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Abstract 

Enhancement in both energy efficiency and spectral efficiency in cellular networks 
is made possible by means of an advanced technique called device-to device (D2D) 
communication. The enhancement of these efficiencies is done by utilizing the cellular 
user (CU) resources once again to make communication with nearby cellular devices 
in an effective manner by spectral means. As the D2D communication technology 
is capable of providing a direct communication link with nearby devices effectively 
with enhanced spectral efficacy, this approach is considered as an ideal solution 
for the futuristic cellular communication network. A flexible and reliable relay-assisted 
communication by means of D2D technology is required that acts as an intermediate 
relay when the attenuation between the channels across the D2D devices becomes 
high. The throughput of the system is increased by utilizing D2D communication 
technology as it uses direct data transmission within cellular devices. When the cel-
lular user is far apart from one another, the data loss in the D2D communication 
system is minimized with the utilization of the relay. When the channels are good, then 
the relay nodes (RNs) serve the cellular user. However, it is noted that the D2D systems 
are affected by issues such as higher consumption of energy and spectral sharing. 
Also, the sum rate gets degraded as a result of mutual interference between resource-
sharing cellular devices in the relay-assisted D2D communication system. The transmis-
sion of the data in a traditional relay-assisted D2D communication system is carried 
out between the D2D receiver (DR) and D2D transmitter (DT) only with the utiliza-
tion of its own energy by the RN. The issues in relay selection and resource alloca-
tion in the conventional joint resource allocation schemes are tackled by executing 
a scheme for performing the task of optimal relay selection and joint resource alloca-
tion. The enhancement of the overall sum rate in the D2D communication is the main 
motive behind the implemented scheme. This goal is attained along with the minimi-
zation of the link rates in the cellular and D2D networks. The ideal selection of the relay 
and the execution of the joint resource allocation are done with the utilization of a new 
optimization scheme called the hybrid flow direction with the chameleon swarm algo-
rithm (HFDCSA), in which the flow direction algorithm (FDA) is fused along with cha-
meleon swarm algorithm. This optimal selection of the relays is assisted by considering 
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constraints like the network’s sum rate and energy efficiency in the network to achieve 
high performance. The data obtained from distinct sources are given to the adaptive 
multi-layer perceptron (AMLP) in which optimal resource allocation and the relay selec-
tion are performed with the help of the suggested HFDCSA. The parameters in the MLP 
are tuned by the same HFDCSA. Finally, the performance validation is conducted 
in the stage to verify the working of the suggested approach.

Keywords:  Device-to-device communication, Resource allocation, Optimal relay 
selection, Hybrid flow direction with chameleon swarm algorithm, Adaptive multi-layer 
perception

1  Introduction
As a result of the rising cellular communication network, it is required for wireless com-
munication systems to show constant evolution to cope with the increasing need for 
high data transfer rates [1]. When a pair of users is close to one another in the D2D 
communication system, they can either have the chance to directly communicate with 
each other or communicate indirectly using the same resources as cellular users. Evolved 
node B (eNB) regulates the users in the D2D communication system [2]. eNB is also 
used for determining whether a resource is utilized by cellular links or by D2D links. Uti-
lizing resource blocks (RB) in both cellular and D2D communication helps in generating 
higher throughput along with minimal latency with the utilization of a direct link with 
the enclosed user equipment (UE) with the least energy consumption rate to enhance 
the functioning by employing D2D communications [3]. Among various approaches, the 
most potential one is the D2D communication. Its superior capacity in enhancing the 
cellular networks’ energy and spectrum efficiency makes it an advanced communication 
technology [4]. This D2D communication made it possible to enable direct communica-
tion between two adjacent users without the need for a base station (BS) for sharing the 
same resources that are used by the traditional cellular user (CU) [5]. D2D is the future 
generation of cellular networks developed for satisfying the constantly rising demand for 
local area services [6].

