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Abstract. Vehicular Edge Computing (VEC) is a key enabler of low-latency intelligent trans-
portation applications. However, designing effective task offloading strategies in VEC faces
challenges such as resource variability, dynamic network topology, and data isolation among
distributed nodes. To address these issues, this paper proposes an Online Intelligent Blockchain-
Enhanced Task Offloading Optimization System (OIBTO). The system employs a lightweight
Proof-of-Authority (PoA) consensus within a two-tier architecture consisting of a vehicle layer
and an edge layer. Edge nodes act as validators, jointly maintaining a distributed ledger to enable
secure and efficient sharing of task dependencies and offloading decisions, effectively eliminat-
ing data silos. Additionally, we propose an Improved Starfish Optimization Algorithm (ISFOA)
that utilizes Tent chaotic mapping and genetic mutation to optimize offloading decisions and task
partitioning ratios, aiming to minimize a priority-weighted combination of latency and energy
consumption. Theoretical analysis confirms the convergence of ISFOA. Simulation results show
that the proposed framework improves average task latency and energy consumption by approx-
imately 10% compared to state-of-the-art algorithms, demonstrating its effectiveness, security,
and superiority in dynamic vehicular environments.

Keywords: Internet of Vehicles, edge computing, task offloading, task dependency, starfish
optimization algorithm

1 Introduction

The Internet of Vehicles (IoV) facilitates real-time data exchange through V2V, V2I, and V2C
communications, enabling applications such as autonomous driving and traffic optimization [1].
However, the growing volume of sensor data and real-time tasks exposes the limitations of cloud
computing, whose centralized architecture introduces high latency and insufficient reliability. Edge
computing overcomes these issues by deploying computational resources closer to data sources,
reducing transmission delays and enhancing real-time processing capabilities [2]. This approach
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accelerates critical functions including environmental perception and path planning, thereby im-
proving overall system performance. Task offloading plays a vital role in IoV edge computing by
dynamically allocating computation tasks to local or edge resources to optimize latency, energy con-
sumption, and resource utilization [3]. Yet, existing methods struggle with resource heterogeneity,
task dependencies, and dynamic network conditions [4, 5, 6]. Most approaches lack effective de-
pendency management, fail to prioritize tasks appropriately, and rely on static heuristics that cannot
adapt to changing environments. Moreover, they often focus on isolated objectives without achiev-
ing multi-objective trade-offs. To address these challenges, this paper proposes the OIBTO system,
which provides an integrated framework and practical mechanisms for dynamic resource manage-
ment and real-time optimization. The main contributions are as follows:

• To address resource heterogeneity and dynamic allocation, this paper proposes the OIBTO
system, integrating vehicular terminals, edge nodes, and blockchain. Its distributed archi-
tecture reduces end-to-end latency and overcomes limitations of static partitioning. Under
heterogeneous and high-load conditions, the system balances latency and energy consumption
through multi-objective optimization.

• To ensure reliable and transparent management of task dependencies, a lightweight Proof
of Authority (PoA) consensus mechanism is introduced. Edge nodes serve as validators to
maintain a distributed ledger recording task dependency graphs and offloading decisions, en-
suring data consistency across nodes. The system supports asynchronous writes and offline
operation, allowing graceful degradation during network instability and batch synchroniza-
tion upon recovery. This enhances usability and robustness in IoV environments, mitigating
single-point-of-failure risks and security issues.

• For efficient subtask partitioning, an enhanced Starfish Optimization Algorithm is proposed.
It employs a fitness function to evaluate latency and energy tradeoffs, incorporating random
factors and a learning rate to iteratively improve solutions. The algorithm reduces compu-
tational complexity and adapts well to task dependencies and resource constraints. Within
OIBTO, it improves processing of high-priority tasks and demonstrates strong convergence
and robustness, especially in dynamic subtask proportion adjustment.

