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Abstract

This thesis proposes an end-to-end decision support framework that integrates damage
information derived from satellite imagery into the problem of locating Point of Distri-
bution (POD)s and assigning demand to them during the early response phase after a
major earthquake, when field information is limited. Rather than treating building-scale
damage detection as a standalone output, the approach translates detected damage into
risk-sensitive road network costs. Impact zones defined around damaged buildings
are overlaid with the road network, and the cost of each road segment is increased
according to its level of exposure to these zones. In this way, the lowest-cost path
reflects not only geometric distance but also the relative difficulty and operational risk
of moving through heavily affected areas.

On the resulting network, least-cost path values are computed between supply
points and candidate PODs, and between PODs and demand points. These values
are normalized to obtain accessibility scores and used as inputs to a mixed-integer
location–allocation model that determines which PODs to open and how to assign
demand under capacity constraints. Demand is represented through spatial clustering
of damaged buildings in order to preserve their distribution pattern, while candidate
POD capacities are scaled using an area-based proxy measure.

The framework is evaluated in a case study covering the Onikişubat and Dulka-
diroğlu districts following the 2023 Kahramanmaraş earthquakes. The results indicate
that incorporating damage-based penalties into road costs can modify certain routes
and local assignment decisions. However, the overall accessibility structure and the
resulting location–allocation pattern are more strongly influenced by the underlying
road network topology and by capacity assumptions. Sensitivity analyses further show
that the number of opened PODs reaches a saturation level beyond a given upper
bound, and that model feasibility is particularly sensitive to the chosen capacity scaling
approach. Overall, the study demonstrates how satellite-based damage detection can
be systematically translated into operational planning inputs for risk-aware accessibility
analysis and POD planning under time pressure and data constraints.
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1 Introduction

Large-scale earthquakes are spatially highly heterogeneous disasters. In a short time,
they can cause severe physical, social, and economic damage across a wide area. The
first hours and days after an earthquake form a critical window, often called the “golden
hours”, when survival outcomes can still be improved. In this period, reducing losses
depends not only on search-and-rescue capacity, but also on getting basic needs to
people quickly and reliably [Bal+10]. Shelter, water, food, and medical supplies have to
reach affected communities in a way that is both safe and repeatable, not as a one-off
effort. This is the domain of humanitarian logistics. Unlike commercial logistics, it is
not profit-driven, yet it is carried out under intense time pressure, high uncertainty,
and tight resource constraints [Hol+13]. For that reason, performance is not judged
simply by whether aid arrives in the region, but by who actually receives it, how fast it
is delivered, at what cost, and under what operational risks [Van06].

What makes post-earthquake logistics different from a standard facility location or
vehicle routing problem is the field itself. Conditions can change quickly, and access
can deteriorate sharply, especially around heavily damaged areas. Debris, surface
failures, bridge damage, and abandoned vehicles may slow down movement or block
it altogether. As a result, routes that look open on a map can become unreliable in
practice [GS06]. This is not only a physical constraint; it also creates operational risk.
A road may be technically passable, yet still unsafe or unsuitable for repeated use by
heavy relief trucks [Lib+14]. Therefore, decision-makers have to act with incomplete
field information, often while communication is disrupted and local constraints shift
from one hour to the next [GS06].

The 2023 Kahramanmaraş earthquakes provided one of the most striking examples
in modern history of these operational challenges and the need for coordination.
Immediately after the earthquake, official institutions and a vast network of volunteers
mobilized rapidly, and temporary storage and distribution centers were established
in different cities. However, the extent of the destruction on the ground and the
severe disruption of transportation networks delayed the delivery of aid in some areas,
particularly to rural settlements and heavily damaged neighborhoods in the city center.
International media and observer reports highlighted that deficiencies in logistical
planning and the extent of physical destruction in the initial stages of the earthquake
resulted in some areas being without access to basic aid for days [Mic23; Als23]. This
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1 Introduction

case once again underlines the importance of not only capacity management but also a
dynamic and risk-sensitive planning mechanism in disaster logistics.

In this context, the need to balance two fundamental objectives in disaster relief
distribution becomes clear: accessibility and equity. The accessibility objective reflects
an operational efficiency perspective, aiming to satisfy as much demand as possible in
the shortest time with limited resources. In contrast, the equity principle emphasizes
that areas that are difficult to reach, more vulnerable, or more severely affected by
destruction should not be excluded from the system simply because they are far
from the center or harder to access. Models that focus only on maximizing overall
efficiency may concentrate on “easy-to-reach” areas and reduce the service level in
peripheral or highly affected zones. On the other hand, an overly equity-oriented
approach may slow down the overall operation and make it harder to use limited
capacity effectively. This accessibility–equity trade-off lies at the core of post-disaster
facility location and demand allocation problems [NBA16; LA18]. While both objectives
are central in the literature, the present study focuses on accessibility maximization.
Damage-based demand estimation partially reflects the spatial distribution of need, but
equity constraints are not explicitly modeled.

Recent advances in machine learning and remote sensing have enabled rapid,
building-level damage assessment from satellite imagery, adding a new dimension
to this complex process. However, there is still a clear gap between these techno-
logical developments and operational decision-making. Many studies focus mainly
on answering the question “what was damaged?” and produce static damage maps.
The question of how this information can be translated into changes in network costs,
accessibility measures, or strategic POD decisions often remains fragmented. In other
words, image-based damage outputs frequently remain as visual products and are not
directly integrated as dynamic inputs into logistics optimization models.

The focus of this thesis is to address this gap by proposing an end-to-end framework
that transforms satellite-derived damage information into a data-driven decision sup-
port input for last-mile distribution. Unlike traditional approaches, demand points are
not derived from pre-disaster population data but directly from the spatial concentra-
tion of detected building damage. In addition, the transportation network is not treated
as a static distance layer; instead, it is modeled as a risk-sensitive cost surface, where
road segments are penalized based on their proximity to damaged building impact
zones. An important modeling choice should be noted here. Rather than developing a
real-time routing policy that updates while vehicles are in motion, this study adopts
a deterministic “planning snapshot” based on post-disaster observations. The aim is
not to eliminate uncertainty completely, but to reflect the observed spatial footprint of
damage indirectly and quickly through a modified cost structure.

The main contributions of this thesis to the literature and practice are based on
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1 Introduction

methodological integration and comprehensive analyses using real-world data. First,
the study presents a coherent and reproducible workflow that links satellite-based
damage information to risk-sensitive road costs and then to optimized logistics decisions
(facility location and demand allocation). Second, the proposed framework is tested
using real data layers from the 2023 Kahramanmaraş earthquakes, demonstrating
through a concrete case study in the districts of Onikişubat and Dulkadiroğlu how
theoretical models can be integrated with complex field conditions. Finally, the study
provides systematic insights into how parameters such as capacity constraints, risk
penalty coefficients, and the number of facilities affect the solution structure. In doing
so, it offers a transparent and data-driven basis for strategic planning in uncertain
post-disaster environments.

The remainder of the thesis is organized as follows. Chapter 2 reviews the existing
literature on disaster logistics, humanitarian facility location, satellite-based damage
assessment, and post-earthquake transportation network analysis, and positions the
study within this body of work. Chapter 3 presents the technical definition of the prob-
lem, the network components, and the modeling assumptions, and outlines the main
research questions and scope of the study. Chapter 4 introduces the methodological
framework, from satellite-based damage detection to the generation of risk-sensitive
road costs and the mathematical formulation of the optimization model. Chapter 5
reports the computational experiments and case study results based on data from the
2023 Kahramanmaraş earthquakes and discusses the findings from operational and
technical perspectives. The final chapter summarizes the main conclusions and outlines
directions for future research.
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2 Literature Review

This chapter reviews the literature that informs the methodological choices of this
thesis and positions the study within prior research on disaster response planning.
The review is organized around four interconnected streams: uncertainty and decision
challenges in post-disaster logistics, relief facility location and POD planning, remote
sensing and deep learning methods for building damage detection, and transporta-
tion network disruption and accessibility modeling (including online routing under
unknown disruptions). While each stream has developed strong results on its own, the
literature often treats them as separate components, leaving a gap between image-based
damage assessment and operational decision models. By synthesizing these strands,
this chapter motivates the integrated end-to-end workflow proposed in this thesis,
which translates detected building damage into risk-aware network costs and leverages
them for accessibility analysis and POD location and demand assignment.

2.1 Uncertainty and Decision Challenges in Post-Disaster
Logistics

Humanitarian logistics and disaster management involve severe uncertainty, especially
during the response phase [ACM16]. Decisions must be made under time pressure,
with limited resources and incomplete information. In emergency relief, time is usually
the main constraint. The first 72 hours matter most, yet teams still have to act with little
clarity about where needs will be highest or how much will be required [Van06].

Early work in the field emphasizes the difficulty of planning when demand, trans-
portation conditions, and available capacity are not known with confidence. For
example, Barbarosoğlu and Arda [BA04] propose a two-stage stochastic programming
framework to address uncertainty in supply amounts, route capacities, and demand
requirements after an earthquake. Similarly, Özdamar et al. [OEK04] combine multi-
period and multi-commodity network flow decisions with routing components and
note that limited and delayed data can become a major barrier to effective planning.
These studies highlight that uncertainty is not a secondary issue in disaster response; it
shapes both modeling choices and operational outcomes.
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2 Literature Review

2.2 Facility Location and Distribution Models for Relief
Operations

A large body of research studies the location of emergency facilities and PODs as part
of post-disaster relief networks [CNP12]. Many models represent demand and network
conditions through scenario-based structures, which makes uncertainty explicit and
allows the planner to evaluate multiple possible realizations.

Balcik and Beamon [BB08] develop scenario-based variants of maximal covering
formulations to support the placement of distribution centers and the planning of
inventory under uncertainty. Beyond travel distance, several studies also incorporate
service quality, equity, and social impact [GF18]. Loree and Aros-Vera [LA18] integrate
deprivation cost ideas into facility decisions, capturing the harm experienced while
access to relief is delayed. Holguín-Veras et al. [Hol+13] similarly argue for social-cost
objective functions that combine logistics and deprivation costs, defining deprivation
cost as the economic valuation of human suffering associated with a lack of access
to a good or service. Noyan et al. [NBA16] study last-mile distribution using data
from the Van earthquake and propose a stochastic optimization model that balances
accessibility and equity objectives. For the Istanbul context, Salman and Yücel [SY15]
consider spatial dependencies in link failures and aim to maximize expected covered
demand under correlated disruptions.

A common limitation across many location–allocation studies is the way demand
and damage are represented. Demand is often derived from pre-disaster proxies
such as population density or risk indicators, and network disruptions are commonly
imposed through assumed scenarios. This is a practical choice when real-time data
are unavailable, but it can disconnect the model inputs from the evolving post-disaster
situation. In Istanbul-focused work such as Yenice and Samanlı̆oğlu [YS20], scenario-
based modeling remains the main mechanism to reflect uncertainty in risk and unmet
demand.

2.3 Remote Sensing and Deep Learning for Damage Detection

Recent advances in remote sensing and deep learning have enabled automated damage
detection from post-disaster imagery. Convolutional Neural Network (CNN) are widely
used to replace manual inspection with scalable, image-driven classification.

Xu et al. [Xu+19] evaluate CNN architectures for building damage assessment using
satellite imagery from the Haiti earthquake and show that models comparing pre- and
post-event views can achieve strong performance. Several studies propose model de-
signs that improve accuracy and transferability. Alisjahbana et al. [ALZ+24] introduce
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2 Literature Review

a two-stage framework (building footprint detection followed by damage classification)
and report improved scores on the xView2 benchmark. Bhardwaj et al. [Bha+25] com-
bine ResNet- and U-Net-style components and use attention mechanisms to improve
focus on damaged regions. Wang et al. [Wan+25] study adaptation across disaster types
and propose semi-supervised fine-tuning strategies. Ekici [Eki21] explores hyperpa-
rameter optimization to improve classification performance under class imbalance. Nex
et al. [Nex+19] discuss operational constraints and the transferability of CNN models
across platforms and geographic contexts.

While these works produce accurate damage maps, their outputs are frequently used
for visualization or reporting. In many cases, the detected damage information does
not feed directly into a network model or an optimization formulation. This leaves
a practical gap between image-based damage detection and decisions such as POD
placement and last-mile assignment.

