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Abstract
Background: The Social Internet of Things (SIoT) combines IoT with social
networking, enabling objects to interact based on social relationships and
facilitating user-device interactions. However, SIoT networks generate massive
data that must be transmitted and processed efficiently. We propose a cluster-
based aggregation model for SIoT to address this, integrating relationship-
cluster head selection with K-Means and data compression using Huffman
coding. Objectives: The proposed model utilizes K-Means to select cluster
heads based on object relationships. Objects are clustered using K-Means,
and a Decision Tree considers object profiling and relationships to choose the
cluster head. Selected cluster heads employ Huffman coding to compress data
before transmission to the sink node.Methods: The data are aggregated at the
cluster head and it is compressed before sending it to the destination device.
Model is evaluated through simulation-based experiments using the SIoT-
CCN simulator. Findings demonstrate that our proposed model outperforms
existing approaches in terms of energy consumption, network lifetime, and
data aggregation accuracy. Findings: Evaluation metrics include Silhouette
Score, Number Distance between Train and Test K-Means, BIC Score, and
Gradient of BIC Scores. Results for our proposed model include a Silhouette
score of 0.459 for cluster numbers 2, 3, and 4, -1148.951 distance between
train and test K-Means, -5227.080 BIC Score, and -96.445 Gradient of BIC
score. For the Relation-Based clustering approach without data compression,
the Silhouette score is 0.6266, -203.345 distance between Train and test K-
Means, -7266.080 BIC Score, and -61.415 Gradient of BIC Scores. The Data
Compression-enabled cluster-based aggregation model without relationship-
based clustering achieves a Silhouette score of 0.58, -467.890 distance between
train and test K-Means, -8981.786 BIC Scores, and -94.244 Gradient of BIC
Score. Novelty: Integrating relationship-cluster head selection with K-Means
and data compression with Huffman coding to develop a cluster-based
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aggregation model for SIoT, demonstrating its potential to enhance SIoT
performance.
Keywords: Clusterbased model; Cluster head selection; Data aggregation;
Data compression; Social Internet of Things

1 Introduction

The Internet of Things (IoT) (1–3) is described as physical devices or “things” that are
connected over a network which consists of devices with software, sensors, and various
technologies to get connected and exchange informationwith other devices and systems
over the network. Social IoT is a network of social objects that are considered intelligent
based on the concept of a social relationship built between objects. The main objective
of SIoT is to allow people to apply restrictions to preserve their privacy, allow objects
to have their own social network, and access the outcome of the object’s independent
inter-object interaction by separating two levels of objects and people. The social
network relation (4,5) SIoT consists of many smart objects widely connected across the
network and location. These smart objects are of different sizes and have computation
capabilities, communication capabilities, and sensing capabilities. However, these smart
objects have limited memory, processing resources, bandwidth, power, and a limited
lifetime. To increase the object lifetime by reducing the network bandwidth, save energy,
and reduce the burden on the network, data aggregation plays a very crucial role. Data
Aggregation involves the process of collection, aggregation, and sending the data to Base
Stations which are produced by smart objects. In the cluster-based approach, distance
is considered to group the devices into several clusters. (6)