2 Related work

Task offloading in mobile edge computing has been extensively studied through three primary
approaches: optimization algorithms, game-theoretic mechanisms, and blockchain-based methods.
Heuristic and metaheuristic strategies offer flexibility but often lack adaptability to dynamic network
conditions, as seen in multi-cycle heuristics [7] and artificial fish swarm methods with location pre-
diction [8], which struggle with sudden congestion or mobility-induced topology changes. Game-
theoretic approaches [9, 10] enable fast convergence but oversimplify task and resource models,
while Lyapunov optimization [11] proves parameter-sensitive and computationally intensive. These
methods generally overlook critical aspects such as task dependencies, environmental dynamics,
and multi-objective coordination. Blockchain-based solutions enhance security and integrity but



introduce performance limitations. While decentralized verification [12] and smart contracts [13]
improve reliability and privacy, they suffer from high overhead and synchronization delays. Con-
sortium blockchain mechanisms [14] and digital twin integrations [15] address malicious behav-
ior and mobility but face trust assumptions and synchronization challenges. Methods combining
blockchain with DDQN [16] or reputation systems [17] reduce latency and energy consumption
yet remain constrained by single-hop communication or vulnerable reputation updates. Although
blockchain strengthens security, these approaches generally incur substantial computational and
communication costs while adapting poorly to IoV instability. To bridge these gaps, we propose
ISFOA, which integrates explicit task dependency and priority modeling within an enhanced meta-
heuristic framework, enabling efficient and robust multi-objective optimization in dynamic vehicular
environments [18, 19, 20].

3 System model and problem formulation
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Fig. 1. System Architecture

The OIBTO system comprises four core components: vehicle model, edge node model, task
model, and blockchain mechanism. The task model introduces a priority calculation method that
considers inherent task priority, number of dependent subsequent tasks, and longest dependency
chain length. This formulation establishes optimization objectives and constraints to tackle resource
heterogeneity, task dependencies, and real-time requirements, while overcoming limitations like
ignored task priorities, static partitioning, and single-objective optimization. As shown in Fig. 1,



vehicles offload tasks to fixed RSUs acting as edge nodes during movement, which then return
processed results to the vehicles.

3.1 Vehicle model

In the IoV, vehicles serve as task generators, represented by the set I = {I1, I2, . . . , IN}, where
N denotes the total number of vehicles. Each vehicle Ii possesses limited computational resources
characterized by total computing capacity ctot

i and transmission bandwidth btot
i . Resource hetero-

geneity emerges from varying computational and communication capabilities across different ve-
hicle models. Vehicle mobility follows the Gauss-Markov model, yielding Rayleigh-distributed
instantaneous channel gain hi, j(t) between vehicle Ii and edge node Fj. The time-varying effective
transmission bandwidth is expressed as:

btot
i, j(t) = Btotal · log2

(
1+

Pt · |hi, j(t)|2

N0

)
(1)

Vehicles can process tasks locally or offload them to edge nodes based on computational de-
lay, transmission delay, and energy consumption considerations. The available computational and
communication resources vary dynamically with task load:

cavl
i (t) = ctot

i − clocal
i (t) (2)

bavl
i (t) = btot

i −blocal
i (t) (3)

Offloading decisions must satisfy the constraints xk,i, j ·wk ≤ cavl
i (t) and xk,i, j ·dk ≤ bavl

i (t), where
xk,i, j is a binary decision variable, wk represents computational requirement, and dk denotes data size.
The computational delay for locally processed task Tk is:

tcomp
k,i =

wk

cavl
i (t)

(4)

Using TDMA mechanism, the transmission delay for offloading is:

t tran
i, j =

dk

btot
i, j(t)

+ τ
prop
i, j (5)

The local energy consumption model is given by:

ecomp
k,i = κwk(cavl

i (t))2 (6)

Task generation follows a Poisson process with average arrival rate λs, reflecting dynamic task
load.



3.2 Edge node model

The OIBTO system employs edge nodes (RSUs or base stations) as primary processing units,
denoted by F = {F1,F2, . . . ,FM}, where M represents the number of edge nodes. Each node Fj

possesses substantial computational capacity cedge
j and transmission bandwidth bedge

j , significantly

exceeding vehicle capabilities (cedge
j ≫ ctot

i , bedge
j ≫ btot

i ). Each edge node maintains a multi-priority
task queue with non-preemptive priority scheduling, consistently executing the highest-priority task
first to minimize processing delays for critical tasks. The computational delay and energy consump-
tion for processing task Tk at edge node Fj are:

tcomp
k, j =

wk

cedge
j

, ecomp
k, j = κwk(c

edge
j )2 (7)

Transmission energy consumption is modeled as:

etran
i, j = ρdk (8)

where ρ denotes the transmission energy coefficient. Edge nodes employ dynamic resource al-
location through task queue management and collaborate via a blockchain network to share task
dependency and offloading information.

