings or structures. Upon
transitioning to a grid-based approach, where damage detection was conducted on a larger scale, better
results were obtained, with ROC AUC of 0.7 and higher. The grid size of 800 m? was selected based on its
highest recall value (fewer missed damage) observed in densely populated areas for damage detection while
comparing the evaluation matrix of different grid-sizes (Annex 3). In contrast, sparsely populated areas,
with fewer buildings and smaller building sizes, required a smaller grid-size of 300 m? for damage detection,
though the accuracy remained less than 0.7. This grid size was also selected based on accuracy observed for
different building size ranges. However, the inconsistency in the sample size between the different building
size ranges in sparsely populated areas led to high variability in accuracy. Although a balanced dataset was
created by under-sampling the majority class for damage classification, another step to balance the samples
in different area ranges would have provided better insights for selecting an appropriate grid-size for both
densely and spatsely populated areas. Such a grid-based method for classification simplified the labelling
process, which was faster and proved to be reliable for identifying damaged areas. This can particularly be
beneficial in situations where rapid assessments are needed. Also, the approach of labelling ensured that all
potential damages were detected, by labelling any grid which contained even parts of the damaged building.

However, this can also lead to overestimation of damage and loss of detail.

Interestingly, experiments with individual spectral bands showed that they could detect damage in sparsely
populated areas with high accuracy (0.7 and above) with a grid size of 300 m?2. This can be attributed to the
spatial details of multispectral images not being as refined as those of single-band images (Zhang et al.,
2023). He etal. (2021) also highlighted that multispectral images captured at different times often experience
radiation differences, that can significantly impact the accuracy of change detection. Lastly, post-event PS
images alone are sufficient for damage detection, without the need for pre-event images. The use of only

post-event images for damage detection has also been supported by multiple studies such as by Cao et al.,
(2020), Nex et al. (2019) and Valentijn (2020).

In conclusion, while PlanetScope imagery is not effective for accurately detecting building-level damages,
it is suitable for conducting large-scale (grid-based) damage assessments. This grid-based approach can
prove useful for providing an overview of damaged areas in any desired location with PlanetScope. Further,
multispectral images are effective for detecting damages in densely populated areas, whereas individual
spectral bands provide reliable results in sparsely populated regions. Lastly, post-event PS images alone are
sufficient to capture changes indicating damage.

R.Q. 1.2: Can the identified damage by PS be quantified?

The analysis in this research focused on binary classification of damage and the texture measures derived
from GLCM varied differently to indicate changes observed. This variation made it difficult to assign a
quantitative measure to the damage observed using GLCM texture values. As a result, KDE was employed
to estimate the density of damage across the area of interest to provide a quantifiable measure of damage.
Figure 22 shows that identifying areas of high damage density can help concerned authorities prioritize
resource allocation. This can also guide rescue forces and emergency response teams to areas requiring the
most support, improving the efficiency and effectiveness of the operations. This can further prove useful
for city planners by understanding the damage pattern and providing required building codes and guidelines
for resilient infrastructure in highly damaged areas.

The attempt to find the minimum threshold of damage detection was challenging. The accuracy of damage
detection was found to increase with increasing building size, particularly becoming more reliable for
buildings from 300 m? onwards. One of the study areas selected from Kahramanmaras (AOI 1) comprises
of 977 buildings with an average size of 340 m?2 The average size of buildings that collapsed in
Kahramanmaras is 450 m?, while the average size of buildings that did not collapse is 230 m2. This indicates



that larger buildings, particularly above 300 m?, are more likely to be detected as damaged. These larger
buildings comprise of high-rise structures, making them detectable when completely damaged. These high-
rise buildings are not uniformly distributed across all the AOIs and are primarily present in urban areas like
Kahramanmaras (AOI 1), Antakya (AOI 6) etc. In contrast, sparsely populated or rural areas like Turkoglu
(AOI 2) and Nurdagi (AOI 3) have significantly smaller average building sizes, around 200 m?2. The average
size of both observed damaged and non-damaged buildings in these areas falls within this same range. This
shows that smaller buildings in rural areas are closer in size to the threshold where detection accuracy gets
lower. However, Figure 21 showed that damages were also detected accurately for building sizes close to
100 m?, if the structure had completely collapsed and the scene did not contain artifacts like shadow, cloud
cover etc. This suggests that the detection of damage is effective even for smaller buildings. However,
tinding the minimum building size for damage detection using PS and the methodology used in this research
remained challenging.

