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Abstract---The Internet of Things has generated a tremendous amount 
of data. These files must be handled quickly and are typically kept in a 

cloud data center. Cloud computing can provide abundant resources to 

process such information IoT devices relating to data security, energy 

consumption, and data processing are driving the growth and interplay 

of fog computing and cloud computing. The problem of resource 

scheduling in a system designed to reduce task execution time 
and overall energy consumption. To partition the graph and determine 

task processing permutations and processor assignment, the tri EDA 

and division operator are employed. The comparison findings of a single 

application simulation reveal that the Pareto set produced by the 

proposed methodology can dominate a considerable number of those 
solutions produced by the heuristic technique and straightforward 

EDA. When it comes to multi-objective simulation, IoT devices can last 

much longer and perform similarly to other algorithms in terms of 

nodes' energy consumption and job completion time. 
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Introduction 

 

IoT describes a group of such objects that are embedded with sensors, actuators, 

software, and other technologies that are connected through wired or wireless and 

exchange the data with the other IoT devices It's used in a variety of real-world 
scenarios. The energy supply of IoT devices is limited, and data processing and 

communication range are constrained. In the Internet of Things, one of the most 

important factors that must be stabilized for QoS deployment, administration, and 

research optimization is quality of service (QoS). To ensure that the QoS guarantee 

is used to reduce limitations from equipment and network infrastructure.  IoT 

systems must meet latency requirements from beginning to end as in real-time 
applications, both software and hardware must be deployed.QoS can assist reduce 

end-toenddelay.One of the finest alternatives for finishing time-constrained IoT 

applications is fog computing. Fog computing is an archetype that expands Cloud 

computing and network administration to the network's edge. In fog computing, 

the analysis along with the applications are placed among the edge tier and cloud 
tier. Computing in the fog using the concept of fog nodes and these nodes are very 

close to the data sources. Fog nodes are having a higher capacity to process and 

store the data obtained from IoT devices and decrease data transfer volume via the 

internet. Fog nodes process the data quicker by choice of sending data to the cloud 

server for decentralized processing. To fully move the core fog technology resources, 

the best utilization of spatially distributed resources is critical to improving the 
total performance of the system by reducing end-to-end delay, cutting bandwidth 

usage and costs, and improving user experience. Due to the challenges in dealing 

with the resource provisioning problem given by the complicated and independent 

fog computing infrastructure, this is not a little undertaking. Applications are 

launched by different users and bring additional challenges which are usually 
fought with each other. Task scheduling is a well-known major issue that reduces 

system performance. The planning of the activity on the problem of multiprocessor 

is the problem of the hard NP with communication delays. Multiobjective In fog 

computing, the task-scheduling problem is a phase as follows optimization task 

scheduling strategy. This issue with more factors is NP-hard, so finding a solution 

in a quadratic is impossible time. Optimization methods have been used to handle 
a variety of scheduling systems with high performance. The EDA Approach was a 

popular evolutionary algorithm for solving difficult scheduling problems.EDA is a 

stochastic optimization method that guides the search for the best solution to 

scheduling problems using an outside stochastic representation.EDA might be 

tweaked and the processes repeated to reach the same level of performance in this 
multi-objective DAG scheduling problem.EDA will be used in the proposed method 

to create the refining sequence, which will solve the work scheduling challenge 

while also lowering the makespan and power consumption objectives. 

 

Literature Survey 

 
Cloud computing is used to make fast the realization of the idea of the Internet of 

Things. IoT in the cloud has a lot to offer. By granting third-party access to 

infrastructure, cloud services can good accordance with the IoT sector and it is 

used to collect and for processing, the data was uploaded to the cloud. cloud 

computing is used to store IoT data. To manage the transmission of huge no of data 
as well as lowering the cloud's energy usage cloud-based IoT that it is very scalable. 
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Many research challenges have been increased and how the data was processed 

cost-effectively, close to the data source. As required the expansion of cloud 

computing and environmental consequence of data centers enchant them much 

attention. The efficient minimization of energy consumption and time by Priority-
constrained parallel application scheduling. Data explosion may cause network 

traffic issues, fog computing is used to partition the task of breaking down data 

into smaller chunks. These can process the data on less powerful machines. In the 

Internet of Things, Fog computing is a decentralized data handling and resource 

distribution method (IoT). Fog-based computational resources must adhere to 

differences in IoT sources of data, the delay sensitivity of IoT networks, and the 
potentially highly large amounts of data released as well as absorbed by IoT devices. 

Despite existing foundations, [1]  computing in the fog research is still in the early 

phases of development.In the Resource scheduling, approach modules on fogs node 

with one objective are utilized to shorten response times.[2] virtual machines in 

computing in the fog virtual host can share resources between them. Virtual 
allocation is used to reduce the network latency between them. These are not 

suitable for fog devices' key features like location-aware processing. End-user 

computers are increasingly being For IoT devices (IoT) as well as fog computing 

services, they're used as local servers. [3] Nano data centers are distributed system 

machines that can host and distribute material and programs in a peer-to-peer 

environment. Fog computing can complement centralized DCs to service-specific 
applications, such as IoT having sources of data on end-user locations, and can 

save energy if programs can be offloaded from centralized DCs and run on 

DCs.When it comes to data center maintenance costs, energy consumption is a 

critical factor to consider and it consists of how much amount of energy is 

consumed by the cooling system, not only energy consumed by the machine. It 
becomes a big issue. Computer Components are relocated to the network's edge. 

These are powered by a non-rechargeable battery. [4] The evolution of Fog 

computing minimizes the energy consumption by cloud servers. It performs 

computation on sensor data that consume more energy but it is used to reduce the 

energy consumption by fog nodes also. fog and cloud nodes could assist in energy 

saving compared to other cases.Fog Computing generally called edge computing, is 
a type of computing in the cloud that expands cloud computing by locating 

concentrated computer systems at users' residences, that store internet data and 

transfer it to mobile users via high-speed local contacts.As the result, computing 

in the fog creates a fog layer among edge users and the computing in the cloud, 

complementing the cloud by providing low latency, mobile users with high-speed 
services. The interaction and collaboration between the fog and the cloud are vital 

to examine in this fundamental framework. In the cloud computing environment, 

the tradeoff between energy usage and transmission latency is investigated. 

