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Abstract
Internet of Things (IoT) is a new age technology that connects virtually every IP-
enabled things in the world. Because of the constrained nature of the resources, 
energy-efficient clustering plays a very important role in successful implementation 
of these networks and also in increasing its lifetime. The proposed methodology 
provides an adaptive cluster head selection algorithm based on glow-worm swarm 
optimization algorithm. Most of the existing approaches groups nodes into clusters 
containing a fixed number of nodes. This is not applicable in certain cases, such as, 
when many of the nodes are dead. In the proposed approach, the number of nodes 
in each cluster is not fixed, and it automatically changes according to the number 
of alive nodes in the network, which increases the lifetime of the network. The pro-
posed approach also ensures the minimum overlapping of the clusters by selecting 
geographically distributed cluster heads which increases the energy efficiency of the 
network by minimising the communication overhead. Repeated selection of cluster 
head also helps in load balancing in the network. We have implemented the pro-
posed algorithm in OMNET++ simulator and demonstrated how it behaves with 
different densities of sensor deployment and communication ranges. The proposed 
algorithm is found to work notably well as compared to state-of-the-art IoT cluster-
ing protocol even when more than 20% nodes run out of energy. As time progresses, 
the improvement is even more apt.
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1  Introduction

Internet of Things (IoT) [1] refers to the level of network interconnectivity 
between IP-enabled physical beings or non-physical entities. It then enables these 
things to collect and exchange data. Things, in the context of IoT, refers to a vari-
ety of devices with built-in sensors enabling them to transfer useful data to the 
cloud to be processed and saved [2].

IoT is becoming increasingly popular and is involved in many real-life applica-
tions such as smart city, smart agriculture, smart environment monitoring, smart 
water, security monitoring, healthcare systems, military services, and industrial 
control [3, 4].

For providing these various ranges of applications, the IoT devices placed over 
a particular area may collect and transmit the sensed or their context data to the 
servers over the Internet in a periodic manner or in real time. The size of data 
may vary from the small ones, such as temperature or humidity, to the relatively 
larger ones, such as images [5]. For a large-scale IoT network, having each IoT 
device connected to the server with an individual connection may result in the 
excessive requirement of Internet connections, as well as the waste of wireless 
resources of an IoT network. Clustering is one of the most important things in IoT 
[6]. An effective topology is necessary so that the real-world things can optimize 
their communication, can conserve limited energy, and be able to increase the 
connectivity between neighbouring peers and offer better services. This is due 
to the fact that IoT is actually an opportunistic network and at the same time all 
real-world things are not IP-enabled [7]. To meet these goals, the research and 
development communities have accepted clustering as an efficient approach for 
its well-known advantages.

In this regard, clustering provides energy-efficient routing by minimizing the 
number of participating nodes in the route formation. It also allows data aggre-
gation and provides Quality of Service (QoS) [7]. Clustering for multi-layer IoT 
architecture is also reported in the literature where a few IP-enabled nodes in one 
layer connect to the cluster heads of the sensing devices in the lower layer [8]. 
Moreover, clustering also improves the network scalability and optimizes lifetime 
of a network for large-scale deployments. Current research efforts on IoT cluster-
ing (e.g. [2, 3, 9–11]) are benefiting from the state-of-the art research for wire-
less sensor networks (WSNs), particularly since the sensors are the basic compo-
nents of IoT and WSNs. To achieve numerous benefits of clustering algorithms, 
state-of-the-art technologies have been found to chose the cluster head selection 
approach. As the cluster heads are expected to have high processing power and 
can bear more communication load, many methods are introduced to elect the 
cluster head in an optimized way [12–14].

Different bioinspired algorithms are also used for clustering which are mod-
elled on the basis of living systems [10, 15, 16]. Particle swarm optimization 
(PSO), artificial bee colony approach have been used in many techniques for 
this purpose. Few other works have proposed firefly-inspired algorithms where 
the “real-world things” carry out intense competitions to be cluster heads (CHs), 
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while trying to attract peers to their clusters. As sensors imitate a major part in 
the growing domain of Internet of Things (IoT), these algorithms are expected to 
perform well in the dynamic field while simultaneously adapting to contextual 
changes and optimizing use of the limited resources [17, 18].

The motivation behind the work is that most of the existing clustering algorithms 
divide the network into a predetermined number of clusters, which is not suitable 
when many of the nodes in the network are dead. The main contribution of the pro-
posed work is self-adaptation by rearranging the clusters when most of the cluster 
heads are dead along with choosing the cluster heads in such a way that energy con-
servation by the network is maximized.

In the proposed architecture, the devices of the IoT network are grouped into 
clusters and a representative device for each cluster is selected, known as cluster 
head (CH), that collects the data from the rest of the devices in each cluster and 
communicates with the server on behalf of the other devices instead of having a 
per-device Internet connection and communication. Conservation of the Internet 
connectivity and the wireless network resources could be made possible by the pro-
posed architecture.

The main two contributions of this paper are:

•	 The paper presents a clustering algorithm using modified GSO (glow-worm 
swarm optimization) which is able to divide the IoT network into optimised 
number of clusters, such that the communication overhead is minimum and the 
lifetime of the network is optimised.

•	 The proposed methodology repeats the cluster-head selection, so that the load 
is uniformly distributed among the nodes. Again, the geographic distribution of 
the CHs severely influences the overall energy consumption of the network. For 
prolonging the lifetime of the network, the proposed algorithm ensures that the 
cluster heads are spread evenly.

The rest of the paper is organized as follows: Sect. 2 presents the literature survey 
followed by a brief description of the proposed methodology in Sect. 3. Section 4 
summarizes the experimental setup and analysis of the experimental results, while 
Sect. 5 concludes.

2 � State‑of‑the‑art clustering protocols

In this section, the existing clustering protocols applicable in the field of IoT and 
WSN are discussed briefly. Several works are proposed in the literature to enable the 
advantageous features of clustering in the above-mentioned networks (Table 1). 

In MHCM [9], authors have proposed a clustering algorithm which minimizes the 
number of Internet connections with optimum delay. Their proposed mechanism is 
comprised of two steps: computing the smallest set of coordinators which covers all 
IoT nodes in the network N within a maximum hop count constraint H. This is done 
by repeatedly selecting a coordinator node ∈ N which can reach the largest number 
of member nodes within H in a greedy manner. This is followed by optimizing a 
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total count of the selected coordinators during the first step by rearranging the map-
ping of member nodes to the coordinator.

In SBEEM [2], authors have proposed a balanced energy-efficient clustering 
algorithm, named as BEE. It can elect CHs according to both energy consumption 
and sensor distributions. It not only extends the networks longevity, but also main-
tains the network coverage. The authors assumed that all the IoT devices are capable 
of MIMO. If a node is selected as CH, it turns on MIMO to receive data from dif-
ferent sources through different communication channels. Then, the CHs compress 
the received data and transmit the data back to the BS. A sensing node only selects 
one communication interface and a CH for transmission through the Smart-BEEM 
algorithm.

Swarm intelligence algorithms are also proposed for cluster head selection of IoT. 
In ASFiCA [10], authors have proposed a firefly-based clustering algorithm. In the 
micro-clustering phase of ASFiCA, real-world things compete among themselves 
and self-organize for forming a cluster. After this, in the macro-clustering phase, 
again the clusters compete to integrate with the small neighbouring clusters. The 
above approach is implemented for IoT clusters for self-adaptation and selecting/
rejecting things depending on their performance in the network and its current 
deployment area.

In EPMS [19], authors have proposed a particle swarm optimization-based clus-
tering algorithm with mobile sink for wireless sensor network. For a typical sensor 
network with N′ sensors, the network is divided into M′ clusters. First, the network 
region partition line is determined by using the PSO algorithm. In the cluster head 
selection phase, according to the coordinates of the nodes in each region, the centre 
of gravity of the region is calculated. Then, the distance from the node to the centre 
of gravity is obtained. Then, the average residual energy of all nodes in each cluster 
is calculated. The selected cluster head node has the highest residual energy. A Hello 
packet is broadcasted by the mobile sink node within two hop range from the cluster 
head. The mobile sink node selects the cluster with maximum average remaining 
energy. The collected data by the cluster head are transmitted to the mobile sink 
node. After a certain duration, the Hello packet is broadcasted again and the sink 
node moves to the next position.