While there are limited studies addressing minimum detectable damage size, research focusing only on
building detection provides useful insights. In alignment with the findings in this thesis research, You et al.
(2018) highlighted that precision and recall for building detection improve significantly with larger building
sizes, but detecting smaller buildings is still challenging. Mason et al., (2023) also highlighted that even with
d deep learning algorithms like CNN, detecting smaller structures remains generally challenging. However,
in their research on extracting building inventory using PS images, Kaplan et al. (2020) found that their
deep learning method effectively identifies small buildings, although not specifying the size of the small
buildings.

The findings from this research and existing studies show that PS data with advanced algorithms shows the
potential to detect building damages of varying sizes. The detection of the minimum threshold in this
research remained challenging due to the analytical techniques employed. However, the quantification of
damage was feasible using kernel density estimation. Similar algorithms like density-based spatial clustering
(DBSCAN), spatial autocorrelation etc. can also be employed to identify spatial patterns (clustered or
dispersed) and provide an overview of damage level across the area of interest.

Additional R.Q: How well does the generalizability of the damage detection model trained and tested on
data from Tirkiye extend to detecting damage in Syria?

Due to the limited availability of ground truth and higher-resolution images from Syria, its locations could
not be included for detailed analysis in this research. However, Jindires from Aleppo was used to check the
generalizability of the damage detection model trained and tested on data from Ttirkiye. Statistical analysis
using the T-test revealed significant differences in texture patterns related to earthquake damage between
Tirkiye and Syria. Additionally, pre-earthquake war-related damage adds to the differences in texture
patterns, particularly between the pre-event images used from the two regions. Therefore, the model
performed poorly when applied to data from Syria, achieving a low ROC AUC of 0.41. However, after
incorporating Syrian data into the training process, the model’s performance significantly improved,
achieving the ROC AUC of 0.7. This indicates the importance of including region-specific data to ensure
higher accuracy and reliability of the model’s performance in damage detection in diverse geographic
contexts (Arya et al., 2020). There are also studies that have proposed advanced machine learning methods
to enhance the generalizability across different hazards and locations without using a target domain data
(Jakubik et al., 2023; Nex et al., 2019). Such methods further reduce the necessity for location-specific
damage information, enabling more effective transfer of damage detection models across different areas of
interest.

Research sub-objective 2: To investigate the utility of PlanetScope in detecting post-disaster
response activities.



R.Q. 2.1: For which response activities can PS be used to monitor in both densely and sparsely populated
regions?
The response activities studied in this research were the evolution of temporary shelters and debris removal

progress.

Temporary shelters

The evolution of temporary shelter included detecting its presence, absence, removal and transition to semi-
permanent (container) settlements. It was found that using the methodology employed in this research, all
the mentioned categories of temporary shelter evolution can be detected with high accuracy in both densely
and sparsely populated areas. This is because the type of temporary shelters being set up were the same
across the country. The grid-based approach was applied here as well, using a grid size of 800 m2. However,
individual temporary shelters that were set up in isolation or on random open spaces available, were
detected with relatively low accuracy. This was primarily due to their small size and limited resolution of
PlanetScope and GLCM texture to capture them efficiently. Similar findings were reported by Fireder et
al. (2015), who, despite using higher resolution pan-sharpened WorldView-2 satellite images, were not able
to detect smaller shelters with high-accuracy compared to larger or clustered shelters. Other studies using
very-high-resolution satellite images to detect shelters, such as those by Gella et al. (2022) and
Ghorbanzadeh et al., (2022), have only detected the presence and absence of these shelters using deep
learning algorithms. While not focusing on each shelter unit, this thesis research further highlighted the
application of texture features on lower-resolution PS images can also support monitoring the transition of

temporary shelters.

Debris

Although the initial idea for this research was to monitor the removal progress of debris using the available
time-series PS images, the limited spatial resolution of images posed challenges in understanding the
progress directly. Additionally, the higher-resolution images available are from one or two days immediately
after the event with some locations having a maximum of two images from the first week after the
earthquake. The absence of higher-resolution images from a bit longer after the event does not allow to see
the removal progress as the removal took usually place several days and weeks after the event. Hence, the
removal progress could not be studied in this research. This research covered detecting the presence of
debris and its collection locations documented by Mavroulis et al. (2023) that were identified with available
WorldView and Pleiades images for the areas of interest. The classification results from both densely and
sparsely populated areas showed that the presence of debris and its collection site can be detected with high
accuracy with the methodology employed and data used in this research.

