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Abstract. Due to decentralized infrastructure in modern Internet-of-Things (IoT), the tasks should be shared around the
edge devices via network resources and traffic prioritizations, which weaken the information interoperability. To solve this
issue, a Minimized upgrading batch Virtual Machine (VM) Scheduling and Bandwidth Planning (MSBP) was adopted to
reduce the amount of batches needed to complete the system-scale upgrade and allocate the bandwidth for VM migration
matrices. But, the suboptimal use of VM and possible loss of tasks may provide inadequate Resource Allocation (RA).
Hence, this article proposes an MSBP with the Priority-based Task Scheduling (MSBP-PTS) algorithm to allocate the tasks
in a prioritized way and maximize the profit by deciding which request must handle by the edge itself or send to the cloud
server. At first, every incoming request in its nearest fog server is allocated and processed by the priority scheduling unit.
Few requests are reallocated to other fog servers when there is an inadequate resource accessible for providing the request
within its time limit. Then, the request is sent to the cloud if the fog node doesn’t have adequate resources, which reduces the
response time. However, the MSBP is the heuristics solution which is complex and does not ensure the global best solutions.
Therefore, the MSBP-PTS is improved by adopting an Optimization of RA (MSBP-PTS-ORA) algorithm, which utilizes
the Krill Herd (KH) optimization instead of heuristic solutions for RA. The simulation outcomes also demonstrate that the
MSBP-PTS-ORA achieve a sustainable network more effectively than other traditional algorithms.
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1. Introduction

Internet-of-Things (IoT) is rapidly evolving with
the requirement to link real-time with the web [1, 2].
These systems typically include sensor and edge node
layers. More sensors in a sensor layer are expected
to exceed 50 billion in the upcoming centuries with
a large majority of sensors having specific func-
tionalities and so data interoperability is challenging
[3]. In terms of scalability, energy conservation,
knowledge, transmission, integration, dependability,
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semantics, output and standards, the IoT challenges
are extremely flexible [4]. The recent methods and
concepts must simply be integrated for network
resources, in particular in harsh mobile scenarios like
vehicle communications and in smart environments
such as cities, homes and industries that support
seamless connectivity between different accessing
technologies [5]. The growth of IoT systems and
services cannot achieve a global level in several
industrial sectors without globally recognized and
interoperable standards. A single middleware sen-
sor is frequently needed to handle a huge amount of
information from various data sources [6, 7]. Recent
IoT specifications provide middleware solutions for
identifying specific global identity criteria such as
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data fusion, scalability and interoperability to serve
all-IP-based transmissions [8, 9].

Since IoT technologies are complex and diverse,
a single interoperability solution can be inadequate
and integration is essential. To resolve the new
challenges, interoperability of IoT technologies will
always be a complex theme [10]. This can be done
by enhanced embedded intelligence and virtualiza-
tion with cognitive abilities. But, several problems
can be overcome such as cost, scalability, resource use
and how resources can be distributed more efficiently
with network sustainability [11]. Virtualization offers
a cost-effective solution to this challenge. The data
obtained by multiple sensors is virtualized and trans-
mitted into the VM by the same system. Each
edge device on the edge device layer copes with
neighboring VMs in which computing abilities for
sensor information from the sensing region are
encapsulated for alleviating an additional price and
latency for migrating VMs to the remote cloud [12].
Additionally, edge devices can also schedule local
VMs dynamically by consulting with other edge
devices.

Various resource distribution techniques were sug-
gested in earlier days to address the VM planning
for improving the sustainability and performance
of the network’s edge devices [13]. To recycle the
edge devices in IoT networks, a sustainable strategy
[14] was suggested. At first, the minimum upgrad-
ing batch VM allocation challenge was described
such as NP-hard evidence, probability state sugges-
tion and minor limit testing. Then, the MSBP was
designed. Initially, a greedy strategy was applied to
reduce the amount of batches needed to complete the
network-level upgrading. Then, the VM migration
matrix per batch was obtained. Also, two strategies
such as Shortest Trajectory First (STF) and Least
Bandwidth Utilization First (LBUF) were applied to
allocate the trajectories and bandwidth for VM migra-
tion matrices. In STF, the minimum space relocation
path was found along the optimal links which con-
tain high accessible remaining bandwidth. Also, the
transmit energy was determined for the edge devices
for forwarding the sensed information. However, the
suboptimal use of VM and possible loss of tasks may
provide inadequate resource distribution.

Hence in this research article, an MSBP-PTS algo-
rithm is proposed with MSBP to assign the tasks in a
prioritized manner and achieve the maximum profit.
The main aim of this MSBP-PTS is to decide which
request should handle by the edge itself or forward
to the cloud server. This algorithm consists of two

phases depending on the network structure where a
fog layer is employed between the end-users and the
cloud server. Initially, each inward request in its clos-
est fog server is assigned and each request within the
fog server is placed in a suitable priority queue fol-
lowed by the priority scheduling unit. Then, every
request in the priority queues within a fog server is
processed and few requests are reassigned to other
fog servers while there is inadequate resource acces-
sible for serving the request within its time limit. At
last, the incoming task is transmitted to the server at
center while the edge layer doesn’t contain adequate
resources for providing the request. Based on this
algorithm, the response time is reduced when the con-
siderable cost is also decreased. A larger throughput
decreases the average response period and the overall
price because of its ability to efficiently prioritize jobs
based on their latency acceptance ranges. But, the
MSBP is the heuristics solution that does not ensure
the global optimal solutions efficiently and is also
very expensive. As a result, the MSBP-PTS-ORA
algorithm is proposed in which the KH optimization
algorithm is applied instead of using heuristic solu-
tions to optimize the resource allocation effectively.
In this algorithm, the NP-hard problem is solved by
using the KH algorithm. Each member of the KH
will make their contribution to the transition activity,
based on their fitness. It is based on krill behavior.
Because of the krill’s total fitness, it is possible to pick
the appropriate global assessment of its food center.
Foraging behavior and randomized diffusion are used
to calculate a krill’s position over time. Based on the
best global solution, the NP-hard problem is solved
that minimizes the batch size when maintaining the
provision stability via VM migration. As a result, the
major contributions of this study are:

• First, the MSBP-PTS algorithm is proposed with
MSBP to determine which task request must
handle by the edge itself or transmit to the cloud
server. In this algorithm, the tasks are allocated
in a prioritized manner and the maximum profit
is achieved.

• Additionally, the ORA algorithm is introduced
based on the KH optimization scheme rather
than applying heuristic solutions for assigning
the optimal resources during VM migration.
Thus, optimality of MSBP is ensured and the
network sustainability is effectively improved by
this algorithm.

