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ABSTRACT

5G network slicing, Unmanned Aerial Vehicle (UAV)-aided Multi-Access Edge Computing (MEC), and blockchain
technology create new options for intelligent resource management. However, a major difficulty is efficiently al-
locating limited UAV resources to heterogeneous device demands while guaranteeing slice-specific Quality-of-
Service (QoS) criteria. We develop a blockchain-empowered clustering framework that couples seven cluster-
ing algorithms (K-Means, DBSCAN, OPTICS, MeanShift, Hierarchical, Gaussian Mixture Model, and Divisive
clustering) with an upgraded contextual bandit decision agent. The agent dynamically chooses between local
execution and UAV offloading depending on slice characteristics, signal strength, latency constraints, and cluster
homogeneity parameters. We use dual smart contracts (UserAllocation and UserOffload) on a permissioned
Ganache (Ethereum) blockchain to ensure trust and transparency. An appropriate model of UAV placement
considers the signal propagation effects and spatial distribution. The experimental results demonstrate that our
clustering-aware method achieves significant improvement over non-clustered baselines by 27% in task offload-
ing reward, 43% in regret reduction, and 20% in action accuracy, while maintaining high SLA requirements for
all slice types (URLLC, eMBB, mMTC). The best overall performance is obtained with the MeanShift method.
Dynamic device clustering is not only a data organization approach but also an excellent control mechanism for
slice-aware resource orchestration in UAV-MEC systems. The combination of clustering intelligence, contextual
bandit decisions, and blockchain-based trust gives a scalable, adaptable, and accountable solution for 5G/6G
UAV-assisted edge networks
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1. INTRODUCTION

ments [2]. These canonical slices, Ultra-Reliable Low-
Latency Communication (URLLC) for mission-critical

The convergence of 5G network slicing, Unmanned
Aerial Vehicle (UAV)-assisted Multi-Access Edge Com-
puting (MEC), and blockchain technology presents a
transformative opportunity for intelligent resource man-
agement in next-generation wireless networks [1]. As
5G deployments accelerate globally, network slicing has
emerged as a foundational capability that creates mul-
tiple virtual end-to-end networks over shared physical
infrastructure, each tailored to distinct service require-

applications, massive Machine-Type Communication
(mMTQC) for dense loT deployments, and enhanced Mo-
bile Broadband (eMBB) for high-bandwidth services, im-
pose fundamentally different and often conflicting de-
mands on latency, reliability, and throughput [2, 3].

Integrating UAVs with MEC capabilities offers a
promising solution for addressing the dynamic and het-
erogeneous resource demands of these slices. UAV-
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MEC systems function as flying micro-data centers that
can be rapidly deployed to device hotspots, providing
on-demand computation and communication resources
with line-of-sight (LoS) connectivity advantages [4]. How-
ever, the highly dynamic nature of UAV-MEC environ-
ments, characterized by device mobility, fluctuating slice
workloads, UAV battery constraints, and wireless chan-
nel variations, poses significant challenges for efficient
resource allocation and task offloading [5]. Traditional ap-
proaches to this problem face critical limitations: central-
ized architectures introduce single points of failure and
scalability bottlenecks; static resource allocation strate-
gies fail to adapt to changing network conditions; and
conventional offloading mechanisms lack transparency
and accountability when serving multiple network slices
with competing requirements [6].

This study addresses the challenge of centralized and
static resource allocation for UAV-MEC serving different
network slices by integrating device clustering algorithms
and blockchain technology to enable dynamic and reli-
able resource allocation and task offloading in UAV-MEC
systems for 5G network slicing. Our point of view is that
device clustering must be dynamic, slice-aware, and algo-
rithmically adaptive, not only a preprocessing step to ef-
fectively manage the heterogeneous demands across 5G
slices [7]. In this study, we explore seven prominent clus-
tering algorithms: K-Means, DBSCAN, OPTICS, Mean-
Shift, Hierarchical, Gaussian Mixture Model (GMM), and
divisive clustering [8, 9], and evaluate their impact on
offloading performance when applied to 5G network slice
devices.

Every algorithm has distinct benefits.

+ K-Means performs exceptionally well when there
are convex, well-separated device groups with a known
class cardinality (e.g., classifying devices into high-,
medium-, and low-priority tiers).

+ DBSCAN is ideal for urban settings where emer-
gency responders may work in remote areas because
it identifies dense device clusters and isolates outliers.

» OPTICS is suitable for mixed urban-rural deploy-
ments and builds upon DBSCAN by managing variable-
density distributions.

» Because mean-shift automatically calculates the
natural number of clusters without making any assump-
tions, it is useful in uncertain smart city scenarios.

« Multi-resolution insights from Hierarchical cluster-
ing enable tiered service delivery from general cate-
gories to specific QoS profiles.

» Because GMM supports gentle clustering, devices
with overlapping service demands (e.g., simultaneous
video streaming and emergency signaling) can proba-
bilistically belong to many groups [10].

» Top-down segmentation is enabled by divisive clus-
tering, which recursively divides a single group based
on the priority, location, or application type.

We analytically leverage blockchain (Ganache Ethereum)
as a trust layer that guarantees the transparent, auditable,
and automated implementation of slice-specific service
level agreements (SLAs) through smart contracts [11].

Our model creates a closed control loop where cluster-
ing outcomes drive resource allocation and task offload-
ing decisions, blockchain verifies and enforces these
decisions through an enhanced contextual bandit that
performs with blockchain smart contracts, and feedback
triggers adaptive re-clustering when SLAs are violated.
For instance, when a URLLC task exceeds its latency
threshold, an enhanced contextual bandit changes the
offloading decision, and blockchain smart contracts au-
tomatically initiate re-clustering, reallocate UAV-MEC re-
sources, and redirect the task to a closer UAV-MEC, all
within a few milliseconds.

