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Abstract  Efficiency of data transmissions with minimum la-
tency levels and better resource utilization is a challenging issue
in 5G device-to-device (D2D) environments. A novel technique
referred to as single linkage steepest gradient gentle AdaBoost
cluster-based device (SLSGAC) is introduced to improve device-
to-device communications with minimum latency. The proposed
technique uses the ensemble clustering approach to group mo-
bile devices by constructing a set of weak clusters, based on
the Minkowski single linkage clustering technique. In the weak
clustering process, residual energy, bandwidth and SINR are es-
timated, and mobile devices are grouped based on the Minkowski
distance measure. Results of the weak clustering process are
combined to provide the final ensemble’s clustering output by
applying the steepest gradient function to minimize the error
rate. For each cluster, a head is selected from among the group
members to improve the data transmission rate and minimize
latency. Simulations are conducted comparing the proposed
technique with the existing methods based on such metrics as en-
ergy efficiency, data delivery ratio, packet loss rate, throughput
and latency.

Keywords  5G networks, D2D communication, Minkowski single
linkage clustering.

1. Introduction

Among the many modern solutions, device-to-device (D2D)
communication is an upcoming technology for enhancing the
performance of 5G cellular communication. D2D is currently
the subject of many scientific works aimed at expanding the
application range, improving parameters and performance.
Below is a short review of the important works in this area.
The social-aware D2D video delivery model based on rapid
sample-efficient measurement (DMSEM) was introduced
in [1]. It relies on the fuzzy c-means clustering algorithm.
However, the designed algorithm failed to consider the process
of accounting for mobility to improve D2D data transmis-
sions. A dynamic mode selection algorithm for improving
the communication based on the fuzzy clustering process
was designed in [2]. Unfortunately, good performance of effi-
cient latency-aware data communication was not achieved.
A novel cluster-based architecture was introduced in [3] for
D2D mmWave communication to enhance the performance of
5G networks. The intended architecture succeeds in increas-
ing throughput but not in increasing data delivery. A fuzzy

clustering-based approach was introduced in [4] for a 5G ultra-
dense network in order to improve the data transmission rate.
But accurate clustering of mobile devices with multiple char-
acteristics was not considered. A novel weighted clustering
algorithm for the distributed architecture was proposed in [5]
to improve throughput and minimize energy consumption. But
the designed method failed to apply machine learning tech-
niques to further improve data delivery. In [6], random-based
clustering (RBC) and channel-gain-based clustering (CG-
BC) approaches were introduced to realize D2D clustering.
The clustering algorithm decreases the delay but no high-
er delivery rates and lower packet loss levels were achieved.
In [7], a random linear network coding-based cooperative re-
laying (RNCC) system was developed for network coding
supported by D2D transmissions based on resource distribu-
tion. The drawback of this method is that the multiple-hop
model-based D2D transmission for network coding-assisted
D2D communications was not provided.
A centralized non-uniform clustering routing protocol was
introduced in [8], along with the power estimation as well
as communication cost. Unfortunately, the performance of
latency-aware data transmission was not verified. Various
issues, solutions and challenges were reviewed in [9] to
efficiently utilize the available resources and thus minimize
latency and enhance data transmission rates.
A VNF resource allocation system was introduced in [10]
to obtain the best number of clusters for reducing delay in
data transmission. An artificial neural network-based chan-
nel model framework was introduced in [11] for 5G wireless
communication. But cluster-based data delivery was not per-
formed to minimize latency. A data-driven multi-objective
optimization approach was introduced in [12] for the pur-
pose of developing hyperdense 5G networks. Unfortunately,
no analyses concerned with a wider span of network com-
munications were performed in order to minimize latency
and improve reliability. A MIMO-NOMA cellular system ap-
proach for D2D communications was introduced in [13]. But
the efficiency of the algorithms was not improved.
In [14], an intensive benchmarking of the incorporation
of D2D communication was discussed to improve ener-
gy efficiency, throughput and latency. The reinforcement
learning-based latency-controlled D2D connectivity (RL-
LCDC) method was introduced in [15]. Though the designed
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method minimizes the delay and energy consumption, the
packet loss rate was not reduced. A distributed intelligent
method was developed in [16] to enhance the data rate and
reduce power consumption in D2D communications. But no
latency-aware D2D communication was performed. Sever-
al machine learning techniques were introduced in [17] for
5G cellular networks to improve the data transmission rate.
The sparse code multiple access (SCMA) method was intro-
duced in [18] for enhancing the overall network performance
of D2D-enabled cellular networks. The dynamic resource
block (RB) sharing method was introduced in [19] to en-
hance the network throughput of the overall system. However,
the designed method failed to minimize the latency of data
communication.
To solve such issues, a technique called SLSGAC is intro-
duced, offering the following contributions:
– it is based on the ensemble clustering approach to boost