D2D communication facilitates the elimination of mobile traffic, while the users can 
exchange for sharing and downloading content, which is advantageous to non-D2D (cel-
lular) users as well [7]. As a result, it is anticipated that D2D communication will be a 
crucial part of futuristic cellular networks. Among the various interesting new technolo-
gies, D2D communication has granted significant interest from both the research com-
munity as well as the business community [8]. The reason for this is a result of its proven 
potential to raise cellular networks’ energy and spectrum efficiency. This improvement is 
made possible by the elimination of the BS along with sharing the same resources of the 
CU [9]. Nonetheless, several factors should be considered while establishing a new D2D 
communication system. While D2D communication improves performance in numer-
ous manners, it also introduces significant interference that can lower the data trans-
fer rates between D2D and cellular users [10]. In the case of users with similar spectral 
resources, there is a possibility of higher mutual interference [11]. Thus, power alloca-
tion (PA) and resource allocation (RA) approaches are introduced in the D2D communi-
cation system [12].
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Relay-assisted wireless networks have emerged as a result of the requirement to 
improve wireless communication’s flexibility and dependability while also expanding its 
range of communication [13]. As a result, whether there is a significant distance or an 
extremely attenuated channel that is present between the DR and DT, the direct D2D 
communication is altered into a relay-assisted communication system [14]. User asso-
ciation is not taken into account by the earlier work on relay-aided D2D communica-
tion systems’ resource allocation schemes utilizing distributed methods. Certain studies 
employ centralized approaches with significant complications in computation to accom-
plish the task of controlling the power in the network, cooperation between the user, and 
resource block allocation [15]. As a result, in order to obtain the maximum benefit from 
the lower complex stable matching technique, a semi-distributed method for controlling 
the power in the network, cooperation between the user, and resource block allocation 
is developed. RN typically used in relay-assisted D2D communication makes use of their 
energy to transmit the data from a DT to the DR without obtaining any additional ben-
efits [16]. In addition, the best processing model is chosen among the local computing 
systems to offload the mediating and completion of the relay device and directly load 
them by utilizing a relay to the MEC server to carry out the computational functions 
[17]. Furthermore, the partial estimation of loading to obtain a more sensible RA in the 
MEC system is not taken into account in the conventional schemes. Recently, machine 
learning techniques have been applied to select relays with better performance rates. On 
the basis of the RN, source, and destination’s secrecy rates, the machine learning method 
ANN is widely used. However, machine learning methods that use evaluation metrics 
like ergodic capacity, outage probability, and bit-error probability to calculate the per-
formance are not considered here. Thus, a method is created using a machine learning 
technique by considering the constraints like “signal-to-noise ratio (SNR) and peak sig-
nal-to-noise ratio (PSNR)” on the power of the wireless networks. Outage probability 
minimization is considered the main goal behind the relay selection approach.

The further sections in this paper besides the introduction part given in Section I are 
listed below. In Section II, the literature review is provided. In Section III, the joint opti-
mization of resource allocation and relay selection in the D2D communication system 
model along with its proposed description is provided. The development of the hybrid 
optimization technique for joint optimization of RA and relay selection is given in Sec-
tion IV. The implementation of an automatic prediction on RA and relay selection using 
an adaptive deep learning model using the optimal solution is provided in Section V. 
Section VI gives the results and analysis carried out on the executed model. In the final 
section, the conclusion is provided.

2 � Literature survey
2.1 � Related works

In 2022, Cao et al. [18] have implemented an RA scheme for maintaining high energy 
efficiency (EE) in D2D based on a social-aware relay selection approach. The conven-
tional cellular relay was replaced by a D2D user to enhance the model’s flexibility. This 
user acted as the optimal D2D relay. This user was selected based on trust value, social 
connection, and link stability. The social as well as the physical constraints were used 
to solve the “mixed-integer nonlinear fractional programming (MINLFP)”. The optimal 
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selection of the relay to enhance the EE was carried out using a technique in which the 
“Lagrange dual decomposition and Dinkelbach theory” were combined. The EE offered 
by this scheme was much better than the conventional social-aware and social-blind 
approaches of the D2D system.

In 2017, Kishk et al. [19] have executed a time-sharing approach to perform the func-
tions of power control, cooperation between the user, and allocation of resource blocks. 
This model has considered a mixed multi-level system and has optimally selected energy 
harvesting relays with the aid of stable matching theory to provide a distributed compli-
cation-less solution. The simulation was performed to prove the efficacy of the suggested 
scheme.

In 2019, Salim et al. [20] have enhanced the link’s sum rate without affecting the user’s 
quality of service (QoS) demands. A new approach called the “resource and power 
allocation with relay selection EH (RPRS-EH)” was suggested to tackle the MINLP. 
This algorithm was capable of solving the relay selection issues with low complication 
by incorporating factors such as the PS factor for power allocation in the links and the 
reuse partners. Enhanced results were provided by the implemented technique.

In 2021, Feng et al. [21] have implemented an approach called the “energy harvesting-
aided D2D network under cognitive radio (EHA-CRD)” to communicate with the relays 
and the destination node in the D2D system and for harvesting energy from the base 
station to carry out efficient communication. As per the number of cellular user counts 
and the SNR, the optimal relay selection and the joint time allocation issues were tack-
led. Random allocation of the time for communication and energy collection took place. 
The optimal relay was selected using the “weighted sum maximum algorithm”. Then by 
utilizing the “fractional programming approach” the problems related to EE were solved 
by converting them into a convex issue so that it was solved using iterative algorithms. 
Enhanced results were obtained by means of conducting extensive simulations.

In 2020, Li et al. [22] have implemented a mobile edge computing (MEC) system with 
D2D communication. The processes of data offloading by various smart devices (SD) 
were done with the aid of a wireless access point (WAP). Here, the WAP acted as the 
relay between the MEC. The optimal selection of the relay and the RA issues were solved 
to minimize the energy consumed by the users. The optimal selection of the relay was 
done by solving the convex optimization issue. Once the optimal relays were selected, 
then the Lagrange scheme was used to solve the RA issue. The implemented scheme was 
a root-determining technique, thus has reduced computational complexity. Simulation 
findings showed that the executed scheme was efficient, and energy-saving with reduced 
time costs.