Provisioning of dynamic resources in an all-optical wide region Supporting energy-

aware cloud system and fog system interacts with a Defined software Network. In 

Edge-cloud computing bi-objective optimization model focuses on delay and power 
consumption. [5]To achieve energy savings between clouds and edges, a dynamic 

resource provisioning technique is implemented. A software network is being used 

to reduce energy usage between the edge and the cloud, similar to the three-tier 

architecture.Under the same system design, a To manage the three-way tradeoffs 

among average response time, the average amount of application losses, and 
quantified near-optimal online solution is used. [6] The market for smart systems 

that are connected to IoT devices is quickly growing. To meet The merging of the 
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Fog system and Cloud system intends to harness the edge devices and remote data 

center-based-based computing resources to meet the Quality - of - 

service requirements of these intelligent sensors.Due to a lack of instance pricing 

and revenue-maximizing methodologies, it is difficult for service providers to make 

a comprehensive profit from such integration. When related expenses and 
allowances are deducted from revenue, the problem becomes even worse. The 

stringent revenue maximization goal of providers, on the other hand, has an impact 

on the budget of the user and the service quality of the system. To address these 

issues, we offer a profit-aware program placement criterion for integrated Fog–

Cloud settings.[8] Some sorts of applications that aren't well suited to cloud 

computing, such as those that need minimal and expected delay or are spatially 
dispersed, can benefit from fog systems.  Computing in the fog, is, on either hand, 

not a substitute for cloud technology, but rather a valuable addition. In the 

framework of the Internet of Things, The interaction and collaboration between both 

the cloud system and the fog system are the subjects of this study. [9] The large 

number of Sensor networks that are wireless devices necessitate dispersed analysis 
and signal processing.Organizing tasks in a logical fashion, that involves allocating 

jobs to sensor nodes and determining their implementation and communication 

order, is among the toughest tasks in enabling cooperative processing in wireless 

sensor networks.Because wireless nodes have limited resources, particularly in 

terms of energy, one of the most essential concerns In scheduling tasks in such 

conditions, the goal is to reduce the amount of energy used to maximize the 
system's operational lifetime. [10]Static scheduling of the program expressed by a 

directed acyclic graph on a multiprocessing system to reduce the program finishing 

time is a well-known difficulty in parallel computing.Because determining an ideal 

program is an NP-hard task in usually, the focus of researchers has shifted to the 

development of effective heuristics.Branch-and-bound, mixed-integer, searching, 
graph theory, randomized, evolutionary computation, and evolutionary techniques 

are just a few of the heuristic algorithms that have evolved using a variety of 

methodologies, algorithms, and their features, and it is to evaluate the 

corresponding benefits in terms of time complexity and performance. 

            

System Models 
 

Multiobjective Optimization Problem concept 

 

A multi-objective optimization issue entails more than one conflicting goal, and 

thus necessitates a desirable trade-off between them. An equation can be used to 
define the problem. 

 

minz= g(r)=𝑔1(𝑟)𝑔2(𝑟) … … 𝑔𝑝(𝑟) (1) 

 

𝑟 ∈ 𝑇𝑞 is a q-dimensional decision vector, 𝑧 ∈ 𝑇𝑝 is the vector objective. 

The objective vector includes p individuals. If we are considering When there are 
many objectives, the sorting strategy that is used to solve the grade of solutions 

must be adjusted in comparison to when there is only one. To evaluate and rank 

the solutions, the non-dominated sorting approach is utilized. The best Pareto 

solutions are shown below. 

 

Solution by the Pareto dominance𝑦1is dominated by𝑦2. It is denoted as  
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(𝑦1 > 𝑦2) 

a)𝑔𝑖(𝑦1)  ≤   𝑔𝑖(𝑦2), ∀𝑖 ∈ {1,2, … 𝑝} 
b)𝑔𝑖(𝑦1) < 𝑔𝑖(𝑦2), ∃ 𝑖 ∈ {1,2, … … 𝑝} 
 

If x is not dominated by any other solution, y is considered the optimal Pareto 

solution. The solution set containing all Pareto optimal solutions is called the 

optimal Pareto set. This set is obtained by a certain algorithm called the archive 

set. C metric[8]is a programming language that is used to handle multiobjective 
algorithms. The dominant connection between these solutions is shown in the 

employment of CM to care for A1 and A2. 

 

𝑐(𝐴1, 𝐴2) = |{𝑦2  ∈  𝐴2|  ∃ 𝑦1 ∈ 𝐴1, 𝑦2 < 𝑦1 𝑜𝑟  𝑦2 = 𝑦1}|/|𝐴2|                                          (2) 
 

C(A1, A2) represents the proportion of solutions in A2 which are dominated by 

solutions in A1. C(A1, A2) & C(A2, A1) are used to compare the 

Pareto predominance of the archives set in principle. In the Pareto optimum metric, 

A1 is greater than A2 since C(A1, A2) is larger and C(A2, A1) is smaller. 
 

Three-tier Architecture 

 

In this assignment, the IoT system has a three-tier architecture model. This model 

consists of edge layer, fog, and cloud layers. The edge layer is placed on the bottom 
level. The IoT applications are placed in the things layer and are also capable of 

original data from the scope of control being collected and processed before being 

sent for further processing. The IoT applications in this layer are categorized into 

the various group's nearby places. The devices in this same cluster are supposed 

to be fully connected. The components in the edge layers are powered only by the 

battery. In our system, the next tier is the fog layer which is placed in the center of 
our system model. The fog tier is responsible for processing the calculation parts 

near the data centers. The IoT applications such as cameras, smartwatches, smart 

phones, lighting systems, and sensors are stated in the fog layer. Every network in 

fog layers is directly in connection with a cluster of objects that are placed in the 

edge layer. Additionally, the networks in the fog layers are completely in connection 
with other networks. Computation tasks are received from the things tier, and the 

fog layer shares tasks with the other nodes in this arrangement. The last tier of our 

architecture is in the cloud layers and fining. This tier's units are designed to be 

cloud nodes, which are typically housed in data centers. The fog nodes are all 

connected to the cloud nodes via a wide-area network (WAN), and the cloud nodes 

are all completely connected. When compared to fog nodes, cloud networks are 
more dependable and significant. 

 

Model of the Application 

 

Generally, all Internet of Things devices are known as Directed Acyclic Graph and 
the DAG can be represented as four parts <v, e, w, d>, in a certain application v 

denotes the tasks are not in contact, including computing In an IoT application, 

the function is important. Task dependence is e and communication workload and 

the non-connection tasks are w denotes non-communication task workload, d 

denotes the communication overhead. The pair of task i and j, d(l,j) indicates the 
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size of the data𝑒𝑖,𝑗. In DAG, after the ancestors of its tasks have been completed 

and received all of their input the remaining tasks will be executed. The tasks are 

only scheduled with precedence constraints. Additionally, once the tasks are 

initiated, they cannot be interrupted until all tasks are processed because the tasks 
are supposed to be non-preemptive. Two connected tasks (i,j) with communication 

time depend on the bandwidth B(𝑚𝑖𝑚𝑗) related with corresponding 

nodes(𝑚𝑖𝑚𝑗),(𝑚𝑖 ≠ 𝑚𝑗). In addition, the communication to computation ratio(CR) 

denotes the potential effect of connection delay on performances and it is 

determined as is divided by the average calculation time to get the average 

communication time. The higher the connection to computation ratio (CR), the 

more likely it is that the application will be communicated in detail. Generally, the 

sensor tool tasks of IoT applications are started from the things tier, allowing the 
DAG entry tasks to be processed on the edge layer. For the first job, we refer to the 

tasks that are not linked to parent tasks and are tasked with collecting raw data. As 

a result, all entry tasks are assigned to the Internet of things applications from the 

same group, but this situation is unlikely to last long. 

 
Power Consumption model 

 

To examine the power usage of the full three-layer IoT network, we must first define 

and summarise the major energy consumption drivers at each tier. To be clear, the 

energy usage of the cloud layer is difficult to predict because it is influenced by a 

variety of factors, including the design and operation of a cooling system, as well 
as the cloud services supplied by various suppliers. Furthermore, our system seeks 

to improve client time and power consumption performances. The computing in the 

cloud system is provided on a expect to be paid basis, and the power usage of cloud 

centers is difficult to reduce from the user perspective.  