In UCRA-GSO [20], authors have proposed a GSO-based clustering routing algo-
rithm. For clustering, in the fitness function of GSO, the local density of each cluster 
head, the average distance within cluster, the energy consumption of nodes within a 

Table 1   Comparison between existing clustering algorithms

Algorithm Energy Reliability Latency QoE 
awareness

Benchmark

EPMS, 2017 [19] ✓ X X X LEACH, PEGASIS
ASFiCA, 2017 [10] ✓ ✓ ✓ X HRPM, GMR
MHCM, 2018 [9] ✓ X ✓ X LEACH, HEED
SBEEM, 2018 [2] ✓ X X ✓ BEEM
UCRA-GSO, 2019 [20] ✓ X X X LEACH, EMR, USC
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cluster and the dispersibility of the cluster head have been taken into account. Ini-
tially, a node having residual energy more than the average residual energy is con-
sidered as a cluster head; then, the GSO algorithm has been used to determine the 
optimal clustering method. After clustering a spanning tree has been formed among 
the selected cluster heads. If the distance between the cluster head and the base sta-
tion is less than the communication range, then the cluster head directly transfers the 
data; otherwise, adjacent cluster head with the lowest cost function that is closer to 
the base station is selected as the next hop.

Most existing clustering algorithms focus on maintaining the number of sensors 
that are still alive to extend the longevity, ignoring the distribution of the sensors 
[21–23]. The coverage of a network is highly determined by the sensor distribution, 
and it is crucial in most systems, like in smart city, smart agriculture, smart environ-
ment monitoring, healthcare systems, etc. [24–27]. Our proposed methodology takes 
into account that some nodes may be dead, after certain round, therefore, rearranges 
the clusters to extend the lifetime of the network. Moreover, it ensures that the clus-
ter heads are equally distributed in the region of interest.

3 � Proposed methodology

The concept of GSO is applied here to solve the dynamic cluster formation and clus-
ter head selection problem of IoT. The GSO mechanism is modified to suit for the 
problem. Each IoT node is considered to be a glow worm, that is, a candidate solu-
tion. The proposed GSO-based cluster-head selection scheme is divided into three 
phases: sensor luciferin update phase, cluster formation phase, and neighbourhood 
range update phase. The overview of GSO is presented first. The proposed algo-
rithm and its complexity analysis are presented in subsequent subsections.

3.1 � Overview of GSO

The GSO algorithm was first introduced in [28]. The agents in the GSO algorithm, 
called glow-worms, carry a luminescence quantity called luciferin. Each glow-worm 
is attracted by the brighter glow of other neighbouring glow-worms. Based on this 
local decision range, eventually a global solution is reached. In GSO, a swarm is 
composed of N agents called glow-worms. A state of a glow-worm i at time t can be 
described by the following set of variables: a position in the search space (xi(t))) , a 
luciferin level (li(t))) and a neighbourhood range (ri(t))) . GSO algorithm describes 
how these variables change over time.

Initially, agents are randomly distributed in the search space. Other parameters 
are initialized by predefined constants. Each next iteration is composed of three 
phases: luciferin-level update, glow-worm movement, and neighbourhood range 
update.

To encode the fitness of the current position of a glow-worm i in the luciferin 
level, the following formula is used:
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where � is the luciferin decay constant, � is the luciferin enhancement constant, and 
J is an objective function.

Then, each glow-worm tries to find its neighbours. In GSO, a glow-worm j is 
a neighbour of a glow-worm i only if the distance between glow-worms i and j is 
shorter than the neighbourhood range (ri(t))) , and additionally, glow-worm j has 
to shine brighter than i(lj(t) > li(t)) . If one glow-worm has multiple neighbours, it 
chooses one at random with probability proportional to the luciferin level of this 
neighbour. Finally, a glow-worm moves one step in direction of the chosen neigh-
bour. Step size is constant and equals s.

In the last phase, the neighbourhood range ri(t) is updated in order to limit the 
range of the communication from an ensemble of agents. The following formula is 
used:

where rs is the sensor range (a constant, which limits the size of the neighbourhood 
range), nd is the desired number of neighbours, ||ni(t)|| is the number of neighbours of 
a glow-worm i at time t, and � is a model constant.

3.2 � System model

Given a set of sensors, S ∶=
{
s1, s2, ...sNoS

}
 , with the following properties.

•	 Sensing range of each node: rs.
•	 Decision range of each node: rd . Initially rd = rs.
•	 Initial voting index of each sensor : v0 = 0.
•	 Initial energy level of each sensor = e0.
•	 Initial luciferin intensity of each sensor: l0.
•	 Let CH := 

{
c1, c2, ...ck

}
 denote the set of cluster heads and N ∶=

{
n1, n2, ...nk

}
 

denote the number of members in each cluster. Initially, each node is treated as 
cluster head, i.e. every node is forming a cluster with only one member, that is, 
ni = 1∀i.

•	 Desired number of nodes in each cluster := M, where M is dependent on the 
sensing radius of the deployed nodes.

•	 All the nodes have their unique id.

As a response of Hello message for neighbour discovery, nodes would send their 
unique id. The sender node is able to compute the distance depending upon the 
response time taken by the receiver node. There is no need to know the position of 
all the nodes.

After deployment of the nodes, the sink node gathers the initial properties of each 
node. After that, it initiates the cluster head selection algorithm for the first time. 
The selected cluster head information is sent to the nodes after successful execution 

(1)li(t) = (1 − �)li(t − 1) + �J((xi(t))

(2)ri(t + 1) = min

{
rs, max

[
0, ri(t) + �

(
nd −

|||n
i(t)

|||
)]}
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of the algorithm. Thereafter, whenever energy of any cluster head becomes less than 
a threshold value (insufficient residual energy to perform as a cluster head), it sends 
a request to the sink node for re-invoking the algorithm. The proposed modified 
GSO cluster head selection algorithm contains three phases:

•	 Luciferin Update Phase
•	 Cluster Formation Phase
•	 Neighbourhood-Range Updation Phase

Different phases of the algorithm are described in the following subsections. The 
proposed modified GSO algorithm for cluster head selection is summarized as 
Algorithm 1.

3.2.1 � Luciferin update phase

Initially, each sensor has its own luciferin intensity. The luciferin intensity of each 
sensor node in the modified GSO algorithm is updated depending upon its

•	 Present luciferin intensity l(t).
•	 Remaining residual energy e(t). The more the residual energy, more will be the 

luciferin value as the cluster heads consume more energy than other nodes.
•	 Number of neighbour nodes within its decision range ||Ht

|| . The higher the con-
nectivity index, higher will be its luciferin value as that reduces the number of 
required clusters.

•	 Voting index v(t). Higher voting index is proportional to its luciferin index as it 
will help the selection of cluster heads geographically distributed and hence will 
improve the coverage of the network.

Thus, the sensor luciferin update rule for sensor si is given by

where w, x, y, z are constants denoting weights of the factors.
Since according to luciferin index a node is voted in the voting phase, it is impor-

tant to update the luciferin value in a significant way. In the above equation, four 
main factors have been considered. 

(3)si.l(t + 1) =

w × si.l(t) + x ×
si.e(t)

e0
+ y ×

si.|Ht|
M

+ z ×
si.v(t)

NoS

w + x + y + z
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3.2.2 � Cluster formation phase

In the modified GSO algorithm, instead of glow-worm movement phase, a new 
phase named cluster formation phase is introduced. This phase is further divided 
into two subphases (1) voting phase and (2) cluster formation phase as described 
below.
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•	 Voting Phase In the find_neighbours() procedure as described in Algorithm 1, 
the “Hello” messages are sent to all single hop neighbours. Each node that 
receives a “Hello” message, sends a reply to its sender along with its unique id.