• Further, the extensive outcomes illustrate that
the MSBP-PTS-ORA accomplishes a better
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efficiency during VM migration compared to the
MSBP and other standard algorithms.

Following are the arrangements for the remaining
manuscript: The relevant works are discussed in Sec-
tion 2. The presented algorithm is stated in Chapter
3, and its simulation results are shown in Section 4.
The complete study is covered in Section 5 along with
suggestions for improvement.

2. Literature survey

For mobile edge computing, a dynamic resource
and computational offloading paradigm [15] with
privacy protection were suggested. For multiuser set-
tings, the computing and radio resources were first
evaluated together to ensure effective resource shar-
ing. In addition, the AES encryption method was used
to safeguard confidential information from hackers.
A unified framework has been created to reduce the
overall system’s time and energy usage. Finally, a
compute offloading technique with comprehensive
procedures was created for mobile subscribers.

A new bio-inspired hybrid algorithm (NBIHA)
was created by Hina et al. (2019) by fusing cus-
tomized particle swarm optimization and cat swarm
optimization (MCSO). Particle swarm optimization
was applied to allocation of resources, and cat swarm
optimization was applied to managing resources
[16]. Zubair et al. (2021), edge computing defines
dynamic and priority-dependent resource allocation.
The A-PBRA dynamic resource allocation system
presented enables efficient resource utilisation within
the EC paradigm. After an incoming request has
been classified as either usual or prioritised, there are
three possible outcomes. The accessible resources are
therefore distributed in line with the priority of the
user requests in order to stay within the limits [17].

The MORA [18] polynomial time technique
enables the network administrator to maximise
its profitability, which can be enhanced user
Quality-of-Experience (QoE), inter-domain conges-
tion reductions, or other pertinent metrics. As a result
of this technique, services may adapt to the network
operator’s resources and rely on the cloud for addi-
tional computing. Micro-service architecture, which
breaks down a particular service into a series of pieces
that MORA places in multiple computing nodes of
the edge, was also well-suited, and multi-dimensional
resources were efficiently managed.

For the data-driven, deep reinforcement learning-
based scheduling for edge-cloud situations, an
architectural network paradigm [19] was designed.
For scheduling in distributed deployments, a gen-
eral asynchronous training technique was intended.
Then, a chaotic dynamic scheduling strategy using
policy gradient-based reinforcement learning is pre-
sented. A fog-enabled structure [20] was presented
to handle the task scheduling requests and achieve
the best outcomes. Then, the task scheduling issue
was formulated as an Integer Linear Program-
ming (ILP) optimization scheme according to the
time and fog power usage. This was resolved by
the Opposition-based Chaotic Whale Optimization
Algorithm (OppoCWOA) on time.

For fog-cloud resources in a nonprofit computing
system, a joint Quality-of-Service (QoS)-aware and
cost-effective job scheduling method [21] has been
developed. This algorithm’s primary objective was
to reduce the cost of computation, communication,
and delay violations for Internet of Things requests.
In a cloud services, a meta-heuristic model called
MDVMA [22] has been introduced for dynamic
VM assignment with optimum work scheduling. The
Non-dominated Sorting Genetic Technique (NSGA)-
II algorithm was used to optimise job scheduling
while lowering power consumption, makepan, and
cost concurrently to achieve trade-offs with the
providers of cloud services in accordance with their
requests.

The Cloud-based Object Tracking and Behavior
Identification System (COTBIS) [23] has been devel-
oped, which includes the edge computing ability at
the gateway level. Initially, each unnecessary frame in
the edge level was filtered and the significant frames
were sent to the cloud to minimize the bandwidth
needed for data transfer. Then, robust object identifi-
cation and fall recognition schemes were conducted
in the cloud data center based on the background sub-
traction and deep learning models, which reduce the
response period.

In the cloud-fog paradigm, a semi-adaptive real-
time task scheduling technique [24] has been
introduced to express job scheduling as a possible
combination optimization method. To find various
combinations for incoming tasks at all scheduling
cycles, a customized genetic algorithm was used. Fol-
lowing that, the jobs were assigned to the VM based
on the best permutation. A hungarian algorithm-
based pair-based job scheduling method [25] for the
cloud computing environment. An uneven number of
tasks and workloads were taken into account in this
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Table 1
Summary of various algorithms for task and resource allocation in edge-cloud environment

Ref. No. Algorithm Achievements Limitations

[15] Dynamic resource and
computational
offloading paradigm
with AES encryption

It chooses a few computation tasks to
offload when neglecting others
optimally so that the total overhead of
the network was reduced.

While offloading computing tasks in low-bandwidth
mode, the amount of information was large.

[16] NBIHA It obtains better scheduling efficiency. The computational complexity was considerable and
an optimal distribution of resources was not
thought about.

[17] A-PBRA Ability to manage a greater volume of
incoming jobs while also maximising
the use of the edge node’s limited
resources.

Requests can be furthermore prioritized.

[18] MORA It highly improves the utility. It requires further improvement by considering the
appropriate resources and utility forecasting

[19] A policy gradient-based
deep reinforcement
learning-based
scheduling

It was a preferable option for dynamic
scheduling tasks in unpredictable
circumstances since it has a small
scheduling overhead.

It needs fixed resources for new tasks in real-time
scenarios.

[20] OppoCWOA-based task
scheduling

It achieves time-energy-efficient task
scheduling.

It did not consider the scenario, where task execution
was unsuccessful on the fog node because of the
CPU destruction. Also, it did not consider the task
migration between fog/cloud nodes.

[21] Joint QoS-aware and
cost-efficient task
scheduling algorithm

It enhances the deadline satisfaction task
rates and reduces the overall cost of
task scheduling.

When increasing the number of volunteer
computing systems, the power usage by their
computing resources also increased, which results
in a considerable effect on the system cost.

[22] MDVMA It was a workable and beneficial way to
achieve optimal task scheduling while
consuming less time, energy, and
money.

It did not consider the response time and network
latency, which also need to increase the efficiency
of task scheduling.

[23] COTBIS It minimizes the network bandwidth and
response time.

It cannot balance the real-time tasks among edge
devices.

[24] Semi-adaptive real-time
task scheduling scheme

It improves the trade-off between the
overall execution cost and the ease of
implementation and lowers the job
failure rate.

It has a high elapsed run time while increasing the
number of tasks. Also, the resources of the VM
situated in the fog node were assumed to be
restricted compared to the VMs situated in the
cloud nodes.

[25] Pair-based task
scheduling algorithm

It can be used to decrease idle time and
arrange the jobs efficiently.

It did not validate using a large number of tasks and
clouds. Also, the dynamism of CPU and network
usage was not considered. The network delay
between the clients/tasks was not flexible.

algorithm, along with task matching to generate the
scheduling solution.

