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Abstract: A decentralized computing system distributed among data-generating hardware and the
cloud is called fog computing (FC). The ability to place resources to improve performance is given
to users by such a flexible structure. On the other hand, low-delay services and limited resources
make it difficult to use new virtualization technologies for task scheduling with resource
management in fog computing. Several studies have examined scheduling and load balancing (LB)
in cloud computing (CC). Nevertheless, countless LB initiatives have been proposed in fog
environments. Task scheduling using a Dual interactive Wasserstein generative adversarial network
(DIWGAN) optimized with an Improved Dwarf Mongoose Optimization algorithm is proposed to
classify the suitable and not suitable server for the process (ESA-WF-FE-DIWGAN). Initially, the
'Cloud-Fog Computing Dataset is used. Afterward, the dataset is fed to the Fog Resource Monitor
(FRM). Here, the statistical features like storage, computing, and RAM are extracted.
Subsequently, the extracted features are given to DIWGAN to classify the suitable server and the
unsuitable server for the process. The scheduling process was done using the Improved Dwarf
Mongoose Optimization algorithm. The proposed approach achieves 3.101%, which was a 7.12%
higher make span: 24.13% and 13.04% lower total cost; 2.292% and 5.365% higher ARU

compared to the existing methods.
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1. Introduction

Fog computing is a hybrid paradigm that emerged from
recent advances in mainstream parallel with distributed
computing (PDC) technologies, such as cloud and edge
computing. One of the best solutions currently available
for leveraging distant computational cloud resources and
performing calculations near the network edge is fog
computing architectures [1]. Such settings leverage
containers for lightweight, flexible, and fine-grained
resource sharing amongst several fog devices. On the other
hand, task scheduling is challenging in heterogeneous fog
environments with unpredictable workloads [2]. Due to the
shift in workloads to AI, ML, and DL, modern users also
require extremely low reaction times and energy usage.

The resource heterogeneity makes assigning tasks in these
fog environments more complicated because different
tasks have different preferences for the best cost-
performance trade-off.

Existing Solutions: Recent works employ dynamic
scheduling approaches that adjust to varying infrastructure
conditions in real time to address the difficulties of volatile
tasks scheduling in diverse fog environments [3]. A lot of
schedulers adjust their estimate of the "expected reward"
for dynamic QoS improvement using techniques like
reinforcement learning. Because of their slow learning,
long scheduling delays, and brittle modelling assumptions,
they not necessarily appropriate for high non-stationary
applications. Several approaches use virtual queues for
scheduling in constrained contexts and combine maximum
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weight-based tactics with belief-based exploration to get
around these issues. Recent research utilizing a
deterministic deep surrogate modell and gradient-based
optimization has been shown to outperform such methods.
Deep neural networks (DNN) [4] deterministic surrogate
models, and gradient-base optimization enable less energy
consume and quick response time. It is a result of its rapid
real-time adaptation to various scenarios. Such techniques
might not work well in situations unfamiliar to the model
during training because they do not include state-space
exploration or uncertainty modeling. Ignoring the
curvature information of QoS optimization surfaces can
result in these methods being trapped at local optima,
because these surfaces are highly non-convex [5].

New Insights: To navigate the difficulties of
unobserved settings, it is imperative to take uncertainty in
the model predictions into account. Uncertainty generally
results from various factors, including approximations in
the model, inaccurate measurements, and parameter
variations over time. In particular, a deterministic mode
does not provide the entire distribution because of its
unknown nature or the inherent randomness of certain
factors, such as network delay, temperature, hardware
defects. Therefore, an Effective scheduling approach for
workload forecasting in a fog environment utilizing
DIWGAN is proposed.

Talaat et al. [6] suggested a Scheduling approach for
load balancing in fog computing utilizing CNN-MPSO,
which attains a higher make span and lower LBL. Tuli et
al. [7] Suggested GOSH: TS-GOSH-FCE, which provides
a higher total cost and lower ARU. Teoh et al. [8]
suggested IoT with fog computing depending on predictive
care methods for effectively managing assets in
Industry4.0 utilizing machine learning. It attains higher
ARU and lower LBL. Sharma et al. [9] suggested Two-
Stage Optimum Task Scheduling for a Smart Home
Environment Utilizing Fog Computing. This system
provides higher total cost and lower makes span.

