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Abstract 
Fog computing, which serves as a middle layer between the cloud and Internet of Things 
(IoT) devices such as sensors, mobile devices, and smart infrastructures, is becoming 
more prevalent over cloud computing. Because of its proximity to edge devices, it can 
process data optimally, enabling real-time reaction demands and reducing latency, 
energy consumption, and communication costs. In this paper, the Fog Optimized 
Computing System (FOCS) algorithm is proposed to solve network overloading and 
processing difficulties that arise from the explosion of IoT devices. FOCS uses a task 
scheduling and offloading algorithm that classifies data into groups according to its size 
and routes it to the appropriate fog nodes. Larger data packets are simultaneously sent 
to fog nodes with higher capacity, while smaller packets are routed to fog devices with 
low data size in unit million instructions per second (MIPS). Load-balancing strategies 
ensure that data is delivered to the closest idle fog nodes when there is network 
congestion. FOCS provides faster response times and low latency while stabilizing the 
system in terms of energy consumption and utilization cost. The latency, energy 
consumption and utilization costs are minimized and become stable by the FOCS after a 
certain number of Inputs (tasks from IoT devices). The proposed FOCS algorithm with 
organized approach, optimizes the energy consumption by 71% and reduces latency by 
35.8%. 
 
Keywords: Fog Computing, Task Scheduling, Task Offloading, Latency, Energy 
Consumption 
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1.0 INTRODUCTION 

 
In the digital internet of things era, intelligent technologies 
collect and gather big data, requiring supercomputers to 
manage the vast task. Cloud processing reduces latency in 
network overloading and improves responsiveness for IoT 
applications. Cloud computing services are typically based on 
large data centers, offering efficient task offloading but 
requiring quick IoT sensor response for the task scheduling [1]. 
Cloud computing services are usually based on large data 
centers with a lot of equipment that serve numerous users 

and host various applications. These data centers offer 
efficient task offloading although requiring quick response 
from IoT-based sensors. By facilitating data processing closer 
to the data source, Fog Computing significantly reduces 
latency, thereby improving response times and overall system 
efficiency. In Fog Computing, managing energy consumption 
involves processing data at fog nodes rather than fully 
depending on cloud infrastructure. Energy consumption 
represents the amount of power a system uses to process and 
transmit data. This approach reduces the system's overall 
power usage by optimizing local resource utilization, which 
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helps to enhance energy efficiency and minimize unnecessary 
power expenditure. 

In Fog Computing, Utilization cost refers to the expenses 
associated with processing and transmitting data within a 
system. Managing utilization cost involves handling data at fog 
nodes rather than relying entirely on cloud infrastructure. This 
method helps reduce overall system costs by optimizing local 
resources, thus improving cost efficiency, and minimizing 
unnecessary expenditures. 

Prolonged and irregular latency is vastly disregarded and 
objectionable in these kinds of situations. In the context of Fog 
Computing, Latency denotes the time delay encountered 
within a system during data transmission and processing. In 
the context of Fog Computing, it specifically refers to the 
duration taken for data to travel from its originating source, 
such as IoT devices, to nearby fog nodes and return.  

Introduced a decade ago, fog computing immediately 
recognized itself as a potential candidate as solution for these 
challenges [2]. The architecture of Fog system is shown in 
Figure 1. Fog computing processes a small portion of workload 
and services using predefined algorithms and memory 
through local fog devices, creating a separate layer between 
IoT devices and the cloud. Fog computing reduces latency and 
improves system efficiency through total network usage by 
processing data closer to the source. This approach manages 
energy consumption by processing data at fog nodes, 
optimizing local resource utilization, rather than relying on 
cloud infrastructure, thereby reducing overall power usage 
and minimizing unnecessary power expenditure. Fog 
computing transfers power closer to devices, while cyclic 
queue scheduling ensures equal completion of tasks. It 

manages utilization costs by handling data at fog nodes 
instead of relying on cloud infrastructure. This approach 
reduces overall system costs by optimizing local resources and 
minimizing unnecessary expenditures. This is crucial for IoT 
applications requiring low latency, high resilience, and broad 
geographic coverage. Fog computing also strengthens 
traditional cloud services by moving computational tasks 
closer to IoT devices, improving their ability to meet 
application demands. 

