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Abstract

Rapid emergency medical response following disasters is often hindered by damaged infras-

tructure, limited situational awareness, and the difficulty of rapidly assessing and prioritizing vic-

tims using conventional emergency medical service (EMS) systems. Although uncrewed aerial

vehicles (UAVs) have shown promise for aerial reconnaissance and disaster monitoring, existing

UAV-assisted emergency-response frameworks typically focus either on victim detection or on

logistics-oriented resource allocation in isolation, with limited integration between aerial percep-

tion and downstream dispatch decision making. Consequently, current systems do not adequately

support severity-aware UAV-assisted EMS allocation in which dispatch decisions are informed

by the inferred condition or urgency of observed victims. To address this problem, this thesis

proposes an integrated UAV-assisted emergency medical response framework that links aerial vic-

tim detection, visual criticality estimation, and optimization-based UAV dispatch within a uni-

fied perception-to-decision pipeline. UAV-acquired disaster imagery is first processed using a

YOLOv8-based human detection model, a deep learning–based real-time object detection algo-

rithm, to localize affected individuals. Detected victims are then analyzed using a binary criticality

classifier trained on aerial disaster imagery from the C2A dataset, augmented with posture-based

criticality annotations to distinguish higher-risk victims from less urgent cases. These outputs are

combined within a triage-inspired scoring framework to generate severity and priority estimates

for spatial demand regions. The resulting perception-derived severity and priority information is

incorporated into a tailored mixed integer linear programming (MILP) model for UAV-enabled

EMS dispatch and facility-allocation optimization that jointly considers travel time, operational

cost, severity coverage, and priority coverage. Unlike conventional cost-focused UAV-assisted

EMS baseline, which assumes homogeneous demand, the proposed model explicitly incorporates

perception-derived triage information into dispatch decisions. Experimental evaluation demon-

strates that incorporating perception-derived severity and priority information enables the proposed

framework to allocate UAV resources in a manner more aligned with victim criticality than con-

ventional cost-focused dispatch strategies. These results demonstrate the feasibility of integrating

aerial perception with optimization-based dispatch to support severity-aware UAV-assisted EMS

planning and provide a foundation for future perception-driven emergency-response systems.
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Chapter 1

Introduction

1.1 Background

Large-scale disasters, such as earthquakes, floods, wildfires, and industrial accidents continue to

reveal significant weaknesses in conventional emergency response systems [1–3]. Ground-based

emergency medical services (EMS) often rely on road infrastructure, stable communication net-

works, and the physical reach of human teams. When roads are blocked, areas are inaccessible, or

communication infrastructure is damaged, response times increase , and situational awareness [4]

deteriorates . The first hours after a disaster are often the most critical for survival, yet they are also

the most chaotic, uncertain, and resource-constrained. The authors of [5] have explored integrated

uncrewed aerial vehicles (UAVs)-Internet of things (IoT) disaster management systems in which

UAVs not only collect heterogeneous disaster scene data but also support downstream analytics

such as infrastructure assessment, blocked-road identification, and health-risk estimation to guide

first responders toward high-priority areas.

UAVs have emerged as a key technology for enhancing disaster management [6]. They can

rapidly survey large areas, access unsafe or unreachable locations for ground teams, and provide

real-time imagery and sensor data. An early and influential system-level perspective on UAV-

assisted disaster management highlights the potential of UAV networks, combined with wireless
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sensor networks (WSNs) and cellular infrastructure, to support disaster prediction, assessment, and

response throughout multiple phases of the disaster lifecycle [7]. It emphasizes that UAVs extend

beyond mobile cameras, acting as integral nodes in a sensing and communication infrastructure [8],

supporting search and rescue (SAR) [9,10], damage assessment, and connectivity restoration [11].

While this system’s perspective is important, operational effectiveness ultimately depends on

quality of information UAVs can gather from the environment and how that information is utilized.

Recent work has focused on enhancing capabilities such as robust human detection [12], small-

object recognition [13], infrared imaging, pose estimation, and cooperative perception. At the

same time, another area of research addresses trajectory optimization, multi-agent coordination,

and edge/cloud-based decision making for UAV swarms during emergencies. The authors of [14]

have explored UAV-assisted mobile edge computing (MEC) frameworks for disaster scenarios, op-

timizing UAV placement, task offloading, user association, and computational resource allocation

to improve communication and computational efficiency under infrastructure-constrained emer-

gency conditions. However, these developments have generally occurred in isolation; perception

systems are evaluated primarily in terms of detection accuracy, while optimization frameworks

concentrate on trajectory cost or coverage, often neglecting the incorporation of medically relevant

severity scores derived from visual evidence.

Despite significant progress in UAV perception and disaster response optimization, the link

between these fields remains limited. Current UAV-based perception systems primarily prioritize

detecting and locating victims, whereas optimization strategies for UAV coordination typically

allocate resources based on coverage, trajectory cost, or demand volume. Consequently, detected

victims are often treated as uniform targets, without regard for the variations in medical severity

among them. In real disaster response scenarios, victims can have widely varying levels of injury

and urgency, necessitating prioritization in resource allocation.

Thus, a key challenge in UAV-assisted disaster response is determining how to allocate limited

UAV resources across affected areas while prioritizing victims who require the most urgent medical

attention. This thesis addresses the identified challenge by proposing a severity-aware UAV-based
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EMS framework integrating visual perception, severity inference, and optimization-based dispatch.

1.2 UAVs for Disaster Response and Human Detection

The first major focus of this thesis is on UAV-assisted disaster response and human detection.

The authors of [7] have categorized the roles of UAVs across three stages of disaster management:

pre-disaster preparedness, real-time disaster assessment, and post-disaster response and recovery.

They showed that UAVs can enhance early warning systems, provide live situational awareness,

and establish communication networks. However, they did not specify how to prioritize individual

victims once they are detected.

To transition from generic situational awareness to victim-centered triage, several studies pro-

pose specialized human detection pipelines for UAV imagery. The authors of [15] have proposed

an efficient artificial intelligence (AI)-based ensemble model for human detection and rescue dur-

ing disasters. They integrated multiple computer vision techniques into an ensemble, enhancing

robustness in cluttered and degraded environments. It specifically targeted challenging disaster

scenarios where victims may be partially occluded, lying on the ground, or surrounded by debris.

By combining outputs from different detectors, the ensemble approach reduced false negatives and

improved the reliability of victim localization.

In addition, previous research has proposed a comprehensive framework for real-time human

detection using UAVs in disaster management, presenting a fully integrated perception system

designed for SAR missions [16]. This framework focused on real-time processing, deployment

constraints, and practical aspects of integrating UAV-based human detection into field operations.

It underscored that the effectiveness of these systems is measured not only by per-frame accuracy

but also by their capacity to facilitate timely and coordinated actions during an evolving disaster.

These contributions indicated a shift in the community from general UAV imagery to application-

specific human detection. However, in both cases, detected humans are typically treated as indis-

tinguishable targets. There is a lack of explicit modeling of medical severity or triage categories
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based on observable cues such as pose, posture, and density. Addressing this gap is central to the

motivation for this thesis.

1.3 UAV Perception: Small and Infrared Object Detection

Disaster environments often involve small, distant, partially occluded targets, because people

or objects may occupy only a few pixels in high-altitude imagery. Standard object detectors tend to

underperform in these situations. To address this issue, the authors of [17] have introduced a high-

frequency enhancement mechanism specifically designed for small-scale targets while maintaining

real-time inference capabilities. This enhancement is particularly beneficial for high-altitude or

wide-area surveys, where individual victims may appear as very small blobs in the scene. Mean-

while, the authors of [18] proposed a real-time network for UAV-based infrared object detection,

focusing on challenging low-visibility conditions such as night-time operations or smoke-filled en-

vironments. They utilized infrared imaging and enhanced feature aggregation to effectively detect

warm-bodied targets in situations where red green blue (RGB) imagery was degraded or unreliable.

Hence, these detection-oriented works demonstrated that specialized architectures and modalities

(e.g., infrared) can significantly enhance the robustness of UAV perception in disaster scenarios.

In the context of a severity-aware EMS framework, this indicates that (i) victims can be reliably

detected under more varied conditions and (ii) detection confidence and target size can be utilized

as components of a severity score. However, [17], [18] did not translate the perception outputs into

explicit triage categories or optimization-relevant demand metrics.

1.4 UAV Pose Estimation and Cooperative Vision

A second major theme in the supporting literature is precise pose estimation [19] and collabo-

rative visual perception [20] for UAVs. These studies focus less on victim detection and more on

understanding the geometric characteristics of the environment and the UAV swarm itself. This

understanding is crucial for stable and reliable operations in complex disaster scenes. The au-
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thors of [21] proposed a multiview landmark-assisted method for 6-degree of freedom (DoF) UAV

swarm pose estimation at the swarm level. They integrated resonant beam ranging, visual-inertial

odometry (VIO), and multiview landmark constraints to achieve high-precision global pose op-

timization for multiple UAVs. The back-end optimization employed factor graphs and sliding

windows to jointly optimize the poses of all UAVs, yielding significant improvements in local-

ization accuracy compared to VIO alone. This kind of cooperative localization is highly relevant

for multi-UAV search patterns over large disaster areas, where consistent coverage and accurate

inter-UAV alignment are essential.

At the individual UAV level, the authors of [22] have developed a robust 6-DoF pose esti-

mation method based on hybrid features. They combined keypoint-based and pose-object-based

representations, utilizing both semantic and geometric cues for high-precision UAV pose estima-

tion. Their method was designed to be transferable across different UAV shapes and sizes, while

also operating at real-time speeds. This robustness is critical when the same perception framework

must function on various UAV platforms in the field. Similarly, the authors of [23] have advanced

the idea of aerial collaborative stereo, introducing a real-time cross-camera feature association and

relative pose estimation framework for UAVs. Their dual-channel association strategy, combined

with a relative multistate-constrained Kalman filter, achieved real-time performance on resource-

constrained onboard hardware. The key insight was that multi-UAV systems can dynamically form

variable-baseline stereo setups, enabling flexible, large-scale depth perception, even when global

navigation satellite system (GNSS) signals are unreliable or degraded.

The authors of [24] proposed a globally optimal relative pose estimation solver that used affine

correspondences under known vertical direction constraints. They transformed the relative pose

estimation problem into a reduced DoF polynomial system and solved it optimally. Although not

specifically for disaster scenarios, this approach achieved highly accurate relative poses between

views. This method is directly applicable to UAV platforms integrating cameras with inertial mea-

surement units (IMUs), which enhances robustness through multimodal perception. Similarly, the

authors of [25] adopted a geolocation-based approach, where UAV pose estimation was performed
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using IMU assistance and satellite imagery matching. The combination of onboard IMU data and

appearance-based matching to satellite basemaps enables reliable localization in GPS-challenged

environments, an important requirement in large-scale disaster scenarios. Furthermore, the authors

of [26] presented a vision-based estimation and tracking framework for fixed-wing multi-UAV sys-

tems that integrated you only look once (YOLO)-based detection with a bearing-angle estimators

and tracking modules. Their approach demonstrated that real-time visual tracking of multiple

UAVs in formation can be achieved through careful integration of perception and state estimation.

Overall, these works establish that (i) cooperative visual perception among UAVs is feasible

and (ii) high-precision pose estimation can be maintained even in GNSS-degraded environments.

For a severity-aware EMS system, this means that multi-UAV swarms can reliably execute coor-

dinated search patterns, revisit critical tiles, and support consistent mapping of severity over time.

However, these contributions have focused primarily on pose estimation and cooperative vision

without defining how the resulting geometric information should be integrated with medical triage

priorities or dispatch optimization.

1.5 Computational Infrastructure for Real-Time UAV Decision

Support

Real-time deployment of UAV-assisted disaster response systems requires a robust computational

infrastructure to support perception, optimization, and decision-making in time-sensitive opera-

tional conditions. Prior studies have investigated computational architectures and system frame-

works that enable real-time processing and optimization of UAV data in disaster response scenar-

ios [14]. The authors of [27] have proposed GPU-accelerated edge computing frameworks that of-

fload computationally intensive UAV optimization tasks to nearby edge servers, thus improving re-

sponsiveness in emergencies. Similarly, the authors of [28] have proposed an integrated uncrewed

ground vehicle (UGV)–UAV disaster response platform that allowed heterogeneous autonomous

agents to coordinate through communication and computation frameworks for multi-platform dis-
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aster operations. Furthermore, the authors of [29] and [30] have proposed a cloud and IoT-based

disaster management framework that collected, processed, and disseminated large-scale sensor

and UAV data streams through a distributed infrastructure to support operational decision-making.

Collectively, these works highlight the practical feasibility of implementing computationally in-

tensive perception and optimization pipelines in disaster response environments, provided they are

supported by suitable edge, cloud, or distributed computing infrastructures. While these systems

primarily focus on computational architecture and operational feasibility rather than triage-aware

optimization, they offer valuable context for the real-time deployment assumptions underlying the

proposed UAV EMS framework.

1.6 Thesis Motivation

The central motivation of this thesis is to bridge the gap between UAV-based visual perception

and EMS resource allocation by introducing severity-aware prioritization into UAV dispatch op-

timization. On one hand, recent advances in UAV perception have significantly improved hu-

man detection accuracy, robustness under challenging conditions such as small-object and infrared

imaging, and cooperative pose estimation [15–18, 21–26]. On the other hand, trajectory planning,

multi-agent coordination, and distributed optimization frameworks have demonstrated the feasi-

bility of near real-time decision-making for UAV swarms and heterogeneous emergency response

systems [7, 27, 28, 30]. However, the connection between perception and decision-making is typi-

cally loose. The existing works typically treat perception outputs such as detected human location

as end results, rather than actionable inputs for resource allocation. Consequently, there is no

principled mechanism for translating visual information into clinically meaningful indicators of

urgency. In practice, this leads to decision frameworks where all detected victims are implicitly

treated as equally important, ignoring the substantial variation in injury severity and medical need.

This limitation becomes particularly critical in disaster scenarios, where resource constraints ne-

cessitate prioritization: responders must decide not only where victims are located, but also who
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should be assisted first, when regions should be revisited, and how limited UAV resources should

be allocated under competing demands.

In this context, the thesis adopts severity-aware coverage as a fundamental organizing principle

for UAV-based EMS systems. This principle requires moving beyond mere detection to inferring

the criticality of each detected individual from visual cues, enabling its integration into downstream

decision-making. This shift transforms perception outputs into structured, optimization-relevant

inputs that directly guide resource allocation decisions. Motivated by this perspective, the thesis

develops an integrated framework, where different aspects of the thesis are presented as follows:

• The visual descriptors extracted from perception are transformed into severity, urgency, de-

mand, and priority scores through a spatial triage modeling layer inspired by EMS principles.

• These scores are then used to parameterize EMS-inspired demand, urgency, and priority

models that guide decision-making.

• A multi-objective optimization model subsequently allocates UAV missions to enable severity-

aware coverage while satisfying operational constraints.

The proposed framework is evaluated through simulation experiments and compared against

severity-agnostic allocation strategies. This allows a systematic analysis of the impact of incor-

porating severity-aware prioritization on UAV dispatch decisions, resource utilization, and overall

emergency response effectiveness.

1.7 Thesis Contributions

Guided by the above-mentioned motivation and the literature review, this thesis positions itself

at the intersection of perception-driven analysis and optimization-based decision-making in UAV-

assisted emergency response systems. It aims to build a severity-aware UAV-based dynamic EMS

framework in which visual perception, severity inference, demand modeling, and optimization

are tightly coupled. The focus is not only on finding people but also on quantifying how critical
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their situation is and using that information to drive mathematically grounded dispatch decisions.