Considering certain criteria in every cluster, a head of the cluster is chosen (7–10).
The main task of this head of the cluster is to receive aggregate and transmit the data.
Each device within a cluster that has data to be transmitted sends data to the cluster
head of the same cluster. Later head of the cluster receives the data and sends the
data to the Base Station. Since data is transferred from the head of the cluster to the
Base Station, it saves a large amount of energy and reduces the network’s bandwidth.
Since a member of the cluster sends data to the head of the cluster and the cluster
head sends data to the base station it reduces the chances of collision and energy
consumption (11,12).The emergence of the Social Internet ofThings (SIoT) has led to the
development of many innovative applications that enable social interactions between
people and objects. However, the large amounts of data generated by these objects can
be challenging to handle. Also, for effective and efficient data aggregation in devices that
have formed a social relationshipwith each other over the network and location, cluster-
based data aggregation is very suitable as it is robust in nature, guarantees the accuracy
of information shared, reduces the redundancy of the transmitted data, minimizes
network’s load as the head of the cluster will be the only device that will be sending the
data to the base station.Therefore, in this paper, we propose a relationship-cluster head
selection and data compression-enabled cluster-based aggregation model for SIoT. The
novelty of this proposed approach lies in the integration of relationship-based clustering
and Huffman coding for data compression in a cluster-based aggregation model for
SIoT. It also takes into account the selection of cluster heads and data consistency, which
are important considerations in SIoT. In contrast to existing literature, the proposed
approach is a comprehensive solution that combines several techniques for efficient
data transmission and storage in SIoT. Furthermore, it provides a robust and effective
solution to reduce the data transmission amount between IoT devices and the cloud,
while taking into account the selection of cluster heads and data consistency. The
highlighting contributions of this work are:

https://www.indjst.org/ 3606

https://www.indjst.org/


Meghana et al. / Indian Journal of Science and Technology 2023;16(41):3605–3616

• Relationship Cluster Identification: Identified the relationship clusters based on the dependencies among the devices or
objects in the SIoT network.

• Cluster Head Selection: Used a relationship cluster head selection mechanism to identify the most appropriate cluster
head for each relationship cluster. The selection mechanism considers factors such as the device’s data processing
capability, energy efficiency, and communication range.

• Data Compression:Data compression techniques clustering-based compression are applied to reduce the amount of data
transmitted and stored by SIoT devices.

• Cluster-Based Aggregation:The compressed data from each device within the relationship cluster by the selected cluster
head are aggregated, using a cluster-based aggregationmechanism.Thismechanism considers factors such as the accuracy
of data aggregation and communication reliability.

1.1 Related Works

The authors Ab Rouf Khan, and Mohammad Ahsan Chisthi (13) have given information about the IoT analysis and study of
schemes for the aggregation of data with respect to the complexity of time and working principle. The author has designed an
algorithm by the name LCA.This algorithm is being evaluated and works well when the cluster has fewer nodes. In comparison
with CDA algorithm, the proposed algorithm works well when the cluster’s node is increased. Yuiqing Zhang, and Yong Li (14)
the author has proposed an algorithm for the identification of fewer unknown devices connected to the building Internet of
Things system. The results show that spotting of the devices is obtained online for the dataset selected. Further, the validity
of the proposed system called k- means clustering-based electrical equipment was verified. Khan, Ab Rouf (15) the author has
compared the three data aggregation algorithms such as tree-based, based on cluster, and centralized aggregation algorithms.
The obtained output shows that by considering a total number of 60 nodes the centralized data aggregation algorithm has
worked well for the network which has fewer nodes. The algorithms cluster-based and tree-based have given the best output
when there is an increase in the number of nodes. In Abhijith H V, H S Ramesh Babu (16) work, the authors have proposed
an intelligent mechanism for the aggregation of data for remote sensing networks for IoT devices. The author is successful
in avoiding data redundancy by aggregation technique called spatial. The method that has been proposed was tested for
simulations and produced result efficient results. Shamim Yousefi, Hadis Karimipour, Farnaz Derakhshan (17) gave a precise
survey on methods of aggregation of data in IoT. The author has discussed the difficulty in designing the data aggregation
model. The author has even discussed the prediction of IoT trends in the coming time. Sirajudheen, Rekha, Shobha (18) taking
into consideration the fundamental viewpoint and different data in WSN, an appraisal of different sorts of aggregation of
data approaches and conventions were introduced in this methodology. In this composition, different methodology has been
portrayed for the decrease of redundant data andmainly in aggregating of data. FouadH.Awad,Awad,Murtadha,M.Hamad (19)