In 2017, Wang et al. [23] have suggested a UE as a possible relay for D2D communi-
cation in a multi-relay network for other D2D links in addition to acting as an energy 
source. The association among various UEs was also assessed. A method for the opti-
mal selection of the relay was executed. A bargaining approach was utilized to provide 
a solution for effective resource-sharing between the UEs that were associated with one 
another. A proper allocation outcome for sharing the resource was obtained by altering a 
random function into the introduced iterative scheme. Enormous simulations were per-
formed to prove the efficacy of the introduced scheme.
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In 2015, Zhao et al. [24] have solved the optimal relay selection issues and the joint RA 
issues that arise between a variety of D2D and an inactive cellular user pair with an arbi-
trary linear network coding. The clustering scheme in the D2D network was introduced 
to get the optimal solution for the binary integer nonlinear programming (BINLP) issue. 
With an average sum rate enhanced by 50%, the implemented scheme was capable of 
minimizing the necessary D2D pair rate, which was proved by experimental simulations.

In 2017, Gao et al. [25] have implemented an inter-session system coding for enhanc-
ing the D2D network’s communication capacity to assist the transmission of data in the 
D2D network. The transmission of data in the network was enhanced along with solv-
ing a joint optimization issue of relay selection and RA. The authors have also attained 
an enhanced network performance even on interference. A double-tire decentralized 
scheme called the NC-D2D was developed to get a consistent solution for the network 
while solving the RA and relay selection issues. The pairing of the cellular resources with 
the relays and the D2D systems in the NC-D2D was carried out using the greedy algo-
rithm-based game allocation scheme. The coded transmission of the network was done 
by using a coalition formation game-based relay with D2D pairs. The superiority of the 
implemented scheme was proven by conducting extensive simulations.

In 2023, Gao et al. [26] have suggested a method for maximizing the combined channel 
capacity along with satisfying the “signal-to-interference plus noise ratio (SINR)” specifi-
cations of DUs and CUs by studying the power allocation and mode switching problems. 
Specifically, there were two parts in the suggested mode change technique. During the 
initial stage, the cooperative and relay-assisted modes’ optimal power allocation prob-
lems were formulated and tackled. In the second phase, a mode selection algorithm was 
implemented to choose between the D2D relay, cooperative D2D, and direct D2D as well 
as an optimal relay selection method to identify the relay UE for maximizing the channel 
capacity was also executed. When compared to other benchmark approaches in terms of 
energy efficiency, success probability, and joint channel capacity, the simulation results 
of the executed scheme showed the benefits of the suggested approach in every D2D 
deployment condition were better.

In 2024, Mahdi and Tașpinar [27] have provided a scheme to efficiently allocate the 
resources using a swarm optimization-based approach in D2D communication. The 
authors have focused on utilizing the bee’s fly pattern (BFP) to maximize the number 
of resources accessible within the vicinity of the network. Following a collaborative 
effort by all bees to determine the network’s ideal availability of services, a specific set 
of resources was then allocated to the mobile users. RNs and other available network 
resources were added by the system if the performance falls below the predetermined 
threshold value. Thus, a D2D pair communication using the bee fly pattern with relay 
assistance was generated. Mobile support, energy, as well as latency were all improved 
in the D2D mobile pair. The validity of these findings was assessed by contrasting the 
results with the most recent research works.

In 2023, Liu et al. [28] have suggested a coordinated approach for RA and drone relay 
selection with the aim of maximization of the D2D system’s total sum rate while guar-
anteeing that DUs and CUs meet their essential QoS standards. Initially, a two-phase 
coalitional game was designed to address the resource allocation issue by using a greedy 
approach. The drone’s relay selection was then addressed by a Multi-Agent RL (MARL) 



Page 6 of 45Chennaboin and Nandakumar ﻿J Wireless Com Network         (2024) 2024:50 

method known as the WoLF policy hill climbing (WoLF-PHC) approach. Additionally, a 
lightweight neighbor-agent-based WoLF-PHC algorithm that only makes use of nearby 
DUs’ past data was presented to further minimize the computing complexity. The simu-
lation outcomes showed that the suggested method has successfully raised the outage 
probability and the sum rate of the system effectively.

In 2020, Zhong et al. [29] have investigated a self-organized D2D network assisted by 
unmanned aerial vehicles (UAV). The capacity of the relay network was enhanced by 
jointly optimizing the tasks such as assignment of the relays, allocation of the channels, 
and deployment of the relays. A new fluctuating optimization method was introduced 
to solve these three issues. At first, the relays were deployed at a constant rate to tackle 
the issues regarding the optimal assignment of the relays and the optimal allocation of 
the channels. This was achieved by utilizing a reinforcement learning (RL) approach. 
Next, an online-based real-time approach was adopted to solve the issues regarding the 
assignment of the relays and the deployment of the relays with a constant channel that 
was being allocated. The actual issues were tackled by resolving the above-mentioned 
issues in an iterative and alternative manner. Enhanced performance as well as capacity 
offered by the executed model was shown by experimental verifications.