Hence, the thesis pursues the following main contributions:

• We develop a pipeline that converts raw UAV imagery into per-person severity indicators and

tile-level severity and priority scores. This is achieved by selecting and adapting an aerial

human-detection architecture and defining severity-related features derived from visual evi-

dence.

• We develop a tiling and aggregation scheme that represents each disaster region through

estimated severity, victim density, and priority values, enabling direct integration of spatial

triage information into optimization models.

• We develop a mathematical optimization model that assigns UAVs to disaster tiles and opti-

mizes dispatch decisions under capacity, travel-time, and budget constraints while explicitly

prioritizing severity-aware coverage and rapid response to higher-severity regions. The pro-

posed formulation incorporates perception-derived severity prioritization directly into the

UAV dispatch process.

• We integrate the perception, triage, and optimization components into a unified end-to-end

framework and evaluate its performance under realistic simulation scenarios to illustrate

how severity-aware formulations influence dispatch decisions relative to severity-agnostic

baseline approaches. A severity-aware approach incorporates pose-based binary criticality

classification and aggregated severity scores to prioritize high-risk regions, whereas severity-

agnostic approaches treat all demand points equally.

1.8 Thesis Organization

The remainder of the thesis is organized as follows: Chapter 2 presents a comprehensive literature

review and analyzes each prior work in detail. It examines their assumptions, evaluation protocols,

and limitations, while positioning the proposed framework within the broader context of UAV,
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EMS, and optimization research. Chapter 3 describes the proposed severity-aware UAV percep-

tion model using real-time AI prioritization. This chapter explains the detection backbone, feature

extraction strategy, spatial tiling, and the definition of severity and priority scores derived from

UAV imagery. Chapter 4 presents the experimental setup and evaluation results, while Chap-

ter 5 concludes the thesis with a summary of contributions, limitations, and potential directions

for future work.
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Chapter 2

Literature Review

This chapter reviews the existing literature related to uncrewed aerial vehicle (UAV)-assisted

emergency medical response systems and provides the research background for the proposed

framework in this thesis. Since the proposed system combines aerial victim perception, severity-

aware assessment, and optimization-based UAV dispatch, the literature is organized into three

main areas. First, studies on UAV-based victim detection and aerial perception are reviewed to

examine current approaches for understanding disaster scenes from aerial imagery. Second, artifi-

cial intelligence (AI)-based severity and triage assessment methods are discussed to explore how

victim criticality and emergency priority can be estimated in healthcare and emergency response

settings. Third, existing research on UAV-enabled emergency medical services (EMS) optimiza-

tion and resource allocation is reviewed to analyze current approaches for UAV dispatch, facility

placement, and medical resource planning. Based on this review, the limitations of existing studies

are identified and the research gap addressed by this thesis is established.

2.1 UAV-Based Victim Detection and Aerial Perception

Effective UAV-assisted emergency medical response begins with accurate understanding of the

disaster scene. Hence, the UAV dispatch or resource allocation decisions rely on first observing

the affected environment, identifying victims, and extracting relevant situational information from
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aerial sensor data. For this reason, UAV-based victim detection and aerial perception play a cen-

tral role in enabling perception-driven disaster response and supporting downstream emergency

decision-making.

2.1.1 UAVs in Disaster Reconnaissance

UAVs have become important tools in disaster management operations because of their rapid de-

ployability, mobility, and ability to access hazardous or infrastructure-compromised environments

that may be difficult or unsafe for human responders to enter/reach. In comparison to the con-

ventional ground-based reconnaissance and manned aerial surveying, the UAV platforms provide

faster situational awareness acquisition while reducing operational risk. Specifically, the UAVs

offer capability to capture aerial imagery and real-time video, which makes them valuable for

search and rescue, damage assessment, and emergency monitoring. In this context, the authors

of [7] have identified UAV-assisted disaster management as a promising paradigm for enhanc-

ing emergency response effectiveness through aerial sensing, monitoring, communication support,

and autonomous mission execution. Their work highlighted the broad applicability of UAVs across

disaster response tasks and highlighted their potential to improve the speed and coverage of early

situational assessment.

Subsequent studies have further expanded UAV deployment toward integrated disaster re-

sponse frameworks. The authors of [15] [16] and [28] have proposed UAV-enabled disaster man-

agement systems that combine aerial sensing with automated analysis and real-time operational

support. These works demonstrated the growing transition from passive UAV observation toward

intelligent UAV-assisted disaster response systems capable of contributing directly to emergency

assessment workflows. Similarly, the authors of [31] investigated intelligent decision-support ar-

chitectures for UAV-assisted search and rescue coordination. They demonstrated growing interest

in integrating UAV perception and mission-support logic within broader emergency response sys-

tems. In this context, UAV-based reconnaissance in the early post-disaster stage is particularly

valuable because responders require rapid understanding of affected areas before deploying lim-
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ited rescue resources. UAV imagery can reveal blocked access routes, damaged infrastructure,

debris concentration, and possible victim locations across large disaster zones. This capability sig-

nificantly improves the speed and spatial coverage of initial situational assessment compared with

manual surveying approaches.

Despite these advantages, effective UAV-based disaster reconnaissance remains challenging in

practice. Disaster environments are visually complex and unstructured, often involving smoke,

rubble, occlusion, unstable illumination, weather interference, and cluttered backgrounds. In addi-

tion, UAV platforms face operational limitations such as battery constraints, payload restrictions,

communication bandwidth limitations, and restricted onboard computational resources. Overall,

the literature establishes UAVs as highly promising platforms for rapid disaster reconnaissance

and situational awareness generation. However, most broad UAV disaster management studies fo-

cus primarily on monitoring and general response support, without addressing how UAV-derived

observations can be transformed into structured victim-centered decision signals for medical pri-

oritization and emergency response optimization.

2.1.2 Human and Victim Detection From Aerial Imagery

Automated human detection from UAV imagery has become a central research direction in

disaster response perception because manual inspection of large aerial image streams is slow,

labor-intensive, and difficult to sustain under time-critical emergency conditions. Existing stud-

ies consistently show that UAV platforms can improve victim search efficiency by providing broad

visual coverage and enabling computer-vision-based detection of humans in affected areas. The

authors of [32] have reviewed this research direction comprehensively and showed that UAV-based

human detection has evolved into an active search and rescue research area driven largely by deep

learning (DL)-based object detection methods. Similarly, the authors of [15, 16] have proposed

UAV-enabled disaster response frameworks in which automated human detection plays a key op-

erational role in supporting rescue activities. Furthermore, several studies have explored concrete

human-detection and localization pipelines for aerial imagery that goes beyond high-level disas-
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ter response frameworks. In this context, the authors of [33] have investigated DL-based human

detection in aerial images, while the authors of [34] have examined UAV-based human detection

and localization in indoor disaster environments. Collectively, these studies indicate that aerial hu-

man detection is no longer treated merely as a theoretical possibility, but as a technically feasible

perception component for disaster response systems.

However, the existing literature remains strongly detection-centric. Most prior works focus on

whether a human can be detected or localized from UAV imagery, rather than how such detections

should be interpreted for downstream emergency response decision making. In practice, identify-

ing the presence of a victim is only the first step in an effective medical response pipeline. Rescue

teams also require information that helps distinguish which observations are more urgent, which

locations should be prioritized, and how limited emergency resources should be allocated under op-

erational constraints. This reveals a key limitation in the current aerial human-detection literature.

Although prior studies demonstrate the usefulness of UAVs for victim search and localization, they

rarely extend perception outputs into structured triage-aware or severity-aware representations. As

a result, perception is often treated as an isolated vision task rather than as an integrated compo-

nent of a larger emergency medical decision framework. This limitation directly motivates this

thesis, which extends beyond victim detection to transform UAV-derived visual observations into

decision-relevant severity and priority metrics for optimization-driven emergency response.

2.1.3 Small-Object Detection Challenges in UAV Imagery

A fundamental challenge in UAV-based victim detection arises from the small-object nature of

aerial human targets. Because UAV platforms typically operate at elevated altitudes to maximize

area coverage, individual victims often occupy only a limited number of pixels within captured

imagery. This significantly reduces discriminative visual detail and makes aerial victim detection

substantially more difficult than conventional ground-level object detection [32], [35]. In disaster

scenarios, the problem is further intensified by debris occlusion, complex backgrounds, unstable

illumination, motion blur, and extreme viewpoint variation [36].
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Recognizing these challenges, recent research has increasingly focused on adapting object-

detection architectures to better preserve fine-grained spatial information in aerial imagery. These

efforts are motivated by the observation that repeated down sampling in conventional deep detec-

tion backbones can suppress shallow low-level features and degrade localization performance for

very small targets [37]. To mitigate this issue, multiple studies have introduced enhanced multi-

scale feature-fusion strategies, attention mechanisms, and modified prediction heads specifically

tailored for UAV imagery [17, 18, 35–38]. Collectively, these approaches demonstrate that pre-

serving shallow spatial detail and improving cross-scale representation are critical for robust aerial

small-object detection.

Another notable trend is the continued refinement of you only look once (YOLO)-based one-

stage detectors for UAV-specific applications. Rather than abandoning established detection frame-

works, many studies build upon mature architectures such as YOLO by introducing targeted mod-

ifications to backbone, neck, or head components [17], [35], and [37]. This suggests that the

research community increasingly views UAV perception challenges as requiring domain-specific

architectural adaptation rather than entirely new detection paradigms.

Although these architectural enhancements have improved detection accuracy on aerial bench-

marks, they introduce practical trade-offs that are often under emphasized in the literature. More

sophisticated feature-fusion modules and attention mechanisms can increase model complexity, in-

ference latency, and computational cost, which may reduce suitability for real-time deployment on

resource-constrained UAV or edge computing platforms [35–37]. Consequently, improvements in

benchmark accuracy do not necessarily translate directly into operationally deployable emergency

response systems, particularly when rapid onboard or near-edge inference is required.

Furthermore, most existing small-object detection studies remain benchmark-oriented and detector-

centric in their evaluation. Performance is typically assessed using conventional metrics such as

precision, recall, and mean average precision [17, 18, 35–37], with limited discussion of how im-

proved detections contribute to downstream emergency response effectiveness. In addition, many

of these studies focus on generic aerial targets including vehicles, pedestrians, or surveillance ob-
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jects rather than disaster-specific victim analysis. As a result, the literature has primarily advanced

the technical capability of aerial detection without addressing how these detections should be in-

terpreted for rescue prioritization or medical response planning.

Therefore, while specialized aerial detection architectures provide an important technical foun-

dation for robust UAV perception, current small-object detection research remains largely discon-

nected from operational emergency response decision making. Improved detection performance

alone does not ensure that UAV perception outputs are actionable in medical or disaster response

settings. Bridging this gap requires additional modeling layers capable of transforming aerial

detections into structured severity-aware and priority-aware decision signals. This motivates the

next stream of literature, which examines AI-based approaches for severity estimation and triage-

oriented assessment in emergency response applications.

2.2 AI-Based Severity and Triage Assessment

While victim detection enables the identification and localization of affected individuals in

disaster scenes, effective emergency response requires additional assessment of victim condition

and relative urgency. In practical emergency medical operations, limited rescue resources must

often be allocated selectively, making it necessary to prioritize victims or affected regions based

on severity, urgency, or estimated medical criticality. As a result, increasing research attention

has been directed toward AI-based severity assessment and triage-support systems that assist in

estimating patient condition and guiding emergency prioritization decisions [39, 40]. This sec-

tion reviews existing literature on AI-driven triage and severity estimation methods, followed by

UAV-assisted remote health and wellness assessment approaches, in order to examine how current

systems support emergency prioritization and where important limitations remain.
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2.2.1 AI-Driven Triage and Medical Severity Prediction

AI has increasingly been explored as a decision-support tool for medical triage and sever-

ity assessment in emergency response settings. Traditional triage processes often rely heavily on

manual assessment by medical personnel, which can be time-consuming, subjective, and difficult

to scale during large-scale emergencies or mass-casualty incidents [39, 41]. To address these lim-

itations, recent research has investigated AI-based approaches for assisting pre-hospital triage and

automated severity estimation.

A major direction in this literature involves learning-based models that infer patient urgency or

triage category from structured medical or telemedicine data. For example, the authors of [39] have

proposed a graph neural network-based triage framework for pre-hospital emergency telemedicine

systems, demonstrating the use of AI to support automated triage decision making from patient-

related information. Such approaches highlight the growing role of machine learning in assisting

early-stage emergency assessment and reducing reliance on purely manual triage procedures.

Beyond direct triage prediction, several studies have incorporated criticality-aware prioritiza-

tion mechanisms into broader emergency response systems. The authors of [40] have proposed

a criticality-driven scheduling strategy for UAV-assisted remote health monitoring, where patient

urgency is explicitly considered when prioritizing health-data transmission. Similarly, the authors

of [42] have presented an AI-enabled UAV emergency response framework that integrates inci-

dent detection and triage-oriented response coordination for rapid roadside medical emergencies.

Collectively, these studies demonstrate increasing recognition that emergency response systems

should incorporate patient criticality or urgency as a core decision factor rather than relying solely

on first-come-first-served or cost-driven dispatch logic.

Despite these advances, existing AI-based triage and severity assessment methods are pre-

dominantly designed for structured clinical, telemedicine, or sensor-based environments in which

explicit patient health measurements such as physiological signals, medical telemetry, structured

patient records, or direct clinical observations; are available during assessment [39, 40, 42]. While

effective in healthcare and telemedicine environments, such assumptions may not hold in post-
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disaster UAV reconnaissance scenarios, where direct physiological measurements are often un-

available and only visual aerial observations may be accessible. As a result, current AI-driven

triage literature provides limited support for UAV-based disaster response settings in which sever-

ity must be inferred indirectly from aerial scene observations rather than structured medical data.

This limitation motivates the need for alternative severity-assessment formulations capable of es-

timating emergency criticality from visual and contextual UAV-derived indicators, which is more

consistent with the operational constraints of aerial disaster reconnaissance.

2.2.1.1 UAV-Assisted Remote Health and Wellness Assessment

In parallel with AI-driven triage research, a growing body of work has explored the use of UAV

platforms for remote health monitoring and wellness assessment in situations where direct medical

access is limited [43, 44]. These approaches aim to extend healthcare assessment capabilities

beyond conventional clinical settings by leveraging UAV-mounted sensing, communication, and

monitoring technologies to support remote patient observation.

Several studies have investigated UAV-assisted remote healthcare architectures in which UAVs

serve as airborne monitoring or communication nodes for collecting and transmitting patient-

related information. For example, the authors of [43] have proposed an Internet-of-UAV-based

e-health system that utilizes UAVs to collect patient health data and provide agile edge computing

services for remote medical monitoring. Such systems demonstrate the feasibility of UAV-enabled

remote healthcare support in dispersed or infrastructure-limited environments. Related concep-

tual and forward-looking studies have further examined the broader role of AI-powered healthcare

assistants within drone-enabled medical monitoring ecosystems, highlighting the growing inter-

est in intelligent UAV-assisted healthcare support frameworks beyond conventional telemedicine

settings [45].