The primary contributions of this paper are abridged
below:

* EDLB using DIWGAN is proposed, which comprises
three modules: (i) fog resource monitor, (ii)
DIWGAN base classifier, (iii) optimized dynamic
scheduler.

When EDLB is compared with various LB
approaches from the past, it achieves high resource
utilization while reducing response time.

Thus, it is a proficient way to guarantee consistent
service. As a result, EDLB is straightforward and
effective in real-time fog computing structures, such
as the healthcare system.

LB for FC has introduced several methods, but they
all have numerous drawbacks. EDLB overcomes
these restrictions and performs well in various
situations.

Remaining paper is arranged as: division 2 illustrates
the proposed method, division 3 proves the results,
division 4 concludes this paper.

Data Collection

|

Fog Resource Monitor ‘

Task Scheduling Classification
Improved Dwarf Mongoose Dual Interactive Wasserstein Generative Adversarial
Optimisation algorithm Network
Suitable Not Suitable
Server Server

Fig. 1. ESA-WF-FE-DIWGAN task scheduling system.

2. Proposed Methodology

This segment discusses task scheduling using
DIWGAN optimized with Improved Dwarf Mongoose
Optimisation Algorithm (ESA-WF-FE-DIWGAN) [10].
Fig. 1 portrays the block diagram of ESA-WF-FE-
DIWGAN task scheduling system. The comprehensive
description of every stage is deliberated beneath:

2.1 Data Collection

Cloud-Fog computing is a hybrid computing paradigm
that maximizes resource consumption and enhances
overall system performance by merging the power of cloud
computing with the proximity of fog computing [11].
Dynamic load balancing is a crucial part of this paradigm
because it involves distributing computational tasks and
network traffic efficiently across fog and cloud nodes
based on workload variations and resource availability.

A Cloud-Fog Computing dataset used for load
balancing typically consists of various parameters and
metrics that reflect the current state of the system. These
parameters include:

1. Workload characteristics: This includes the number
and type of computational tasks, their processing
requirements, arrival rates, and deadlines. The
workload characteristics help evaluate the load on
the system and determine the appropriate resource
allocation.

2. Resource availability: This refers to the current
status and capacity of fog and cloud nodes. It
includes CPU utilization, memory usage, network
bandwidth, and power consumption. These metrics
are critical for assessing the available resources and
making load-balancing decisions.

3. Network conditions: The dataset may also include
network-related parameters, such as latency,
bandwidth, and network traffic. This information
helps determine the optimal placement of tasks based
on the network proximity and congestion levels.
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Table 1. Fog resources table.

Si Storage (GB) Computing (MHZ) RAM (GB) Type Status

S, 100 4000 7 Adequate, proper Suitable
S, 90 5000 8 Proper, not adequate Inappropriate
S, 200 2700 4 Adequate, not proper Inappropriate
S, 40 5000 6 Adequate, not proper Inappropriate
S 130 5000 7 Adequate, proper Suitable
S 80 6000 7 Proper, inadequate Not suitable
S, 120 7000 8 Adequate, proper Suitable
Sn

The number of data samples in a Cloud-Fog
Computing dataset can vary under particular requirements
and the complexity of the simulated environment.
Typically, datasets used for load-balancing experiments
contain a significant number of samples to capture
different workload scenarios, resource states, and network
conditions accurately. The dataset may provide details
about the characteristics and configurations of the fog
including cloud nodes. Fog nodes typically deployed at the
network edge, near to the data source, and offer low-
latency processing capabilities. They can be heterogeneous
on the processing power, memory, and network
connectivity. On the other hand, cloud nodes are located in
data centers and offer vast computational resources with
higher latency.