 
Table 1 

Numerical notations of the Variables 

 

 Representation significance 

 

 

 

 
 

Variables  

in statement 

𝑦𝑗,𝑟,𝑖 {0,1}𝑦𝑗,𝑟,𝑖 = 1represent job k is qth 

job is integrated on node j, else 
𝑦𝑗,𝑟,𝑖 = 0 

𝑐𝑜𝑚𝑟,𝑖 𝑐𝑜𝑚𝑟,𝑖 ≥  0 the time it takes for the 

qth task on the node to complete 

i,r=1,.....n 

𝑔𝑗 {1,g} node  identification of job j 

 

 
 

 

 

 

 
 

 

           t Amount of tasks in a single 

application 

           g The number of Connected devices, 
fog nodes, and cloud nodes in the 

three tiers refers to the number of 

Connected devices, fog nodes, and 

cloud nodes, respectively. 

𝐵(𝑔𝑖 , 𝑔𝑗) Bandwidth between node 𝑔𝑖,𝑔𝑗
 

𝑐𝑝𝑗 Bandwidth among network𝑔𝑖,𝑔𝑗
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Problem 

variables 
constraints 

 

𝑝𝑠𝑖 Calculation time of job j 

       Da(i,j) Node i is processing speed and 

{𝑝𝑠𝑡 , 𝑝𝑠𝑓 , 𝑝𝑠𝑐} 

𝑖 → 𝑗 Size of inter-task data between 

tasks I and j 

 

 

Intermediate 

variables 

𝛿(𝑔𝑖 , 𝑔𝑗) In the DAG, there is a route from I 

to j, and task I precedes task j. 

ES(i) 0 and 1 𝛿(𝑔𝑖 , 𝑔𝑗) =  1 denotes 𝑔𝑖 ≠

𝑔𝑗 and 𝛿𝑔𝑖 , 𝑔𝑗 = 0 𝑑𝑒𝑛𝑜𝑡𝑒𝑠 𝑔𝑖 = 𝑔𝑗 

 Starting time of task i 

 

As a result, the energy consumption of cloud data centers is not taken into account. 

In addition, IoT devices in the objects tier are often outfitted with non-rechargeable, 

limited-use batteries. As a result, reducing the power usage of IoT devices is critical 

to prolong the lifetime of the system, as a single IoT device failure can outcome in 

system death. In such systems, fog nodes are also placed close to the users. These 
nodes' energy usage could have a negative influence on residential regions. As a 

reason, the remaining of this research will concentrate solely on the power 

consumption of IoT applications and fog nodes. Communication and computing 

components account for the majority of the energy usage of IoT devices on the 

objects tier. IoT device energy consumption is divided into two parts: sending 
information and receiving data, and may be calculated from the following: 

 

 𝐸𝑛𝑒𝑟𝑔𝑦𝑡(𝑆, 𝑑) = 𝐸𝑛𝑒𝑟𝑔𝑦𝑒𝑙 ×  𝑆 + 𝜀𝑎𝑚  ×  𝑑 × 𝑒𝑦                                                                       (3)                             

𝐸𝑛𝑒𝑟𝑔𝑦𝑟(𝑆, 𝑑) = 𝐸𝑛𝑒𝑟𝑔𝑦𝑒𝑙 ×  𝑑 (4)                                                          
 

D represents the transferred data magnitude and l denotes the Euclidean distance 

among the senders and receivers. 𝐸𝑎𝑚𝑝and𝜀𝑎𝑚𝑝 are energy dissipation ratio and 

transmitting amplifiers' energy dissipation, respectively, are equipment 

parameters. and x is set anywhere between two and four. For simplicity, we set x 
to 2 in this study. The energy consumed to process a data unit is indicated in the 

equation below, the task is largely related to the voltage required by the processors 

and is dependent on the time required to process a data unit of a task. 

𝐸𝑛𝑒𝑟𝑔𝑦𝑐𝑜(𝑈𝑑 , 𝑔) = 𝑀𝐶𝑈𝑑
2 + 𝑈𝑑 × (𝐼0𝑒𝑈𝑑/𝑣𝑡) ×

𝑀

𝑔
                                                             (5) 

𝑔 ≈ 𝐿 ×  (𝑈𝑑 − 𝑐) 
VT stands for voltage thermal, whereas C, n, K, and c represents processor-

dependent factors. Finally, an IoT device's energy consumption can be calculated 

as follows: 
 

𝐸𝑛𝑒𝑟𝑔𝑦𝑇ℎ𝑖𝑛𝑔𝑠 = 𝐸𝑛𝑒𝑟𝑔𝑦𝑡 + 𝐸𝑛𝑒𝑟𝑔𝑦𝑟 + 𝐸𝑛𝑒𝑟𝑔𝑦𝑐𝑜 (6) 

 

Both static and dynamic energy utilization affect fog node energy consumption. 

Static energy consumption refers to the fog nodes' basic energy consumption, 
whereas dynamic energy consumption is mostly determined by resource utilization. 

A fog node's energy consumption can be calculated as follows: 

 

𝐸𝑛𝑒𝑟𝑔𝑦𝐹𝑜𝑔 = 𝐸𝑛𝑒𝑟𝑔𝑦𝐹𝑜𝑔,𝑠 + 𝐸𝑛𝑒𝑟𝑔𝑦𝐹𝑜𝑔,𝑑 
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  = 𝑃𝑜𝑤𝐹𝑜𝑔,𝑠 × 𝑡𝑖𝐹𝑜𝑔 + (𝑃𝑜𝑤𝐹𝑜𝑔,𝑚𝑎𝑥 − 𝑃𝑜𝑤𝐹𝑜𝑔,𝑠) × 𝑡𝑖𝐹𝑜𝑔 × 𝑈𝑡𝑓𝑜𝑔(7)        

 

where 𝑃𝑜𝑤𝐹𝑜𝑔,𝑠and 𝑃𝑜𝑤𝐹𝑜𝑔,𝑚𝑎𝑥 denote the fog node's static and maximum power, 

respectively, and 𝑡𝑖𝐹𝑜𝑔denotes the fog node's total processing time. 

 

Problem Statement 

 

The task scheduling is being used to decide the task graph, which is divided into 

two parts: task node allocation and task processing permutation. These two parts 
are used to minimize both the application's execution time, such as makespan, and 

the power consumption of fog nodes, as well as to extend the system's lifetime. The 

representation of math models is given in Table1 based on the models described 

previously. The designed goal is listed below.  

 
min (𝐷𝑚𝑎𝑥 , 𝐸𝑛𝑒𝑟𝑔𝑦𝑓𝑜𝑔)(8) 

∑ ∑ yj,r,i
n
r=1

n
r=1 = 1, ∀j(9)   

∑ 𝑦𝑗,𝑟,𝑖

  𝑛

𝑗=

 ≤ 1,   ∀𝑖, 𝑟                                           (10) 

∑ 𝑦𝑗,𝑟,𝑖 ≥ ∑ 𝑦𝑗2,𝑟+1,𝑖∀𝑟 ≤ 𝑛 − 1, 𝑖               (11)

𝑛

𝑗2=1

𝑛

𝑗1=1

 

𝐸𝑆(𝑗) = {𝑚𝑎𝑥𝑗 {𝐸𝑆(𝑖) + 𝛿(𝑚𝑖 , 𝑚𝑗).
𝐷𝑠(𝑖, 𝑗)