More recently, UAV-enabled wellness-monitoring frameworks have explored extracting phys-

iological or condition-related indicators directly from remote sensing modalities. The authors

of [44] have presented a drone-assisted remote wellness monitoring pipeline that estimates physi-
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ological indicators from red green blue (RGB) video for telehealth-oriented triage support. Their

work demonstrates the potential of UAV-based visual sensing to support remote assessment beyond

simple victim localization, moving toward richer condition-aware emergency evaluation.

Although the above-mentioned studies expand the role of UAVs from transportation and ob-

servation platforms toward health-aware sensing systems, their applicability to disaster response

scenarios remains limited. Most existing UAV-based wellness-monitoring approaches assume rel-

atively controlled sensing conditions, stable subject visibility, and close-range observation suffi-

cient for extracting physiological or biometric signals. Such assumptions are difficult to satisfy in

post-disaster aerial reconnaissance, where UAVs often operate at higher altitudes over cluttered,

dynamic, and visually degraded environments.

Furthermore, many current UAV-assisted health-monitoring systems focus on physiological

telemetry, remote patient monitoring, or telehealth support rather than large-scale victim prioriti-

zation in disaster scenes [43, 44]. Consequently, while these approaches demonstrate the broader

feasibility of UAV-assisted remote health assessment, they do not directly address the problem

of estimating victim severity from coarse aerial visual observations under disaster response con-

straints. This highlights an important gap between UAV-enabled health monitoring and UAV-based

disaster triage. Existing remote wellness-assessment frameworks show that UAVs can support

health-aware sensing, yet they remain insufficient for large-area disaster reconnaissance scenarios

in which rapid severity estimation must be inferred from limited aerial visual evidence. Bridging

this gap requires severity-assessment approaches specifically designed for aerial disaster imagery

and scalable multi-victim prioritization contexts.

2.3 UAV Dispatch, Resource Allocation, and Facility Location

Optimization

UAV-assisted emergency response requires optimization frameworks for dispatch decision-

making, resource allocation, and facility location planning under operational constraints. Existing
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literature includes UAV dispatch models, emergency logistics optimization, and facility location

allocation formulations for UAV-enabled medical and disaster response applications. While these

works provide important foundations for UAV operational planning, most do not explicitly in-

corporate perception-derived victim severity or priority information into dispatch and allocation

decisions. This limitation motivates the severity-aware optimization framework proposed in this

thesis.

2.3.1 Resource Allocation and UAV-Assisted Emergency Medical Logistics

UAVs are increasingly studied for healthcare resource allocation and emergency medical lo-

gistics in disaster response settings. The authors of [46] have proposed a UAV-assisted health-

care resource distribution framework that allocates medical resources across disaster regions while

accounting for demand distribution and vehicle constraints. Similarly, the authors of [47] have

investigated UAV transportation of emergency medical supplies under payload and operational

feasibility constraints, demonstrating the practical potential of UAV-supported medical delivery.

Related studies have further explored autonomous UAV-based payload delivery systems for med-

ical emergency response [48], while broader reviews of UAV-enabled healthcare delivery have

highlighted the growing role of UAV-assisted logistics in critical and time-sensitive medical oper-

ations [49], [50].

Collectively, the above-mentioned studies show that UAVs can improve emergency logistics

efficiency and complement conventional ground-based response mechanisms. Existing research

consistently demonstrates the feasibility of UAV-assisted healthcare delivery for accelerating med-

ical supply transportation, expanding emergency reach, and supporting rapid disaster response

logistics. However, their optimization formulations primarily model demand in an abstract or

homogeneous manner, emphasizing delivery cost, travel time, operational feasibility, or logis-

tical efficiency without explicitly incorporating heterogeneous victim severity, medical urgency,

or perception-derived triage information. Consequently, while operationally valuable, these ap-

proaches do not directly address perception-driven, severity-aware dispatch and prioritization in
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UAV EMS scenarios, where limited UAV resources must be allocated according to dynamically

inferred victim criticality rather than homogeneous delivery demand.

2.3.2 Facility Location Allocation Models

Facility location allocation models constitute one of the most structured and mathematically

rigorous categories within UAV-assisted EMS optimization literature. More broadly, strategic

disaster-relief and humanitarian logistics research has long employed facility-network design mod-

els to determine the placement of shelters, medical centers, and emergency supply facilities for ef-

ficient disaster preparedness and response [51]. These studies highlight the importance of strategic

facility placement in enabling timely and scalable emergency operations.

Within UAV-assisted EMS specifically, the UAVs for emergency management system (UEMS)

location allocation problem (ULAP) [52] serves as a foundational baseline for strategic UAV-

assisted emergency medical planning. ULAP formulates the placement of UAV facilities and as-

signment of UAV resources to demand nodes as an integer programming problem that minimizes

total deployment and operational cost, subject to facility activation, UAV availability, assignment,

and service coverage constraints. ULAP has been influential due to its well-defined mathemat-

ical formulation, scalability, and direct applicability to strategic UAV EMS system design. In

particular, it provides a tractable framework for cost-oriented facility planning and UAV resource

deployment across service regions.

However, ULAP is formulated primarily for strategic cost-focused planning under static pre-

defined demand assumptions. The model does not incorporate perception-derived severity or pri-

ority information, nor does it explicitly differentiate demand nodes based on heterogeneous victim

urgency or medical criticality. Furthermore, its single-objective cost-minimization formulation

does not consider triage-aware trade-offs such as prioritizing high-severity demand points or bal-

ancing cost against severity and priority coverage. Accordingly, while ULAP provides a strong

strategic planning baseline for UAV EMS deployment, it is not designed for perception-driven,

severity-aware dispatch and allocation scenarios in which demand importance varies according to
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UAV-derived triage information. These limitations motivate the extension of cost-oriented facility

location frameworks toward triage-aware multi-objective UAV EMS optimization.

2.3.3 Broader Multi-Objective UAV Optimization Literature

Beyond EMS planning, a growing body of UAV optimization research has explored multi-

objective formulations in broader mission-planning and emergency response applications. These

studies recognize that practical UAV deployment often requires balancing multiple competing op-

erational objectives rather than optimizing a single performance metric.

The authors of [53] have proposed a multi-objective UAV optimization framework for wildfire

monitoring that jointly considered surveillance coverage and energy efficiency. Similarly, the au-

thors of [54] have optimized UAV deployment for post-disaster communication restoration while

balancing communication coverage and network resilience. Similarly, the authors of [55] also

investigated sensing-communication trade-offs in UAV platform selection and aerial integrated

sensing networks. Additional disaster-oriented UAV deployment studies have examined reactive

drone positioning and coverage-maximization strategies for autonomous disaster area monitoring

and service provisioning [38]. Collectively, these studies demonstrate increasing recognition that

UAV operational planning often involves multidimensional trade-offs across competing objectives.

However, despite adopting multi-objective formulations, existing UAV optimization studies

remain focused primarily on non-medical operational criteria such as coverage quality, commu-

nication reliability, sensing performance, and energy efficiency. They do not incorporate victim

severity, medical urgency, perception-derived triage information, or healthcare-oriented dispatch

objectives into the optimization process. Furthermore, these formulations typically assume pre-

defined mission priorities and do not integrate perception outputs from upstream AI-based UAV

sensing systems. Consequently, while broader multi-objective UAV optimization literature pro-

vides important methodological foundations for multidimensional UAV decision making, existing

formulations remain insufficient for UAV-assisted EMS scenarios requiring integrated severity-

aware dispatch, triage-driven prioritization, and perception-informed optimization. This limitation
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further motivates the development of the unified perception to optimization UAV EMS framework

proposed in this thesis.

2.4 Supporting Communication and Edge Infrastructure for

UAV Emergency Response

Reliable communication and computing infrastructure are important enabling components of

UAV-assisted emergency response systems, particularly in disaster environments where terrestrial

networks may be degraded or unavailable. In practical deployments, perception outputs generated

by UAV platforms must often be transmitted to remote command centers, optimization engines, or

emergency coordinators for further analysis and decision making. Consequently, communication

and edge computing frameworks play a supporting role in facilitating timely situational awareness

and coordinated UAV-assisted response.

Prior research has investigated several communication approaches for UAV-enabled disas-

ter management and emergency response systems. A major research direction focuses on con-

nectivity restoration, where airborne communication through UAVs is considered as temporary

communication infrastructure to restore network access over affected disaster regions [56], [54].

More recently, advanced UAV base station architectures operating over emerging communication

paradigms, such as terahertz-band links, have also been investigated to improve post-disaster wire-

less coverage and high-capacity emergency communication support [57]. Complementary studies

have explored fifth-generation (5G)-enabled and heterogeneous multi-radio access architectures to

improve communication reliability, reduce latency, and enhance service robustness in UAV-assisted

emergency deployments [58–60]. Additional public-safety communication research has further in-

vestigated localization and victim estimation-oriented emergency communication frameworks to

support situational awareness in next-generation emergency response systems [61].

Beyond connectivity provision, recent work has increasingly emphasized distributed intelli-

gence and computational offloading within UAV-assisted disaster systems. Edge computing and
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distributed processing frameworks have been introduced to reduce centralized processing depen-

dence and enable near-real-time UAV data analysis. The authors of [62] proposed a UAV-assisted

mobile edge computing (MEC) architecture for post-disaster emergency medical rescue. Further-

more, the authors of [28, 30] explored cloud and IoT-based disaster data acquisition frameworks

for real-time disaster management support. Emerging digital twin-enabled UAV frameworks have

further extended this direction by employing virtual replicas of UAV systems and disaster environ-

ments to support intelligent task offloading, adaptive resource management, and UAV coordination

in dynamic disaster scenarios [4]. More recent work has also investigated semantic communi-

cation and bandwidth-efficient UAV networking strategies to improve transmission efficiency in

communication-constrained disaster environments [63].

Collectively, the above-mentioned studies demonstrate that communication and infrastructure

research has progressed from basic connectivity restoration toward increasingly intelligent, dis-

tributed, and adaptive UAV-enabled disaster support architectures. However, despite these ad-

vancements, existing communication and edge computing frameworks primarily optimize net-

working performance, computational efficiency, or system coordination rather than medical sever-

ity assessment or UAV dispatch optimization. Accordingly, communication layer design, band-

width allocation, edge scheduling, and digital twin-assisted infrastructure management are consid-

ered outside the scope of this thesis. Nevertheless, these enabling technologies provide important

deployment context for future real-world implementations of perception-driven UAV EMS sys-

tems.

2.5 Identified Research Gaps and Thesis Positioning

The reviewed literature demonstrates substantial progress in UAV-based aerial perception,

AI-assisted triage, and UAV-enabled emergency medical service optimization. However, these

research directions remain largely disconnected and insufficient for supporting integrated severity-

aware UAV-assisted emergency response in disaster environments. In particular, several important
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limitations persist when the literature is examined collectively. The following subsections sum-

marize the principal research gaps identified from the reviewed studies and position the proposed

thesis relative to these unresolved challenges.

2.5.1 Absence of Severity-Aware Optimization in UAV-Based EMS

Although UAV-assisted EMS optimization has received growing research attention, existing

frameworks remain predominantly logistics-oriented, with primary emphasis on cost and travel

time. Strategic facility location allocation models such as ULAP [52] and related UAV EMS de-

ployment formulations [46], [64] optimize resource placement and dispatch primarily with respect

to operational cost, coverage, or response efficiency. While these objectives are important for

practical deployment planning, they do not explicitly account for heterogeneous victim severity,

medical urgency, or triage priority during UAV allocation and dispatch.

In disaster response settings, however, affected individuals and regions often exhibit signifi-

cantly differing levels of medical urgency, which makes uniform treatment of all demand nodes

operationally unrealistic. Despite this, current UAV EMS optimization models generally assume

homogeneous demand importance or rely on static predefined demand weights rather than dynam-

ically inferred victim-criticality information. Consequently, existing formulations remain insuffi-

cient for scenarios in which emergency resources must be selectively prioritized toward the most

critical victims under constrained UAV availability. This reveals a fundamental limitation in the

current UAV EMS optimization literature. Although optimization models effectively support cost-

efficient UAV deployment and dispatch, they do not incorporate severity-aware or triage-aware

prioritization mechanisms as core optimization objectives. To address this limitation, this the-

sis extends conventional UAV EMS optimization by embedding severity and priority directly into

the multi-objective dispatch formulation, enabling UAV allocation decisions to account for both

logistical efficiency and victim criticality.
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2.5.2 Disconnection Between Perception and Optimization Pipelines

A second major limitation in the current literature is the disconnect between UAV percep-

tion systems and UAV optimization frameworks. Recent advances in UAV-based aerial percep-

tion have significantly improved the ability to detect and localize victims in disaster environments

through DL-based detection and aerial vision models [15, 16, 32]. Related small-object detec-

tion and aerial feature-enhancement approaches have further improved perception robustness for

challenging UAV imagery conditions [17, 18, 36, 37, 65]. In parallel, AI-driven triage and remote

health-assessment studies have demonstrated the feasibility of estimating patient condition or med-

ical urgency using AI-based decision-support frameworks [39, 40, 44].

Despite these advances, perception and optimization components remain largely isolated in ex-

isting UAV-assisted emergency response systems. Current optimization models typically assume

that demand locations, severity levels, or service priorities are predefined and externally available,

without explicitly incorporating real-time UAV-derived perception outputs into the optimization

pipeline. Conversely, most UAV perception studies terminate at detection, localization, or sever-

ity estimation without integrating their outputs into downstream resource allocation or dispatch

decision-making frameworks. As a result, the literature lacks an integrated perception to optimiza-

tion pipeline capable of transforming real-time UAV perception outputs into actionable emergency

medical dispatch decisions. This thesis addresses this gap by proposing a unified UAV-assisted

EMS framework that integrates aerial victim detection, AI-based severity estimation, priority mod-

eling, and multi-objective optimization within a single end-to-end decision-making pipeline.

2.5.3 Lack of Aerial Visual Severity Estimation for Disaster Triage

Although AI-based triage and severity assessment methods have shown promising results in

healthcare and telemedicine applications, existing approaches remain predominantly designed for

structured clinical or sensor-based environments [39, 40, 44]. In such cases, the explicit patient

health information is available during assessments. Hence, these methods mainly rely on physio-

logical measurements, medical telemetry, structured patient records, or direct clinical observations
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to estimate patient urgency or severity. Similarly, there has been substantial progress in UAV-based

aerial perception literature, which relates to victim detection and localization [15, 16, 32, 36, 37].

However, in most cases, the perception systems terminate at identifying the presence or location

of victims without attempting to infer medically relevant severity or urgency from visual evidence.

Overall, the insights reveal an important methodological gap between UAV perception and

medical triage research. Specifically, the existing UAV perception methods provide localization

without clinical prioritization, while existing AI-based triage methods assume structured health

data that is usually unavailable in aerial disaster settings. To address this limitation, this thesis

proposes an aerial visual severity estimation framework that infers victim criticality directly from

UAV-derived visual observations and transforms these estimates into triage-aware decision signals

for downstream optimization.

Table 2.1: Comparison of selected UAV/EMS works against the thesis objectives.

