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Abstract

This study proposes an integrated Unmanned Aerial Vehicle-Internet of Things (UAV-IoT)
framework for disaster assessment in the presence of damaged or unavailable communi-
cation infrastructure. The proposed system combines ground IoTl sensing, UAV swarm
data ferrying, High-Altitude Platform (HAP) support, Delay-Tolerant Networking (DTN),
Multi-Agent Reinforcement Learning (MARL), and game-theoretic task offloading to im-
prove data delivery, energy balance, and fault tolerance. The collapse of communication
networks in disaster areas significantly affects response mechanisms, with such interrup-
tions seriously weakening the dissemination and acquisition of information. This study
introduces a new integrated model using Swarm UAV networks and ground IoI sensors for
building a robust disaster verification system. The proposed design utilizes a delay-tolerant
energy-balanced architecture to mitigate the obstacles posed by intermittent connectivity
and constrained energy. The architecture deploys a hierarchical coordination model in
which the UAV swarm serves as the mobile data ferry to transport data from IoI sensors
towards HAPs. To address this challenge, this paper proposes a hybrid optimization scheme
by fusing the MARL method for UAV coordination to maximize the aggregated energy
efficiency with game-theoretic task offloading for distributed computation. Simulation
results under the defined disaster-response scenarios show that the proposed approach
reduces emergency-data delivery latency by 62%, extends UAV swarm operational lifetime
by 51%, and maintains approximately 85% data-transfer performance under 30% UAV
failure. These results represent a vast improvement over current approaches, validating the
framework’s potential to transform disaster response by providing stable communication
and assessment in times of degraded traditional infrastructure.

Keywords: Swarm UAV networks; energy-balanced optimization; Al internet of things;
disaster assessment; delay-tolerant networking

1. Introduction

The occurrence of natural and man-made disasters has increased significantly in fre-
quency and impact over the past few decades, with the United Nations Office for Disaster

Eng. Proc. 2026, 167, 6

https://doi.org/10.3390/engproc2026167006


https://crossmark.crossref.org/dialog?doi=10.3390/engproc2026167006&domain=pdf&date_stamp=2026-11-11
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/engproc
https://www.mdpi.com
https://orcid.org/0009-0009-4617-3381
https://orcid.org/0009-0003-8958-8487
https://orcid.org/0000-0002-5201-2084
https://doi.org/10.3390/engproc2026167006

Eng. Proc. 2026, 167, 6

2 of 23

Risk Reduction reporting a doubling of natural disasters between 2000 and 2020 compared to
the previous two decades [1-3]. During the immediate response stage, critical information
gaps—often resulting from damaged or inaccessible communication infrastructure—can
worsen the disastrous effects of events such as earthquakes, floods, and wildfires [4]. Con-
ventional disaster assessment methods based on ground staff are difficult to access and
cover thoroughly in a timely manner, particularly when ground-based communication
networks are disrupted [5-7].

Integrating the Unmanned Aerial Vehicle (UAV) swarm technology and Internet of
Things (IoT) systems offers an opportunity to solve these problems. UAVs form distributed
swarms for rapid deployment and collaborative autonomy, requiring minimum infrastruc-
ture to achieve complete area coverage [8,9]. When supplemented with ground-based IoT
sensors, such systems can form an adaptive monitoring network to collect the essential
environmental data, detect hazards, and locate survivors in hostile environments. This
fusion brings the capabilities of distributed sensing by Iol sensors and the mobility for data
transfer that is offered by UAV swarms together, so that even if conventional communication
infrastructure collapses, operation can be sustained.

Much of the potential remains untapped; however, significant technical challenges
are yet to be solved in developing reliable Swarm UAV-IoT networks for disaster situations.
Energy constraints are a severe challenge, considering that both UAVs and IoI devices
operate on battery power with limited battery life and without recharge at the disaster
site [9]. Disruption in connectivity may result from dynamic changes in topology, physical
obstacles, and limited transmission distance, which results in significant data loss and
latency [10]. Moreover, the coordination complexity grows exponentially with swarm size,
which makes it necessary to use advanced algorithms for path planning, task allocation,
and formation control without a centralized oversight.

Although UAV swarms, IoT disaster sensing, Delay-Tolerant Networking (DTN) com-
munication, High-Altitude Platform (HAP)-assisted networking, and Multi-Agent Rein-
forcement Learning (MARL)-based control have been studied separately, their integrated
use for delay-tolerant and energy-balanced disaster assessment remains insufficiently de-
veloped. Existing studies commonly focus on either UAV path planning, sensing coverage,
communication resilience, or edge offloading as isolated problems. In contrast, this work
integrates these elements into a unified framework that jointly considers data priority,
intermittent connectivity, residual energy, UAV role rotation, task offloading, and fault-
tolerant recovery. This paper presents such a holistic framework designed for addressing
these challenges via a delay-tolerant and energy-balanced Swarm UAV-IoI network for
disaster assessment.

The key contributions of this paper are as follows.

1. A three-tier UAV-IoI-HAP disaster assessment architecture is proposed to support
resilient sensing and communication when ground-based infrastructure is unavailable.

2. A priority-aware predictive DTN forwarding mechanism is introduced to select re-
lay paths according to delivery probability, expected delay, bundle priority, and
energy cost.

3. An energy-balanced UAV swarm coordination method is developed using MARL
to distribute sensing, relaying, and movement tasks among UAVs while reducing
individual battery depletion.

4. A game-theoretic task offloading mechanism is incorporated to distribute computation
between UAVs and HAP nodes under energy and latency constraints.