𝐵𝑎(𝑚𝑖,𝑚𝑗)
}, 

                               ∀𝑖 → 𝑗                                         (12) 
𝐷𝑟,𝑖 ≥ max {𝐷𝑟−1.𝑖 + ∑ (𝑦𝑗,𝑟,𝑖 .𝑗 𝐸𝑆(𝑗))} + ∑ (𝑑𝑗,𝑟,𝑖 .𝑗 𝑐𝑝𝑗/𝑝𝑠𝑚𝑗)  ∀𝑖, 𝑟 ≥  1           (13) 

                   𝐷𝑚𝑎𝑥  ≥  𝐷𝑛,𝑖  , ∀𝑖                                  (14) 

𝐸𝑛𝑒𝑟𝑔𝑦𝑓𝑜𝑔 =   𝑝𝑜𝑤𝑓𝑜𝑔,𝑠. 𝑚𝑓 . 𝐷𝑚𝑎𝑥(𝑝𝑜𝑤𝑓𝑜𝑔,𝑚𝑎𝑥 − 𝑝𝑜𝑤𝑓𝑜𝑔,𝑠) ∑
𝑤𝑗

𝑣𝑚𝑗

 ∀𝑚𝑗

𝑗

∈ 𝑓𝑜𝑔                                (15) 
 

Examination of the Lower BoundsAnalysis 

 

The lower bound analysis is used to solve the task graph scheduling problem. DAG 

represents each as well as every IoT application. The Graph is represented as g = 

(v, e, w, d) a route from a node𝑢0𝑎𝑛𝑑 𝑢𝑘to  in g is sequence(𝑣0, 𝑣1 … … 𝑣𝑘) of vertices 

connected by the edges (𝑢0, 𝑢1, … … 𝑢𝑘)where x is the path's length, which is 

determined by adding the weight of its nodes. 

Length(x) = ∑ 𝑤𝑛 +𝑁∈𝑥.𝑣 ∑ 𝐷(𝑥)𝑒∈𝑋  (16) 
The computation length of the path is represented as x  

 

𝐿𝑒𝑛𝑔𝑡ℎ𝑤(𝑥) = ∑ 𝑊𝑛

𝑛∈𝑥,𝑣

 (17) 

 
The critical path is represented as cp is the longest path in g. The computational 

critical path is represented as 𝑐𝑝𝑤 

 
Length(cp) = 𝑚𝑎𝑥𝑥∈𝑔{Length(x)}                    (18) 
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If homogeneous devices with processor speed v are assigned to the job graph, we 

can deduce that 𝐶𝑚𝑎𝑥 ≥ 𝑚𝑎𝑥𝑥∈𝑔(𝐶𝑃𝑤)/𝑣 . The IoT system discussed in this paper, on 

the other hand, is a dispersed heterogeneous system with nodes with varying 
capabilities.𝑣𝑡 , 𝑣𝑓 , 𝑣𝑐and are having three different processing speeds. Furthermore, 

the entry to the things layer is where the application's tasks are processed. Task 0 

is the diagram's virtual entry node, with really no execution time or communication 

overhead. The real entering jobs are the successors to job 0, and they must be 
processed on the items layer. We also have  

 

𝑐𝑝𝑤 = {0,1, … . , 𝑘 − 1, 𝑘, . . . 𝑙, 𝑙 + 1, … 𝑛 + 1} 
𝑚𝑖𝑛 

2 ≤ 𝑘 ≤ 𝑛𝑐𝑝 + 1{∑
𝑤𝑗

𝑣𝑡

𝑘−1

𝑗=1

+
𝐷(𝑘 − 1, 𝑘)

𝐵1
+ ∑

𝑤𝑗

𝑣𝑓

+

𝑙

𝑗=𝑘

𝐷(𝑙, 𝑙 + 1)

𝐵2 ∑
𝑛𝑐𝑝

𝑗=𝑖+1

𝑤𝑗

𝑣𝑐

} 

                                                                           (19) 

               K-1 ≤ 𝑙 ≤ 𝑛𝑐𝑝 

 

Process 0 is the diagram's virtual entry node, with no execution or communication 

overhead.  0 is successors are the true entrance tasks. and they must be allocated 

to the items layer for processing. We also have  

 

𝑐𝑝𝑤 = {0,1, … . , 𝑘 − 1, 𝑘, . . . 𝑙, 𝑙 + 1, … 𝑛 + 1} 
 

in this diagram, and there are total 𝑛𝑐𝑝 tasks in 𝑐𝑝𝑤.  An examination of lower bound 

analysis is given as follows, taking into account the system's conditions. where B1 

is the bandwidth among the things tier and the fog tier, and B2 is the bandwidth 

among the edge layer and the fog layer.  The fog tier and the cloud tier are two 

different types of tiers. And (k- 1, k)  has been identified as  cmm1 the cut line 

among the edge layer and the fog layer is cmm1  tier. We need to assign entry nodes 

to IoT devices because we need to assign entry nodes to IoT devices that have 𝐾 ≥
2. (l,l+1)  the cut edge is designated as cmm2 among the cloud system and the fog 

system. We may deduce that 𝑙 ≥ 𝑘 − 1 . The fog system is related to both the edge 

layer and the cloud layer. Tasks before task k are applied to the edge layer, while 

tasks ending in  (k, l) and 𝑙, 𝑛𝑐𝑝are assigned to the fog system and cloud layers, 

respectively. The virtual exit vertex 𝑛𝑐𝑝 + 1 is used to unify the cases so that we may 

express all eventualities with just one equation. In Fig. 2, two cuts are shown, where 

a cut on the edge 𝑛𝑐𝑝, 𝑛𝑐𝑝 + 1 signifies that all prior jobs are sent to the equal layer 

for processing. To put it another way, k=l+1 = 𝑛𝑐𝑝+1 implies that all 𝑐𝑝jobs are 

allocated to the edge layer; k=l+1 <𝑛𝑐𝑝 means that all jobs after job k are uploaded 

to the cloud layer through the fog layer. 

 
Methodology 

 

Flowchart 

 

This section introduces the proposed strategy, which aims to strike the right 
balance between energy savings and application completion time. The proposed 

algorithm is first described in general. The partition operator is then developed, 

along with the fictitious code, which we used in our modified EDA technique. 
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Following that, both regular techniques for EDA and our suggested evolutionary 

algorithms with the partitioning operator (EDA-p) are shown. 