has proposed a neural processor-based k-means clustering technique for the clustering data for mobile devices. It showed twice
the development in speed with respect to smartphones compared to laptop processors. Additionally, when compared to parallel
and distributed k-means algorithms the identification of the clustering speed has twice improved. Mohana S.D., S P Shiva
Prakash, Kirill Krinkin (20) in this work, the method for feature selection is proposed based on certain rules and is successful
in establishing the relationship for the classification of the services by using R-ANN. It provides an 89.62% accuracy for the
services such as quality of air, weather, status of light, parking, and presence of people in SIoT environment when compared to
the previously established model. Seyed Omid Mohammadi, Ahmad Kalhor, and Hossein Bodaghi (21) author have introduced
an algorithm called K-Splits. It is an advancement of the hierarchical algorithm. The K-Splits algorithm was faster than other
clustering algorithms. Hence, the K Splits algorithm is used to identify the correct location of centroids and further feed them
to the K-Means algorithm as the initial point for better results. Gurumoorthy.S, Subhash.P, Pérez de Prado.P, Wozniak, M (22)

Considering secured and routing of aware of energy in WN a CHS model is built. The energy, distance, and evaluation of
trust are considered for selecting the optimal head of the cluster. The result shows that the delivery of packet ratio is 0.98 at 500
rounds for 200 nodes when compared to other methods considered. Panimalar Kathiroli, Kanmani Selvadurai (23) has proposed
an algorithm named sparrow search with the combination of evolution of differential algorithm is used to solve the issue related
to the efficiency of energy of selection of head of the cluster in WSN. This model has worked best in selecting the best head
of the cluster when compared to other algorithms. Mohana S.D., S P Shiva Prakash, Kirill Krinkin (24) in this paper author
has considered the research interest in the field of application of smart- city such as recommendation of application, analytics
of information about device and discovery of service, personal interest from the community of research. In order to satisfy
the application of smart city author has proposed CCNSim SIoT simulator. This simulator provides the basic functionality of a
network simulator andAI-based visualization and analytics.This provides communication between the Software andHardware
interface.The proposedmodel is also capable of offering a configuration environment for the selection and navigation of objects,
providing services, recommendation of services and applications, object profiling, and prediction of the behavior of users. The
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conducted experiment and result show the capacity and facility provided by the simulator framework proposed are at their
best. Ravi, M. Swamy Das, and Karthik Karmakonda (25) has proposed a CRDA schema for IoT network that guarantees the
collection, and aggregation of data in an efficient manner and the transfer of data efficiently to other end. The author has
initially presented the MSC algorithm to group clusters in IoT sensors which guarantees the transferring of data effectively. In
the second phase of aggregation of data, the ISFO algorithm is used to maximize the trust of IoT devices. ROL-DNN algorithm
is then used to process ways between the sensors of IoT aggregation of data and transferring. Farooq. O Singh. P, Hedabou.
M, Boulila. W, Benjdira. B (26) framework called MLADCF is structured for the management of data for designing IoT devices.
The obtained result has helped in reducing energy utilization which led to an extension in the life of the battery of the nodes
that are connected. Bing Han Feng Ran, Jiao LI, Limin Yan, Huaming Shen, Ang Li (27) proposed an EH-WSNS model for data
transmission inWSN.The experimental results showed that the proposed model can increase the lifetime for the maximum for
WSN when compared to standard routing protocol.

1.2 Problem Statement

TheSocial Internet ofThings (SIoT) is an emerging technology that enables devices and objects to communicate with each other
in order to provide various services to users. One of the major challenges in SIoT is the efficient management of data generated
by these devices, particularly in terms of data aggregation and storage.This is particularly challenging in SIoT applications that
involve relationships between devices or objects, as the data generated by these devices can be highly interdependent.Therefore,
there is a need for an efficient mechanism for aggregating data in SIoT applications with relationship dependencies.