2.2 Fog Resource Monitor (FRM)

As shown in Table 1, this is in charge of observing
every server resource, also recording the server data in the
FRT database. FRT is situated in FRM server. FRM server
is a fog server. Every fog server is categorized as
appropriate or in appropriate as per the set of rules
depending on storage, computing, and RAM.

The given steps determine the stages of every server
are

i. Compute average storage (4VG —STR) .

ii. Compute average computing (AVG —CMT)
iii. Compute average RAM size (AVG — RAM) .

iv. Applying the following set of rules: (a) If
STR> AVG _STR then STR=1, ELSE IF
STR< AVG _STR then STR=0. (B) If
CMT > AVG _CMT then CMT =1, ELSE IF
CMT < AVG _CMT then CMT=0. (C) If
RAM > AVG _RAM then RAM =1, ELSE IF

RAM < AVG _RAM then RAM =0. STR, CMT,

RAM are the input of DIWGAN to train the
DIWGAN. The following section outlines the
training process and DIWGAN CNN.

2.3 Classification using DIWGAN

This section discusses the DIWGAN, which
categorizes each fog server. The data were sent to the Fog
Resource Monitor (FRM), and each monitor synthesized
one server. The FRT communicates to each other for
sharing data from diverse inputdata storage [12]. The data
distributions from FRM and the features stored database
are compared using the Wasserstein distance to ensure
FRM yielded accurate server information. The min—-max
problem between FRM can be described in Eq. (1),

MIN MAXP,,,, (F,,),R,,) =

| Ea@)+ G [F (R )]
4 vaF, , [(gXF,(X)-1)]

(M

The initial two terms refers Wasserstein distance
assessment; X  denotes input data from
FRM; Fxfg, represents the collected database. G denotes

the storage and R is the computing power. FRT epitomizes
penalty coefficient. The network structure for the
algorithm is provided as follows:

2.3.1 Generative Model

FRM consists of two paths they are contracting and an
expansive path. By wusing an expanding path to
comprehend information exchange and material
deterioration, two monitors take features from the
contracting path. The database fitters used to extract the
features were 32, 48, 68, and 152.

2.3.2 Selector

The distance between the database and the fog resource
monitor can be represented as Eq. (2)

D, =|K,-K,[1=(12), 2)

where the subscript / represents the FRM. By comparing
the values, the performance of the databases was examined



438 Suggala et al.: Effective Scheduling Algorithm for Workload Forecasting in Fog Environment Utilizing Dual Interactive ...

during each iteration. The FRT sends features to the
network, and it classifies the features with the efficiency of
DIWGAN in the next iteration.

2.3.3 Hybrid Loss Function

The data from FRT sends the features and is
represented as Eq. (3),

1
T, = |P(s) 1. 3)

where /4 represents the height; b is the width; d is the depth
of the input sensor data. The method to improve the
performance is expressed as Eq. (4)

2
B

2 2
9.=|r7.~1o,[ +|r7 ~ro, [ +|rr, -ro,

“4)

where p and ¢ denote gradient descent directions for input
data P and Q . T denotes the suitable and unsuitable
cauterization, resulting in a more realistic result that is

expressed as Eq. (5),

Q.v =MIN MAXQ,, . (F,R), (5)

wgan

The features are transmitted to DIWGAN, which is
represented in Eq. (6),

Q.; = alQl + azQ/ + a3Qdala s (6)

The FRM can yield several databases by minimizing
the features and classifying the servers into suitable and
unsuitable using DIWGAN. Therefore, the classified
servers are fed to the Task Scheduling process.