Table 1 summarizes the above-studied algorithms
in the edge-cloud paradigm for task scheduling and
RA according to their achievements and limitations.

2.1. Research gap

From literature, it is observed that various kinds
of task scheduling and RA algorithms have been sug-
gested for edge-cloud computing paradigm. But, each
algorithm has its specific limitations, which needs to
solve by developing advanced algorithms. Also, the
resource sharing was not satisfactory for suboptimal
utilization of VM and possible loss of tasks. So, this
article focuses on solving these problems by consid-

ering the priorities of the tasks and optimal resources
during VM migration.

3. Proposed methodology

In this section, the MSBP-PTS and MSBP-PTS-
ORA algorithms are explained in detail. Mainly,
virtualized server is the major unit of resource dis-
tribution that increases the total response period and
the rate of network utilization.

3.1. MSBP with priority-based task scheduling

3.1.1. Design model
This takes into consideration a cloud-fog environ-

ment that consists of cloud, fog, and consumer layers.
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Fig. 1. Structure of resource distribution in fog and cloud layer.

The procedure is carried out on the fog layer, which
initially checks whether the associated energy in fog
nodes can meet customer needs. The demand is sent
to the central cloud if there are no available resources
that are sufficient. The fog node algorithm then per-
forms each customer’s requests and executes them in
accordance with their priority levels.

Figure 1 illustrates the considered fog-cloud struc-
ture, which describes the following:

• The upper level is the cloud level, which encom-
passes the cloud data centers.

• The mid-level is the fog level, which comprises
more fog nodes, or fog servers with micro data
centers and VMs. In all fog servers, the resources
such as processors and VMs are controlled by the
fog server manager.

• The lower level is the user level, in which all
users transmit requests to their adjacent fog
server.

• By accepting the user request, the fog server
manager implements the below processes:

1. The request is dismissed if it cannot be
completed before the deadline.

2. Or else, the fog server manager chooses
the priority queue for the request based
on its priority, timeframe and accessible
resources.

• The requests in the priority queues are handled
by the fog server manager in the prioritization
order. For all requests:

1. When each resource needed by the request
is accessible on the allocated fog server,

the request is processed and the outcome
is transmitted to the user.

2. When the resources needed are fulfilled
by the edge layer, the request (which is
divided into sub-tasks) is transmitted to
single or multiple residual fog servers in
the fog layer.

3. The request is sent to the central cloud for
execution if there are no suitable resources
available in the fog layer.

3.1.2. Queuing and priority model
User requests may have several deadlines that

need to be met for the work to be finished on time.
Accordingly, the fog layer implements the priority
scheduling method. Assumptions of this algorithm
are the following:

• There are three priority levels (queues): high,
average and low.

• The provision period of all requests from the
customer i i.e., (reqi) is computed as:

delayT
i = DLT

i − CT
i (1)

In Eq. (1), delayT
i is the extreme tolerable time

of reqi, CT
i is the current time and DLT

i is the
time limit provided by reqi.

The estimated overall provision period
(
ST T

est

)
needed by each job in the 3 priority queues is
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computed as:

ST T
est =

Y∑
i=1

STest,i (2)

Where

Y = |QH | + |QM | + |QL| (3)

Here, STest,i indicates the estimated provision
period needed by reqi, QH , QM and QL are high,
medium and low priority queues, respectively. In
accordance with the request’s latency and priority
type, it is placed in any queue. The overall period
reqi used in the fog layer is given by,

Wi = W
Q
i + μi (4)

In Eq. (4), WQ
i refers to reqi used in the queue and

μi refers to the overall provision period consumed
by reqi. The greatest latency

(
delayT

i

)
, a request is

permitted in the specific SLA. To achieve this QoS
necessity for reqi,

Wi < delayT
i (5)

3.1.3. Priority assignment module
This module has two main phases. The first phase

allocates each incoming request to its nearby fog
server and locates the request in a proper priority
queue within the fog server. In this phase, once the
incoming request is allocated to the nearby fog server,
its greatest accepted latency is computed by Eq. (1).

After that, it verifies if all the resources i.e., the
total amount of processors accessible at the fog layer
could achieve the greatest accepted latency. Or else,
the request is discarded directly. Else, the request is
located in one of the priority queues.

The second phase executes the requests in the fog
server through the priority queues depending on their
priority. Then, the request is provided at the present
fog server, if the fog server contains the adequate
resource to fulfill the request’s delay time and reach
its time limit using Eq. (5). Otherwise, the request
is reallocated to the other fog server via implement-
ing the first phase on the fresh fog server; when the
demanded job is huge and requires a high amount of
resources, the job is split into sub-jobs and allocated
to various fog servers. At last, if there is inadequate
resource accessible in the whole fog layer, then the
demand is transmitted to the central server.

Pseudocode for Prioritized Task Scheduling
Step 1: Allocate all requests in the fog server and

in a priority queue
For all requests do
Each request is broadcasted to the nearby fog

server;
Calculate delay for each request using Eq. (1);

if
((

ST T
est

C
+ STest,i

)
> delayT

i

)
/*Verify dead-

line*/ //C: number of fog servers
The request is rejected;
else if /*Initial effort for providing in fog layer*/
/*Locate in a priority queue by the priority

scheduling unit */
(Pri) = Priority

(
delayT

i , ST T
est

)
;

if (Pri == High)
Locate request in QH ;
else if (Pri == Medium)
Locate request in QM ;
else if (Pri == Low)
Locate request in QL;

Step 2: Process request in fog server or in cloud
For all high, medium and low requests do

/*Requests served based on priority levels
while (Qx /= ∅)
For all requests in Qx do
if (adequateresourcesincurrentfogserver)

/*Eq. (5) remains*/
Provide the request in the present fog server;
else if (adequateresourcesinfoglayer)
Assign resources from the remaining fog server,

following Step 1, split tasks into sub-jobs if required;
else /*no adequate resource in fog group*/
Transmit the request to the cloud;

Thus, the total response time is reduced when
decreasing the considerable rate. Since this algorithm
can prioritize the jobs based on their latency accep-
tance and priority levels resulting in greater efficiency
and lesser mean response time. As the MSBP is the
heuristic solution; it requires knowledge and experi-
ence to apply the heuristics effectively and it does not
guarantee the global optimal solutions. As a result,
optimized resource allocation is proposed by using
the KH optimization algorithm.