Christaki et al. (2022) also employed GLCM on very-high resolution images acquired using UAV and
showed that debris removal progress can be successfully mapped. With higher resolution, the texture
variation at the building level can be captured efficiently, and observed changes can directly indicate the
presence or absence of debris. The study by Zhao et al. (2022) also utilized texture features derived from
LBP to create a framework for detecting road damage and debris using high-resolution satellite images,
although the resolution or source of the image was not specified. Additionally, other recent studies by
Yilmaz et al., (2023) and Seydi et al. (2023) highlight the effectiveness of feature extraction in capturing the
patterns and details associated with the changes being studied, regardless of the classification algorithm
employed. These studies collectively underscore the importance of feature extraction in improving the
accuracy of classification.

R.QQ. 2.2: Can the identified activities by PS be quantified?



The spatial resolution of PS images posed significant limitations in quantifying the response activities in
this research. Additionally, the grid-based approach was employed to monitor the classes of temporary
shelters and debris in a defined zone. This approach could not support direct quantification.

However, PS images can be used for monitoring the rate of expansion or reduction of temporary shelters
during the response phase using the available time-series data. Similar studies on monitoring informal and
temporary shelters by Liu et al. (2019) and Mudau et al. (2022) successfully monitored the changes and rate
of growth of these shelters but did not cover their precise quantification. Such an analysis from different
areas of impact can provide insights into the reach and speed of authorities providing rehabilitation to the
population. This can also highlight areas that may be underserved, highlighting the need to further find the
reasons behind the same and take action accordingly. This information can help the authorities understand
how quickly they scale up response efforts depending on the demand and adjust their methods as per
requirement. Lastly, monitoring the expansion of shelters can help in planning for recovery.

For debris, the limited spatial detail of PS hindered the exact quantification of its volume. Existing studies
on debris quantification such as Bekkaye et al. (2024), Labiak et al. (2011) and Miura (2019) have
demonstrated that very-high-resolution data sources provide the required details to quantify the volume of
debris. However, KDE employed for quantifying damage density can also be used for debris to get a
quantitative measure of the spatial distribution of debris across the area of interest.

Research sub-objective 3: To determine the synergetic potential of PS with available higher
resolution satellite images to increase the comprehensiveness of change detection using data
integration technique.

R.Q. 3.1: How can higher-resolution data be integrated with PS?

R.Q. 3.2: How does the incorporation impact the comprehensiveness of damage and response assessment?
In this research, the integration of available higher-resolution images with PS images was conducted in the
following three ways:

1. Ground truth- WorldView images were used as a benchmark to validate the classification
performance of PS.

2. Confirming the presence of activities- Due to PS’s limited spatial resolution, it was difficult to
identify the debris collection site and confidently differentiate temporary shelters with similar
structures in the scene. Higher-resolution satellite images (WorldView and Pleiades) were used to
address this issue.

3. Sharpening- PS image from Nurdagi (AOI 3) was sharpened using the available Pleiades image, to
increase the details of the former. A detailed sharpening attempt with multiple images could not
be performed due to the limited availability of higher-resolution images.

As explained in section 5.3.1, using WorldView images improved the accuracy of damage classification in
PS images. This shows that the higher-resolution dataset provided reliable ground truth, leading to an
improved validation process. The higher details in WorldView images helped identify damage instances that
were missed when manually labelled through visual interpretation of PS images alone. This approach of
using high-resolution remote sensing data as ground truth is supported by several studies. For example,
UAYV data have been used as ground truth for mapping crop variety (Craver et al., 2020), and a combination
of OSM and high-resolution optical datasets as ground truth has supported building footprint extraction
(Li et al., 2019). This also highlights the utility of using freely available datasets, particularly under open data
programs to support humanitarian crises, when ground truth availability is limited. Additionally, confirming
the presence of elements like temporary shelters and debris collection locations that were not easily
recognisable in the PS images alone, highlights the usefulness of integrating higher-resolution data for
detailed situational awareness (Kedia et al., 2022).