Paper Publication year Travel Time Cost Severity Cov. Perception Optimization

[16] 2024 × × × ✓ ×
[17] 2025 × × × ✓ ×
[18] 2025 × × × ✓ ×
[27] 2025 ✓ × × × ✓
[36] 2025 × × × ✓ ×
[39] 2024 × × ✓ × ×
[41] 2025 ✓ × ✓ × ✓
[46] 2022 ✓ ✓ × × ✓
[52] 2023 × ✓ × × ✓
[66] 2025 ✓ ✓ × × ✓
[67] 2024 ✓ × × × ✓

Proposed – ✓ ✓ ✓ ✓ ✓

Table 2.1 summarizes the comparative positioning of representative prior works relative to the

core objectives addressed in this thesis. As shown, existing studies typically focus on isolated

subsets of the overall UAV-assisted emergency response pipeline. Perception-oriented works pri-

marily address victim detection and aerial image understanding without optimization capabilities,

while optimization-focused studies emphasize travel time, cost, or resource allocation without in-

corporating perception-derived severity information. Similarly, AI-based triage methods consider
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severity assessment but generally lacks integration with UAV-based aerial perception or down-

stream dispatch optimization. In contrast, the proposed framework uniquely combines perception,

severity-aware prioritization, and multi-objective optimization within a unified UAV-assisted EMS

decision-making pipeline.

2.6 Summary

This chapter has reviewed the existing literature relevant to UAV-assisted emergency medical

response systems across four supporting research areas: UAV-based victim detection and aerial

perception, AI-based severity and triage assessment, UAV EMS optimization and resource alloca-

tion, and enabling communication and edge computing infrastructure. The literature review has

showed that substantial progress has been made in aerial victim detection, UAV-assisted healthcare

monitoring, and UAV-enabled emergency medical logistics. However, existing studies largely treat

these components in isolation. Current UAV perception literature primarily focuses on victim de-

tection and localization without translating perception outputs into structured triage-aware decision

signals [16,17,32]. Existing AI-based triage and severity assessment approaches are generally de-

signed for structured clinical or physiological data settings and remain insufficient for aerial disas-

ter reconnaissance scenarios relying on coarse visual observations [39,40,44]. Similarly, prevailing

UAV EMS optimization models, including facility location allocation frameworks such as ULAP,

are predominantly cost-driven and assume static homogeneous demand, without incorporating

dynamically inferred severity or priority information from UAV perception systems [46, 52, 64].

Therefore, a significant research gap remains in the development of integrated UAV-assisted emer-

gency medical response frameworks that unifies aerial perception, severity-aware victim prioriti-

zation, and optimization-based UAV dispatch within a single end-to-end decision-making pipeline.

To address this gap, the next chapter presents the proposed UAV-based severity-aware EMS opti-

mization framework developed in this thesis.

28



Chapter 3

Methodology

This chapter presents the methodological foundation of the proposed severity-aware uncrewed

aerial vehicle (UAV)-based emergency medical service (EMS) framework. It is organized into two

main parts. The first part introduces the system model, detailing the key components of the per-

ception, severity inference, and decision-making pipeline. The second part formulates the multi-

objective mixed-integer linear programming (MILP) problem and describes solution approaches

used for implementation, training, and evaluation of the overall system.

3.1 System Model and Problem Formulation

The proposed system model provides a structured representation of a severity-aware UAV-based

EMS framework for disaster response. It explicitly characterizes four key components. First, the

physical elements, including UAVs, candidate facility locations, and affected individuals within

the disaster environment. Second, the perception elements process UAV-acquired imagery using a

vision module to detect individuals and estimate their criticality. Third, the spatial modeling ele-

ments, which aggregate detected individuals into geographically defined demand points (tile) and

assign severity and priority scores. Lastly, the optimization elements determines facility activation

and UAV dispatch decisions under operational constraints, including travel time, capacity, and bud-

get. The framework assumes that severity and priority values are computed prior to optimization
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and remain fixed during decision-making process. Collectively, these components define a uni-

fied end-to-end pipeline that transforms raw UAV observations into structured, optimization-ready

inputs for emergency response planning.

3.1.1 System Entities

UAV Fleet: The UAV fleet consists of autonomous aerial vehicles deployed from EMS facilities

to support disaster response operations. In practical deployments, UAVs acquire real-time imagery

using onboard sensors. However, in this work, the perception pipeline is evaluated using pre-

collected aerial images from a UAV-based disaster dataset [68]. Each UAV operates under practical

constraints, including limited battery capacity and a maximum operational range. During each

dispatch cycle, a UAV is assigned to serve exactly one demand location (i.e., tile) and is required

to return to its originating facility upon completion of the mission.

EMS Facilities: EMS facilities act as UAV launch and recovery bases. Each facility i may

be activated (yi = 1) or remain inactive (yi = 0). Activating a facility incurs a fixed cost fi and

enables UAV deployment from that location, subject to capacity constraints. Each active facility

can host a limited number of UAVs, and allocates ui UAVs to serve demand locations (tiles). In

addition, a per-UAV operational cost pi is incurred for each deployed UAV.

Control Center / Decision-Making Unit: The control center represents the computational

unit responsible for processing UAV imagery, running the perception and classification models,

computing tile-level severity and priority scores, and solving the optimization model. The re-

sulting decisions include facility activation, UAV allocation, and tile-service assignments. In this

thesis, the control center is modeled as an offline decision-making module using pre-collected

UAV images from the C2A dataset, rather than as a real-time communication or edge-computing

system.

Disaster Region and Tiles: The disaster region is spatially partitioned into a finite set of tiles

J = {1, 2, . . . , 16}, representing a 4×4 grid the affected area. Each tile corresponds to a localized

region that may contain an unknown number of affected individuals and varying levels of damage,
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environmental complexity, and operational risk. Each tile j is associated with a travel time Tij

from facility i, which influences UAV dispatch decisions. A tile is considered served if at least

one UAV is assigned to it, as represented by the binary variable zj . The terms “tile” and “demand

point” are used interchangeably in this thesis.

Spatial Representation and Travel Time Modeling: The disaster region is represented using

a normalized grid-based coordinate system derived from image tiling. The input image is parti-

tioned into a fixed grid (e.g., 4×4), where each tile corresponds to a spatial location. The center of

each tile defines the coordinates of a demand point. Candidate facility locations are defined within

the same coordinate system to ensure consistency in spatial modeling.

The spatial distance between facility i and demand point j is computed using Euclidean dis-

tance:

dij =
√
(xi − xj)2 + (yi − yj)2, (3.1)

where (xi, yi) and (xj, yj) denote the coordinates of facility i and tile j, respectively.

The travel time between facility i and tile j is defined as:

Tij =
dij
v
, (3.2)

where v denotes the UAV speed.

The dataset lacks geo-referenced spatial information, so the coordinate system has been nor-

malized. As a result, distances are represented in relative units instead of actual physical units.

Travel time is also measured in relative time units. Here, one unit corresponds to the distance

between the centers of adjacent tiles in the grid.

The overall workflow of the proposed severity-aware UAV-based EMS framework is illustrated

in Fig. 3.1. The framework consists of three major modules: the vision layer, spatial triage layer,

and optimization layer. In the vision layer, UAV-captured aerial imagery is processed to detect

affected individuals and estimate their criticality levels using computer vision models. The spatial

triage layer aggregates individual-level detections into tile-level severity, urgency, and priority met-

31



rics representing localized emergency demand. These aggregated triage scores are then passed to

the optimization layer, which determines UAV facility activation and dispatch decisions to allocate

limited emergency resources efficiently while prioritizing high-risk regions.

Figure 3.1: Architecture of the proposed severity-aware UAV-based EMS system.

Affected Individuals: Affected individuals are detected from UAV-acquired imagery and rep-

resented as discrete entities within the disaster environment. Detection is performed using a vision-

based model that produces bounding boxes corresponding to individual locations. The spatial posi-

tion of each individual is approximated using the center of the bounding-box, which is then used to

map the individual to a corresponding tile. These detected individuals are subsequently aggregated

at the tile-level, forming demand points that serve as the fundamental units for severity estimation,

priority computation, and optimization-driven dispatch decisions. This aggregation enables the
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transition from individual-level perception outputs to structured inputs suitable for system-level

decision-making.

Disaster Environment: The disaster environment is inherently heterogeneous, characterized

by structural damage, occlusions, shadows, debris, and varying illumination conditions. Affected

individuals may be distributed sparsely across the region or concentrated in localized clusters,

leading to non-uniform demand patterns. Such environmental complexity introduces uncertainty

in perception, as visual clutter and degraded conditions can impact detection and classification

accuracy. Furthermore, during real-world deployment, ground-truth labels are not available, and

the system must rely entirely on model-based inference to estimate severity and priority. This

reflects realistic operational conditions in post-disaster scenarios.

System Assumptions: The proposed framework operates under the following assumptions:

• Affected individuals are assumed to remain stationary during observation and decision-

making process [32, 35].

• Each UAV serves exactly one tile per dispatch event.

• Spatial coordinates are derived from UAV image grids and expressed in pixel units. As a

result, distances and travel times are treated as relative values rather than real-world physical

quantities.

• Intra-tile navigation and fine-grained movement within a tile are not explicitly modeled.

• Travel time Tij between facility i and tile j is computed based on Euclidean distance [52].

• UAV battery limitations are enforced through a maximum allowable travel time Tmax con-

straint [51].

• Severity and priority values are computed prior to optimization and remain fixed during the

decision-making process.

• Tiles are treated as independent demand units within the optimization model.
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• Communication delays and data transmission constraints are not explicitly modeled [34].

• The proposed framework is evaluated using a pre-collected dataset of UAV imagery rather

than a real-time deployment. As a result, this thesis does not explicitly model system-level

latency components such as image acquisition time, onboard processing delays, and com-

munication time to medical responders.

3.2 Perception and Spatial Triage Modeling

The perception component detects affected individuals and estimates their criticality, while the

spatial triage component aggregates individual-level predictions into tile-level severity and priority

scores. These aggregated representations from the key inputs to the optimization model presented

in the subsequent section.

The proposed framework integrates multiple computational components across perception,

learning, spatial aggregation, and optimization stages. These modules operate sequentially, form-

ing an end-to-end pipeline that converts raw aerial imagery into structured decision inputs for UAV

dispatch. The framework combines deep learning–based perception models with classical machine

learning baselines and an optimization layer to enable severity-aware decision-making.

• You only look once version 8 (YOLOv8)-based detection module: A deep learning-based

object detection model is used to identify affected individuals in aerial imagery and estimate

their spatial locations through bounding boxes [69].

• EfficientNet-Lite0 criticality classifier: A convolutional neural network is employed to

estimate the probability of critical condition for each detected individual based on visual

features extracted from the corresponding image regions [70].

• Random forest (RF) and support vector machine (SVM) baselines: Classical machine

learning models are trained on feature embeddings extracted from the neural network to

provide alternative criticality estimation approaches for comparative analysis [71, 72].
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• Spatial triage module: This module aggregates individual-level detections and predictions

into tile-level representations and computes severity and priority scores that captures both

medical relevance and spatial demand characteristics.

• MILP Optimization Module: A mixed-integer linear programming model determines fa-

cility activation, UAV allocation, and tile-level service decisions under operational con-

straints, including travel time, capacity, and budget.

3.2.1 Vision-Based Perception

The perception component processes aerial imagery to identify affected individuals and estimate

their level of criticality. This process is structured in two stages: (i) a supervised learning stage,

where a criticality model is trained using labeled data, and (ii) a deployment stage, where the

trained model is applied to unseen disaster imagery. This design enables generalization to real-

world scenarios while operating without access to ground-truth labels during deployment.

Supervised learning (SC1): In the supervised learning stage, a binary criticality classifier is

trained using labeled person-level data. The input consists of image crops of detected individuals

along with posture-based labels. Multi-class posture labels are mapped into a binary representa-

tion:

y
(bin)
k =


0, if posture is upright,

1, if posture is lying, bent, sitting, or kneeling,
(3.3)

where ybin
k ∈ {0, 1} denotes the binary criticality label of the k-th detected individual, and k

represents the index of an individual detected in the image.

A convolutional neural network (EfficientNet-Lite0) is trained to estimate the probability of

critical condition:

pk = P (critical | cropk), (3.4)

where pk denotes the predicted probability that the k-th detected individual is in a critical posture,

given the corresponding image cropk, and the output of this stage is a trained model that produces
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a criticality probability pk for each individual. The dataset used for training (SC1) is constructed

exclusively from training and validation images, ensuring no information leakage from the test set.

To enable comparative analysis, feature embeddings extracted from the neural network are also

used to train classical machine learning models, including random forest (RF) and support vector

machine (SVM), providing alternative criticality estimation baselines.

Deployment and Inference (SC2): In the deployment stage, the trained perception model is

applied to unseen aerial imagery representing disaster environments. The input images are parti-

tioned into a grid structure to enable localized processing and improve small-object detectability.

Detection is performed independently on each spatial tile using YOLOv8-based model. The re-

sulting bounding boxes, initially expressed in tile-level coordinates, are transformed into the global

image coordinates using spatial offsets. Since tile-wise processing may produce duplicate detec-

tions, particularly near tile boundaries, global non-maximum suppression (NMS) is applied to re-

move redundant bounding boxes and retain a single detection per individual. The final detections

are used to extract person-level image crops, which are processed by the trained classifier to esti-

mate the criticality probability pk for each individual. The output of this stage consists of detected

individuals, their spatial locations, and associated criticality probability pk which serve as inputs

to the spatial triage module. Overall, the vision layer operates as a two-stage pipeline combining

supervised learning (SC1) and deployment inference (SC2), integrating YOLOv8-based detection

with convolution neural network (CNN)-based criticality estimation.

The perception layer relies on a pre-collected dataset of UAV disaster images rather than real-

time image acquisition. Specifically, we use the C2A dataset [68], which offers aerial views of

disaster scenarios with annotated human poses. Each image is treated as a snapshot of a disas-

ter scene, from which we extract spatial demand information. Consequently, image capture and

wireless transmission processes are not explicitly modeled within the system. The computational

latency associated with the perception and decision-making pipeline, including detection, classifi-

cation, and optimization, is not explicitly modeled in this study. The primary focus is on evaluating

the effectiveness of the proposed decision-making framework based on perception-derived inputs.
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Accordingly, no explicit constraints on processing time are imposed in the system formulation.

This modeling choice aligns with simulation-based studies on UAV-assisted emergency response,

which emphasize allocation efficiency and prioritization performance rather than end-to-end sys-

tem latency. The computed severity, urgency, demand, and priority metrics are therefore directly

used as inputs to the optimization model, without incorporating delays associated with image ac-

quisition, communication, or processing.

3.2.2 Spatial Triage Modeling

The spatial triage component converts individual-level perception outputs into structured, tile-

level representations suitable for decision-making. The disaster region is partitioned into a prede-

fined grid, where each tile represents a localized region of the affected area.

Detected individuals are assigned to tiles based on their spatial locations. This mapping es-

tablishes a direct link between perception outputs and tile-level aggregation units. By aggregating

individual-level information, each tile becomes a demand point characterized by severity and pri-

ority scores, which serve as inputs to the optimization model.

Tile-level statistics: To quantify the distribution and severity of affected individuals within

each tile, the following statistics are computed:

Lj = |kj|, (3.5)

Cj =
∑
k∈Kj

1(pk > 0.5), (3.6)

ρj = max
k∈Kj

pk, (3.7)

p̄crit,j =
1

Lj

∑
k∈Kj

pk, (3.8)

where Lj denotes the total number of individuals in tile j (local demand),Kj denotes the set of

individuals detected in tile j, and k indexes each detected individual within the tile. Cj denotes

the number of individuals classified as critical, ρj represents the maximum criticality probability
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among individuals in the tile, and p̄crit,j denotes the average criticality probability within the tile,

pk denotes the predicted probability that the k-th detected individual is in a critical posture, as

obtained from the trained classifier given the corresponding image cropk.