3.2. MSBP-PTS with optimized resource
allocation using KH optimization

In PLAOR, In this algorithm, the NP-hard problem
i.e., least batch VM scheduling is solved by optimiz-
ing the VMs resource demand which enables the KH
often reach the best rate, hence providing the least
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amount of batches. As with krill, each KH member
contributes to the movement process based on their
fitness. Because of the krill’s total fitness, it is possi-
ble to identify the best global assessment of its food
center. Foraging behavior and random dispersion are
used to calculate the krill’s time-dependent position.
The KH approach searches the solution space using
a d-dimensional Lagrangian notion.

dDi

dt
= MIi + FAi + RFi (6)

In Eq. (6), MIi is the krill’s motion stimulation,
FAi is the foraging motion and RFi is the random
diffusion. Various parameters are initialized such as
highest iteration (maxItn), greatest stimulated veloc-
ity (maxIS), greatest diffusion velocity (maxDS),
maximum foraging speed (maxFS), amount of krill
(Nbr), location of krill (D) and amount of resources
(NbrR). The amount of resources considered is equiv-
alent to the amount of krill. Once the process is
initiated, it creates the location of resources randomly.
For each location of current resources, the fitness of
each krill is determined.

1) Krill Individual Movement Induction: The
motion is caused by the krill’s effort to retain
a greater population. The movement owing to
other krill individuals is determined as:

MInew
i = maxISδi + wnbrMIold

i (7)

In Eq. (7), wnbr ∈ [0, 1] is the inertia weight with
the movement stimulated and MIold

i is the last motion
induced.

δi = δlocal
i + δ

target
i (8)

Here, δlocal
i is the neighbor’s local effect and com-

puted as:

δlocal
i =

Nbrn∑
j=1

K̂i,jD̂i,j (9)

Where

D̂i,j = Dj − Di∣∣∣∣Dj − Di

∣∣∣∣ + t
(10)

K̂i,j = Ki − Kj

Kworst − Kbest

(11)

In Eq. (11), Kbest and Kworst are the most excellent
and the most unpleasant krill rates, accordingly, Ki is
the fitness of ith krill, Kj is the fitness of jth neighbor,
t is a diminutive optimistic integer and Nbrn is the

number of neighbors. The sensing distance for each
krill is computed as:

dists,i = 1

5 × Nbr

Nbr∑
j=1

‖Di − Dj‖ (12)

In Eq. (12), Di and Dj are the related location of
ith and jth krill. When the space between Di and Dj

is smaller than the definite observing space, Dj is an
adjacent of Di. The effect of target direction δ

target
i is

obtained using the most excellent krill as:

δ
target
i = AbestK̂i,bestD̂i,best (13)

In Eq. (13), Abest is the krill’s valuable coefficient
with the most excellent fitness to ith krill and deter-
mined as:

Abest = 2

(
r + Ia

maxItn

)
(14)

In Eq. (14), r ∈ [0, 1] is the random value and Ia

denotes the actual iteration number.

2) Mobility because of Foraging Motion: It is rep-
resented depending on the food position and
prior knowledge regarding the food position as
follows:

FAi = maxFSεi + wFSFAold
i (15)

In Eq. (15), wFS ∈ [0, 1] is the inertia weight of
foraging activity and εbest

i is ith krill’s most excellent
fitness until now.

εi = ε
food
i + εbest

i (16)

The food attractiveness ε
food
i is determined as:

ε
food
i = AfoodK̂i,foodD̂i,food (17)

In Eq. (17), Afood is the food coefficient and deter-
mined by

Afood = 2

(
1 − Ia

maxItn

)
(18)

The effect of the best fitness of ith krill is deter-
mined as:

εbest
i = K̂i,ibestD̂i,ibest (19)

In Eq. (19), K̂i,ibest and D̂i,ibest is ith krill’s earlier
stayed most excellent fitness and location, accord-
ingly. Then, the food center is computed for each
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iteration as:

Dfood =
∑Nbr

i=1
1
Ki

Di∑Nbr
i=1

1
Ki

(20)

3) Physical Dispersion: It is represented regarding
dispersion velocity and an arbitrary directional
vector as:

RFi = maxDS

(
1 − Ia

maxItn

)
β (21)

Where β ∈ [−1, 1] is the random directional vec-
tor.

4) Updating Position: The location of krill is
updated for a different amount of resources.
Further, the efficiency of the KH algorithm
is improved by combining the crossover and
mutation processes.

3.2.1. Crossover
Consider di,s be the sth component of Di and deter-

mined by the following equation:

di,s =
{

dt,m,

di,m,

ri,m < C0

else
(22)

In Eq. (22), C0 is the crossover probability which
is equal to 0.2K̂i,ibest .

3.2.2. Mutation

di,m =
{

Dgbest,m+ > ρ
(
dp,m − dq,m

)
, ri,m < M

di,m, Or else

(23)
In Eq. (23), M is the mutation probability which

is equal to 0.05
K̂i,ibest

. A krill’s location vector during a

period [tm, tm + �tm] is computed based on various
parameters of the movement as:

Di (tm + �tm) = Di (tm) + �tm
dDi

dt
(24)

The optimal resources linked to the overall best
krill are chosen after the process has proceeded
through the maximum number of iterations. In order
to effectively solve NP-hard server aggregation or
VM migration challenges, the resource allocation of
the fog servers (edge devices) is optimized.

Pseudocode for KH-based Optimized Resource
Allocation
Input: Number of resources, fog servers and VMs;
Output: Most optimal resources
Initialize maxItn, maxIS , maxDS , maxFS , Nbr, D and
NbrR;
Generate the location of resources randomly;
Compute the fitness of the current resource according
to its location;

while (Ia > maxItn)
Order the krill inhabitants from the most excellent to
most unpleasant;
For every krill individual do
Compute the motion induced by other krills using
Eqns. (7)–(14);
Compute foraging motion using Eqns. (15)–(20);
Evaluate the physical diffusion motion using Eqns.
(21);
Apply crossover probability and mutation probabil-
ity;
Update location for each krill using (22)–(24);
Evaluate each krill according to its new location;
Order the krill inhabitants from the most excellent to
most unpleasant;
Discover the present most excellent krill individual;

end while

Select the optimal resources associated with the
overall best krill;

4. Simulation results

This part simulates the performance of the
MSBP-PTS and MSBP-PTS-ORA algorithms using
the standard EdgeCloudSim v4.0 and compares
their effectiveness with the existing algorithms
(e.g., MSBP [14], MORA [18], OppoCWOA [20],
MDVMA [22] and COTBIS [23]).

The comparative analysis is prepared in terms of
batch sizes, network sustainability range, rate of relo-
cated VMs, overall response time and total cost.