	   During the cluster head selection, a voting mechanism is executed to select 
the cluster head with respect to every sensor node. On behalf of every node, a 
vote is registered for the node which has the highest luciferin value among its 
neighbours. In case of a tie, that is, if more than one nodes have same and high-
est luciferin value, then the vote is registered for the node with lowest index.

•	 Cluster Head Selection Phase All the non-cluster-head node n becomes the 
member of the cluster with cluster head ci which has the maximum voting index 
among node n’s neighbours, and the selected cluster head node becomes its own 
cluster head.

Thus, in the voting phase, each node votes the node with the highest luciferin value 
in its neighbourhood, and voting index of each node is calculated. In the cluster for-
mation phase, all the voted nodes are informed that they have been selected as clus-
ter heads and also the set of nodes which have voted it become the member nodes of 
its respective cluster. This voting phase also prevents the overlapping of the clusters.

3.2.3 � Neighbourhood‑range updation phase

During the neighbourhood range update phase, the neighbourhood range of each 
sensor si is updated based on the following rule:

where � is a constant parameter.
The above procedure is repeated until all the clusters have the desired number of 

neighbours or the clusters have become stable, that is, no changes have been found 
in cluster head selection phase for 3 consecutive iterations.

At the end of the execution of the algorithm, the cluster head selection informa-
tion for each node is sent to them. Also, the nodes which are selected as the cluster 
head are notified by the sink node.

The entire procedure is summarized as Algorithm 1.

3.3 � Complexity analysis

Control message overhead is an essential metric for protocol complexity analysis. In 
this section, we have analyzed the complexity of the proposed algorithm.

Lemma 1  The control message complexity of the algorithm is O(N).

Proof  Different types of message passing used in the proposed algorithm are as 
follows:

Hello_Message: From each node to their H one-hop neighbour.

(4)si.rd(t + 1) = min
{
si.rs, max

{
0, si.rd(t) + �

(
M − ||si.Ht

||
)}}
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Reply_Message: From each node to their P sender nodes of Hello_Message.
Details_Message: From each node to sink node.
Cluster_Head_Selection_Message: From sink node to each node

Number of one-hop neighbour of each node H is trivially less than or equal to N, 
where N is the number of deployed nodes. Therefore, O(H) = O(N).

Number of sender nodes P of hello_message is also trivially less than or equal to 
N. Therefore, O(P) = O(N).

∴ O(H) + O(P) + O(N) + O(N), that is, O(N) + O(N) + O(N) + O(N) , that 
implies, O(N). 	�  ◻

4 � Experimental results

The experiments are conducted using OMNET++ network simulator to validate the 
proposed clustering technique. The experimental setup is described first followed by 
a brief discussion of the results.

4.1 � OMNET++

It is an extensible, modular, and component-based, object-oriented C++ simulation 
library and framework used for network simulation such as wired and wireless com-
munication networks and queueing network [29]. It provides graphical user interface 
with eclipse-based IDE and a host of other tools (OMNET++) [30]. OMNET++ 
is more scalable than other simulators for large-scale IoT simulation as reported by 
[31].

INET framework [32] contains models for Internet stack, wired, and wireless link 
layer protocols that makes it suitable for IoT applications.

4.2 � Results and discussion

As a proof of concept, a INET-based application is developed to test the perfor-
mance of the proposed algorithm.

Nodes are deployed randomly in the experimental region. Figure 1 shows a sam-
ple deployment of the network in INET platform having 50 nodes where the sink is 
located at the centre of the region. The nodes with rectangular boxes are selected as 
cluster heads by the proposed modified GSO algorithm. It can be observed from the 
figure that the cluster heads are equally distributed throughout the region of interest.

Let us consider the case as shown in Fig. 2, say N1, N2, N3, N4, N5 are neigh-
bours to each other. Suppose in the voting phase it is seen that N2 and N5 have same 
luciferin value and both of them are highest among other neighbours. Then accord-
ing to the algorithm if there is a tie between N2 and N5, then vote will be registered 
for N2 as it has minimum identity number.
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Consider the following scenario as shown in Fig. 3. N1, N2 and N3 are neigh-
bours of N4, and these three nodes vote N4. Node N5 has neighbour nodes N4, N6 
and N7. These three nodes vote N5. According to the algorithm, since N4 is already 
chosen as a cluster head, it will not be any node member of any other cluster. So N1, 
N2, N3, N4 will form a cluster and N5, N6 and N7 will form another cluster.

After clusters are formed, each node sends data at a constant rate of 4 packets per 
second. Each packet can contain at most 8 kbits, i.e. 32 kbits/s. Thus, in each round 
of simulation, each node/the network communicates 32 kbits in 1 s. The default 
communication range for the nodes is 70–100 m following IEEE 802.15.4 standard.

Fig. 1   Deployment of the network in INET

Fig. 2   Cluster head selection in 
case of a tie
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The first experiment is conducted to explore how the stability of clusters varies 
with network size. From Fig.  4 it is observed that the clusters become more sta-
ble when more nodes are deployed. Here, by number of rounds we mean the time 
after deployment as data are being transmitted after a fixed interval. The proposed 
algorithm is invoked whenever the residual energy of the cluster head is below a 
threshold energy, and eventually, a new cluster head is selected. When the number 
of deployed nodes is more, since there is more option of re-selection of cluster head, 
the clusters are more stable than when the number of nodes deployed is less. A net-
work of 600 nodes and more indicates more or less stable clustering performance.

The next experiment is conducted to explore the effect of node densities and 
communication ranges on cluster formation as shown in Fig. 5. The figure reveals 
that the number of clusters formed is dependent on the communication range of 
the deployed nodes. Communication range of the nodes and the number of cluster 
formed are inversely proportional to each other. As according to the proposed algo-
rithm, only one hop neighbours can remain in the same cluster; therefore, more the 
communication range, less would be the number of clusters, as one cluster can now 
cover a wider geographic area.

The next experiment is focused to explore the relation between the number of 
isolated nodes and number of rounds. From Fig. 6, it is observed that, initially, 
there are no isolated nodes. However, after running for longer time, there would 

Fig. 3   Cluster head selection in case of overlapping sensing range
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be some isolated nodes as many neighbour nodes would be dead. It also depicts 
that percentage of isolated nodes are inversely proportional to the number of 
nodes deployed. A node is isolated only when all its one hop neighbours are dead. 
For a network of 800 nodes, even after 4500 rounds, that is, 4500/4 = 1125 s after 
initiation (sending 4500 messages), there are hardly any isolated nodes. Even a 
sparse network of 100 nodes is able to operate successfully without any isolated 
nodes for 3000 rounds following the proposed algorithm.

Fig. 4   Changes in number of clusters with respect to network size and simulation time

Fig. 5   Effect of sensors densities and communication ranges on number of clusters
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Consequently, the next experiment is conducted to explore the relation between 
the percentage of dead nodes and number of rounds. It is observed from Fig. 7 that 
the rate of increase in number of dead nodes is very low. Since the algorithm is 
using only one hop transmission, and re-selection of cluster heads ensures proper 
load balancing, hence, the life span of individual nodes gets improved.

In Figs.  8, 9, and 10, the percentage of isolated nodes, number of clusters 
formed, and percentage of dead nodes are tested with varying constants w,  x,  y, 
and z, respectively, where the weight coefficient of each evaluation factor satisfies 

Fig. 6   Number of isolated nodes with respect to number of rounds

Fig. 7   Effect of percentage of dead nodes per round on number of nodes deployed



1 3

Energy‑efficient cluster head selection algorithm for IoT…

Fig. 8   Percentage of isolated nodes with respect to varying constants (w, x, y, z)

Fig. 9   Number of clusters formed with respect to varying constants (w, x, y, z), respectively

Fig. 10   Percentage of dead nodes with respect to varying constants (w, x, y, z), respectively
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w + x + y + z = 1 . Different representative value combinations are explored in 
order to cover the entire horizon. These constants are used in equation 3. As can be 
observed from the figures, the value combination of w = 0.3, x = 0.2, y = 0.3, z = 0.2 
gives the best results as it results in more stable clusters (Fig. 9), resulting in lesser 
percentage of dead nodes (Fig. 10).