 

 
 

Partition Operator 
 

A partition operator divides the DAG into two pieces to allocate the right chunk of 

every Internet of Things device to the edge layer. The DAG is split into two parts: 

one is allocated to the objects tiers and handled locally, and the other is forwarded 

to the fog system and cloud system for additional processing.   The authors of 

[17]Tasks with high computational workloads and minimal connection overhead 
are uploaded to fog nodes and cloud nodes for processing, resulting in improved 

system performance and energy savings, according to a survey. It's critical to keep 

the amount of data sent between the objects and fog tiers to a minimum. However, 

data transmitting and collecting procedures use a significant level of power for these 

non-rechargeable IoT devices. As a result, minimizing data transfer among Internet 
of Things applications is similarly vital in this work, as the power depletion of IoT 

devices can have a negative impact on system performance and reduce the system 

lifetime. Furthermore, the calculation capacity of connected devices is inferior to 

that of fog and cloud nodes. When a significant amount of the duties is delegated 

to connected devices for machining, the application's completion time is likely to be 

significantly boosted. We create a simple processor model that comprises 𝑚𝑠By 
integrating these parts, you can create a digital compute node that represents the 

computing resources that can be used both from fog and cloud tiers. This virtual 

computing node's capability is expressed as 𝑣𝑓′ = 𝑣𝑓𝑋𝑚𝑓. Our partition operator can 
use this model to determine. how to partition a DAG into two portions and 

effectively distribute relevant jobs into (ms+ 1) nodes, notably for things tier tasks 

This approach may be expanded to a situation with multiple applications with some 
tweaking. 
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Table 2 

The  Representations Used in the Algorithm 

 

Notation definition 

M The free to set off the Connected 

systems in the group and the 
virtualized computation node is 

represented by the machine time 

vector length. 

C The length of a completion time is 2 

and represents the time it takes for 

a task to be completed in the 
edge stage and virtual computation 

node, respectively. 

B Battery energy The energy 

consumption on an IoT device 

induced by a certain job when 

processed in the IoT layer and virtual 

computation network is represented 
by a usage length of 2. 

 In(k) ∑ 𝐷𝑠(𝑢, 𝑘)
𝑢∈𝑝𝑟𝑒(𝑘)

 

Ot(k) ∑ 𝐷𝑠(𝑘, 𝑣)
𝑣∈𝑠𝑢𝑐(𝑘)

 

ES For each task in the tier of the item 

and virtual computational, the 

earliest starting time vector 

Send(Ds) Transferring data-sized ds 

consumes a lot of battery power. 

Receive(Ds) Receiving data with a size of ds 
consumes a lot of battery power. 

Process(Ds) Processing job k uses a lot of battery 

power. 

 

When a new application enters, the virtual computing node may not be accessible 

to handle extra tasks, as it was in the single application instance. When the graph 

partitioning is finished, the estimated available time and update the virtual 
computation node. The freshly arriving jobs are more usually to be given to 

connected devices before the virtual computing node the available for The greedy 

stochastic method is used to create algorithms. While this method may 

minimize the makespan and power consumption of fog nodes, it drains the battery 

life of IoT devices, shortening their lifetime. Let's start with some definitions before 

we go into the details of our partition operator. We start with a Pt: V-> {1, 2} 
mapping, Pt(k) = 1 indicates a job assigned to the items tier, while Pt(k) = 2 denotes 

an assigned task to the virtualized computation node. The boundary vertices of the 

task graph are represented as 

 

𝛾: {𝑣|∃(𝑣, 𝑤) ∈𝐸𝑑𝑔𝑒: 𝑃(𝑣) ≠ 𝑃(𝑤)}(20)                               
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Also, pr(k) indicates the tasks set,  

 

{u|(u,k)∈𝐸𝑑𝑔𝑒}, su(i) I 

γ: {v|∃(v, w)  ∈ Edge: P(v)  ≠  P(w)}ndicates task set. , {w|(i,w)∈𝐸𝑑𝑔𝑒}  

Property: For any of the node i in the DAG ,∀𝑢∈𝑝𝑟(𝑖)denotes task set. P(v)=1 and 

∀𝑣∈𝑠𝑢(k). P (w)=2, if ∑𝑣∈𝑝𝑟(𝑖) 𝑇(𝑣, 𝑖) < ∑𝑤∈𝑠𝑢(𝑖) 𝑇(𝑖, 𝑤).  

∑(𝑢,𝑣)∈𝐶,𝑃𝑡(𝑘)=1 𝑇(𝑢, 𝑣) > ∑(𝑢,𝑣)∈𝐶,𝑃𝑡(𝑘)=2 𝑇(𝑢, 𝑣) 

                                                                            (21)                                        

Here, D: ={(v,w) ∈𝐸𝑔𝑑𝑒| 𝑃(v)≠ 𝑃(𝑤)}  

Proof: It is not hard to see that k∈𝛾 , Pt(k)=1 and ∃ (𝑘, 𝑣) ∈𝐸𝑑𝑔𝑒. 

V ∈𝑠𝑢𝑐𝑐(𝑘)and  Pt(k) ≠ 𝑃𝑡(𝑣). When Pt(k)=2 then ∑(𝑢,𝑣)∈𝐶𝐷(𝑢, 𝑣) is affected by Pt(k).   

∑ 𝑇(𝑣, 𝑤)

𝑣,𝑤∈𝐷,𝑝(𝑖)=1

 

= ∑ 𝑇(𝑣, 𝑤) + ∑ 𝑇(𝑖, 𝑤)

𝑤∈𝑠𝑢(𝑖)(𝑣,𝑤)∈𝐷(𝑖,𝑤)

 

>∑ 𝑇(𝑣, 𝑤) + ∑ 𝑇(𝑣, 𝑖)𝑣∈𝑝𝑟(𝑖)(𝑣,𝑤)∈𝐷(𝑣,𝑖)  

=∑ 𝑇(𝑣, 𝑤)𝑣,𝑤∈𝐷,𝑝(𝑖)=2  

 

Based on this feature, a criterion is created to determine not whether a job should 

be assigned to the virtual computation device. If a job meets the requirements∑𝑣∈𝑝𝑟(𝑖) 

𝑇(𝑣, 𝑖) < ∑𝑤∈𝑠𝑢(𝑖) 𝑇(𝑖, 𝑤) T(v, I wsu(i) T(i, w), it is assigned to the virtual computation 

node, which reduces the energy consumption caused by IoT device communication. 

Another criterion is intended to speed up task processing and minimize battery 
power consumption, as well as lessen the theoretical difficulty of the partitioning 

operator. 

 

𝑃(𝑣) ≤ 𝑃(𝑤), ∀𝑣 → 𝑤                                       (22)                                                                           
 

As a result, if the prior criterion is not used, all tasks with predecessors assigned 

to the virtual node would have the same allotment. In our technique, the value of 

each job is bottom level (b-level) is derived, where b-level is the longest from the 

current work to the exit task. In descending order of b-level, then selecting criteria 
apply to each task. As previously indicated, certain jobs are assigned directly to the 

virtual node, while others must be matched in terms of energy consumption and 

execution time. After all of the jobs have been assessed, the partition plan is 

defined. 

 
Algorithm 1. Procedure of Partition Operator 

 

For each task i in descending b-level list 

If i∈ entry tasks 
i is assigned to the IoT device with earliest available time; 

Else If in(i) < out(i) or for any x ∈pre(i), there is x ∈ Fog Tier  

i is assigned to virtual computation node; 
 

Else 

 Find IoT devices with earliest available time; 

 C[0]   :=max(M[s],task.ES[0]) +   𝑡𝑖/𝑢𝑗 ; 
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 C[1]   :=max(M[Fog],task.ES[1]) + 𝑡𝑖/𝑣𝑔
′ ; 

 Let    dout(i) := ∑ 𝐷(𝑣, 𝑖)𝑣∈𝑝𝑟𝑒(𝑖) − ∑ 𝐷(𝑣, 𝑖)𝑣𝑎𝑠𝑠𝑠𝑖𝑔𝑛𝑒𝑑𝑜𝑛𝐼𝑜𝑇𝑑𝑒𝑣𝑖𝑐𝑒𝑠  

 B[Q] :=Send(dout(i))+Received(dout(i)); 

 B[0] + =Process(i); 
 B[1] := Send(input(i)); 

 IfC[0]   <  C[1] and  B[0]  <  B[1] 

     k is assigned to IoT devices; 

 Else If  C[0]  >  C[1]  and  B[0]   > B[1] 

 i is assigned to the virtual node; 

 Else 
 If  (B[0]-B[1])/ (B[0]+B[1]) + (C[0]-C[1])/C[0]+C[1])  >  0 

i is assigned to the virtual node; 

  Else 

 i is assigned to the Things Tier; 

 

END 
Update M and Es of each task in suc(task) 

END 

 

EDA Scheme 

 
Once the DAG has already been partitioned, the jobs are separated into two halves. 