4.1. Simulation setup

In this simulation, the actual 16 fog nodes and 27
edge nodes are used as the trial IoT system struc-
ture wherein all nodes are nearby deployed with an
edge device i.e., 16 fog servers. Also, the VM migra-
tions are enabled by the optical connection. The edge
device is set with the integrated processing ability
determined as the number of resource elements. At
first, there are n VMs functioning over the network.
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Table 2
Edge cloud-sim parameters

Entity type Parameters Range

Tasks cloudlets Task length 1–1500
Number of tasks 150
Priority of the tasks Low, medium and high

VM Number of VMs 35
MIPS 500–2000
VM memory (RAM) 256–2048MB
Bandwidth 500Mbps–1000Gbps
Cloudlet scheduler Space shared and time shared
Number of PEs requirement 1–4

Data center Number of datacenter 10
Number of host 2–5
VM scheduler Space shared and time shared

The specifications utilised in the Edge Cloud-Sim are
listed in Table 2.

These parameters can be assigned based on the
configurations of the system utilized for experi-
ments, i.e. the experiments are conducted on a system
equipped with Intel ® Core ™ i5-4210 CPU @
2.80 GHz, 4GB RAM, 1TB HDD under Windows 10
64-bit operating system. Also, such parameters are
adjusted during multiple experiments and the best set
of parameters is identified while achieving maximum
network efficiency.

4.2. Number of batches

Figure 2 illustrates the number of batches obtained
for various task scheduling and RA algorithms under
a varying amount of computing capacity per edge
device in the edge-cloud paradigm. From this analy-
sis, it is observed that the MSBP-PTS-ORA algorithm
has reduced the number of batches compared to the
MSBP-PTS and MSBP algorithms due to schedul-
ing the tasks and optimizing the resources effectively.
When the computing capacity per edge device is
150, the number of batches for the MSBP-PTS-ORA
algorithm is 42.86% less than the MORA, 36.84%
less than the OppoCWOA, 33.33% less than the
MDVMA, 29.41% less than the COTBIS, 25% less
than the MSBP-PTS and 14.29% less than the MSBP
algorithms. This is because of optimizing both tasks
and resources during VM migration.

4.3. Network sustainability level

Figure 3 depicts as the network sustainability level
accomplished by the different task scheduling and
RA under varying amount of computing capacity
per edge device. From this analysis, it is noticed
that the MSBP-PTS-ORA algorithm has an increased

Fig. 2. Number of batches vs. computing capacity per edge device.

level of network sustainability than all other exist-
ing algorithms because of reducing the frequent
VMs migration by scheduling tasks and optimiz-
ing the resources. For example, when the computing
capacity per edge device is 150, the network sus-
tainability level of the MSBP-PTS-ORA algorithm is
54.55% higher than the MORA, 41.67% higher than
the OppoCWOA, 32.81% higher than the MDVMA,
23.19% higher than the COTBIS, 18.06% higher than
the MSBP and 6.25% higher than the MSBP-PTS
algorithms.

4.4. Percentage of migrated VMs

Figure 4 illustrates the percentage of migrated
VMs for various task scheduling and RA under
a varying amount of computing capacity per edge
device. From this analysis, found that the MSBP-
PTS-ORA algorithm has the lowest percentage of
migrated VMs compared to the other algorithms
which indicate the MSBP-PTS-ORA reduces the fre-
quent migration of VMs and total computing resource
requirement of VMs. For example, when the comput-
ing capacity per edge device is 150, the percentage
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Fig. 3. Network sustainability level vs. computing capacity per
edge device.

Fig. 4. Percentage of migrated VMs vs. computing capacity per
edge device.

of migrated VMs of the MSBP-PTS-ORA algo-
rithm is 47.62% less than the MORA, 45% less than
the OppoCWOA, 42.11% less than the MDVMA,
35.29% less than the COTBIS, 26.67% less than the
MSBP and 15.38% less than the MSBP-PTS algo-
rithms.

4.5. Overall response time

Figure 5 illustrates the overall mean response
period of various task scheduling and RA algorithms.
From this analysis, it is observed that the MSBP-PTS-
ORA algorithm has minimized overall mean response
time associated to the other algorithms due to the
prioritized task scheduling and optimal resource dis-
tribution during VM migration. The overall mean
response time of the MSBP-PTS-ORA algorithm is
24.06% reduced than the MORA, 21.62% reduced
than the OppoCWOA, 18.36% reduced than the
MDVMA, 14.8% reduced than the COTBIS, 10.55%
reduced than the MSBP and 5.06% reduced than the
MSBP-PTS algorithms.

Fig. 5. Comparison of overall average response period.

Fig. 6. Comparison of total cost.

4.6. Total cost

The overall cost of fog and cloud servers comprises
the processor rate, queue storage, VM memory and
system bandwidth.

Figure 6 illustrates the total cost of various task
scheduling and RA algorithms. From this analysis,
it is noticed that the MSBP-PTS-ORA algorithm has
a minimum total cost than the other algorithms due
to the minimization of VM migrations efficiently.
The total cost of the MSBP-PTS-ORA algorithm is
62.86% less than the MORA, 58.73% less than the
OppoCWOA, 54.39% less than the MDVMA, 50%
less than the COTBIS, 45.83% less than the MSBP
and 16.13% less than the MSBP-PTS algorithms.

The MSBP-PTS-ORA is a realistic and effective
approach to achieve optimum task scheduling and
RA with least energy use, ease of implementation,
and cost compared to the other traditional algorithms
used for edge-fog task scheduling and RA, it can be
inferred from these studies and results. This approach
is utilized for use in cloud data centres as well. Addi-
tionally, this MSBP-PTS-ORA can be used as a road
plan for putting real-time applications onto RedRIS,
Amazon EC2, etc.



A
U

TH
O

R
 C

O
P

Y

K.N. Apinaya Prethi et al. / Network sustainability in edge-cloud environment 4333

5. Conclusion and future work

In this paper, the MSBP-PTS-ORA algorithm was
developed for allocating both tasks and resources
in fog-cloud computing efficiently. All incoming
requests were initially assigned to the nearest fog
server and all requests on the fog server were placed
in the appropriate priority queue. These requests were
then processed and a small number of them were sent
to another fog server if the available resources were
not sufficient to fulfill the request within the allotted
time frame. If the fog layer lacks sufficient resources
to fulfill the request, the request was then sent to the
cloud. Besides, the KH optimization was applied to
allocate the optimal resources during VM migration
by solving the NP-hard problem of RA. So, the batch
sizes were reduced and the network sustainability
was guaranteed while maintaining the provision sta-
bility. At last, the simulation results proved that the
MSBP-PTS-ORA algorithm has 2 batches, 0.4 net-
work sustainability level and 7% of migrated VMs
when the computing capacity per edge device is 200.
Also, the MSBP-PTS-ORA algorithm has an overall
mean response time of 298.3msec and a total cost of
2.6$ compared to the other MSBP algorithms.