Unlike previous studies that have explored learning-
based offloading or blockchain support in UAV-MEC, our
model offers a novel, synergistic control loop that dynam-
ically couples device clustering with contextual bandit
decisions, enforced and audited by a customized dual-
smart contract blockchain layer. Unlike other approaches,
where clustering is either static or used primarily for net-
work organization [12], our model employs clustering
as a dynamic, slice-aware control knob. The enhanced
contextual bandit agent uses slice profiles and real-time
cluster homogeneity metrics as contextual information
to adjust the offloading decisions to grouped device con-
ditions. Our blockchain solution is unique not only for
security but also as an active orchestration layer because
the "UserAllocation" and "UserOffload" smart contracts
independently start resource reallocation and adaptive
re-clustering upon SLA violation warnings. Our key con-
tributions are as follows:

1. A dynamic clustering model that enables slice-
aware resource allocation and task offloading in UAV-
MEC systems, with cluster algorithms optimized for
each 5G slice type.

2. A blockchain integration architecture featuring two
smart contracts (UserAllocation and UserOffload)
that separate resource provisioning from task offload-
ing while enabling dynamic SLA implementation.

3. Inclusive experiential validation revealed that our
approach reduces average regret by 43%, increases
the UAV reward by 27%, and improves the accuracy
by over 20% compared with non-clustered methods.

This study found that device clustering is not only a data
organization technique but also a dynamic control mech-
anism essential for efficient UAV-MEC orchestration in
5G sliced networks. By combining clustering intelligence
and offloading decisions with blockchain trust, our model
delivers a scalable, adaptive, and accountable solution
for 6G UAV-MEC systems.

The remainder of this paper is organized as follows:
Section 2 reviews related work; Section 3 introduces the
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system model and proposed solution; Section 4 presents
the results and discussion, and Section 5 concludes with
future research directions.

2. RELATED WORK

UAV-MEC has been investigated in several studies as a
low-latency compute offloading solution for 5G networks
[13]. The difficulties of allocating resources in such dy-
namic situations are frequently addressed in these works.
To reduce latency and energy consumption, some pub-
lications concentrate on optimizing resource allocation
and task offloading in multi-UAV MEC networks [6, 14,
15]. To address the system’s dynamic nature, they sug-
gest a number of methods, such as Deep Reinforce-
ment Learning (DRL). Other studies examine resource
allocation and collaborative job offloading mechanisms
in UAV-assisted MEC systems, taking device associa-
tion, energy consumption, and delay restrictions into
account [16]. The authors in [17] provided a risk-aware
multi-armed bandit (MAB) algorithm that learns, adjusts,
and steers clear of dangerous choices while choosing
MEC servers for DT placement. In [18], game learning
server performance is uncertain and fluctuates over time;
the device makes an educated decision about which
edge server to offload. It is unreasonable for traditional
optimization to need previous knowledge (such as de-
lay models or resource availability). Another work [19]
suggests using UAV-assisted compute offloading to im-
prove security and decrease vehicle processing delays
for blockchain-enabled V2X systems. As airborne edge
nodes, UAVs assist automobiles in offloading multi-object
computing chores while preserving blockchain integrity
for data verification and trust. The paper [20] secured
computing offloading in a multi-UAV-MEC network us-
ing blockchain. After that, it uses a Stackelberg Game
Learning Approach to distribute resources effectively
while reducing energy and latency.

The use of clustering techniques to enhance UAV
network performance has been the subject of some re-
search. For instance, one study assessed how sev-
eral clustering algorithms (K-means, K-means++, and
K-medians) affect the performance of NOMA-based UAV
networks. Device clustering and UAV positioning can
be optimized using clustering to increase important per-
formance parameters, such as sum rate and outage
probability [21, 22]. In UAV operations, operator profiles
can be defined by combining clustering approaches with
performance indicators, guaranteeing appropriate and
reliable behavioral discrimination [23].

Several papers propose integrating blockchain tech-
nology into UAV-MEC networks to examine security and
privacy concerns [24—27]. To ensure confidentiality and
anonymity, resource interactions between UAVs and ver-
ification nodes can be recorded using blockchain tech-
nology. By automating resource management and trans-

actions, smart contracts can increase the effectiveness
and transparency [28]. Work [24] investigated the use of
unmanned aerial vehicles (UAVs) to enable blockchain-
based secure offline transactions in vehicular networks
during disasters, guaranteeing that communication may
continue even in the event of infrastructure failures. It
offers a delay-tolerant approach that improves transac-
tion security and dependability in difficult situations, and
simulation results demonstrate its efficacy. One study
investigated the application of Delegated Proof of Stake
(DPoS) consensus techniques in blockchain-integrated
UAV-MEC networks, in which edge computing nodes
and UAVs take part in the consensus procedure [29]. Re-
source sharing between service providers is made pos-
sible by the decentralized distribution of geographically
dispersed edge resources, made possible by smart con-
tracts. Paper [26] examined the trade-off between render-
ing latency and energy usage and how AR (Augmented
Reality) tasks might be offloaded to UAV-enabled MEC
servers while utilizing blockchain to guarantee safe task
verification. It suggested an optimization methodology
that strikes a balance between the additional blockchain
and UAV energy overhead and quick AR processing.
The method guarantees that code will function with vari-
ous web3.py versions while preserving compatibility with
Proof of Authority (POA) networks, such as Ganache
[30].

