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Abstract

Effective scheduling in cloud environments is becoming more and more necessary as
Connectivity of Things (IoT) applications expand quickly in order to manage the huge data
streams produced by IoT devices in real time.Furthermore, adaptive resource allocation solutions
are necessary to maintain optimal performance while minimizing energy consumption due to the
dynamic nature of IoT workloads.For cloud-based IoT applications, this research suggests a
novel framework for fuzzy Q-Learning-based QoS parameter-driven scheduling
optimization.The system dynamically evaluates and ranks activities according to several QoS
factors by combining fuzzy logic and Q-learning. Fuzzy logic manages task-specific uncertainty,
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while Q-learning facilitates adaptive decision-making via ongoing learning. The simulation was
run using the CloudSim toolkit. The outcomes show that it outperforms the baseline approaches
in terms of makespan, timing of response, degree of imbalance (DOI), and resource utilization.
Keywords:CloudSim simulation, Fuzzy Q-learning,QoS based Driven scheduling optimization,
IoT, Cloud environment

Introduction

Cloud computing is rapidly gaining traction as a technology delivery and service business model
due to its capacity to reduce labor, structures and maintenance costs. Additionally, Internet of
Things (IoT) applications are made to make it easier for users and developers to access networks
of intelligent data, devices, and services. Despite providing almost limitless resources, cloud
services have a limited reach.Integrating the cloud with IoT enables the design of cohesive and
well-structured applications. Given their Quality of Service (QoS) characteristics, it is NP-hard
to determine which accessible atomic services are suitable for building the required composite
service in a coordination model with their cooperation[1].Numerous intelligent IoT devices that
produce a lot of tasks are found in the IoT layer; these devices are all different in terms of size,
computing demand, connection requirements, and latency limits[2].Metrics such as Mean TAT,
price, Energies, and the Extremely Critical Task TAT ratio are used to evaluate the effectiveness
of the priority-based FCFS scheduling algorithm[3]. To build the proposed model, the CloudSim
simulation was executed on the Eclipse platform as indicated [4]. In Internet of Things (IoT)
contexts, traffic has increased and load imbalance issues among network entities have arisen due
to increasing and diverse service demands. Quality of Service (QoS) metrics may be
impacted([5].

Related Work

Thomas Bartzanas et al. [6]have proposed,a creative study of Internet of Things (IoT) devices for
optimal agricultural environments. Descriptive and statistical methods were used to analyze the
connections between emerging technologies, precision agriculture, farming 4.0, the global web,
and advancements in commercial farming.Christos L. Stergiou et al. [7]have suggested, a design
that aims to create an ecologically friendly, cloud-user-independent industry loT-based big data
handling system (EEIBDM) by combining the functionalities obtainable from numerous cloud
providers.

M.Mohankumar et al. [8] have recommend, a novel method is used to track the position of a
motor vehicle, weight measurement, fuel level, tire pressure, engine temperature, controlling
speed, and tire pressure. Kamlesh Kumar [9]have described,aexamine cyber security in light of
malware, DDOS, and B-IDS attacks.Souvik Palet al. [10] have introduced,a novel IoT-based
System Content Optimization Model (IoT-SCOM), an optimization technique for integrating IoT
service elements in edge-cloud-hybrid systems, aims to lower transmission latency.
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Abdullah Ganiet al. [11]have recommend,acomprehensive analysis to look at the architecture,
performance metrics, contributions, applications, state of the art, and assessment metrics in the
SC, WSN, and IoT research fields.Jiayin Feng et al. [12]have reported,auses cloud computing, an
improved extreme learning machine, and other techniques to thoroughly investigate IoT
detection, web node monitoring, and invasion response in cloud computing environments. Ashish
Kaushal et al.[13] have proposed,a enhance Optimized-Greedy Nominator Histogram (EO-
GNH), a methodology for maximizing Quality of Service (QoS) by strategically placing machine
learning (ML) and AT applications in edge environments.

Shan Li et al. [14] have reported, a collection of novel approaches and concepts for studying
5G/6G enabled IoT and emerging loT technology trends. Ahmed Afif Monratet al. [15] have
introduced,a three well-known IoT platforms—ThingsBoard, Eclipse Ditto, and Microsoft Azure
IoT—are compared, and their compliance with the main IloT standards is evaluated.Suzhi Bi et
al. [16] have proposed, a using conventional numerical optimization approaches to address such
issues is wasteful, especially when the problem size is large.