To compare the effectiveness of our protocol, our work is compared with the 
EPMS protocol [19] and UCRA-GSO protocol [20]. In EPMS, the authors have 
used particle swarm optimization and in UCRA-GSO authors have used GSO for 
clustering. The comparison is made on the basis of the number of nodes alive per 
round (NoS = 100). The results are depicted in Fig. 11. From the figure it is clear 
that, though in initial rounds the EPMS and UCRA-GSO are found to give compa-
rable results, but, after around 10–20% nodes are dead, the proposed mechanism 
works better as it is changing the cluster heads depending on the residual energy. As 
time progresses, the improvement is even more apt.

It has been observed that after around 3000 rounds, the algorithm is re-invoked. 
The energy consumed by the nodes to rerun the algorithm is calculated, and residual 
energy of the nodes is updated accordingly by the simulation environment. Though 
it is obvious that additional energy is consumed while re-selecting the cluster heads, 
it is done only when the cluster head does not have the sufficient residual energy to 
perform its functions. In this scenario, the re-selection increases the lifetime of the 
network by balancing the load among the nodes. Because of this, load balancing 
among the number of alive nodes is better in our protocol.

Thus, to summarize our findings, the number of clusters is found to become sta-
ble for a long runtime if more than 600 nodes are deployed. More communication 
range would obviously call for lesser no of clusters. Denser networks provide better 

Fig. 11   Comparison of the proposed methodology with EPMS [19] and UCRA-GSO [20] with respect to 
number of alive nodes per round
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performance. With 800 nodes, the network performs better without any isolated 
nodes even after 4500 rounds.

5 � Conclusion

In this paper we have introduced an adaptive cluster head selection algorithm based 
on glow-worm swarm optimization. The algorithm is able to divide the whole net-
work into optimised number of clusters. In the developed technique the number of 
nodes in each clusters is not fixed, and it automatically changes depending on the 
number of alive nodes in the network, which reduces the number of isolated nodes 
and also increases the lifetime of the network. The algorithm ensures minimum 
overlapping of the clusters using voting mechanism which minimizes the commu-
nication overhead. The algorithm is automatically initiated by the sink node when 
any cluster head is dead. Repeated selection of cluster heads and reformation of the 
clusters ensure proper load balancing in the network and simultaneously increase the 
lifetime of the network. The designed algorithm is executed in OMNET++ and has 
shown the various outcomes in different conditions such as after different number of 
rounds, changing the sensor densities, communication ranges and varying the con-
stants. The results show how the clusters are self-adaptable after different number 
of rounds depending on number of alive nodes. Moreover, it has also been demon-
strated how the developed technique works better than a state-of-the-art technology 
in terms number of alive nodes after a certain number of rounds.

We would like to discuss certain limitations of our proposed method. First, the 
proposed algorithm can tolerate node movement as long as the resultant topology 
remains unchanged. In future, we plan to explore such scenario where movement 
of some nodes in the clusters does not hamper the performance of the IoT devices. 
Second, heterogeneity of the nodes in terms of battery backup would not hamper the 
working of the algorithm. However, the performance could be improved if strategic 
placement of such nodes is considered. Thus, in future, placement of heterogeneous 
IoT nodes and their effect on clustering could be investigated. We plan to explore 
the strategic placement of edge servers for this purpose for better bandwidth and 
scalability.
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Abstract
Recently developed IoT devices are capable of gathering, storing, and processing 
more data than ever before. This calls for the need for scalability. Through the use 
of edge computing, more processing functions can be relocated closer to where 
the data is gathered through the IoT devices. Here, processing tasks may be placed 
in the edge computing units (ECUs). Each ECU may host a cloudlet consisting of 
a number of virtual machines, where tasks could be executed. Due to the need to 
ensure near real-time response of the jobs, efficient job scheduling is required. Few 
recent works addressed this issue of job scheduling at the edges. However, many 
important constraints such as job dependency, job conflict along with heterogene-
ous edge infrastructure are not found to be considered. Accordingly, in this paper, 
we have proposed an optimal job scheduling approach based on the cuckoo search 
algorithm to handle these challenges subject to energy efficiency and resource uti-
lization. The proposed algorithm is simulated and found to work notably well as 
compared to state-of-the-art edge-computing-based job scheduling techniques, espe-
cially when the jobs have conflict or dependency among them. The work is reported 
to achieve above 85% resource utilization even in the presence of job conflicts and 
dependencies.
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1  Introduction

In this digital era, Internet of Things (IoT) [1, 2] is an emerging field that con-
nects various smart devices and sensing appliances to the Internet such that a 
plethora of societal applications can be designed for smart agriculture, smart grid, 
smart home, smart healthcare, and so on. This leads to the wide availability of 
networked computing environments for private, public, and business spaces. Most 
of the IoT applications are data intensive requiring huge processing and storage 
capability. Thus, cloud computing came up as the default solution for large-scale 
and moderate-scale IoT-based applications [3][4]. IoT with cloud computing 
infrastructure is particularly utilized when the applications require high availabil-
ity and processing, and need ample storage space [5, 6].

The extended capability of IoT enables data collection, data storage, and data 
analytics closer to the end-user so that it can be made suitable for time strin-
gent real-time applications [7]. However, the decentralized nature of IoT does not 
scale well with the rather centralized structure of the cloud. The requirement of 
huge network bandwidth can be a hindrance to real-time IoT cloud-based applica-
tions. Maintaining a steady quality of service along with the quality of experi-
ence for heterogeneous IoT users is challenging [5, 8–10]. In this scenario, the 
edge computing paradigm boosts IoT applications by eliminating offloading of 
information to or from the cloud over the Internet. Edge computing is used to 
process time-sensitive data, while cloud computing is used to process data that 
is not time-driven. Therefore, the timeliness of task execution is more crucial in 
edge computing than in cloud computing. Edge Computing is regarded as ideal 
for operations with extreme latency concerns. The edge devices are generally 
placed at the gateway in close proximity to the end devices. Thus, real-time ser-
vices can be designed efficiently while taking advantage of location awareness 
as edge devices are nearer to the source. Due to the wide availability of different 
types of portable computing devices and servers, edge computing-based solutions 
are highly investigated recently [11–13].

Placing the IoT services in the Edge Computing Units (ECUs) definitely miti-
gates the bandwidth burden in IoT and meanwhile improves the quality of service 
(QoS) [14–17]. However, as the service requirements are originated from a vari-
ety of IoT devices, characterized by various data standards, the IoT service place-
ment in edge computing is somewhat critical [18–20].

Considering the geographically scattered IoT services in the whole deployment 
area, the ECUs are subject to underload or overload resource usage, which affects 
the service performance in edge computing [21, 22]. Furthermore, due to the 
wide deployment of ECUs, the energy cost needs to be optimized for the sustain-
able development of the IoT industry [23, 24].

On the other hand, some IoT services may have conflicts, and hence, they may 
not be processed in the same ECU due to security issues. Apart from conflicts, 
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dependencies can also exist among the IoT services. Thus, the order of execu-
tion must be maintained [25] at the edge so that the output of a task can be 
fed as an input to its dependent task. Hence, for providing proper QoS of IoT 
services across ECUs, it is of utmost significance to avoid privacy conflicts and 
maintain the job dependencies among the IoT services during IoT service place-
ment [26–28]. Priority is another aspect that should be looked into in order to 
address the different QoS requirements of the various IoT services. Particularly, 
the real-time services should be assigned high priority in order to retain the QoS 
guarantee [29–31].

With these observations, it is still challenging to optimize the overall ECU execu-
tion performance w.r.t the resource usage and the power consumption of ECUs for 
IoT service placement problems. There are very few works on job scheduling in IoT-
based edge computing environments. Most of the works are found to consider one 
aspect or the other. Some works are based on job priority as in [9] while the work 
reported in [23] considers resource utilization. However, works could not be found 
that consider the following important aspects.

•	 Job priority,
•	 Inter Job dependency,
•	 Job conflicts, and
•	 Heterogeneous ECU capacities.