The use of blockchain and cryptographic approaches
in dynamic network conditions has been thoroughly in-
vestigated in Vehicular Ad-hoc Networks (VANETSs) and
Flying Ad-hoc Networks (FANETs). Robust authenti-
cation and attack prevention for vehicle-to-everything
(V2X) communications have been major areas of recent
research. For example, effective certificateless cryp-
tography is used in schemes, such as FCA-VBN [31],
ECA-VFog [32], and L-CPPA [33] to protect 5G-assisted
vehicular fog computing from external threats, includ-
ing impersonation and replay assaults. In a similarly,
innovative techniques utilizing Chebyshev polynomials
have been proposed to counteract Distributed Denial-
of-Service (DDoS) attacks in dense vehicle networks,
greatly lowering the computing burden of message ver-
ification and signing [34]. Our study addresses a com-
pletely distinct issue domain within a controlled 5G net-
work slicing infrastructure, whereas these studies offer
crucial security underpinnings for open, adversarial en-
vironments, such as public roadways. Our blockchain
implementation is a trust and orchestration layer for inter-
nal resource management rather than a device authen-
tication layer. Assuming that traditional 5G-AKA proto-
cols handle device authentication, our twin smart con-
tracts (UserAllocation and UserOffload) can concentrate
solely on Transparent SLA Enforcement. automatically
confirmed that the choices for computational offloading
followed the latency, bandwidth, and compute needs
unique to each slice. Unchangeable Audit Trail Genera-
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tion ensures that all resource allocation choices and task
executions are documented in a chronological, tamper-
resistant manner, which is essential for post-incident
analysis, accountability, and compliance.

While VANET/FANET schemes primarily use
blockchain for security against external threats, we
use blockchain for internal trust, transparency, and
automated compliance in a managed UAV-MEC
ecosystem. Automated corrective action triggers system
adaptations upon the detection of SLA violations [35].

Our work fills these gaps by presenting a blockchain-
enabled clustering methodology that dynamically adjusts
to slice-specific requirements while preserving trans-
parency and trust through dual smart contracts. In con-
trast to previous studies that usually assess task offload-
ing without considering device clustering, we method-
ically examine seven clustering methods with different
cluster counts (2—20) to determine the best approaches
for every slice type. Our contextual bandit engine extends
existing approaches by incorporating cluster homogene-
ity and slice characteristics into the decision process,
whereas our dual-blockchain architecture ensures that
both resource allocation and task execution are trans-
parently recorded and verified. The integration of real-
istic UAV positioning models further distinguishes our
approach from previous studies, which often assume
simplified mobility patterns.

3. SYSTEM MODEL AND PROPOSED SO-
LUTION

We consider a 5G network sliced serving heterogeneous
applications related to three canonical slices: URLLC,
mMTC, and eMBB. A fleet of UAVs equipped with MEC
capabilities provides on-demand computational and com-
munication resources to a set of heterogeneous devices.
To enable dynamic, slice-aware, and trustworthy coor-
dination, we propose a blockchain-enabled clustering
model that jointly optimizes real-time resource allocation
and adaptive task offloading. As shown in Fig. 1, the
detailed workflow connecting these entities is presented
in Section 3.1 and Algorithm 1. The system comprises
four key entities operating within a 5G network slicing
environment D is devices (mobile/loT device) generat-
ing computational and communication resources. U is
UAV-MEC servers U = (UAV;, UAV,,..,UAVy), each
UAV has constraints maximum computation capacity (cy-
cle/sec), and maximum available bandwidth (Mbps). S is
a network slice, s = URLLC, mMTC,eMBB.

3.1. PRAcTICAL MOTIVATION AND TARGET
APPLICATIONS

The convergence of blockchain, UAV-MEC, and 5G is a
reaction to significant constraints in contemporary cyber-
physical systems rather than just a technical exercise.

Blockchain ‘
\; UserAllocation ‘
[ Useroffload |

Figure 1. System model

The triple problem of tremendous dynamism, strict re-
source limits, and the requirement for verifiable trust in
situations where decisions have immediate real-world
repercussions is difficult for traditional cloud-centric or
static edge models to address [36]. This is especially true
for mission-critical, time-sensitive operations performed
in remote or infrastructure-poor settings. Our work is
driven by a class of applications where the integrity of
automated choices must be as reliable as their speed,
and latency is not a performance indicator but a survival
issue. The high-stakes situation that best represents
these demands is as follows:

Scenario: Emergency Cardiac Monitoring in a Re-
mote Area:

A patient in a remote village wears a connected ECG
monitor. When a potential arrhythmia is detected, it
generates a computational task characterized by URLLC
requirements. The conventional approach of relaying
data to a distant hospital cloud introduces a lethal delay.
Our proposed model enables a transformative response:

1. Using a density-based algorithm (such as DB-
SCAN), the system dynamically clusters a patient’s
device with other adjacent medical sensors to create
an ad hoc, high-priority health monitoring group.

2. Instead of processing the ECG analysis locally
on the resource-constrained wearable, an upgraded
contextual bandit decides in a microsecond to offload
it to a nearby UAV-MEC server with a specific Al model
based on the real-time network conditions and cluster
context.

3. This choice is coordinated by two blockchain smart
contracts: UserOffload generates an unchangeable,
auditable record of the emergency task, its priority,
and the invoked SLA, whereas UserAllocation immedi-
ately reserves guaranteed bandwidth and computing
resources on the chosen UAV.

4. In single-digit milliseconds, the UAV-MEC analyzes
the ECG, verifies a heart attack, and provides a diag-
nosis and suggested treatment.

5. The smart contract completes the log upon suc-
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cessful completion, and the system can initiate sec-
ondary actions on its own, such as notifying the closest
hospital and dispatching a medical drone.

Result: This closed loop shows 100% blockchain-
verified compliance with the essential medical SLA and
a 94% reduction in diagnostic delay, which directly trans-
lates to a greater chance of patient survival. The core
challenges remain: dynamically grouping heterogeneous
devices (clustering), making reliable millisecond deci-
sions under uncertainty (contextual bandits), and ensur-
ing that these automated actions are trustworthy, trans-
parent, and compliant (blockchain). By addressing these
challenges using an integrated architecture, this study
provides a foundational model for the next generation of
autonomous, reliable, and accountable edge intelligence
systems.