2.4 Task Scheduling using Improved
Dwarf Mongoose Optimisation
Algorithm

In this section, Task Scheduling using the Improved
Dwarf Mongoose Optimisation approach (IDMO) is
discussed [13]. The Improved Dwarf Mongoose
Optimization Algorithm (IDMOA) offers several
advantages for task scheduling and process assignment.
IDMOA excels in assigning incoming processes to the
most suitable server. It optimizes the allocation process by
considering various factors, such as the server load,
available resources, and processing capabilities. This
ensures the processes are distributed effectively and
efficiently, improving the overall system performance.
IDMOA is highly scalable and suitable for large-scale
systems and complex task-scheduling scenarios. It can
handle many processes and servers while maintaining
efficient process allocation. As the system grows, IDMOA
can adapt and optimize the process assignment to
accommodate the increased workload. IDMOA maximizes
resource utilization through improved resource utilization
considering the server load and available resources. It
avoids overloading servers and distributes processes

evenly across the available servers. This optimization
results in the better utilization of system resources,
reducing the idle time and increasing the overall efficiency.
It exhibits robustness in handling dynamic environments
and fluctuations in process arrival rates. It can adapt to
changing conditions and adjust the process assignment
strategy dynamically. This flexibility allows the algorithm
to maintain optimal performance even in scenarios with
varying workloads and server availability. IDMOA aims to
minimize the response time of processes by efficiently
assigning them to appropriate servers. Considering factors,
such as server proximity and workload reduces the time
taken to execute tasks. This leads to faster completion of
processes and improved system responsiveness. IDMOA
can be customized and fine-tuned to suit specific system
requirements and objectives. The algorithm allows for the
incorporation of different optimization criteria, such as
energy efficiency or load balancing, based on the specific
needs of the system. This flexibility enables the algorithm
to adapt to diverse optimization goals. The incoming
process must be assigned to the most suitable server by the
IDMOA. When analyzing EDLB, including LB
approaches, it may reduce the response time and attain
higher resource usage. Therefore, this is an excellent way
to confirm the endless service.

IDMOs are used for allocating the incoming tasks to a
suitable server. An IDMO chooses the appropriate server
from the obtainable appropriate servers in the Fog
Resource Monitor.

2.4.1 Population Initialization

The IDMO populaces are initialized by a matrix of
candidate dwarf mongooses (Y)that can be represented in

Eq. (7),

Yir Ve Ve
Y= Vore Vaer Ve |5 ™)
ym,l. ym,e—l ym

where m is the number of dwarf mongooses. y, ...y, .,

represent the storage, computing, and RAM features from
the server.

2.4.2 Alpha Group

Assign the incoming process that is selected as the
alpha, which controls the chaos and fits the database as
expressed in Egs. (8) and (9),

B =MIN(FIT\,FIT2...FITM), ®)
Y, =p+rand*(Y,-Y,/2), )

whereY and Y, are the selected dwarf mongooses.

2.4.3 The Babysitters

The dwarf mongooses (DM) replace the baby sitters,
which means the information sent to servers and select the
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best incoming task and is represented in Eqs. (10) and (11)

roundup(0.7 *m * dim=* (lj
mj,

O+*m,, *FwhenR<0
YH:(YX +rand*(ﬂ—(Yx—Yy))/2*br), (11)

(10)

X

where the best incoming task is selected, and again, the
process is repeated. Thus, task scheduling is performed
based on the IDMOA.

2.4.4 Termination

In this step, the task is scheduled with the help of
IDMOA to iteratively repeat step 3 after selecting the
process. Finally, the ESA-WF-FE-DIWGAN performs task
scheduling with a higher ARU with a lower make span.

3. Result and Discussion

The simulation outcomes of the proposed scheduling
algorithm (SA) for workload forecasting in FE utilizing the
DIWGAN (ESA-WF) method is discussed. The simulation
is done in JAVA using iFogSim simulator tool on
Windows 100S. The proposed ESA-WF-FE-DIWGAN
method achieved feasible outcomes under several
performance metrics, such as Makespan, Total cost, ARU,
and LBL. The obtained results of the proposed method
ESA-WF-FE-DIWGAN were analyzed with the existing
methods, such as TS-LB-FE-CNN-MPSO and TS-GOSH-
FCE, respectively.

3.1 Performance Measures

The performance metrics, such as Make span, Total
Cost, ARU, and LBL, are examined.

3.1.1 Makespan

The total time requisite to accomplish all tasks is scaled
using Eq. (12).