Accordingly, the main contribution of this work is that a job scheduling algorithm 
is proposed considering all the above conditions that produce a job schedule in a 
way to optimize the overall ECU performance in terms of both the resource utiliza-
tion and energy efficiency. In view of these challenges, the candidate solution space 
becomes exponentially large. This motivates the usage of meta-heuristic optimiza-
tion algorithms as they enable exploration and exploitation across the search space. 
Cuckoo search-based optimization is found to be efficient in reaching convergence, 
while it also has a powerful exploration mechanism through levy flights. Hence, we 
have proposed a cuckoo search-based Job Scheduling (CSJS) approach in this paper 
that takes care of the four above-mentioned conditions while producing an opti-
mized job schedule at the edge devices.

The rest of the paper is organized as follows: Sect. 2 presents the literature survey 
followed by a brief description of the proposed methodology in Sect. 3. Section 4 
summarizes the experimental setup and analysis of the experimental results while 
Sect. 5 concludes.

2 � Related work

In this section, the existing job scheduling protocols applicable in the field of IoT 
are discussed briefly. The works also highlight the need for edge computing research 
w.r.t IoT job scheduling as its characteristics differ from that of cloud.

In [23], authors utilized the edge computing as a novel paradigm to process the 
IoT service placement in smart cities. They considered conditions such as, load 
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balance, energy consumption and resource utilization to optimize the quality of IoT 
services in smart city. They have adopted the strength Pareto evolutionary algorithm 
(SPEA2) technique to obtain the balanced service placement strategies for optimiz-
ing multiple performance metrics while avoiding the privacy leakage and satisfy-
ing the time constraints. The authors did not consider the dependency and priority 
constraint among jobs. In the study the job placement is given, job scheduling is not 
considered.

In a simulation study, the authors of [1] suggested a conceptual framework for 
fog resource provisioning. They introduced the concept of ”fog cell”, which is a 
software component running on fog devices that controls and monitors a particu-
lar group of IoT devices. Using this and other related concepts, they model orches-
tration of IoT devices using a hierarchical cloud/fog resource control and provide 
a suitable resource provisioning solution for distributing tasks among them. The 
study in [24] has proposed a messaging method with low overhead that notifies fog 
nodes about nearby replica nodes so that the replica nodes can be used for handling 
requests instead of depending on cloud storage. However, energy consumption was 
not considered in both the study.

In [26], a Simulated Annealing Algorithm (SAA) is used to compare the per-
formance of the GA in its centralized and distributed forms. SAA is another AI-
based algorithm which can be used to solve NP complete optimization problems in a 
heuristic approach. They haven’t considered any dependency and conflict constraint 
among the jobs.

In [27], authors first introduced FOGPLAN, a framework for QoS-aware Dynamic 
Fog Service Provisioning (QDFSP). QDFSP concerns the dynamic deployment of 
application services on fog nodes, or the release of application services that have 
previously been deployed on fog nodes, in order to meet the low latency and QoS 
requirements of applications while minimizing the cost. FOGPLAN framework is 
practical and operates with no assumptions and minimal information about the IoT 
nodes. Next, they have presented a possible formulation (as an optimization prob-
lem) and two efficient greedy algorithms for addressing the QDFSP at one instance 
of time. Finally, the FOGPLAN framework is evaluated using a simulation based 
on real-world traffic traces. Simulation results showed that delay and overall cost is 
reduced but at the cost of slower runtimes.

In [29], authors designed a novel mobility-aware online service placement frame-
work to achieve a desirable balance between time-averaged user-perceived latency 
and migration cost. To tackle the unavailable future system information, which 
involves mobility pattern and request arrival processes, authors utilized Lyapunov 
optimization technique to incorporate the long-term budget into a series of real-time 
optimization problems. They have developed two efficient heuristic schemes based 
on the Markov approximation and best response update techniques to approach a 
near-optimal solution. Through extensive simulation, authors demonstrated the 
effectiveness of their online algorithm while maintaining the long-term migration 
cost constraint. However, in this work authors have considered only mono-objective 
optimization in terms of latency. Energy consumption or resource utilization was not 
considered in this study.
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In [30], authors presented two alternatives for the service orchestration in such 
distributed edge systems. They proposed strategies either to orchestrate the system 
in a completely flat architecture, or in a hierarchical recursive manner. The first 
option assumes that all the infrastructure islands are controlled by a single manager, 
i.e., OpenStack, so an extension is proposed to make it suitable for the distributed 
edge topology. The second option places an extra orchestration component next to 
each infrastructure manager, e.g., next to an edge node’s Docker engine, and organ-
izes them in a multi-layer topology. With both solutions the aim is to quickly and 
efficiently map incoming service deployment requests to physical resources. How-
ever, in this study, authors have only considered service placement and disregarded 
server activation and deactivation.

The authors in [32] proposed a PSO-based heuristic strategy to solve the joint 
problem of service placement and task provisioning. This algorithm solved the 
resource scheduling problem by greedy-based and genetic-based algorithms. How-
ever, scarcity of resources in fog nodes, due to the main functions load, significantly 
degrades the platform’s performances.

In [33], authors have mathematically formulated the task scheduling problem to 
minimize the total energy consumption of fog nodes (FNs) while meeting the qual-
ity of service (QoS) requirements of IoT tasks. They have also considered the mini-
mization of the deadline violation time in their model. Next, authors have proposed 
two semi-greedy algorithms to efficiently map IoT tasks to the FNs. It is interesting 
that they have not only considered the deadline requirement but also evaluated the 
performance based on the total deadline violation time.

In [34], the task scheduling problem in fog-based IoT applications is inves-
tigated with the aim of achieving an efficient policy in terms of time and energy 
saving under resource and deadline constraints. In order to ensure efficient sched-
uling, authors have proposed and utilized CDDQL scheduling algorithm. To deal 
with long-time waiting tasks in the VM queue, they have proposed an approach to 
reschedule them. Having more than one scheduler helped in load balancing and 
avoided the Single Point of Failure (SPoF) issue in the network. According to the 
results, the algorithm performed better than other algorithms including first come 
first serve strategy, random scheduling strategy and a learning-based Q-learning 
scheduling. Having more than one scheduler helped in load balancing and avoided 
the SPoF issue in the network.

A nature-inspired multi-objective task scheduling algorithm called the electric 
earthworm optimization algorithm (EEOA) is proposed in [35] for IoT requests in 
a cloud-fog framework. Based on execution time, cost, makespan, and energy con-
sumption, the suggested scheduling technique’s performance was assessed on a sim-
ulator using significant instances of real-world workloads.

In [36], authors have proposed a dual-phase metaheuristic algorithm called 
CSSA-DE to efficiently assign an IoT-task at a VM in the cloud. First, they have con-
ducted a clustering approach to group computing nodes into effective clusters. Then, 
authors have integrated the sparrow search algorithm (SSA) with the differential 
evolution (DE) algorithm to expand the high search efficiency of finding an appro-
priate pair task-VM combination. The work takes care of resource fragmentation and 
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hence utilization. However, job dependency and job conflict are not considered by 
any of the above mentioned ([33–36]) works.

In Table 1, the comparison with the proposed algorithm along with the state of 
the art technologies have been shown. As can be observed, the existing works indi-
cate usage of meta-heuristics techniques to optimize the edge performance. Condi-
tions such as, QoS, migration cost, and resource utilization are given importance. 
Most of the works mainly considered the server side issues while framing the opti-
mization approach. The deadline requirements of the tasks, heterogeneous ECU 
environments, and job priorities are considered by a few recent works. However, 
most of the literature often ignored any relationship such as, dependency or conflict 
in the jobs to be scheduled. However, these are important criteria for scheduling jobs 
at the edge nodes. Thus, a meta-heuristics-based approach is designed in this work 
that is based on cuckoo search optimization technique. An overview of this tech-
nique is detailed in the following section.