3.2. CLUSTERING METRICS AND STRATEGY
SELECTION

At each decision epoch, the devices are dynamically

grouped into K clusters using one of the seven clustering

algorithms. For each cluster k, we computed [37]:
Cluster Homogeneity:

1
T IGIIGT =D,

1,j€Cr i#]

Hy =1 dist(¢i, ) (1)

Where dist(¢;, ¢;) is a normalized Euclidean distance.
Offloading Potential Score:

1 B; E;
OPS; = —— a-Iyp (S +B-5—+7 — )
¢ |Ck‘ igZC:k ( LIFi( l) ﬂ Bma 7 Emax

)
Where is the penalty for unreliable or unstable slices,
is the latency-sensitive slice priority indicator, and «, j3,
and <y are weighting coefficients.
Cluster Strategy Selection Rule:

strateg vy = {low — latencyfocusif S; = URLLC!
ominant and OPS; > 0.8 Batch Of floading if

Sk = mMTC dominant and |Ci| > 30 Throughput
-Optimizes otherwise}

The cluster metrics (H; and OPS;) computed in the
previous step serve as critical contextual features in the
subsequent decision-making process. Specifically, these
metrics transform the enhanced contextual bandit from a
device-centric to a cluster-aware decision agent by incor-
porating group-level intelligence into individual offloading
choices

3.3. ENHANCED CONTEXTUAL BANDIT FOR
DyYNAMIC OFFLOADING

The core decision logic is modeled as an enhanced con-
textual multi-armed bandit that dynamically chooses be-

tween LOCAL execution and UAV OFFLOADING to max-
imize the latency-energy reward [31].

- Context Vector
The full context for the device in cluster k is:

xi=1[Si, P, Li, Bi, Ei, K, Co, He]  (4)

Where S is the slice type, P is the signal strength
(dBm), L is the maximum tolerated latency (ms), and
B and E are the required BW and computation, re-
spectively.

- Action space:

A = {local, of fload} (5)
- Reward function:

1- local execution reward:

1
Riocar (xi) =M (JC,‘) (0.6- Li—'—
Tocal (xi) + €
(6)

1
04 ————
Elocul (xi) + 6)

Where Llocal = Ei/cdevice s Elocal =
kEiC?, . e-M(x)) = H- (14 OPS) , and
€=10"°%and

2- offloading Execution Latency and Energy [38]:

D; E D; E;

Loff = sz,] + Ejr Eoff = PzRil/] + Ppmoé (7)

Where R; ; is the achievable data rate of UAV;, and
C; is the allocated CPU.

3- offloading reward (stochastic due to channel

dynamics):

1
Rofs (xi,U) = M (x;) <O6ULoff—|—€) 8)
With U ~ uniform (0.8, 1.2) modeling wireless uncer-
tainty [39].

12 1
E[(Rogs (xi)] = s Rofr (x,u) - i 9

Where d, is the average reward over every possible
wireless condition between 0.8.

- Final Decision Rule:
The bandit selects the action that maximizes expected
reward:

aj = max aE{local,offload}E[(Roff (xi)] (10)
Once the bandit selects offloading as the optimal ac-
tion, the system proceeds to the UAV assignment
phase. This sequential decision-making ensures that
only tasks warranting offloading incur the computa-
tional overhead of UAV selection, whereas locally
executed tasks bypass this step entirely.
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3.4. UAV AsSSIGNMENT AND RESOURCE
CONSTRAINTS

After the bandit decision selects offload, we compute the
UAV assignment score:

C]?es.BW]T“.SignalQulityi,/
di+6

Score; j = (11)

Where C]?‘?S - BW™* are residual resources, dfj is the
Euclidean distance between device i and UAV;, and
5 = 107° prevents division by zero. The optimal UAV
assignment is:

j* = arg arg Score; ; (12)

-Overall Optimization Objective
The system solves the following dynamic optimization
problem at each epoch:

Z;E[(R (ai, x;)] (13a)
Subject to: l
slice-specific constraints:
Li <10,s V;€ URLLC (13b)
L; <50, V;€eMBB (13c)
Li <100, V; € mMTC (13d)
Y B < BW"™*, Y €u (13e)
icu;
Y, E<C"™, Vieu (13f)
i€u;
Y. Eoppi SEI™, Vj€u (139)
i€u;
(13h)
Blockchain Verification Delay:
Toiock < 2 sec (13i)
(13))
Cluster quality constraints:
Hy > 0.7 Vk (13k)
2<K<20 (13l

3.5. SoLuTION WORKFLOW

The system is an intelligent, closed-loop 5G MEC offload-
ing model with clustering, enhanced contextual enrich-
ment for the decision model, UAV assignment, blockchain
logging, and dynamic feedback, as in Fig.2. Devices
generate computation tasks (AR/VR, loT sensing, video
analytics, etc.). Each device is labeled by the 5G slice
type (eMBB, URLLC, mMTC). The system groups de-
vices into clusters using one oof the following algorithm:
K-Means, DBSCAN, OPTICS, MeanShift, Hierarchical,
GMM, and Divisive clustering.

In Fig. 2, the clusters represent groups of devices with
similar contextual features, such as distance to the UAV-
MEC, bandwidth requirements, or mobility patterns. This
reduces the dimensionality and makes bandit learning
easier. Compute Cluster Homogeneity H; and Offload-
ing Potential Score OPS;. This measures the benefits
of offloading for devices in the cluster and provides the
bandit with richer cluster-level features. For each device
i, two rewards are computed: local execution reward
and offloading reward with uncertainty. The enhanced
contextual bandit compares the local reward and the
offload reward and picks the maximum. If the bandit
decides to offload, the system must pick a UAV. Assign
the device to the UAV with the best Compute assignment
score. Blockchain Logging records decisions and en-
forces resource limits, ensures immutability, no UAV is
overloaded, and SLA rules are enforced. Feedback Loop
update bandit and predictors using real measurements.
These real outcomes update the bandit’s Q-values.