Lastly, PS images were sharpened using available Pleiades image by following the concept of pan-
sharpening. Pan-sharpening involves merging high-resolution panchromatic images with lower-resolution
multispectral images to produce a higher-resolution multispectral image (Meng et al., 2019). Due to the
absence of a higher-resolution panchromatic image, individual spectral bands (red, green and blue) from
higher-resolution Pleiades images were extracted and corresponding individual bands of PS were sharpened
using a high-pass modulation method. The quality assessment of sharpened images was performed using
Canny edge detection. The results showed noticeable enhancement in details and edge pixels with
modulation factors of 0.2 and 0.5, which can facilitate easier interpretation of elements in PS images.
However, it was also observed that sharpening using a modulation factor of 1 led to a reduction of edge
pixels, that potentially blurred details and resulted in lower accuracy for damage detection. This highlights
the need for carefully applying sharpening and similar image-processing techniques to avoid issues.

The sharpening method used in this research was selected due to its low computational
requirements/efforts and simplicity to demonstrate the synergistic potential of PS with available highet-
resolution datasets. However, newer sharpening and fusion techniques leveraging deep learning-based
algorithms, although requiring large amounts of training datasets, have also been developed and shown
reliable performance in enhancing details of lower-resolution datasets (Javan et al., 2021). For example,
Shin et al. (2020) designed a deep learning model for enhancing the resolution of PlanetScope images using
WorldView images, and Latte et al. (2020) presented a CNN-based method for improving the spatial
resolution of Sentinel-2 images using PlanetScope images.

In conclusion, this research demonstrates that integrating higher-resolution images in various ways
significantly enhances the validity, discriminative abilities and details of PS images, thereby improving the
overall analysis. This confirms that higher-resolution datasets can be used for enhancing the
comprehensiveness of analysis, particularly when using relatively lower-resolution satellite data sources like
PS.

Supervised machine learning
This research employed a supervised machine algorithm, random forest, for classification. This was selected
over state-of-the-art deep learning methods due to the following reasons:

1. Exploratory nature of the research- Although PlanetScope has been used in many studies to show
its effectiveness in detecting environmental damage and integrating with satellite images of
different resolutions to enhance image details (highlighted in previous sections), its potential for
identifying post-disaster damage and response activities was underexplored. For this exploratory
research, an easily implementable model requiring low operational and computational resources
(Ramezan et al., 2021; Zhu et al., 2017) was selected to establish a baseline before applying a more
complex model.

2. Data limitations- Deep learning models need large, labelled datasets for effective training (Li et al.,
2023). However, due to limited access to PlanetScope images and its corresponding labelled
dataset (created manually) along with ground truth data for validation, this research opted for a
supervised machine learning algorithm.

3. Opvertitting- Deep learning models can overfit when the training data are not large enough
(Safonova et al., 2023). Given the data limitations in this research, the supervised machine learning
model was selected. Although cases of overfitting were observed during the analysis, they were
addressed by adjusting the hyper-parameters of the model.

After discussing the analysis, the following chapter will present limitations and recommendations followed
by the conclusion.



7.

RECOMMENDATIONS AND CONCLUSIONS

Section 7.1 outlines the research limitations and suggests recommendations for future work. Section 7.2

offers a concluding remark from the author’s perspective.

7.1.

Recommendations

The section below lists the limitations of this study with recommendations to address them.

PlanetScope data and pre-processing: In this research, hyper-temporal images from different areas
of interest were acquired. Some individual scenes were made up of images from more than one
satellite dove, resulting in geometric and radiometric inconsistencies. This meant that these
inconsistencies were present not only between images taken on different dates but also within a
single image created by merging multiple images from the same date. Despite PlanetScope images
being considered analysis-ready, another round of pre-processing was performed to reduce the
differences in the time-series images from the different areas of interest. However, geometric
inconsistencies in images persisted in certain cases. Future research with PlanetScope should also
focus on utilizing advanced algorithms for more effective pre-processing to enhance the quality of
such merged satellite images.

