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ABSTRACT: The exponential growth of Internet of Things (IoT) devices, autonomous systems, and digital services
is generating massive volumes of big data, projected to exceed 291 zettabytes by 2027. Conventional cloud computing,
despite its high processing and storage capacity, suffers from increased network latency, network congestion, and
high operational costs, making it unsuitable for latency-sensitive applications. Edge computing addresses these issues
by processing data near the source but faces scalability challenges and elevated Total Cost of Ownership (TCO).
Hybrid solutions, such as fog computing, cloudlets, and Mobile Edge Computing (MEC), attempt to balance cost and
performance; however, they still struggle with limited resource sharing and high deployment expenses. This paper
proposes Public Edge as a Service (PEaaS), a novel paradigm that utilizes idle resources contributed by universities,
enterprises, cellular operators, and individuals under a collaborative service model. By decentralizing computation
and enabling multi-tenant resource sharing, PEaaS reduces reliance on centralized cloud infrastructure, minimizes
communication costs, and enhances scalability. The proposed framework is evaluated using EdgeCloudSim under
varying workloads, for key metrics such as latency, communication cost, server utilization, and task failure rate. Results
reveal that while cloud has a task failure rate rising sharply to 12.3% at 2000 devices, PEaaS maintains a low rate of
2.5%, closely matching edge computing. Furthermore, communication costs remain 25% lower than cloud and latency
remains below 0.3, even under peak load. These findings demonstrate that PEaaS achieves near-edge performance with
reduced costs and enhanced scalability, offering a sustainable and economically viable solution for next-generation
computing environments.

KEYWORDS: Big data; edge as a service; edge computing

1 Introduction
The rapid advancement of digital technologies has led to an unprecedented surge in data generation

from diverse sources, including social media, IoT devices, and autonomous systems, known as big data [1].
Big data is characterized by the three Vs (volume, variety, and velocity) which describe the scale, diversity,
and speed at which data is produced [2]. By 2027, global data generation is projected to reach 291 zettabytes
(as shown in Fig. 1), necessitating scalable and efficient solutions to manage this unexceptional volume
of information [3]. Migrating this massive volume of data to the cloud introduces significant network
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congestion and transmission delays, further escalating the challenges of real-time data processing and
responsiveness [4,5].

Figure 1: Devices, data and revenue forecast from 2017 to 2027

Cloud computing inherently suffers from delay issues due to its centralized infrastructure, which
results in high transmission latency and network congestion when processing large volumes of data [6].
The reliance on long distance data transfer further increases delays, making cloud unsuitable for time
sensitive applications.

Edge computing mitigates latency by processing data closer to its source, reducing the need for extensive
cloud communication. However, edge computing is constrained by its limited scalability and high TCO,
making its deployment challenging [6]. Establishing a widespread edge network requires significant financial
and operational investments, having economic barriers for organizations [7]. While edge computing offers
a promising alternative, its isolated deployment model lacks the resource sharing capabilities necessary for
efficient scaling. The trade off between cloud and edge computing necessitates an optimized approach that
effectively balances cost, scalability, and performance to address modern data management challenges [8].

Several data offloading techniques have been developed to enhance processing efficiency in cloud
and edge computing environments. However, they continue to face challenges related to scalability, cost,
and network congestion [9]. Fog computing extends cloud capabilities to the network’s edge, enabling
localized processing to reduce latency and bandwidth constraints. Similarly, cloudlets provide small scale
data centers near mobile users, facilitating low latency computation for applications [10]. Another approach,
Multi-access Edge Computing (MEC), integrates cloud functionalities within mobile networks, allowing
computational tasks to be offloaded to cellular base stations. This reduces congestion and improves service
responsiveness [11]. While these techniques improve performance, they lack an integrated framework
for dynamic resource allocation and scalability, limiting their broader adoption [12]. Furthermore, they
often face challenges related to scalability, deployment costs, and resource management, with a significant
financial burden placed on service providers, who must invest heavily in infrastructure deployment and
maintenance [13]. This underscores the need for a more flexible and collaborative approach to data offloading.

This paper introduces PEaaS as a novel framework designed to bridge the gap between cloud and edge
computing. PEaaS decentralizes computing by encouraging companies, organizations, and individuals to
establish local edge servers, thereby reducing data transfer costs, minimizing delays, and enhancing network
reliability during peak hours. Furthermore, PEaaS offers a cost effective solution to the issue of TCO, allowing
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organizations to share and optimize their computing resources more efficiently, transforming the traditional
cloud-edge paradigm into a more flexible and scalable system.