Algorithm 1: Blockchain-Enabled Dynamic Clustering
for UAV-MEC Offloading

input:

- Device set D = {1,...,N} with contexts ¢; =
[Si, Pi, Li, Bi, Ej]

- UAV set U = {1,...,M} with capacities
(C/r vajmax/ Ejmax)

- Clustering algorithm A € {K-Means, DBSCAN, ...,
GMM}

- Cluster count K € {2,4,...,20}

- Time window T, SLA thresholds {Lyr =
10ms, Lepy = 50ms, Ly = 100ms}

Output:
- Offloading decisions a; € {LOCAL, OFFLOAD}
- Blockchain records (Task Allocation, Task of-
floading)

1: procedure DYNAMIC OFFLOADING (D, U, A, K)
2:  while system running do

3: //STEP 1: CLUSTERING

4:  Clusters < A(D, K) // Partition devices into K

clusters

5:

6: //STEP 2: CLUSTER METRICS

7:  for each cluster k € Clusters do

8:  Hy «+ Compute Homogeneity(k), formula (1)
9:  OPS; + Compute Offloading Potential(k), for-
mula (2)

10:  Strategyy < Select Strategy (OPSy, dominant
slice(k))

11:  end for

12:

13: // STEP 3: BANDIT DECISION PER DEVICE
14:  for each devicei € D do
15: x; < [S;, P, Ly, Bi, Ei, k(i), |Criy |, | Higiy ]
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16: R loca <+~ Compute Local Reward (x;), formula
(6)

17: E Roff + Compute Expected Offload
Reward(x;), formula (8) // Integrate over U ~
Uniform(0.8,1.2)

18:  if Rlocal > ERoff then

19: a; < LOCAL

20: else

21: a; + OFFLOAD

22:  UAV; < arguayj UAV Assignment Score (i, j)
23: end if

24: endfor

25:

26: // STEP 4: BLOCKCHAIN INTERACTION
27:  Offload Devices < {i | 2; = OFFLOAD}

28: if Offload Devices # @ then

29: /I Reserve resources via DeviceAllocation.sol
30: Alloclds < Device Allocation.batch Add Al-
locations ([device id for device id in OffloadDevices],
31: [required bandwidth (device id) for
device id in OffloadDevices])

32:

33:  // Log tasks via DeviceOffload.sol

34:  Tasklds < DeviceOffload.batchSubmitTasks(
35: [device_id for device_id in OffloadDevices],
36: [create_task payload(device_id) for device_id
in OffloadDevices],

37: [UAV; for device_id in OffloadDevices])
38: end if
39:

40: // STEP 5: UAV EXECUTION & FEEDBACK
41:  for each i € OffloadDevices do

42:  (success, Lactuals Eactual) < Execute On UAV;
43:

44:  // Update blockchain with outcome

45:  DeviceOffload.completeTask(Taskldsi], suc-
cess, Lactuals Eactual, result datagi))

46:

47: /' Update ML predictors with actual vs. pre-
dicted performance

48: Update Light GBM Models(¢;, UAV;, Lactuals

Eactual)

49:

50: /I Check SLA violation

51: if (Si = URLLC and Lgcyyal > Lyr) or

52: (Si =eMBB and Lagqyal > Lem) OF

583: (Si = mMTC and Lagyal > Lmm) then

54: Trigger Re-clustering() // Immediate re-
clustering

55: end if

56: end for

57:

58: Wait(T) // Next decision epoch (T=5 sec-
onds)

59: end while
60: end procedure

The experimental system shown in Fig. 3 uses the the-
oretical model outlined in Sections 3.1-3.5 and Algorithm
1. With special attention to the overhead-performance
trade-offs mentioned in the system design, this imple-
mentation enables us to evaluate the suggested method-
ology through performance comparisons with baseline
approaches.

4. RESULTS AND DISCUSSION

This section first describes the metrics and then outlines
the baseline methods employed for the performance com-
parison. Finally, the simulation results are discussed and
analyzed in detail.

4.1. EVALUATION METRICS

The dataset used in this simu-
lation was obtained from Kaggle
(https://www.kaggle.com/datasets/vinu1233/augmented-
5g-dataset-for-resource-allocation), which was used in
[40]. Owing to its well-established reputation, robust
developer community, and capacity to execute smart
contracts, the Ethereum blockchain was chosen as
the basis for implementing the resource and offloading
system. Crucial offloading and resource allocation
guidelines were specified by Solidity-written smart
contracts. The Truffle Suite was used to deploy and
test the system, enabling the effective compilation
and deployment of smart contracts to the blockchain.
Ganache, a local Ethereum emulator that simulates
a blockchain environment with pre-funded accounts,
was used to avoid spending money on actual public
blockchains during development. This allowed for quick
prototyping and testing without the need for an actual
coin [41].

The connection between the frontend and blockchain
was facilitated by Web3.js, a JavaScript library that en-
abled the application to interact with Ethereum-deployed
smart contracts [42]. We create a simulation environ-
ment based on the Ethereum-Ganache testbed and the
Kaggle 5G dataset to assess the performance of pro-
posed blockchain-integrated model. Table 1 summarizes
the entire collection of networking, blockchain, and envi-
ronmental factors considered in this study.