2.4 Transportation Network Risk and Accessibility Modeling

Transportation disruptions after earthquakes strongly affect relief operations, because
route availability and travel costs can change rapidly. The literature models these effects
using probabilistic methods, vulnerability-based measures, and simulation tools.

Yılmaz et al. [YAE19] estimate segment survivability using analytical relationships
that include seismic zone factors and ground motion indicators, and show that op-
timal routing decisions can differ substantially before and after an event. Toma-
Danila [Tom18] uses a Geographic Information System (GIS)-based framework for
Bucharest and studies road blockage risk through buffers around vulnerable buildings
and Monte Carlo simulation. Costa et al. [Cos+20] model debris effects and evaluate
whether road links become physically blocked, then analyze resulting traffic impacts.
Kilanitis and Sextos [KS19] incorporate bridge damage and time-varying demand to
assess network resilience in a dynamic setting.

A recurring challenge is the translation from remote sensing outputs to network-level
costs. Sakuraba et al. [Sak+16] point out that building an operational road graph from
imagery-based information often involves manual or semi-automatic steps, which can
be slow during the critical early response period. Related discussions also note that
real-time road condition information is rarely integrated into planning algorithms in a
seamless way [SMG25].
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2 Literature Review

2.5 Research Gap and Positioning of This Study

Taken together, the literature shows strong contributions in three areas: (i) facility
location and distribution optimization, (ii) damage detection from imagery, and (iii)
transportation network disruption modeling. However, these components are often
treated separately. Optimization models typically rely on assumed scenarios for
demand and network condition, while damage detection studies often stop at map
products. Rather than enumerating disruption scenarios, this thesis uses detected
building damage as a direct, data-driven proxy for local access degradation. The
resulting proxy is translated into risk-aware edge costs on the road network, providing
a consistent mechanism to propagate image-based damage information into shortest-
path accessibility measures and location–allocation decisions. Network disruption
models may capture physical mechanisms, but do not always connect to POD location
decisions through consistent inputs.

This thesis addresses this integration gap with an end-to-end workflow that links
damage detection outputs to a risk-aware road cost structure and then to accessibility-
based POD location and demand assignment. In the proposed approach, damage
detection provides building-level labels, damaged buildings define local impact zones
(buffers), these zones translate into risk penalties on road segments, and the resulting
risk-aware network costs feed both shortest-path accessibility calculations and the
optimization model. By using detected post-disaster conditions as model inputs, the
framework reduces reliance on purely hypothetical scenarios and provides a more
direct path from imagery to decision support.
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3 Problem Definition

This chapter defines the decision problem studied in this thesis and clarifies the
modeling scope. The focus is the early response stage after a large earthquake, where
rapid planning is required while field information is limited and access conditions can
deteriorate unevenly across the road network. The central decision is to select a set
of PODs and assign affected demand locations to these PODs in a way that remains
feasible under capacity limits and reflects disrupted access through a risk-aware road
cost structure.

3.1 Last-Mile Relief Network Structure

The relief network considered in this study consists of three types of nodes: supply
entry points, candidate POD sites, and demand locations. Supply points represent locations
where aid enters the study area and serves as the origin of inbound flows. Candidate
PODs are local distribution sites (e.g., public facilities or open areas) that can be
activated to stage and distribute supplies. Demand locations represent aggregated
zones of need derived from the spatial concentration of damaged buildings.

From an operational perspective, the planning problem can be summarized by two
linked questions: (i) which candidate sites should be activated as PODs, and (ii) once
sites are activated, how should demand locations be allocated to them so that service is
feasible and access-aware?

3.2 Decision Problem

Let S be the set of supply points, J the set of candidate POD sites, and I the set of
demand points. The decision problem is to select which candidate PODs to open, and
assign each demand point to exactly one opened POD, subject to capacity limits at
opened sites.

Travel between nodes is represented on a road network. Costs are computed as least-
cost (shortest) path values, but the edge weights are risk-aware rather than length-only.
Each road segment has a base cost derived from its length and a multiplicative penalty
that increases with exposure to damaged-building impact zones. In the baseline form,

8



3 Problem Definition

the segment cost can be written as

cost = lengthm (1 + α · damagen),

where α → 0 controls the contribution of damage exposure and damagen denotes
the damage intensity measure assigned to that segment (derived from buffer-based
interactions with damaged buildings). Least-cost paths computed on this weighted
network produce two cost matrices: Supply↑POD and POD↑Demand. These costs
are then transformed into normalized accessibility scores and used as inputs to the
optimization model.

The output of the decision problem is the opened POD set and a complete demand-to-
POD assignment. In later chapters, these outputs are interpreted through accessibility
measures and map-based results to illustrate how risk-aware costs influence both
routing preferences and location–allocation decisions.

3.3 Research Questions

This thesis is guided by the following research questions:

1. How can damage information extracted from satellite imagery be translated into
a road cost structure that reflects post-disaster access conditions?

2. To what extent does integrating satellite-derived damage information into the
road cost structure influence accessibility patterns and POD location–allocation
decisions under different scenario settings?

3. For the instance sizes considered in this study, can the proposed POD location and
demand assignment model be solved to optimality within practical computing
limits?

These questions connect the data-driven damage detection output to network analysis
and, finally, to the optimization-based site selection decision.

3.4 Scope and Modeling Assumptions

The model represents a planning decision for the early response stage. It focuses on
access and allocation rather than detailed operational scheduling. Several assumptions
are made to keep the problem tractable and consistent with the available data and GIS
layers:

9



3 Problem Definition

• Demand representation. Demand points represent aggregated need locations
derived from damaged buildings. Demand magnitude is proportional to the
number of damaged buildings within each demand cluster.

• Capacity proxy. Candidate POD capacities are derived from site area as a proxy.
The capacity scale is aligned with the demand scale through a conversion factor
defined in the experimental setup.

• Risk-aware but static network snapshot. The road network is assumed to be
connected after preprocessing and topology cleaning. However, isolated cases
may still occur when point locations fall outside practical routing reach, in which
case they are flagged and handled during the experimental phase. Disruption is
represented through increased travel costs near damaged buildings rather than
through explicit link removals or time-varying updates. The resulting model is a
deterministic snapshot conditioned on the available damage signal.

• Single allocation for interpretability. Each demand point is assigned to exactly
one POD. This produces a clear service partition and supports interpretable,
map-based analysis of allocations. This choice trades flexibility for interpretability,
which is important in early-response planning.

These assumptions do not claim to resolve all sources of uncertainty present in
disaster response. Instead, they reflect what can be reliably supported with the available
imagery, derived damage outputs, and road data, while still producing a decision model
that can be solved and interpreted within a short planning horizon.

3.5 Chapter Link to the Methodology

The next chapter presents the methodology used to construct the model inputs and
solve the decision problem. It describes how damaged buildings are detected from
satellite imagery, how damage is mapped into risk penalties on road segments, how
shortest-path costs are computed and converted into accessibility scores, and how these
quantities are integrated into the POD location and demand assignment formulation.

10



4 Methodology

This chapter presents a methodological framework for post-disaster aid distribution
planning. The proposed approach transforms damage information derived from satellite
imagery into a risk-aware cost structure on the road network, computes accessibility
measures based on these costs, and subsequently formulates an optimization model
to address POD site selection and demand assignment. In this way, the transportation
impacts of disaster-induced physical damage are not treated merely as a descriptive or
visual output, but are explicitly embedded in the decision-making process.

The framework comprises four main components: (i) Damage Detection, (ii) Road
Network Cost Assignment, (iii) Accessibility Computation, and (iv) Optimization
Model. Each component produces outputs that serve as inputs to the subsequent
stage. Specifically, the damage detection module identifies damaged structures and
characterizes their spatial distribution; the road network cost assignment module
maps this information onto the transportation network by penalizing road segments
according to their exposure to damaged-building influence zones (e.g., buffer-based
interactions), thereby producing a risk-aware edge-cost representation; the accessibility
computation module then derives shortest-path-based cost and accessibility metrics on
the resulting network; and the optimization model leverages these metrics to determine
POD locations and assign demand points to the selected PODs.

4.1 Preliminaries and Implementation Context

The workflow links image-based damage detection, GIS-based processing, and road-
network analysis within a single pipeline. To clarify the implementation context, two
points are stated upfront.

First, the damage detection step uses a deep convolutional neural network with a
ResNet18 backbone [He+16]. ResNet is employed as a standard image-recognition
backbone to extract visual features from building patches and produce binary dam-
aged/undamaged labels; architectural details and training settings are provided in
Section 4.3.

Second, geospatial processing was carried out in a GIS environment using QGIS
[QGI25]. QGIS supports layer-based handling of raster and vector data, basic alignment
checks, and the export of intermediate products reused in later stages. Similar steps
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could be implemented with other GIS software or a fully code-based stack; QGIS
provides an efficient and reproducible setup for the scope of this study.

4.2 Data Inputs and Preprocessing

This section describes the geospatial datasets used in the proposed framework and the
preprocessing steps applied before network analysis and optimization. The workflow
uses (i) post-disaster satellite imagery for damage detection, (ii) pre-disaster vector
layers for buildings and roads, and (iii) point layers for supply locations and candidate
PODs. Demand locations are not provided as an input. Instead, demand points are gen-
erated from the spatial distribution of the detected damaged structures (Section 4.2.4).
The post-disaster input is a georeferenced optical satellite raster that provides the visual
basis for building-level inference. Dataset-specific details (acquisition time, provider,
and spatial resolution) are reported in the experimental setup.

All datasets were imported into a single QGIS project and overlaid using their
embedded georeferencing information, enabling a direct visual verification that pre-
disaster building footprints and road geometries coincide with their expected locations
in the post-disaster imagery. In practice, post-disaster imagery is first compiled to
provide the visual and spatial basis for the damage detection module, while building
footprints and road geometries corresponding to the closest available pre-disaster
period are obtained from OpenStreetMap (OSM) and imported as vector layers. In
this study, these OSM vector layers were obtained from the Geofabrik distribution
of regional extracts and imported into QGIS [Ope25; Geo25]. After confirming the
expected overlay in QGIS, these standardized layers form the final inputs for damage
detection and provide the consistent spatial foundation for subsequent risk-aware road
cost assignment, shortest-path-based accessibility computation, and location–allocation
optimization.

4.2.1 Geospatial Data Layers and Key Attributes

The spatial data used in this study were considered in two categories: input layers and
layers derived within the study. Input layers provide the basic geometries necessary for
damage detection and network analysis.

Derived layers are generated from these inputs and are used in the accessibility
calculations and the optimization model. The input layers include: (1) post-disaster
satellite imagery (raster), used as the visual and spatial reference for damage detection;
(2) pre-disaster building footprints (polygons) and (3) road geometries (lines), obtained
from OSM as vector representations of the built environment and the transportation
network; (4) supply points, representing the origins of the analysis; and (5) candidate
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POD locations, created from OSM; Points of Interest (POI), landuse, and Points of
Worship (POFW) classes (the selection and filtering steps are described in Section 4.2.4).
Demand points are not available as a standalone dataset. Instead, they are generated
from the spatial distribution of the damaged structures identified by the damage
detection step (Section 4.2.4). All vector layers include unique identifier fields to
support cost-matrix generation in later stages and to index the optimization model. Pre-
disaster building footprints and road centerlines are obtained from an open mapping
source and used as baseline vector layers. The exact extraction date and filtering rules
are documented in the experimental setup.

4.2.2 Coordinate Reference System and Layer Alignment

All spatial data were managed in a single QGIS project. Since each layer included
georeferencing information, QGIS overlaid the datasets automatically based on their
coordinates. This is important for later spatial operations such as buffer generation,
area calculation, and intersection.

Before the analysis, the alignment between the pre-disaster vector layers (building
footprints and road geometries) and the post-disaster satellite imagery was checked
visually in QGIS. Road geometries generally aligned well with the imagery. For building
footprints, small local deviations can occur due to parallax effects. The impact of this
issue is discussed in later sections.

To ensure consistent units for distance and area-based operations, all calculations
were performed in a projected Coordinate Reference System (CRS) with metric units.
When needed, layers were reprojected to the selected CRS and saved to support
reproducibility (Project CRS: EPSG:32637).