This scenario can be illustrated as follows:
“Consider a security camera company providing surveillance services globally. While the company’s

devices are equipped with edge computing capabilities to process data locally, deploying dedicated comput-
ing resources worldwide significantly raises device costs, imposing afinancial burden on the provider. This,
in turn, drives up prices, making the service less accessible to customers and limiting market reach, posing
a serious financial challenge. To mitigate this issue, companies can utilize local and regional computing
resources, reducing the total cost of ownership while enhancing service availability. This approach not only
attracts more customers but also enables efficient local processing of the vast amounts of data generated by
security cameras, particularly during peak hours, minimizing the need to migrate the data to the cloud.”

The motivation behind this research stems from the urgent need to address the inefficiencies of
existing cloud and edge computing architectures. While data offloading techniques such as fog computing,
cloudlets, and MEC have alleviated some challenges, they remain limited by scalability constraints, high
deployment costs, and inefficient resource utilization [14]. These limitations highlight the necessity for
an innovative framework that not only optimizes performance but also reduces the economic burden
of edge infrastructure. By exploring the concept of PEaaS, this research aims to revolutionize the way
data is processed and managed, enabling faster, more efficient services while simultaneously creating new
opportunities for businesses to participate in edge computing.

Compared to existing models like MEC, Fog, and Cloudlets, PEaaS uniquely adopts a public resource-
sharing approach where edge servers are contributed by diverse providers such as universities and
organizations [15]. Unlike traditional models that rely on operator-managed infrastructure, PEaaS enables
multi-tenant resource sharing with lightweight isolation using virtualization and containerization [16].
Service Level Agreement (SLA) ensure performance and security guarantees, while trust management
mechanisms support safe participation. This collaborative model reduces infrastructure costs and enhances
scalability, laying the foundation for the contributions outlined below.

Considering the above, the contributions of this paper are as follows:

• Proposing PEaaS as a solution to mitigate cloud-related delays and address the scalability limitations of
edge computing.

• Reducing the total cost of ownership by eliminating the need for service providers to deploy dedicated
edge infrastructure, as PEaaS enables resource sharing.

• Creating new business opportunities for companies, organizations, and individuals by allowing them to
outsource their computational resources through PEaaS.

The rest of the paper is organized as follows:
Section 2 reviews related literature and existing projects. Section 3 presents the proposed methodology

to address the current challenges in big data offloading. Section 4 evaluates the proposed methodology and
discusses the results. Finally, Section 5 concludes the study.

2 Related Work
The increasing demand for real time data processing has led researchers to explore alternative solu-

tions [17]. Various studies have focused on enhancing cloud computing, optimizing edge computing, and
integrating both paradigms for improved efficiency [18]. This section categorizes existing research into cloud
computing, edge computing, hybrid models, and cost optimization techniques. Table 1 shows the detailed
summary of the literature.
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2.1 Cloud Computing
Cloud computing has been a fundamental approach to big data processing and storage, providing

centralized resources that facilitate high-performance computing [19]. A hierarchical edge-cloud architec-
ture proposed in [20] introduces cloud servers at the edge to improve workload distribution and minimize
delays. Similarly, reference [21] integrates private and public cloud systems to balance computational loads,
improving system performance.

Further, resource-sharing techniques have been explored to mitigate cloud inefficiencies. Authors
in [22,23] suggest forming federations among cloud providers to optimise resource allocation, improving
performance and minimising congestion. Similarly, authors in [24] propose federated management of cloud
data centres to ensure balanced energy consumption and maintain service quality.

Despite these advancements, cloud computing faces many challenges. The reliance on a cen-
tralised architecture results in significant transmission delays, making it unsuitable for time-sensitive
applications [25,26].

2.2 Edge Computing
Edge computing has emerged as a promising alternative to reduce data transmission delays by bringing

computational resources closer to the data source. Various approaches have been proposed to enhance edge
computing performance, including resource optimisation and workload distribution strategies [27]. Edge as
a Service (EaaS), introduced in [28,29], allows service providers to share virtualised resources, significantly
reducing infrastructure costs. Authors in [9] present an Infrastructure as a Service (IaaS) model that enables
dynamic allocation of virtual machines for edge computing, improving response times and efficiency.

Optimising edge computing also involves improved resource management and decentralised architec-
tures. Authors in [30,31] suggest forming an Edge Service Provider (ESP) federation to enhance workload
distribution and ensure cost-effective edge deployments. Additionally, regional computing, discussed in [11],
proposes processing big data at intermediate servers, reducing dependency on centralized cloud servers and
improving efficiency.