3.3 Task model

Tasks in the OIBTO system are generated by vehicle terminals and represented as the set T =
{T1,T2, . . . ,TK}. Each task Tk is defined as a quadruple Tk = (dk,wk, pbase

k ,Dk), where dk denotes
the data size of the task, indicating the amount of data required for transmission. wk represents
the computational workload, specifying the computational resources needed to execute the task.
pbase

k ∈ [1,Pmax] is the initial priority assigned based on the task type. Dk denotes the deadline for
task completion.

To comprehensively account for task importance and dependency structure, the composite pri-
ority of a task is calculated as a weighted combination of three factors: the task’s inherent priority,
the number of directly dependent subsequent tasks, and the length of the longest dependency chain:

pk = wp pbase
k +wd |Rk|+wlLk, (9)

In the OIBTO system, the composite priority of a task Tk is calculated by considering the task’s
inherent attributes and its dependency structure. Specifically, |Rk| denotes the size of the set Rk =
{Tn|Tk ≺ Tn}, which includes all tasks directly dependent on task Tk. The term Lk represents the
length of the longest dependency chain involving task Tk, computed using Depth-First Search. The
weights wp, wd , and wl are coefficients , used to balance the influence of the task’s inherent priority,
the number of directly dependent tasks, and the length of the dependency chain on its urgency. The
dependency set Dk = {Tm|Tm ≺ Tk} represents the tasks that task Tk must wait for, where Tm ≺
Tk indicates that Tk depends on the completion of Tm. A task Tk can be divided into S subtasks
{Tk,1,Tk,2, . . . ,Tk,S}. The task division occurs along two dimensions:



1. Computational Load Division: The total computational load wk of a task is divided such that
∑

S
s=1 wk,s = wk.

2. Dependency Relationship Division: Subtasks inherit all external dependencies of the parent
task. Furthermore, internal dependencies can be introduced among subtasks, forming a new
subtask DAG. The ISFOA algorithm simultaneously optimizes both the division ratio of sub-
tasks and their scheduling order.

Task generation follows a Poisson process with an average arrival rate of λ , reflecting the dynamic
task load.

3.4 Blockchain mechanism

In the IoV, each vehicle Ii is equipped with constrained computational resources, characterized
by its total computing capacity ctot

i and total transmission bandwidth btot
i .

Txk = (IDk,Nodek,Timek, pk,Dk,Statusk) (10)

In the OIBTO system, each blockchain transaction records essential task-related information to en-
sure reliable and transparent task management, with the transaction format structured as a tuple
that includes the unique identifier of task Tk denoted as IDk, the node assigned to process the task
represented by Nodek, the timestamp indicating when the transaction is recorded as Timek, the com-
posite priority of the task pk calculated based on its inherent priority, the number of dependent tasks,
and the length of the longest dependency chain, the dependency set Dk specifying the tasks that Tk
depends on, and the current status of the task indicated by Statusk.

In contrast to traditional blockchains, OIBTO employs a lightweight Proof of Authority (PoA)
consensus where authorized edge nodes act as validators, drastically reducing computational and
communication overhead. This PoA mechanism utilizes an efficient message protocol and high-
speed local networking to maintain a consistently low consensus latency τconsensus. The system
features a layered architecture—with a vehicle layer for task submission and an edge layer for val-
idation—to enhance security and scalability. To handle network instability, an asynchronous batch
writing mechanism and intelligent offline mode are implemented. This ensures real-time recording
during stable connectivity and local storage with batch synchronization upon recovery, guaranteeing
eventual data consistency.