Wang Ping et al. [17]have described,aemergency conscious distributed adaptive scheduling
reduces transmission delay by selecting parents using fuzzy Bayesian learning and channels
using multi-objective gravitational search techniques.Ledan Qian et al. [18] have proposed,a
increase the accuracy of face recognition, a face capture algorithm based on Internet of Things
services is used.

This Work's Contribution
The main elements of this work are explained as follows:

1. A new task scheduling framework that combines Q-learning and fuzzy logic to optimize
scheduling choices according to QoS parameters, guaranteeing effective resource use for
cloud-based IoT applications.

2. The suggested approach calculates the cumulative trust value, which is the most recent or
ongoing cloud transaction for the provider and is dynamically updated at each
transaction.

3. Comprehensive simulations utilizing the CloudSim toolbox to confirm the framework's
effectiveness.

4. The results demonstrate that it works better than traditional scheduling methods in terms
of degree of imbalance (DOI), makespan, reaction time, and resource utilization.

Here is a summary of the rest of this work: The introduction and pertinent literature were
presented in Sections 1 and 2, the suggested approach was elucidated in further detail in Section
3, the simulation results were presented in Section 4, and conclusions and future research
directions were discussed in Section 5.
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Proposed System

The method for assessing cloud service dependability presented in this study uses fuzzy Q-
learning and a scheduling optimization model that is influenced by QoS parameters. The
suggested design establishes the total trust value, which is dynamically updated with every
transaction. It represents the provider's most recent or ongoing cloud transaction.The CloudSim
platform with Eclipse was used to simulate the proposed model, and the resulting QoS settings
maximize the degree of imbalance (DOI), makespan, reaction time, and resource consumption.
The suggested block schematic is displayed in Figure 1.
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Fuzzy Q-Learning uses fuzzy rules to create decisions by combining fuzzy logic and standard Q-
Learning to deal with uncertainty and imprecise situations. Triangular membership functions are
used to divide each input space into fuzzy sets. Architecture for Fuzzy Q-Learning is shown in
Figure 2.

agent 1

Figure 2:Architecture for Fuzzy Q-Learning

The fuzzy rules are defined as follows: Rule number r, 7 = 1 to N, of agent number s, s = 1to
S, calculates the control action for every cell, or hypercube while acting on the entire state space,
much like a fuzzy rule base.

ruler:if x, is A’i(l) and x, is A;(Z) v X IS A:l(n)then Bis b,.(s) (1)

Every agent should define: 1) A Q-function,Q[c, s],where s stands for the agent and c¢ for the
cell.2) A rule quality,q[k, s]for agent number S use of rule number k.The connection between Q
and g-functions can be found using

Qle,s] = 2 Tkenco) qlk. 5] )

The cell activitya(c,)indicates each fuzzy rule's level of significance given the current input
conditions. Higher membership values (uk(c,))increase cell activity, guaranteeing that the most
pertinent rules have an impact on judgment.The activity level a(c,) of a cell is defined as:

_ 1M _Bk(er)
a(c,) = MZK:l—e]-uj(cs) (3)

Aqlk,so] = 2™act[k]Aq (4)

The quality is demonstrated by Equation 4,q[k,S,] is updated.
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Q[c, SO]t=t1 =Qlc, SO]t=t0 + AQ = ZinZkEH(c) qlk, SO]t=t1 (5

Based on the cell activity and reinforcement received, this is the update's central calculation. It
illustrates how new encounters enhance the agent's comprehension.