Though edge computing provides advantages in reducing latency, it introduces challenges related to
scalability and deployment cost [32]. The limited computational capacity of edge nodes restricts their
ability to handle increasing workloads, making its deployment difficult [33]. Furthermore, maintaining edge
infrastructure incurs high ownership costs [34].

Table 1: Summary of selected literature in edge and hybrid computing

Ref. Main contribution Limitation Method
[12] Suggests service function chaining (SFC)

to improve EC routing and
cost-effectiveness.

Integration with standard EC
protocols presents challenges.

Mathematical
model

[20] Proposes hierarchical edge-cloud
architecture to reduce latency and

manage peak-hour load.

Integration with legacy
infrastructure is technically

challenging.

Mathematical
model

[22] Develops a federation model for
cooperation across edge/cloud providers.

Limited to one geographic area
(Toronto), reducing

generalizability.

Prototype

(Continued)
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Table 1 (continued)

Ref. Main contribution Limitation Method
[31] Explores power-aware cooperative EC

system minimizing cost while balancing
delay.

Cannot guarantee
delay/throughput constraints in all

cases.

Simulation

[35] Proposes Hybrid Edge model extending
private edge to public edge for improved

processing efficiency.

Raises ownership costs by
extending private services to public

edge environments.

Mathematical
model

[36] Suggests Regional Computing to
minimize social big data latency and

network congestion.

Vague provider model; cost
structure is not well-defined.

CloudSim

[34] Studies CPU frequency and power tuning
in edge devices to reduce cost and delay.

Queuing and offloading
implementation complexity is high.

Simulation

[37] Introduces Edge-as-a-Service (EaaS) for
deploying edge nodes to manage

workload near users.

Global server deployment is costly
and hard to maintain.

Prototype

[38] Proposes PMMRA auction for optimal
edge resource sharing among devices.

Pricing fairness and practical
implementation remain open

issues.

Prototype

[39] Introduces dual auction system to
improve MEC economic efficiency and

resource allocation.

Stakeholder acceptance and
scalability are concerns.

Simulation

2.3 Hybrid Models
To utilize the benefits of both cloud and edge computing, hybrid models are proposed [21,24]. Hybrid

cloud edge architectures aim to balance scalability and latency by dynamically allocating tasks between cloud
and edge servers [26]. Authors in [20,29] utilize a workload distribution mechanism to optimize efficiency.
Similarly, references [9,35] introduce Hybrid Edge, which integrates private and public edge resources,
ensuring effective load balancing.

Federated hybrid models have also been explored, focusing on collaborative resource management [31].
Authors in [7,11,22] advocate for joint cloud edge frameworks that dynamically allocate tasks based on
real time network conditions and resource availability. These models contribute to enhancing system
performance while maintaining cost efficiency [32].

Although hybrid models provide a solution to the limitations of both cloud and edge computing, their
implementation presents challenges. Managing the interoperability between cloud and edge environments
is difficult. Migrating some tasks to the cloud leads to the same delay [33]. Additionally, workload allocation
in hybrid models must be optimized to ensure that latency sensitive tasks are prioritized while balancing
computational resources effectively [34].

2.4 Cost Optimization
Cost remains a critical factor in the adoption of cloud and edge computing solutions [40]. Several eco-

nomic models have been introduced to optimize resource utilization and reduce operational expenses [41].
Authors in [42] examine cost trade-offs by adjusting CPU frequency and transmission power to achieve



6 Comput Mater Contin. 2026;86(2)

efficient resource usage. Additionally, references [43,44] propose an integrated programming approach to
minimize the cost of data distribution in edge computing.

To further reduce expenses, partial service hosting has been investigated in [45,46], where selected
user requests are processed locally while others are offloaded to cloud servers, optimizing bandwidth
usage. Another approach, discussed in [47], introduces decentralized storage solutions for edge computing,
ensuring better resource utilization and improved performance.

Cost efficient traffic routing and resource provisioning have also been explored [48]. Service Function
Chaining (SFC), presented in [12,39], optimizes network efficiency by streamlining resource management.
Furthermore, references [38,49] introduce the Profit Maximization Multi-round Auction (PMMRA), an
incentive-based allocation system that dynamically distributes edge resources. In the context of Mobile
Edge Computing (MEC), reference [50] explores Break-even-based Double Auction (BDA) and Dynamic
Pricing-based Double Auction (DPDA), which refine pricing strategies and resource allocation.

While various cost reduction strategies have been proposed, financial barriers remain a significant
obstacle to widespread cloud and edge computing adoption [51]. Deploying and maintaining edge infras-
tructure is expensive, requiring sustainable revenue models to ensure long term viability [52]. Furthermore,
optimizing resource allocation without compromising performance remains a key challenge in cost efficient
cloud and edge deployments.