D2D communication,
– it uses weak clusters as well as the Minkowski single

linkage clustering technique to divide the cellular network
into different groups based on residual energy, bandwidth,
and SINR. It uses the steepest gradient function into the
ensemble clustering technique to minimize the error rate
and obtain accurate clustering results,

– to improve data delivery and minimize latency, a cluster
head is selected for each cluster,

– finally, a simulation is performed using several performance
measures versus the traditional approaches.

The paper is organized into different sections. Section 2
describes the proposed SLSGAC technique. Section 3 presents
the simulation of the proposed technique and conventional
methods. Finally, Section 4 contains the summary of the
paper.

2. Proposed Method
Figure 1 illustrates the data exchange between mobile devices
and the base station. Two mobile devices communicate with
each other in a direct manner and via the links provided from
the base station. In such a way, communication is entirely
handled by the base station.
In the course of direct communication between the devices,
minimum utilization of resources is essential for increasing

Base station

Source Destination

Fig. 1. Data flow in a 5G network.

the network’s lifespan. In order to achieve resource-efficient
data transmission rates, a novel cluster-based technique is
introduced.
Let us consider a scenario in which 5G network com-
prises a number of mobile devices d1, d2, d3, . . . , dn dis-
tributed randomly within the network. Each mobile device
has different computational resources available, such as en-
ergy E, bandwidth B, and signal to noise-plus-interference
ratio (SINR).
Figure 2 illustrates the concept behind the SLSGAC technique
to enhance data communication between mobile devices with-
in a 5G network. The number of mobile devices is considered
as input. Then, the ensemble clustering approach is applied
to partition the entire hole network into different clusters de-
pending on such resources as energy, bandwidth, and SINR.
For each cluster, a head is selected among the individual
members to additionally boost data transmission.

5G network

Apply clustering 
technique

Apply clustering 
technique

Improve D2D communication

Fig. 2. Diagram of architecture of SLSGAC technique.

The single linkage AdaBoost clustering technique is an en-
semble meta-algorithm that primarily converts weak learn-
ers’ output into that of strong learners. A weak learner
z1, z2, z3, . . . , zk is defined as a base clustering technique
that is only slightly correlated with the true clustering re-
sults. In contrast, a strong learner is a clustering technique
that offers true clustering outcomes. The weak clustering re-
sults are merged and the final, improved clustering results are
obtained.
Figure 3 illustrates the basic process of ensembling clustering
results. The mobile devices are presented, as input, to the
clustering technique. Then k weak learners are constructed
using the Minkowski single linkage clustering technique to
partition the entire network into different groups depending
on energy, bandwidth, signal to interference, and noise ratio.
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Fig. 3. Basic process of ensembling clustering results.

In the first step, energy is measured in terms of power and
time as:

Edevice = ptt , (1)

where Edevice denotes the energy of the mobile device, pt
indicates the transmitting power of the mobile device, t
represents time in seconds. The remaining (i.e. residual)
energy of each device is measured as:

REdevice = Et − EC , (2)

where REdevice indicates the remaining energy of the device
in Joules, Et indicates the total energy, and EC denotes the
consumed energy.
Bandwidth is estimated as the maximum amount of data
transmitted in a given time slot and it expressed as:

BW =
Dp
t
, (3)

where BW denotes the bandwidth, t is time in seconds, and
Dp denotes a data packet.
The signal to interference and noise ratio Rsin is estimated
as:

Rsin =
sp
np + ip

, (4)

where sp denotes signal power, np indicates noise power, and
ip denotes interference power.
Based on the above parameters, the single linkage cluster-
ing technique is applied to group the sensor nodes based
on the Minkowski distance. The method identifies the mini-
mum distance between mobile devices based on the energy,
bandwidth, and SINR. The distance is formulated as:

Dij =
(
|di − dj |r

) 1
r , (5)

whereDij denotes the distance between two mobile devices di
and dj , r denotes the Minkowski distance of order ( 1). The
minimum distance between two mobile devices is grouped
and clusters are formed:

Q = argmin(Dij) , (6)

where Q denotes a base clustering result, argmin denotes
an argument of the minimum function. Consequently, weak
learner results are obtained. In order to attain the ensemble
clustering results, the weak learners are summarized:

Z =
k∑
i=1

Qi , (7)

where Z denotes ensemble clustering results, Qi denotes
weak classification results. The weighted sum of the weak
learner results is obtained as:

Z =
k∑
i=1

Qiβt , (8)

where βt indicates the weight of clustering results and the
weight is an integer. For each weak clustering result obtained,
the training error is estimated as:

E(f) = (RA −Qi)2 , (9)

where E(f) denotes an error function, RA denotes the actual
clustering result, Qi denotes the clustering results observed.
Next, the proposed technique updates the initial weight based
on the error value. Finally, the steepest gradient descent is
applied to find the weak clustering results with a minimum
error among the multiple weak clustering results:

Y = argminE(f) , (10)

where Y indicates the strong clustering results, minE(f)
denotes the minimum argument of the error function of the
clustering results. In this way, all sensor nodes are grouped
into a particular cluster. For each cluster, the mobile device
with the highest level of energy, bandwidth, and SINR is
selected as a cluster head to ensure efficient data transmission
from the source to the destination.

S D

Cluster 1 Cluster 3

Cluster 2 Cluster
head

Fig. 4. Single linkage weighted steepest gradient AdaBoost cluster-
based D2D communication.

Figure 4 illustrates the process of cluster-based data trans-
mission from source mobile device S to destination D via
a cluster head. As shown in Fig. 4, the source device in cluster
1 sends the data to the destination in cluster 3. This process is
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carried out via the cluster head, resulting in increases in the
data delivery and in minimized latency. Algorithm 1 describes
the technique’s algorithmic phase.

Algorithm 1. Description of the proposed technique.

Input: number of mobile devices: d1, d2, d3, . . . , dn
Initialization
1: For each mobile device di
2: Construct k weak learners z1, z2, z3, . . . , zk
3: Measure REdevice, BW , SINR
4: Estimate Minkowski distance Dij
5: Find minimum distance argmin[Dij ]
6: Group sensor nodes into clusters
7: Obtain clustering results
8: End for
9: Sum all weak clustering results

k∑
i=1
Qiβt

10: Initialize weight
k∑
i=1
Qiβt

11: Compute error function E(f)
12: Update weight
13: Find the weak learner with minimum error argminE(f)
14: Return (strong clustering results)

The ensemble boost clustering technique computes the num-
ber of weak learners. Next, residual energy, bandwidth, and
signal to noise ratio of each device are estimated and the
mobile devices are grouped into a particular cluster. The
weak learner’s results are summarized to create a strong
one in order to achieve accurate clustering results. After
combining the weak learners’ results, the weight is initial-
ized and measures the training error function. Then, the ini-
tial weight gets updated based on the error value. Finally,
the steepest gradient function is applied to find the weak
learner with the minimum error value. Once the devices are
grouped, a cluster head is selected for efficient communi-
cation. Then, data transmission is performed via the clus-
ter head to achieve a higher delivery ratio and minimum
latency.

3. Simulation and Analysis

In this section, a Matlab simulation of the proposed SLSGAC
technique is performed and the results are compared with
existing DMSEM [1] and the dynamic mode selection method
based on a fuzzy clustering algorithm [2], with performance
measured in terms of energy efficiency, data delivery ratio,
packet loss rate, throughput, and latency.
Energy efficiency is measured as the fraction of output energy
required to perform communication:

EE =
Eo
EI
· 100 [%] , (11)

where EE denotes energy efficiency, Eo indicates output
energy, and EI denotes input energy.

The simulation of energy efficiency of various methods based
on 100, 200, 300. . . 1000 mobile devices is presented in
Fig. 5. The obtained values indicate that the energy efficiency
of all three methods increases with the growing number
of mobile devices. For comparison, the proposed SLSGAC
technique provides better performance than the conventional
methods.
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Fig. 5. Performance results – energy efficiency.