 
1.1 Related Works 
 
Task scheduling algorithms have been developed in earlier 
research to optimize computing technology factors, including 
latency, energy consumption, and processing cost [3], [4], [5], 

[6], [7]. A fundamental scheduling method is Round Robin, 
mostly applied to multitasking situations, where tasks from 
the device layer alternately receive an equal share of 
processing time [8]. To ensure that every task in the cyclic 
queue has an equal chance of finishing and avoiding 
starvation, each task is allocated a certain amount of time to 
complete; nevertheless, this method does not account for task 
priority.  

On the other hand, task scheduling helps manage 
resources effectively in fog computing environments. Task 
offloading approaches are used in hierarchical cloud-fog-IoT 
computing environments to minimize energy consumption 
and fulfill Quality of Service obligations [4], [5], [9], [10], [11], 
[12], [13], [14]. However, techniques used in [3], [10], [14], 
[15] that prioritize latency or reduce energy consumption may 
put pressure on fog nodes near IoT devices. In [3], [5], [16],  
researchers have proposed various scheduling strategies to 
optimize performance indicators and resource constraints. 
Recent methods aim to strike a balance between quality of 
service and energy efficiency, often prioritizing user device 
energy consumption over fog node usage [4], [11], [15], [16] . 
However, there is a lack of research on latency minimization 
and energy-efficient task offloading in fog computing.  

Numerous techniques for task offloading in fog 
computing have been found that, in contrast to cloud 
computing, increase energy efficiency and reduce latency in 
IoT devices. The author of [17] presents a management 
strategy that uses the Fog-2-Fog structure to enhance load 
balancing and lower latency in IoT applications. They ignore 
security concerns while presenting a mathematical model for 
fog nodes to distribute load. With an emphasis on task 
offloading decision-making, [18] offers a user-involved 
method for work offloading to cloud data centers and fog 
nodes. Algorithms for workload allocation optimization in 
cloud-fog computing systems are presented in works in [19], 
[20], with an emphasis on lowering transmission latency and 
energy usage, which offer a load-balancing system for 
automobiles that emphasizes adaptive learning techniques to 
optimize energy efficiency. 

The authors in [3], addressed the problem of fog-based 
IoT network computational task offloading through fog node 
selection and task assignment optimization. This work 
proposed a strong optimization technique that improves end-
users' execution speed and cost efficiency. Their proposed Ant 
Mating Optimization technique shows major improvements in 
makespan and energy consumption measures. 
The literature review on task offloading and resource 
management in fog computing reveals limitations, including 
an emphasis on energy efficiency and latency reduction 
without considering scalability and security, which are 
summarized in Table 1. Due to difficulties with real-time 
flexibility and effective task distribution in dynamic contexts, 
real-world applicability is still unclear. Existing optimization 
methods are often evaluated in isolated scenarios without 
considering their performance in complex systems. Thus, this 
paper addresses the issue of task scheduling with size 
comparison allocation in fog nodes and task offloading for fog 
computing. 
 
 
 
 
 
 
 
 
 

Figure 1: Fog Computing Architecture 
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Table 1 Comparison of the existing Strategies for Task Scheduling and offloading. 
 

 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
In our paper, we proposed a Fog Optimized Computing System 
(FOCS) algorithm that is used to send the task to an 
appropriate computing device or fog node to address the 
above-mentioned challenges. We consider simultaneous 
optimization function between latency and energy 
consumption based on [10], [11], [17] To support the following 
work contributions, we compare the proposed FOCS algorithm 
with the Optimal Fog Algorithm (OFA) [17], First-Come-First-
Served (FCFS) [10], [11], and the Fog Job scheduler algorithm 
(SJF) [10]. This study has the following important 
contributions:  
1. Extremely Low Latency: The FOCS has an incredibly low 

latency which is better in terms of processing the tasks 
parallel via appropriate size for fog nodes module. Unlike 
in [10], [11], [17], that is done by using same size for fog 
node modules, our work solves the optimization by 
comparing and transferring the tasks to the appropriate 
size of fog nodes. This implies that the proposed system 
has a very quick response time, which could be useful for 
several applications requiring rapid processing. 