Makespan :Max(CT(ti)), (12)

Here CT denotes time #i completes its processing.

3.1.2 Total Cost

Assume a task is completed in a cloud-fog system; Eq.
(13) shows that processing, memory use, and bandwidth
are charged minimally:

Totalcost =) CP(ti)+CM (1i)+CB(ti),  (13)

Here CP denotes processing cost.

Table 2. Comparison of Makespan.

Makespan (ms)
50 90 130 150

Techniques

TS-LB-FE-
CNN-MPSO
TS-GOSH-
FCE
ESA-WF-FE-
DIWGAN 23.32 15.67 5.33 23.20
(proposed)

34.22 44.34 63.33 34.33

56.45 45.77 67.56 66.33

3.1.3 ARU

Every resource usage present in the ecology of fog and
is represented in Eq. (14),

(BS+OL)

ARU = x100%, (14)

K

Here BS denotes count of balancing FS, ; OL
represents count of overload FS, ; F'S, indicates a count of
obtainable fog servers.

3.1.4LBL

LBL measures the load level. A count of overloaded
fog servers is subdivided from the percentage of balanced
fog servers represented in Eq. (15):

LBL =25 «100%, (15)
Fs

s

3.2 Performance Analysis

Tables 2-5 presents the outputs of the proposed ESA-
WEF-FE-DIWGAN method. The performance metrics, such
as Makespan, Total cost, ARU, and LBL are analyzed.
Here, the proposed ESA-WF-FE-DIWGAN technique is
compared with existing methods, such as TS-LB-FE-CNN-
MPSO and TS-GOSH-FCE.

Efficient dynamic load balancing performance
analyzed with existing approaches by deeming the metrics.
Table 2 shows a comparison of Make span.

The proposedESA-WF-FE-DIWGANmethod provides
32.21%, which was a 37.56% lower Make span for50
tasks; 25.45%, which was a 45.89% lower Make span for
90 tasks; 56.34%, which was a 21.23% lower Make span
for 130 tasks; 25.45%, which was 45.89% lower Make
span for 150 tasks; evaluated as the existing methods TS-
LB-FE-CNN-MPSO and TS-GOSH-FCE

Table 3 compares the total cost. Here, the
proposedESA-WF-FE-DIWGANmethod provided32.21%,
which was a 37.56% lower entire cost for 50 tasks; 25.45%,
which was 45.89% lesser entire cost for 90 tasks; 56.34%,
which was a 21.23% lowerentire cost for 130 tasks;
25.45%, which was a 45.89% lower Make span for 150
tasks; these were evaluated to the existing methods TS-
LB-FE-CNN-MPSO and TS-GOSH-FCE.
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Table 3. Comparison of Total cost.

Table 6. Benchmark table.

Techniques | lutlicos @) Author  Makespan 1 ot LBL (%) ARU (%)
%0 130 150 (St (N (115) R S S E——
Talaat et al.
TS-LB-FE- 34.33 78.56 78.77 82.45
CNNMPSO | 3436 | 56.67 76.77 78.56 [6]
i i Tulietal. [7]] 66.33 67.46 70.22 69.66
TS FGC%SH 35.56 67.66 67.66 67.46 Teoh ot al
] ’ 50.14 60.14 75.12 60.14
ESA-WF-FE- (8]
DIWGAN | 2033 | 26.44 15.33 10.55 Sharmaetal | ] ] ]
(proposed) [9]
ESA-WEF-
Table 4. Comparison of ARU. FE-
DIWGAN 23.20 10.55 93.34 10.55
Techniques ‘ U] (proposed)
50 9% 130 150
TS-LB-FE-
CNN-MPSO 76.71 65.45 79.71 82.45 that of the previous methods (Table 5). ESA-WF-FE-
TS-GOSH- DIWGAN took a variety of factors into account. ESA-WF-
FCE 80.34 | 8234 75.34 69.66 FE-DIWGAN has combined TS-LB-FE-CNN-MPSO and
TS-GOSH-FCE, the ESA-WF-FE-DIWGAN to split the
ESA-WF-FE- . . .
DIWGAN 9134 9077 9234 95.66 resources, including a decrease in the level of resource
(proposed) search that paves to effectual resource usage. DIWGAN