3 Proposed Framework
The proposed framework is structured across three distinct layers: (i) Users’ devices, (ii) PEaaS and

(iii) Cloud servers. The Users’ devices layer includes all computing, smart, and IoT devices connected to
the system. PEaaS represent resources offered by local entities (e.g., universities, institutions or cellular
companies) under a service level agreement, with the system’s algorithm allocating user workloads to these
servers up to a predefined threshold. Finally, Cloud Servers, owned by cloud service providers, handle
permanent storage and processing of user data. Fig. 2 shows the structure of the proposed framework.

Cloud Servers= (CS)

Users' Devices (UD)

Public Edge Server (PES)

Public edge servers are the public edge
servers (e.g,. cellular, university or any
organizations' servers) provided by the local
organizations after agreeing the Service
Level Agreement (SLA)

Cloud servers are owned by the
providers and the users workload are
permanently store and process there.

Devices connected to the
system e.g., computers, laptops,
smartphones, tablets, and IoT
devices

Figure 2: Proposed structure of public edge as a service
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3.1 Devices Layer
The Devices Layer consists of users’ devices (e.g., computers, smartphones, and IoT gadgets) all of which

communicate with the system through the modern 5G technologies, ensuring minimal data transmission
delay between devices and computing servers [46]. The delay incurred at this layer depends on both the
propagation and transmission delay, which can be represented by the following equations:

Delpro p =
Dis
trs

(1)

where Delpro p shows the propagation delay, Dis shows the distance and trs shows the transmission speed.

Deltrans =
W
Ts

(2)

where Deltran shows the transmission delay, W shows the workload and Ts shows the channel capacity.
The congestion in the Devices Layer can be expressed as:

Del ∝
n
∑
i=1
(Devac ti

BWi
) (3)

Here, Del is the delay, Devac t refers to the number of active devices per base station or any other internet
service provider, and BW is the bandwidth available for communication. As the number of active devices
increases, congestion and delays also rise. Additionally, the relationship between congestion and workload
is represented by:

Con ∝ Wi

BWi ⋅ ts
(4)

In this equation, Con is the congestion, W is the workload, and BW is the bandwidth at a given time ts .
Finally, congestion can also be modeled based on available bandwidth as:

Con ∝ ( 1
BW α ) (5)

In this last equation, α reflects the bandwidth elasticity.

3.2 Public Edge Layer
The Public Edge Layer forms the core of the framework. It utilizes idle computational resources provided

by local entities, reducing the cost of edge infrastructure for service providers or the edge provided by the
cellular companies on the base station. At the public edge, delay factors include both processing delay and
queuing delay, represented by:

Delprocess =
S
Pr

(6)

where Delprocess is the processing delay, S represents the data size, and Pr is the processing rate of the public
edge server.

Delqueue =
L × a

R
(7)
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Similarly, Delqueue is the queuing delay, L is the packet length, a is the packet arrival rate, and R is the
processing rate.

Congestion at the public edge depends on computational resources and can be represented as:

Con ∝
Wed ge

Comk (8)

Here, Wed ge is the workload directed toward the edge servers, Com is the computational power
of the server, and k reflects the server’s efficiency. Higher computational power results in significantly
reduced congestion.

3.3 Cloud Layer
The Cloud Layer consists of high performance servers with vast storage and processing capacities. While

the cloud stores all data, only a small fraction of the processing occurs here, with the bulk handled at the
public edge. During peak periods, a large workload directed toward cloud servers can cause congestion. The
relationship between delay and workload in the cloud can be expressed as:

Delcc ∝
n
∑
i=1

Disi

Capi ⋅ BWi
(9)

In this equation, Delcc shows the cloud delay, Dis is the distance between devices and the cloud,
Cap represents the server’s processing capacity, and BW refers to the network bandwidth. As distance and
workload increase, delay surges.

The cloud layer inherits the properties of congestion and delay as noted in previous layers, further
increases by long distances and massive workloads characteristic of cloud servers.

3.4 Algorithm
Algorithm 1 is designed to efficiently manage big data generated by devices d = {d1 , d2, . . . , dn}

and their corresponding workloads w = {w1 , w2, . . . , wm}. It follows a hierarchical offloading strategy
across edge, PES, and cloud servers to ensure efficient task distribution based on latency, congestion, and
network conditions.