Building footprint data- As explained in the methodology section, the building footprint data from
both OSM and Microsoft did not aligh accurately with the actual buildings in the scene. After
applying a transformation to correct this issue, it was observed that the alighment improved for
specific building sets used as references for transformation. However, the same transformation did
not work well for many other footprint units, indicating that the alighment issue varied within the
dataset. Future work should focus on exploring more building datasets such as Google Open
Buildings (based on the area of interest) with minimal issues and utilizing better transformation
methods to correct misalighments on a case-by-case basis.

Grid unit for labelling- The grid unit size selected for this research was 800 m?2, based on the highest
recall value (indicating fewer missed damages) observed for damage detection in buildings larger
than 500 m2. The choice of 500 m?as the starting point was due to the increased accuracy in damage
detection for buildings of this size and above. However, it was also noted that smaller buildings
that had completely collapsed were also detected accurately. Table 8 highlights the uncertainty in
labelling with larger grid sizes. Therefore, testing smaller grid sizes while comparing the accuracy
and recall for damage detection across different building ranges could have led to a better-informed
decision on grid size selection.

Balanced dataset- To create a balanced dataset for binary classification of damage, the number of
majority samples (‘no damage’) was reduced to match the number of minority samples (‘damaged’),
resulting in a decrease in total number of samples. For multiclass classification for response
activities, a weighted approach was used, assigning weights to each minority class proportional to
its frequency in the dataset to ensure a balanced representation. This demonstrates inconsistency
in the methods used to address the class imbalance between the damage and response activity
classification. Future work should aim for a consistent strategy to handle class imbalance while also
focusing on not reducing the sample size. For example, over-sampling techniques can be employed
to generate synthetic samples. This can also help in generating enough samples to support the
application of deep learning algorithms.

Feature extraction- The choice of selecting texture feature extraction was based on the limited data
availability and the need for simpler interpretability of features. Future research should explore the

extraction of other relevant features based on shape and colour for improved accuracy (You et al,,



2020). Additionally, deep learning approaches such as CNNs should also be considered, especially
when more data becomes available.

Supervised machine learning- This research employed supervised machine learning due to the
limited amount of data. The Random Forest algorithm was selected because it can efficiently handle
high-dimensional data generated after feature extraction. Future work should also explore semi-
supervised and unsupervised learning approaches like clustering, GAN etc. that do not require
large, labelled datasets (Dunphy et al., 2022; Tilon et al., 2020).

Feature selection- The texture feature selection for different AOIs in Turkiye showed common
textures across locations, but there was also variation in the features that were excluded. When
aiming for a generalizable classification model, it will be more beneficial to include all the features
rather than performing feature selection. This approach can address potential issues arising from
the observed variation in texture feature selection, ensuring the model’s applicability across
different geographical regions.

Dimensionality reduction- Multispectral images were used directly to extract texture features,
followed by Random Forest algorithm for classification, known for its capability to handle high-
dimensional data. Therefore, dimensionality reduction was not prioritized. However, similar
research focusing on texture feature extraction by Kim et al. (2023) noted that the inter-correlation
of multiple texture features can reduce the effectiveness of the model. To address this issue, they
used Principal Component Analysis (PCA) to reduce redundant information and enhance the utility
of texture features for damage detection. Future work should also incorporate dimensionality
reduction techniques to improve the model’s performance.

Generalizability of model- This research focused exclusively on the Tirkiye-Syria earthquake,
particularly regions from Tirkiye. Future research focusing on the generalizability of the model
should also incorporate images from multiple locations affected by earthquakes to create a larger
dataset for enhanced generalization performance (Zhu et al., 2022). PlanetScope data provides that
opportunity with its rich dataset (for events after 2017), especially for events with minimal cloud
cover.

Data integration- PlanetScope image was sharpened with Pleiades image using a High-Pass
modulation method. This simpler approach was chosen to demonstrate the synergistic potential of
the available dataset. However, advanced sharpening and image fusion techniques, such as the one
developed by Shin et al. (2020), have shown both qualitative and quantitative improvements in the
generated images using deep learning frameworks. Future work should explore these advanced
methods, particularly if the research is not constrained by time and computational resources. Such
an integration with available higher-resolution images can also help support direct quantification,
for example, the of volume of debris.