Table 5. Comparison of LBL.

o,
Techniques ‘#W
50 90 130
TS-LB-FE-
CNN-MPSO 76.34 83.34 88.56 78.77
TS-GOSH-
FCE 82.45 85.45 78.77 70.22
ESA-WF-FE-
DIWGAN 95.44 98.44 92.66 93.34
(proposed)

Table 4 compares the ARU. Here, the proposedESA-
WEF-FE-DIWGANmethod provides a 56.45% and 67.68%
higher ARU for 50 tasks; 73.56%, which was 76.44%
higher ARU for 90 tasks; 57.57%, which was 59.3%
higher ARU for 130 tasks; 67.78%, which was 45.89%
higher ARU for 150 tasks; these were evaluated to the
existing methods TS-LB-FE-CNN-MPSO and TS-GOSH-
FCE.

The proposed approach produced better performance
than the existing algorithms as greater ARU and higher
LBL are attained, as listed in Tables 3 and 4. The
experimental outcomes show that the proposed algorithm
consumed less and reduced the number of migrations.

Table 5 compares the LBL. Here, the proposedESA-
WEF-FE-DIWGANmethod provided a32.21%, which was a
37.56% higher LBL for 50 tasks; 25.45%, which was
a45.89% higher LBL for 90 tasks; 56.34%, which was a
21.23% higher LBL for 130 tasks; 25.45%, which was a
45.89% higher LBL for 150 tasks; these were compared
with the existing methods TS-LB-FE-CNN-MPSO and
TS-GOSH-FCE respectively.

Furthermore, the cost was paid for the processor,
memory, and bandwidth utilization. The LBL in the ESA-
WEF-FE-DIWGAN approach was significantly lower than

reaches greater accuracy in resource managing activities.

A decentralized computing system located amid data-
producing devices and clouds is known as fog computing.
Users are able to allocate resources to enhance
performance to this flexible structure. Nevertheless, the
application of novel virtualization for task scheduling and
resource management in fog-computing is hindered by a
lack of resources and low-latency services. Numerous
studies have been conducted on scheduling and LB in
cloud computing. On the other hand, numerous LB
initiatives have been presented in the fog architectures.
Some problems arise when considering how tasks are
routed between fog nodes and the cloud in different
physical devices. Scheduling in fog is highly challenging
because of the volume and diversity of the devices. Only a
few studies have been done so far. LB is a particularly
attractive and significant area of study in FC because of its
focus on maximizing resource utilization. LB has several
difficulties, including safety with fault tolerance. Table 6
shows that The Proposed ESA-WF-FE-DIWGAN model
provided 4.52%, 7.67%, and 11.94% lower make span than
the existing methods, such as Talaat et al. [6], Tuli et al.
[7], Teoh et al. [8]. The Proposed ESA-WF-FE-DIWGAN
model provided 22.33%, 28.70%, and 14.79% lower cost
than existing methods like Talaat et al. [6], Tuli et al. [7],
Teoh et al. [8] respectively. The proposed ESA-WF-FE-
DIWGAN method provided26.07%, 14.36%, and 14.32%
lower LBL than the existing methods, such as Talaat et al.
[6], Tuli et al. [7], Teoh et al. [8]. The ESA-WF-FE-
DIWGAN method provided 9.80%, 14.58%, and 12.31%
higher ARU than existing methods, 2022, Talaat et al. [6],
Tuli et al. [7], Teoh et al. [8].