But, the convergence and exploration performance
of the KH optimization is not satisfactory when mul-
tiple objectives are considered. Because it causes
Pareto-issue i.e., the tradeoff issue between the total
costs and the network delay. So, future work will
focus on adopting advanced optimization algorithms
to solve the multi-objective optimization problem for
RA.
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In transportation systems based on e-vehicles, the energy demand is met with the integration of renewable energy sources while
maintaining the voltage profile and mitigating the active and reactive power losses. Vehicle-to-grid optimization technique is used
to ensure this integration. Minimum active and reactive power losses are achieved when e-vehicles are integrated with the
renewable energy sources in a hybrid mode. A machine learning framework with nested learning is used to ensure optimal
methodology to trigger vehicular movement and monitoring of the SoC battery level. When the HEV operates, there is a high
possibility for battery degradation, leading to loss of its capacity. To determine the optimal policy, the TD(λ) learning
algorithm is incorporated. This algorithm is known to showcase high performance and a high convergence rate in a non-
Markovian environment. The output is simulated to record the readings observed which is aimed at optimizing the total
operation cost and reduction in battery replacement. The results show that for shorter drives, the battery replacement cost is
more and it is optimally possible to increase the battery life by 21% using the proposed work. Similarly, the recordings indicate
that the proposed work shows a significant reduction of about 8%–10% in the operating cost when compared with the RL and
rule-based policy.

1. Introduction

There is a rapid increase in energy demand by consumers
across several applications. The voltage profile has to be
maintained while reducing the energy losses in order to meet
these demands by distribution network operators. Con-
sumers are provided with energy through large distribution

and transmission networks from the centralized energy gen-
eration power plants. Throughout this process, due to distri-
bution and transmission losses, around 35% electricity is
lost. By 2030, the electricity demand is estimated to rise to
900GW while the environmental pollution may rise to
59% by conventional energy sources that operates towards
meeting this demand [1]. In order to meet the demands of
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the consumers, renewable energy sources (RESs) are
installed close to the load centers.

Along with the distribution and transmission losses,
environmental pollution can also be reduced with appropri-
ate integration [2]. At the consumer end, the green energy
generation sources installed are termed RESs. Microhydro,
wind turbines, solar photovoltaics, and so on are some of
the types of RESs [3]. The system complexity increases with
high losses, random energy consumption profiles, and differ-
ent types of connected sources with the integration of the
RES. Identification of objectives and integrated approaches
are implemented with the integration of the RES. It is crucial
to integrate the backup energy sources to increase the reli-
ability of the RES [4]. e-Vehicles or battery stations can be
considered as a backup energy source. During transporta-
tion, the excess energy from the e-vehicles can be supplied
back to the grid, enabling better payoffs at the consumer
end [5].

When energy storage facilities are not available, the self-
consumption at the generation site increases by 20–40%
with the integration of additional devices as the renewable
generation and load profiles do not coincide with each other
[6]. In Germany, the installation of over 34000 decentralized
solar energy storage systems was carried out in the past three
years. In the domestic fields, new photovoltaic plants are
installed as a routine to enable these applications [7]. During
the past few years, despite the availability of several commer-
cial energy storage devices like supercapacitors, chemical-
hydrogen storage, and batteries, none of these devices has
an efficient tracking and management system. Often, there
is a compromise in the energy device as none of the devices
can meet all the requirements of the customer for any spe-
cific application according to Daniel and Besenhard [8].

The high-power residential storage systems have a high
energy density. When two or more energy storage systems
are combined together, the coupling benefits the applica-
tions as one system complements the other based on the
demand. An overall high efficiency is achieved by the man-
agement system design in such cases. Improper utilization
of the available energy and facilities may result if the renew-
able energy allocation is not optimized. Hybrid energy stor-
age systems (HESS) are formed by pairing two different
storage devices. These devices are paired with each other
and operate on a swap mode. It is primarily used in the
building sector and several other applications. Coupling
HESS with complementary characteristics is beneficial as
the strengths of each device complement the other to opti-
mize the system.

Multiple energy storage systems are interchangeably
operated by the hybrid system thereby benefiting from the
most efficient characteristics of each storage facility. An elec-
tric vehicle installed with photovoltaic components consist-
ing of a vanadium redox flow battery as well as a solar
lead-acid battery is considered as the HESS in this work.
At a smart house premise, the power required to charge
the e-vehicle with the integration of the vanadium redox
flow battery and the solar lead-acid battery via PV installa-
tion is considered to be a commercially mature technology
as it meets the load demand in an optimized manner. Low

fluctuations are observed when lower grid interactions occur
at a higher self-energy consumption rate at both the energy
storage systems. This energy is termed the upper target. Dur-
ing deep discharges, intolerance and high current character-
istics are observed with short cycle life in the lead-acid
battery systems.

The power and capacity of the battery are independent
of their sizes, making them easy to differentiate. Without
causing any damage to the system, these batteries can per-
form deep discharge while maintaining the cycle durability
of VRB-type batteries. It is possible to operate the battery
in higher power ranges by replacing it with a powerful one
or by increasing the capacity of the storage tanks. However,
when compared to VRB, the lead-acid battery systems have a
considerable efficiency rate, medium energy density, shorter
reaction time, and financially favorable conditions. When
compared to the lead-acid battery systems, the VRB has
lesser efficiency and a higher price and can be called an
immature technology [9]. Some of the key contributions of
this proposed work include the following:

(i) Decrease in the HEV operating cost with respect to
battery replacement and fuel cost

(ii) Optimal methodology to trigger vehicular move-
ment and monitoring of the SoC battery level

(iii) Outer-loop adaptive learning to decrease battery
replacement costs and inner-loop reinforcement
learning to decrease the amount of fuel consumption

2. Literature Survey

In order to reduce the reliance on fossil fuels and adopt
RESs, decentralization of electrical energy generation is a
crucial step [10]. Over the past few years, there has been a
7% increase in wind power and 4% increase in solar PV
globally. There has been a 13% increase in wind energy
and 27% increase in the solar PV-based energy generation
on average in the last five years [11, 12]. RESs depend on
weather constraints and are unpredictable, small in capacity,
and complex. In conventional power systems, several issues
and challenges with respect to high active and reactive power
losses, voltage profile balancing, and network reliability are
caused by these characteristics [13, 14]. Hybrid backup
energy source models and enhanced integration approaches
are used by researchers to analyze the impact of the RES on
the system. Some of the most commonly used energy backup
sources are the battery banks and e-vehicles. They supply
power to the grid during peak and emergency hours and
increase reliability due to their interconnections. The system
reliability is enhanced by researchers by considering battery
banks as backup sources. Very few researchers have paid
attention to using e-vehicles for this purpose. While over-
coming the electric constraints, integration of e-vehicles into
the grid is crucial.