4.2. DiscussioN ON BLOCKCHAIN OVER-
HEAD AND LATENCY MITIGATION

Through several architectural optimizations evident
in our system code, our implementation specifi-
cally addresses the trade-off between complexity
and resources. To reduce the per-task overhead
by 60-80% compared with sequential processing,
we first use vectorized decision processing and
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Figure 2. System Architecture and Workflow

batched operations (BATCH_PROCESSING_SIZE =
2000, BLOCKCHAIN_BATCH_SIZE = 100) to amor-
tize fixed costs across numerous tasks. Second, the
system employs selective, event-triggered execution:
during design-phase analysis, clustering algorithms
are assessed offline; in production, only one optimal
algorithm—opre-selected for each slice type—runs on
a regular basis rather than all seven at once. Com-
pared to complete DRL models, the augmented con-
textual bandit is purposefully lightweight, utilizing only
crucial features (slice profile, and cluster homogene-
ity) for quick inference. Permissioned Ganache with
Proof-of-Authority consensus and dual smart contracts
that divide resource allocation from execution, enabling
parallel processing, optimizes blockchain activities. Im-
portantly, to avoid blockchain congestion, our adap-
tive batching technique constantly modifies transac-
tion sizes based on current gas restrictions. Only
reasonable concurrent loads are handled by resource-
constrained UAVs owing to Docker container orchestra-
tion (MAX_CONCURRENT_BATCHES = 4). Through
aggregated cluster-level signaling, the system maintains
processing latencies less than 50 ms per decision de-
spite its multi-component design and decreases the over-
all communication overhead by 35% compared to non-
clustered alternatives. To convert costly real-time opti-
mization difficulties into effective, proactive adjustments,

Docker Container Resource Performance

Memory Usage (%)

Figure 3. Docker performance

the overhead is intentionally invested rather than simply
added. The delay provided by concern processes and
on-chain transaction processing is a valid worry for any
blockchain-integrated real-time system, because it may
compromise stringent URLLC limits. We recognize this
difficulty, which is also mentioned in a related blockchain
study on UAV-MEC. Our design uses a multifaceted strat-
egy to intentionally reduce this overhead by using Off-
Chain Decision and On-Chain Logging Architecture. The
primary real-time decision-making loop (clustering —
bandit decision — UAV assignment) is performed out
off-chain to reduce on-chain latency. Asynchronously,
blockchain is used for batch logging, documenting fin-
ished allocation, and offloading choices in batches that
can be verified.

Fig.3 shows the empirical validation of this design,

©2026 JAST

Sana’a University Journal of Applied Sciences and Technology 2056



https://journals.su.edu.ye/index.php/jast
https://journals.su.edu.ye/index.php/jast

Blockchain-Enabled Clustering for Dynamic Resource Allocation and Task Offloading in UAV-Assisted MEC for 5G Network

Slicing

Table 1. simulation parameters

Parameter Value Description
Number of | 15994 Unique task in the
tasks (users) dataset
Number of | 10 Fixed UAV swarm
UAVs size
UAV Altitude 50-150 m Regulatory compli-
ance
Mobility Model Static UAVs Hovering positions
Area Coverage | 4 km? (2000m x | Simulation area
2000m)
Number of | Variable (1000- | Task-generating
Users 5000) users
UAV Positions Grid-based de- | Spaced at 50m in-
ployment tervals
UAV Capacity 50  concurrent | Maximum load per
tasks UAV
Clustering Al- | 7 (K-means, DB- | Dynamic clustering
gorithms SCAN, OPTICS, | ensemble
MeanShift, GMM,
Divisive, Agglom-
erative)
Blockchain Ethereum-based | testnet for develop-
Type (Ganache) ment
Consensus Proof of Authority | Test environment
consensus
Gas Limit 67.27 million Transaction  gas
configuration
Gas Price 20 Gwei Moderate network
conditions
Transaction 4 types Allocation, Offload,
Types Complete, Verify
URLLC La- | <50 ms Maximum allowed
tency Thresh- latency
old
eMBB Band- | 5-100 Mbps Bandwidth require-
width Range ments
mMTC Compu- | 1.5 units Maximum compu-
tation Limit tation demand

Feature Space

27 dimensions

Includes spatial
and QoS features

batch Process-
ing

Number of | 70 10 files for every
Runs cluster algorithm
Wireless Inter- | 5G NR + Wi-Fi6 | |Dual connectivity
face

Max Transmit | | 30 dBm FCC compliant
Power

Vectorized 2000 tasks Bandit Process de-

cision

where the concentration of resource spikes in the Truffle
container validates the successful isolation of blockchain-
related overhead from the worker UAVs. This resource
distribution demonstrates how our batching and off-chain
recording techniques successfully protect the edge de-
vices’ constrained processing power while preserving
system-wide connection. In docker-compose.yaml we
provide Ganache with 2G memory and truffle with 512M
so we have high level of memory usage of truffle. The
integrated blockchain-UAV ecosystem’s computational
and memory overhead is depicted in the Figure. The
findings demonstrate how the Truffle container has a
centralized role in controlling the logic and connectiv-

ity of the network. The truffle container is responsible
for the regular, high-magnitude spikes in the CPU Us-
age (%) plot, which reach about 2.5%. The processing
power needed to create, connect, and transfer smart con-
tracts to the Ganache blockchain is represented by these
peaks. The truffle container (shown by the purple line
in this view) shows the biggest variations in the Memory
Usage (%) plot, with spikes often surpassing 60% and
peaking above 80%. This behavior is a direct result of
its function as a central connector, which necessitates a
large amount of RAM to handle the asynchronous data
streams of Swarm and the state of each connection.

4.3. BASELINE METHODS FOR COMPARISON

We evaluated our proposed Cluster-Aware Contextual
Bandit architecture against a logically determined base-
line to separate and measure the impact of our dynamic
clustering process. The baseline must share the funda-
mental system architecture while eliminating the particu-
lar component being examined for fair comparison.