2. Low Energy Consumption: The FOCS can use the least 
amount of energy possible during operation. Unlike in 
[16], [17], [18], [19], which only optimize the latency or 
response time separately, we consider simultaneous 
optimization of latency, energy consumption and 
processing, that includes communication cost. This factor 
matters for both cost-effectiveness and sustainability, 
especially in settings where energy efficiency is valued 
highly. 

3. Reduced Processing Costs: The FOCS attempts to reduce 
processing costs by combining extremely low latency 
with low energy consumption because in case of less 
latency, the energy consumption by the resources will be 
low. This suggests that the system or technology 
developed is efficient in terms of total cost-effectiveness, 
speed, and energy. 

This paper is organized into the following sections. An 
overview of relevant studies and research conducted in the 
field is given in Section 2. Section 3 outlines our system 
model's structure and its components. The experimental 
results are presented in Section 4, after which they are 
discussed. Finally, Section 5 concludes the findings of this 
investigation and suggests directions for further research. 
 
2.0 METHODOLOGY 

 
2.1 System Model 
 
We consider a fog layer, which is the middle layer that is 
interconnected between IoT devices, and the cloud as shown 

in Figure 1. Network usage is assumed upon the upload size, 
processing size and the downloading size of the task but we 
will not much focused on it in this work. Table 2 presents 
important notations that are used in this system modeling.  
 

Table 2: Important Notations in the Modelling. 
 

Symbols Description 
I Set of task/task from the end devices 
F Set of fog nodes 

Fnj jth fog node 
i Total number of input device’s tasks 
j Total number of fog nodes 

𝑇𝑇𝑖𝑖𝑖𝑖
𝑢𝑢𝑢𝑢 Uploading time of the task 

𝑇𝑇𝑖𝑖𝑖𝑖
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝  Processing time of the task 

𝑇𝑇𝑖𝑖𝑖𝑖𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 Downloading time of the task back to the end 
devices 

𝐷𝐷𝑖𝑖  Size of the task 
𝑅𝑅𝑖𝑖𝑖𝑖
𝑢𝑢𝑢𝑢 Uploading rate of the task 

𝑅𝑅𝑖𝑖𝑖𝑖
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 Processing rate of the task 

𝑅𝑅𝑖𝑖𝑖𝑖𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 Downloading rate of the task 

𝐿𝐿𝑖𝑖𝑖𝑖𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 Total latency 

𝐸𝐸𝑐𝑐 Current consumed energy 
𝐸𝐸𝑖𝑖𝑖𝑖
𝑢𝑢𝑢𝑢 Energy consumption at uploading a task 

𝐸𝐸𝑖𝑖𝑖𝑖
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 Energy consumption at processing a task 

𝐸𝐸𝑖𝑖𝑖𝑖𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 Energy consumption at downloading a task 

𝐸𝐸𝑖𝑖𝑖𝑖𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 Total Consumed Energy 

𝑃𝑃𝑗𝑗
𝑢𝑢𝑢𝑢 Power required by the fog nodes during 

uploading 
𝑃𝑃𝑗𝑗
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 Power required by the fog nodes during 

processing 
𝑃𝑃𝑗𝑗𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 Power required by the fog nodes during 

downloading 
MIPS Million instructions per sec 
𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝐴𝐴 Allocated MIPS in the fog nodes 
𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑇𝑇 Total MIPS in the fog nodes 
𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑅𝑅 Remaining MIPS in the fog nodes 
𝐶𝐶𝑐𝑐 Current Cost (past value) 

𝐶𝐶𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇  Total Utilization Cost 
𝑅𝑅𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 Rate per MIPS 

Fc Fog node capacity 
Fl Task Load on the fog node 
Ol Overload 

 
 
In the remaining subsections, we define the latency, energy 
consumption and utilization cost, also considering the total 

Existing Work Task Scheduling Task offloading Low Complexity Latency Energy Cost 
[3]       
[4]       

[10]       
[11]       
[15]       
[16]       
[17]       
[18]       
[19]       
[20]       
[21]       

Our work       
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network usage but it will not be considered as our primary 
objective. Latency is the total time in which the task from the 
end devices is uploaded, processed, and then sent back. 
Energy consumed is the total energy which is consumed by the 
fog devices such as routers, gateways etc. and by the cloud 
server during the entire process. Cost means the total cost 
w.r.t consumed energy during the whole time taken by the 
task cycle. 
 