These statistics capture both the quantity and severity distribution of affected individuals and

form the basis for triage-aware scoring.

Severity and priority modeling: To quantify the operational importance of each tile, severity,

urgency, demand, and priority scores are defined based on the computed statistics. These scores

capture complementary aspects of the disaster scenario, including injury intensity (severity), time

sensitivity (urgency), operational burden (demand), and decision-level importance (priority).

The formulation is inspired by prior work on triage-aware emergency response. For exam-

ple, the authors of [41] incorporated severity-based prioritization into robotic planning, while [39]

showed the use of computational models for estimating patient urgency. However, such approaches

typically rely on discrete triage categories or physiological data not available in UAV-based set-

tings. Therefore, this work proposes a continuous, perception-driven scoring framework. The

scores are defined as:

Sj = α1Lj + α2Cj + α3ρj + α4p̄crit,j, (3.9)

Uj = θ1Tj + θ2Ej + θ3Sj, (3.10)

Dj = β1Cj + β2Sj, (3.11)

Pj = λDj + (1− λ)Uj, (3.12)

where α1, α2, α3, α4, β1, β2, θ1, θ2, θ3, and λ are non-negative weights that determine the relative

influence of each component based on operational priorities. The weight parameters α, β, θ, and λ

were assigned fixed values to illustrate an engineered triage-prioritization strategy rather than clin-

ically validated medical scores. Higher weights were assigned to features associated with more

severe critical conditions, because these components are more likely to indicate immobility, injury,

or reduced ability to self-evacuate. The purpose of assigning these weights is to guide the opti-
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mization model toward identifying high-risk regions, especially when UAV resources are limited.

The severity score Sj captures injury intensity within the j-th tile by combining victim density

Lj , critical casualty count Cj , maximum criticality likelihood ρj , and average criticality confidence

p̄crit,j . The urgency score Uj incorporates factors like the time since report (Tj), and the distance

from the epicentre (Ej), and the severity score (Sj), reflecting the time-sensitive nature of emer-

gency intervention.The demand score Dj captures the operational burden associated with the j-th

tile by combining the critical victim count (Cj) and the severity level (Sj). The priority score Pj

determines the importance of the j-th tile for UAV dispatch and resource allocation decisions by

integrating demand (Dj) and urgency (Uj).

In deployment, the urgency score is simplified as:

Uj = θ3Sj. (3.13)

These tile-level scores provide a quantitative representation of disaster conditions and serve as

key inputs to the optimization model presented in the next section.

Posture-to-criticality mapping: The posture-to-criticality mapping adopted in this work is

grounded in established triage principles, where prioritization is based on observable condition

and functional status. In mass-casualty incidents, triage commonly relies on mobility, level of

consciousness, and visible signs of life to assign priority levels.

In UAV-based scenarios, direct physiological measurements (e.g., respiration and pulse) are

not available; therefore, assessment must rely on visual cues. Recent work on drone-assisted triage

proposes remote algorithms that evaluate observable indicators such as walking ability, conscious-

ness, and signs of life for victim classification [73]. Recent studies have also explored AI-driven

triage approaches that utilize patient data and machine learning models to prioritize, highlighting

the role of data-driven decision-making in emergency response [39]. In particular, mobility (i.e.,

the ability to walk) is used as a key decision factor in prioritization.
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Accordingly, posture inferred from aerial imagery is employed as a practical proxy for mobility

and observable condition. The proposed posture-to-criticality mapping is thus a heuristic derived

from established triage practice and adapted to the constraints of vision-based, remote assessment.

However, this mapping does not represent a clinically validated assessment and is considered a

heuristic approximation.

3.3 From Spatial Triage to UAV Allocation Problem

The spatial triage process assigns each demand tilej ∈ J a severity score Sj and a priority score

Pj , derived from the perception pipeline. These scores quantify the medical urgency and relative

importance of each tile within the disaster environment. Given these triage-aware scores, the

UAV dispatch problem involves determining how limited fleet of UAVs should be allocated across

multiple demand locations. Each allocation decision must satisfy practical constraints, including

UAV availability, travel time limits, and deployment cost. At the same time, the allocation should

prioritize tiles with higher severity and priority, rather than relying solely on operational efficiency.

This leads to the central optimization problem of this thesis: to allocate UAVs across demand

locations that balances resource constraints with triage-driven priorities.

A commonly used optimization framework for UAV facility location and allocation is the un-

crewed aerial vehicles for emergency management system (UEMS) location-allocation problem

(ULAP) [52], which is designed for cost-efficient deployment of UAV resources. However, ULAP

does not account for victim severity or priority, making it insufficient for real-time, triage driven

disaster response. In its classical robust standard formulation (RSF), ULAP incorporates demand

uncertainty by considering worst-case demand scenarios. This is achieved through additional vari-

ables and constraints that ensure feasibility under variations in demand. A key feature of ULAP is

its coverage requirement, which ensures that every demand location must be served by at least one

facility: ∑
i∈I

xij ≥ 1, ∀j ∈ J, (3.14)

40



where xij is a binary decision variable if demand point j is served by facility i and I denotes

the set of candidate UAV facility locations, and J denotes the set of demand point. This con-

straint enforces a full coverage requirement, ensuring that every demand tile is served by at least

one facility. While appropriate for planning applications, this assumption is often unrealistic in

disaster-response settings with limited resources.

Several limitations arise when applying ULAP to severity-aware UAV dispatch. First, ULAP is

fundamentally cost-driven and does not incorporate severity and priority. As a result, all demand

locations are treated uniformly, ignoring differences in medical urgency. Second, in real disaster

scenarios, limited UAV availability and operational constraints make it impractical to serve all de-

mand locations. Therefore, prioritization is necessary. Third, ULAP relies on predefined demand

estimates and bounded uncertainty, which are better suited for pre-disaster planning rather than

dynamic, perception-driven environments. These limitations highlight that the classical ULAP

formulation does not adequately capture the requirements of triage-aware UAV dispatch. This

motivates the development of an optimization framework that explicitly incorporates severity and

priority into allocation decisions.

3.3.1 Cost-Focused Allocation Baseline (ULAP-Inspired)

To enable a meaningful comparison, a modified cost-focused allocation baseline is constructed

based on the objective structure of ULAP. This baseline isolates cost-driven decision making and

serves as a reference for evaluating the benefits of triage-aware optimization.

The baseline objective minimizes the total cost associated with facility activation and UAV

deployment:

min
∑
i∈I

fiyi +
∑
i∈I

piui, (3.15)

where I denotes the set of candidate UAV facility locations and J denotes the set of demand tiles.

The parameter fi represents the fixed cost of activating facility i, and pi denotes the cost associated

with deploying a single UAV from facility i.The binary decision variable yi ∈ {0, 1} indicates
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whether facility i is activated or not, and ui represents the number of UAVs deployed from facility

i.

To reflect the limited-resource, selective-dispatch setting considered in this thesis, the classical

ULAP full-coverage requirement is replaced with a selective-service dispatch constraint:

∑
i∈I

∑
j∈J

xij = K, (3.16)

where the binary decision variable xij describes if a UAV from facility i is assigned to serve

demand point j, and k denotes the total number of UAV dispatches available within the operational

horizon.

To ensure that each selected demand point receives at most one UAV dispatch, the following

constraint is imposed: ∑
i∈I

xij ≤ 1, ∀j ∈ J. (3.17)

These modifications replace the classical ULAP full-coverage requirement, which is incom-

patible with resource-constrained disaster scenarios. As a result, UAV allocation decisions in this

baseline are driven solely by operational cost considerations and do not incorporate severity or

priority information. The resulting formulation serves as a cost-focused comparator, rather than a

full reproduction of the classical ULAP RSF model. It enables a clear and controlled evaluation of

the impact of incorporating triage-aware information into UAV dispatch decisions.

3.4 Optimization Problem Formulation

This section formulates the UAV-based emergency response problem which is a MILP model.

The objective is to determine optimal facility activation and UAV dispatch decisions for serving de-

mand points derived from the spatial triage stage. The formulation incorporates tile-level severity

and priority scores to ensure that high-risk regions are prioritized under limited resources.
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3.4.1 Decision Variables

We define the following decision variables:

xij =


1, facility i serves tile j,

0, otherwise,

yi =


1, facility i activated,

0, otherwise,

ui ∈ Z+ : number of UAVs at facility i,

zj =


1, tile j is served,

0, otherwise,

where xij represents the assignment of UAVs from facility i to demand tile j, yi indicates whether

a facility is activated or not, ui specifies the number of UAVs available at each facility, and zj

denotes whether a demand tile is served. These variables collectively determine facility activation,

UAV allocation, and demand coverage decisions. Each UAV is assumed to serve exactly one tile

per dispatch cycle. Therefore, the total number of served tiles equals the total number of available

UAVs N , establishing a one-to-one mapping between the UAVs and served tiles.

3.4.2 Parameters

The model uses the following parameters.

• Tij: travel time from facility i to demand point/tile j

• Sj: severity score of demand point/tile j

• Pj: priority score of demand point/tile j

• fi: fixed cost of activating facility i
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• pi: cost per UAV allocated from facility i

• NUAV
i : maximum UAV capacity at facility i

• Tmax: maximum allowable round-trip travel time

• Bmax: total available budget

• Nmax: maximum number of facilities that can be activated

• N : total number of UAVs available

3.4.3 Objective Function

The objective balances operational efficiency with triage-driven priorities:

min

(
w1

∑
i,j

Tijxij + w2

∑
i

(fiyi + piui)− w3

∑
j

Sjzj − w4

∑
j

Pjzj

)
, (3.18)

where the first term minimizes total travel and the second term minimizes operation cost (facility

activation and UAV deployment). The third and fourth terms promote servicing tiles with higher

severity and priority. The weights w1, w2, w3, w4 ≥ 0 control the trade-off between efficiency and

triage-driven prioritization.

3.4.4 Constraints

The following constraints ensure feasibility and enforce operational requirements of the system.
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C1:
∑
i

yi ≤ Nmax

C2:
∑
i

xij = zj, ∀j

C3: xij ≤ yi, ∀i, j

C4:
∑
j

xij ≤ ui, ∀i

C5: ui ≤ NUAV
i yi, ∀i

C6: 2Tijxij ≤ Tmax, ∀i, j

C7:
∑
i

(fiyi + piui) ≤ Bmax

C8:
∑
i

ui = K

C9:
∑
j

zj = K

C1 limits the number of activated facilities to the maximum allowable value Nmax. C2 links

assignment and service decisions; a tile is served if and only if it is assigned. C3 enforces that

demand point j can only be assigned to facility i if facility i is activated. C4 limits the number

of demand points assigned to facility i by its allocated UAVs. C5 ensures that UAV allocation

at facility i should not exceed its maximum capacity and is permitted only when the facility is

activated. C6 enforces that the round-trip travel time for UAV operations does not exceed the

maximum allowable limit Tmax. C7 enforces the total budget constraint, i.e., facility activation and

UAV allocation should not exceed the available budget Bmax. C8 fixes the total number of UAVs

deployed in the system to k. C9 ensures that exactly k demand points are served (one UAV per

demand point/tile).

The decision variables xij , yi, and zj are binary, and ui is a non-negative integer. All constraints

are linear, and the objective function is linear in the decision variables. Therefore, the problem

MILP problem. By incorporating severity and priority directly into the objective function, the for-

mulation enables triage-aware UAV allocation, ensuring that limited resources are directed toward

high-risk regions while satisfying operational constraints.
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3.5 Solution Approaches

This section presents the implementation of the proposed severity-aware UAV-based EMS frame-

work, describing the computational pipeline used to operationalize the system model and solve the

formulated optimization problem. The pipeline integrates perception, spatial triage, and optimiza-

tion components, transforming raw aerial imagery into actionable UAV deployment decisions.

3.5.1 Vision Layer Implementation

The vision layer serves as the perceptual backbone of the system, transforming raw aerial

imagery into structured, person-level criticality information for downstream processing. It is im-

plemented as a two-stage pipeline consisting of a supervised training phase (SC1) and a deploy-

ment inference phase (SC2), enabling both learning from labeled data and generalization to unseen

disaster environments.

CNN-Based Criticality Inference: The vision layer identifies individuals in UAV imagery and

extracts person-level regions using bounding boxes. Each cropped region is resized and passed to

a CNN (EfficientNet-Lite0), which outputs a probability score indicating whether the individual

is in a critical condition. Based on this score, each person is classified as critical or non-critical,

enabling automated victim assessment for downstream prioritization.

The process of CNN-based criticality inference is illustrated in Fig. 3.2. The figure demon-

strates how the vision layer operates on UAV imagery to assess the condition of detected indi-

viduals. At first, we obtain images from the UAV dataset, where individuals are localized using

YOLOv8 detection. YOLOv8 detection provides us with bounding boxes, and then we get the

crops. These cropped images are then passed to a convolutional neural network, specifically the

EfficientNet-Lite0 model, which classifies the individual as critical or non-critical based on visual

features. This step enables automated and scalable assessment of victim conditions from aerial

imagery, forming the basis for downstream severity estimation and resource allocation.

Fig. 3.3 illustrates the overall computational pipeline of the proposed severity-aware UAV-
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Figure 3.2: CNN-based criticality inference.

based EMS framework. The framework is organized into three main layers: the vision layer, the

spatial triage layer, and the optimization layer, which together enable the transformation of raw

UAV-acquired imagery into structured inputs for emergency response.

In the vision layer, the system operates in two stages: supervised training (SC1) and deploy-

ment inference (SC2). In SC1, a criticality classifier based on EfficientNet-Lite0 is trained using

labeled person-level image crops, where posture-based annotations are mapped into a binary crit-

icality representation. Feature embeddings extracted from the trained network are further used to

train RF and SVM models for comparative evaluation. In SC2, unseen UAV images are processed

using a YOLOv8-based detector to identify individuals, followed by EfficientNet-Lite0 inference

to estimate criticality probabilities for each detected individual. The trained models from SC1 are

transferred to SC2, as indicated by the dashed connections in Fig. 3.3, ensuring that inference is

performed using models learned exclusively from training data.

The outputs of the vision layer are aggregated in the spatial triage layer, where detected indi-

viduals are mapped to a predefined 4× 4 grid of tiles based on their spatial locations. This spatial

partitioning enables localized analysis of disaster conditions across the affected area. For each

tile, statistical measures such as the total number of detected individuals (Lj), number of critical

individuals (Cj), maximum criticality probability (ρj), and average criticality probability (p̄crit,j)
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are computed. These statistics capture both the quantity and condition of individuals within each

region. Using these measures, severity, urgency, demand, and priority scores are derived, which

collectively represent the medical importance and operational relevance of each spatial region.

Finally, these triage-aware scores are provided as inputs to the optimization layer, where a

MILP model determines UAV allocation and dispatch decisions under operational constraints. This

includes decisions related to resource allocation and prioritization across different regions. Overall,

this layered structure enables the transformation of raw UAV imagery into structured, decision-

ready inputs for prioritized emergency response.

Stage SC1: Supervised Training Environment: In the SC1 stage, a binary criticality classi-

fier is trained using cropped images of individuals obtained from UAV datasets with pose annota-

tions. Each individual is assigned a posture-based label, which is mapped into a binary criticality

representation, where upright postures are treated as non-critical and all other postures are con-

sidered critical. This mapping enables the model to focus on identifying potentially injured or

vulnerable individuals.