1.3 System Model

In SIoT, the information and services gathered in the network are being used by the user with the help of various devices
Dn, where the number n = 1, 2, n, based on the total number of applications Ap. Where p = 1, 2, 3…n, provides the
independent services S respectively. The devices are heterogeneous in nature and each device has its device attributes DA.
The devices in network N, form social relationships RS, with each other based on the relationship factors RF and relationship
criteria RC, forming the SIoT between the devices D.Therefore, relationshipmanagement requires communication between the
corresponding devices by exchanging the information. Hence, the system model is

∑n,p
1 (Dn, Ap, S)|N : RS f or all (DA,RF ,RC) (1)

Device D is actively participating w.r.t to corresponding digital information which has the device attributes DA. Such as device
DC, device type DT , device ID, DID, device manufacturer ID DMID, device brand ID DBID, device location DL.

With the help of these attributes, the devices try to form relationships RS, with each other based on criteria and factors
between the devices. The data aggregation model is necessary for mutual information exchange in SIoT. Hence, the objective
function is

AM = ∑n
1 f (DA,RF ,RC) (2)

Subjected to (RF , RC) = RS and DA = Dnand Ap
FromEquation (2) the objective function hasRF andRC have clustered the devices with respect to the relationship conditions

and relationship factors. The device attributes DA, namely the type of the device, protocols of the device, the ID of the device,
locations of the device, and manufacturing ID of the device are the features which is responsible for selecting the head of the
cluster using the decision model in the SIoT. Therefore, using Equation (2) proposed a solution to the decision model Dm.
Hence, the decision model initially used k-means to cluster the device data then the decision tree algorithm for selecting the
head of the cluster and finally aggregates the data using the compression technique Huffman coding. Hence, the model for data
aggregation is

AM = DAgg(Dm : Ap, DA, RS, RF, RC) (3)

Where Dm is the decision model using the k-means KM , clustering technique to device data iteratively that tries to partition the
data into K pre-defined distinct non-overlapping subgroups (clusters) where each data point belongs to only one group. The
k-means equation is,

KM = ∑k
j=1 ∑n

i=1 |Xi j−C j|2 (4)
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Where X= Ap,DA, S, RS, RF , RC , and C are cluster center data points. The decision tree DT has calculated the entropy and
information gain to obtain the decision tree for selecting the cluster head.

The entropy E, is obtained through the purity and impurity of the group of observation, the entropy equation is,

E = ∑N
i=1 pilog2 pi (5)

Where i is the cluster class.
The information gain G, features of the cluster data which provides the cluster head selection and sub-cluster selection using

the entropy of each group of the clusters of data. The information gained helps to split the nodes in the decision tree. The
information gain equation is

G = E(CH) − E(CM) (6)

Where (CM) is the cluster member in the node of the cluster head CH, E (cluster member) is the average entropy of the sub-
nodes the clusters.

1.3.1 Relationship Cluster Identification
Let X = {x1, x2, ..., xn} be the set of n devices or objects in the SIoT network. The goal of relationship cluster identification is to
group devices with relationship dependencies into clusters.

Let R = {r1, r2, ..., rm} be the set of m relationship clusters. Each relationship cluster is defined as a subset of devices that
have a relationship dependency. The relationship cluster identification is done using a clustering algorithm such as K-means.

1.3.2 Cluster Head Selection
The cluster head selection goal is to identify the most relevant cluster head for each relationship cluster. Let h(r) be the cluster
head for relationship cluster r. The Decision Tree(DT) is used to select the cluster head.The DTmodels the distribution of data
in each relationship cluster and selects the device with the highest probability of being the cluster head.The probability of each
device being the cluster head is given by the equation:

P(i|r) = exp(−||xi − µ(r)||̂2/2σ 2̂)/Z (7)

where xi is the data generated by device i in relationship cluster r, µ(r) is the mean of the data in relationship cluster r, σ^2 is
the variance of the data in relationship cluster r, and Z is the normalization factor. The device with the highest probability of
being the cluster head is selected as h(r).