2.1.1 Latency 
 
We assume that the set of task from the end devices is 
denoted by 𝐼𝐼, 𝐼𝐼 = {𝐼𝐼1, 𝐼𝐼2, 𝐼𝐼3, … , 𝐼𝐼𝑖𝑖}, where 𝑖𝑖 is the total number 
of input device’s tasks and the set of fog nodes in the fog layer 
is denoted by 𝐹𝐹, 𝐹𝐹 = �𝐹𝐹𝐹𝐹1,𝐹𝐹𝐹𝐹2,𝐹𝐹𝐹𝐹3, … ,𝐹𝐹𝐹𝐹𝑗𝑗�, where 𝑗𝑗 is the 
total number of fog nodes. 
For ensuring the task is to be assigned to computing devices 
as fog nodes [22]. Let 𝐴𝐴(𝑖𝑖, 𝑗𝑗) is function of assignment for task 
𝑖𝑖 to the fog node 𝑗𝑗, which can be expressed by 
 

𝐴𝐴(𝑖𝑖, 𝑗𝑗) = �1,  𝑖𝑖𝑖𝑖 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡_𝑖𝑖 𝑖𝑖𝑖𝑖 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 𝑡𝑡𝑡𝑡 𝑓𝑓𝑓𝑓𝑓𝑓 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛_ 𝑗𝑗
0, 𝑜𝑜𝑜𝑜ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒     

 
Let 𝑇𝑇𝑖𝑖𝑖𝑖

𝑢𝑢𝑢𝑢 is the uploading time of the task, 𝑇𝑇𝑖𝑖𝑖𝑖
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 is the 

processing time of the task, 𝑇𝑇𝑖𝑖𝑖𝑖𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 is the downloading time of 
the task back to the end devices, 𝑅𝑅𝑖𝑖𝑖𝑖

𝑢𝑢𝑢𝑢 is the uploading rate of 
the task, 𝑅𝑅𝑖𝑖𝑖𝑖

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 is the processing rate of the task,   𝑅𝑅𝑖𝑖𝑖𝑖𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑   is 
the downloading rate of the task. All these rates are 
depending on the distances between end devices and fog 
nodes which are in process for the tasks, where i ϵ I and j ϵ F. 
Time depends upon the size of task_𝐷𝐷𝑖𝑖  of task_𝑖𝑖 and 
transmission rate of task_𝑖𝑖 as 𝑅𝑅𝑖𝑖𝑖𝑖

𝑢𝑢𝑢𝑢, is given by 
 

𝑇𝑇𝑖𝑖𝑖𝑖
𝑢𝑢𝑢𝑢 =  ∑ ∑ 𝐷𝐷𝑖𝑖

𝑅𝑅𝑖𝑖𝑖𝑖
𝑢𝑢𝑢𝑢

𝑚𝑚
𝑗𝑗=1

𝑛𝑛
𝑖𝑖=1   (1) 

𝑇𝑇𝑖𝑖𝑖𝑖
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 =  ∑ ∑ 𝐷𝐷𝑖𝑖

𝑅𝑅𝑖𝑖𝑖𝑖
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

𝑚𝑚
𝑗𝑗=1

𝑛𝑛
𝑖𝑖=1   (2) 

𝑇𝑇𝑖𝑖𝑖𝑖𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 =  ∑ ∑ 𝐷𝐷𝑖𝑖
𝑅𝑅𝑖𝑖𝑖𝑖
𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑

𝑚𝑚
𝑗𝑗=1

𝑛𝑛
𝑖𝑖=1   (3) 

The total time for completing a task is known as Latency. 
Based on (1), (2) and (3), the total latency for task i and fog 
node j denoted by 𝐿𝐿𝑖𝑖𝑖𝑖𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 , can be calculated by 
 

𝐿𝐿𝑖𝑖𝑖𝑖𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = 𝑇𝑇𝑖𝑖𝑖𝑖
𝑢𝑢𝑢𝑢 + 𝑇𝑇𝑖𝑖𝑖𝑖

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 +  𝑇𝑇𝑖𝑖𝑖𝑖𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 (4) 
 
2.1.2 Energy Consumption 

Let 𝐸𝐸 is the energy consumed by devices, 𝑃𝑃 is the power of 
devices and 𝑇𝑇 is the time taken during whole cycle. Here 
energy consumption depends on fog nodes, is determined by 
the power and the time cycle of all devices within its loops, as. 
 