A convolutional neural network (CNN)-based on EfficientNet-Lite0 is trained to estimate the

criticality probability pk for each individual. The model takes a person-level image crop as input

and outputs the likelihood of a critical condition.

To enable comparative evaluation, feature embeddings extracted from the trained network are

used to train classical machine learning models, including RF and SVM. These models serve as

baseline approaches for criticality estimation. The SC1 dataset is constructed exclusively from

training and validation samples, ensuring that no information from the test set is used during model

training. The output of this stage is trained model capable of producing probabilistic criticality

estimates.

Stage SC2: Deployment and Inference: The SC2 stage represents the deployment environ-

ment, where the trained models are applied to full UAV images without access to ground-truth

annotations. SC2 processes full-resolution aerial imagery and performs detection, classification,

aggregation, and decision-making in an integrated pipeline. The input to SC2 consists exclusively
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All GT labels
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YOLOv8 person detection
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Spatial Triage Layer: Tile-Based Severity Aggregation (For each tile j)

Lj = # detected persons Cj = # critical persons ρj = maxk∈Kj
pk p̄crit,j =

1
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∑
k∈Kj

pk

Severity: Sj = α1Lj + α2Cj + α3ρj + α4p̄crit,j

Urgency: Uj = θ1Tj + θ2Ej + θ3Sj

Demand: Dj = β1Cj + β2Sj

Priority: Pj = λDj + (1− λ)Uj

Optimization Layer (MILP)

Figure 3.3: Architecture of the proposed severity-aware UAV-based EMS framework, illustrating
the vision layer, spatial triage layer, and optimization layer.
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of full-resolution UAV images from the held-out test split. These images are strictly excluded from

all training processes, ensuring that evaluation reflects true generalization performance without any

data leakage. To address the small scale of human instances in aerial imagery, each image is parti-

tioned into a grid of non-overlapping tiles. This tiling strategy increases the relative size of objects

within each tile, thereby improving detection performance for small and distant individuals.

Detection is performed independently on each tile using a YOLOv8-based model, improving

small-object detectability. The detector is trained on the original training split and validated on

the validation split using person bounding-box annotations. The model is trained solely for person

detection and does not utilize pose or criticality labels, ensuring that no test data is used during

training. Since detections are performed in tile-local coordinate systems, each detected bounding

box is transformed into the global coordinate system of the original image using spatial offsets

corresponding to the tile position. Tile-wise detection may produce overlapping bounding boxes

for the same individual, particularly near tile boundaries. To address this, all detections are aggre-

gated in the global coordinate space, and global non-maximum suppression (NMS) is applied to

remove redundant detections based on an intersection-over-union (IoU) threshold. This ensures a

single bounding box represents each individual.

The final set of bounding boxes is used to extract person-level crops directly from the origi-

nal image. This preserves spatial detail and avoids distortions introduced by tile resizing. Each

extracted crop is processed using the SC1-trained EfficientNet-Lite0 classifier to estimate the crit-

icality probability pk for each detected individual. Each detected individual is assigned to a tile

based on its spatial location. For each tile, aggregated statistics are computed, including the to-

tal number of detected individuals, the number of critical individuals, and the average criticality

probability. Using the aggregated statistics, severity, urgency, demand, and priority scores are

computed according to Equations 3.9–3.12. These values capture both the quantity and condition

of individuals within each tile. The computed tile-level scores are used as inputs to the optimiza-

tion model. The optimization stage determines facility activation, UAV allocation, and assignment

decisions while satisfying operational constraints, including travel time, UAV capacity, and budget
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limitations.

Together, these actions ensure that raw UAV imagery is transformed into structured tile-level

decision inputs for triage-aware optimization.

3.5.2 Spatial Triage Layer Implementation

The outputs of the vision layer consist of individual detections and their associated criticality prob-

abilities. However, these outputs cannot be directly used in the optimization model for several

reasons: (i) the optimization model operates on spatial demand points rather than individual detec-

tions, (ii) UAVs are deployed to regions rather than individual bounding boxes, (iii) disaster scenes

exhibit heterogeneous spatial distributions of affected individuals, and (iv) decision-making must

consider collective risk rather than isolated cases. Therefore, a spatial aggregation mechanism is

applied to transform individual-level detection outputs into structured demand points. The spa-

tial triage layer performs this transformation by aggregating individual detections into tile-level

severity and priority scores.

Spatial Partitioning and Assignment: Each UAV image is partitioned into a fixed grid struc-

ture (e.g., 4×4), where each grid cell represents a candidate demand point. Each detected individual

is assigned to a tile based on the center of its bounding box, resulting in a grouping of individuals

within each tile. This grouping enables the computation of tile-level statistics required for triage

modeling.

Computation of Tile-Level Severity: For each tile, aggregated statistics are computed from

the assigned individuals, including the number of detected individuals, the number of critical indi-

viduals, and summary measures of the predicted criticality probabilities. These statistics are used

to compute severity score Sj for each tile using Equation 3.9. This severity score captures the

overall intensity of risk within a tile, incorporating both the concentration of individuals and like-

lihood of critical conditions. By integrating these components, the severity score provides a robust

representation of the urgency associated with each spatial region.

The relative contribution of each component is controlled by weighting parameters defined
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in the system model. These weights allow the model to adjust the influence of density-based

and probability-based factors, enabling flexible tuning of the severity representation according to

operational priorities.

Computation of Urgency, Demand, and Priority: Based on the computed severity values,

additional triage quantities are derived to support decision-making. Urgency is computed by com-

bining severity with contextual factors such as temporal or environmental conditions using Equa-

tion 3.10, reflecting how critical and time-sensitive a region is. Demand represents the estimated

service requirement within each tile and is derived from both the number of affected individu-

als and their associated severity levels using Equation 3.11. Priority integrates both demand and

urgency to determine the relative importance of each region for UAV allocation using Equation

3.12.

The relative influence of these components is controlled by weighting parameters defined in the

system model. These weights regulate the contribution of severity, contextual factors, and demand

in determining urgency and priority, allowing the model to balance different operational objectives.

These computed values are then used as direct inputs to the optimization model.

3.5.3 Optimization Layer Implementation

This section describes the implementation of the optimization problem formulated in Section 3.4.

The objective of this stage is to determine optimal UAV deployment and assignment decisions

based on the triage information generated by the spatial aggregation layer. The optimization op-

erates on tile-level inputs, including severity, urgency, demand, and priority scores, and produces

allocation decisions under operational constraints.

The formulation follows Section 3.4 and determines: (i) which facilities to activate, (ii) how

many UAVs to allocate to each facility, (iii) which tiles to serve, and (iv) how UAVs are assigned to

selected tiles. The decision variables include assignment variables xij , facility activation variables

yi, UAV allocation variables ui, and service indicators zj . The relationship between assignment
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and service decisions is enforced through the constraint:

∑
i

xij = zj ∀j, (3.19)

which ensures that a demand point is considered served only if it is assigned to a facility.

The objective function jointly minimizes operational costs and response times while maximiz-

ing coverage of high-severity and high-priority regions. The severity (Sj), urgency (Uj), demand

(Dj), and priority (pj) scores computed in the spatial triage layer (Equations 3.7–3.10) are directly

incorporated into the objective, enabling triage-aware decision-making. All variables are binary or

integer, and all constraints are linear, ensuring compatibility with standard MILP solvers.

The model is implemented using a Python-based optimization framework such as PuLP and

solved using a standard MILP solver, named as Coin-or Branch and Cut (CBC) solver [74]. The

solver processes facility-level parameters (activation cost, UAV capacity), tile-level inputs (sever-

ity, priority, travel time), and global constraints (budget, fleet size, and travel limits). All oper-

ational constraints defined in Section 3.4 are enforced, ensuring feasibility under realistic opera-

tional conditions.

The optimization outputs include selected facility locations (yi), UAV allocation per facility

(ui), assignment decisions (xij), and the set of served demand points (zj). These outputs define the

final UAV deployment plan and are used to evaluate system performance in terms of coverage, cost,

and response efficiency. The stage completes the pipeline by translating perception-driven triage

information into actionable deployment decisions, forming a unified framework that integrates

perception and decision-making for UAV-based emergency response.

3.5.4 Baseline Methods for Comparison

To evaluate the effectiveness of the proposed optimization model, several baseline methods are

implemented for comparison.

First, a cost-focused optimization baseline inspired by the ULAP framework is considered.

53



This model minimizes operational cost without incorporating severity or priority information. This

baseline reflects traditional facility location-allocation approaches used in emergency service plan-

ning. It serves as a reference for assessing the impact of triage-aware decision-making.

Second, machine learning-based baseline approaches are implemented using RF and SVM

models. In these approaches, tiles are ranked based on predicted criticality, and UAVs are assigned

to the highest-ranked locations in a greedy manner until available resources are exhausted.

Unlike the proposed MILP formulation, these baseline methods do not explicitly enforce global

constraints such as UAV capacity, travel time limits, or budget restrictions. Instead, they provide

computationally efficient heuristic allocation strategies based on local ranking. These baseline

methods are evaluated alongside the proposed model to compare the performance in terms of cost

efficiency, coverage of critical regions, and overall response effectiveness.

3.6 Summary

This chapter presented the methodological foundation of a severity-aware UAV-based EMS

framework for disaster response. The proposed system integrates computer vision-based percep-

tion, spatial triage modeling, and MILP optimization to transform UAV-acquired aerial imagery

into prioritized resource allocation decisions. The system model consists of four core compo-

nents: (i) physical entities, including UAVs, EMS facilities, affected individuals, and the disaster

environment; (ii) perception elements for detecting individuals and estimating their criticality; (iii)

spatial modeling for aggregating detections into tile-level demand representations; and (iv) an opti-

mization layer for facility activation and UAV dispatch under operational constraints. The disaster

region is partitioned into a 4×4 grid of tiles, each representing a localized demand zone, while

UAV operations are subject to constraints such as battery capacity, travel time, and facility limits.

The perception pipeline operates in two stages. In the SC1, a binary criticality classifier based

on EfficientNet-Lite0 is trained using labeled person-level image crops, where posture labels are

mapped into critical and non-critical categories. Classical machine learning baselines, including
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RF and SVM, are also trained for comparative evaluation. In the deployment stage SC2, YOLOv8

is used to detect individuals in unseen UAV imagery, global non-maximum suppression removes

duplicate detections, and the trained classifier estimates the criticality probability for each detected

individual.

The spatial triage module aggregates individual-level detections into tile-level representations.

For each tile, statistics such as total victim count, critical victim count (Cj), maximum criticality

probability (ρj), and average criticality probability (p̄crit,j) are computed. These statistics are used

to derive composite scores, including severity (Sj), urgency (Uj), demand (Dj), and priority (Pj),

which capture the medical relevance and operational importance of each region. The UAV allo-

cation problem is formulated as a MILP model that extends the classical . While ULAP focuses

on cost minimization under full-coverage assumptions, it does not incorporate severity or priority

information. To address this limitation, a cost-focused baseline with selective dispatch constraints

is introduced for comparison. The proposed formulation balances multiple objectives, including

minimizing travel time and operational cost, while maximizing coverage of high-severity and high-

priority regions. Overall, the proposed framework establishes an end-to-end pipeline that connects

perception-driven criticality estimation with optimization-based UAV dispatch, enabling informed

and prioritized emergency response under realistic operational constraints.
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Chapter 4

Simulation Results

This chapter presents the comprehensive evaluation of the proposed severity-aware uncrewed

aerial vehicles (UAV)-based emergency management system (EMS) optimization framework. The

evaluation examines both the perception capability of the system, specifically binary criticality

estimation and derived severity scoring, and the operational effectiveness of UAV resource alloca-

tion decisions under different optimization settings. All simulations follow the two-stage pipeline

described in Chapter 3. Stage 1 (SC1) focuses on supervised learning for binary criticality classifi-

cation and severity estimation, while Stage 2 (SC2) evaluates end-to-end UAV allocation behaviour

on unseen real UAV imagery using the optimization model and baseline methods.

4.1 Simulation Setup and Parameters

In Stage SC1, a binary criticality classifier is trained on ground-truth labeled individual-level

image. The objective is to classify each detected individual as either critical or non-critical based

on posture-derived labels. The model takes cropped person images of size 128×128 as RGB (three-

channel) inputs and outputs a binary prediction indicating the likelihood of a critical condition.

Multi-class posture labels are mapped into a binary representation, where upright postures are

considered non-critical and all other postures are treated as critical.

The training configuration for the SC1 classifier is summarized inTable 4.1.
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Table 4.1: SC1 binary criticality classification training configuration (EfficientNet-Lite0).

Parameter Value
Task Binary classification (critical vs non-critical)
Original classes 5 pose classes (0–4)
Binary mapping Upright → non-critical; all other poses → critical
Random seed 42
Training split 85% train / 15% validation
Training subset size 8000 samples
Validation subset size 2000 samples
Model backbone EfficientNet-Lite0
Pretrained initialization Yes (ImageNet)
Number of output classes 2
Input image size 128× 128
Training transforms Resize, horizontal flip, rotation (10°), color jitter (0.2)
Batch size 64
Number of epochs 10
Optimizer Adam
Learning rate 1× 10−3

Loss function Cross-entropy loss
Framework PyTorch, torchvision, timm
Computation device CUDA (if available), otherwise CPU
Dataset C2A dataset [68]

In Stage SC2, the trained perception model is applied to unseen UAV imagery. Detected indi-

viduals are aggregated into tile-level demand points, from which severity, urgency, demand, and

priority scores are computed using Equations 3.9–3.12. These scores serve as inputs to the UAV

allocation models.

Unlike SC1, SC2 does not include ground-truth criticality labels and therefore represents the

deployment setting of the proposed system. The evaluation in this stage focuses on system-level

behavior, specifically UAV allocation decisions under different policies.

The evaluation considers four UAV resource-allocation strategies:

• Proposed Triage-Aware MILP: The proposed model is a multi-objective MILP framework

that incorporates severity, priority, travel time, and operational cost into UAV allocation

decision.

• Cost-Focused Baseline (ULAP-inspired): A cost-focused objective adapted from the un-
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crewed aerial vehicles for emergency management system (UEMS) location-allocation prob-

lem (ULAP) formulation [52], which does not incorporate severity or priority information

and serves as a non-triage benchmark.

• Random Forest (RF) Heuristic: A greedy UAV allocation strategy in which demand lo-

cations are ranked based on severity estimates derived from the RF model, and UAVs are

assigned sequentially [71].

• Support Vector Machine (SVM) Heuristic: A greedy allocation strategy similar to the RF

baseline, using severity estimates derived from the SVM model [72].

Performance is evaluated using four metrics across multiple UAV fleet sizes K. Severity cov-

erage and priority coverage, which quantify how well high-risk regions are served, and total travel

time and operational cost, which measure efficiency. All metrics are post-normalized to the range

[0, 1] to enable consistent comparison range across methods and fleet sizes.

Table 4.2 summarizes the simulation parameters and optimization settings used in SC2 experiments.

All parameters are kept fixed across simulations to ensure fair and consistent comparison between

the proposed model and baseline methods.

The travel-time-related quantities in Table 4.2 including Tmax and the UAV speed reference, are

defined under the normalized grid-based representation described in Section 3.1 and are interpreted

as relative simulation values rather than real-world physical units.