In 2019, Tian et  al. [30] have examined the joint RA and relay selection problem in 
the D2D communication system aided by relays. The main goal behind this work was 
to facilitate at least the lowest QoS for both the DU as well as the CU while enhancing 
the rate of transmission of the data throughout the system. The essential RNs required 
for the D2D link were selected with lower computational complications using a social-
aware relay selection approach. The data transmission rate was then maximized using 
power control methods while utilizing the D2D link in both D2D relay mode as well as 
direct made. With the aid of the executed greedy selection scheme, the channels were 
allocated along with the optimal selection of the communication mode for it. Simulation 
results proved the enhanced efficacy of the implemented algorithm than the other exist-
ing approaches.

2.2 � Problem statement

Nowadays, D2D communication is becoming very famous because of its high advan-
tages. D2D communication is considered as the innovation of direct transmission 
among two cellular candidate systems without sending via the base station. These 
supports enhancing the network capacity, spectrum efficacy, and minimize the 
latency. Meanwhile, the relays are employed to enlarge the convergence of the net-
work. The issue of relay selection in D2D communication is highly significant. Moreo-
ver, with the connection of various wireless systems, the network becomes very dense 
resulting in the new issue of shortage in spectrum shortage. Numerous mechanisms 
have been deployed in the previous years that focus on these complexities. Some of 
the techniques’ features and difficulties are listed in Table 1. Dinkelbach’s theory [18] 
produces higher-quality outcomes. It doesn’t present any additional factors. However, 
it is complex to solve and contains time complexity. Its convergence properties are 
not fully addressed. Stable matching theory [19] enhances the overall satisfaction of 
the network. It provides the best matching group. But, it takes more time to produce 
the solutions. It has no stability and it is complex to apply in real-world applications. 
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Table 1  Features and challenges of traditional resource allocation and relay selection approaches in 
D2D communications

Author [citation] Methodology Features Challenges

Cao et al. [18] Dinkelbach theory It produces higher-quality 
outcomes
It doesn’t present any 
additional factors

It is complex to solve and 
contains time complexity
Its convergence properties 
are not fully addressed

Kishk et al. [19] Stable matching theory It enhances the overall 
satisfaction of the network
It provides the best match-
ing group

It takes more time to pro-
duce the solutions
It has no stability and it is 
complex to apply in real-
world applications

Salim et al. [20] RPRS-EH It enhances the sum rate 
of both D2D relay-aided 
and cellular links
It has fewer computational 
burdens

It has poor system perfor-
mance
It takes more attributes to 
perform the process

Feng et al. [21] Fractional programming 
theory

It has high sensitivity and 
efficiency when solving 
the issue
It has less utilization in the 
time and money

It has limited surface knowl-
edge
It has poor problem-solving 
skills

Li et al. [22] Two-phase optimization 
algorithm

It finds the optimal global 
solutions
It is a very simple and easy 
approach

It traps into the local optima
It has poor quality outcomes

Wang et al. [23] Bargaining optimization 
model

It strengthens the relation-
ship among the attributes
It improves the coverage 
and network throughput

It has slow convergence 
rates
It is ineffective and has poor 
performance

Zhao et al. [24] Network coding It enhances throughput 
and ensures robustness
It increases the network 
reliance and raises the 
security

It requires additional care 
during the implementation
It is a very expensive task

Gao et al. [25] Greedy algorithm It has less time complexity 
thus it tends to become 
the ease process
It is a fast and efficient 
mechanism

It couldn’t produce the opti-
mal solutions all the time
It highly depends on the 
problem structure

Gao et al. [26] Relay selection algorithm The energy efficiency 
provided by this scheme 
is higher
This method has an 
enhanced success prob-
ability rate
Enhanced channel capabil-
ity over a long distance is 
provided by this scheme

This algorithm suffers from 
high latency issues
The computational compli-
cations in this approach are 
more when provided with 
smaller values

Mahdi and Tașpinar [27] BFP algorithm Enhanced performance is 
provided by this scheme 
than the state-of-the-art 
models with respect to the 
workload on the network, 
latency, and energy con-
sumption

The fault tolerance capabil-
ity of this prototype is not 
known
As hardware implementa-
tion of this prototype is 
not possible, this model is 
not applicable to real-time 
scenarios
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RPRS-EH [20] enhances the sum rate of both D2D relay-aided and cellular links. It 
has fewer computational burdens. But, it has poor system performance. It takes more 
attributes to perform the process. Fractional programming theory [21] has high sen-
sitivity and efficiency when solving the issue. It has less utilization in the time and 
money. Yet, it has limited surface knowledge. It has poor problem-solving skills. A 
two-phase optimization algorithm [22] finds the optimal global solutions. It is a very 
simple and easy approach. However, it traps into the local optima. It has poor qual-
ity outcomes. Bargaining optimization model [23] strengthens the relationship among 
the attributes. It improves the coverage and network throughput. But, it has slow con-
vergence rates. It is ineffective and has poor performance. Network coding [24] has 
enhanced throughput and ensured robustness. It increases the network reliance and 
raises the security. Yet, it requires additional care during the implementation. It is 
a very expensive task. A greedy algorithm [25] is very easy and has less time com-
plexity. It is a fast and efficient mechanism. However, it couldn’t produce the optimal 
solutions all the time. It highly depends on the problem structure. The relay selection 
algorithm [26] provides more energy efficiency. This method has an enhanced success 
probability rate. Enhanced channel capability over a long distance is provided by this 
scheme. However, this algorithm suffers from high latency issues. The computational 
complications in this approach are more when provided with smaller values. BFP 