Reliability assessment and the advantages of integration
of the RES are discussed in [15]. Reference [16] discusses
the integration approaches and challenges of distribution
of energy sources and the uncertainty model. For energy

2 Journal of Nanomaterials



management, [17] discusses distributed energy resource
optimization using an internet framework. Reference [18]
discusses and analyzes the issues of unbalanced grids and
voltage sag. The case studies with implementation in West-
ern Australia, architecture development and application,
and adaptive schemes for renewable energy source integra-
tion are discussed in [17] for overcoming the issues in the
optimization of the RES. Improving the distribution network
voltage profile, minimization of the utility cost, energy gen-
eration cost, tariff structuring, initial cost, carbon emission,
line loading, real and reactive power losses, and other such
multiple advantages rely on the proper allocation of the
RES. Machine learning, neural network, particle swarm opti-
mization, genetic algorithms, fuzzy logic controller, and
other tools can be used for the optimization of voltage sensi-
tivity analysis, voltage indexing, power loss sensitivity tech-
niques, and other novel methods used for RES integration.
In order to integrate the RES into the grid, the roadmap is
discussed by the authors in [19] whereas the limitations of
integration of the RES into the grid are discussed by the
authors in [20]. Various optimization techniques for the
integration of e-vehicles and the grid are discussed by the
authors of [21]. The reliability of the RES and integrated grid
can be improved largely by identifying an appropriate
vehicle-to-grid optimization approach.

The currently used HESS systems cannot be optimized
with conventional techniques. Several researchers are
exploring and researching the control systems for this rea-
son. The energy flow between the conventional battery and
supercapacitor is managed with rule-based algorithms in
Chatzakis et al. [22]. The threshold values are compared
for parameters like battery output current and load demand
for the application of the respective rule. The lithium-ion
battery and LAB are used for the constitution of the HESS,
which is controlled using the abovementioned techniques.
The results are compared by Piao et al. [23]. When com-
pared to first-order filtering, the rule-based approach termed
“amplitude sharing algorithm” delivers better results. When
the battery and fuel cell or battery and superconducting
magnet are used as power storage systems, the power alloca-
tion is managed efficiently with the help of a fuzzy logic con-
troller as observed in Zhang et al. [24] and Min et al. [25].

Without the need for complex mathematical knowledge,
the most appropriate alternative can be chosen from the set
of rules designed by experts using the rule-based algorithms
to which this control technique belongs. With the increase in
complexity of the system, the difficulty in configuration also
increases [26]. The current technique in Zhang et al. [24]
focuses on the smooth operation of fuel cells rather than
the exploitation of storage systems with high-efficiency oper-
ation ranges. The generalization of the setting and attribu-
tion of a group of rules prior to design the management
techniques for the analyzed HESS is weakened and is not
considered within the scope of this paper. The first-order fil-
tering technique is the commonly used HESS management
technique in the existing literature. A conventional battery
system is used in addition to a supercapacitor or any other
storage system to manage the high power fluctuations
according to this technique [22, 27]. Along with several

parameters, the response time of the two energy storage sys-
tems is considered for designing the linear filtering system.

In the current management system, the design is inde-
pendent of the response time, and hence, the filtering tech-
niques presented by Changhao et al. and Liu et al. [23, 27]
are unsuitable. Shema et al. [28] analyze a HESS project on
the Pellworm island of the North Sea. Cost-efficient and sta-
ble energy supply is achieved by exploiting the redox flow
batteries and lithium-ion batteries used in the storage system
of the renewable energy sources, namely, 300 kWp wind
farm and 700 kWp PV park. The optimization approach
can follow the mixed-integer linear programming technique.
The generalization part is not available in the linear pro-
gramming algorithms that are applicable in a simple and
easily comprehensive manner. When global solutions are
claimed, this approach can be avoided. Hybrid techniques
are often preferred in the existing literature as several tech-
niques are combined thereby overcoming several drawbacks.
For example, two neural networks are combined with a low-
pass filter by Xia et al. in [29] to decide the reference power
percentage that must be allocated to each facility. The effi-
ciency behavior is worsened by the excessive on-site genera-
tion or demand energy partitioning between the available
storage devices, making this technique unfavorable. As
explained, unlike the case designed here, low pass filters
are not applied. Chatzakis et al. in [22] conceptualized the
combination of a filtering technique with a rule-based algo-
rithm. However, the requirements mentioned in this topic
cannot be fulfilled by this system.

3. Proposed Architecture

The proposed work is aimed at decreasing the HEV operating
cost with respect to battery replacement and fuel cost. A
machine learning framework with nested learning is used to
ensure optimal methodology to trigger vehicular movement
and monitoring of the SoC battery level. Here, an outer-loop
adaptive learning to decrease battery replacement costs and
inner-loop reinforcement learning to decrease the amount of
fuel consumed are incorporated. In the inner loop reinforce-
ment learning is used because of the following considerations:

(1) The HEV energy management inner loop holds
information on the current fuel consumption, power
demand, and vehicle speed without retaining any
prior information on the vehicle parameters

(2) Different HEV operation modes are required to
change the battery charge level, power demand,
and change in vehicle speed for a driving trip. Based
on the current state, different actions are taken using
a reinforcement learning agent

(3) Instead of decreasing the instantaneous fuel con-
sumption at every time step, the inner-loop HEV
energy management focuses on decreasing the total
amount of fuel consumed during the driving trip.
Similarly, instead of the immediate reward, rein-
forcement learning targets the cumulative return
optimization
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For optimal energy management, knowledge on the cur-
rent reward and current state of the system is required, with-
out need for prior information. To decrease fuel usage, SoH
degradation in the battery is taken into consideration along
such that the inner-loop reinforcement learning involves
battery capacity fading. The system works such that the
inner loop acts as an independent HEV energy management
system that automatically decreases the operating cost. To
determine the optimal SoC range, an adaptive learning
methodology is used in the outer loop for several trips.
The SoH battery degradation can be identified by observing
the SoC range. Hence, the outer loop is important in
decreasing battery replacement in the e-vehicle. Moreover,
using prior information about the average speed and trip
length during the driving trip, it is possible to reduce the bat-
tery replacement cost, by the outer loop.