4.2 Binary Criticality Classification Evaluation (SC1)

This section evaluates the performance of the binary criticality classification models that constitute

the perception front-end of the proposed UAV-based EMS framework. Since the SC2 deployment

dataset does not contain ground-truth criticality labels, all classification metrics are reported on the

SC1 dataset, where ground-truth pose annotations are available and mapped to binary criticality

labels. The original five C2A pose categories (upright, sitting, bending, lying, upside-down) are
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Table 4.2: Simulation and optimization parameters used in SC2

Parameter Value
Number of demand points/ tiles 696
UAV fleet sizes (K) {2, 4, 6, 8, 10}
Maximum travel time (Tmax) 1200
UAV Speed Reference 15
Nmax 3
Bmax 35000
Assignment constraint

∑
i xij = zj

Solver CBC (via PuLP)
Severity weights a1 = 1, a2 = 1, a3 = 1, a4 = 1
Demand and urgency weights β1 = 1, β2 = 1, θ1 = 1, θ2 = 1
Priority balance parameter λ = 0.5
Balanced objective weights w1 = w2 = w3 = w4 = 1
Single-objective setting One weight = 1; others = 0
Metric normalization Post-normalized to [0, 1]

mapped into a binary representation aligned with triage requirements. Specifically, the upright

posture is treated as non-critical (class 0), while all other postures are considered (class 1). This

mapping reflects a conservative triage strategy aimed at minimizing missed critical cases.

Three models are evaluated: EfficientNet-Lite0 (convolutional neural network (CNN) base-

line), RF, and SVM, where the latter two are trained on feature embeddings extracted from the

CNN.

Table 4.3 summarizes the classification performance of all models on the SC1 validation dataset.

The results show that EfficientNet-Lite0 achieves the strongest overall performance, with the high-

est accuracy (79.49%) and F1-score (87.98%) among the evaluated models. While the overall

accuracy may appear moderate, this is expected given the challenging nature of the task because

the model operates on small cropped person regions extracted from aerial imagery, where individ-

uals often occupy only a few pixels. These low-resolution crops limit the amount of discriminative

visual information available for classification. It achieves a very high recall for the critical class

(99.49%), indicating that nearly all critical individuals are correctly identified. In the context of

emergency response, this is the most important criterion, as missing critical victims is far more

costly than false positives. Therefore, the observed performance represents a strong and practi-
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Table 4.3: SC1 Binary Criticality Classification Performance

Model Accuracy Precision (crit) Recall (crit) F1 (crit)
EfficientNet-Lite0 79.49% 78.86% 99.49% 87.98%
Random Forest 60.50% 58.14% 75.00% 65.50%
SVM 58.00% 54.65% 94.00% 69.12%

cally effective result for this application. The SVM model also achieves high recall (94.00%), but

at the cost of significant lower precision, indicating a tendency to over-classify non-critical cases

as critical. The RF model achieves comparatively lower performance across all metrics, indicat-

ing limited effectiveness in capturing the visual patterns associated with criticality. From a triage

perspective, recall for the critical class is a key performance indicator, as failing to identify critical

individuals may lead to severe consequences. In this context, both EfficientNet-Lite0 and SVM

exhibit a high-recall behavior. However, EfficientNet-Lite0 provides a more balanced trade-off

between recall and precision, resulting in superior overall performance. These results establish

the reliability of the perception module for criticality estimation. In particular, the high recall

achieved by the CNN model supports its use in downstream severity and priority computation,

where underestimation of critical cases is more detrimental than overestimation.

4.3 SC2 Deployment Dataset and Setup

The SC2 deployment stage evaluates the proposed UAV-based EMS framework under realistic

disaster response conditions. Unlike SC1, which focuses on supervised training and validation

of the classification models, SC2 represents a deployment scenario where the trained perception

module is applied to unseen UAV images for decision-making. The SC2 deployment dataset is de-

rived from the C2A UAV-based disaster imagery dataset, which contains aerial images of collapsed

building scenarios and flood scenarios with human pose annotations.

In this stage, the UAV images are processed using a YOLOv8-based person detection model

to identify human instances in aerial scenes. Each detected individual is extracted as a cropped

image of resolution 128 × 128 and classified into critical and non-critical categories using the
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trained EfficientNet-Lite0 binary classifier. The classification outputs are subsequently used to

compute severity, urgency, demand, and priority scores, which serve as inputs to the optimization

model.

A total of 238 UAV images are processed, resulting in 1000 detected person instances. Each

UAV image contains multiple individuals, resulting in a larger number of cropped instances than

input images. Due to the disaster-specific nature of the dataset, the majority of detected individuals

are classified as critical. Specifically, 953 instances (95.3%) are classified as critical, while 47

instances (4.7%) are classified as non-critical. This imbalance is expected in collapsed building

disaster scenarios, where individuals are more likely to be in non-upright or high-risk conditions.

To enable spatial decision-making, a 4 × 4 grid-based tiling strategy is applied to partition

each UAV image into non-overlapping regions. Detection outputs are aggregated within each tile

to construct spatial demand points, which are then used as input to the optimization model. Due

to computational constraints, a representative subset of the SC2 dataset is used for optimization

experiments while preserving its statistical characteristics.

Table 4.4: SC2 deployment dataset characteristics.

Property Value
Number of UAV images 238
Detected person instances 1000
Critical instances 953 (95.3%)
Non-critical instances 47 (4.7%)
Average persons per image 4
Crop resolution 128× 128
Tiling strategy 4× 4 grid
Scene type Collapsed building and flood disaster

4.4 Balanced Multi-Objective Optimization

In this simulation, all objective weights are set to one (w1 = w2 = w3 = w4 = 1), resulting in

a balanced optimization framework that simultaneously considers severity coverage, priority cov-

erage, travel time, and operational cost. This configuration reflects realistic emergency response
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conditions, where multiple competing objectives must be addressed jointly.

4.4.1 Performance Under Balanced Objectives

Fig. 4.1 illustrates the performance of the evaluated methods as the UAV fleet size K in-

creases. Since all methods rely on the same CNN-derived demand representation, the observed

differences are attributable solely to the optimization strategies. Fig. 4.1(a) shows the severity

coverage achieved by each method across increasing UAV fleet sizes K. The proposed CNN-

based perception with mixed integer linear programming (MILP)-based optimization model con-

sistently achieves the highest severity coverage, indicating its ability to effectively prioritize high-

severity demand points. CNN-based heuristic method achieves moderate performance, while the

ULAP-inspired cost baseline results in lower severity coverage. This behavior is expected, as the

ULAP formulation does not incorporate severity information into its objective function. Fig. 4.1(b)

presents the priority coverage across different fleet sizes. The proposed CNN-based perception

with MILP-based optimization model again achieves the highest priority coverage, demonstrat-

ing its effectiveness in jointly considering severity and urgency through the priority formulation.

The CNN-based heuristic method achieves moderate performance, while the ULAP-inspired cost

baseline exhibits lower priority coverage, as it does not account for priority information during

allocation.Fig. 4.1(c) illustrates the total travel time for each method. The CNN + heuristic ap-

proach achieves the lowest travel time due to its simple assignment strategy, which favors locally

efficient decisions. The proposed CNN-based perception with MILP-based optimization model

results in slightly higher travel time, reflecting the trade-off required to prioritize high-severity

demand points. The ULAP-inspired cost baseline exhibits the highest travel time, indicating less

efficient spatial allocation under a purely cost-driven objective. Fig. 4.1(d) shows the operational

cost associated with each method. The ULAP-inspired cost baseline and the proposed CNN-based

perception with MILP-based optimization model achieve nearly identical cost values across all

fleet sizes. This occurs because both methods operate under the same resource and feasibility con-

straints, resulting in similar UAV and facility usage. The proposed model improves severity and

62



(a) Severity coverage (b) Priority coverage

(c) Total travel time (d) Operational cost

Figure 4.1: Performance under balanced multi-objective optimization (w1–w4 = 1) across different
UAV fleet size K.

priority coverage primarily through more effective assignment decisions rather than increased re-

source utilization. In contrast, the CNN-based heuristic method results in significantly higher cost

due to the lack of coordinated resource allocation.

4.4.2 Evaluation Using the Scalar Objective Function

Fig. 4.2 presents the normalized scalar objective value under the balanced multi-objective con-

figuration. The horizontal axis shows the number of UAVs deployed (K), while the vertical axis

shows the normalized scalar objective value, with lower values indicating better performance. The

scalar objective aggregates multiple components, including severity coverage, priority coverage,
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Figure 4.2: Normalized scalar objective value under balanced multi-objective optimization
(w1–w5 = 1). Lower values indicate better performance.

travel time, and operational cost, into a single measure consistent with the optimization formula-

tion. It is important to note that although the compared methods are based on different optimization

principles, all models are evaluated using a common scalar objective function to ensure consistent

comparison across efficiency and triage-related metrics. The proposed CNN-based perception with

MILP-based optimization model achieves the lowest scalar objective values across all fleet sizes,

indicating the best performance according to the defined objective. The ULAP-inspired baseline

produces higher values because it focuses on cost minimization without incorporating prioritiza-

tion metrics. The heuristic method results in the highest scalar objective values, reflecting its lack

of coordinated multi-objective optimization. These results demonstrate that the proposed model

achieves improved performance in jointly optimizing efficiency and triage-driven priorities within

the defined optimization framework.

4.4.3 Average Performance Summary

Table 4.5 summarizes the average performance across all UAV fleet sizes under balanced objec-

tive weights. The proposed CNN-based perception with MILP-based optimization model achieves

the highest severity and priority coverage, indicating that the triage-aware optimization effectively
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Table 4.5: Average performance across all UAV fleet sizes (K) under balanced weights. Higher
values indicate better performance for severity and priority coverage, while lower values indicate
better performance for travel time and operational cost.

Model SevCov ↑ PriCov ↑ Travel ↓ Cost ↓
ULAP-Inspired (Cost-Only Baseline) 0.007999 0.008179 25.821349 15820.0
Proposed (CNN + MILP) 0.013705 0.017448 24.003423 15820.0
CNN + Heuristic 0.009602 0.008669 15.793329 20860.0

prioritizes high-severity demand regions. The CNN-based heuristic method achieves lower cov-

erage values compared to the proposed model due to its lack of global coordination. In terms

of travel time, the CNN-based heuristic method achieves the lowest values due to its localized

assignment strategy. In contrast, the proposed model exhibits higher travel time as it prioritizes

more critical demand points. Notably, the ULAP-inspired cost-only baseline and the proposed

model yield identical average operational costs, indicating that both approaches use comparable

resources. However, the proposed model achieves significantly higher severity and priority cover-

age without increasing cost, demonstrating improved performance in severity-aware allocation.

4.4.4 Overall Comparison Using Scalar Objective

Table 4.6 summarizes the average scalar objective values across all UAV fleet sizes. Lower

values indicate better overall multi-objective performance. The proposed CNN-based percep-

tion with MILP-based optimization model achieves the lowest scalar objective value among the

evaluated methods, with an average value of 0.1136. The ULAP-inspired cost baseline achieves

the second-lowest value of 0.1289, while the CNN-based heuristic method obtains the highest

scalar objective value of 0.1698. These results indicate that the proposed model achieves the best

overall performance across severity coverage, priority coverage, travel time, and operational cost,

while maintaining a balance between efficiency and triage-driven priorities. Although the ULAP-

inspired baseline maintains low operational cost, it achieves lower severity and priority coverage

because these factors are not included in its objective function. The CNN-based heuristic method

achieves lower travel time; however, its higher cost and lower coverage reduce its overall scalar
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Table 4.6: Average scalar objective across all UAV fleet sizes (K) under balanced weights. Lower
values indicate better overall multi-objective performance.

Model Scalar Objective (↓)
Proposed (CNN + MILP) 0.113646
ULAP-Inspired (Cost-Only Baseline) 0.128947
CNN + Heuristic 0.169816

performance. Overall, the scalar objective results show that the proposed CNN-based perception

with MILP-based optimization model utilizes available UAV resources more effectively, improving

severity and priority coverage while maintaining comparable operational cost.

4.5 Single-Objective SC2 Simulation

To analyze the influence of individual decision objectives, a single-objective severity-based

simulation is performed. In this setup, the severity weight is set to 1 while all other objective

weights are set to 0. This configuration isolates the effect of severity prioritization on UAV al-

location behavior. The performance is evaluated using four metrics, including severity coverage,

priority coverage, total travel time, and operational cost. The comparison includes the proposed

triage-aware MILP model, a cost-focused baseline (ULAP-inspired), and two heuristic approaches

based on RF and SVM predictions. All results are reported across increasing UAV fleet sizes K.

Metrics are normalized to the range [0, 1] for consistent comparison.

4.5.1 Severity-Only Optimization

In this simulation, only the severity objective is activated (w3 = 1) , forcing the allocation strat-

egy to prioritize demand points with the highest severity scores. Fig. 4.3 illustrates the performance

of all methods across increasing UAV fleet size K. As shown in 4.3(a), the proposed CNN-based

perception with MILP-based optimization model consistently achieves the highest severity cover-

age across all fleet sizes. The RF and SVM heuristics achieve very similar coverage values, closely

matching the proposed model. This behavior is consistent with the severity-based objective, as all

66



three approaches prioritize demand points based on severity scores. However, the RF and SVM

methods rely on greedy selection, assigning UAVs sequentially without considering global feasi-

bility constraints. In contrast, the proposed CNN-based perception with MILP-based optimization

model jointly optimizes all assignments, ensuring that the selected set of demand points is glob-

ally feasible under the given constraints. The small difference between the methods indicates

that severity-based prioritization is effective, while the MILP provides a principled and reliable

framework for handling constraints and guaranteeing feasible allocation. The ULAP-inspired cost

baseline achieves significantly lower severity coverage, as it does not incorporate severity infor-

mation into its objective function. A similar trend is observed in Fig. 4.3(b), where the proposed

model also achieves the highest priority coverage, despite priority not being explicitly optimized.

This occurs because priority is partially derived from severity, leading to indirect improvement.

The RF and SVM heuristics again perform closely but slightly below the proposed model, while

the ULAP baseline remains the weakest.

Fig. 4.3(c) shows that the RF and SVM heuristic methods achieve the lowest travel time, as

their greedy assignment tends to select nearby demand points. The proposed CNN-based percep-

tion with MILP-based optimization model results in moderately higher travel time, reflecting the

trade-off required to prioritize high-severity demand points that may be spatially dispersed. The

ULAP baseline exhibits the highest travel time, indicating less efficient spatial allocation under

cost-only optimization. Fig. 4.3(d) shows the operational cost associated with each method under

the severity-only setting. The ULAP-inspired cost baseline achieves the lowest cost across all fleet

sizes, as expected, because its objective is cost minimization and does not include severity informa-

tion. The proposed CNN-based perception with MILP-based optimization model incurs a higher

cost than the ULAP-inspired baseline because it prioritizes high-severity demand points rather than

selecting only the lowest-cost assignments. The RF and SVM heuristics exhibit the highest oper-

ational cost, especially as K increases. This occurs because the severity-ranked greedy heuristics

select high-severity demand points sequentially without globally coordinating facility activation

and UAV usage. Overall, the cost trend highlights the trade-off between severity prioritization and
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(a) Severity coverage (b) Priority coverage

(c) Total travel time (d) Operational cost

Figure 4.3: Performance under severity-only optimization (w3=1) across different UAV fleet sizes
K.

operational expense. The operational cost in this context consists of the fixed facility activation

cost and the UAV deployment cost, as defined in the objective function. These results validate

the behavior of the proposed model under severity-only optimization, while also highlighting the

associated trade-offs in other performance metrics.