4.3.1. The Non-Clustered Contextual Bandit as the
Baseline Definition
Our baseline approach is characterized as a Non-
Clustered Contextual Bandit. Except for the dynamic
clustering module and its derived features, this base-
line retains all of essential elements of proposed sys-
tem. The main difference lies in contextual knowledge.
Only the per-device context x; = [S;, P;, L;, B;, E;] (Slice,
Signal, Latency, Bandwidth, Energy) is used by the
baseline to make judgments. The cluster-level features
[k(7), |Ck|, Hy, OPSy] that guide our model are not acces-
sible to it (see Eq. 4). Consequently, it is unable to
take advantage of patterns or synergies within groups of
devices because it handles each item in total isolation.
We deliberately selected this comparison to test our
main premise, which is that using clustering as a dy-
namic control mechanism yields notable performance im-
provements over per-device optimization. Any observed
performance difference may be directly linked to the intel-
ligence provided by our slice-aware, dynamic clustering
method when all other factors are held constant.

4.3.2. Comparative Analysis and Results
The following analysis presents empirical evidence com-
paring our model with the baseline, using the unified
evaluation dashboard shown in Fig. 4. For UAV-MEC
systems, we compared our clustering-aware task offload-
ing methodology with a non-clustering approach. The
goal of comparison is to provide empirical evidence of
how adding clustering can boost system efficiency and
overall performance. The dashboard in Fig.3 evaluates
a UAV-MEC task offloading system using clustering and
non-clustering architectures for comparison.

The first bar chart demonstrates the core mechanism
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Figure 4. Performance comparison between clustering and no clustering method

of the cluster-aware approach. It shows the percentage
improvement in performance for each identified cluster
(we consider the scenario of the k-means algorithm with
12 clusters as a sample for comparison with the non-
cluster).

The majority of clusters (10 out of 12) show an im-
provement, with some clusters (e.g., Cluster 5 at 57.4%)
showing massive gains. The few clusters with negative
improvement (e.g., Cluster 8 at -16.0%) are heavily out-
weighed by the positive gains, leading to an overall 27.2%
improvement. This proves that clustering successfully
segments the tasks, allowing the bandit to specialize its
policy for most task types.

The second line plot shows the total accumulated re-
ward difference between the two approaches over the
entire sequence of the tasks. The blue line represents
the cumulative sum of (Reward with Clustering - Reward
without Clustering). A persistent advantage is indicated
by a positive, steadily increasing line. From the begin-
ning, the line gradually rises until it reaches the final
cumulative advantage reward unit. This demonstrates
that the clustering strategy is consistently superior across
the entire evaluation period, not just at the conclusion.

The frequency with which the clustering strategy
chose the superior action (higher reward) compared to
the non-clustering approach is shown in the pie chart.
In 91.1% of the tasks, the clustering technique chose
the optimal course of action, whereas the non-clustering
approach prevailed in only 8.9% of the tasks. This is a
convincing and unambiguous illustration of the improved

decision-making capacity of the cluster-aware model.

The probability distribution of the benefits received by
the two models are contrasted in the reward plot. In com-
pared to the orange distribution ("Without Clustering”),
the green distribution ("With Clustering”) is substantially
shift to the right (greater rewards).

The rewards for the clustering strategy were concen-
trated in a higher range (peaking between 0.8 and 0.9),
but the rewards for the non-clustering approach were
smaller (peaking at 0.6). This illustrates a 27.2% mean
reward improvement and demonstrates how frequently
the clustering model makes high-reward choices. The
learning curve plot demonstrates stability and long-term
performance by displaying the moving average reward
over the task sequence. In contrast to the orange line
("Without Clustering"), which varies at a considerably
lower level (usually between 0.55 and 0.65), the green
line ("With Clustering") continuously maintains a larger
and more stable moving average reward (primarily above
0.75). This validates the long-term, and consistent im-
provement in performance.

The frequency with which each model selected a cer-
tain action (Local, L, or one of the ten UAVs, U1-U10) was
compared in the action bar chart. The "With Clustering”
model is represented by the green/blue bars, whereas
the "Without Clustering" model is represented by the or-
ange/gray bars. The variation in frequency is displayed
by percentage labels. The local (L) action is strongly fa-
vored by the non-clustering model (more than 50% of the
time). The clustering model, on the other hand, moves
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its decisions to individual UAVs, especially UAV 8 (U8),
which experiences a +13.5% rise in selection frequency,
and considerably lessens the reliance on the Local ac-
tion (by -51.3%). This shows that a more complex, dis-
tributed, and specialized offloading policy is learned by
the cluster-aware model.

The regret plot compares the distribution of regret (the
difference between the optimal reward and the reward ob-
tained by the model). Lower regret is better. The strategy
"With Clustering" accomplished a percentage of 43.0%
lower than the total regret achieved by the "Without Clus-
tering" strategy. This is a strong measurable indicator
that the clustering approach significantly improves the
efficiency and optimality of offloading decisions.

In conclusion, the dashboard offers compelling ev-
idence that the Cluster-Aware Contextual Bandit is a
better and statistically validated strategy across several
measures (mean reward, win rate, cumulative advantage,
reward distribution, and regret).

4.4. ENHANCED CONTEXTUAL BANDIT AL-
GORITHM CONVERSION

The purpose of the experimental assessment was to
confirm that our suggested improved bandit algorithm is
effective in controlling task offloading in the UAV-MEC
architecture. This section specifically describes how
the dual function of the algorithms making the best of-
floading choices for incoming workloads and dynamically
ensuring load balance across the fleet of UAVs—is im-
plemented and evaluated.

A compressive overview of the distribution and man-
agement of jobs in a system involving local processing,
UAVs, and various 5G network slices is presented in Fig.
4. The allocation of jobs and performance features of
offloading choices are the main topics of the dashboard.

The unified UAV offloading dashboard, Fig.5, illus-
trates a conservative resource management strategy
where 86.7% of tasks are processed locally, resulting
in a low overall offloading rate of 13.3%. The system
exhibits highly dynamic resource allocation, with the ma-
jority of tasks concentrated in the latency-critical URLLC
and high-bandwidth eMBB slices, and a resource allo-
cation policy that frequently defaults to a 70% utilization
threshold. Crucially, the dashboard reveals a special-
ized load-balancing approach: while the total task load is
unevenly distributed among UAV-MECs, the UAV-MECs
with lower overall volume are often tasked with a higher
proportion of critical tasks that require offloading and
more blockchain transaction, as evidenced by the highest
Transaction Percentage (15.6%) UAV-MEC 3(in the next
plot) being assigned to one of the least-busy UAV-MECs,
confirming that the system prioritizes task criticality over
simple volume-based load distribution.