When the partitioning operator is used, the assigned task to the things layer is 

sorted in b-level decreasing order. The workloads given to the virtual computing 

node are sorted using our suggested EDA sampling technique. Following the 

identification of these two processing sequences, tasks will be assigned to nodes 

based on the rule of earliest finish time first (EFTF). After that, the duration and 
energy usage of each application may be estimated. In this project, EDA is used to 

define the accordance with this standard for the jobs given to the fog and cloud 

layers. The traditional EDA approach is summarised here. To start, a probability 

model P is developed, and then people are sampled using P. The produced persons 

are next evaluated, and P is modified based on the outcomes of the examinations. 
After then, the individuals are sampled using the amended P value until the 

stopping limit is met. The details of our suggested EDA for this schedule challenge 

are as follows.. 

 

Things tier 𝑖1 𝑖2       

.... 

𝑖𝑙       

.... 

𝑖𝑡 

Fog&Cloud 
Tier 

𝑗1 𝑗2       
.... 

𝑗𝑘       
.... 

𝑗𝑓 

 

Decoding and Encoding: Individuals are encoded in the manner illustrated in 

Figure 4, where T represents the number of tasks given to the objects tier and F 

represents the number of tasks assigned to the fog and cloud tiers. The processing 

sequence for the first row, which reflects the tasks assigned to the tier of the item, 

was chosen by the partitioning operator. The second sequence is generated by our 
proposed EDA, and it illustrates the processing sequence of the jobs assigned to 

the fog and cloud tiers. For workloads allocated to the fog and cloud layers, the 

compute nodes in both tiers are treated as unrelated processors, with EFTF 

deciding the processor assignment. In the other words, the jobs are sent to the 
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processing who can do them in the lowest period. When persons are assessed, the 

duties in the tier of the item are originally considered and prescribed schedule 

(decoded). The jobs are subsequently allocated to the fog and cloud tiers depending 

on the processing permutations provided by EDA. 

 
Probability distribution: A probability model for task permutation P is formed based 

on the relative position connection between the jobs, taking into consideration the 

precedence limitations between the activities assigned to the fog and cloud tiers. P 

generates a permutation of fog and cloud job processing. (23), where pi;jg signifies 

the likelihood of task I will be put ahead of task j inside the permutations at the g-

th iteration of evolution. Clearly, for 𝑞𝑗,𝑘(𝑓) + 𝑞𝑘,𝑗(𝑓) = 1 𝑡𝑎𝑠𝑘 j and k that are ahead 

of or behind one other. 

𝑄(𝑓) = {𝑞𝑗,𝑘(𝑓)}𝑆×𝑆(23) 

 

Initialization of the probability model: In order to meet the precedence requirements 

of task pairings, the significance level q (j,k) is initialised for each given DAG (j,k). 

With a chance of 0.5, the order of task pairs with no restrictions is generated at 

random. 

 
𝑞𝑗,𝑘(0) = { 1, 𝑗 → 𝑘-                  0, k→ 𝑗 

0.5, otherwise.    (24) 

 

Method of updating: For the single-objective optimization issue, the solutions 
created by EDA can be assessed by a single goal, such as makespan, and people 

with less makespan are used to update P. (g). Because AS is the set of elite answers 

under the Pareto ranking criterion, individuals in AS are utilized to modify P in the 

multi-objective optimization problem. The probability value is then adjusted using 

the population-based incremental learning approach (PBIL) 
 

𝑞𝑗,𝑘(𝑓 + 1) = (1 − 𝛼)𝑞𝑗,𝑘(𝑓) + 𝛼 ×
∑ 𝐻𝑗,𝑘

𝑙
𝑙 (𝑓)

|𝐴|
(25) 

𝐻𝑗,𝑘
𝑙 (𝑓) =  {1 , task j is before task k in the lth                          individual 

                      0 , otherwise                                (26) 

 

Where 𝛼 ∈ (0,1) is the learning rate, |A|  j is the archive set size, and  𝐻𝑗,𝑘
𝑙 (𝑓)is the 

indicator function corresponding to AS l-th answers. 

 

Method of sampling: EDA generates new people by selecting an upgraded 

probability model. For each undetermined point in the fog and cloud processing 
permutation, a probability array is constructed. The array member represents the 

possibility that a given job will be assigned to this location. The product stated in 

pseudo code represents the chance that a job will lag after all other jobs. The array 

is then adjusted before being tested using the roulette wheel application. 

Algorithm 2. Procedure of EDA Sampling Method 
T is the available task set, initialized with tasks without parent tasks in fog and 

cloud tier; 

pe is the label in task processing permutation, pe=0; 

While T is not empty 

Calculate a sampling probability s for each task in T; 
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      For each task i in T 

 s(i) : = 𝜋𝑗≠𝑝𝑒 ,𝑗∈𝑇𝑝𝑖.𝑗(𝑓); 

        End 
       Normalize probability array s; 

Sample s with Roulette Wheel Method to achieve the pe-th processing task i in the 

permutation; 

Push the child task of i with all parents assigned into T; 

pe + +; 
End  

 

Simulation 

 

To evaluate its performance, we compare our proposed EDA-p to the specified 

algorithms, the heuristics approach, and the multi-objective EDA. For a fair 
comparison, the algorithms all are written in C++ and run on some computers. 

 

Algorithm Comparison 

 

To evaluate our proposed method, two benchmark algorithms are utilized, both of 
which are run in the same context as our algorithm. A heuristic used in single 

objective task network allocation optimization problems is the b-level heuristic 

technique. In the b-level heuristic technique, all jobs are ordered in decreasing 

order of b-level values. According to the EFTF rule, the jobs are then spread over 

the compute nodes, which include object, fog, and cloud nodes. The b-level 

heuristic approach generates a single objective, makespan, which is compared to 
the prior lower bound. In some circumstances, such as when n = 50 and CR = 0.1 

and 0.5, the minimal relative percentage variation (RPD) is 0.39 and 0.17, 

correspondingly. We may conclude that the b-level heuristic strategy works well 

when CR is much less than 1.0 and that the lower limit is tight when the 

communication overhead between processes is modest. The estimation of the lower 
bound becomes less exact as the CR increases (when n =50; CR = 10, the lowest 

RPD is 127.70). Jobs that are not on the critical path are excluded from the lower 

bound. 