3.1. SoH Estimation.When the HEV operates, there is a high
possibility for battery degradation, leading to loss of its
capacity. In general, a battery is said to reach its life expec-
tancy when its fading level reaches 20%–30%. This can be
expressed as follows:

Qfade =
1 −Qfull
Qnom

full
× 100%, ð1Þ

such that Qfull represents the full charge capacity of the bat-
tery and Qnom

full is the nominal value of Qfade.
Similarly, the state of charge (SoC) can be expressed

using equation (2) as follows:

SoC = Qbatt
Qfull

× 100%: ð2Þ

On continuous operation, the total capacity fading after
M cycles can be determined using equation (3) as follows:

Qfade = 〠
M

m=1
Qfade,cycle mð Þ: ð3Þ

It has been observed that the charging/discharging cycle
of the battery holds the same average SoC and same SoC
swing. But, in practical scenarios, it is not possible for the
battery to adhere to a specific charging/discharging cycle
pattern. Hence, a cycle-decoupling methodology which can
be used to determine the pattern of battery charging/dis-
charging is used. Using this technique, it is possible to calcu-
late the total fading capacity of the battery.

3.2. Reinforcement Learning. In the reinforcement learning
environment, “agent” represents the decision maker while
every other thing is known as the “environment.” An
agent-environment interaction is represented in Figure 1
for a sequence of “t” discrete time steps. Here, the state of
the environment is observed for every step “t” such that a
set of possible actions and states is taken into consideration.
After one time step, the outcome of the action taken is given
as a reward while a new state is established in a different

environment. To incorporate inner-loop reinforcement
learning, the reward for the action taken should be known
to the HEV controller (agent) as it plays a crucial part in
deriving the optimal policy. For an action taken “a” in state
“s,” the reward “r” can be evaluated using the following for-
mula:

r = −mf :ΔT −w:ΔQfade, ð4Þ

such that w represents the battery weight, xx is the length of
the time step, and ΔQfade and w are the battery capacity fad-
ing and fuel consumption rate, respectively. Here, mf :ΔT
can be determined directly from the fuel consumption while
ΔQfade can be determined with the help of SoH estimation
and cannot be determined online. However, since the time
complexity is large, it is safer to derive ΔQfade using an
equivalent cycle method.

Accordingly, it is possible to calculate the SoQavg and
SoQswing values using equation (5) as follows:

SoQhigh = max
t

SoQ tð Þ,

SoQlow = min
t
SoQ tð Þ,

SoQavg =
SoQhigh + SoQlow

2 ,

SoCswing = SoQhigh − SoQlow:

ð5Þ

Agent Environment

Action

State Reward

Figure 1: Interaction between the agent and the environment.

Table 1: Key parameters.

Denotation Parameters Rating

Lw Distance between wheels and axles 2.5m

A Vehicle frontal area 3.48m2

M Total vehicle mass 1360 kg

η Total transmission efficiency 98%

Rw Wheel radius 0.36m

f e Bearing friction coefficient 0.001

α Total gear ratio 10.0
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3.3. TD(λ) Learning Algorithm. To determine the optimal
policy, the TD(λ) learning algorithm is incorporated. This
algorithm is known to showcase high performance and a
high convergence rate in a non-Markovian environment.
The lambda “λ” parameter represents the trace decay
parameter. It lies within the range 0 and 1. Here, for every
state-action pair, the Q value is represented by Qðs, aÞ. The
charge level is represented as “q” and the vehicle speed is
represented as “v” with respect to the state “s.” Similarly,
the action “a” will pick the kth gear ratio and its correspond-
ing “i” current is discharged from the battery. The following
are the steps involved in the TD(λ) algorithm:

Step 1. An arbitrary value is assigned for Qðs, aÞ at the initial
stage.

Step 2. For every step “t,” an action “a” is chosen based on
the values of Qðs, aÞ.

Step 3. The exploration-exploitation policy is used to avoid
the risk of being caught in an optimal solution. This means
that for the current state, the maximum Qðs, aÞ is not chosen
using the action “a”.

Step 4. Based on the action chosen, a new state is identified
and given the reward.

Step 5. According to the reward and state, the values of Qð
s, aÞ are updated for the various values of ðs, aÞ pairs within
eðs, aÞ. eðs, aÞ represents the eligibility of every state-action
pair that has been previously used.

Step 6. A new constant λ is used which holds a value between
0 and 1.

Step 7.When using the eligibility of the state-action pair, it is
not necessary to update “e” and the Q value for every state
action.

Step 8. Hence, a record of the most recent state-pair action
“M” is recorded while all other pairs are ignored.

4. Result and Discussion

The operation of the electric vehicle is simulated and devel-
oped using vehicle simulator ADVISOR. Table 1 represents
the key parameters that are taken into consideration. In this

work, we have compared the proposed work with the rule-
based policy and reinforcement learning policy.

The output is recorded. Based on the simulation results
observed, the following are the outcomes recorded:

(1) On optimizing the total operation cost, it is seen that
the replacement cost of the battery is significant

(2) The cost of replacing the battery is a significant part
of the total operating cost and is even identified to be
higher than the fuel cost

(3) The RL policy that is in effect will use the rule-based
policy to decrease the fuel consumption. However,
this policy will not take into consideration the cost
of the battery

The results of the observations are tabulated in Table 2
which also shows that for shorter drives, the battery replace-
ment cost is more and it is optimally possible to increase the
battery life using the proposed work.

The reading was taken for several trips across Coimba-
tore, Tamil Nadu, India, and the amount of charge required
for the trips was recorded. The recordings indicate that the
proposed work was able to record a significant reduction
in the operating cost when compared with the RL and
rule-based policy.

5. Conclusions and Future Scope

In this paper, the HEV energy management is outlined as
well as a solution to efficiently manage it through optimiza-
tion of the HEV operating cost with respect to battery
replacement and fuel cost. In this work, the instantaneous
fuel consumption is decreased at every time step, with focus
on reducing the total amount of fuel consumed with inner-
loop HEV energy management. Similarly, instead of the
immediate reward, reinforcement learning targets the cumu-
lative return optimization. The proposed work indicates that
for shorter drives, the battery replacement cost is more and
it is optimally possible to increase the battery life by 21%.
The readings observed also show significant reduction of
about 8%–10% in the operating cost when compared with
the RL and rule-based policy.

Data Availability

The data used to support the findings of this study are
included within the article.

Table 2: Operating cost of the proposed, RL, and rule-based policies.

Trip Distance Proposed (in Rs.) RL (in Rs.) Rule-based (in Rs.)

Gandhipuram to Brookfield Road 3 km Rs.4.26 per unit Rs.4.52 per unit Rs.4.64 per unit

Gandhipuram to Sai Baba Colony 2.7 km Rs.4.06 per unit Rs.4.36 per unit Rs.4.58 per unit

Gandhipuram to Rs. Puram 2.9 km Rs.4.12 per unit Rs.4.46 per unit Rs.4.65 per unit

Saravanampatti to Ganapathy 4 km Rs.5.45 per unit Rs.5.69 per unit Rs.5.83 per unit

Saravanampatti to Gandhipuram 8.7 km Rs. 12.64 per unit Rs.14.04 per unit Rs. 15.12 per unit
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