3 � Overview of cuckoo search algorithm (CSA)

CSA is one of the latest nature-inspired metaheuristic algorithms, developed in 2009 
by Xin-she Yang and Suash Deb [37]. CS is based on the obligate brood parasitic 
behavior of some cuckoo species in combination with the Levy flight behaviour of 
cuckoo bird. The pseudocode for cuckoo search is described in Algorithm 1.
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When generating new solutions x(t+1)
�

 for � th cuckoo, a Levy flight is performed 
using the following equation

where xt
j
 and xt

k
 are two different solutions selected randomly by random permuta-

tion, H(u) is a Heaviside function, � is a random number, and s is the step size.
On the other hand, the global random walk is carried out by using Levy flights

where Γ(�) is the Γ function and � the random step length. Levy flights essentially 
provide a random walk while the random steps are drawn from a Levy distribution 
for large steps (1 < 𝜆 ≤ 3).

The three idealized rules of cuckoo search and how these rules help in solving the 
optimization problem are listed in Table 2.

CSA has mainly two advantages 

a.	 It satisfies the global convergence requirements.
b.	 It supports local and global search capabilities.

Recent studies show that in comparison with Genetic Algorithm, cuckoo search has 
a high exploration ability due to its mutation related Levy flights, yet can converge 
quickly for job scheduling at grids as in [38].

CSA has two distinct advantages, such as, efficient random walks and balanced 
mixing. Levy flights are reported to be applied in optimization to improve the 
efficiency of the search process for nature inspired algorithms as in [39]. In [40], 
authors have proved that CSA can degenerate into a variant of Differential Evolu-
tion (DE), as well as an Accelerate Particle Swarm Optimization (APSO) algorithm. 
This means that SA, DE and APSO are special cases of CSA and that is one of the 
reasons that CSA is so efficient.

In this work, CSA has been applied for scheduling the jobs at the edges.
We hypothesize that consideration of QoS-based constraints (such as, priority, 

job conflict, and job dependency) in the fitness function of a metaheuristic algorithm 
like cuckoo search which satisfies global convergence requirements as well as local 
and global search capabilities will converge to come up with an optimized schedule 
for the IoT jobs.

This hypothesis has been validated through algorithm formulation and experi-
mentation as detailed in the subsequent sections.

(1)x(t+1)
�

= xt
�
+ �s

⨂
H(pa − �)

⨂
(xt

j
− xt

k
)

(2)xi
t+1

= xi
t
+ �L(s, �)

(3)L(s, 𝜆) =
𝜆Γ(𝜆)sin(𝜋𝜆∕2)

𝜋

(
1

s1+𝜆

)
, (s ⩾ s0 > 0)
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4 � Proposed methodology

The architecture and system model is presented first in order to formally define the 
problem. Then, the proposed job scheduling approach is detailed in this section.

4.1 � System model

The IoT service placement architecture utilized in this work is presented in Fig. 1. 
The architecture consists of three layers. 

1.	 IoT device layer
2.	 ECU layer
3.	 Cloud Data Server layer

Fig. 1   System model

In IoT device layer, numerous IoT devices are placed. Here, M number of IoT 
devices are considered to be deployed. Let each IoT device deploys one service that 
needs to be processed remotely. That means M number of jobs are to be processed, 
defined as J =

{
j1, j2,… , jM

}
 . Initially, jobs are placed in a waiting queue. Proposed 

scheduling algorithm would determine which jobs should be placed in which ECU 
depending upon various criteria so that job execution cost is minimized whereas the 
ECU utilization would be maximized.
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In the ECU layer, there are L number of ECUs deployed where L << M , defined 
as E =

{
E1,E2,… ,EL

}
 . Each ECU consists of an access point and a variable num-

ber of VMs. Jobs will be placed in the VMs of the respective ECUs according to 

Table 3   Used parameter details

Parameters for defining ECU
VMi Number of virtual Machines in ith ECU
jVMi,r List of jobs placed in ith ECU w.r.t round r
L Number of ECU
Parameters for defining Jobs
M Number of jobs
DURj Execution time of jth job
RVMj Required number of VM for execution of the jth job
Pj Priority sequence number of the jth job
Sj State of the jth job. Defined in Eq. 4
Dj Dependency list of the jth job, i.e., list of all jobs jk 

such that Dk
j
= 1

Defined in Eq. 5
Cj Conflict list of the jth job, i.e., list of all jobs jk such 

that Ck
j
= 1

Defined in Eq. 7
RDj Execution ready state of the job. Defined in Eq. 6
Parameters for energy cost calculation
� Power required for active ECU
� Power required for active VMs
� Power required for inactive VMs in active ECUs
AEi,r Status of ith ECU w.r.t round r. Defined in Eq. 8
AVMi,j,r Status of jth VM of ith ECU w.r.t round r. Defined in 

Eq. 9
TEr Total energy consumed in round r. Defined in Eq. 10
NEr Normalized energy consumed in round r. Defined in 

Eq. 11
T Total time for execution of all jobs
EC Total energy consumed in round r. Defined in Eq. 12
 Parameters for resource utilization calculation
NRUr Normalized resource utilization in round r. Defined in 

Eq. 13
 Parameters to calculate fitness value
� Constant multiplied with energy parameter
� Constant multiplied with resource utilization parameter
CJi,j,r List of compatible jobs of job j in ith ECU w.r.t round r
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the scheduling algorithm, such that the energy consumption cost is minimized and 
simultaneously, the resource utilization is maximized. It is the responsibility of the 
ECU to execute the jobs or to send them to cloud data server as per the need.

All the parameters related to job definition, ECU definition, energy cost and 
resource utilization have been described in Table 3.

4.2 � Problem definition

The problem can be defined as follows.
Let there be M number of jobs and L ECUs. Each ECU has a variable number of 

VMs. The objective of the algorithm is to produce a job schedule such that 

a.	 Energy consumption is minimized.
b.	 Resource utilization is maximized.
c.	 In the schedule, properties like job conflict and dependency are maintained.
d.	 Prioritizing the execution of higher priority, ready for execution jobs.

Some of the constraints are 

1.	 All jobs are non-pre-emptive.
2.	 Any single job will be allocated to a single ECU, though it may require more than 

one VMs.
3.	 Any job can start its execution only after all the jobs, on which it is dependent 

have already completed their execution.
4.	 No two jobs can be placed in the same ECU at the same time which have conflicts 

among themselves.

To solve the above job scheduling optimization problem, a cuckoo search-based 
job scheduling algorithm has been proposed.

4.3 � Method overview

All the jobs 
{
j1, j2,… , jM

}
 are placed in the priority queue, with status 0 as defined 

in Eq. 4, sorted according to their respective priority index 
{
p1, p2,… , pM

}
.
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Initially, all the VMs of all the ECUs 
{
E1,E2,… ,EM

}
 are empty. A job ji is ready to 

be executed if all the jobs jk on which it is dependent, as defined in Eq. 5, have been 
executed.

The scheduling algorithm extracts the list of highest priority jobs which are ready to 
be executed, i.e RDj = 1 as per equation 6.

Then, a set of initial solutions has been generated with all combinations of ready to 
be executed, highest priority jobs and the ECUs. Now using these initial solutions, 
a cuckoo search-based algorithm is executed to select the set of solutions with the 
highest fitness value. To calculate the highest fitness value, at first, the compatibility 
of the ECUs with the jobs in the solution is checked. A job is compatible with an 
ECU if the ECU has sufficient number of available VMs required for the execution 
of the job and no already assigned jobs have conflict with the job under considera-
tion, as defined in the Eq. 7.

In the proposed work, in every round, the energy cost and resource utilization have 
been calculated that are fed in the fitness value calculation so that the optimized job 
sequence can be selected. The energy cost and the resource utilization calculations 
are shown in the following subsections.

4.3.1 � Energy cost calculation

For a job that is compatible with an ECU in the solution set, the amount of energy 
to be consumed, if the job is placed in that ECU, is calculated. The number of active 
ECUs with active VMs are calculated as follows.

(4)si =

⎧
⎪⎨⎪⎩

0 if ji is in the waiting queue

1 if ji is placed in the ECU

2 if ji has been completed and removed from the ECU

(5)Dk
i
=

{
1 if ji is dependent on jk
0 if ji is not dependent on jk

(6)RDj =

{
1 ∀ jobs jp ifD

p

j
= 1 and sp = 2.