𝐸𝐸 = 𝑃𝑃 × 𝑇𝑇   (5) 
 
Let  𝑃𝑃𝑗𝑗

𝑢𝑢𝑢𝑢 , 𝑃𝑃𝑗𝑗
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 and 𝑃𝑃𝑗𝑗𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 respectively, is the power required 

by the fog nodes during uploading, processing and 
downloading the task back to the end device, where i ϵ I and j 
ϵ F. The energy consumption of the task during uploading, 
processing and downloading, respectively, denoted by 𝐸𝐸𝑖𝑖𝑖𝑖

𝑢𝑢𝑢𝑢, 
𝐸𝐸𝑖𝑖𝑖𝑖
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝and 𝐸𝐸𝑖𝑖𝑖𝑖𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑, can be expressed as 

 
𝐸𝐸𝑖𝑖𝑖𝑖
𝑢𝑢𝑢𝑢 = 𝑃𝑃𝑗𝑗

𝑢𝑢𝑢𝑢 × 𝑇𝑇𝑖𝑖𝑖𝑖
𝑢𝑢𝑢𝑢  (6) 

𝐸𝐸𝑖𝑖𝑖𝑖
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 = 𝑃𝑃𝑗𝑗

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 × 𝑇𝑇𝑖𝑖𝑖𝑖
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝  (7) 

𝐸𝐸𝑖𝑖𝑖𝑖𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 = 𝑃𝑃𝑗𝑗𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 × 𝑇𝑇𝑖𝑖𝑖𝑖𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑  (8) 

Based on the (6)-(8), the total energy consumption denoted 
by 𝐸𝐸𝑖𝑖𝑖𝑖𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 can be calculated by 
 

𝐸𝐸𝑖𝑖𝑖𝑖𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = 𝐸𝐸𝑐𝑐 + [ 𝐸𝐸𝑖𝑖𝑖𝑖
𝑢𝑢𝑢𝑢 + 𝐸𝐸𝑖𝑖𝑖𝑖

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 +  𝐸𝐸𝑖𝑖𝑖𝑖𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑  ] (9) 

 
where 𝐸𝐸𝑐𝑐 is the current consumed energy (updated after each 
task completion). Considering this system, after every 
completion of task, the consumed energy will be updated as 
𝐸𝐸𝑐𝑐  =  𝐸𝐸𝑖𝑖𝑖𝑖𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡. 
 
2.1.3 Utilization Cost 
 
The total cost of the whole cycle of the tasks in the system is 
dependent on time taken and allocated data size in unit 
million instructions per second (MIPS) along the rate per MIPS. 
Let 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝐴𝐴 is the allocated MIPS by the fog nodes for tasks, 
𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑇𝑇 is the total MIPS of fog nodes and 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑅𝑅 is the 
remaining MIPS of the fog nodes, such that 
 

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝐴𝐴 =  𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑇𝑇 −  𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑅𝑅   (10) 
 
Based on (4) and (10), the total cost denoted by 𝐶𝐶𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇, can be 
estimated by: 
 
𝐶𝐶𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 =  𝐶𝐶𝑐𝑐 +  { 𝐿𝐿𝑖𝑖𝑖𝑖𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 ×  (𝑅𝑅𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 ×  𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝐴𝐴)} (11) 
 
where 𝐶𝐶𝑐𝑐 is the current cost, which is updated after every 
process such that 𝐶𝐶𝑐𝑐 = 𝐶𝐶𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 , and 𝑅𝑅𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 is the rate per MIPS. 
 