Table 1  (continued)

Author [citation] Methodology Features Challenges

Liu et al. [28] MARL and WoLF-PHC This scheme offers lower 
overhead on signaling over 
a larger-scale IoT-based 
network
The overall complication 
in this approach is also 
further reduced by imple-
menting the lightweight 
neighboring-agent-based 
approach
This prototype is ideal in 
the case of traffic conges-
tion conditions
A suitable number of adja-
cent users can be selected 
based on the real-time 
scenarios

Even though the solution 
provided is immediate, it is 
not effective in uncertain 
scenarios

Zhong et al. [29] RL It acts as a strong data-
driven approach to allocat-
ing resources in the D2D 
communication system

This method consumes 
more time as it runs by trial-
and-error approach

Tian et al. [30] Greedy Selection Algo-
rithm

This scheme achieves an 
enhanced data transmis-
sion rate between the D2D 
link and the CU
Simultaneous switching of 
the communication mode 
for the sum rate is made 
possible by this approach
This scheme is highly 
flexible and can enhance 
the overall working of the 
heterogeneous system

The influence of the social 
attributes on the perfor-
mance of the user in the 
network is not known
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algorithm [27] offers enhanced performance than the state-of-the-art models with 
respect to workload on the network, latency, and energy consumption. However, the 
fault tolerance capability of this prototype is not known. As hardware implementation 
of this prototype is not possible, this model is not applicable to real-time scenarios. 
MARL and WoLF-PHC [28] offer lower overhead on signaling over a larger-scale IoT-
based network. The overall complication in this approach is also further reduced by 
implementing the lightweight neighboring-agent-based approach. This prototype is 
ideal in the case of traffic congestion conditions. A suitable number of adjacent users 
can be selected based on the real-time scenarios. Even though the solution provided 
is immediate, it is not effective in uncertain scenarios. RL [29] acts as a strong data-
driven approach to allocating resources in the D2D communication system. How-
ever, this method consumes more time as it runs by trial-and-error approach. The 
greedy selection algorithm [30] achieves an enhanced data transmission rate between 
the D2D link and the CU. Simultaneous switching of the communication mode with 
respect to the sum rate is made possible by this approach. This scheme is highly flex-
ible and can enhance the overall working of the heterogeneous system. Yet, the influ-
ence of the social attributes on the performance of the user in the network is not 
known. Therefore, in this work, a new effective resource allocation and relay selection 
mechanism has been presented in D2D communication.

The contribution of this paper are as follows:

•	 To generate an optimization-aided machine learning approach for performing the 
optimal process of allocating and selecting the resource and relay in D2D commu-
nication systems. This optimal process can be useful in some applications like social 
networking public safety, local data services, home automation and so on.

•	 To implement an advanced machine learning approach called the AMLP for opti-
mally allocating the resources and selecting the relay in an optimal manner with the 
aid system configuration as input to enhance the EE and manage the sum rate while 
performing D2D communication in 5G networks.

•	 To execute an optimization algorithm called the HFDCSA for obtaining the opti-
mized solution for selecting relays in an optimal manner in order to provide it as the 
targets to the implemented joint RA and relay selection model. This novel algorithm 
is inspired by the process of two conventional systems as FDA and CSA significantly.

•	 To compare the performance of the implemented joint RA and optimal relay selec-
tion schemes with other traditional protocols in order to validate its enhanced per-
formance.

3 � Research motivation
D2D communication is proposed as the key concept of engaging the peer-to-peer com-
munication network, where the data are transferred. In the case of D2D communication, 
the resource allocation can be able to assign the resource block to the respective chan-
nel, whereas the relay selection has the ability of holding the idle users of D2D pairs. 
In the relay-oriented model, the major critical factor is how to select the resource, and 
how to allocate the resource and transmit power to the channel becomes the crucial fac-
tor while developing the communication system. Based on this mechanism, the quality 
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might get increased. In some scenarios, the reused resources are also available that is 
also to be managed in order to account the challenging gaps. Hence, these criteria moti-
vate the model to first focus on the selection of resource acquiring the better communi-
cation process. Moreover, the deep learning model emerges with much beneficial things, 
which are also included in the D2D communication for further enhancement.