5. A simulation-based evaluation is conducted against baseline routing and coordination
methods using latency, energy consumption, scalability, and fault-tolerance metrics.

https://doi.org/10.3390/engproc2026167006


https://doi.org/10.3390/engproc2026167006

Eng. Proc. 2026, 167, 6

30f23

2. Related Work
2.1. UAV Swarm Technologies for Disaster Response

Research on UAV swarms has advanced considerably, covering a wide range of disaster-
response applications. Recently, UAV swarm systems with collaborative autonomy have
been developed to achieve complex missions via the coordinated behavior observed in
natural swarms such as bird flocks and insect colonies [11]. These systems have several
significant advantages: they are scalable, robust, and fault-tolerant, making them particu-
larly well-suited for dynamic disaster scenarios in which individual component failure is
likely [1].

An effective disaster assessment relies on UAV swarm research, particularly in the
areas of coordinated route planning, formation control, and task allocation. Combining
swarm decision-making with Al and ML is a relatively new area of study. Authors in [12]
introduced a strategy based on MARL to improve the movement and resource allocation of
UAVs in disaster situations. They showed a significant improvement in energy efficiency
and task latency by incorporating intelligent coordination schemes between the UAVs and
High-Altitude Platforms (HAPs).

Communication is another important aspect of research in UAV swarms. Authors
in [13] studied different communication technologies such as 5G, MANET, and DTN to
show trade-offs between bandwidth, latency, and range in drone swarm operations. Their
results show that a joint scheme using dynamic routing and adaptive frequency management
provides an effective solution for disaster environments. In contrast, work on the integration
of Wi-Fi HaLow and Wi-Fi 6 shows how dual-radio architecture can efficiently balance
range and throughput for UAV swarm communications [14].

2.2. 10T Systems for Disaster Management

Iol-based disaster management systems have changed from simple monitoring ap-
plications to advanced systems that can provide real-time detection, classification, and
alerting during disasters. These systems are usually formed of heterogeneous sensors of
gas concentration, water level, temperature, and structural vibrations. These sensors are
interfaced via different communication protocols to central processing units featuring edge
computing, creating an IoT framework for disaster mitigation [13]. State-of-the- art systems
have achieved promising results, with some reducing alert latency to below 450 ms and
being scaled out over 12,000 concurrent devices. This section reviews recent and founda-
tional studies related to UAV swarm networking, IoI-based disaster management, DTN
communication, MARL-based coordination, and computation offloading. The literature
was organized thematically to identify the methodological gap addressed by this work: the
lack of a unified UAV-IoT disaster assessment framework that jointly handles intermittent
connectivity, energy balancing, data prioritization, and distributed task offloading.

Although there have been significant advances in UAV swarm and IoT technologies
independently, their integration for disaster assessment has not been adequately investi-
gated [13]. A review of the literature has revealed that the majority of works concentrate on
specific issues and have not developed a systematic model to address the unique challenges
encountered in UAV-IoT interaction after a disaster [13-15]. Specific research gaps include:

e Limited energy optimization strategies that take into account both the drone and IoT
device power constraints.

e Inadequate delay-tolerant communication protocols designed for the dynamic topology
of UAV swarms while collecting data from ground sensors

e Lack of integrated architectures that could leverage both airborne and ground-based
assets for persistent connectivity in infrastructure-compromised environments.
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This paper bridges these critical gaps by providing a joint framework to optimize
the energy efficiency and delay tolerance in the integrated UAV-IoI networks for disaster
assessment applications. Finally, Table 1 shows a comparative literature review for the
related previous works.

Table 1. Summary of related studies and their relevance to the proposed UAV-Iol' disaster
assessment framework.

Relevance to This

Study Method Main Contribution Limitation P
aper
Mainly evaluated for

Decentralized Improved drone traffic monitoring; Supports the need

Decentralized multi-agent coordination and disaster-specific for decentralized
Energy-Aware collective learning sensing accuracy communication and UAV coordination
Model, 2023 [1,16] for spatio-temporal ~ under limited drone  emergency-priority and energy-aware

sensing availability data were not fully sensing
addressed
M hertdewarm | Optimized UAY - CRRRE T
number, travel ’ Provides a

Coverage Path
Planning, 2025 [2,17]

optimization for
multi-UAV
multi-region
coverage path
planning

distance, and
coverage
synchronization in
post-disaster regions

limited treatment of
IoT data delivery,
delay tolerance, and
energy-balanced
communication

coverage-planning
baseline for disaster
assessment missions

Resilience
Assessment Model,
2023 [3,18]

Double-layer
coupled network

model using complex

network theory

Quantified UAV
swarm resilience
using
communication and
structural network

Does not provide an
integrated
optimization
framework for
routing, energy
balancing, or task

Motivates the
robustness and
fault-tolerance
analysis in the
proposed framework

metrics offloading
. Improved High computat}opal Supports the use of
Deep reinforcement throughput and complexity; training .
. . ; learning-based UAV
Hybrid DRL and FL learning and reduced latency requirements may be coordination and
Framework, 2025 federated learning through adaptive difficult for motivates
[3,18] for UAV-assisted IoT UAV deployment large-scale . . .
lightweight adaptive
networks and resource emergency
: control
allocation deployment
Rev1g wof . Review-based study; Provides background
conventional and Summarized trends .
. . does not provide a for MARL-based
Formation Control Al-based UAV toward decentralized o
. . : complete UAV-IoI  swarm coordination
Review, 2024 [5,19] swarm and intelligent UAV . . 3
. . disaster assessment  in dynamic disaster
formation-control formation control ) .
methods architecture environments

The reviewed studies show clear progress in UAV swarm coordination, coverage plan-
ning, resilience modeling, and learning-based resource allocation. However, most existing
works address these issues separately. Limited attention has been given to a unified UAV-Iol
disaster assessment framework that jointly considers delay-tolerant data forwarding, energy-
balanced UAV operation, priority-aware emergency data delivery, HAP-assisted computa-
tion, and fault-tolerant recovery. This gap motivates the proposed integrated framework.