7.2. Conclusions

This study aimed to assess the utility of PlanetScope images for post-disaster damage and response
assessment, using Tturkiye-Syria earthquakes from February 2023 as the case study. The results demonstrate
that PlanetScope can be effectively used for grid-based damage detection, identifying zones or regions with
completely or pattially collapsed buildings. Additionally, calculating damage densities for impacted areas
can help identify damage hotspots. Such an analysis can aid emergency responders in prioritizing areas that
need immediate attention, ensuring efficient allocation of resources. PlanetScope’s spatial coverage and
high temporal resolution provide frequent data (near daily images) for any area of interest, that can enable
rapid damage assessments, particularly for those disaster events that are not associated with the formation
of clouds (that obstruct ground information during image acquisition). For scaling up this methodology,
advanced pre-processing, feature extraction and data from diverse locations should be included for a robust
model that can be applied to different events, scenarios and geographical locations. Furthermore, the results
show that PlanetScope imagery is effective not only for detecting damage but also for response activities,
such as the evolution of temporary shelters and debris. This can allow authorities to monitor the
construction of shelters and track the timely provision of required support. Accurate detection of debris
and spatial distribution of its density can help in prioritizing cleanup efforts. However, it is recommended
to establish a baseline in terms of how authorities currently monitor progress and how then satellite-based

analyses can complement these existing methods.

The integration of available higher-resolution data, WorldView and Pleiades images, showed multiple
practical benefits for improving the comprehensiveness of damage and response assessments. These images
were not only used as ground truth for validating the model and confirming the presence of temporary
shelters and debris collection sites but also to enhance the details of PlanetScope images using image
sharpening techniques. This approach highlights the synergistic potential of freely available satellite images
(particularly released to aid humanitarian efforts after a disaster event) with PlanetScope data. By using the
available higher-resolution images, the study was able to achieve a more accurate damage assessment.
However, the availability of higher-resolution images can be restricted due to their cost, acquisition time
and location. These higher-resolution images typically cover smaller areas compared to PlanetScope, which
may limit their utility for large-scale assessments, unless multiple images are available. Additionally, the
integration test performed for this research was for one specific location for which a high-resolution
Pleiades image acquired on the same date and acquisition angle close to that of PlanetScope was available.
This made the sharpening process easier. However, integrating data from different sources can be complex
due to differences in resolution, acquisition time and angle, image quality etc. which can pose challenges in
the integration process. For practical purposes, advanced image fusion techniques that adjust to the

variations between different data sources should be explored.

Despite challenges due to data quality, this study demonstrates the significant utility of PlanetScope in large-
scale damage and response assessment. While higher-resolution counterparts like WorldView and Pleiades
offer superior spatial resolution, their high-cost and limited, on-demand coverage restrict their use for such
tasks. PlanetScope, with its more accessible, available and extensive coverage with lower costs, proves to
be a valuable source for post-disaster assessments. Its potential should be further explored to support on-
ground responding authorities, policymakers and other relevant organizations in effectively managing

disaster response efforts.
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8.  ANNEX

Annex 1- Comparison of high-resolution satellite characteristics

The following table shows the characteristics of different high-resolution satellites.

Table 18. High-resolution satellite characteristics comparison

Source Spatial resolution Revisit Spatial coverage Cost Per Sq.
" time Km (USD)
. - : - o Y-
PlanetScope il/[ulnspectral. 3.7m-4.2 | 1day 200 million km?/day 225
; . . 2 ,
Geoliye 1 Mult1spectrgl. 1.64 m 1.7 days 700,000 km?/day 175
Panchromatic: 41 cm
1 . 7 2 7
WorldView 4 Multlspectra.l. 1.24 m <1.0 day 680,000 km?/ day 295
Panchromatic: 31 cm
Multispectral: 1.20 m Twice 2 million km?/ day
Pleiades Neo Panchromatic: 30 cm daily 22.5
Pan sharpened: 30 cm
i . . 2
Pleiades 1 Multlspectrgl. 2.8 m 1 day 700,000 km?/day 125
Panchromatic: 70 cm
; . . a0 2 .
SPOT 7 Multlspectra}. 6m 1 to 5 days | 6 million km?/ day 475
Panchromatic: 1.5 m

(Airbus, 2012, 2013, 2021; EUSI, 2020; MAXAR, 2020; Planet Labs, 2022)

Annex 2- Interpreting ROC AUC values

The following table shows the interpretation of different ranges of ROC AUC (Khatami et al., 2017).