 

Table 3 

Factor Levels of Parameters 
 

Parameters Factor Level  

1 2 3 4 

          N                                         25 30 35 40 

𝛼 0.057 0.072 0.10 0.135 

 

Because of the large communication overhead, the scheduling strategy has a lot of 

idles, and the lower limit isn't as tight as it is when CR is low. The alternative 

method, known as simple EDA (sEDA), is a multi-objective strategy for developing 

a system-wide scheduling scheme. Unlike our suggested EDA-p, sEDA does not 
employ a partition operator. To construct a full completion of a given task 

permutation of fixed length, sEDA employs a probability model. Tasks are assigned 

to all three tiers following the EFTF rule. The probability model is then updated 



         

 

8690 

using individuals in AS. The purpose of using sEDA would be to determine whether 

or not the partition operator's participation is effective. 

 

Simulation Environment 

 
Variables and testing environment settings are set to the values specified in [14]. 

The values for the parameters indicated in Equation (5) are as follows: E elec = 

50nJ/b, amp = 10pJ/b/m2, VT = 26mV, C = 0.67nF; I o = 1.196mA, n = 21.26, K 

= 239.28 MHz/V, V dd = 1V, c =0.5V The processing speeds of IoT devices, fog 

nodes, and cloud nodes are 1, 5, and 10, respectively. The bandwidths within each 

layer are 1, 5, and 10, while the bandwidths between the objects tier and the fog 
tier, fog tier, and cloud tier are 1 and 8, respectively. Data that is uploaded to the 

cloud center must be sent through the Internet. . Because there is no universal 

mathematical equation for measuring transmission delay via the Internet, a fixed 

communication delay of 0.1s is introduced when transferring a generic unit of a 

communication job between the fog and cloud tiers. The typical distance between 
IoT devices is one meter, with a beginning battery power of 0.1J. To construct the 

things layer, various numbers of IoT devices (3, 3, 3, 4, 4, 4) are arranged in 

appropriate clusters. Six fog nodes are strategically placed to link to their respective 

clusters. This system takes into account two public cloud services. During the 

analysis of a single application case, IoT devices in a single cluster construct the 

application for each instance. Communication time and power consumption are 
much greater than when jobs are transferred to fog and cloud nodes for further 

processing because communication between object clusters must be managed by 

suitable fog nodes. As a consequence, the compute workloads that were previously 

transmitted across clusters are no longer required. 

 
Single Application Study 

 

The single application benchmark is provided by the standard task graph 

benchmark examples on the homogeneous DAG scheduling issue. It does not 

contain the inter-task data size, but the values of communication time contributing 

to normal distribution based on different CR settings are generated and utilized for 
testing, as in [13]. The test sets are n =50, 100, 300, and CR =0.1, 0.5, 1.0, 10.0, 

with each test set including 180 independent testing occurrences.As a 

consequence, 3 × 4 x 180=2160 examples are used to assess the effectiveness of 

the proposed method.     

                            
Table 5 

Influence Trend Table 

 

Level N α 

1 0.099 0.035 

2 0.19 0.075 

3 0.085 0.035 

4 0.199 0.055 
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Main Effects Plot 

 

Average value 

 

 
Fig.5.Effect trends of Parameters 

 

Experiment with various choices. To compare their performance objectively, the 
halting threshold for both algorithms has been set to 30 generations. All of the EDA 

parameters are set to the same value in both sEDA and EDA-p. Because the 

probability model is updated by the whole AS, the fraction of the elite population 

does not require attention. The Taguchi technique of the design-of-experiment 

method (DOE) is used to calculate the other two major parameters of EDA, 

population size (N) and learning rate (). DOE is a statistical approach for 
investigating the influence of factors on algorithm performance at various levels. 

The experiment is conducted numerous times using orthogonal arrays with varying 

parameter settings. For each combination of n x CR (3 x 4 = 12), a random instance 

is picked. For each instance, 16 distinct N combinations are attempted separately, 

and the results are recorded as AS ci(ci = 1, 2,...16). It is best, according to Figure 
5 and Table 5, to set N to a number that is neither too high nor too little. 

 

Table 6 

Results Compared with B-Level Heuristic Method 

 

Task 

Number 
(n) 

CR Dominating 

level(%) 

Non 

Dominating 
b-level(%) 

Dominated 

b-b-level(%) 

50 

  

0.0

9 

56.78 45.22 3.78 

0.4
5 

89.89 25.56 1.48 

0.9

6 

89.23 3.25 2.12 

10 92.56 1.45 3.88 

100 

  

0.9 51.56 22.89 26.56 

0.4

4 

94.5 4 1.11 

1 98.32 0.23 0.26 

0

0.2

0.4

1 2 3 4

N and α

N α
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10.

5 

89.59 0.78 0.89 

300 

  

0.1

2 

15 17.89 59.59 

0.5

1 

78.56 6.45 1.56 

1 96.78 2.58 0 

10 90.89 0.59 1.32 

 

A random instance is chosen for each combination of n x CR (3 x 4 = 12), For each 

instance, 16 different 𝑁 ×  𝛼 combinations are tried individually, and the results 

are saved as 𝐴𝑆𝑐𝑖(ci  = 1, 2,...16). By combining 𝐴𝑆1, 𝐴𝑆2, … . 𝐴𝑆  the final AS (FAS) is 

obtained. 

 
Table 7 

Comparative Results of C Metric and Simple EDA 

 

Task number(n) CR C(EDA-

p,sEDA) 

C(sEDA,EDA-

p) 

50 

  

0.09 0.50 0.59 

0.45 0.6 0.20 

0.96 0.89 0.12 

10 0.59 0.23 

100 

  

0.9 0.26 0.15 

0.44 0.59 0.12 

1 0.84 0.03 

10.5 0.59 0.05 

300 

  

0.12 0.06 0.59 

0.51 0.95 0.05 

1 0.89 0.02 

10 0.84 0.01 

 

The contribution of a particular combination of CON is then counted as CON = 
|𝐴𝑐𝑖

′ |

|𝐹𝐸|
, 

Where 𝐴𝑐𝑖
′ = {𝑌1 ∈  𝐴𝑐𝑖

′ | ∃ 𝑌𝑙′ ∈ 𝐹𝐴𝑆, 𝑌1 = 𝑋𝑙′. Each combination's average CON is 

determined, and Table 4 shows the response value (RV) that was employed. Table 

4 lists the DOE response values. Table 5 illustrates that the changes in response 

value under different values of N and an are almost equal, meaning that the impact 

of N on algorithm performance is substantially identical. Because the stopping 

requirement is 30 generations, the benchmark instances should employ a tiny an. 

According to the results, the simulation experiment settings should be N =30; 
=0.05. Various heuristic techniques are compared. Because the b-level heuristic 

technique generates one solution for each problem, our algorithm is compared to 

heuristic approaches in terms of the percentage of heuristic solutions dominated 

by our algorithm's solutions. In Table 6, the column "dominating b-level(percent)" 

indicates the proportion of times the b-level heuristic solution is dominated by any 
solution in the EDA-p. The percentage of times the b-level heuristic solution is not 

dominated by any EDA-p solution and the EDA-p solution is dominated by the b-

level solution is referred to as "non-dominating b-level(percent)." The term 
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"dominated by the b-level(percent)" indicates that the b-level solution dominates at 

least one EDA-p solution. Table 6 computes and summarises the average value for 

each problem scale based on 180 examples. Table 6 indicates that in the great 

majority of circumstances, EDA-p beats the b-level heuristic. When CR exceeds or 
equals 1.0, the fraction of instances dominating the b-level solution increases. 