4 � Joint optimization of resource allocation and relay selection 
in device‑to‑device communication: system model and proposed description

4.1 � Device‑to‑device communication system model

The general representation of the D2D [21] system is given in Fig.  1. A double-lay-
ered mobile network having a single cellular user (CU) represented as Cu , a single 
destination represented as Dd , a single RN indicated as Rl; l = 1,2, . . . . . . .L, a single 
BS denoted as Bs , and a single source denoted as Sd is considered for our work. The 
function of the BS is to transmit energy to the users in the D2D system on downlink 
communication and to receive data from CU Cu , on the uplink communication pro-
cess. Only BS is capable of performing the uplink process and it can receive data only 
from the CU. Thus, a “frequency division duplex system” is considered. The resource 
that has been allocated to the CU Cu , by utilizing the uplink network can be reused 
by the suggested RA-D2D system to a maximum of one number. With the aid of the 
spectrum sharing underlay operation, the D2D users are allowed to simultaneously 
make use of the resources in the cellular uplink network. Thus, Rl and Dd are associ-
ated with Cu . In the process of data transmission, there is an effect on the Bs , due to 
Sd and Rl . Here, it is considered that both Cu and RA-D2D links are provided with the 
resources from the uplink communication process. However, this process may lead 
to interferences. This interference is solved by utilizing the SINR received at the BS 
along with the SINR associated with the RA-D2D communication system.

Bs 

Cellular link

D2D link

Interference

Base StationBs 

Cellular UserCu 

D2D DestinationDd

D2D Relay NodesRl

D2D SourceSd

Cu

Rl 

Rl 

Cu

Cu 

Cu 

Sd 

Dd 

Sd Dd 

Rl 

Rl

Rl 

Rl 

Sd Dd 

Fig. 1  System model of D2D communication
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This system is treated as a “harvest-and-then-transmit” system. The entire time 
required for the communication process is segmented into “wireless information 
transmission (WIT) and wireless energy transmission (WET)” parts. The WIT is 
further divided into two slots: One transmits the data from Sd to the relay Rl at the 
location l  under the influence of an interference signal from Cu , and the other trans-
mits the data in the relay Rl to Dd under the presence of interference. The energy is 
harvested by the BS from the radio frequency (RF) signals in the WET phase. The 
“amplify-and-forward (AF)” relays are used in this protocol. Here, an assumption is 
made such that BS will always receive signal obtained from Cu on the WIT phase. The 
signal power P0 is higher than the power of the noise in the WET stage as the D2D 
devices receive RF signals from the BS. Thus, no energy is harvested from the noise 
present in the channels. The energy harvested in the WET phase is given by Eq. (1), 
Eq. (2), and Eq. (3).

In Eq.  (1), Eq.  (2), and Eq.  (3), the term �ǫ(0,1) represents the efficiency of energy 
conversion. The term k0 denotes the time taken for the WET phase. The power gain 
is represented by the term g  . The SINR ϑ of data transfer from Sd and Rl in the WIT 
phase is given by Eq. (4).

The term N0 denotes the noise variance. The SINR ϑ of data transfer from Rl to Dd 
in the WIT phase is given by Eq. (5).

The jointly attained SINR at Dd is given in Eq. (6).

The RA-D2D link’s data rate is represented by Eq. (7).

In Eq.  (7), the term Bw represents the bandwidth that is provided to the network. 
There are two interferences, one on transmitting the data from SdtoRl and the other 
on transmitting the data from RltoDd . The BS will thus receive an SINR as given by 
Eq. (8).

(1)EHSd = k0�P0gBs ,Sd

(2)EHRl = k0�P0gBs ,Rl

(3)EHDd
= k0�P0gBs ,Dd

(4)ϑSd ,Rl =
PSd gSd ,Rl

PCugCu,Rl + N0

(5)ϑRl ,Dd
= PRl gRl ,Dd

PCugCu,Dd
+ N0

(6)ϑSd ,Rl ,Dd
= min ϑSd ,Rl ,ϑRl ,Dd

(7)DRSd ,Rl ,Dd
= kcBwlog2(1+ ϑSd ,Rl ,Dd

); c = 1,2
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The data rate from BstoRl be represented by Eq. (9).

The total energy consumed in this phase is given by Eq. (10).

In Eq. (10), the term υǫ(0,1) represents the efficiency of the power amplifier. The term 
k1andk2 indicates the time taken for the WIT phase.

The time slot diagram for the WIT and WET phases is provided in Fig. 2.

4.2 � Problems with device‑to‑device communication system

The problems that exist in conventional D2D communication systems are provided 
below.

•	 As direct connection between the devices takes place in D2D communication, there 
is a higher threat to the security of the data that is being transmitted in the D2D sys-
tem.

•	 High interference issues are seen in the D2D users and cellular users as a result of 
D2D communication.

•	 The devices in the D2D communication system are difficult to spot or monitor.
•	 A higher rate of consumption of energy can be seen in the D2D devices.
•	 The QoS in D2D communication can be affected by improper allocation of resources.
•	 If the resources are not allocated properly, the EE and spectral efficiencies are 

affected. This necessitates the need for additional energy harvesting protocols.
•	 The selection of modes in the D2D communication system is a difficult task.
•	 To establish a direct linkage between the devices in the D2D system, the optimal 

selection of relays is needed.