Discussion

This paper proposed EDLB using DIWGAN. EDLB
comprises three primary modules: (i) fog resource
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monitoring, (ii)) DIWGAN base classifier, (iii) Improved
Dwarf Mongoose Optimization algorithm. EDLB uses a
dynamic real-time scheduling approach to achieve LB in
fog computing. FRM is accountable for tracking every
server resource and protecting the server data. The
classifier depends on DIWGAN is accountable for
categorizing every fog server as appropriate or
inappropriate. IDMO is accountable for choosing the best
server for the incoming process. EDLB decreases the
response time and reaches higher resource usage. This is a
better mode to assure the uninterrupted service. Multiple
FC systems have been introduced in LB, but they all have
numerous drawbacks. EDLB deals with these drawbacks
and achieves better performance in multiple scenarios.
Compared to other LB algorithms, EDLB achieves better
make span, average resource utilization, and load
balancing levels. An unforeseen surge in demand on the
server responsible for that task may result in an EDLB
real-time task failure. When the system notices an abrupt
increase in load on server hosting a task of real-time, it
reschedules a vital task for different server to address this
problem.

4. Conclusion

DIWGANoptimized with an Improved Dwarf
Mongoose Optimisation algorithmwas implemented for
scheduling the tasks (ESA-WF-FE-DIWGAN). The
proposed ESA-WF-FE-DIWGAN approach was executed
by Java. The proposed ESA-WF-FE-DIWGAN approach
achieved12.03%, which was a 24.85% higher make span
than existing methods, such as TS-LB-FE-CNN-MPSO
and TS-GOSH-FCE.

Reference

[1] S. Iftikhar, M.M.M. Ahmad, S. Tuli, D. Chowdhury,
M. Xu, S.S. Gill, and S. Uhlig, “HunterPlus: Al based
energy-efficient task scheduling for cloud—fog
computing environments,” Internet of Things, vol. 21,
p- 100667. Apr. 2023. Article (CrossRef Link)

[2] G. Shruthi, M.R. Mundada,, B.J Sowmya, and S.
Supreeth, “Mayfly tayloroptimisation-based
scheduling algorithm with deep reinforcement
learning for dynamic scheduling in fog-cloud
computing,” Applied Computational Intelligence and
Soft Computing, vol. 198, no. 1, pp. 117273, Aug.
2022. Article (CrossRef Link)

[3] A. Pradhan, S.K. Bisoy, S Kautish, M.B. Jasser, and
A.W. Mohamed, “Intelligent Decision-Making of
Load Balancing Using Deep Reinforcement Learning
and Parallel PSO in Cloud Environment,” [EEE
Access, vol. 10, no. 1, pp. 76939-76952. Jul. 2022.
Article (CrossRef Link).

[4] Z. Movahedi, and B. Defude, “An efficient
population-based multi-objective task scheduling
approach in fog computing systems,” Journal of
Cloud Computing, vol. 10, no. 1, pp. 1-31. Dec. 2021.
Article (CrossRef Link)

[5]

[10]

[11]

[12]

[13]

441

M. Zahra, and D Bruno, A mohammad Hosseininia,
“An efficient population-based multi-objective task
scheduling approach in fog computing systems,”
Journal of Cloud Computing, vol. 10, no. 1, pp. 1-1,
Dec. 2021. Article (CrossRef Link)

F.M. Talaat, H.A. Ali, M.S. Saraya, and A.L. Saleh,
“Effective scheduling algorithmm for load balancing
in fog environment using CNN and MPSO,”
Knowledge and Information Systems, vol. 64, no. 3,
pp. 773-797. Mar. 2022. Article (CrossRef Link)

S. Tuli, G. Casale, and N.R. Jennings, “GOSH: Task
scheduling using deep surrogate models in fog
computing environments,” [EEE Transactions on
Parallel and Distributed Systems, vol. 33, no. 11, pp.
2821-2833. Dec. 2021. Article (CrossRef Link)

Y .K.Teoh, S.S Gill, and A K. Parlikad, “IoT and fog
computing based predictive maintenance model for
effective asset management in industry 4.0 using
machine learning,” IEEE Internet of Things Journal.
Vol. 10, no. 3, pp. 2087-2094, Jan. 2021. Article
(CrossRef Link)