4.2.3 Road Network Preparation

Road network data were obtained in polyline format and prepared for shortest-path
calculations and segment-level cost assignment. Before computing shortest paths,
the road layer was inspected to avoid common issues that can break routing results.
Inconsistent or repeated segments and occasional gaps were removed or fixed where
needed to improve connectivity. This step helps reduce routing and cost-calculation
errors in later stages. To ensure routability, the polyline layer was converted into an
edge-based network by splitting lines at intersections and removing duplicate/invalid
geometries. Small gaps and overshoots that prevent connectivity were corrected using
standard GIS topology cleaning operations; dataset-specific thresholds are provided in
the experimental setup.

The road layer was treated on a segment (edge) basis. Routing is performed on an
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undirected graph with edge weights derived from the risk-aware cost field. Directional
restrictions and speed profiles are not modeled, as the objective is to represent relative
post-disaster accessibility under limited information. For each road segment, the unique
identifier field already available in the dataset was used. Since segment length was not
available as an attribute in the original layer, it was computed using the Field Calculator
($length) and added as a new field. This length value was used as the initial cost before
applying any risk penalty. In the next step (Section 4.4), damage-related risk effects
were incorporated into these initial values to obtain the final road costs.

The output of this preprocessing stage is a topologically consistent road network
with basic attributes for each segment, including an identifier and length. This dataset
is used as input for risk-aware cost assignment (Section 4.4) and shortest-path-based
accessibility calculations (Section 4.5).

4.2.4 Point Layers: Supply, Candidate PODs, and Demand

This subsection describes how the point layers were prepared for the analysis. The
study uses three main point layers: supply points, candidate PODs, and demand points.

Supply and candidate PODs form the set of decision locations in the optimization
model. Demand points are not available as a standalone dataset. Instead, they are
derived from the locations of damaged buildings identified by the damage detection
module (see Section 4.3).

Supply Points

Supply points were placed to reflect incoming aid, and they were selected along the
main access roads into the settlement, at locations suitable for network-based analysis.
This choice captures the typical entry directions of incoming aid in a simple but realistic
way. Each supply point is assigned a unique identifier and is used as an origin in the
subsequent supply-to-POD accessibility calculations. These locations are not intended
to represent exact logistics hubs, but rather stylized entry points that capture dominant
access directions into the study area.
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Figure 4.1: Supply points representing stylized entry locations for incoming aid in the
road network.

Candidate PODs

The candidate POD set was built from OSM data. Three OSM datasets were used: POI,
POFW, and landuse. Each dataset was available as both point and polygon layers. To
work with a point-based candidate set, areas were computed from the polygon layers
and added as attributes to the corresponding point layers. The point layers were then
used in the remaining steps.

From the POI layer, facility types that can serve as PODs were selected: school, hospital,
clinic, university, stadium, sports_centre, market_place, shelter, playground, camp_site, and
caravan_site. From the landuse layer, open-space classes were selected: park, grass,
meadow, orchard, and farmland. POFW features were also included.

The area attribute (m!) was used in two ways. A minimum-area threshold was
applied to remove very small sites that are unlikely to operate as PODs; the adopted
threshold is reported in the experimental setup. The same area value was also used
as a proxy for POD capacity, based on the assumption that larger sites can serve
more demand. Finally, candidates from the three sources were merged into a single
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dataset and duplicates were removed. The resulting candidate POD set was used in
the accessibility calculations and in the optimization model.

Demand Points

Demand points were not available as a standalone dataset in this study. Instead,
they were derived from the locations of damaged buildings identified by the damage
detection module (see Section 4.3). The goal was to represent demand with a smaller
set of points, rather than using one point per building.

Damaged building points were clustered using k-means [Mac67]. Since k-means
requires the number of clusters K to be specified in advance, K was selected based
on the total number of damaged buildings and the assumed service capacity of PODs.
Several nearby K values were also tested, and the resulting spatial patterns were
visually inspected to avoid unrealistic cluster shapes. Clustering is performed in
projected (metric) coordinates. To ensure reproducibility, the k-means procedure is run
with a fixed random seed and multiple initializations. The selected number of clusters
K follows a capacity-driven granularity criterion, and the final K used in the case study
is reported in the experimental setup.

The clustering step is not intended to recover true neighborhoods, but to obtain
a computationally manageable and spatially representative demand abstraction that
can be consistently integrated into the network-based accessibility analysis and the
optimization model [IS15].

One demand point was created for each cluster. Its location was defined as the cluster
center, computed as the mean of the coordinates of the damaged buildings belonging
to that cluster. Demand magnitude was defined as the number of damaged buildings
within the cluster. These demand points were subsequently used in the accessibility
calculations and in the optimization model.
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Figure 4.2: Spatial aggregation of damaged buildings into representative demand points
using k-means clustering. Colored points indicate damaged buildings
assigned to each cluster; red stars denote cluster centers used as demand
points in the optimization model.

4.3 Damage Detection

In this thesis, the purpose of the damage detection step is to identify damaged buildings
from post-disaster satellite imagery and provide input to two components: deriving
demand points from the spatial concentration of damaged buildings, and translating
the effects of destruction on the road network into risk penalties at the road-segment
level. For this reason, damage detection is formulated as a binary classification task
(damaged/undamaged), rather than a detailed damage grading scheme.

The model development followed two stages. First, a ResNet18-based classifier was
trained using a dataset of building image patches derived from post-earthquake satellite
imagery and labeled as damaged or undamaged. During training and validation,
visually similar samples were grouped to avoid placing near-duplicate images in
different splits. The data split was then performed at the group level to reduce
optimistic performance estimates. Second, the trained model was applied to the study
area. The post-disaster image was cropped at each pre-disaster building footprint. Each
crop was then classified as damaged or undamaged. The predicted labels were assigned
back to the corresponding building polygons and displayed in QGIS as a thematic layer.
The set of polygons labeled as damaged was exported as the damaged-building layer
and used in the next steps of the workflow. Remaining uncertainties related to image
quality and layer alignment are discussed under the limitations of this section.
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4.3.1 Training Data and Model Development

The damage detection model was trained on a post-earthquake dataset of cropped
building images derived from a recent large-scale earthquake event. As illustrated in
Figure 4.3, the dataset includes both undamaged and damaged building patches with
varying visual conditions.

Each sample corresponds to a building-area crop extracted from post-disaster satellite
imagery.

Figure 4.3: Example image patches from the training dataset. Left: undamaged building
samples. Right: damaged building samples.

In this thesis, the task is formulated as a binary classification problem (damaged
versus undamaged) to align with the requirements of the decision model.

ResNet18 was used as the backbone architecture and fine-tuned from pretrained
weights. All images were resized to a fixed input resolution and normalized prior to
training. A compact training setup was adopted, consisting of 8 epochs, a batch size of
8, and a learning rate of 2 ↓ 10↔4.

The dataset may contain visually similar image patches. If near-duplicate images
are assigned to different data splits, validation performance may be overestimated.
To mitigate this issue, images were grouped based on perceptual similarity and kept
together during data splitting. Similarity groups were constructed using perceptual
hashing (pHash), and a 5-fold GroupKFold scheme was applied [Ped+11; Buc].

Model performance was evaluated on the validation set using the F1 score and the
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Area Under the ROC Curve (AUC). Validation performance remained consistently
high across epochs, with F1 scores ranging from approximately 0.982 to 0.988 and
AUC values around 0.999. Validation probabilities were calibrated, and the decision
threshold was selected to maximize the validation F1 score, resulting in a threshold
value of τ = 0.464. Under this threshold, the validation accuracy reached 0.991. The
precision–recall trade-off was summarized using a Precision–Recall (PR) curve, which
indicates that precision remains high across a wide range of threshold values. While
validation scores are high, these values should be interpreted in light of the controlled
dataset structure and the binary formulation of the task.

Figure 4.4: PR curve of the damage detection model on the validation set. The curve
demonstrates consistently high precision across nearly the full recall range.

4.3.2 Inference on the Study Area

The trained damage detection model was applied to the study area through the pre-
disaster building polygons. This step labels each building footprint and creates an
output layer for GIS analysis. The building footprints and the post-disaster image share
the same coordinate reference system. A Python script crops the post-disaster image
using each building polygon. For each footprint, a local image patch is extracted using
the footprint extent with a small padding margin, then resized to the network input
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resolution for classification. This standardizes the inference pipeline across buildings.
Each crop was classified as damaged or undamaged. The labels were mapped in QGIS
as a thematic layer. Footprints classified as damaged were displayed in red, while
undamaged footprints were displayed in green.

Polygons classified as damaged were exported as a separate layer. This layer was
used in two later steps. First, it supported the derivation of demand points and the
clustering procedure (Section 4.2.4). Second, it served as the source layer for assigning
risk penalties to road segments in the cost model (Section 4.4).

Figure 4.5: Damage detection output mapped on building footprints in QGIS (red:
damaged, green: undamaged) over post-disaster satellite imagery.

4.3.3 Limitations

The damage detection step depends on the readability of the post-disaster satellite
imagery and on the local overlap between the imagery and the pre-disaster building
footprints. Small mismatches can occur in practice. Parallax is a common cause, since
the footprint and the visible roof area may not fully align. When this happens, the
cropped patch may capture the building only partially, and the model output may
change. This can cause some undamaged buildings to be labeled as damaged.

Errors can also increase when the cropped patch contains limited detail. These issues
arise at the building level and may carry over to later steps that use the damaged-
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building layer. Their impact is assessed in the computational experiments and results
section.

An important characteristic of the damage detection output is that misclassifications
are not symmetric. Due to parallax effects and partial roof visibility, some undamaged
buildings may be labeled as damaged, whereas the opposite error (classifying severely
damaged buildings as undamaged) was observed much less frequently in qualitative
inspection. As a result, the damage signal used in this study can be interpreted as
conservative: it may overestimate local damage and exposure, but is less likely to miss
heavily damaged structures.

Since the damaged-building layer directly influences the exposure-based road costs,
any systematic bias in classification may propagate into the accessibility measures. In
particular, false positives (undamaged buildings classified as damaged) can lead to
locally inflated road costs and reduced accessibility in those areas. However, because the
cost adjustment is proportional and controlled by the parameter α, the network remains
connected and routes are penalized rather than removed. This design choice limits
structural distortions in the accessibility structure while still discouraging traversal
through areas flagged as highly exposed.

4.4 Road Network Cost Assignment

The distribution of damaged buildings obtained from damage detection was used to
define a risk component on the road network. The goal is to avoid routes that depend
only on geometric length, which can be misleading under post-disaster conditions.
Road segments near damaged buildings were assigned an additional penalty, which
makes the network costs risk-aware.

For each segment, length was used as the base cost. The damage effect was derived
from impact zones around damaged buildings. Final segment cost was then computed
by combining length with this damage effect. The resulting risk-aware costs were used
to build shortest-path cost and accessibility matrices, and to provide cost inputs for the
optimization model.

4.4.1 Input Data and Base Road Cost

Road segments and the set of buildings labeled as damaged are used together in this
stage. The road layer is processed segment by segment. Each segment has its own
ID, and the cost is defined for that segment. The damaged-building layer consists of
building polygons labeled as damaged and provides the risk source. Base road cost
is defined as segment length. Length is computed in a metric coordinate system and
stored as an attribute in the road layer. This value is the cost before any damage-related
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penalty. It is updated in the next stage using the damage impact to obtain the final
risk-aware cost.

4.4.2 Buffer-Based Impact Zones Around Damaged Buildings

Damaged buildings can affect local road access. Debris and nearby disruptions may
make travel more difficult in their immediate surroundings. To reflect this impact on
network costs, a fixed-radius impact zone has been defined around each damaged
building. In practice, as illustrated in Figure 4.6, a buffer with a fixed radius was
created for each of the damaged building polygons, which are the damage detection
output. The resulting buffer layer was used as a spatial mask representing the local
impact of the destruction on the road network. This mask was then used in the next
step to determine whether road segments intersected with these impact zones and
to quantify the damage impact on a segment-by-segment basis. The buffer radius is
treated as a fixed parameter in the analysis, and its specific value is defined in the next
step.
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Figure 4.6: Illustration of fixed-radius impact zones around buildings labeled as dam-
aged (buffers) and the road segments intersecting these zones. The number
of intersected buffers per segment defines the exposure measure damagen
used in risk-aware edge costing.
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To justify the choice of the buffer radius, we rely on a physical interpretation of how
collapse-induced debris and response-related constraints can reduce road usability
near damaged structures. To capture the localized effect of structural failure on the
road network, damage impact zones are created by applying a fixed buffer radius r to
each building identified as damaged. In the baseline setting, r is set to 20 meters. This
value is specifically chosen to reflect the potential debris footprint of the 3 to 8-story
reinforced concrete buildings prevalent in Kahramanmaraş’s urban centers [AFA23].