Algorithm 1: Edge-aware big data offloading
Input: Big data generated by devices and their respective workloads
Output: Decision on data processing and migration to Edge Servers, Public Edge Servers (PES), and
Cloud Servers
foreach device generating data do

Compute Delprop and Deltrans using Eqs. (1) and (2)
Compute Del using Eq. (3)
if (Del prop + Deltrans < δ1) AND (Del < δ2) then

Process locally on Edge Server; // Low latency and congestion
end
else

Compute Con using Eqs. (4) and (5)
if (Con < θ1) AND (Bandwidth > θ2) then

Offload to PES; // Optimal network condition
(Continued)
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Algorithm 1 (continued)
end
else

if Offloading request occurs during off-peak hours then
if Available capacity on PES satisfies Eq. (8) then

Offload to PES
end
else

Offload to Cloud Servers
end

end
else

Offload to Cloud Servers
end

end
end

end
if Urgent workload requires migration (based on Eq. (9)) then

Offload to Cloud Servers for further migration
end

Initially, the algorithm computes propagation and transmission delays (Eqs. (1), (2) and device-level
congestion (Eq. (3)). If the total delay and congestion are below predefined thresholds δ1 and δ2, the task is
processed locally on the edge server to ensure fast execution.

If the data is not time-sensitive, the algorithm evaluates the network condition by computing congestion
and bandwidth availability using Eqs. (4) and (5). If congestion is below θ1 and bandwidth exceeds θ2, the
task is offloaded to the PES, ensuring low-latency and cost-effective processing.

In suboptimal network conditions, the algorithm checks whether the task is being generated during
off-peak hours. If so, and if the PES has sufficient processing capacity (as verified using Eq. (8)), the task is
offloaded to PES. Otherwise, or during peak traffic, the task is offloaded to the cloud to avoid overloading
local resources.

Finally, if an urgent workload demands migration to another location, the algorithm uses Eq. (9) to
assess the cloud offloading decision for wider geographic accessibility.

4 Evaluation
To evaluate the effectiveness of the proposed framework, we employed EdgeCloudSim [53], a simulation

tool tailored for edge computing analysis. Built on CloudSim [54], it simulates various network conditions,
resource management strategies, and workload distributions, making it suitable for assessing edge and cloud
performance. The simulation environment was configured using real-world network parameters, as detailed
in Table 2, with workloads varying from 100 to 2000 devices. The experiment included one cloud server,
one PEaaS, and five edge servers, with each scenario repeated ten times to ensure consistency in delay and
cost measurements.
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Table 2: Simulation parameters and settings

Parameters Description
Quantity of cloud servers 1

Quantity of PEaaS 1
Quantity of edge servers 5

Minimum devices 100
Maximum devices 2000

Minimum upload work 20 KB
Maximum upload work 2500 KB

Minimum download work 25 KB
Maximum download work 1250 KB

Simulation time One hour
Delay Round trip delay
Cost Communication cost

Simulation repetition for average calculation 10 times

The evaluation follows an upload and download task per request model, consistent with the method-
ology used in the initial EdgeCloudSim publication [9]. The upload workload ranged from 20 to 2500 KB,
while the download workload varied from 25 to 1250 KB. A round-trip delay metric was used to assess
performance, and communication cost was considered as a primary cost factor.

4.1 Experimental Setup
The experimental setup consists of three distinct scenarios to manage big data through edge, public

edge, and cloud computing paradigms. First, we evaluate the performance and resource utilization associated
with processing data using edge computing, where tasks are handled at the device edge servers. Second, we
analyze the efficiency of PES provided by local organizations, assessing their impact on latency and costs.
Third, we examine the performance of cloud computing, where data is offloaded to centralized cloud servers
for processing. Table 2 presents the simulation parameters used for evaluation.

4.1.1 Edge Context
For the Edge Computing setup, a single edge server was created. The computing specification included 4

cores, 5000 MIPS, 8000 MB of RAM, and 150,000 MB of storage capacity. On this server, 2 virtual machines
(VMs) were deployed, each equipped with 2 cores. The setup was designed to handle data from 100 to 20,000
devices. The simulation was repeated ten times, with each session lasting half an hour to ensure reliability.
The performance and communication costs were measured to evaluate performance.