From the reviewed studies, three main limitations can be observed. First, many UAV
swarm studies focus on coverage or path planning without jointly considering IoTl sensor en-
ergy and priority-based disaster data delivery. Second, DTN-based disaster communication
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studies often address forwarding reliability but do not integrate swarm-level energy balanc-
ing and adaptive UAV role assignment. Third, learning-based UAV coordination methods
commonly optimize mobility or throughput, while task offloading and HAP-supported edge
computation are not fully coupled with disaster data priority. These limitations motivate
the proposed integrated framework.

The literature clearly highlights some prominent and emerging research paths for
Swarm UAV-IoT networks in disaster management. As seen in the table, the paradigm
has drastically changed from centralized /unadaptable to decentralized /adaptive. This is
motivated by having systems that are capable of maintaining operation even in case of part
failures or loss of communication with a central controller.

3. System Architecture and Problem Formulation

The proposed architecture consists of three cooperative layers: the ground IoI sensor
layer, UAV swarm layer, and HAP-assisted edge layer. The ground layer collects environ-
mental, structural, and emergency indicators. The UAV swarm layer performs mobile
data collection, relay selection, local coordination, and adaptive path planning. The HAP
layer provides wider-area connectivity and edge-computing support when ground-based
networks are unavailable. Data flow is bidirectional: IoT sensors upload priority-tagged
data bundles to UAVs, UAVs forward selected bundles to HAPs or other UAVs, and control
updates are returned to guide sensing rate, UAV role assignment, and offloading decisions.

The proposed architecture consists of a three-tier hierarchical infrastructure that sus-
tains operation even if conventional infrastructure is out of service. As shown in Figure 1,
it forms a resilient adaptive network with the help of heterogeneous connectivity and dis-
tributed intelligence to ensure robust operation for data collection and communication
under dynamic disaster environments. The proposed architecture addresses the inherent
problems of intermittent connectivity, scarce energy, and coordination complexity based
on well-integrated design principles integrating all system levels. The design follows the
principles of distributed intelligence, where each layer has its own decision-making capabil-
ity and coordinates with other layers accordingly. Such a structure allows the system to
operate through degraded conditions in the face of a partial failure of one layer.

HIGH ALTITUDE PLATFORM LAYER

HAP 1 HAP 2 Satellite
Edge Server ’ Edge Server Backhaul
1 5G/FSO l
UAV SWARM LAYER
Data Comm Coordinator
Collector [ Relay [* UAV
UAV [ UAV (MARL Controller)
A
Wi-Fi6/5G

I MANET

J

GROUND IOT SENSOR LAYER

Environ. Structural Survivor Emergency
Sensor Monitor Detection | | Communication
LoRaWAN  Wi-Fi HaLow BLE Dual-Radio

Figure 1. Three-tier hierarchical architecture integrating ground IoT sensors, UAV swarms, and HAPs.
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3.1. Overall System Framework

The overall design applies dynamic resource allocation, which adapts to the environ-
ment and mission requirements. Figure 2 illustrates the system framework of the adaptive
response engine that coordinates system behavior based on disaster scenario assessment
and continuous performance monitoring.

DISASTER SYSTEM Continuous
SCENARIO » BOOTSTRAP > Operation
ASSESSMENT & DEPLOYMENT & Adaptation

‘ v v
Threat Level Resource Performance
Classification Allocation Monitoring
* Earthquake (8.2) o UAV Swarm (25) * Coverage (94%)
¢ Flood (Level 4) * HAP Nodes (3) * Energy (62%)
« Fire (Rapid) ¢ loT Clusters (18) * Data Rate (78%)

v v v

ADAPTIVE RESPONSE ENGINE

MARL-Based Game-Theoretic DTN Protocol
Swarm Controller Task Allocator Manager

!

Figure 2. System framework of the adaptive response.

Figure 2 represents the adaptive response cycle used by the proposed system. First, the
disaster scenario is identified according to sensed indicators such as flood level, structural
instability, fire risk, or communication outage. Second, the system estimates sensing demand,
communication availability, UAV energy state, and mission priority. Third, UAV roles are
assigned dynamically as collectors, relays, explorers, or return-to-charge units. Finally, the
system continuously monitors delivery success, latency, residual energy, and coverage, and
updates the coordination policy accordingly.

The architecture incorporates a feedback controller that continuously tracks the selected
performance metrics and modifies the operational variables accordingly. In disaster zones,
conditions might change suddenly and unexpectedly. The system uses predictive analytics
to foresee when resources will be needed and then creates those assets ahead of time so
that priority events can be responded to faster.

3.2. Ground IoT Sensor Layer

In the proposed design, a distributed sensing layer called the Ground IoI Sensor Layer
comprises several types of sensors in the disaster region. With event importance and energy
constraints in mind, the sensor plane employs adaptive sampling methods to reduce data
collection [6,7]. Taking environmental triggers and the vicinity of UAVs into account, the
operational modes of sensors can dynamically adjust, as shown in Figure 3.

The IoT sensor layer operates using adaptive sampling. Under normal conditions,
sensors remain in low-power mode and transmit periodic summaries. When an abnormal
event is detected, such as rapid water-level increase, strong vibration, high temperature, or
emergency signal activation, the sensor switches to event-driven mode. The sampling rate
and transmission priority are adjusted according to event severity, residual battery level,
and expected UAV contact time.
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SLEEP MODE ACTIVE SENSING DATA TRANSFER
» Minimal Power * High Sampling + High Power
*» Periodic Wake * Full Sensors * Communication
» Network Scan « Data Logging » Fast Upload
UAV
Proximity
Detection

v

DATA TRANSFER UAV Departure
or Timeout

Extended Inactivityf * High Power ‘
or Critical Battery| * Communication
+ Fast Upload

Figure 3. State diagram showing IoI sensor power management strategies that balance energy
conservation with data collection requirements.