1.3.3 Data Compression
Data aggregation DAgg is the method of data collection with compression techniques that holds the data of corresponding
devices and applications to the users of the SIoT. The cluster head is less than the cluster member, and the compression of data
is done on the device data.The bandwidth information is deduced based on the type of protocol the Huffman technique is used
by the device. The Huffman code equation is,

Pn = (P1, P2 . . .Pn−2, Pn−1, Pn) (8)

Where, without loss of generality, pi ≥ pi + 1, is constructed from the Huffman code of the (n − 1) element probability
distribution,

P n − 1 = P1, P 2 . . . P n − 2, P n − 1 + P n (9)

Where the n-element probability of distribution works by creating a binary tree, where the nodes store the characters of the
data, initially all nodes in the tree are considered leaf nodes, these leaf nodes contain the characters of the data, and the nodes
also contain the frequency of occurrence of the character and link to the child node. Here as a followed convention, the left child
of the tree is represented by bit ’0’, whereas the right child with ’1’. The priority queue is used to store the nodes that retrieve
the node with the least frequency when popped. The process of Huffman data compression starts with creating a leaf node of
a binary tree, provided there is more than one node in the priority queue, removing two nodes of the high frequency from the
priority queue, and in the next step creating a new internal tree node with the recently popped two nodes as child node with a
frequency that is equal to the sum of the two nodes frequency, next step is to add the newly created node to the priority queue,
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the remaining tree node is the root node and the resulting tree is Huffman tree. Hence, this model is used for Data Aggregation
purposes in the SIoT.

Let D(r) = {d1, d2, ..., dk} be the devices generated data in relationship cluster r.The data compression is done usingHuffman
coding, which assigns a variable-length code to each data point in D(r). The compressed data for each device i in relationship
cluster r is given by:

C(di) = Hu f f man(D(r)) (10)

1.3.4 Cluster-Based Aggregation
Thegoal of cluster-based aggregation is to aggregate the compressed data from each device within the relationship cluster by the
selected cluster head. The aggregated data is then transmitted to the sink node. Let A(r) be the aggregated data for relationship
cluster r. The cluster-based aggregation is done using the following equation:

A(r) = 1/k ∗ sum (i = 1 to k)C(di) (11)

where C(di) is the compressed data point for device i in relationship cluster r. The proposed model aims to provide an efficient
mechanism for managing data in SIoT applications with relationship dependencies, thus enabling more effective use of the
SIoT technology.Themodel minimizes the amount of data transmitted and stored by SIoT devices while still maintaining high
accuracy in data aggregation, as shown by the objective function.

2 Proposed method
Figure 1 shows the design of the proposed model.The proposed methodology for Relationship-cluster head selection and Data
compression cluster-based aggregationmodel SIoT is based on the concept of relationship identification between data elements
and grouping them into clusters for efficient data transmission and storage. In this approach, the selection of the relationship
cluster head is based on a combination of factors such as proximity, similarity, and connectivity. The head is responsible for
managing the cluster and performing aggregation and compression of data before transmission to the cloud. The compression
is achieved using a Huffman coding algorithm, which assigns variable-length codes to the clusters based on their frequency
of occurrence. The novelty of this proposed approach lies in its integration of relationship-based clustering, head selection,
and Huffman coding for data compression in SIoT. This approach not only reduces the data transmitted amount and the
associated consumption of energy but also improves the data accuracy and reliability due to the aggregation performed by the
relationship cluster head. Compared to existing literature, this approach offers a more comprehensive and efficient solution
to data aggregation and compression in SIoT. The proposed technique combines clustering, head selection, and Huffman
coding to achieve optimal compression and transmission of data, thus addressing the challenges of energy consumption,
bandwidth limitations, and data accuracy in SIoT. The methodology design for Relationship-cluster head selection and Data
compression enabled cluster-based aggregation model for the Social Internet of Things (SIoT) involves several steps. Firstly,
the relationships between data elements are identified using clustering using the K-Means algorithm. This step is crucial for
efficient data transmission and storage as it groups related data elements into clusters, reducing the amount of data that needs
to be transmitted to the cloud. Next, cluster heads are selected based on their ability to maintain relationships between data
elements and ensure data consistency within the cluster using the Decision tree algorithm. The selected cluster heads act as
intermediaries between the SIoT devices and the cloud and only transmit the compressed data to reduce energy consumption
and bandwidth usage.The compressed data is then encoded usingHuffman coding to further reduce its size before transmission
to the cloud. In the cloud, the compressed data is decoded to retrieve the original data.