The selection is strongly informed by the empirical correlations proposed by Argy-
roudis et al. [APA05], which relate the number of storeys (N) to the induced debris
width (Wd). According to the average correlation curve (N = 0.06W2

d + 0.35Wd) pro-
vided in that study, an 8-story building (N = 8) results in a mean debris spread of
approximately 9 meters [APA05]. However, Argyroudis et al. [APA05] emphasize that
as building height increases, the dispersion of predicted debris values among different
collapse models grows significantly, with "Model C" representing shapes with much
wider debris footprints.

Beyond the physical footprint of the wreckage, the logic in [APA05] recognizes that
road accessibility is a calculation that factors in the building’s set-back distance from
the street and the "effective width" required for rescue vehicles to maneuver safely. By
adopting a 20-meter radius, we move beyond a simple measurement of debris to create
a realistic safety margin that accounts for both unpredictable collapse patterns and the
operational space needed for emergency teams.
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Figure 4.7: Correlation between building height (number of storeys) and induced debris
width, showing the mean curve and the variation across different collapse
models [APA05]. For an 8-story building, while the mean spread is approxi-
mately 9 meters, the model dispersion and operational factors support the
use of a more conservative 20-meter buffer radius.

4.4.3 Damage Exposure and Risk-Aware Costing in Road Segments

At this stage, the goal is to measure how damage affects each road segment and to
incorporate this effect into segment cost. Road segments were overlaid with the fixed-
radius buffer layer defined in Section 4.4.2. For each segment, the number of buffer
zones it intersects was computed and denoted by damagen.

Damage exposure is quantified as the count of intersected impact zones, rather than
the intersection length along the segment. While a length-based exposure measure
could provide a finer-grained representation, the count-based measure is preferred
to remain consistent with the binary nature of the damage detection outputs and to
avoid introducing artificial precision under positional uncertainty (e.g., parallax-related
footprint misalignment).

Segments with damagen = 0 are not exposed to nearby destruction, while damagen >
0 indicates segments that pass through one or more impact zones.

Segment costs were then updated using damagen. Length in meters, lengthm, was
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used as the base cost. Damage exposure scales this base cost through a multiplier. The
cost function is

cost = lengthm (1 + α damagen) .

Here, α sets the strength of the damage penalty in the road cost. Since the damage
signal is derived from satellite imagery and is not a direct measurement of travel time,
α is not interpreted as a physically calibrated constant; rather, it acts as a conservative
risk-aversion parameter that discourages routing through exposed segments while
keeping the network usable. If damagen = 0, the cost reduces to the segment length
and no damage effect is applied.

As damagen increases, the segment cost increases in proportion. The coefficient
α is fixed in the computational experiments, and the adopted value is reported in
the experimental setup. These risk-aware costs are then used as edge weights in the
shortest-path calculations that produce the cost matrices for the optimization model.

4.4.4 Output Layer and Cost Field

At the end of this step, the road layer was updated with the risk-aware costs and saved
for later analyses. Two new attributes were added to each road segment: the exposure
value damagen and the corresponding final cost. Each segment therefore retains both
its length-based base cost and the updated cost that reflects nearby damage.

Shortest-path calculations in this study use the final cost attribute as the routing
weight. The same attribute is used when generating the cost matrices required by the
optimization model, which keeps the cost computations consistent across stages. The
exported layer represents the risk-aware road network and is used in the accessibility
calculations presented in the next section.

4.5 Accessibility Computation

This section computes accessibility using the road network updated with risk-aware
costs in the previous step. The goal is to estimate travel costs between the main
point sets in the aid distribution system and to produce the matrices required by the
optimization model. The costs reflect both route length and the added difficulty near
locations identified as damaged through damage detection. Shortest-path costs are
computed between supply points, candidate POD locations, and demand points. The
results are exported as cost matrices and then transformed into accessibility scores on a
common scale.
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4.5.1 Network Entities, Preparation and Shortest-Path Cost Computation

Accessibility was computed between three groups of locations: supply points, candidate
POD sites, and demand points. Supply points represent entry locations for incoming
aid and act as origins in the network analysis. Candidate POD locations form the
set of potential distribution sites and are used both in cost computation and in the
optimization model. Demand points are derived from the spatial pattern of buildings
labeled as damaged through damage detection and are aggregated into a smaller set of
representative points via clustering (Section 4.2.4).

Shortest-path analysis requires each point to be connected to the road network.
Points were therefore snapped to the nearest road segment before routing. This places
each location on the network so it can be used as an origin or destination. The
snapping step also reduces routing errors that can arise from small positional offsets.
All points are projected onto the nearest road segment prior to routing to guarantee
network connectivity. A maximum snapping tolerance ε is used to prevent unrealistic
connections; points exceeding ε are flagged for inspection. The value of ε is specified
in the experimental setup.

Cost calculations used the risk-aware road network from Section 4.4. Each road
segment was weighted by its final cost value. Shortest-path costs were then computed
for all pairs in two sets: supply↑candidate POD and candidate POD↑demand. For each
pair, the result is a single cost value given by the sum of segment costs along the selected
route. The minimum-cost paths were obtained with Dijkstra’s algorithm [Dij59].

4.5.2 Cost Matrices and Exported Model Inputs

Shortest-path results were prepared in two sets for the optimization model. The first
set covers Supply–POD costs, defined as the travel cost from each supply point to each
candidate POD. The second set covers POD–Demand costs, defined as the travel cost
from each candidate POD to each demand point. Each entry is the minimum-cost path
value computed on the risk-aware road network. Using the same cost definition for
both sets keeps supply-side access and demand-side service costs comparable.

Costs were exported in a long-table format. In the POD–Demand file, each row
contains the fields demand_id, pod_id, and cost. Supply–POD costs follow the same
structure. This layout fits indexed parameters in the optimization model and scales
well as the number of pairs grows.

The cost values were normalized to obtain accessibility scores that can be compared
across origin–destination pairs. Accessibility is denoted by ϱij for the POD–Demand
pairs and by ϱSP

sj for the Supply–POD pairs. The normalization rule and the exact
transformation are defined in Section 4.6.
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Additional model inputs were saved as separate CSV tables. The demand table lists
each demand point and its magnitude, defined as the number of damaged buildings
in the corresponding cluster. The candidate POD table includes the candidate ID and
site area; area is used as a proxy for capacity. The supply table lists the supply point
IDs. All tables follow a consistent ID scheme so they can be joined reliably in the
optimization model. For the study instance, least-cost path values were successfully
computed for all required Supply–POD and POD–Demand origin–destination pairs,
yielding complete cost tables for the optimization model.

4.6 Optimization Model

This section formulates the POD location and demand assignment problem. The
formulation uses the risk-aware network costs and the accessibility scores computed
in the previous steps. A limited number of PODs can be opened. Each demand point
is assigned to one of the opened PODs, subject to capacity constraints. The objective
accounts for accessibility on two links: POD–demand and supply–POD. The next
part defines the sets, parameters, and decision variables, and then states the objective
function and constraints.

4.6.1 Sets, Parameters, and Decision Variables

Table 4.1 lists the sets, parameters, and decision variables used in the formulation.
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Table 4.1: Model Notation
Notation Description
Sets and Indices
I Set of demand points (demand nodes), index i
J Set of candidate POD locations, index j
S Set of supply points, index s

Parameters
di Demand at demand point i ↗ I (e.g., building count)
Kj Capacity of POD j ↗ J (area-proportional capacity, scaled to total demand)
κ Capacity scaling parameter (total capacity is set to κ ∑i↗I di)
C ↘ |J| Maximum number of PODs allowed to open
cij Least-cost path cost from POD j to demand point i
cSP

sj Least-cost path cost from supply point s to POD j
cmin, cmax Minimum/maximum values of cij over all (i, j) pairs
cSP

min, cSP
max Minimum/maximum values of cSP

sj over all (s, j) pairs
ϱij Normalized POD↑Demand accessibility score (from j to i)
ϱSP

sj Normalized Supply↑POD accessibility score (from s to j)
ϱ0

j Aggregated normalized Supply↑POD score for POD j
wPD Weight of the POD↑Demand accessibility term
wSP Weight of the Supply↑POD accessibility term

Decision Variables
yj ↗ {0, 1} 1 if POD j is opened, 0 otherwise
xij ↗ {0, 1} 1 if demand point i is assigned to POD j, 0 otherwise
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The parameters defined in Table 4.1 are combined in the optimization model so that
demand allocation and capacity constraints are expressed on a consistent basis. Since
demand is represented by aggregated damaged-building counts and POD capacity is
proxied by site area, capacities are constructed using an area-proportional allocation
rule with a capacity buffer. Let areaj denote the usable site area of candidate POD j
and let total demand be ∑i↗I di. Total available capacity is set to a fixed multiple of
total demand, controlled by a buffer factor κ > 0, and distributed across candidates
proportionally to their area:

Kj = κ

)︄

∑
i↗I

di

[︄
areaj

∑k↗J areak
.

In the implementation, the same parameter κ is denoted as SCALAR. This construction
preserves monotonicity (larger sites imply larger capacity) and yields ∑j↗J Kj = κ ∑i↗I di.
In this sense, κ acts as a capacity buffer that provides slack against proxy and measure-
ment uncertainty. The value of κ is reported in the experimental setup.

The area-based construction of Kj is intended as a structural proxy rather than
a precise operational capacity estimate. In the absence of detailed information on
site layout, staffing, storage, and handling rates, site area provides a consistent and
reproducible scaling rule that preserves relative differences across candidate locations.
The buffer factor κ introduces controlled slack to absorb representation uncertainty and
to keep the assignment model feasible under proxy-based capacity estimates.

4.6.2 POD–Demand Accessibility

For each candidate POD j ↗ J and demand point i ↗ I, a normalized accessibility score
ϱij is derived from the corresponding least-cost path value cij. The score is obtained via
inverse min–max normalization to convert travel costs into a standardized accessibility
index [Han59]:

ϱij =
cmax ↔ cij

cmax ↔ cmin
, (4.1)

where cmin and cmax are the minimum and maximum values of cij over all (i, j) pairs.

4.6.3 Supply–POD Accessibility

For each supply point s ↗ S and candidate POD j ↗ J, the least-cost path value is
denoted by cSP

sj and normalized as:

ϱSP
sj =

cSP
max ↔ cSP

sj

cSP
max ↔ cSP

min
, (4.2)
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where cSP
min and cSP

max are the minimum and maximum values of cSP
sj over all (s, j) pairs.

4.6.4 Aggregation of Supply Accessibility

A single supply accessibility score is computed for each candidate POD j:

ϱ0
j =

1
|S| ∑

s↗S
ϱSP

sj . (4.3)

4.6.5 Model Overview

The model decides which candidate PODs to open and how to assign demand points
to the opened sites. Variable yj indicates whether candidate site j is opened. Variable
xij assigns demand point i to POD j. Each demand point is assigned to exactly one
opened POD, and the total assigned demand cannot exceed the capacity of that POD.
The number of opened sites is limited by C.

The objective combines two accessibility terms. The first term rewards assignments
that provide better POD↑Demand accessibility, weighted by the demand magnitude
di. The second term favors opening sites that are easier to access from the supply side.
Weights wPD and wSP control the relative influence of these two components.

4.6.6 Objective Function

The objective maximizes overall accessibility by combining the POD–Demand and
Supply–POD accessibility terms.

max wPD ∑
i↗I

∑
j↗J

ϱij di xij + wSP ∑
j↗J

ϱ0
j yj (4.4)

4.6.7 Constraints

The formulation is subject to the following constraints.

1. Maximum number of PODs that can be opened:

∑
j↗J

yj ↘ C (4.5)

2. Assignment of demand points: Each demand point must be assigned to exactly one
POD.

∑
j↗J

xij = 1 ≃i ↗ I (4.6)
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3. Assignment only to opened PODs: A demand point can only be assigned to an
opened POD.

xij ↘ yj ≃i ↗ I, ≃j ↗ J (4.7)

4. Capacity limitation of PODs: The total demand allocated to a POD cannot exceed
its capacity.

∑
i↗I

di xij ↘ Kj yj ≃j ↗ J (4.8)

5. Opened PODs cannot remain empty: This constraint avoids degenerate solutions
in which a POD is opened solely to benefit from its supply-side accessibility score,
without serving any demand.