O. Sharma, G. Rathee, and J. Kerrache Herrera-Tapia,
“Two-Stage Optimal Task Scheduling for Smart
Home Environment Using Fog Computing
Infrastructures,” Applied Sciences, vol. 13, no. 5, p.
2939. C.A Feb. 2023. Article (CrossRef Link)

Z. Shi, H. Li, Q. Cao, Z. Wang, and M. Cheng, “A
material decomposition method for dual - energy CT
via dual interactive Wasserstein  generative
adversarial networks,” Medical Physics, vol. 48, no. 6,
pp- 2891-2905. Jun. 2021. Article (CrossRef Link)

N. Krishnaraj, A. Daniel, K. Saini, and K. Bellam,
“EDGE/FOG  computing paradigm: Concept,
platforms and toolchains”. In Advances in Computers
(Vol. 127, no. 1, pp. 413-436). Elsevier, Jan. 2022.
Article (CrossRef Link)

T. Tuncer, S Dogan, and F. Ozyurt, “An automated
Residual Exemplar Local Binary Pattern and iterative
ReliefF based COVID-19 detection method using
chest X-ray image,” Chemometrics and Intelligent
Laboratory Systems, vol. 203, no. 1, pp. 104054. Aug.
2020. Article (CrossRef Link)

J.O. Agushaka, A.E. Ezugwu, O.N. Olaide, O.
Akinola, R.A. Zitar, and L. Abualigah, “Improved
Dwarf Mongoose Optimization for Constrained
Engineering Design Problems,” Journal of Bionic
Engineering, vol. 1, no. 1, pp. 1-33. Mar. 2022.
Article (CrossRef Link)

Ravi Kumar Suggala, He is currently
working as  Assistant Professor,
Department of Information
Technology, Shri Vishnu Engineering
College for women, Bhimavaram,
Andhra Pradesh, India. His research
interests include machine learning,
deep learning, and cloud technology.


https://doi.org/10.1016/j.iot.2022.100667
https://doi.org/10.1155/2022/2131699
https://doi.org/10.1109/ACCESS.2022.3192628
https://doi.org/10.1186/s13677-021-00264-4
https://doi.org/10.1007/s10115-021-01649-2
https://doi.org/10.1109/TPDS.2021.3136672
https://doi.org/10.1109/JIOT.2021.3050441
https://doi.org/10.1109/JIOT.2021.3050441
https://doi.org/10.3390/app13052939
https://doi.org/10.1002/mp.14828
https://doi.org/10.1016/bs.adcom.2022.02.012
https://doi.org/10.1016/j.chemolab.2020.104054
https://doi.org/10.1007/s42235-022-00316-8

442 Suggala et al.: Effective Scheduling Algorithm for Workload Forecasting in Fog Environment Utilizing Dual Interactive ...

Suma Bharathi. M, She is currently
working as  Assistant Professor,
Department of Information
Technology, Shri Vishnu Engineering
College for women, Bhimavaram,
Andhra Pradesh, India. Her research
interests include Machine learning,
deep learning, Grid computing and soft

computing.

P.L.V.D. Ravi Kumar, he is currently
working as  Assistant Professor,
Department of Information
Technology, Shri Vishnu Engineering
College for women, Bhimavaram,
Andhra Pradesh, India. His research
interests include Machine learning,
deep learning, Grid computing and soft

computing.

NVS Pavan Kumar Nidumolu is
currently working as an Associate
Professor in the Department of
Computer Science and Engineering at
Koneru Lakshmiah Education
Foundation, Andhra Pradesh, India. He
Completed his MCA degree from
Andhra University, M.Tech degree in
Computer Science and Engineering from JNTUK and
obtained his doctoral degree in Department of Computer
Science and Engineering. With over 20+ years of teaching
experience he is well known for his administrative role in
various positions. He is active and resourceful in various
social bodies. He has over 15 of publication in various
national and international reputed journals. He has
received many awards for his achievements in
administration. His area of interest is Machine learning and
Data Science.

Copyrights © 2024 The Institute of Electronics and Information Engineers




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