4.3 � Proposed joint optimization of resource allocation and relay selection model 

in device‑to‑device communication

Relay selection in the D2D system is required when there are blockages between the 
direct linkage of devices, when the nodal distances are higher, or the scenarios in which 

(8)ϑCu,Bs =







PCugCu ,Bs
PSd gCu ,Sd+N0

atk1
PCugCu ,Bs

PRl gBs ,Rl+N0
atk2

(9)DRx = kcBwlog2(1+ ϑCu,Bs); c = 1,2

(10)TEC = k1
PSd
υ

+ k2
PRl
υ

WET WIT

Fig. 2  Time slot diagram for WIT and WET phase
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the communication channels get impaired severely. This helps in attaining an extension 
of coverage and in providing enhanced content sharing the network. It is essential to 
consider the following criteria before performing relay selection.

•	 Verify if the device acts as a relay or not in the pre-existing system.
•	 Verify the capacity of the device to handle multiple cooperative users.

Once the above-mentioned criteria are verified, the optimal selection of the relays in 
the D2D communication is carried out with the aid of the HFDCSA approach. The opti-
mal selection of the relay assisted in enhancing the EE by reducing the energy consumed 
by the devices. This optimal selection of the relays will also result in enhancing the data 
transfer rate between the communicating devices. Once the optimal relays are selected, 
then the optimal allocation of the resources is done by the same HFDCSA. These are 
provided as the target for the implemented AMLP model.

The main goal behind the optimization of the relays in this work is the enhancement of 
EE as well as the enhancement of the sum rate. These two processes are performed with 
the help of the AMLP network. The performance of the network is also enhanced by tun-
ing the parameters such as step per epoch, hidden neuron count, and count of epochs. 
This helps in minimizing errors such as “mean squared error (MSE), mean absolute 
error (MAE), and root mean square error (RMSE)” on the prediction results obtained 
on the relay selection and resource allocation process by the AMLP. The process of opti-
mal relay selection helps in effective data transfer in a timely manner within the D2D 
network in the IoT system. The optimal RA helps in provisioning required resources for 
the most essential user and thus prevents the over-utilization of the resources. Hence, 
an advanced joint optimization of RA and relay selection in D2D communication is 
achieved with the aid of the HFDCSA target by utilizing the system configuration data as 
the input. Then, the AMLP system is used to predict the optimal relay selection and the 
resource allocation by utilizing the same system configuration data as the input and the 
optimal relay selection by using the HFDCSA as its target. The variables in the AMLP 
are optimized by the HFDCSA to enhance the overall prediction performance by mini-
mizing the prediction errors. The performance of the implemented scheme is verified by 
carrying out extensive simulations. The architecture of the generated joint optimization 
of RA and relay selection model in D2D communication is shown in Fig. 3.

5 � Hybrid flow direction with chameleon swarm algorithm for joint 
optimization of resource allocation and relay selection

5.1 � Proposed HFDCSA

Two optimization techniques, namely the CSA and the FDA, are selected for performing 
the task of optimal relay selection, RA, and the optimization of the parameters in the 
MLP network such as hidden neuron count, epoch count, and steps per epoch. For opti-
mal joint relay selection and RA, the transmission power and the resources assigned to a 
particular channel are optimized by the HFDCSA. The optimal selection of the relays is 
done to make an efficient routing path for data transmission from the source to the des-
tination in the D2D communication. If the relays are not selected in an optimal manner, 
then the time required for data transmission will be increased. This may lead to cause 
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delays in the overall communication process. Also, when all the relays are involved in the 
routing process, the data transmission process will get complicated. Thus, the optimal 
selection of relays must be carried out in order to determine the shortest path of infor-
mation transfer from the relays. Once the optimal routing is performed, then the gath-
ered resources are allocated in an optimal manner. This optimal allocation of resources 
helps in preventing the over-utilization or under-utilization of the resources and assists 
in providing the resources to the most required and resource-scares users. Both of these 
tasks of optimal relay selection and the joint RA are performed in this work with the aid 
of the HFDCSA. Apart from this, the variables in the MLP are also optimized using the 
HFDCSA. The HFDCSA is generated by combining the FDA and CSA. The enhanced 
convergence speed and the effectiveness in escaping the local optima make the FDA an 
ideal choice for this optimization task. The FDA is also a good choice for solving low-
dimension problems. The CSA technique is chosen for this task because of its enhanced 
ability of exploitation, increased exploration capability, and effectiveness in avoiding 
local optimal solutions. This algorithm is also proven to be an efficient solution for low-
dimension issues. Since both the FDA and CSA are not able to solve high-dimensional 
problems, an enhanced optimization scheme is developed by fusing the FDA with the 
CSA to make an enhanced optimization scheme called the HFDCSA. The HFDCSA is 
executed by analyzing the iteration count. When the iteration count at present n is less 
than half of the maximum iteration count N2  , i.e.,

(

n < N
2

)

 , such that N  represents the 

maximum iteration count, and then the solution is updated using the FDA. Or else, the 
CSA is utilized to update the solution.