Data delivery ratio is a performance metric based on data
packets successfully transmitted from the base station to
a mobile device. This parameter is also used to estimate the
confidential data transmission between devices:

DR =
Data received

Data sent
· 100 [%] . (12)

Figure 6 presents experimental data delivery outcomes for
varying numbers of mobile devices. For each method, ten
iterations are performed relating to different counts of mobile
devices. While increasing the input count, the data delivery
ratio for all the methods becomes lower. a comparison of
all methods shows that the SLSGAC technique outperforms
other approach in achieving a higher delivery ratio.
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Fig. 6. Performance results – data delivery ratio.

Figure 6 illustrates the performance of the data delivery
ratio versus the number of mobile devices in the simulation
scenario. The SLSGAC technique achieves a delivery ratio
of 96.8% in the first iteration, with 100 devices present.
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Similarly, DMSEM [1] and dynamic mode selection based
on a fuzzy clustering algorithm [2] generate delivery ratios of
94.2% and 92.8%, respectively. The results indicate that the
SLSGAC technique provides better performance due to using
the ensemble technique which groups the sensor nodes based
on residual energy, bandwidth, and signal to interference
ratio. For each cluster, a head is chosen for delivering the data
packets from the source to the destination.
Packet loss rate is estimated based on the ratio between data
packets lost and the number of data packets transmitted:

PLR =
Data lost

Data sent
· 100 [%] . (13)

Figure 7 shows a comparison of the packet loss rates. 100 mo-
bile devices were used for conducting the simulation in the
first iteration. For SLSGAC, the packet loss rate is 3.2%,
whereas for DMSEM and dynamic mode selection based on
fuzzy clustering algorithm, the results equal 5.8% and 7.2%,
respectively. The SLSGAC technique minimizes the pack-
et loss rate more effectively than the existing methods, due
to the selection of cluster heads among the group members.
The source mobile device sends the data to its destination via
a neighboring cluster head. This process helps minimize data
transmission losses.
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Fig. 7. Performance results – packet loss rate.

Throughput is estimated as the amount of data sent from
one base station to mobile devices in a specified time frame.
Throughput is computed in bits per second, using the follow-
ing formula:

Throughput =
Size of data received

T ime
[bps] . (14)

Figure 8 shows that the proposed SLSGAC technique provides
a higher network throughput due to the fact that higher resid-
ual energy requirements are applied when more bandwidth-
efficient devices are selected as cluster heads, thus resulting
in an improvement in data transmission speed.
Figure 9 illustrates the simulation results concerning laten-
cy measured for the number of mobile nodes varying from
100 to 1000. Latency of the SLSGAC technique is reduced
when compared to other existing methods in 5G D2D com-
munication. For 100 mobile devices, latency of the SLS-
GAC technique is 11.5 ms in the first iteration. Similarly,
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Fig. 8. Performance results – throughput.
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Fig. 9. Performance results – latency.

values of 13.7 ms and 15.3 ms were observed in the case
of DMSEM and dynamic mode selection based on a fuzzy
clustering algorithm, respectively. This is due to the appli-
cation of the ensemble clustering technique, where residual
energy, bandwidth, and signal to interference ratio are es-
timated and the clustering the mobile devices is based on
the Minkowski distance measure. The weak clustering re-
sults are combined to provide the final ensemble clustering
output by applying the steepest gradient function in order to
find efficient mobile devices and achieve more efficient data
communication between devices while maintaining minimum
latency levels.

4. Conclusion

The simulation results prove that the proposed SLSGAC
technique provides better performance than the traditional
approaches in terms of achieving higher throughput, data
delivery, and minimum latency. When compared to conven-
tional cellular networks, D2D communication is anticipated
to offer a number of advantages. Future networks are most
likely to benefit from and be most successful with D2D tech-
nology. In the study, we focused on a thorough analysis of the
D2D technologies now in use, along with their features, in-
cluding device detection, interference management, security,
mode selection, and power control. We examine a number of
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ideas that have been proposed in an effort to ensure secure
device-to-device (D2D) connectivity in 5G. By highlighting
the drawbacks or faults, as well as the suggested fixes, we
emphasize the current solutions.
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