2.2 Problem Formulation 
 
The aim of this work is to optimize the above challenges i.e., 
Latency, Consumption of Energy, and the utilization cost. 
Therefore, we formulate the problem of optimization by task 
offloading and load balancing under the umbrella of Fog 
Computing. To get better optimization, the problem is 
formulated as follows: 
(i) ∑ 𝐴𝐴(𝑖𝑖, 𝑗𝑗)𝐼𝐼

𝑖𝑖=1 = 1  
(ii) Minimize 𝐿𝐿𝑖𝑖𝑖𝑖𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡  based on (1), (2) & (3) 
(iii) 𝑅𝑅𝑖𝑖𝑖𝑖

𝑢𝑢𝑢𝑢, 𝑅𝑅𝑖𝑖𝑖𝑖
proc, 𝑅𝑅𝑖𝑖𝑖𝑖down ≥ 1 

(iv) Minimize 𝐸𝐸𝑖𝑖𝑖𝑖𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 based on (4) 
(v) 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝐴𝐴 ≤ 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑇𝑇 using (10) 

Each task must be assigned to at least one fog node as 
expressed in (i). To optimize the latency, the uploading, 
processing, and downloading time from (1), (2) and (3) must 
be minimized from (ii). The rate in (iii) for the task must be 
higher than (ii). Total Energy consumption) for the system will 
be minimized by (ii) as expressed in (iv). Total number of MIPS 
must be greater than or equal to the allocated MIPS as 
expressed in (v). 
 
 
2.3 Fog Optimized Computing System (FOCS) Algorithm 
 
In this section, we propose the FOCS algorithm featuring two 
sub-algorithms, represents in Figure 2, that the optimization 
of the processing challenges for solving equation (4), (9) and 
(11) can be optimized more effectively than previous work 
done by existing algorithms Fog Job scheduler algorithm (SJF) 
[10], [11], [17], First-Come-First-Served (FCFS) [10], [11], [17] 
and Optimal Fog Algorithm (OFA) [10], [11], [17] respectively. 
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The first process in the FOCS algorithm, referred to as 
Algorithm 1 task scheduling in FOCS algorithm, is established 
to send the task to the appropriate fog node. 
 

 

 
 
In Task Scheduling Algorithm, the input Ii relates the number 
of IoT devices’ tasks and 𝐹𝐹𝐹𝐹j relates to number of fog nodes.  

In the main loops (line 3-27), data size is calculated and 
then updated in its function as per lines 7-10. Then, data size 
is compared with set size, if it is greater than or equal to set 
size, then this task will be assigned towards the high MIPS fog 
nodes as per line 11-21. If data size is smaller than set size, 
then it will be forward towards low MIPS fog nodes as per line 
22-25. The function in lines 14-21 helps the task for idle fog 
nodes to allocate the task. 

 
 

 
 
Algorithm 2 is developed for determining the overload. In case 
of overloading, this algorithm is designed to balance the load 
of tasks according to the availability and capacity of fog nodes. 
Fl and Fc represent the allocated MIPS and Total MIPS, 
respectively. They can be calculated from (10) as per line 3. If 
the load is less than capacity, it will first check if fog nodes 
(capable of handling that load) are busy or not. The fog nodes 
with less capacity than the load, will be removed from the list 
and that task will be assigned to other fog nodes as per lines 
5-20. In case of overloading of fog nodes (which are chosen for 
the task), the value of overloading is calculated and then the 
fog load is updated by overload (this cycle is continue from line 
6) as per lines 21-27. 
 

Algorithm 2: Load Balancing in FOCS 
1: Input: Fl, Fc ; 
2: Output: Ol ; 
3: Calculate load on fog node using (10) 
4: if (Fl < Fc){ 
5:       for (i = 1, i < I, i++){     where i = numbers of tasks 
6:     for (j = 1, j < F, j++){ where j = numbers of fog nodes 
7:     if (Fl >= Fcj) {where Fcj is capacity of fog node 
8:   void FN list() { 
9:  Remove Fnj from the list }} 
10:      else { 
11:  void FN list() { 
12:  Add Fnj from the list}}}} 
13: else { 
14: void calculate overload(){ 
15:  Ol = Fl  – Fc ; } 
16:  Fl = Ol ; 
17:  goto line 6;} 
18: end 

 
 
The flow of proposed FOCS Algorithm is shown in Figure 3. 
First, it entails arranging and categorizing fog nodes and end 
devices (such mobile phones and IoT sensors) according to 
their unique features and processing capacities. The basis for 
effective resource management and work distribution in the 
fog computing environment is this classification. 