∑
i↗I

xij → yj ≃j ↗ J (4.9)

6. Binary decision variables:

xij ↗ {0, 1} ≃i ↗ I, ≃j ↗ J (4.10)
yj ↗ {0, 1} ≃j ↗ J (4.11)
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This section reports the computational experiments on the Kahramanmaraş case. The
experiments have two aims. First, they examine how mapping damage information to
risk-aware road costs affects accessibility and the resulting POD site selection. Second,
they demonstrate that the POD location and demand assignment model is solvable at
the instance sizes considered in this study. Unless stated otherwise, the study area,
input tables, and solver settings are kept fixed, and results are reported through the
opened POD set and the demand–POD assignments, supported by map-based outputs.

5.1 Experimental Setup

This section describes the study area and data sources, the instance size and input
tables, the baseline parameter setting, and the solver environment.

5.1.1 Study Area and Data Sources

The experiments focus on a study area covering the Onikişubat and Dulkadiroğlu
districts of Kahramanmaraş. These districts were among the most heavily affected
regions that sustained significant structural damage during the February 2023 earth-
quake sequence [AFA23]. District boundaries were obtained by filtering a vector layer
of Turkey’s administrative units, and all analyses were restricted to this extent. Pre-
disaster building footprints and road geometries were taken from OSM as vector layers.
Post-disaster satellite imagery was added in QGIS through an online map service and
overlaid with the pre-disaster layers in the same project. This setup provides a shared
spatial reference for cropping building patches in the damage detection step and for
the spatial operations used in later stages.

To clarify the temporal meaning of the datasets used in the case study, the following
note applies. Pre-event building footprints and road geometries are used as reference
geometries to locate where buildings and road segments are expected to be, and the
post-event satellite imagery is used to assess whether the corresponding buildings
appear damaged or collapsed. Accordingly, the reported dates refer to the snapshot
dates of the underlying data sources (i.e., when the vector layers and the imagery
represent the situation), rather than to access or download dates.
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All OSM-derived vector layers (building footprints, road geometries, and the can-
didate POD set) correspond to the 01.01.2023 snapshot. Post-disaster imagery was
obtained in QGIS via the Esri World Imagery Wayback service [Esr23], using the World
Imagery (Wayback 2023-03-15) layer (Web Map Tile Service (WMTS)), which provides an
imagery snapshot dated 15.03.2023. The imagery layer was used as the visual basis for
the damage detection step, while the vector layers provide the spatial index required
for patch cropping and subsequent network-based computations.

5.1.2 Instance Size and Input Tables

The experiments use three point sets: supply points, candidate POD sites, and demand
points. The instance includes 3 supply points (|S| = 3), 562 candidate PODs (|J| = 562),
and 43 demand points (|I| = 43). Demand points are not provided as a standalone
dataset. Instead, they are derived from building footprints labeled as damaged by the
damage detection step and are aggregated into a smaller set of representative locations.

Demand points were generated by clustering the locations of buildings classified
as damaged using k-means. To reduce fragmentation in the resulting demand rep-
resentation, a small number of very small clusters were merged into nearby clusters
based on spatial proximity. The final set used in the case study consists of |I| = 43
demand points, where each demand magnitude corresponds to the number of damaged
buildings assigned to the cluster.

Model inputs are provided as separate CSV files. pods.csv lists candidate POD
IDs with their site areas. demands.csv lists demand IDs with demand magnitudes.
supplies.csv contains the supply point IDs. Network costs are stored in two files:
cost_sp.csv for Supply–POD pairs and cost_pd.csv for POD–Demand pairs. Cost
tables are saved in long format, where each row records one origin–destination pair
and its shortest-path cost.

5.1.3 Key Parameter Settings

This subsection reports the baseline parameter setting used in the Kahramanmaraş case
and briefly explains the role of each choice. Unless stated otherwise, experiments use
this setting.

Snapping tolerance (ε). All supply points, candidate PODs, and demand points were
snapped to the nearest road segment prior to routing. A maximum snapping tolerance
ε was enforced to avoid unrealistic connections. In the baseline setting, ε = (30) m.
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Risk parameter (α). The parameter α controls the contribution of damage detection
outputs to road segment costs (Section 4.4). In the baseline setting, α = 0.2. With
this value, each exposure count increases the edge cost by approximately 20% (e.g.,
damagen = 1 ⇐ 1.2, damagen = 2 ⇐ 1.4).

Segments near damaged buildings become more costly, so routes tend to avoid
these areas when alternatives exist, while connectivity remains intact across the study
area. This magnitude is intended to represent a moderate post-disaster slowdown due
to debris, congestion, and operational risk, without effectively imposing hard road
closures.

Buffer radius (r). To model localized disruption effects, the baseline buffer radius is
set to r = 20 m. The physical motivation and literature-based rationale for this choice
are provided in Section 4.4.2 (see also Figure 4.7). A systematic sensitivity analysis over
alternative r values is left for future work.

Maximum number of PODs that can be opened (C). The parameter C caps how
many candidate PODs can be opened. In the baseline setting, C = 100. Given |J| = 562,
this value is not intended to be tight. It mainly prevents opening many small sites
when capacity becomes binding.

Objective function weights (wPD and wSP). The objective includes POD–Demand
and Supply–POD accessibility terms. In the baseline setting, wPD = 1 and wSP = 0.05.
This keeps the focus on serving demand points, while still favoring sites that are not
hard to reach from the supply side.

Capacity derivation and buffer factor (κ). Candidate POD capacity is derived from
site area and expressed on a building-equivalent scale. Using the area-proportional
rule, capacities are set as

Kj = κ

)︄

∑
i↗I

di

[︄
areaj

∑k↗J areak
.

The baseline setting uses κ = 1.5.

5.1.4 Solver and Computing Environment

All optimization models were solved using the Gurobi Optimizer (version 13.0.0)
[Gur24] through the Python API. Experiments were conducted on an Apple M2
machine with 16 GB of RAM. Gurobi was allowed to use up to 8 solver threads.
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Unless otherwise stated, no explicit time limit or user-specified optimality gap
tolerance was imposed; Gurobi was allowed to terminate upon proven optimality
within its default Mixed-Integer Programming (MIP) tolerances.

5.2 Scenario Design and Parameter Variations

This section defines the scenarios considered in the experiments. The main scenario
uses risk-aware road costs and serves as the reference case. Additional scenarios are
formulated to isolate the effect of the cost definition and to test sensitivity to key
parameters.

5.2.1 Main Scenario (Reference End-to-End Pipeline)

The main scenario in this section serves as the reference case for the Kahramanmaraş
study and provides the baseline for all subsequent comparisons. It follows the end-to-
end pipeline defined in Section 4 under a fixed dataset and a common set of parameter
values. The workflow starts by classifying buildings as damaged or undamaged using
the post-disaster satellite imagery. These labels are then mapped onto the road network
to construct risk-aware edge costs. Using the resulting network, least-cost paths are
computed to obtain Supply–POD and POD–Demand cost tables and their normalized
accessibility scores. Finally, these inputs are used to solve the POD location and demand
assignment model.

In the main scenario, road costs are not based on geometric length alone. Instead,
segment costs are adjusted using an exposure measure derived from fixed-radius impact
zones (buffers) around buildings classified as damaged. These risk-aware costs are
used as edge weights when computing shortest-path costs for both Supply–POD and
POD–Demand pairs. The resulting cost tables are then transformed into normalized
accessibility scores and used as inputs to the optimization objective. Unless otherwise
stated, the main scenario uses the baseline parameter values reported in Section 5.1.3
(i.e., α, r, ε, C, wPD, wSP, and κ).

Results for the main scenario are summarized using the set of opened PODs, the
assignment of demand points to the opened sites, and capacity utilization at each
opened POD. To support spatial interpretation, map-based figures are also provided,
showing the demand clusters, road segments exposed to damage buffers, the selected
POD locations, and representative least-cost routes.
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5.2.2 Alternative Scenarios

This section introduces alternative scenarios to clarify which parts of the main setup
drive the results and how sensitive the method is to key choices. In all scenarios, the
study area, the candidate POD set, the supply points, the solver settings, and the overall
workflow are kept the same. Unless otherwise noted, the demand points and baseline
parameter values from the main scenario are also used. Each scenario changes only one
aspect of the setup (for example, the road-cost definition, the way the damage signal
is reflected in costs, the capacity assumption, the objective weights, or the demand
representation).

For each alternative scenario, the resulting solution is compared against the main
scenario. Differences are examined through the opened POD set and the demand–
POD assignments, supported by map-based interpretation where relevant. Capacity
utilization is also reviewed to see how pressure shifts across opened sites.

Baseline Cost (Length-Only)

In this scenario, road costs are defined only by geometric length. The damage-based
penalty used in the main scenario is turned off, and each road segment is weighted
directly by its length attribute, lengthm. As a result, “least-cost” paths in this setting
correspond to distance-minimizing routes on the road network. Using these length-
based weights, the Supply–POD and POD–Demand cost tables are recomputed. The
same normalization procedure is then applied to obtain accessibility scores, and the
optimization model is solved again with these inputs. This scenario serves as a clean
reference in which damage information does not enter the road-cost layer, making it
easier to interpret whether the differences observed in the main scenario are driven by
the risk-aware cost definition.

Maximum Open POD Limit (C) Stress Test

In this scenario, the role of the parameter C, which sets an upper bound on the number
of PODs that can be opened, is examined. In the main scenario, C is chosen at a
relatively high level so that the solution space is not artificially restricted and the model
can open as many PODs as required under the capacity constraints.

To examine the effect of this parameter more clearly, additional runs are performed
in which the value of C is gradually reduced while all other components are kept
fixed. The study area, the demand points and their magnitudes, the candidate POD set,
the supply points, the road cost definition, the capacity derivation rule, the objective
function weights, and the solver settings remain unchanged. Only the upper limit on
the number of PODs that can be opened is modified.
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Lowering C forces the model to serve the total demand using a smaller number of
distribution sites. This setup allows the dependence of the solution on the availability of
many candidate PODs to be examined in isolation, and makes it possible to observe how
demand assignments adjust when the number of open PODs is explicitly constrained.

Safety Factor (SCALAR) Sensitivity

In this scenario, the effect of the capacity buffer used in deriving POD capacities was
examined. The parameter is denoted by κ in the model, and it appears as SCALAR in the
implementation. In the main scenario, SCALAR=1.5 was used. This setting introduces a
practical slack to account for uncertainty in area-based capacity estimates and possible
measurement or representation errors.

For the sensitivity analysis, SCALAR was varied across several levels, and the model
was re-solved each time. This allows us to see how the solution responds as the overall
capacity becomes tighter or looser relative to total demand. Apart from SCALAR, the rest
of the setup was kept fixed: the study area, demand points and demand magnitudes,
the candidate POD set, the supply points, the road-cost definition, the objective weights,
and the solver settings.

Objective Weight Sensitivity (wPD, wSP)

In this scenario, the sensitivity of the solution to changes in the objective function
weights is examined. The objective function combines two accessibility-related com-
ponents: a demand-side term that rewards POD–Demand accessibility weighted by
demand magnitude, and a supply-side term that favors POD locations that are easier
to reach from the supply entry points (see Section 4.6.6). The relative influence of these
two components is controlled by the weight parameters wPD and wSP.

As part of the sensitivity analysis, the model is re-solved under different combinations
of these weights. In each run, only the values of wPD and wSP are modified. All other
elements of the setup are kept fixed, including the study area, the demand points
and their magnitudes, the candidate POD set, the risk-aware road cost definition, the
capacity derivation rule and buffer factor (κ), the maximum number of PODs that can
be opened (C), and the solver settings.

Varying the weights directly affects which accessibility component plays a more
dominant role in the optimization. When the relative importance of wSP is increased,
the model places greater emphasis on selecting PODs that are more accessible from
the supply side. Conversely, when wSP is kept low, demand-side accessibility and the
resulting demand–POD assignment patterns become more influential. To assess how
this shift in balance shapes the decision structure, the solutions obtained under different
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weight settings are compared in terms of the opened POD set and the associated
demand–POD assignments.

Real Roads vs Euclidean Distance

The aim of this scenario is to isolate the effect of the road network structure and network-
based shortest-path calculations on the solution. In the main scenario, accessibility
values are derived from least-cost routes on the real road network. Here, the road
network is not used. Instead, accessibility is defined using straight-line (Euclidean)
distances between point pairs. This provides a simple baseline to assess how much
network topology and corridor structure influence the facility-location and assignment
decisions.