3.3. UAV Swarm Layer

The UAV Swarm Layer acts as the mobile backbone of the system, utilizing complex
coordination protocols for regional coverage and data collection purposes. The multi-role
organization and the communication channels within the swarm are presented in Figure 4.

COORDINATED SWARM TOPOLOGY

Coordinator Data Comm
UAV Collector Relay
* MARL Control UAV l_JAV
« Task « Sensor Intefa * Multi-hop
Allocation * Local Storage Routing

« Link Quality

MANET Wi-Fi6 5G/FSO
Routing loT Comm HAP Link

DYNAMIC FORMATION CONTROL

Voronoi Flocking Chain Energy-
Partition Rules Formation -Aware

Figure 4. UAV swarm organization showing specialized roles, communication pathways, and forma-
tion control algorithms.

In the UAV swarm layer, UAVs are assigned dynamic roles according to mission re-
quirements and residual energy. Collector UAVs gather data from IoT sensors, relay UAVs
forward bundles toward HAPs or other UAVs, explorer UAVs scan uncovered regions, and
recovery UAVs replace failed or low-energy nodes. Role rotation is triggered when the resid-
ual energy of an active UAV falls below a predefined threshold or when the communication
graph becomes disconnected.

3.4. HAP Layer

The HAP layer offers continuous connectivity and edge computing from the strato-
sphere. The HAP network architecture and its interfacing with the complete system are
shown in Figure 5.

https://doi.org/10.3390/engproc2026167006
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STRATOSPHERIC HAP NETWORK
HAP COORDINATION LAYER

I Central Controller l [ Edge Al Processor ] [ Resource Manager ]

COMMUNICATION INTERFACES

5G/NR Base Station FSO Laser Communication Satellite Backhaul
(3-5 km) (High Bandwidth) (Global Connectivity)
- —

2 'L L J
]

UAV SWARM INTERACTION LAYER l

RIS-Assisted Connection Direct HAP-UAV Link
 Signal Reflection ¢ High Speed Data
* Energy Efficient * Real-Time Control

¢ Extended Coverage ¢ Low Latency

Figure 5. HAP architecture showing layered communication interfaces and UAV swarm
interaction mechanisms.

The HAP layer contains distributed edge computing and processes the data at a point
that is closest to where it was injected. Figure 6 shows the computational flow and resource
assignment procedure for the multi-HAP node.

4 B
Data Task Distributed Result
Ingestion Allocation Processing Aggregation
© Multi-source Input © Load Balancing  Parallel Execution o Data Fusion
© Pre-processing © Priority Queue  Container Isolation o Alert Generation
o Filtering * Resource  Fault Tolerance * Report
Matching Compilation
| - * J

RESOURCE ALLOCATION STRATEGY
[ HAP COMPUTATIONAL RESOURCE POOL ]

CPU 84% 84% Available
RAM 76% 76% Available
Storage 52% Free 625 Mbps
Priority DYNAMIC TASK ALLOCATION ]
Priority Task Type Required Resources HAP Node
Emergency Structural 25% CPU, 1 GB RAM HAP-1
High Environmental 10% CPU, 1 GB RAM HAP-2
Medium Area Mapping 40% CPU, 8 GB RAM HAP-1

Figure 6. Computational workflow showing data processing stages and dynamic resource allocation
across HAP nodes based on task priority and resource availability.

The HAP layer supports long-range communication and edge computation. When
UAVs collect high-volume or computation-heavy data, such as imagery, mapping packets,
or aggregated sensor reports, tasks may be offloaded to HAP nodes. The HAP layer priori-
tizes emergency data, performs preliminary processing, aggregates results, and forwards
summarized information to the emergency control center when backhaul connectivity
is available.

https://doi.org/10.3390/engproc2026167006


https://doi.org/10.3390/engproc2026167006

Eng. Proc. 2026, 167, 6

9 of 23

3.5. Problem Formulation

The operation of the proposed Swarm UAV-IoT disaster assessment network is formu-
lated as a constrained multi-objective optimization problem. The objective is to maximize
reliable disaster-data delivery and sensing coverage while minimizing delivery delay and
energy consumption under intermittent connectivity, limited UAV battery capacity, and
dynamic post-disaster topology.

Let U = {uy, uy, ..., uy} denote the set of UAVs, S = {s;, 55, ..., )} denote the set of
ground IoT sensors, and H = {hy, h,, ..., hx} denote the set of HAP nodes. At time f, the
network state is represented as

X(t) = {Py(t),Ps(t),Ey(t) Es(8),C(£),B(£),Qu(t)}

where P;(t) and Pg(t) denote the position vectors of UAVs and Iol sensors, respectively.
Ey(t) and Eg(t) represent the residual energy levels of UAVs and Iol sensors. C(t) is the
connectivity matrix describing available communication links among sensors, UAVs, and
HAPs. B(t) = {by, by, ..., bg} is the set of data bundles waiting for transmission, where
each bundle b, has a priority value p,, size z,, generation time g,, and maximum tolerable
delay L7™.

The main optimization objective is to select UAV movement, sensing, forwarding,
role-assignment, and offloading decisions that maximize the global mission utility over the
mission duration T. The objective function is defined as

max] = aR; + BC, — vE. — 0L,

where R; is the successful data delivery ratio, C, is the sensing coverage ratio, E, is the
total energy consumption of UAVs and IoT devices, and L; is the average delivery latency.
The coefficients &, B, 7, and 0 are non-negative weighting factors used to balance reliability,
coverage, energy efficiency, and delay performance.
The successful delivery ratio is calculated as
£
R,=—1=/— "1
! Q
where Ige’ = 1if bundle b, is successfully delivered to a HAP or emergency control center
within its allowed delay, and Ig"l = 0 otherwise.
The average delivery latency is defined as

1 Qd
Ly= Q_dzl(tgfl—gq)
q=

where Q; is the number of successfully delivered bundles, tge’ is the delivery time of bundle
bq, and g, is its generation time.
The total energy consumption is modeled as

N M
o= (B + B Eee + E™™) + ) EMT
i=1 =1

where E]? Y, Ecomm, Eense and E;"" represent the propulsion, communication, sensing, and
computation energy of the UAV u;, respectively. E]I."T represents the energy consumed by
the IoT sensor s;.