3.5 Problem modeling

The objective of task offloading is to optimize system performance while satisfying real-time,
dependency, and priority constraints. The offloading decision variable for a task Tk is defined as:

xk,i, j =

{
1, if task Tk is assigned to node (i, j)
0, otherwise

(11)



where (i, j) ∈ I ∪F . The total task delay includes both transmission delay and computational
delay:

tk = ∑
i∈I

xk,i,it
comp
k,i + ∑

i∈I , j∈F

xk,i, j(t tran
i, j + tcomp

k, j ). (12)

The energy consumption model considers both computational energy consumption and transmission
energy consumption:

ek = ∑
i∈I

xk,i,ie
comp
k,i + ∑

i∈I , j∈F

xk,i, j(etran
i, j + ecomp

k, j ). (13)

To balance delay and energy consumption while prioritizing the performance requirements of high-
priority tasks and ensuring task dependency relationships and real-time requirements, the optimiza-
tion objective adopts a priority-weighted multi-objective function:

min
x ∑

k∈T
pk(wttk +week) (14a)

s.t. ∑
i∈T

xk,i, j + ∑
i∈T
j∈F

xk,i, j = 1, ∀k ∈ T, (14b)

sk ≥ max
Tm∈Dk

(sm + tm), ∀k ∈ T, (14c)

tk ≤ tmax
k , ∀k ∈ T, (14d)

∑
k∈T

xk,i, jwk ≤ cedge
j , ∀ j ∈ F, (14e)

∑
k∈T

xk,i, jdk ≤ bedge
j , ∀i ∈ I, j ∈ F, (14f)

xk,i, j ∈ {0,1}, ∀k ∈ T, (i, j) ∈ L∪F. (14g)

4 Proposed algorithm

This section proposes an algorithmic framework for optimizing task offloading in IoV envi-
ronments, integrating the Improved Starfish Optimization Algorithm (ISFOA) with a blockchain-
supported priority scheduling algorithm to achieve efficient task allocation, resource management,
and data security assurance. ISFOA minimizes latency and energy consumption by optimizing task
offloading decisions and partitioning ratios; the blockchain scheduling algorithm ensures scheduling
transparency, traceability, and priority management via a private blockchain network. The schematic
flowchart is shown in Fig. 2.

4.1 Improved starfish optimization algorithm

ISFOA enhances the Starfish Optimization Algorithm[21], a nature-inspired metaheuristic that
mimics starfish behaviors like movement, foraging, and regeneration, to optimize task offloading
in IoV scenarios. The original algorithm suffers from limited initial population diversity, suscepti-
bility to local optima, inadequate handling of task priorities pk, and poor adaptability to edge node
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Fig. 2. Schematic flowchart

resource heterogeneity and dynamic IoV network conditions, leading to suboptimal task scheduling
and resource allocation. To overcome these limitations, ISFOA introduces Tent chaotic mapping
for improved initial population diversity, genetic variation mechanisms to escape local optima, and
priority-weighted fitness functions to align with IoV requirements. It optimizes task offloading de-
cisions xk,i, j and partitioning ratios αk through iterative search, simulating starfish foraging. The
objective function balances load, minimizes task latency tk, reduces energy consumption ek, and
prioritizes tasks based on pk, ensuring efficient and practical resource allocation in dynamic IoV
environments.

min ∑
k∈T

pk(wttk +week), (15)

where tk denotes the total latency of the task, including transmission latency t trani, j = dk
bioti, j +τpropi, j

and computation latency tcompk, j = wk
cfog j or tcompk, i = wk

cioti ; ek represents the total energy consump-

tion, which consists of computation energy ecompk, j = κwk(cfog j)2 or ecompk, i = κwk(cioti)2, and
transmission energy etrani, j = ρdk. The regeneration phase incorporates a mutation mechanism from
genetic algorithms, where new individuals are generated by mutating the best individual to escape
local optima.