4.1.2 Public Edge Context
For the PES scenario, a decentralized edge server was deployed, utilizing resources from various local

organizations and service providers. The server consisted of 8 cores, 10,000 MIPS, 16,000 MB of RAM, and
150,000 MB of storage capacity. Four VMs were deployed, each equipped with 2 cores. This setup facilitated
distributed task processing, ensuring lower latency and cost efficient operations for up to 20,000 connected
devices. The simulation was repeated ten times to evaluate its performance.
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4.1.3 Cloud Context
In the cloud computing context, a single cloud data center was established to process big data. The

server included 32 cores, 200,000 MIPS, 64,000 MB of RAM, and 200,000 MB of storage capacity. Eight VMs
were deployed within this infrastructure. The setup managed up to 20,000 devices, processing 300,000 tasks
globally. The simulation was executed ten times, each lasting 30 min.

4.2 Result and Discussion
The experimental results provide a comparative analysis of Edge, PEaaS, and Cloud computing envi-

ronments in terms of key performance metrics, including task failure rate, service time, processing time,
network delay, server utilization and communication cost. The evaluation is conducted across varying
numbers of devices, ranging from 100 to 2000, to assess scalability and efficiency. The primary objective is
to demonstrate how PEaaS outperforms traditional Cloud computing by reducing failure rates, improving
response times, and optimizing resource utilization. Each metric is analyzed separately, with column-wise
bar graphs providing a clear visual representation of performance trends. The findings highlight that Edge
computing offers the lowest latency, while PEaaS balances reliability and performance, making it a superior
alternative for handling computationally intensive and latency sensitive tasks.

4.2.1 Task Failure Rate Analysis
Task failure rates vary significantly across the three computing paradigms; edge, PEaaS, and cloud, as

shown in Fig. 3. The failure rate trend increases with the number of connected devices, however, the rate of
increase is notably different among these environments.

Figure 3: Comparison of task failure (in %) rate across edge, PEaaS, and cloud environments

At lower device counts, all three paradigms show relatively low failure rates. As illustrated in Fig. 3a,
edge computing maintains a stable failure rate, starting at 1.02% for 100 devices and gradually rising to 2.6%
at 2000 devices. This stability is attributed to localized processing, which reduces network dependencies.
However, edge computing has limited resources, making it expensive for providers to deploy and maintain
additional edge nodes for scalability.

Fig. 3b shows that PEaaS follows a similar trajectory to edge computing, starting at 1.08% for 100
devices and reaching 2.5% at 2000 devices. The slightly higher initial failure rate compared to edge is due
to its distance, however, it remains close to edge performance throughout the scaling process. Unlike edge
computing, PEaaS benefits from dynamic resource allocation, reducing the need for extensive physical
infrastructure investment while maintaining a low failure rate.
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On the other hand, cloud computing exhibits significantly higher failure rates, as shown in Fig. 3c.
The failure rate begins at 5.2% for 100 devices and escalates sharply to 12.3% at 2000 devices. This increase
is primarily due to distance and centralized resource bottlenecks, which cause delays in processing and
task execution.

Overall, PEaaS presents a compelling balance between reliability and scalability. While edge computing
ensures the lowest failure rates, its resource constraints make large scale deployment challenging. Cloud,
though scalable, suffers from severe performance degradation due to long delays. PEaaS emerges as an
optimal solution, closely matching the failure rates of edge computing while leveraging its distributed
infrastructure to offer better scalability and cost efficiency.

4.2.2 Service Time
Service time reflects the end-to-end duration from task dispatch to result delivery, combining both

processing and network delays. It is a key indicator of system responsiveness and directly impacts the
feasibility of latency-sensitive applications.

As depicted in Fig. 4, the PEaaS environment achieves the lowest service time, starting at approximately
0.14 s and increasing steadily to 2.75 s as the number of devices scales to 2000. This highlights its ability to
offer rapid processing while avoiding network overhead typically seen in cloud computing. Edge computing,
while also delivering low service times due to close proximity to end devices, exhibits slightly higher service
time (ranging from 0.15 to 3.24 s) because of its limited computing capacity under growing workloads.

Figure 4: Comparison of service time (ms) across edge, PEaaS, and cloud environments

In contrast, cloud computing shows a significantly higher service time, beginning at 6.2 s and reaching
9.98 s as device count increases. This sharp rise is attributed to network transmission delays, congestion, and
centralized resource contention, which become more prominent with larger data volumes.

Overall, while edge excels in responsiveness and cloud in resource availability, PEaaS emerges as the
most balanced and efficient option. It combines the low-latency advantage of edge computing with the
scalability and resource distribution of cloud systems, making it the most suitable choice for large-scale,
time-critical vehicular offloading scenarios.

4.2.3 Processing Time
Processing time determines system efficiency by measuring the duration required to execute tasks. Fig. 5

presents a comparative analysis of processing time across edge, PEaaS, and cloud environments. Edge
computing achieves the lowest processing time due to localized task execution, minimizing transmission
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overhead. PEaaS follows closely, leveraging optimized resource allocation to maintain near edge perfor-
mance, while cloud exhibits significantly higher processing times due to centralized workload management
and network delays.