The forwarding decision for each data bundle is determined using a priority-aware

relay utility. For bundle b, and candidate relay r, the forwarding utility is formulated as

CX]
U, , = Alpé’fﬁ - Aqu,f - /\3E$t +Aypy
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where P4 is the predicted delivery probability through relay r, Dj} is the expected delivery
delay, EZ%}' is the estimated forwarding energy cost, and p, is the priority of the bundle b,.

s

The relay with the highest feasible utility is selected:

Tt = argrrrelzli{ifllq,,
where R, is the set of candidate relays available for bundle b,.
The optimization is subject to the following constraints.
First, the energy of each UAV and Iol' sensor must remain above a minimum
safe threshold:
EY@t) > EY Vu,e U

min’

E].S(t) >ES Vs, €S

min’

Second, high-priority data bundles must satisfy the minimum delivery
reliability requirement:
Pgd > Pmin/ Vbq € Bhigh

where By, denotes the set of emergency or high-priority bundles.
Third, the delivery latency of each successfully delivered bundle must not exceed its
maximum tolerable delay:
del max
" — 8 < Ly™, Vb, €EB

Fourth, the network must maintain a minimum sensing coverage level:
Co(t) = Ciy
Finally, each UAV can perform only one primary role at a given time:
a;(t) € {colector, relay, explorer, return, idle}

where a;(t) denotes the assigned role of UAV ; at time .

This formulation captures the main trade-off in post-disaster UAV-IoT operation: emer-
gency data must be delivered quickly and reliably, while UAV energy must be preserved
and sensing coverage maintained. Therefore, the proposed delay-tolerant communica-
tion, Energy-Balanced Optimization (EBO), MARL-based swarm coordination, and game-
theoretic offloading modules are designed to approximate an effective policy for this con-
strained optimization problem under uncertain and dynamic disaster conditions.

4. Proposed Methodology

The proposed methodology consists of four coupled modules: priority-aware DTN
forwarding, energy-balanced UAV operation, MARL-based swarm coordination, and game-
theoretic task offloading. These modules operate jointly rather than independently. DTN
forwarding determines when and where data bundles are transmitted; energy balancing
controls UAV role rotation and power states; MARL learns coordination policies under un-
certain disaster conditions; and game-theoretic offloading distributes computation between
UAVs and HAPs as shown in Algorithm 1.

The proposed approach combines several optimization mechanisms to address issues
of delay-tolerance, energy balancing, and swarm coordination in disaster environments.
The proposed methodology, shown in Figure 7, is a theoretical foundation integrated with
practical implementation that operates under dynamic environments without degradation
in performance.

https://doi.org/10.3390/engproc2026167006
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Algorithm 1. Priority-Aware Predictive DTN Forwarding Input: Bundle queue B, relay
set R, contact prediction matrix C, residual energy E Output: Forwarding decision for
each data bundle.

Sort bundles according to priority and remaining deadline.

For each bundle:

Estimate delivery probability for each candidate relay.

Estimate expected delay and forwarding energy cost.

Compute forwarding utility for each relay.

Remove relays that violate energy, delay, or reliability constraints.

Select the feasible relay with the highest utility.

If no feasible relay exists, store the bundle until the next contact window.
Otherwise, forward the bundle to the selected relay.

O RN LN

METHODOLOGY INTEGRATION FRAMEWORK

1. PREDICTIVE ROUTING = ( 2. MULTI-AGENT REINFORCEMEN?

PROTOCOL LEARNING MODULE
Traffic Prediction > State Representation (Network Status) === ;
Delay Estimation Reward Design f 5. INTEGRATED HAP SYSTEM

Next-Hop Selection
Route Prioritization

1

]
Agent Coordination i OPTIMIZATION
Policy Learning S

Ik

e Performance Optimization
- 3 ) o Energy Efficiency
3. ENERGY-AWARE RESOURCE 4. GAME-THEORETIC TASK - * QoS Assurance
o Adaptive Operation

r
ALLOCATION MODULE OFFLOADING MODULE ]
)
1

Energy State Monitoring
Resource Allocation

Power Control
Load Balancing

Task Prioritization

Cost Modeling

Strategy Selection
Equilibrium Computation

A4
e o o o

Figure 7. Proposed integrated methodology.

The utility equation is written as follows:

deli ted
Uy, = MPLETY — MDA — A B0 4 AP,

The approach used is an overall optimization, where the enhancement in one aspect
benefits that of another: a positive loop for performance improvements. For example, energy-
aware path planning reduces the mobility of UAVs, thus reducing the communication delay
through a more stable network topology. Likewise, efficient task offloading aims at balancing
the computational load and obtaining more responsive reinforcement learning policies.

4.1. Delay-Tolerant Communication Protocol

To manage the unpredictable connectivity and dynamic topology that are common
in UAV-IoT networks during disaster situations, a delay-tolerant communication protocol
was developed. UAVs store data they collect until there is an opportunity to communicate,
according to a store-carry-forward paradigm tailored to aerial networks. The complete
protocol architecture and data flow control are depicted in Figure 8.
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Figure 8. Protocol for architecture and data flow control.

The protocol utilizes predictive contact scheduling, which estimates the instant of
connectivity based on UAV trajectories and HAP orbit characteristics. This prediction
capability can help make bundle forwarding decisions.