3.2 Proposed Fuzzy Q-Learning algorithm based QOS parameter Driven Scheduling
Optimization

Based on the constraint of interval scheduling efficiency, a multi-objective driven scheduling
optimization equation is proposed to achieve energy-efficient equipment in the Internet of Things
(IoT) environment. In an IoT setting, the first is the proposed fuzzy Q-Learning based QoS
driven scheduling optimization, which optimizes scheduling time and minimizes time
consumption.The fuzzy approach is then used to reduce multiple target time loss problems to
single-objective problems. The foundation was laid using schedule optimization models.
Assuming that T is the sum of the time spent on all device scheduling, the overall amount of
time spent on device scheduling can be explained as follows:

Teotar = 7i1=1 T; (6)

The previously mentioned method may be used to determine the total resource usage of each
device schedule in an Internet of Things (IoT) environment. The overall resource need can be
stated as follows when individual usage is combined:

Riotar = Z?=1 R, (7)

where Ri represents the resource consumption of the i-th device, and n is the total number of
scheduled devices.The total of all equipment scheduling operating times is shown as follows in
the response time optimization scheduling modeling method:

T = Zi(di,end - di,start) (8)
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Figure3:Diagram for the Suggested Algorithm

Figure 3 displays the flowchart for the proposed algorithm. The combined certificate planning
problem from the previous scheduling optimization equation (9) is represented by the following
computation..

minF (x) = [G,(x), G2 (x)]" )
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Converting multiple target resource problems into single target problems requires the use of the
fuzzy algorithm. As demonstrated by the subsequent formula (10),

maxp + £(My(x) + My (x))/2(10)
where M; (x)and M, (x) represent the objectives under fuzzy constraints.

Thus, the multi-objective in the context of the Internet of Things (IoT) was established under the
driven scheduling efficiency constraint, which was based on the resource consumption for
scheduling and the equipment scheduling time. The fuzzy approach reduces multiple target
energy loss problems to single-objective problems using the driven scheduling optimization
equation, which serves as the foundation for the use of QoS-driven scheduling optimization
models that take energy loss in an [oT setting into account.

3.3 CloudSim simulation

To model and simulate the cloud environment, the CloudSim toolkit's classes have been
expanded. The virtualized environment created by this simulator facilitates on-demand
provisioning. Cloud services and their applications can be modeled, simulated, and experimented
with with the aid of this simulator. The CloudSim architecture layers offer support for modeling
and simulating cloud environments.The CLOUDS Lab team created it, and Java is used
throughout. In order to test a hypothesis before creating software and to replicate tests and
outcomes, it is used to model and simulate a cloud computing system. QoS has taken into
account the following performance metrics: degree of imbalance (DOI), makespan, reaction
time, and resource consumption.

3.3.1 Makespan:Refers to a task's maximum time to be completed among the M .T¢r, ]is the
accomplishment of a task Ti by VM;, as shows in Equation 11,

Makespan = max{TCTU \i=12,..n;j =12, .....m}(ll)
Where, T¢r, ; shows how long the virtual machine takes V M; to complete the task T;.

3.3.2Response Time:The amount of time needed to reply to a user's request. If the response time
is small and expressed in milliseconds, the suggested approach is considered effective. Equation
12, determines the response time, where n is the total number of incoming user requests.

RT =nxX TCTU(12)

3.3.3 ResourceUtilization: The degree of virtual machine usage and load balancing's
objective—maximizing resource consumption while reducing makespan—have a reverse linear
relationship. With mis being the total number of VMs, Equation 13 is used to get the average
utilization of all virtual machines.
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e YiziTer;
Average Utilizationy,, = L

(13)

makespan X m

3.3.4Degree of Imbalance (DOI):Task imbalances between virtual machines are measured by
the degree of VM imbalance. Tmax and Tmin, which stand for the maximum and minimum
completion times of tasks T'i over all simulated machines, respectively, are used to measure it in
Equations 14 and 15. Ti, the mean value of all VM jobs is also called tavg. The ith virtual
machine's (VM) processing elements are denoted by PEnumi, the number of instructions per
second by PEMIPSi, and the length of all instructions by L.

Tmax—T,,;
DOl = ———™in(14)

avg

Equation 15 is used to define the time required to process each job on a virtual machine (PTj).

ij _ L(VMi,t') /15)

- Average system load"

Result and discussion
Over time, the scheduling relationship between devices becomes more complex. Thus, the
space-time data of task scheduling in the Internet of Things (IoT) environment is used to
examine real-time device scheduling and associated activities. A thorough description of the
scheduling time series and the relationship that produces a particular scheduling time series are
developed through this in order to accomplish dynamic modeling of device scheduling in the
Internet of Things (IoT) environment.