Accordingly, the POD–Demand costs (cjd) and the Supply–POD costs (csj) are com-
puted as Euclidean distances for all relevant point pairs. All point layers are represented
in a common projected (metric) coordinate system, and distances are therefore mea-
sured in meters. No routing, connectivity checks, snapping to network nodes, or
edge-based cost components are used in this scenario.

The Euclidean cost tables are then normalized using the same procedure applied
in the main scenario and converted into accessibility scores. These scores are used as
inputs to the optimization model. Apart from replacing the cost/accessibility tables,
the rest of the setup is kept unchanged: the study area, the demand points and demand
magnitudes, the candidate POD set, the capacity derivation rule and buffer factor (κ),
the maximum number of PODs that can be opened (C), the objective-function weights,
and the solver settings. This way, any differences in the results can be attributed to the
use of Euclidean distances in place of network-based costs.

Building-Stock-Based Demand Definition

This scenario tests whether the optimization results depend on how demand is repre-
sented. In the main scenario, demand points come directly from the spatial pattern
of buildings classified as damaged. The underlying assumption is that, in the early
post-disaster phase, demand is concentrated in areas with higher levels of structural
damage.

In this alternative, we form demand locations based on the overall settlement pat-
tern. We take centroids of all building footprints in the Kahramanmaraş study area
and cluster them using k-means with 43 clusters to remain consistent with the main
scenario. After clustering, each group is represented by a single demand point located
at the average position of its member building centroids (mean-x, mean-y). With this
construction, demand locations follow the overall building distribution rather than the
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observed damage concentration.
Demand magnitude in this scenario is defined as the total number of buildings in

the cluster (count). This treats building density as a practical proxy for potential need
rather than tying demand magnitude directly to the damage labels.

The road-cost structure is kept unchanged. Supply–POD and POD–Demand cost
tables (cost_sp.csv and cost_pd.csv) are recomputed on the same risk-aware road
network used in the main scenario (see Section 4.4.2 and Section 3.1). Therefore, any
differences in the solution can be attributed to the demand locations and demand
magnitudes that enter the optimization model. Demand magnitude affects the model
through the parameter di in both the objective function and the capacity constraints
(see Section 4.6).

5.3 Evaluation Metrics

Experimental results were assessed using two types of information: the decisions
produced by the model and summary indicators derived from these decisions. The key
decision outputs are the set of opened PODs and the assignment of each demand point
to one of these opened sites. Both outputs are presented in tabular form and supported
with map-based figures.

To describe the solution structure, we report the number of opened PODs and the
total demand assigned to each opened site. Assigned demand is presented alongside
the corresponding capacity, which allows capacity utilization (load relative to capacity)
to be examined and discussed.

For scenario comparisons, we track how much the opened POD sets overlap and
what fraction of demand points are assigned to a different POD across scenarios.
Together, these indicators show whether changes in the cost definition or parameter
values mainly affect the location decisions or the demand assignments.

5.4 Results

This section reports the results for the Kahramanmaraş case. Results under the main
scenario are presented first, supported by map-based outputs. Comparisons with
alternative scenarios are then reported.

5.4.1 Main Scenario Results

This section reports the results of the reference (main) scenario for the Kahramanmaraş
case. To keep the narrative consistent with the pipeline in Chapter 4, results are pre-

40



5 Computational Experiments

sented in the same order. We first show the damage detection outputs used to define the
damaged-building layer. We then summarize the demand points obtained from cluster-
ing and illustrate how damage buffers translate into road exposure. Finally, we report
the optimization results in terms of the opened POD set and the resulting demand
assignments. Map-based figures are used throughout to support spatial interpretation
and to connect intermediate layers to the final location–allocation decisions.

Damage Detection Output and Example Predictions

Figure 4.5 shows the building-level damage labels obtained after applying the classifier
to the study area and mapping predictions back onto the building footprints in QGIS.
This damaged-building layer is used in two later steps. It provides the input points
that are aggregated into demand locations, and it defines the source geometry for the
buffer-based exposure layer used in risk-aware road costing.

To give a qualitative sense of the model output, Figure 5.1 presents representative
building patches together with their predicted classes (damaged versus undamaged).
The examples are included for illustration and help connect the image-based inference
stage to the spatial layers used in the network analysis and optimization model.
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Figure 5.1: Representative building patches classified as damaged and undamaged by
the damage detection model. Labels indicate the predicted class and the
corresponding model confidence. The examples are shown for qualitative
illustration.

Demand Points and Clustering Output

This subsection describes how demand points are constructed from the damage as-
sessment outputs and how they are distributed across the study area in the main
scenario. Instead of treating every damaged building as a separate demand location,
the damaged-building layer is summarized into a smaller set of representative points.
This keeps the network calculations and the optimization model manageable, while
preserving the main spatial structure of the observed damage.

Buildings classified as damaged were first clustered using their planar coordinates.
The initial k-means step captures the dominant concentrations of damage, but it can
also produce very small or isolated clusters. To avoid a fragmented representation, a
second-stage post-processing step was applied in which clusters below a minimum
size were merged into the nearest neighboring clusters based on spatial proximity. This
refinement yields more stable demand zones and reduces sensitivity to minor spatial
irregularities in the damaged-building layer.

The two-stage aggregation resulted in a final set of 43 demand points for the study
area. Each demand point is placed at the cluster centroid, computed as the mean of the
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coordinates of the damaged buildings assigned to that cluster. Demand magnitude is
defined as the number of damaged buildings in the cluster. In this way, the demand
representation captures both where damage is concentrated and how large each demand
zone is.

The resulting demand points follow the main spatial concentration patterns observed
in the damaged-building layer. These points are then used directly in the accessibility
computations and in the POD location and demand assignment decisions in the
subsequent stages.

Figure 5.2: Demand points derived from clustered damaged buildings, with labels
indicating the number of damaged buildings assigned to each demand
point.

Damage Buffers and Road Exposure

This subsection shows how buffer zones defined around damaged structures translate
into road exposure and feed into the risk-aware cost definition. Building footprints
classified as damaged were converted into impact zones using a fixed-radius buffering
step (see Section 4.4.2). The resulting layer provides a simple and consistent proxy for
local disruption effects that are hard to observe directly, such as debris, congestion, and
short-range access restrictions.
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The buffer layer was then overlaid with the road segments. For each segment,
the number of distinct impact zones it intersects was computed and recorded as the
exposure value damagen. Exposure is measured as the number of buffers a road
segment intersects, rather than how long the segment stays inside those buffers. This
choice aligns with the binary nature of the damage labels (damaged vs. undamaged)
and avoids giving a false sense of accuracy when the imagery and building footprints
do not align perfectly, for example, due to parallax. Figure 5.3 illustrates the resulting
exposure levels across the study area, where road segments are symbolized according
to these computed damagen values.

Figure 4.6 shows the buffer zones together with the road segments that intersect
them. In some places, a segment cuts across several buffers, while in others it stays
completely outside the impact areas. Segments with larger damagen values are assigned
higher penalties, which can increase their contribution to total path cost when least-cost
paths are computed. In practical terms, routes that traverse areas with dense nearby
damage may become more costly under the defined weighting scheme, which means
that accessibility measures are not based solely on geometric length.

The exposure layer produced in this step is the direct input to the risk-aware edge
costs used in the subsequent analysis. As a result, both Supply–POD and POD–Demand
shortest-path costs incorporate damage information through the buffer-based exposure
measure.
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Figure 5.3: Road segments symbolized by their exposure level (damagen), defined as
the number of damaged-building buffers intersecting each segment. Darker
segments indicate higher exposure to nearby damage.

Opened POD Set

This subsection summarizes which PODs are opened by the model under the main
scenario and how these sites are distributed across the study area. The solution is
obtained under the capacity restrictions and the accessibility inputs computed on the
risk-aware road costs. In practice, the model does not open PODs up to the limit C by
default; the final number of opened sites follows from the balance between serving
demand efficiently and keeping assignments feasible under capacity.

Figure 5.4 shows the opened 23 POD locations together with the demand points.
Visually, the selected sites fall close to the main demand concentrations, and there are
also locations that sit away from road corridors with higher exposure.

The capacity dimension also matters for the selection. To keep the assignment feasible
for all demand points, the model tends to prefer candidates with larger site areas (and
hence higher capacity) over small sites with limited capacity. Table 5.1 reports the
number of opened PODs, the total demand assigned to each opened site, and the
resulting capacity utilization levels.
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Figure 5.4: Opened POD locations and demand point distribution under the main sce-
nario. Opened PODs are shown as circles, while demand points correspond
to cluster centers derived from damaged buildings.
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Table 5.1: Capacity utilization of opened PODs under the main scenario.
POD ID Capacity Assigned demand Utilization
5 53.3 43 0.81
31 14.8 13 0.88
32 128.5 127 0.99
39 51.4 43 0.84
61 50.4 48 0.95
67 22.9 21 0.92
164 21.7 16 0.74
213 12.8 9 0.71
260 48.8 40 0.82
262 275.9 272 0.99
307 73.2 69 0.94
317 17.3 16 0.93
374 15.1 13 0.86
376 12.8 12 0.93
378 12.3 8 0.65
379 11.1 5 0.45
386 92.0 88 0.96
389 5.0 5 0.99
411 37.4 34 0.91
413 6.0 4 0.67
487 1395.8 1395 1.00
493 18.2 8 0.44
529 83.9 78 0.93
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Demand–POD Assignments

This subsection describes how demand points are assigned to the available PODs
under the main scenario. Each demand point is assigned to exactly one POD by the
model. Assignments are determined jointly by the accessibility values computed on
the risk-aware road network and by the capacity constraints of the candidate sites.

Demand–POD assignments are therefore not driven by geometric proximity alone.
The exposure-based penalties embedded in the road costs influence the effective acces-
sibility between locations. As a result, some demand points are assigned to PODs that
are not the closest in straight-line distance, but are reached through routes with lower
overall risk.

Figure 5.5 illustrates the spatial pattern of the demand–POD assignments for the
opened sites. The map shows that many demand clusters are served by a limited subset
of PODs, while some sites cover larger service areas due to the combined effect of
accessibility and capacity constraints.

The assignment outcomes also display a coherent pattern in terms of capacity usage.
PODs located in high-demand areas naturally end up with higher utilization, since
they attract and absorb nearby demand clusters. More peripheral PODs, on the other
hand, take on part of the load and help prevent the central sites from becoming
overly crowded. Overall, the solution spreads demand across multiple sites instead of
concentrating it at a single location, which results in a more even service pattern over
the network.
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Figure 5.5: Spatial distribution of demand–POD assignments under the main scenario.
Colored circles indicate opened POD locations, while star symbols represent
demand points. Demand points sharing the same color are assigned to
the same POD, illustrating how demand clusters are served by the selected
sites.

Shortest Paths Under Risk-Aware Costs

This subsection visualizes the least-cost routes computed on the risk-aware road net-
work used in the main scenario. Rather than reporting only the numerical cost tables, it
shows the routes on a map over which these costs are obtained. This makes the link
between the risk-aware edge-cost definition on the road network and the accessibility
inputs used by the optimization model more tangible.

In the main scenario, least-cost paths are computed with Dijkstra’s algorithm using
the risk-aware edge weights constructed in Section 4.4. Each edge cost starts from the
segment length (lengthm) and is then scaled up when the segment is exposed to nearby
damaged-building buffers. For that reason, “shortest path” in this section means the
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path with the lowest total weighted cost on this risk-aware network, which may differ
from the purely length-minimizing route.

To illustrate the routing outputs, representative least-cost paths are mapped for
selected POD↑Demand pairs appearing in the main-scenario solution. These examples
indicate which road segments contribute to the POD–Demand cost table (cost_pd.csv)
used by the optimization model. They are included to provide a qualitative, spatial
view of the cost calculations, not to summarize the full network behavior.

Figure 5.6 presents these representative POD↑Demand routes. Segment costs are
defined through intersections with damage buffers, consistent with the exposure-based
cost assignment in Section 4.3. The figure therefore serves as a visual check that
the accessibility inputs entering the optimization model are derived from the same
risk-aware cost space defined on the road network.