Tables 2 and 3 describe a DTN system that is designed for scheduling and managing

data transmission in adverse networking conditions, using predictive contact planning and
priority queue management. The routing matrix exhibits a “smart” forwarding strategy
in which the HAP-1 (High-Altitude Platform) is chosen as the primary forward path
even though the HAP-2 has a marginally higher delivery probability (92% compared with
85%). This selection reflects a trade-off as HAP-1 provides much lower expected delay
(12 min instead of 18 min) with associated higher link quality (0.8 compared with 0.7). The
UAV alternatives are considered too costly options since they have much lower delivery
probabilities (45% and 38%) and longer return times than the other relay nodes.

Table 2. Contact prediction and routing matrix.

Metric HAP-1 HAP-2 UAV-B UAV-C
Delivery probability 85% 92% 45% 38%
Expected delay 12 min 18 min 25 min 32 min
Link quality (0-1) 0.8 0.7 0.6 0.5
Decision Primary Forward Backup Forward Hold Hold

The bundle queue indicates the well-defined priorities with high urgency (priority
0.9) as the dominant priority. The two most critical bundles (EMER-001 and SURV-045) are
forwarded to HAP-1, each with less than a 5 min deadline, meaning that these are urgent
messages. Different types of environmental data (ENV-128) are of a medium priority;
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mapping data (MAP-312) may be using almost every available HAP, and imagery data
(IMG-567) is assigned the lowest priority, but can tolerate a longer delivery delay.

Table 3. Bundle queue state (priority-based).

Priority Bundle ID Create Time Time Left Destination
0.9 EMER-001 10:23:14 4:37 min HAP-1
0.9 SURV-045 10:25:38 4:22 min HAP-1
0.7 ENV-128 10:18:52 29:08 min HAP-2
0.5 MAP-312 10:15:23 113:37 min ANY-HAP
0.3 IMG-567 10:20:45 1382:15 min BASE-STN

These components create an efficient data transfer system. The routing decisions
are based on queue priorities: higher-priority bundles go over faster, more reliable paths.
Thereby, important packets arrive earlier while lower-priority packets can be transmitted
on the backup path or when data transmission conditions are more favorable [13].

4.2. Energy-Balanced Optimization

The EBO model is based on a multi-objective optimization scheme that collectively
optimizes the UAV power management, energy conservation of IoI devices, and network-
wide energy allocation. Figure 9 shows the energy optimization control architecture.

ENERGY OPTIMIZATION CONTROL ARCHITECTURE

UAV ENERGY MANAGER

Path Planning

Role Rotation

RIS Control

Propulsion Optimization

loT ENERGY MANAGER CENTRAL ENERGY COORDINATOR]
o Adaptive Sampling
¢ Sleep Scheduling
¢ Transmission Power Control

« Global State Monitoring

o Cross-Layer Optimization

« Predictive Energy Allocation

« Emergency Power Management

oy v

NETWORK ENERGY BALANCER ]

o Load Distribution
o Traffic Shaping
o Resource Allocation

s

ENERGY CONSUMPTION BREAKDOWN AND OPTIMIZATION TARGETS ‘

(" UAV ENERGY DISTRIBUTION |

Propulsion: 62%

Communication: 23%
Gormputation: 12% \Ar OPTIMIZATION GAINS |

Other: 3% UAV Lifetime: 45 — 68 min (+51%)

" IoT ENERGY DISTRIBUTION ) /[ IoT Lifetime: 7 - 16 days (+128%)

Communication: 45%
Sensing: 32%
Processing: 23%

.

Figure 9. Energy optimization control architecture.
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The energy consumption of UAV i is modeled as the sum of propulsion, communication,
sensing, and computation energy:

Eil.foml — Ejjy + Egomm + E?ense + E?’”’P

The energy-balancing controller prevents repeated selection of the same UAV for high-
load relay or collection tasks. When the residual energy of a UAV i falls below EI"", its role
is reassigned, and another UAV with higher residual energy and acceptable link quality
is selected.

The role-rotation rule is as follows:

relay,  E;(t) = E™" and Q;(t) < Quuux

relay

Role;(t + 1) = Jcollector, E;(t) > E"" and d(i|S) < d,x

collec

return, E;(t) < Emin

The optimization utilized dynamic power control in response to varying conditions of
the operational environment. Figures 10 and 11 illustrate how these algorithms distribute
energy usage among the system states.

UAV POWER STATE TRANSITIONS

LOW POWER MODE
« Slow Speed

+ Minimal Communication
« Monitoring Only

Energy > 80%(‘ Critical Task Completed

HIGH POWER MODE

Energy < 30% + Max Speed Low Battery
+ Active Sensing
« Data Transfer

\

Normal Operation Increased Demand

NORMAL MODE

« Efficient Speed
* Periodic Communication
+ Balanced Operation

Figure 10. Dynamic power management state transitions.

4.3. MARL for Swarm Coordination

The MARL framework follows the centralized training with decentralized execution
approach that allows for coordinated behavior while guaranteeing individual independence.
Figure 12 shows the MARL structure and learning.

The MARL formulation is defined by state, action, reward, and policy. The local state
of the UAV i includes its position, residual energy, queue length, neighboring UAV links,
nearby IoT sensors, and estimated contact time with HAP nodes as shown in Algorithm 2.
The action space includes movement direction, speed level, role selection, relay selection,
and task offloading decision.
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Figure 11. UAV power state transitions and adaptation response curve.
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Figure 12. MARL structure and learning architecture.

The reward function is defined as
T’t = wlDt — szt — ZU3E, + W4Ct + w5Pt

where D, is successful data delivery, L, is latency, E, is energy consumption, C, is coverage,
and F, is fault-recovery performance.
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Algorithm 2: MARL-Based UAV Swarm Coordination. Input: UAV states, Iol' demand,
connectivity graph, residual energy.

Output: UAV movement, role assignment, and relay decisions:

Initialize UAV policies and centralized critic.

Observe local UAV states and global mission state.

Select actions for each UAV using the current policy.

Execute movement, collection, relay, or offloading actions.

Compute reward based on delivery success, latency, energy, coverage, and
connectivity.