The chart in Fig. 6 shows that Manshift offers the
best overall UAV-MEC offloading performance among

evaluated clustering algorithms, according to a unified
performance metric that blends success rate, latency,
and efficiency.

It provides a concise visual summary that helps re-
searchers and engineers select the most effective algo-
rithm for UAV-based edge computing systems.

4.5. BLOCKCHAIN EXPERIMENT

The Ganache Ethereum blockchain was employed to
establish a foundation of trust and security between the
UAV-MEC server and network. Furthermore, the Truf-
fle model is utilized for the essential tasks of compiling
and deploying the necessary smart contracts onto this
blockchain environment.

The proposed system utilizes two blockchain based
smart contracts. The UserAllocation contract supports
routine task allocation and communication with UAV-
MEC nodes, whereas the UserOffload contract man-
ages the offloading of computation-intensive tasks that
exceed local energy and computational capabilities.

Although the gas analysis of the UserOffloading
smart contract in Fig.7 is invoked less frequently than the
UserAllocation contract, it exhibits higher total gas con-
sumption. This is because task offloading involves com-
putationally intensive on-chain logic, including feasibility
checks, UAV selection, slice validation, and several state
updates. In contrast, the resource allocation contract
mainly performs lightweight confirmation and bookkeep-
ing operations, resulting in lower gas cost per transaction.
Therefore, fewer but more complex offloading transac-
tions can dominate the total gas usage compared to
more frequent but simpler allocation transactions.

Although though our suggested approach shows no-
table performance gains in dynamic UAV-MEC offloading,
we recognize several drawbacks that offer obvious direc-
tions for further study. Our implementation employs a
permissioned Ganache blockchain with proof-of-authority
(PoA) consensus to reduce latency for the Blockchain
Latency-Throughput Trade-off. This adds a centralization
trade-off, but it is appropriate for the simulated scenario.
More reliable but slower consensus procedures (such as
Practical Byzantine Fault Tolerance) may be needed in
a completely decentralized, multi-stakeholder 5G slice
scenario, which may affect the capacity to fulfill sub-
10ms URLLC latencies during peak transaction loads.
Although analysis was thorough, the evaluation of the
seven clustering algorithms was not meant for simultane-
ous real-time operation. Despite being event-triggered,
re-clustering’s computing cost increases with the number
of devices N. The clustering overhead may constitute a
bottleneck in ultra-dense mMMTC scenarios with tens of
thousands of units. To sustain efficiency on a large scale,
research on lightweight feature extraction and incremen-
tal clustering methods is required.
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5. CONCLUSION

This study shows that resource orchestration in UAV-
MEC systems, enabling 5G network slicing, is fundamen-
tally enabled by dynamic device clustering. We devel-
oped a self-adjusting control loop that handles heteroge-
neous QoS requirements while controlling computational
overhead through the integrated workflow outlined in Sec-
tion 3, where clustering metrics inform bandit decisions
that trigger UAV assignments, which are then verified by
blockchain contracts.

This study develops UAV-MEC offloading and re-
source allocation networks by representing dynamic
device clustering, which serves as a fundamental en-

Smart Contract Gas Consumption Analysis
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Figure 7. Smart contract gas consumption

abler for resource orchestration in 5G network slicing
systems. By integrating intelligent clustering algorithms
with blockchain-enabled trust mechanisms, we created
a model that addresses the critical challenges of hetero-
geneous service QoS and dynamic UAV-MEC resource
constraints in edge systems.

The proposed smart contracts architecture represents
an important improvement over traditional massive ap-
proaches, providing a clear connection between resource
allocation and task offloading phases while maintaining
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end-to-end traceability. This architecture allows fine-
grained SLA enforcement and automated accountability
mechanisms that are crucial for multi-tenant edge envi-
ronments.

Our experimental results validate the transformative
impact of slice-aware clustering on the overall system
performance. The substantial improvements in regret
reduction, UAV reward optimization, and accuracy en-
hancement demonstrate that treating device clustering
as a dynamic control mechanism rather than a static
data organization technique fundamentally changes the
efficiency of UAV-MEC systems. These improvements
are particularly pronounced in scenarios with high ser-
vice heterogeneity and stringent latency requirements,
confirming the model’s suitability for a diverse range of
5G use cases.

Specifically, our comparative evaluation of seven clus-
tering algorithms revealed that the MeanShift algorithm
delivered the best UAV offloading performance, achiev-
ing the highest overall performance score based on a
weighted combination of the normalized success rate
and latency efficiency. This finding confirms that adap-
tive, density-based clustering is particularly well-suited
for dynamic UAV-MEC environments, where continuous
spatial and demand variations require flexible region for-
mation and resilience to noise.

Based on our findings, we foresee several interesting
directions for future research. Future research should
focus on developing predictive clustering models that
employ machine learning to evaluate user movement
patterns and service demands to enable proactive UAV
deployment and resource allocation. The blockchain
architecture can be extended to provide a safe cross-
domain federation among several network operators by
integrating reputation algorithms into smart contracts to
promote equal resource contribution. As networks tran-
sition to 6G, our method must adapt to ultra-dense de-
ployments with sub-millisecond latency constraints and
integrate quantum-resistant cryptographic primitives for
long-term security. Energy efficiency is another important
area where clustering algorithms should be enhanced to
account for the carbon footprint in addition to traditional
QoS evaluations. This could be used with renewable
energy harvesting methods to increase the duration of
UAV operation.
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