The purpose of this subsection is to document how the main-scenario road costs
translate into the least-cost routes reflected in cost_pd.csv. At this point, the main-
scenario results are complete; the remainder of this chapter turns to alternative scenarios
and comparative findings.
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Figure 5.6: Representative least-cost paths between selected POD locations and demand
points, computed on the road network weighted by the risk-aware edge-cost
field (buffer-based damage penalties). The figure is provided to illustrate
the routing outputs used to build the POD↑Demand cost table.
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5.4.2 Comparative Results Across Scenarios

In this section, results from the alternative scenarios are reported through direct
comparisons with the main scenario. The goal is to understand what changes in the
solution when only one modeling element is modified (for example, the road-cost
definition, the capacity setting, or the objective weights) and to see which parts of the
decision structure remain largely unchanged.

The comparison focuses on two aspects. First, changes in the opened POD set are
examined, together with their spatial footprint in the study area. Second, we look at
how demand–POD assignments shift across scenarios and how these shifts translate
into capacity utilization at the opened sites.

Risk-Aware vs Length-Only

In this comparison, only the road cost definition is changed. In the risk-aware scenario,
road segments are weighted by an exposure penalty derived from buffers around
buildings classified as damaged. In the length-only scenario, this penalty is removed
and road costs are defined solely by geometric length. All other elements are held fixed,
including the demand points and their magnitudes, the candidate POD set, the supply
points, the capacity derivation rule and capacity buffer, the objective weights, and the
solver settings.

Both scenarios open 23 PODs each. The two solutions share 22 of these sites, while
one site differs between them. Specifically, candidate 378 appears in the opened
set under risk-aware costs, whereas candidate 34 appears in the opened set under
length-only costs.

Demand assignment patterns follow a similar structure. Out of 43 demand points,
41 are assigned to the same POD in each scenario. The remaining two demand points
(demand_id: 28 and 52) are assigned to different PODs across the scenarios.

Although the overall structural similarity between the two solutions is high, the
differences indicate that exposure-based penalties influence routing and allocation
decisions at the margin. The relatively small number of changed assignments suggests
that the road network in the study area remains largely functional, but localized cost
adjustments can still shift specific demand–POD matches.

Sensitivity to the Maximum Number of Open PODs (C)

This subsection reports the effect of the parameter C, which specifies the maximum
number of PODs that can be opened, on the solution outputs. In all runs, the study
area, demand points and demand magnitudes, the candidate POD set, supply points,
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road cost definition, capacity derivation rule, objective function weights, and solver
settings are kept fixed. Only the value of C is varied.

Figure 5.7 illustrates how the number of opened PODs in the solution changes with
C. For small values of C, the number of opened sites is directly constrained by this
upper bound. As C increases, the number of opened PODs rises and then stabilizes
after a certain point. Beyond this point, further increases in C do not lead to changes in
the number of opened PODs.

The demand-weighted average POD–Demand accessibility is shown in Figure 5.8a.
At low values of C, accessibility remains at relatively low levels. As C increases, a clear
improvement in accessibility is observed. Once the number of opened PODs becomes
stable, the average accessibility value also remains largely unchanged.

A similar pattern is observed in the total objective function values. Figure 5.8b shows
that the objective value is lower for small values of C, increases as C grows, and reaches
a plateau after a certain threshold. Beyond this threshold, further increases in C do not
result in noticeable changes in the total objective function value.

Figure 5.7: Number of opened PODs as a function of the maximum number of sites
(C).
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(a) Demand-weighted mean POD–Demand accessibility

(b) Total objective function value

Figure 5.8: Effect of the maximum number of PODs (C) on demand-weighted mean
POD–Demand accessibility and the total objective function value.
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Sensitivity to the Capacity Buffer (SCALAR)

In this subsection, we compare the solutions obtained under different values of the
capacity buffer parameter (SCALAR, denoted by κ) used to derive POD capacities. In the
main scenario, κ = 1.5 was used, and the model opened 23 PODs.

When κ was reduced below 1.5, the model did not yield a feasible solution. For
SCALAR values of 0.8, 1.0, and 1.2, Gurobi reported the problem as infeasible. For this
reason, the numerical comparisons focus on the range where feasible solutions are
obtained (i.e., κ → 1.5).

Within the feasible region, the demand-weighted average availability, ϱ̄PD, increases
as κ increases (Figure 5.10a). The total objective function value also increases with κ
(Figure 5.10b). In terms of facility decisions, the number of opened PODs decreases
from 23 in the main scenario to 20 when κ reaches 1.8, and then remains unchanged for
larger values of κ (Figure 5.9).

Figure 5.9: Number of opened PODs as a function of the capacity buffer parameter
SCALAR (κ).
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(a) Demand-weighted mean POD–Demand accessibility

(b) Total objective function value

Figure 5.10: Effect of the capacity buffer parameter SCALAR (κ) on demand-weighted
mean POD–Demand accessibility and the total objective function value.
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Sensitivity to Objective Weights

This subsection examines how the objective-function weights (wPD and wSP) affect
the solution. The analysis is based on a two-dimensional logarithmic sweep over
(wPD, wSP), complemented by one-dimensional runs in which one weight is varied
while the remaining settings are held fixed (Figure 5.12).

On the demand side, the outcomes are largely stable. The demand-weighted mean
POD–Demand accessibility, ϱ̄PD, varies only marginally across most of the tested
weight combinations (Figure 5.11b). When wPD clearly dominates, or when wPD and
wSP remain within the same order of magnitude, ϱ̄PD stays essentially unchanged
(Figure 5.11b). As the ratio wSP/wPD increases, ϱ̄PD declines, but the change is gradual
and small in size (Figure 5.11b).

The POD-opening decisions show a clearer response. The number of opened PODs
increases as more relative weight is placed on the supply-side term (Figure 5.11a).
Under demand-focused settings, the model produces an opened-site structure close to
the main scenario, whereas higher emphasis on the supply-side component leads to
additional sites being opened (Figure 5.11a). The shift in the opened-site count is not
smooth; it occurs through step changes and plateaus, which is consistent with binary
opening variables in a mixed-integer formulation (Figure 5.11a).

Overall, the results point to a limited trade-off: demand-side accessibility is largely
preserved, while changes in objective priorities are reflected mainly in the facility-
opening decisions (Figures 5.11b and 5.11a). The two-dimensional sweep supports the
same interpretation, with higher opened POD counts appearing in regions where wSP
is relatively larger (Figure 5.12).

57



5 Computational Experiments

(a) Number of opened PODs vs wSP/wPD

(b) Demand-weighted mean POD–Demand accessibility (ϱ̄PD)

Figure 5.11: Sensitivity to the weight ratio wSP/wPD. Panel (a) shows the number of
opened PODs, and panel (b) shows the demand-weighted mean POD–
Demand accessibility ϱ̄PD. The horizontal axis is reported on a logarithmic
scale.
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Figure 5.12: Number of opened PODs across the two-dimensional (wPD, wSP) weight
grid used in the logarithmic scan. Higher counts appear in regions where
the supply-side weight is relatively larger.

Real Roads vs Euclidean Distance

In this subsection, solutions obtained using least-cost route costs on the real road
network are compared with solutions obtained under Euclidean distance–based costs.
In this comparison, only the cost_pd.csv and cost_sp.csv tables were regenerated
using Euclidean distances. All other input tables, parameter values, and solver settings
were kept the same as in the main scenario.

In the Euclidean distance–based scenario, the model opened 22 PODs, whereas the
main scenario opened 23. The opened POD sets do not fully overlap: the two solutions
share 19 opened sites, and the remaining sites differ between scenarios (4 sites appear
only in the main scenario and 3 sites appear only in the Euclidean scenario).

Demand assignments also change noticeably. Out of 43 demand points, 16 are
assigned to different PODs compared to the main scenario. Hence, in this scenario,
the differences are not limited to the POD-opening decisions but also appear in the
demand–POD matching.
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This larger divergence is consistent with the fact that Euclidean distance ignores
road-network topology and therefore changes the effective accessibility structure more
fundamentally than modifying edge weights on the same network.

Table 5.2 reports the derived capacities of the PODs opened under Euclidean distance–
based costs, together with the total assigned demand and the corresponding capacity
utilization levels. The utilization values fall within a comparable range to those reported
for the main scenario: some sites operate close to their capacity, while others remain at
lower utilization levels.

Table 5.2: Capacity utilization of opened PODs under the Euclidean distance–based
scenario. For each opened site, the table reports the derived capacity, the
total assigned demand, and the resulting utilization level.

POD ID Capacity Assigned demand Utilization
5 53.0 42 0.79
31 14.7 13 0.89
32 127.6 127 0.99
34 18.9 16 0.85
39 51.1 43 0.84
61 50.0 48 0.96
67 22.7 21 0.92
164 21.5 20 0.93
189 24.9 20 0.80
213 12.7 8 0.63
260 48.4 40 0.83
262 274.0 272 0.99
307 72.7 70 0.96
317 17.1 8 0.47
374 15.0 13 0.87
376 12.7 12 0.94
379 11.0 6 0.54
386 91.4 88 0.96
411 37.1 34 0.92
420 5.5 5 0.92
487 1386.0 1383 1.00
529 83.3 78 0.94
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Building-Stock-Based Demand Representation Results

In this scenario, the model was solved using the settlement-based demand representa-
tion. A total of 24 PODs were opened in the solution (upper bound C = 100).

Demand points were initially generated from 43 clusters. However, for one demand
point, no feasible route could be established on the road network. Since this cluster
contained only 6 buildings, it was excluded from the analysis. As a result, the optimiza-
tion model is reported based on |I| = 42 demand points. The total demand entering
the model in this scenario equals 4460 (building count).

Figure 5.13 presents the spatial distribution of the settlement-based demand points,
while Figure 5.14 shows the locations of the opened PODs. Capacity values, assigned
demand, and utilization levels for the opened PODs are reported in Table 5.3.

For this scenario, feasibility was achieved by setting the capacity scaling parameter to
κ = 2.0 (SCALAR=2.0). All other components of the framework, including the risk-aware
road cost definition, the generation of cost_sp.csv and cost_pd.csv, and the solver
settings, were kept the same as in the main scenario.
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Figure 5.13: Spatial distribution of demand points under the settlement-based demand
definition. Star symbols represent demand locations obtained from clus-
tering all building centroids in the study area (cluster centers). The blue
boundary outlines the study area covering the Onikişubat and Dulka-
diroğlu districts.
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Figure 5.14: Spatial distribution of the opened PODs and settlement-based demand
points. Green circles indicate the PODs selected by the optimization model,
while star markers represent demand locations derived from clustering all
building centroids in the study area. The blue boundary outlines the study
area covering the Onikişubat and Dulkadiroğlu districts.
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Table 5.3: Spatial distribution of the opened PODs and settlement-based demand points.
Green symbols indicate the PODs selected by the optimization model, while
star markers represent demand locations derived from clustering all building
centroids. The blue boundary outlines the study area.

POD ID Capacity Assigned demand Utilization
10 6.2 6 0.97
11 11.3 11 0.97
32 357.3 326 0.91
61 139.9 115 0.82
67 63.7 1 0.02
68 17.3 5 0.29
164 60.2 52 0.86
205 63.3 10 0.16
208 3.5 2 0.57
209 2.7 2 0.74
260 135.6 25 0.18
262 766.9 244 0.32
286 2.7 1 0.37
307 203.4 66 0.32
357 1.3 1 0.77
373 3.1 2 0.65
386 255.8 193 0.75
404 27.0 1 0.04
436 9.3 1 0.11
471 6.4 4 0.62
487 3879.4 3840 0.99
495 12.0 10 0.84
550 13.1 11 0.84
559 5.6 5 0.90

5.5 Discussion

5.5.1 Summary of Key Findings

This study proposes an end-to-end framework that uses building damage information
from satellite imagery to adjust road network costs and connect these costs to accessibil-
ity calculations and POD location–allocation decisions. The Kahramanmaraş case study
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shows that the workflow is technically implementable and that the damage-informed
cost structure can affect both site selection and demand assignment.

In the main scenario, the model opened 23 PODs under risk-aware road costs and
assigned all 43 demand points while satisfying capacity constraints. When risk-aware
costs were replaced with length-only costs, the overall solution pattern remained similar.
In contrast, replacing network-based shortest-path costs with Euclidean distances led
to larger changes in both the opened POD set and the demand–POD assignments.
Sensitivity analyses on C, κ, and the objective weights further illustrate how the
solution responds to limits on the number of open sites, capacity scaling, and the
balance between demand-side and supply-side accessibility. Finally, the demand
representation also matters: changing how demand points are defined can affect both
the number of opened PODs and feasibility.