Store transition samples.

Update centralized critic.

Update decentralized UAV policies.

Repeat until mission completion.

SRR

O XN

The MARL model uses reward shaping to induce learning toward desirable behaviors.
Figure 13 illustrates the learning process and rewards that guide policy learning.

Average Cumulative Reward vs Training Episodes
500

H
o
o

300

200t

Average Cumulative Reward

100

00 20 40 60 80 100 120 140

Training Episodes (x10?)
Figure 13. MARL progression.

Table 4 presents the evolution of key performance metrics for the autonomous system
as it progresses through its training phases. Values represent normalized scores, showing
improvements (+) or reductions (—) relative to a baseline.

Table 4. Evolution of normalized reward components during MARL training.

Reward Component Early Training Score Mid Training Score Late Training Score
Energy efficiency -12.5 -8.2 =51
Data collection success +15.3 +28.7 +42.1
Network connectivity +8.2 +16.5 +22.8
Area coverage +10.1 +24.3 +35.6

As shown in the table, performance improves through learning and behavior optimiza-
tion across three training stages: Early, Mid, and Late. The system prioritizes achieving its
central goals—data collection, connectivity, and coverage—rather than maximizing energy
efficiency. By the end of its training, it has mastered its primary missions to a high degree
and greatly reduced its own inefficiency, a symptom of a well-rounded operational policy.
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4.4. Game-Theoretic Task Offloading

The task offloading problem is modeled as a non-cooperative game in which UAVs
decide whether to process data locally, forward it to another UAV, or offload it to a HAP node.
Each UAV seeks to minimize a cost function combining computation delay, transmission
delay, and energy consumption.

The utility function is as follows:

U;(a;,a_;) = _(mTicomp i Uszgmns + UBE?ﬁload)

where TS is computation time, T/ is transmission delay, and EZ"™ is offloading
energy cost.

The decision rule is that the selected offloading action is the one that maximizes UAV
utility while satisfying latency and energy constraints.

5. Performance Evaluation

The evaluation considers five metric groups: delivery performance, energy perfor-
mance, scalability, robustness, and computational efficiency. Delivery performance is mea-
sured using delivery ratio, emergency-data latency, average bundle delay, and successful
forwarding rate. Energy performance is measured using total UAV energy consumption,
residual energy variance, and mission lifetime. Scalability is evaluated by increasing the
number of IoT devices and UAVs. Robustness is tested under UAV failure rates from 10%
to 30%. Statistical reliability is assessed using 30 independent simulation runs and 95%
confidence intervals.

6. Simulation Setup and Parameters

The simulation was implemented using a Python version 3.11 (Python Software Foun-
dation, Wilmington, DE, USA)-based discrete-event simulation environment. Network
topology and graph operations were modeled using NetworkX version 3.2.1 (NetworkX
Development Team, USA), numerical processing was performed using NumPy version
1.26.4 (NumPy Developers, supported by NumFOCUS, Austin, TX, USA), and MARL
components were implemented using PyTorch version 2.2.2 (PyTorch Foundation, Linux
Foundation, Wilmington, DE, USA). The simulation modeled a 5 km x 5 km disaster region
with 15-30 UAVs and 200-500 IoT sensors. Each experiment was repeated 30 times using
different random seeds.

The proposed framework was compared with four baseline methods: (1) static UAV
routing without energy balancing, (2) conventional DTN forwarding without predictive
contact scheduling, (3) greedy nearest-relay forwarding, and (4) rule-based UAV coordi-
nation without MARL. All baselines were evaluated within the same disaster area, node
density, communication range, traffic load, and failure settings.

Physical, network, and energy parameters are all realistically modeled in the simulation
model of the Swarm UAV-IoT system. Table 5 presents the simulation parameter space that
was explored for this investigation.

Results are reported as mean values with 95% confidence intervals. Paired t-tests were
used for normally distributed results, while Wilcoxon signed-rank tests were used when
normality was not satisfied. A significance level of p < 0.05 was adopted. The Table 6
presents the baseline for performance comparison.
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Table 5. Simulation parameters and configurations.

Parameter Value Description
Simulation area 5km x 5 km Disaster-affected region
Number of UAVs 15-30 Varying swarm size
Number of IoT devices 200-500 Distributed ground sensors
UAV flight time 3045 min Based on battery capacity
UAV communication range 1-2 km Depending on radio technology
IoT device power 10-100 mW Varying power modes
Simulation duration 24h Simulated disaster response

Table 6. Baseline method for performance comparison.

Baseline Description Purpose
Static UAV routing Fixed routes without adaptation Tests benefit of adaptive routing
Conventional DTN Store—carry—forw.ard without Tests benefit of prc.edlctlve contact
prediction planning
Greedy relay Selects nearest relay Tests benefit of u.t1hty-based
forwarding

Rule-based coordination Manual UAV role assignment Tests benefit of MARL coordination

7. Results and Analysis

The energy efficiency analyses reveal noticeable enhancements of power management
across each system component. Figure 14 shows overall energy performance results, in-
cluding comparison with baseline results. To ensure fair comparison, all methods were
evaluated using identical network sizes, UAV mobility limits, IoT traffic rates, radio ranges,
energy models, and disaster scenarios. The only factor changed was the decision strategy
used for forwarding, coordination, and energy management.

Energy Consumption (Normalized) Energy Distribution Profiles
& I Baseline WM Proposed Baseline Propased
k Lifetime Lifetime
0.8+ — y .
UAV Swarm 45 min 68 min
0.6
IoT Sensors 7 days 16 days
0.4 1
0.2 Network 12 hours 29 hours
UAV Propulsion loT Camm Metwark Cverall
System Lifetime Extension UAV Energy Distribution
Baseline Lifetime Proposed Lifetime Baseline Proposed
UAV Swarm 45 min 68 min L S5 ekt 55%ileft
UAY; 62% left UAW; 62% left
loT Sensors 7 days 16 days -
LAV, 55% left UAV, 55% left
Network Overall 12 hours 29 hours
Stdl. Dev.: 4.8% Std. Dev.; 2.3%

Figure 14. Energy consumption comparison showing normalized energy usage across system compo-
nents, lifetime extension achieved, and balanced energy distribution in the proposed approach.