The FOCS gets the tasks or data generated by the IoT 
devices and processes them. These tasks or data are then sent 

Algorithm 1: Task Scheduling in FOCS 
1: Input: No. of IoT devices I, No. of Fog nodes F 
2: Output: Allocation of Task i  in appropriate fog 
node Fnj 
3: for (i = 1, i < I, i++)       where i = numbers of tasks 
4: { 
5:    for (j = 1, j < F, j++)   where j = numbers of fog nodes 
6: //calculate size of MIPS for Di 
7:  void calculateSizeOfMIPS() 
8:  {Update Total MIPS;}  
9:     if (Di >= Set MIPS) { 
10:          Send the task to High MIPS module 
11:                    //Function to simulate workload 
12:                    void workload () { 
13:            if (Module!=busy) 
14:     MIPS of Fnj = MIPSA ; 
15:            else { 
16:   Check for next module}}} 
17:                else { 
18:                          Send the task to Low MIPS module 
19:                          void workload ()}}} 
20: end 

Figure 2 FOCS Algorithm 

Figure 3 Flow chart of system by FOCS Algorithm 
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to the relevant fog nodes according to their size and 
processing needs. Comparing the data size to a predetermined 
set point is an essential part of this stage that decides whether 
fog nodes—low MIPS or high MIPS—should analyze the data. 

The FOCS algorithm constantly evaluates the workload 
status of individual nodes during data transmission to the fog 
nodes. To ensure optimal resource use and minimize delay, a 
load-balancing mechanism is triggered in times of overload 
and redistributes workloads to neighboring fog nodes with 
available processing capability. After that, tasks are either 
processed locally within the fog nodes or sent to the cloud, 
based on several variables like the task's complexity and the 
availability of cache memory. This dynamic processing method 
improves the responsiveness and efficiency of the fog 
computing environment. 

 
 

3.0 RESULTS AND DISCUSSION 
 

3.1 Experimental Setup 
 
For this work, the workstation is used with properties as CPU 
(Intel (R) Core (TM) i7-4790 @3.60 GHz), RAM (16 GB) and an 
Operating System (Microsoft Windows 10 Pro 64-bit). To 
simulate and evaluate the performance of the proposed FOCS 
algorithm, the simulation was developed by using Eclipse IDE 
2024 with the toolkit Cloudsim [23], [24]. Simulation-based 
evaluation was selected to enable controlled manipulation of 
environmental factors and allow the repetition of simulations 
under different conditions and inputs. 
 
Table 3 Configuration of the devices for Experimental Setup [10], [11]. 
 

PA
RA

M
ET

ER
S 

CL
O

U
D 

FO
G-

SC
HE

DU
LE

R 

FO
G 

IO
T 

DE
VI

CE
S 

MIPS 40000 2000 10000 10000 

RAM 20000 1000 5000 5000 

upBW 100 5000 2000 1000 

downBW 5000 5000 4000 5000 

Level 0 1 2 3 

RateperMIPS 0.01 0.0 0.1 0.1 

BusyPower 5*100.45 100.45 90.45 87.52 

IdlePower 5*80.25 80.25 80.25 82.44 

 
 
The simulation was run at different numbers of IoT Devices 
and fog nodes for the comparison of results with existing 
algorithms in [10], [11], [17]. To have a fair comparison, we 
used the parameter settings as shown in Table 3 based on the 
simulation settings as used in [10], [11]. By using this 
configuration, the simulation results are obtained and 
evaluated at various numbers of IoT devices within 10 to 100, 
and number of fog nodes within 4 to 6. 
 
3.2 Comparative Result Analysis 

 
In this section, the simulation results of proposed work are 
discussed. The results are obtained from the experiments 
based on various numbers of IoT devices at multiple fog nodes 
where each IoT device represents as a task. To support this 
work contribution, first, we compare the proposed FOCS 
algorithm with existing algorithms as mentioned in Section 
1.0. 