4.2 Blockchain-supported priority scheduling algorithm

The blockchain-supported priority scheduling algorithm utilizes a private blockchain network
maintained by edge nodes Fj ∈ F to ensure transparent, traceable, and secure task scheduling, work-
ing collaboratively with ISFOA to optimize task offloading and resource allocation. Task priority pk
is calculated using Equation (10), which integrates base priority pbase

k , the number of dependent tasks
|Rk|, and the longest dependency chain Lk. Each task Tk is formed into a transaction Txk containing
its ID, assigned node, timestamp, dependency set, and status, which is then verified by edge nodes
via a consensus protocol. Smart contracts automatically schedule tasks based on priority and re-
source availability Cfog

j , Bfog
i, j . The process begins by initializing the blockchain and deploying smart

contracts. When a vehicle Ii issues a task request, it creates a signed transaction Txk, which is broad-
cast to edge nodes for verification of priority, dependencies, resources, and signature. If consensus is



reached, the transaction is recorded on the blockchain and the task is assigned by the smart contract;
otherwise, it is returned to ISFOA for re-optimization. In the collaborative workflow, ISFOA first
optimizes the offloading decision xk,i, j and partitioning ratio αk, and the blockchain scheduler then
validates the resulting allocation scheme. Successful consensus leads to smart contract-based as-
signment, while failure triggers ISFOA re-optimization. This integration enables OIBTO to achieve
efficient, fair, and secure task offloading—with ISFOA optimizing performance in latency and en-
ergy, and the blockchain ensuring prioritized and trustworthy execution.

5 Performance analysis

Table 1: Experimental Parameter Settings

Parameter Symbol Value

Number of vehicles N 20
Number of edge nodes M 5

Training iteration H 1000
Time slot base Tbase 100

Maximum delay ∆max 10
Total time slots T 110

Time slot duration τ 0.1 s
Task arrival probability λ 0.25
Maximum bits arrival Amax 5 Mbits
Minimum bits arrival Amin 2 Mbits

Vehicle computing capability ciot
i 3 GHz * τ

Edge computing capability cedge
j 50 GHz * τ

Transmission bandwidth biot
i, j 16 Mbps * τ

The experimental parameters primarily include vehicle and edge node configurations, task gen-
eration parameters, algorithm hyperparameters, and blockchain settings. The specific parameters are
shown in Table 1.

Experiments were conducted on a workstation with an Intel® Core™ i5-12600KF CPU, NVIDIA
GeForce RTX 4060 Ti GPU, 32GB DDR4 RAM, and a 2TB NVMe SSD, under Windows 10. The
algorithm was implemented in Python 3.6.5 using TensorFlow 1.4.0 for training and inference. A
local blockchain testnet was deployed with Ganache 2.5.4, and smart contracts were developed in
Remix IDE. Numerical computations utilized NumPy and SciPy, and visualizations were generated
with Matplotlib and Seaborn. The experiments compare the average energy consumption and latency
of ISFOA against seven baseline algorithms, including SFOA as the original algorithm, Random ,
Local , Edge , HP [22], PDC [22], and Cluster [23].

As shown in Figures. 3 and 4, the performance of ISFOA is compared with PDC, HP, Cluster,
and SFOA under varying vehicle counts in dynamic IoV environments. ISFOA achieves the lowest
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latency and energy consumption, with latency increasing only marginally and energy decreasing
from 0.5 to 0.35 as vehicle density grows, while other algorithms exhibit significantly higher or
more volatile values. This demonstrates ISFOA’s superior scalability and efficiency, attributed to
Tent chaotic initialization, genetic mutation, and priority-weighted optimization. Under constrained
transmission conditions as shown in Fig. 5, ISFOA again maintains the lowest latency and energy
use, confirming its robustness in resource-limited scenarios.

6 Conclusion

This paper proposed OIBTO, an online task offloading system that integrates an Improved
Starfish Optimization Algorithm (ISFOA) with a lightweight blockchain to address key challenges
in vehicular edge computing, including resource heterogeneity, network dynamics, and task de-
pendencies. The system employs a comprehensive formal model for vehicles, edge nodes, and
multi-priority tasks to reflect real-world IoV complexities. By introducing Tent chaotic mapping
and genetic mutation, ISFOA significantly enhances the exploration and exploitation capabilities
of the original SFOA, utilizing a priority-weighted objective to optimize the trade-off between task
latency and energy consumption. Furthermore, the PoA-based blockchain mechanism provides a
secure and transparent environment for managing task dependencies and offloading decisions with
minimal consensus overhead.Extensive simulation results confirm that OIBTO outperforms existing
state-of-the-art methods, achieving an average improvement of approximately 10
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