Balanced energy optimization enables system life extension with remarkable improve-
ment through an accumulation of various complementary approaches. The dynamic role
swapping scheme mitigates individual UAV fatigue by offloading heavy jobs, and predictive
path planning reduces unnecessary movements and communication overhead.
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The delay-tolerant performance for the DTN protocol evaluation indicates that the
technique works effectively under difficult network conditions of intermittent connectiv-
ity. Figure 15 presents the performance of data delivery for various priority levels and
network conditions.

Delivery Rate vs Network Disruption
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Figure 15. Delay-tolerant protocol performance results.

Table 7 presents a comparison of data delivery performance between a baseline and
proposed enhancement system on the basis of priority levels of the data. Results show signif-
icant enhancement for all priority levels, and higher-priority data transmissions benefit most.
The proposed system demonstrates noteworthy efficiency improvements, especially for
latency-sensitive data. The high-priority data shows the greatest improvement, with latency
decreases from 8.2 min to 3.1 min, or a decrease in delivery time of 62%. This improvement
is particularly beneficial for applications requiring low-latency data transmission, such as
emergency response communications and real-time alert systems.

Table 7. Delivery latency comparison across data priority levels.

Data Priority Baseline Latency Proposed Latency Improvement
Emergency 8.2 min 3.1 min —62%
Urgent 28.5 min 12.4 min —56%
Normal 95.3 min 45.2 min —53%
Deferred 320 min 185 min —42%

Table 8 shows the resource utilization improved, decreasing from 72% to 48%, or a
3% reduction in resource utilization. By strategically transmitting at the optimal time and
avoiding futile retransmission retries, the system can achieve higher performance while
using less bandwidth, power, and computation.

Table 8. Predictive contact planning effectiveness.

Metric Without Prediction =~ With Prediction Improvement
Successful forwarding 64% 89% +39%
Average delivery time 45.2 min 28.7 min —37%

Resource utilization 72% 48% —33%
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Scalability and Robustness

Robustness was evaluated by randomly disabling 10%, 20%, and 30% of UAVs during
mission execution. The system response was measured using residual delivery ratio, recov-
ery time, and coverage degradation. Scalability was evaluated by increasing the number of
IoT devices from 250 to 500 while monitoring delivery completeness and average latency.

The performance and scalability analyses show that the system scales with network size
and remains effective during correlated system failures. Figures 16-18 illustrate the system
behavior in scale and fault-tolerant conditions, the scalability with respect to increasing
network size, the fault tolerance with varying component failures, and the adaptation time
for different disruption types.
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Figure 16. Scalability and robustness performance.
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Figure 17. Fault tolerance under component failures.

The system demonstrates excellent performance under both scaling pressure and
component failure. When the size of the network is increased by a factor of 2 (from 250 to
500 IoT devices), the data collection completeness reduces by only 17%, which shows good
scalability. Under a 30% UAV failure rate, the system recovers up to 85% of baseline data
transfer performance by autonomously healing the data collection paths and communication
links. Coordination from MARL enables a quick recovery time after disturbances: most
recoveries are achieved within 3045 s after detection.
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Adaptation Time Curves for Various Disruptions

Detection Time
40+ Decision Time
=dr= Recovery Time

35¢

30t

25t

201

Time (seconds)

15t

10F

5,

ure wion
oy P ootk partt®
ne'

Disruption Type
Figure 18. Adaptation time under disruption scenarios.

8. Discussion

The results show that the proposed UAV-IoT framework improves disaster assessment
under intermittent connectivity and limited energy conditions. The main performance
gains come from integrating priority-aware DTN, EBO, MARL, and game-theoretic task
offloading within one coordinated system.

The latency reduction is mainly due to priority-based forwarding, where emergency
data are transmitted through relays with higher predicted delivery probability and lower
expected delay. The improvement in UAV lifetime is linked to energy-aware role rotation,
which distributes collection and relay tasks according to residual energy and link quality.
The robustness results also show that MARL helps the swarm reorganize when some UAVs
fail, leading to gradual rather than sudden performance degradation.

Compared with static routing, conventional DTN, greedy forwarding, and rule-based
coordination, the proposed approach provides better adaptability because it jointly considers
delay, reliability, coverage, and energy. However, the results are simulation-based and
depend on the assumed UAV density, communication range, traffic load, disaster area, and
failure rate.

The study has some limitations. Real deployment may be affected by wind, weather,
wireless interference, localization errors, payload limits, and regulatory constraints. Future
work will therefore focus on hardware-in-the-loop testing, real UAV experiments, realistic
channel modeling, and security-aware disaster communication.

9. Conclusions

This paper presented an integrated Unmanned Aerial Vehicle-Internet of Things
(UAV-IoT) framework for disaster assessment under disrupted communication infrastruc-
ture. The proposed approach combines Delay-Tolerant Networking (DTN), energy-balanced
UAV coordination, Multi-Agent Reinforcement Learning (MARL), High-Altitude Platform
(HAP)-assisted communication, and game-theoretic task offloading. The simulation results
showed that the proposed method reduced emergency-data delivery latency, improved
UAV swarm lifetime, and maintained acceptable delivery performance under UAV failure
conditions. The main contribution of the work is the joint treatment of delay tolerance, en-
ergy balancing, data prioritization, and distributed offloading in a unified disaster-response
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architecture. Future work will focus on real-world deployment, hardware-in-the-loop
evaluation, and validation under realistic wireless interference and mobility conditions.
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