0 Otherwise

(7)Ck
i
=

{
1 if ji has conflict with jk
0 if ji does not have conflict with jk
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Equation  8 determines whether the ith ECU is active in round r. The ith ECU is 
considered to be active in round r if there is at least one VM in that ECU, in that 
particular round, which is executing a job. That means the length of JVMi,r must be 
greater than 0, where JVMi,r is the list of jobs placed in the ith ECU w.r.t round r.

Whether the jth VM of ECUi is active in round r is determined as follows.

JVMi,r is the list of jobs of ith ECU in round r. For example, if the ECUi has 3 
VMs then JVMi,r may contain the list [[j1],  [],  [j2]]. That means in the round 
r,VMi,1 is executing j1 , while VMi,2 is not executing any job, and VMi,3 is execut-
ing j2 . So, JVMi,r[1] > 0 , JVMi,r[2] = 0 , and JVMi,r[3] > 0 . Thus, by Eq.  9, 
AVMi,1,r = 1,AVMi,2,r = 0 , AVMi,3,r = 1 . The total energy consumed in round r 
is calculated using Eq. 10. The energy is consumed in three ways, through active 
ECUs ( � per unit), active VMs ( � per unit), and inactive VMs of the active ECUs 
( � per unit). Accordingly, the total energy requirement, TEr is calculated as follows.

The total energy cost, TEr is normalized w.r.t the maximum energy consumption per 
round as follows.

Accordingly, the total energy consumption for T rounds is computed as follows.

4.3.2 � Resource utilization

The normalized resource utilization is calculated, assuming the job to be placed in 
that ECU as follows.

(8)AEi,r =

{
1 if len(JVMi,r) > 0

0 Otherwise

(9)AVMi,j,r =

{
1 if len(JVMi,r[j]) > 0

0 otherwise

(10)

TEr = � ×

i∑
p=1

(
AEp,r

)
+ � ×

L∑
i=1

VMi∑
j=1

(
AVMi,j,r

)
+ � ×

L∑
i=1

AEi ×

VMi∑
j=1

(1 − AVMi,j,r)

(11)NEr =
TEr

(L × �) + � ×
∑L

p=1
VMp

(12)EC =

T∑
r=1

TEr
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It represents ratio of the total number of active VMs with the total number of VMS 
in all active ECUs. Any active ECU consumes a lot of energy irrespective of how 
many jobs are placed there. So, the proposed algorithm tries to maximize the uti-
lization of the VMs of the active ECUs before needing to activate an additional 
ECU. Since the inactive ECUs do not consume any energy therefore, the normalized 
resource utilization has been calculated taking only the number of active ECUs. The 
algorithm is detailed in the following section.

4.3.3 � Algorithm overview

The proposed cuckoo search-based Job Scheduling (CSJS) algorithm takes the list 
of jobs to be executed and returns the optimized job sequence such that the con-
sumption of energy cost is minimized and the resource utilization is maximized.

Since there are M jobs and L ECUs so there will be ML possible ways of alloca-
tion of such M jobs in L ECUs. The jobs considered for execution must have the fol-
lowing properties. 

a.	 The job has not started execution.
b.	 There exists at least one ECU such that it has sufficient number of empty VMs 

for execution of the job.
c.	 All the jobs on which the opted job is dependent have completed their execution.

The suitability of ECU for the execution of the job depends on mainly two factors. 

a.	 There are enough VMs available in the ECU for the execution of the job.
b.	 No job which has a conflict with the selected job is presently being executed in 

the ECU.

The CheckCompatibility( jobj, ecui ) procedure is invoked to check the compatibility 
between an ECU and a job. It returns 1 if jobj is compatible with ecui , otherwise, 
returns 0. This procedure is invoked by the fitness function F( jobj, ecui ), while cal-
culating the fitness value of a solution.

Depending on the fitness function, the proposed CSJS algorithm, summarized 
as Algorithm  2, selects the best suitable solution. For implementation of cuckoo 
search, on Steps 9 to 19 of Algorithm 2, the initial nests are considered to be ran-
domly generated sequence of (job,ECU) set. While generating new solutions in 

(13)NRUr =

∑L

i=1

∑VMi

j=1
AVMi,j,r

∑L

i=1
(AEi,r × VMi)
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step 16, for say cuckoo i, a Levy flight is performed. Here, the consecutive jumps/
steps of a cuckoo essentially form a random walk process which obeys a power-law 
step-length distribution with a heavy tail. Thus, the chances of stucking at a local 
optima are minimized. As t increases, steps started decreasing and intensification 
of solution space has been achieved. From here the algorithm would find out the 
best cuckoo, that is the optimized sequence of (job, ECU) set. The cuckoo Search 
is executed either up-to a given no of times or till three iterations that the algorithm 
chooses the best cuckoo, whichever is less. According to the result produced by the 
algorithm, the selected jobs are placed to the respective ECUs and the status of the 
jobs are changed to 2 following Eq. 4. The procedure is repeated till all the VMs are 
full or there is no ready to be executed job whose status = 0 . The jobs start execut-
ing. When a job finishes its execution, it is removed from all the VMs which it is 
acquiring and its status becomes 2. Whenever a VM becomes empty, the procedure 
of job selection is again repeated, till all the jobs have status= 2 . The fitness value is 
calculated by Algorithm 3 where the normalized resource consumption and resource 
utilization are taken into account while assigning the jobs to compatible ECUs. 
The weight for the two factors are determined empirically. It is to be noted that the 
energy consumption is a cost that should be minimized while resource utilization is 
the benefit that should be maximized.

Table 4   Experimental setup 
parameters

Key parameter Value

M 250
L 10
VMi [1, 7]
� 300 W
� 50 W
� 30 W
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Table 5   Jobs description for 
performing a case study

id Priority RVM Dependency Conflict Duration

0 6 1 [] [18, 5] 6
1 3 1 [] [18, 3] 8
2 5 1 [] [] 4
3 1 1 [2] [8] 10
4 2 2 [3, 2, 1] [3] 6
5 7 1 [] [17] 10
6 1 1 [2] [] 13
7 1 1 [2, 6] [19, 4, 3] 4
8 1 1 [] [14] 7
9 5 1 [2, 3] [] 1
10 1 2 [5, 3] [7, 6] 12
11 5 1 [9] [] 1
12 4 2 [] [] 6
13 7 1 [] [18, 12] 11
14 7 1 [6, 2, 1] [0, 15] 9
15 2 1 [0] [14, 3] 4
16 2 1 [] [2] 5
17 6 2 [] [] 12
18 3 2 [0, 2] [] 9
19 2 2 [13, 6, 15] [] 2
20 2 1 [0, 5] [19] 5
21 4 2 [18, 12] [] 6
22 1 2 [] [] 4
23 5 1 [0, 1] [7] 9
24 6 2 [11] [] 6
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5 � Experimental results and discussion

In this section, numerical results are presented to evaluate the performance of the 
proposed CSJS algorithm. In order to validate the results, the proposed algorithm 
is simulated using the MATLAB simulator.1 Here, it is assumed that the number of 
jobs=250, and number of ECUs=10. Number of VCs of each ECU arbitrarily varies 
from 1 to 7. Power consumption by active ECU, active VMs and inactive VMs are 
�, �, � , respectively following the values stated in [23]. The code is also executed in 
Python 10.8.3 version for verification of the opted result.

In Table 4, the default parameter settings for evaluating CSJS are listed. The val-
ues are taken following the datasheet [23]. A case study is presented first to show the 
detailed working of the algorithm. For explaining the case study, a small set of 24 
jobs has been considered to ease our explanation domain. However, for calculating 
the results, 250 jobs are considered. A brief discussion of the experimental results is 
presented in the subsequent subsections.

5.1 � Case study

A case study has been performed with 25 jobs. In Table 5, a job is described by the 
following parameters.

•	 Id: Provides the unique identification number of the job.
•	 Priority: Priority of a particular job.
•	 Dependency: Provides the list of the job ids, on which the job is dependent.
•	 Conflict: Provides the list of the job ids with which the particular job has a con-

flict.
•	 Duration of a particular job w.r.t round.