Top-Severity Victim Analysis: To complement the aggregate performance metrics, a victim-

level analysis is conducted under the severity-only setting with K=10. This analysis examines

which high-severity demand points are selected by each method. Table 4.7 presents the top 20

demand points ranked in descending order based on the CNN-derived severity scores. All mod-

els operate on an identical set of demand points with consistent spatial coordinates and ordering,

ensuring a fair and direct comparison of allocation decisions across different severity estimation
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Table 4.7: Top-20 demand points ranked by CNN-derived severity score and their selection by
different methods under severity-only optimization (w3=1). A: ULAP-inspired cost baseline, B:
CNN-based perception with MILP-based optimization (Proposed), C: RF heuristic, and D: SVM
heuristic. A checkmark (✓) indicates selection, while (×) indicates non-selection.

Rank Demand ID Severity Score A B C D
1 308 0.921050 × ✓ × ×
2 497 0.910734 × ✓ × ×
3 441 0.905975 × ✓ × ✓
4 560 0.897476 × ✓ ✓ ✓
5 556 0.897287 × ✓ × ×
6 581 0.892560 × ✓ × ✓
7 523 0.892071 × ✓ × ×
8 137 0.888438 × ✓ ✓ ×
9 239 0.888321 × ✓ × ×

10 388 0.886078 × ✓ ✓ ✓
11 203 0.879412 × × × ×
12 433 0.878804 × × ✓ ×
13 195 0.878566 × × × ×
14 428 0.876574 × × × ✓
15 380 0.876537 × × × ×
16 98 0.875780 × × ✓ ×
17 543 0.871955 × × × ×
18 70 0.871863 × × × ×
19 165 0.870835 × × × ✓
20 667 0.870781 × × × ×

methods. For each demand point, a check mark (✓) indicates selection by the corresponding

method, while a cross (×) indicates non-selection. The proposed CNN-based perception with

MILP-based optimization model selects nearly all of the highest-severity demand points within

the top-K selection, which is consistent with maximizing severity. This indicates that the model

effectively prioritizes critical regions while ensuring feasibility under system constraints. In con-

trast, the RF and SVM heuristic methods achieve similar aggregate severity coverage, as shown in

Fig. 4.3(a). However, their individual selections differ from the CNN-based ranking presented in

Table 4.7. In particular, these methods do not consistently select the highest-ranked demand points

and may instead include lower-ranked points. This behavior arises because their severity estimates

are derived from different classifiers, leading to variations in ranking. This highlights that although

RF and SVM heuristics can achieve similar aggregate severity coverage, they do not consistently
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select the highest-severity demand points, resulting in less reliable prioritization.

The ULAP-inspired cost baseline fails to select high-severity demand points, as it does not

incorporate severity information into its objective function. This highlights the limitations of cost-

driven allocation strategies in scenarios that require prioritizing critical demand points. Overall, the

results demonstrate that while multiple methods can achieve similar aggregate performance under

severity-only optimization, the proposed CNN-based perception with MILP-based optimization

framework more reliably aligns with the highest-severity demand points, providing a principled

and constraint-aware prioritization mechanism. This analysis provides a finer-grained validation

of allocation decisions, demonstrating that the proposed model not only achieves high aggregate

performance but also correctly prioritizes the most critical demand points.

4.6 Computational Performance Analysis

The computational performance of the proposed mixed-integer linear programming (MILP) model

and the ULAP cost-based baseline are assessed in terms of solver runtime and optimality gap

across various UAV fleet sizes. All models are implemented in Python using the PuLP framework

and solved using the CBC solver. The runtime represents the total time required by the solver to

obtain a solution. At the same time, the optimality gap measures the relative difference between

the best feasible solution and the solver’s bound. A zero optimality gap indicates that the global

optimal solution has been found. Table 4.8 presents the runtime and optimality gap for both models

over varying fleet sizes.

The results in Table 4.8 show that both models achieve optimal solutions for all tested instances,

with zero optimality gap (0%), indicating that the global optimum is reached in every case. This

behavior is attributed to the moderate problem size and the structured linear formulation, which

allow the solver to explore the solution space and prove optimality efficiently. This indicates that

the problem instances considered in this study are computationally tractable for exact optimization

using standard MILP solvers. The runtime remains low for both models across all UAV fleet sizes.
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Table 4.8: Solver runtime and optimality gap for ULAP and the proposed triage-aware MILP
model.

Model K Status Runtime (s) Gap (%)
ULAP Cost Baseline K 2 Optimal 2.565759 0.0
Proposed Triage 2 Optimal 7.195815 0.0
ULAP Cost Baseline K 4 Optimal 0.593082 0.0
Proposed Triage 4 Optimal 5.022970 0.0
ULAP Cost Baseline K 6 Optimal 2.512523 0.0
Proposed Triage 6 Optimal 7.034943 0.0
ULAP Cost Baseline K 8 Optimal 0.639016 0.0
Proposed Triage 8 Optimal 6.258020 0.0
ULAP Cost Baseline K 10 Optimal 1.303173 0.0
Proposed Triage 10 Optimal 8.007467 0.0

The ULAP cost-based baseline is solved within approximately 0.5–2.5 seconds, while the proposed

triage-aware model requires approximately 5–8 seconds. The increased runtime of the proposed

model is expected due to its multi-objective formulation and additional constraints that incorporate

severity and priority into the decision-making process. Despite this increase, the computation time

remains within a few seconds, demonstrating that the proposed model is computationally efficient

and suitable for practical UAV-based emergency response scenarios. Overall, these results confirm

that the proposed model achieves a favorable balance between solution quality and computational

efficiency. In summary, the proposed triage-aware MILP model achieves globally optimal solu-

tions with negligible computational overhead for all tested problem sizes. While the inclusion of

additional decision variables and constraints increases the runtime compared to the ULAP baseline,

the overall computation time remains within practical limits. This demonstrates that the proposed

model not only improves decision quality but also maintains computational tractability, making it

suitable for real-time or near-real-time UAV-based emergency response applications.

4.7 Summary

This chapter presented a comprehensive evaluation of the proposed severity-aware UAV-based

EMS framework across both perception (SC1) and deployment (SC2) stages. In SC1, CNN, RF,
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and SVM classifiers were evaluated for binary criticality estimation. The CNN model demon-

strated the most reliable and consistent performance, particularly in identifying critical cases,

thereby justifying its use for generating severity scores in subsequent experiments. While RF

and SVM achieved reasonable results, their comparatively lower accuracy limited their suitabil-

ity for downstream decision-making. In SC2, the analysis examined allocation strategies under

both single-objective and multi-objective settings. In the severity-focused scenario, the proposed

CNN-based perception with MILP-based optimization model achieved the highest severity cov-

erage, benefiting from its ability to produce globally optimal and constraint-aware assignments.

Heuristic approaches based on RF and SVM yielded competitive but slightly inferior results due to

their reliance on greedy selection, which does not consider global feasibility. The ULAP-inspired

baseline performed poorly in this setting, as it does not incorporate severity into its objective. The

balanced multi-objective evaluation, which jointly considered severity coverage, priority coverage,

travel time, and operational cost, provided a more realistic assessment. Using a common CNN-

derived demand representation, the comparison isolated the impact of allocation strategies. The

proposed CNN-based perception with MILP-based optimization model achieved the most effec-

tive trade-off, maintaining high coverage while keeping travel time and cost under control. In

contrast, the heuristic approach favored lower travel time at the expense of coordinated decision-

making, and the ULAP baseline remained cost-efficient but failed to prioritize critical demand

points. Finally, the Top-20 victim analysis offered fine-grained validation at the decision level.

The proposed CNN-based perception with MILP-based optimization model consistently selected

the highest-priority demand points, whereas heuristic methods captured only a subset due to their

greedy nature, and the ULAP baseline did not reflect severity-driven prioritization. Overall, the

results confirm that integrating CNN-based perception with MILP-based optimization enables ef-

fective prioritization of critical demand while ensuring feasible and efficient resource allocation,

making the framework well-suited for UAV-assisted emergency response.
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Chapter 5

Conclusion and Future Work

5.1 Conclusions

This thesis explored the integration of artificial intelligence (AI)-driven perception and optimiza-

tion for uncrewed aerial vehicles (UAV)-based emergency medical service (EMS) systems, with an

emphasis on severity-aware decision-making. The findings demonstrate that coupling perception

outputs with optimization models enables more informed, context-aware allocation compared to

traditional cost-driven approaches. At the perception level (SC1), convolutional neural network

(CNN)-based models were shown to provide the most reliable and consistent criticality estimation,

outperforming classical methods such as random forest (RF) and support vector machine (SVM).

Although RF and SVM offered reasonable approximations, their lower accuracy and variability

limit their effectiveness for downstream decision-making, supporting the use of CNN-derived

severity scores as the primary input to the allocation stage. At the system level (SC2), the bal-

anced multi-objective evaluation incorporates severity coverage, priority coverage, travel time,

operational cost, and offered a realistic assessment of deployment performance. The proposed

CNN-based perception with multi integer linear programming (MILP)-based optimization frame-

work achieved the most effective trade-off across these competing objectives, maintaining high

coverage while controlling resource usage. In contrast, the CNN-based heuristic approach reduced
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travel time through localized decisions but incurred higher operational cost and lacked global co-

ordination. The uncrewed aerial vehicles for emergency management system (UEMS) location-

allocation problem (ULAP)-inspired baseline remained cost-efficient but consistently failed to pri-

oritize high-severity demand, underscoring the limitations of cost-centric strategies in emergency

response contexts. Further analysis under a severity-only objective highlighted that while both

MILP and heuristic approaches can achieve comparable coverage when prioritization is explicit,

their underlying behaviors differ significantly. Heuristic methods rely on greedy selection and do

not guarantee feasibility under complex constraints, potentially leading to suboptimal or incon-

sistent allocations. The MILP formulation, however, ensures globally coordinated and constraint-

compliant decisions. This distinction was further reinforced by the Top-20 victim analysis, where

the CNN-based perception with MILP-based optimization model consistently selected the highest-

priority demand points. In contrast, heuristic methods captured only a subset, and the ULAP base-

line failed to reflect severity-driven prioritization. Overall, the results confirm that incorporating

severity-aware objectives into UAV allocation leads to more meaningful and reliable prioritization

of critical demand points without compromising operational feasibility. While improvements in

aggregate metrics may appear modest under certain conditions, the decision-level analysis reveals

clear advantages in consistency and robustness. This work demonstrates that integrating percep-

tion and optimization is both practical and effective for enhancing UAV-based EMS systems and

highlights the importance of balancing prioritization with efficiency in real-world deployments.

5.2 Challenges and Future Research Directions

The development of a unified, real-time, severity-aware UAV-based framework introduces

several interdisciplinary challenges that must be addressed before deployment at an operational

scale. While the proposed system demonstrates the feasibility of integrating UAV perception,

AI-driven severity modelling, and multi-objective optimization, several open research problems

remain. These challenges are consistent with limitations identified in prior work on UAV-based
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disaster response, communication systems, perception, and optimization [7, 32, 33, 56, 66, 67].

Perception robustness and dataset limitations: A key limitation of the proposed framework

is its reliance on vision-based perception and the representativeness of the training dataset. The

detection and posture classification models may degrade under adverse conditions such as occlu-

sion, smoke, debris, poor illumination, or extreme viewing angles, as also noted in prior perception

studies [32,35–37]. Since severity estimation is directly derived from posture driven classification,

such perception errors propagate to downstream decision-making. Future research should focus

on improving robustness through domain adaptation, uncertainty-aware learning, and temporal

consistency across video frames. Additionally, integrating multi-modal sensing such as thermal

imaging, LiDAR, and acoustic signals can significantly enhance reliability under degraded envi-

ronmental conditions.

Deterministic severity modeling and lack of uncertainty representation: The current sever-

ity and priority scoring mechanisms are deterministic, relying on fixed weighting schemes and

static mappings from posture to severity. This formulation does not capture uncertainty in per-

ception outputs (e.g., low-confidence classifications) or variability in real-world victim conditions.

Future work should incorporate probabilistic and uncertainty-aware severity modeling, such as

Bayesian neural networks or Monte Carlo dropout techniques, enabling uncertainty propagation

from perception to optimization. This would allow the system to make risk-aware decisions under

incomplete or noisy information.

Static optimization and limited real-time adaptation: The proposed MILP-based optimiza-

tion framework assumes static demand, deterministic travel times, and stable communication con-

ditions. However, disaster environments are inherently dynamic, with evolving victim conditions,

environmental hazards, and UAV states. Future research should extend the framework toward dy-

namic and stochastic optimization, including receding-horizon control, model predictive control,

and reinforcement learning-based dispatch strategies. These approaches would enable continuous

adaptation to real-time changes in both perception inputs and environmental conditions.

Limited clinical fidelity of severity modeling: While posture-based cues provide a useful
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proxy for victim condition, they do not fully capture the complexity of medical triage, which in-

volves physiological indicators such as respiration, bleeding, and consciousness. This limits the

clinical accuracy of severity estimation. Future systems should incorporate richer clinical informa-

tion through multi-modal sensing and closer alignment with established medical triage protocols.

Collaboration with healthcare professionals and integration of medically validated scoring systems

will be essential to improve real-world applicability.

Scalability and computational constraints: Another limitation arises from the computational

complexity of the MILP formulation. As the number of UAVs and demand points increases, the

optimization problem grows significantly in size, potentially limiting real-time applicability in

large-scale disaster scenarios. Future directions include developing scalable solver architectures,

such as distributed optimization, hierarchical decomposition, and graphics processing unit (GPU)-

accelerated computation. These approaches would support deployment in city-scale environments

involving large UAV fleets and dense victim distributions.

Lack of temporal victim modeling: The current framework provides a snapshot-based as-

sessment of severity and does not model the evolution of the victim’s condition over time. In

real disaster scenarios, victim states may change dynamically, influencing prioritization decisions.

Future work should incorporate temporal modeling of victim states, such as survival probability

functions, deterioration curves, or time-dependent urgency metrics. This would enable predictive

prioritization rather than static scoring.

Communication constraints and information prioritization: The framework assumes reli-

able communication between UAVs and the optimization layer, which may not hold in post-disaster

environments characterized by intermittent connectivity and limited bandwidth [56,58,63]. Delays

or data loss can lead to outdated severity information and suboptimal dispatch decisions. Future re-

search should explore communication-aware optimization and semantic data prioritization, where

high-severity or high-uncertainty information is transmitted with priority. This aligns with emerg-

ing semantic communication paradigms that focus on transmitting task-relevant information rather

than raw data.
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Limited integration with multi-agent and human-centric systems: The proposed frame-

work focuses primarily on UAV-based decision-making and does not fully integrate with broader

EMS ecosystems, including ambulances, ground responders, and hospital networks. Additionally,

it lacks mechanisms for human-in-the-loop interaction. Future work should extend the framework

to multi-agent coordination, incorporating UAVs, ground vehicles, and human responders within

a unified decision-making architecture. Human-in-the-loop systems, including explainable sever-

ity scoring and override mechanisms, will be essential for ensuring trust, safety, and operational

acceptance.

Addressing these limitations will be essential for transitioning severity-aware UAV EMS sys-

tems from proof-of-concept implementations to real-world deployment. The framework proposed

in this thesis provides a foundational step by demonstrating how perception, severity modeling,

and optimization can be tightly integrated into a coherent decision-making pipeline. Building on

this foundation, future research can advance scalable, robust, and clinically aligned UAV-assisted

emergency response systems capable of operating effectively in complex, uncertain disaster envi-

ronments.
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