When CR is larger than or equal to 1.0, the Pareto set generated by EDA-p 

dominates more than 90% of the solutions generated by the b-level heuristic 

approach. As a result, it's possible to deduce that when CR ≥0.5, EDA-p 
outperforms the b-level heuristic. When the CR value is 0.1, however, EDA-p is 

unable to outperform the b-level heuristic technique. The fact that the amount of 

data transmitted is constrained may explain why the b-level technique performs 

effectively when CR is low As a consequence, when CR = 0.5, EDA-p beats the b-

level heuristic. However, when the CR value is 0.1, EDA-p fails to beat the b-level 
heuristic approach. The fact that the amount of data conveyed is limited might 

explain why the b-level approach works well when the CR is low. As a result, it has 

little effect on the scheduling scheme, and the greedy EFTF rules employed in the 

b-level method perform similarly to the best makespan solution. When the CR 

grows, the greedy EFTF rule selects the processor with the earliest finish time. 

Because data transfers between tasks allocated to the things tier and their 
successors spend more time uploading intermediate results rather than processing 

the data locally, the greedy EFTF rules assign a significant number of tasks to the 

things tier. The objects layer, on the other hand, has a slow processing speed that 

may result in scheduling delays. Furthermore, when IoT devices are overburdened 

and tasks must be uploaded, data transfers may be increased. A straightforward 
EDA is compared. We compared our technique to a standard EDA in terms of C 

metrics. Table 6 summarises the average C metric values of 180 examples under 

each scale, where C(EDA-p, sEDA) denotes the percentage of simple EDA solutions 

that are dominated by or identical to the EDA solutions given in this paper. Table 

7 shows that when CR = 0.1, the performance of EDA-p is inferior to that of simple 

EDA. The reason for this is that in simple EDA, the probability model creates the 
entire processing permutation and explores a larger solution space, whereas in 

EDA-p, the processor assignment of a subset of tasks is fixed and the solution 

space is narrower. When CR =0.1, sEDA can produce superior solutions in this 

approach. Under other CR values, however, EDA-p outperforms sEDA significantly. 

Because sEDA is the foundation of EDA-p except for the partitioning operator, it is 
clear that pre-partitioning the task graph is required, and this operator is effective 

in improving the scheduling performance of this problem in the vast majority of 

cases. 

 

Multiple Application 

 
A discrete-event simulator created in the C programming language is used to 

evaluate the proposed approach in a realistic environment. The simulations 

examine three performance metrics: system lifespan, makespan, and fog tier energy 

usage. "System lifetime" refers to the amount of time it takes for the first IoT device 

to run out of power [13], [14]. When the system fails, the lifespan of the system is 
recorded, and the simulation is kept running to analyze the other two metrics to 

compare the methodologies fairly. The total energy consumption of the fog node is 

computed using Equation, and the makespan is approximated using the time it 

takes for all apps to finish their final job. 
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To find an appropriate value for b, nine different values of 0.1, 0.2,..., 0.8, 0.9 of b 

are examined, with three optimization objectives in mind. The findings show that 

altering b does not influence makespan. To evaluate the proposed approach in a 

realistic context, a discrete-event simulator written in the C programming language 

is employed. 
 

Table  8 

Average Value Comparison with different CR 

 

 CR EDA-p b-level sEDA 

lifetime 

0.09 1258.86 389.48 400.34 

0.45 885.98 329.58 585.71 

0.96 785.41 454.17 484.11 

10 687.96 485.47 285.48 

makespan 

  

 

 
0.9 3250.78 5896.48 4520.59 

 

0.44 3987.12 1525.48 3553.68 

 

1 2588.89 1852.15 5550.91 

 

10.5 4325.9 7670.58 5965.16 

energy 

  

 

0.12 5658.15 2898.48 7857.79 

 
0.51 5353.89 3684.48 8955.91 

 

1 5494.58 9758.58 7854.95 

 

10 5398.88 5285.25 4485.89 

 

The simulations look at three performance indicators: system lifespan, makespan, 

and fog tier energy utilization. The term "system lifetime" refers to the amount of 

time it takes for the first IoT device to lose power [14], [15]. When the system fails, 
the system lifespan is recorded, and the simulation is retained to compare the other 

two metrics fairly. The equation is used to calculate the total energy consumption 

of the fog node, and the makespan is calculated based on the time it takes for all 

of the applications to finish their final job. 

 
Furthermore, the multi-objective algorithms in the multi-application simulation 

must select one solution from the Pareto set as the final scheduling scheme. The 

following method is used to minimize the weighted objectives: The Pareto set 

obtained by an algorithm is denoted by S, and the weighted value is denoted by B. 

min B X  𝐷𝑚𝑎𝑥,𝑗 +  1 − 𝐵 𝑋 𝐸𝑛𝑒𝑟𝑔𝑦𝑓𝑜𝑔i ∈ 𝑆 

                                                                           (27)  

 

To discover an appropriate value for b, nine possible values of 0.1, 0.2,..., 0.8, and 

0.9 are investigated, with three optimization goals in mind. According to the data, 
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changing b does not affect makespan; nevertheless, raising b shortens the system's 

lifespan while increasing fog energy usage. As a result, in the simulation, b is set 

to 0.1. Benchmarks are used to compare. To begin, studies with a wide variety of 

CR values are conducted. For each round of the simulation, 100 random 
applications are produced and assigned to the system. Table 8 shows the average 

value of each statistic after 50 simulation cycles for each approach. Table 9 the last 

column displays the p-values of two-sample t-tests at the 95 percent confidence 

level. The alternative hypothesis for lifespan is that "the objective lifetime of EDA. 

p is not larger than the comparison algorithm 95 percent confidence level. 

 

 

 

 
Fig.6. Clustered Column Chart of results comparison 
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At a 95% confidence level, the longevity and make span of solutions produced by 

EDA-p are far superior than those offered by other algorithms. Furthermore, when 

compared to the other method, the null hypothesis for the fog energy consumption 

goal could not be rejected. Table 9's last column displays the p-values of two sample 

t-tests at the 95 percent confidence level. The alternative hypothesis for lifespan 
states, "The objective lifetime of EDA. p is not larger than the comparison algorithm 

95 percent confidence level," and "the objective of our proposed EDA is not smaller 

than the comparison algorithm 95 percent confidence level." The alternative 

hypothesis for the other two objectives states, "The objective of our proposed EDA 

is not smaller than the comparison algorithm 95 percent confidence 

level.Furthermore, when compared to the other method, the null hypothesis for the 
fog energy consumption goal could not be rejected. 

 

Conclusion 

 

The research develops an energy-efficient evolutionary technique for resource 
scheduling of three layers of IoT systems. To characterise and outline the problem, 

we first present a full system and computational model, followed by an attempt to 

mimic an actual scenario. There is a lower bound provided by the mathematical 

model. Following that, the partition operator is compared to an EDA scheduling 

technique. The pre-partition operator mitigates the detrimental effects of the greedy 

task assignment algorithm. EDA is also used to generate task permutations. 
Experiments on single and multi-application situations show that our technique is 

beneficial in reducing device makepan and energy consumption, as well as 

prolonging IoT device lifespan. 
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