Table 6 has provided optimized job schedule for the given job description in Table 5 
as the output of the proposed CSJS algorithm. It has shown round wise details, i.e; 
on which round, which job will be placed on an ECU such that the resource utiliza-
tion is maximized as well as the energy consumption is minimized. It is to be noted 
that in Table  6 some fields are left blank as no jobs are assigned to the VMs of the 
ECUs for that particular round. From Table 6 it is also seen that any new ECU is 
assigned only if no other active ECUs have sufficient number of VMs to execute a 
particular job. The resource utilization is calculated on the basis of the VMs used in 
the active ECUs. Even with heterogeneous ECUs with job conflicts and dependen-
cies, the resource utilization is found to be around 82% which is quite appreciable.

From Tables  5 and 6, it can be observed that the algorithm is focusing on job 
priority. For example, job 8 and job 22 started their execution first, having priority 1, 
provided they do not have any job dependency, or job conflict with the jobs in avail-
able VMs.

1  https://​www.​mathw​orks.​com/​produ​cts/​matlab.​html.

https://www.mathworks.com/products/matlab.html
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Handling of job dependency by the algorithm is reflected in Table 6. For exam-
ple, job 6 has priority 1, but it is not able to start its execution till round 5 when job 
2 finishes its execution, as job 6 is dependent on job 2 (shown in Table 5).

The algorithm also handles job conflict as is reflected in Table 6. For example, in 
round 5, job 3 is placed in ECU2, though there was sufficient VM available in ECU1 
because job3 has a job conflict with job 8 (shown in Table 5).

5.2 � Performance tuning of the proposed CSJS algorithm

The default values of the setup parameters taken in this section are listed in Table 4. 
Thus, the results are reported for 250 jobs with 10 ECUs. It is important to find out 
the optimized value of the weight parameters � and � used in Algorithm 3 for calcu-
lating the optimized job schedule. In Fig. 2, the consumed energy cost and resource 
utilization with respect to different number of jobs are tested with varying the values 
of ( � , � ), respectively, where the weight coefficient of each evaluation factor satisfies 
� + � = 1.

Different representative value combinations are explored in order to cover 
the entire horizon. As can be observed from the figures, the value combination 
( � = 0.5, � = 0.5 ) gives the best results. Thus, equal weightage for both the factors 
seem to work best for job selection as it maximizes resource utilization (Fig.  2a) 
while consumes less energy as shown in Fig. 2b. For rest of the experiments, both 
the factors are given equal weightage accordingly.

Fig. 2   Effect on different metrics with varying constants ( � , �
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In order to ensure reproducibility of the results it is important to ensure that the 
proposed algorithm converges after a finite number of iterations. Convergence of the 
CSJS algorithm is explored and the result is shown in Fig. 3. It is found that the out-
come stabilizes after 50 iterations for varying number of jobs. Thus, the subsequent 
results are taken at more than 50 iterations in order to report stable output.

5.3 � Analysis of VM requirements

It is important to investigate the required number of VMs based on the demand, 
that is, the jobs to be assigned for getting the optimized result. An experiment 
has been conducted, by varying the total number of VMs with respect to different 
number of jobs. Two different scenarios are considered as follows. 

1.	 Without considering job conflicts and dependency and
2.	 Considering job conflicts and dependency.

Figure 4 shows the resultant output for the metrics resource utilization (Fig. 4a, 
4b) and energy cost consumption (Fig. 4c, 4d), respectively. It is clearly shown in 
the figures that when there is no job conflict and dependency, with the increase of 
number of VMs, the resource utilization increases (Fig.  4a) and simultaneously, 
the consumption of energy is decreased (Fig. 4c). However, when job conflict and 
dependency are considered, the resource utilization gets increased up to 60% (shown 
in Fig. 4b) but beyond that, no further improvement could be observed because of 
job dependencies. Thus, even if the edge infrastructure is increased, it cannot be 
utilized beyond a point since the dependent jobs need to wait till their requisite jobs 
finish execution.

An experiment is conducted to further dig into the relationship between the ECUs 
along with its VMs and the number of jobs. Figure 5 shows the results of the experi-
ments that has been conducted with even and uneven distribution of VMs in the 
ECUs. It is shown in the figure that even distribution, that is, homogeneous VMs 

Fig. 3   Convergence performance of the proposed CSJS algorithm
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(a) Normalized resource utilization with no job conflict and dependency

(b) Normalized resource utilization with job conflict and dependency

(c) Energy consumption with no job conflict and dependency

(d) Energy consumption with job conflict and dependency

Fig. 4   Variation of energy consumption and normalized resource utilization for varying percentage of 
VMs w.r.t number of jobs
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(a) Resource Utilization for homogeneous and heterogeneous ECUs with no job conflict and
dependency

(b) Resource Utilization for homogeneous and heterogeneous ECUs with job conflict and de-
pendency

(c) Energy consumption for homogeneous and heterogeneous ECUs with no job conflict and
dependency

(d) Energy Consumption for homogeneous and heterogeneous ECUs with job conflict and
dependency

Fig. 5   Variation of normalized resource utilization and energy consumption w.r.t even and uneven distri-
bution of VMs in the ECUs
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give better result in terms of minimum energy consumption and maximum resource 
utilization. Interestingly, it is also shown that, there is minor difference between the 
two scenarios when the job conflict and dependency are not considered (Fig. 5a, c). 
However, difference in performance could be observed when the job conflict and 
dependency are considered (Fig. 5b, d).

5.4 � Comparison with state‑of‑the‑art techniques

The experiments have been performed to compare the proposed algorithm with the 
state-of-the-art algorithms. For this purpose, the proposed algorithm has been com-
pared with commonly used strategies and a state-of-the-art scheme TSP (Trust ori-
ented IoT service placement) reported in [23]. The following commonly used intui-
tions are considered.

•	 BestFit where the jobs are placed in the ECU which has the least number of 
available VMs, but enough for execution of the job.

•	 FirstFit where jobs are placed to the first ECU having required number of VMS 
for execution of jobs.

(a) Normalized Resource Utilization without considering job conflicts and dependency

(b) Normalized Resource Utilization considering job conflicts and dependency

Fig. 6   Normalized resource utilization consumption w.r.t varying number of jobs
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It is clearly seen from the Figs. 6a, b and 7a, b that, the proposed algorithm outper-
forms BestFit and FirstFit methods in terms of maximum resource utilization and 
minimum energy consumption. The proposed algorithm works in a comparable way 
with the work reported in [23] when no job conflict and dependency are consid-
ered and performs better than the work in [23] when job conflict and dependency 
are considered. This is because the proposed algorithm has considered dependency 
while populating the initial solutions for cuckoo search (reflected in line no 3 of 
Algorithm 2) and have considered job conflict while calculating the fitness value.

6 � Conclusion

In this paper, we have introduced an optimal job scheduling algorithm for IoT in 
edge computing environment, based on cuckoo search algorithm. The algorithm 
is able to produce a suitable job schedule subject to different constraints such as, 
job priority, dependency among various jobs, and job conflicts. The algorithm 
ensures maximum resource utilization and minimum energy consumption. The 
algorithm supports heterogeneous ECUs consisting of varying number of VMs. 
The designed algorithm is implemented in MATLAB and is shown to perform 

(a) Total energy cost consumption without considering Job conflicts and dependency

(b) Total energy cost consumption considering Job conflicts and dependency

Fig. 7   Total energy cost consumption w.r.t varying number of jobs
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well in different conditions such as, with and without job conflict and depend-
ency, and even and uneven distribution of VMs. The results show how the devel-
oped technique works better than a state-of-the-art technique in terms of energy 
consumption and resource utilization.

We would like to discuss certain limitation of our proposed method. First, 
the proposed algorithm hasn’t considered the job migration from one ECU to 
another, as the job migration results in more energy consumption. Secondly, all 
the jobs are considered here to be non-pre-emptive. Thus, in the future, the pre-
emptive job scheduling problem will be explored considering the situation where 
job migration is necessary.
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