2.1 Algorithm

In this section, the algorithm used to implement the proposed model is presented. It makes use of the equations defined in the
proposed model to train the model.

Algorithm: Clustering and DAgg Calculation
Input: Features – A, DA, R, RF , Rc
Output: DAgg
Step 1: Compute Features() // Compute features for clustering using Equation (4).
Step 2: Calculate CH() // Calculate the CH in step 1.
Step 3: Evaluate Clusters() // Evaluate each cluster using Equation (5).
Step 4: Calculate Entropy() // Obtain the Entropy E to gain the information G using Equation (6).
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Fig 1. Proposed Model Design

Step 5: Compress Data() // Compress the data using Equation (7).
Step 6: Choose Compressed Data() // Choose the compressed data from step 5.
Step 7: Calculate DAgg() // Calculate the DAgg using Equation (8).
Step 8: Send To DeviceD() // Send DAgg to the corresponding device D.
Input features A, DA, R, RF , and Rc are utilized to generate the output DAgg. The clustering process Cluster Head (CH) is

calculated in step 2 to assess the quality of the clusters formed in step 1. Step 3 evaluates each cluster using Equation (5), and
step 4 obtains the entropy (E) to gain information (G) through Equation (6). In step 6, data compression is performed using
Equation (7), and the resulting compressed data is chosen in step 7. The DAgg score is computed in step 7 using Equation (8),
and finally, the DAgg value is transmitted to the corresponding device D in step 8. The method employed for data aggregation,
utilizing clustering techniques, contributes significantly to the enhancement of SIoT performance.This involves the application
of machine learning approaches to cluster the SIoT devices based on relevant features.

3 Result and Discussion
The proposed Cluster-based Social Internet of Things using the K-Means algorithm was implemented and tested on a dataset
consisting of social IoT devices, and the features used in the dataset are Device Id, User Id, Manufacture ID, Brand ID, Latitude
and Longitude, Device class, DeviceMobility, Application, Service, Protocol, and some of the other attributes that are necessary
for experimentation: Data holds the device data that has been generated by the device, Memory is the total storage capacity
of a device and Data Transfer rate that signifies the rate at which a device can transfer the data. Table 1 shows the result
of object profiling. It consists of features such as Id of the owner (Owner id), the name of the device (Device Name), the
brand of the device (Device Brand), where the device is located (Location), the landmark (Landmark), the temperature of
the location (Temperature) and pressure value (Pressure), Humidity value of the location (Humidity), Point of interest, the
status of the weather (Weather Status), the present status of people(People Presence), People Present Status, Light Status,
people’s backward movement (Backward Movement), people’s forward movement (Forward Movement), Internet connection
(Connection Type), Connection device brand (Device Brand), ConnectionDevice Type (Device Type), distance between device
and connection(Distance), protocol type (protocol). The algorithm performance was evaluated in terms of cluster purity, the
average distance to the centroid, processing time, and scalability. Simulation Parameter Specification: CPU: 7th Gen Intel (2.40
GHz), RAM: 4 GB, operating system: Windows, Mac, Programming: Python 3.7, scipy: 1.6.3, pandas: 1.2.3, numpy: 1.20.1,
matplotlib:3.4.1, PyQt5: 5.15.4, AI libraries: joblib 1.0.1, scikit-learn: 0.24.2, sko: 0.5.7

In the context of SIoT, silhouette scores for the number of clusters, Number of the distance between Train and Test K-Means,
BIC Scores for the number of clusters, and Gradient of BIC scores for the number of clusters equations are used to evaluate the
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Table 1. Object Profiling
Index People