5.5.2 Interpretation of the Main Scenario Results

In the main scenario, the model opens 23 PODs even though the upper limit is C = 100.
This suggests that the solution is not driven by the upper bound on the number of
PODs. Instead, the number of opened sites is determined by the balance between
capacity feasibility and the accessibility structure induced by the network costs.

Spatially, the opened PODs concentrate around the main demand clusters, while
a smaller set of more peripheral sites helps absorb part of the demand and reduces
pressure on central locations. The demand–POD assignments also cannot be explained
by geometric proximity alone. Some demand points are not matched to the closest
POD in straight-line distance. Instead, they are sent to sites that can be reached through
routes that stay away from highly exposed road segments. This suggests that the
buffer-based penalty is reflected in the least-cost paths and, as a result, affects the final
assignment pattern in localized areas.

A final map-based note is that, for a subset of the selected POD locations, zooming in
on satellite imagery reveals tent-like temporary installations. This observation should
be interpreted cautiously, since imagery dates and visual interpretation introduce
uncertainty. Still, it provides a small qualitative consistency check: some selected
candidates appear compatible with locations that may have been used during the
response period.
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Figure 5.15: Satellite imagery examples of selected open POD locations. When zoomed
in, tent-like temporary structures are visible in several sites.
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5.5.3 Propagation of Damage-Detection Uncertainty Through the Pipeline

Damage detection is the entry point of the proposed workflow. Minor misalignment
between the satellite imagery and the building footprints, especially due to parallax, can
cause some intact buildings to be classified as damaged. In our qualitative checks, these
mistakes were mostly false positives, so the resulting damage layer can be conservative
in parts of the study area.

This uncertainty appears in two places. Demand points are derived from the spatial
pattern of buildings labeled as damaged, so small classification errors can slightly
change cluster sizes and, in some cases, cluster centers. A more noticeable effect
occurs in the road-cost layer. Buffers drawn around predicted damaged buildings can
intersect additional road segments, which increases the exposure count damagen and
raises segment costs. In areas where these intersections are frequent, accessibility may
therefore be estimated somewhat lower than it would be with perfectly accurate labels.

The model nevertheless treats exposure as a penalty rather than a hard disruption.
Road segments are not removed from the network; they simply become more expensive
when they are exposed. The strength of this adjustment is controlled by α. In this study,
α should be understood as a risk-sensitivity parameter, not as a physically calibrated
travel-time delay. This choice keeps the network usable while still discouraging routes
that pass through highly exposed areas.

5.5.4 Role of the Road Network: Risk-Aware Costs vs Length-Only vs
Euclidean

Risk-aware vs Length-only (Same network, different edge weights)

When risk-aware road costs are compared with the length-only baseline, the opened
POD sets are almost the same: 22 of the 23 sites coincide across the two solutions.
The demand assignments are similarly stable. Out of 43 demand points, only two are
assigned to a different POD.

This pattern suggests that, in this study area, the road network remains broadly
usable and the exposure-based penalties do not overturn the main location–allocation
structure. The differences that do appear are localized. They tend to occur in parts of
the network where exposure is higher, where even a modest penalty can shift least-cost
routes and lead to small changes in assignments.

Network vs Euclidean (Topology matters)

Larger differences appear when the network-based cost setting is compared with the
Euclidean-distance baseline. Under Euclidean distances, the model opens a different
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set of PODs, and 16 of the 43 demand points are assigned to a different site than in the
main scenario. This shift highlights how much the road network itself matters for the
location–allocation decision.

Euclidean distance treats access as if movement were equally easy in every direction
[App+08]. In practice, travel is guided and constrained by the road network [App+08].
Roads form corridors, connections are not equally available everywhere, and detours
can be substantial. For this reason, in this case study the presence and structure of
the road network has a stronger influence on the solution than simply switching the
damage-based penalty on or off.

5.5.5 Sensitivity Results and What They Mean for Planning

Maximum number of PODs (C)

When C is set to low values, it becomes a binding constraint. In this range, the model
is forced to operate with too few open PODs, which lowers average accessibility and
leads to smaller objective values. As C increases, the number of opened PODs rises
and accessibility improves. After a certain point, both measures level off and further
increases in C no longer change the solution.

Overall, this pattern suggests that choosing a relatively large C is usually safe in
this case study. The model does not open sites just because it is allowed to; it opens
additional PODs only when they improve feasibility or accessibility.

Capacity buffer (SCALAR / κ)

The model becomes infeasible when κ drops below 1.5. This indicates that feasibility
is sensitive to the area-based capacity proxy and to how much slack is built into it.
Once the model is in the feasible range, increasing κ improves the demand-weighted
accessibility and raises the objective value, while the number of opened PODs tends to
decrease. In practical terms, looser capacity allows the model to serve demand with
fewer sites and to place more load on the larger or better-positioned PODs.

Objective weights (wPD, wSP)

Changing the objective weights leaves the demand-side accessibility almost unchanged
across most settings. The clearer effect is on the opening decisions. As the ratio
wSP/wPD increases, the model tends to open more PODs. This suggests that the
supply-side term mainly influences which sites are opened, while the demand-side
term largely preserves the assignment pattern once a feasible set of sites is available.
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5.5.6 Demand Representation: Damage-Based vs Building-Stock-Based

Whether demand is defined from damaged buildings or from the entire building stock
has a clear effect on the solution structure. Under the damage-based definition, demand
points cluster around the city center, where destruction is more concentrated. In this
setting, the PODs opened by the model tend to lie close to these core demand areas. A
smaller number of sites are opened in outer parts of the district, mainly to balance load
and relieve capacity pressure on the central PODs.

When demand is defined from the full building stock, the pattern changes. Demand
points are no longer concentrated only in heavily damaged areas; instead, they are
distributed more evenly across the district. As demand becomes spatially broader, the
solution also becomes more distributed. The model opens more PODs, and the selected
sites spread over a wider area rather than clustering around the center. The accessibility
structure changes accordingly, since the model now needs to provide reasonable access
across a larger geography instead of serving a limited number of central demand
clusters efficiently.

In the settlement-based scenario, the need to increase κ to achieve feasibility is consis-
tent with this wider service area. As demand becomes more dispersed, concentrating
capacity in only a few large sites becomes harder, and the model requires more flexibil-
ity in the capacity scaling. In addition, the fact that one demand point could not be
connected to the road network highlights a practical issue. Connectivity and snapping
tolerance are not merely technical details; if a route cannot be computed for a demand
point, the corresponding cost entries cannot be generated, and the optimization model
cannot be fully constructed.

These two demand definitions also reflect two different ways of thinking about the
operation. With damage-based demand, the model follows an early-response logic: it
assumes that need is more concentrated where destruction is heavier. Using the full
building stock shifts the focus to coverage. The aim becomes providing service across
the whole district, not only in the hardest-hit zones, which leads to a more citywide
planning view.

5.5.7 How the Results Address the Research Questions

The results speak directly to the research questions. For the first question, the study
shows how damage information from satellite imagery can be carried into the road-cost
layer through buffers and the exposure count damagen, and then used in network-based
accessibility calculations. For the second question, the scenario comparisons show
that adding risk-aware costs does not change the overall pattern, but it can shift some
routes and a few assignments in specific areas. The effect also depends on what cost
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definition is used. In particular, the road network topology has a stronger impact, as
the network versus Euclidean comparison shows. The results also indicate that the
solution depends on key assumptions, especially capacity scaling and how demand
is defined. It should also be noted that the model does not impose explicit equity
constraints; the focus remains on accessibility maximization under different network
and cost assumptions. For the third question, the case study confirms that the proposed
location–allocation model can be solved to optimality at the instance size considered
here and that parameter sweeps are practical. The experiments also show that feasibility
is sensitive to the capacity scaling, which makes κ a key practical parameter.

5.5.8 Practical Implications and Limitations That Shape Interpretation

The proposed approach takes a more direct, data-driven route. Instead of building
many hypothetical disruption scenarios, it uses the damage that can be observed from
imagery and feeds it straight into the road-cost layer. This fits the early response
setting, where decisions have to be made fast and detailed field information may not
be available yet.

Still, the results need to be interpreted with a bit of care, because the pipeline relies
on inputs that are not perfectly certain. The damage labels come from imagery and
can include misclassifications, POD capacity is represented through an area-based
proxy, and key parameters such as α, r, and κ influence the strength of the cost and
capacity effects. The framework also does not aim to update routes in real time. It
produces a deterministic planning snapshot for a given moment, based on the available
post-disaster observations. For this reason, the outputs are best interpreted as rapid
decision support rather than as a fully dynamic operational plan.

5.6 Chapter Summary

In this section, the proposed end-to-end workflow was evaluated computationally on
the Kahramanmaraş case study. Damage-assessment outputs were mapped to road
costs through a buffer-based exposure measure. Using these costs, accessibility values
were computed, and the integrated POD location and demand assignment model
was solved. Under the main scenario, all demand points could be assigned while
respecting capacity constraints. Scenario comparisons suggest that, on the same road
network, the damage-based penalty leads to only limited and mostly local changes
in the decisions. By contrast, replacing network-based costs with Euclidean distances,
which ignore road-network topology, alters the solution structure more noticeably.
Finally, the parameter scans indicate a clear saturation pattern with respect to C, show
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that feasibility is particularly sensitive to κ, and suggest that the objective weights
mainly influence how many PODs are opened.
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6 Conclusion

This thesis proposes a framework that uses building damage information from satellite
imagery to support POD site selection and demand assignment in the early response
period. The idea is to take the spatial damage signal and reflect it in the transportation
network by adding a risk-aware cost layer. Accessibility is then computed on this
updated network and used as input to the location–allocation model. In this way, the
observed damage pattern is not only shown on maps but is also connected to the
decision model.

The Kahramanmaraş case study shows that the workflow can be implemented and
that the model can produce feasible solutions at the scale considered in this thesis.
The results suggest that risk-aware costs do not rewrite the solution everywhere, but
they can affect decisions in some local areas. At the same time, the structure of the
road network itself plays a stronger role in shaping accessibility and assignments. The
parameter analyses also show that capacity assumptions and model settings can change
feasibility and the overall solution pattern.

In terms of the research questions, the study demonstrates that satellite-based damage
information can be carried into network costs, and that these costs can be used in
accessibility calculations. The scenario comparisons also show that adding risk-aware
costs can change some routing and assignment decisions, although the overall solution
pattern is influenced more strongly by the road network structure and the main
modeling assumptions. Finally, the resulting location–allocation model can be solved
optimally for the instance considered in this case. Overall, the thesis offers a practical
way to use damage seen in satellite imagery for planning when quick decisions are
needed and detailed field data is still limited.

6.1 Future Work

This method has several clear directions for future work. One step is to treat damage
assessment as uncertain information rather than a single fixed layer. For example, the
classifier’s confidence scores could be carried into the exposure calculation, or several
plausible damage maps could be generated and used to see how sensitive the plan is to
classification errors.
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A second direction is to study the risk-cost design more systematically. The buffer
radius and the risk-penalty strength work as practical knobs in the current setup, but
their effects can be explored in a more structured way, and tested under different road
layouts and different damage patterns to see when they matter most.

Third, capacity is currently represented through a simple area-based proxy. A more
detailed representation could account for operational limits such as staffing, setup
constraints, or throughput, or it could treat capacity as uncertain and handle it with
robust or stochastic variants of the model.

Another possible extension is to incorporate explicit equity considerations into the
model. While this study focuses on accessibility maximization, future work could intro-
duce minimum service guarantees, fairness-based allocation rules, or multi-objective
formulations that balance accessibility and equity more directly.

Finally, the pipeline should be tested in other cities to understand how transferable
it is. Extending the framework beyond a single planning snapshot is also a natural
next step, for instance by adding a time dimension and solving a multi-period version
where conditions and inputs can be updated as new information arrives.
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Abbreviations

POD Point of Distribution

CRS Coordinate Reference System

POI Points of Interest

POFW Points of Worship

OSM OpenStreetMap

GIS Geographic Information System

AUC Area Under the ROC Curve

ROC Receiver Operating Characteristic

PR Precision–Recall

CNN Convolutional Neural Network

WMTS Web Map Tile Service

EPSG European Petroleum Survey Group

CSV Comma-Separated Values

MIP Mixed-Integer Programming

API Application Programming Interface
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