Figure 4(a) shows the comparison of average latency of 
the proposed FOCS algorithm with OFA and FCFS under 10 and 
100 input devices, respectively. OFA maintains a latency of 
33.5 ms for all light tasks/packets, while FOCS optimizes 
latency to 21.5 ms for all input device values. This is achieved 
through parallel processing of task scheduling and load 
balancing, where tasks are scheduled and executed based on 
size comparison and load balancing. The proposed FOCS 
algorithm almost maintains the average latency, making it a 
superior choice for IoT system execution.  

Figure 4(b) shows the energy consumption performance 
for the proposed FOCS algorithm with FCFS and SJF under 
various input devices. The proposed FOCS algorithm 
outperforms FCFS and SJF in terms of energy consumption for 
100 to 200 IoT devices. The algorithm optimizes and stabilizes 
energy consumption at around 10.9 kJ for all input devices, 
ensuring task execution with lower energy consumption. This 
performance is consistent across different IoT device numbers 
due to parallel computation, which manages the appropriate 
usage of fog nodes and processing devices to optimize energy 
consumption. The proposed FOCS algorithm maintains the 
same performance in terms of energy consumption and 
average latency.
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Now, the results in terms of latency, energy consumption and 
cost utilization of the proposed work at different fog nodes are 
to be discussed. In these experiments, the simulation was run 
by varying the number of IoT devices from 10 to 100 at 
different number of fog nodes i.e., 4, 5 and 6, respectively. 

Figure 5 explains the behavior of latency for different IoT 
devices at different number of fog nodes. This figure shows 
that latency of the system varies as IoT devices varies. But the 
FOCS algorithm maintains it around 21.55 msec. The system 
remained stable at every change in fog nodes or IoT devices. 
This shows that the latency is not fluctuating by changing in 
IoT devices and fog nodes.  

 
 

 
 

In Figure 6, the performance of energy consumption is shown. 
Energy consumption of the system increases as the number of 
IoT devices increases. These values vary by varying the fog 
nodes i.e., 4, 5 and 6, respectively. It is observed that the 

proposed FOCS algorithm manages to stabilize energy 
consumption of the system at a certain number of IoT devices 
i.e., 90 and above. It maintains the total energy consumption 
around 11kJ for all fog nodes. 
 

 

Figure 7 illustrates the dynamic relationship between 
system utilization cost and the number of integrated IoT 
devices. As the number of IoT devices increases, the utilization 
cost exhibits a corresponding increase. The deployment of 
additional fog nodes (4, 5, and 6) introduces variability in 
costs. However, our proposed FOCS algorithm demonstrates 
remarkable efficacy in stabilizing system utilization costs 
beyond a threshold of 90 IoT devices at all fog node 
configurations. 
 
 
4.0 CONCLUSION AND FUTURE WORK 

 
In this paper, a joint task scheduling and offloading, which task 
scheduling with size comparison allocation in fog nodes and 
task offloading for fog computing has been addressed. The 
proposed FOCS algorithm sends the tasks from the end 
devices by comparing them with the data size and transfers 
them to the fog layer, where task offloading and load 
balancing occur. In addition, the FOCS system offers extremely 
low latency, allowing for quick task processing through 
appropriate fog node module size. It also has low energy 
consumption, considering latency, energy consumption, and 
processing, including communication cost. While comparing 
with the OFA [17], FCFS [10], [11], and the SJF [10], the 
proposed FOCS optimizes latency by 35.8% and energy 
consumption up to 71% as mentioned in the results. This 

Figure 6: Energy Consumption at different fog nodes (FN) 

Figure 7: Utilization Cost at different fog nodes (FN) 

(a) 

Figure 4 (a) Comparison of Latency, (b) Comparison of Energy 
Consumption 

(b) 

Figure 5 Latency at different fog nodes (FN) 
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approach is beneficial for cost-effectiveness and 
sustainability, especially in energy-efficient settings. The 
system also reduces processing costs by combining low 
latency with low energy consumption, demonstrating its 
efficiency in terms of total cost-effectiveness, speed, and 
energy. The work can be expanded to IoT applications like 
smart homes and buildings, focusing on network usage and 
optimizing input devices with different IoT sensors. The 
parameters will be tailored to specific applications, and the 
focus will be on the distance function. 
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