Figure 5: Comparison of processing time (ms) across edge, PEaaS, and cloud environments

At a lower workload of 100 devices, processing times for edge, PEaaS, and cloud are recorded as 0.98,
1.05, and 5.4 s, respectively. As device count scales to 2000, processing time increases across all environments,
however, with varying trends. Edge maintains a moderate increase, reaching 2.4 s, while PEaaS reaches 2.6 s,
demonstrating its capability to handle increased workloads efficiently. In contrast, cloud processing time
surges to 9.8 s due to congestion, server queuing delays, and centralized resource contention.

The results emphasize PEaaS as a viable alternative to edge computing, offering comparable processing
time while avoiding the capital-intensive requirement of deploying dedicated edge servers. Unlike cloud,
which suffers from performance degradation as workload increases, PEaaS ensures low latency processing
through distributed and optimized task execution. This makes PEaaS a scalable and cost effective solution
for task offloading, maintaining efficiency across varying workload conditions.

4.2.4 Network Delay
Network delay is an important parameter in data offloading decisions. It directly affects task execution

efficiency and overall system responsiveness. Fig. 6 presents the network delay trends across Edge, PEaaS, and
cloud environments. Edge computing shows the lowest network delay due to its close locality to end devices,
minimizing transmission overhead. PEaaS, utilizing distributed infrastructure, maintains a moderate delay.
This ensures a balance between latency and scalability. On the other hand, cloud experiences significantly
higher network delays due to data traversing multiple hops over wide area networks, introducing congestion
and queuing delays.

At lower workloads of 100 devices, network delays for Edge, PEaaS, and Cloud are recorded at 0.06,
0.06, and 5.6 s, respectively. As the device count increases to 2000, Edge delay increases slightly to 0.33 s,
while PEaaS reaches 0.28 s. This shows its capacity to manage increasing workloads efficiently. Cloud delay
increases drastically to 9.4 s due to high dependency on centralized servers and network delays.

These results highlight PEaaS as an interesting alternative for task offloading, maintaining significantly
lower network delays than Cloud. It also ensures scalability beyond the limitation of Edge computing. By
utilizing shared infrastructure and distributed processing at intermediary nodes, PEaaS optimally balances
network performance and system responsiveness, making it an efficient choice for time sensitive applications.



14 Comput Mater Contin. 2026;86(2)

Figure 6: Comparison of network delay (ms) across edge, PEaaS, and cloud environments

4.2.5 Server Utilization
Server utilization is a key metric for evaluating the efficiency of computational resource allocation in

Edge, PEaaS, and Cloud paradigms. Fig. 7 illustrates the utilization for each paradigm, highlighting the
impact of increasing workloads on computational efficiency.

Figure 7: Comparison of server utilization (in %) across edge, PEaaS, and cloud environments

Edge computing shoes the highest server utilization due to its constrained resources and limited
scalability. As the device count increases, Edge servers reach maximum capacity, with utilization increas-
ing from 1.15% at 100 devices to 50.8% at 2000 devices (7a). This high utilization indicates efficient
resource usage, however, also demonstrates the limitations of Edge in handling big data without significant
infrastructure expansion.

PEaaS, on the other hand, effectively balances resource allocation by distributing workloads across a
broader, shared infrastructure. As shown in Fig. 7b, PEaaS utilization starts at 1.98% with 100 devices and
steadily increases to 22.25% at 2000 devices. This moderate utilization ensures that resources are not over-
utilized while maintaining efficiency in task execution.

Cloud infrastructure shows the lowest utilization levels, as shown in Fig. 7c, with values ranging from
0.73% to 1.37% across all device counts. Despite its massive computational capabilities, Cloud remains
underutilized due to network induced delays and inefficiencies in centralized processing.

The results indicate that PEaaS offers an optimal balance between Edge and Cloud computing. While
Edge servers risk overloading and Cloud suffers from underutilization, PEaaS efficiently scales with increas-
ing workloads. This ensures effective resource usage without sacrificing performance. This makes PEaaS a
cost effective and scalable solution for handling diverse computational demands in real time applications.
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4.2.6 Communication Cost
Communication cost is a critical factor in determining the feasibility of offloading tasks to Edge, PEaaS,

or Cloud environments. Fig. 8 presents a comparative analysis of communication costs across the three
architectures, illustrating how costs scale with increasing device count.