Presence
People
Present
Status

Light
Status

Backward
Move-
ment

Forward
Move-
ment

Connection
Type

Device
Brand

Device
Type

Distance Protocol

0 No Nobody On -47 159 0 1 1 30 2
1 Yes Alone On -152 33 1 1 0 60 1
2 NO Nobody On -60 20 1 0 1 30 1
3 No Pair Off -104 197 1 1 1 80 1
4 Yes Group On -63 165 0 1 0 30 0

performance of the clustering algorithm. The Silhouette score is used to find the cluster’s optimal number by testing different
values of k and selecting which has the highest score. The distance between the train and test K-Means is used to evaluate
the generalization ability of the model. The BIC score is used for comparison of the goodness of fit of different models with
different numbers of clusters. The optimal number of clusters is found by calculating the gradient of BIC scores with respect to
the number of clusters and selecting the k value that maximizes the gradient. Overall, these equations provide useful metrics
for evaluating the performance of clustering algorithms in the Social Internet of Things.

3.1 Evaluation metrics

Silhouette Score:The silhouette score measures how well each data point fits into its assigned cluster. It is calculated as follows:

silhouette score = (b(i) − a(i)) / max{a(i), b(i)} (12)

where a(i) is the average distance from data point i to all other data points within the same cluster, and b(i) is the minimum
average distance from data point i to all data points in any other cluster.

Number of Distance between Train and Test K-Means: The distance between train and test K-Means is calculated as the
log-likelihood ratio of the two models. It is expressed as follows:

distance = log likelihood of the test data under the train model - log likelihood of the test data under the test model
BIC Score: The Bayesian Information Criterion (BIC) score is a measure of the goodness of fit of a statistical model. It is

calculated as follows:

BIC = −2 ∗ log likelihood + p ∗ log(n) (13)

where log likelihood is the logarithm of the maximum likelihood of the model, p is the number of parameters in the model,
and n is the number of data points.

Gradient of BIC Scores: The gradient of BIC scores with respect to the number of clusters can be used to find the optimal
number of clusters. It is calculated as follows:

d(BIC)/d(k) = −2 ∗ log likelihood + p ∗ log(n) − p_k ∗ log(n) (14)

where p_k is the number of parameters for the k-th model, and k is the number of clusters.

3.2 Results

The above graph (Figure 2 ) represents the Three Principal Component Cluster which consists of values P1 and P2
Figure 3 shows the Silhouette scores for the number of clusters formed using the proposed model. It can be noticed that the

score lies between 0.36 and 0.44 indicating that the object matches with its own cluster in the proposed model.
Figure 4 shows the distance variation between the clusters during training and testing of the K-Means. It can be observed

that the number of clusters increases as the distance between the objects increases. This is due to the effect of object availability
within the proposed model.

BIC = −2∗ LL + log(N) ∗ K (15)

Figure 5 shows the BIC scores obtained for the number of clusters. The BIC scores are calculated using the Equation (15).
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Fig 2.Three Principal Component Cluster

Fig 3. SILHOUETTE scores for the number of clusters

Fig 4. Number of distance between Train and Test K-Means
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Fig 5. BIC Scores for the number of clusters

Fig 6. Gradient of BIC scores for the number of clusters

The gradient of the BIC scores for the number of clusters is formed and is shown in Figure 6. From the graph, it is evident
that the proposed model is best as it lies between 5 and 7 when clusters are increased.

The result of cluster head selection for each cluster, each cluster has oneCH, and the clustermembers have a valid relationship
with the CH. Samples of CH and relationships between the devices selections are as follows:

{1: [8, 10, 15, 17, 30]}
{9: [11, 14, 20, 21, 23, 24, 27, 28]}
{3: [4, 5, 13, 16, 25]} {18: [22, 26]}
{2: [6, 7, 12, 19, 29]}
{1: [8, 10, 15, 17, 30],
9: [11, 14, 20, 21, 23, 24, 27, 28],
3: [4, 5, 13, 16, 25], 18: [22, 26],
2: [6, 7, 12, 19, 29]}
Only Cluster Heads [1, 9, 3, 18, 2]
The result of data compression denotes the original size and the compressed size of the device data. The sample of data

aggregation is like data sent from Device 8 to CH 1Wait: 0.2
The size of the Original data is: 47
The size of the encoded data is: 18
[[1,’01011101010010111000100101110001100000
01111011111100000011101100010100100 00010001010000001110100001010001000111011
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01101011000100110000101110101001011 10001001011100011000000111101111110000 10100100000100010100000011101000010100
01000111011011010110000001001001000111 0000001111011111101011’],
[8,’1000100001100100011001011101’],
[10,’10001100011001000110010101010101011100011
00011001000110010100101100011000110 0100011001010010110001100011001000110010100101100
011000110010001100101001011 0001100011001000110010100101’],[15,101011001000010001000010100111110’]
To compare the results of the proposed approach with existing works, a simulation study was conducted using the

CCNSim simulator (23). The performance of the proposed approach was compared with two existing works: a relationship-
based clustering approach without data compression, and a data compression-enabled cluster-based aggregationmodel without
relationship-based clustering. The simulation results showed that the proposed approach achieved a significant reduction in
data transmission and storage compared to the existing approaches. Table 2 shows the comparison of the results obtained with
the Proposed Relationship cluster head selection and Data Compression cluster-based aggregation model, Relationship-based
clustering approach without data compression, and Data compression cluster-based aggregation model without relationship-
based clustering. When comparing BIC scores, a lower absolute value indicates a better fit.Therefore, in this case, the BIC score
of -5227.080 is better than the other two scores. BIC score of -5227.080: This score indicates a good balance between model fit
and complexity. It suggests that the clustering model with this score is a good fit for the data and is not overly complex. BIC
score of -7264.630:This score is higher than the previous score, indicating that the clustering model is less well-fitting andmore
complex than the model with a BIC score of -5227.080.

BIC score of -8867.340:This score is the highest of the three, indicating that the clustering model is the least well-fitting and
most complex of the three models. The BIC score of -5227.080 is the best of the three and indicates the best trade-off between
model fit and complexity. However, it is worth noting that the optimal BIC score depends on the dataset and proposed clustering
algorithm being used.

Table 2. Result comparison
Evaluation Metrics Proposed Relationship cluster

head selection and Data Com-
pression enabled cluster based
aggregation model

Relationship-based clustering
approach without data com-
pression

Data compression enabled
cluster-based aggregation
model without relationship-
based clustering

Silhouette Score 0.459 0.626 0.58
Number of Distance between
Train and Test K-Means

-1148.951 -203.345 -467.89

BIC Score -5227.08 -726.08 -8981.786
Gradient of BIC Scores -96.445 -61.415 -94.244

4 Conclusion
The proposed approach of Relationship-cluster head selection and Data compression cluster-based aggregation model for
SIoT using Huffman coding is a novel and effective solution for efficient data transmission and storage in SIoT applications.
The integration of relationship-based clustering and Huffman coding for data compression, as well as the selection of cluster
heads based on their ability to maintain relationships between data elements and ensure data consistency within the cluster,
provides a comprehensive solution for SIoT applications. The simulation results demonstrate that the proposed approach
achieves significant reductions in energy consumption and bandwidth usage compared to existing approaches. The strength
of this research lies in its innovative approach that combines several techniques for efficient data transmission and storage in
SIoT. It provides a comprehensive solution that takes into account the selection of cluster heads, data consistency, and data
compression, which are important considerations in SIoT. The weaknesses of this research include the assumptions made
during the simulation study, which may not accurately reflect real-world scenarios. Additionally, further research is needed
to evaluate the proposed approach in different SIoT applications. Thus, future research focuses on extending the proposed
approach to consider dynamic cluster head selection and adaptive data compression techniques. Also, the proposed approach
will be extended to incorporate machine learning algorithms for intelligent cluster head selection and dynamic compression
rate adjustment, which can further improve the efficiency of SIoT applications.
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