Table 19. Interpretation of the area under the ROC curve

Area under curve Interpretation
Less than 0.7 No discrimination
0.7 to 0.8 Acceptable

0.8 to 0.9 Excellent

More than 0.9 Outstanding

Annex 3- ROC AUC of different grid sizes for damage classification

The following table shows the different accuracy values obtained by utilizing different grid sizes for damage
detection.

Table 20. Area under curve of different grid sizes for damage detection

Grid size (m?) ROC-AUC
500 0.71
600 0.71
700 0.73
800 0.73
900 0.75
1000 0.81




Annex 4- Individual texture measure: Damage detection evaluation metrics
The following table shows the accuracy, precision, recall and F1 score of damage detection classification by

individual texture measures.

Table 21. Evaluation metrics for damage detection of individual texture measures (using building footprints from
densely populated areas)

Texture Accuracy Precision Recall F1

Angular Second Momentum 0.49 0.48 0.51 0.49
Contrast 0.50 0.49 0.53 0.51
Correlation 0.54 0.50 0.62 0.57
Dissimilarity 0.54 0.53 0.53 0.53
Entropy 0.52 0.52 0.52 0.52
Homogeneity 0.47 0.49 0.51 0.49
Mean 0.54 0.53 0.63 0.58
Variance 0.49 0.49 0.49 0.49

Annex 5- Comparing individual and clustered temporary shelters.

The following figure shows the difference in the pattern of temporary shelters, showing clustered and
individual shelters from Nurgadi (AOI 3).
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Figure 28. Individual versus clustered temporary shelters from Nurdagi (AOI 3)




Annex 6- Observed artefacts in PS images.

The following figure shows the artefacts and shadows observed in PS images that can potentially alter

texture measures calculated from such images.
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Figure 29. Observed artefacts in PS images Kahramanmaras (AOI 1)

Annex 7- ROC AUC of Debris classification.

The following plot shows the resulting ROC AUC of the texture measure angular second momentum
(ASM) from the classification of debris. This plot highlights the smaller number of samples in ‘debris

disposal site’ class, through the noticeable less smooth curve of that class.
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Figure 30. Area under the ROC curve for debris classification (ASM)
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Annex 8- Calculating cumulative area and rate of expansion of temporary shelters.

The following table presents data on the cumulative area and rate of expansion of temporary shelters in

Nurdagi (AOI 3). It includes the grid area covered by temporary shelters, the cumulative count of grids, the

estimated total area, the difference in area between consecutive dates, the number of days between

measurements, and the rate of expansion in m?,

Columns:

T- Dates of measurements.

A- Fixed area of grid unit.

B- Total number of grids covered by temporaty shelters on each date.

C- The product of the grid area (A) and the cumulative count of grids (B).

D- Difference in total area covered between the current (Ty) and the previous (Ty.1) measurement.

E- The number of days between the current and the previous measurement.

F- The rate of expansion calculated by dividing the difference in area by the number of days.

Table 22. Calculation of cumulative area and rate of expansion of temporary shelters in Nurdagi (February-

March)

T A B C D E F
. Cumulative count | Estimate of . . Rate of

Dates gﬂ;ﬂ area of grids covered total area Zifi;el%ce "™ No. of expansion
(2023) (1 grid unit l:}}lfetligforary Ezvflg)d (m2) (T o) days grgjgay)
02/02 800 0 0 0 0 0
08/02 800 33 26400 26400 6 4400
10/02 800 42 33600 7200 2 3600
13/02 800 134 107200 73600 3 24533.33
15/02 800 228 182400 75200 2 37600
18/02 800 275 220000 37600 3 12533.33
21/02 800 341 272800 52800 3 17600
24/02 800 386 308800 36000 3 12000
26/02 800 420 336000 27200 2 13600
01/03 800 462 369600 33600 3 11200
09/03 800 545 436000 66400 8 8300

As of March 9, 2023, container settlements cover 6% of the total area available in the AOI.




Post-Disaster Damage and Response Assessment with PlanetScope Satellite Imagery

Annex 9- Kernel density estimation for debris.
The following figure visualizes KDE to quantify the distribution of debris in Antakya (AOI 6). The map
overlays KDE results on the PS image of the location, highlighting areas with varying densities of debris.

Medium High

Figure 31. Kernel Density Estimation output for Antakya (AOI 6) showing debris density as of 12 February
2023
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