Figure 8: Comparison of communication cost ($) across edge, PEaaS, and cloud environments

Edge computing maintains the lowest communication cost due to minimal data transmission over the
network. As shown in Fig. 8a, the cost remains low, increasing from 0.01 at 100 devices to 0.42 at 2000 devices.
The limited network dependency of Edge computing results in minimal overhead costs, making it a cost
effective option for latency sensitive applications with minimal offloading requirements.

PEaaS exhibits a moderate cost structure, balancing network usage and efficiency. As seen in Fig. 8b,
the cost starts at 0.01 for 100 devices and gradually rises to 0.61 at 2000 devices. This increase is due to
the reliance on shared edge servers, where some data must be transmitted over the network for optimal
processing. However, PEaaS ensures lower costs compared to Cloud by reducing unnecessary long distance
transmissions while maintaining scalability.

Cloud, in contrast, experiences the highest communication cost due to significant data movement across
wide networks. Fig. 8c highlights that the cost starts at 0.01 for 100 devices, however, increases sharply to
0.8 at 2000 devices. The centralized nature of Cloud computing requires extensive network usage, leading to
higher costs associated with bandwidth consumption, energy and data transfer.

The results demonstrate that PEaaS offers an optimal trade-off between cost and scalability. While Edge
provides the lowest cost, however, it suffers from scalability limitations, and Cloud incurs the highest cost due
to excessive network utilization, PEaaS efficiently balances network overhead while ensuring cost effective
resource allocation. These findings suggest that PEaaS is the preferred choice for applications requiring cost
efficiency while maintaining network scalability.

The results demonstrate that PEaaS offers a balanced and efficient approach to task offloading compared
to Edge and Cloud environments, as shown in Table 3. While Edge computing provides the lowest failure rate
and latency, its limited resources necessitate significant capital investment for infrastructure deployment.
Cloud computing, on the other hand, suffers from high failure rates, network congestion, underutilization
of resources, and higher communication costs due to extensive data transfers over wide area networks.
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Table 3: Comparative analysis of edge computing (EC), PEaaS, and cloud computing (CC) for IoT big data processing

Parameters Edge computing (EC) PEaaS Cloud computing (CC)
Delay Very low Low High

Response time Very low Low High
Latency Very low Low High

Distance from IoT
devices

Near to the devices Regionally distributed Long distance from
devices

Network model Distributed Decentralized (Public
Edge Nodes)

Centralized

Security High Low Moderate
Server mobility Possible No No

Real-time processing Highly responsive Optimized for regional
real-time processing

High latency affects
real-time processing

Storage capacity Limited Moderate High scalability
Cost High deployment cost Cost-effective resource

sharing
High operational cost

Scalability Limited Flexible Highly scalable
Capital Cost High due to dedicated

infrastructure
Reduced due to shared

infrastructure
High due to large-scale

infrastructure

PEaaS bridges this gap by utilizing publicly available edge resources from providers (e.g., organiza-
tions, cellular companies or individual) ensuring low latency, optimized resource utilization, and reduced
infrastructure costs. Furthermore, PEaaS maintains significantly lower communication costs compared to
Cloud, making it a financially viable option for large scale deployments. While Cloud incurs substantial
data transmission expenses, PEaaS efficiently balances cost and performance by limiting long distance
data transfers.

Going with PEaaS, organizations can achieve near Edge performance without the burden of deploying
and maintaining dedicated hardware, making it a cost effective and scalable solution for big data offloading.
The findings suggest that PEaaS is the optimal choice for applications requiring a balance between efficiency,
cost, and scalability. It is a sustainable alternative to traditional Edge and Cloud computing paradigms.

5 Conclusion and Future Work
This paper introduces PEaaS as a novel framework for managing the increasing demands of IoT big data.

By shifting from a provider owned infrastructure to a shared edge service model, PEaaS enables organizations
to hire edge resources rather than investing in dedicated infrastructure, significantly reducing ownership
and capital costs while improving computational efficiency. The performance evaluation shows that PEaaS
effectively reduces latency and operational expenses compared to traditional cloud approaches. Utilizing
distributed public edge servers, the framework minimizes network congestion and transmission delays,
resulting in faster response times and optimized resource utilization. The proposed model addresses the
TCO challenge, allowing service providers to dynamically allocate resources based on demand. With this,
provider can run their services without the financial burden of maintaining private edge infrastructure.
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Future research will focus on enhancing the dynamic resource allocation mechanisms by integrating
AI decisions to further optimize cost efficiency and performance. Additionally, the impact of 5G and 6G
networks on PEaaS will be explored to assess their role in improving connectivity and scalability.
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