4.1 Environment setup

GoCJ Dataset 100.txt, one of the text files with 100 tasks, is regarded as a cloudlet in MI due to
its length.  Google released the GoCJ: Google cloud jobs dataset for clouds and distributed
processing architectures in September 2018. It consists of 19 text files with varying numbers of
jobs per million of instructions (MI) that are stored in the Mendeley is data repository. In the
experimental arrangement, each of the four hosts had a specific number of CPU, RAM, storage,
throughput (BW), and processor speed cores; they could all create virtual machine (VM)
instances and share resources; The technical details of each host are listed in Table 1, and the
technical specifics of the 36 virtual machines (VMs) that operate on each host with distinct
features are listed in Table 2.For each virtual machine's execution, Consideration is given to the
quantity of cloudlets (20—-100) with different instruction sizes (1000-5000).

Table 1: Technical details of the host
Host ID Cores for MIPS, speed RAM, GB Storage, MIPS,
Processing GB BW
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2 2 3501 51 1023 102300
3 3 4001 101 1023 102300
4 4 4501 151 1023 102300
5 5 5501 201 1023 102300
Table 2: The technical features of VM
CPU The MIPS, RAM, Storage, MIPS,
quantity speed GB GB BW
of cores
Extreme Edition Core 15 1 1000 2 20 1023

Several algorithms, such as (1) Round Robin (RR), (2) FCFS, and (3) SJF, have been taken into
consideration for comparison in order to assess the effectiveness of the suggested approach. The
findings were acquired by executing each method ten times and recording the mean values for
each performance metric. When compared to the other current techniques mentioned above, the
suggested method performs better in terms of equitably distributing the load among nodes, as

presents in Figure 4.
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Figure 5: Evaluation of several Response Time methods
Figure 5 shows the reaction time values for many cloudlets using the suggested methodology for
the various approaches.The results of the simulation show that the suggested approach performs
better than the others and that the effectiveness of other compared techniques on reaction time
increases with the number of cloudlets.
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Figure 6: Resource Utilization Comparison
Figure 6 displays the resource usage comparison between the suggested method and the current
algorithms. By assigning the loads onto the appropriate virtual machines, the suggested
technique is able to make efficient use of the resources, which improves performance.
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The proposed approach maximizes resource consumption while minimizing makespan, as shown
by the reverse connection between makespan and resource use in Figure 7.The recommended
approach can maximize resource use while drastically lowering makespan..

V=]
1"l

——SIF —w—FCFS —w—RR

Proposed algorithm

85
75
B5
55
45
35
25
15

Degree of Imbalance (DOI)

Figure 8: Three additional methods in addition to the suggested methodology were used to
acquire the Degree of Imbalance (DOI) values.

The comparison of the Fuzzy Q-Learning based QOS parameter Driven Scheduling Optimization
method with the DOI and other algorithms is shown in Figure 8. In comparison to other
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algorithms, the current algorithm has a higher DOI.
Table 3 displays the present systems' relative performance ratings.

Table 3: A comparison of proposed algorithm
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Liang Huang et | DQN Energy consumption, Simulation
al. Delay (TensorFlow)
[19]
Nikougoftaret al. | LSTMDE+ CPU wusage, execution | Simulation
[20] Fuzzy time, and delay | (iFogSim)
Qlearning violation
Proposed Fuzzy Q- | Makespan, reaction | Simulation
Learning time, use of resources, | (CloudSim)
The extent of the
imbalance
Conclusion

In this paper, we suggested a QoS parameter-driven scheduling optimization framework based on
fuzzy Q-learning that is specifically designed for cloud-based IoT applications. Fuzzy logic and
Q-learning are used in the suggested method to successfully handle the unpredictable and
dynamic nature of loT workloads. Q-learning guarantees adaptive decision-making through
continuous learning, while fuzzy logic allows for the intelligent handling of uncertainty in task
features.In cloud environments handling massive [oT data streams, the results show how
effective it is at optimizing key performance metrics like makespan, degree of imbalance (DOI),
response time, and resource usage. These metrics help to improve scheduling efficiency, allocate
resources more effectively, and use less energy. Future research can investigate additional
optimizations, such as hybrid Al techniques and edge-cloud collaboration, to enhance scalability
and efficiency.
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