D2D Communication System

eNodeB

Uplink
Downlink
D2D communication

Implemented 
HFDCSA

Optimized transmission power 
and joint RA (optimally 

obtained output)

Maximization of 
EE and sum rate

Generated AMLP Model for 
predicting optimal relay 
selection and joint RA

D2D Network’s 
System 

Configuration 
parameters 

Obtained Prediction Output on 
optimal relay selection and joint 

RA

For training

Fig. 3  The architecture of the generated joint optimization of RA and relay selection model in D2D 
communication
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FDA: In the FDA [31], the direction flow of the direct runoff in the water basin is con-
sidered the inspiration. At first, the population at the beginning of the FDA is created in 
the drainage basin (regarded as a lookup area in the FDA). The population initialized is 
represented in a matrix format known as a population matrix. The population matrix in 
FDA is expressed as given in Eq. (11).

The term F(A) in Eq. (11) indicates the location of the flow of the Ath population in 
the FDA, and aoj  denotes the location of the Oth individual at the jth decision variable. 
Once the population is initialized, the flow of the water to the lowest height/hole in the 
basin (or toward the optimal location) is determined. Some of the hypotheses that are 
considered in this algorithm are as follows:

•	 A height and location are provided for all the flow.
•	 A position α is found near every flow, and it is provided with a fitness value.
•	 The slope is proportional to the velocity of the flow of the water.
•	 The flow of the water to the least height has a direction and a velocity B.
•	 The optimal location is the outlet point in the basin.

Some of the parameters that are initialized in the FDA include the term o , which 
denotes the total number of individuals in the population, the term α the count of neigh-
bors, and the radius of the neighbor denoted by χ . The initial flow’s location is deter-
mined with the aid of Eq. (12).

In Eq. (12), the term d represents the lowest boundary of the FDA, f  represents the 
upper boundary of the FDA, and an arbitrary variable in the range [0, 1] which has 
been uniformly distributed is represented as e . The position of the α number of neigh-
bors is determined using Eq. (13).

In Eq. (13), the term C[A(i)] denotes the neighbor at the ith  location, and the nor-
mally distributed arbitrary variable is indicated by the term eg  . The fitness value of 
the position is determined using Eq. (14).

A mean value of 0 and a standard deviation of 1 are considered here. The value of χ 
has a direct effect on determining the feasible solution. If the value of  χ is more, then 

(11)F(A) =













a11 a12 · · · a1j
a21 a22 · · · a2j
...

...
. . .

...
ao1 ao2 · · · aoj













(12)F [A(c)] = d + e ∗
(

f − d
)

(13)C[A(i)] = F [A(c)]+ eg ∗ χ

(14)Fm =









m1

m2

...
mo








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the candidate solutions are given more possibility of exploring more regions in the 
search area. Similarly, the value of χ is smaller, making the candidate solution search 
only a smaller area. However, if the value of χ is made higher, then the FDA is dedi-
cated to figuring out only global optima. If the value of χ is small, then the chances 
of the FDA falling for local optima are higher. Hence, a balance has to be obtained 
between the local and global optimal by adjusting the value of χ . In order to enhance 
the diversity, the value of χ is adjusted randomly as given in Eq. (15).

In Eq.  (15), the term e represents the uniformly distributed arbitrary variable, Ae 
indicates the arbitrary position of the Ath population, and G denotes an arbitrarily 
generated nonlinear weight in the range 0 and ∞ . The first term of Eq. (15) represents 
that the flow takes place from F [A(c)] to Ae . The second term of Eq.  (15) expresses 
that if the iteration increases, then the F [A(c)] will become closer to the best location 
DA . The Euclidean distance between DA and F [A(c)] also becomes 0 . This eliminates 
the process of local search. The nonlinear weight G which is randomly distributed is 
determined using Eq. (16).

In Eq.  (16), the term e denotes a vector with random variables that are uniformly 
distributed,h represents the current iteration, and H  indicates the maximum itera-
tion count. The value of G is proportional to the iteration count. When the iteration 
reaches its maximum value, the value of G increases, and the FDA no longer falls for 
local optima. The flow will move toward the least fit neighbor with a velocity B.

In Eq. (17), the term E0 represents the slope vector that takes the difference between 
the location of the present flow and the neighboring flow. The global searching ability 
is enhanced with the aid of eg  . The flow of the cth location toward the ith location is 
given by Eq. (18).

In Eq. (18), the term Fm(c) represents the fitness of the cth flow and the term Cm(i) 
indicates the fitness of the ith flow. The problem’s decision variable is denoted by the 
term j . The new location of the flow is computed using Eq. (19).

In Eq. (19), the term F [lA(c)] denotes the updated location of the cth flow, and k indi-
cates the flow. To update the location, another flow in random is considered in the FDA. 
If the fitness of the random flow is better than the updated flow’s fitness value, then the 

(15)χ = (e ∗ Ae − e ∗ F [A(c)]) ∗ �DA− F [A(c)]� ∗ G

(16)G =
(

(

1− h

H

)(2∗eg)
)

∗
(

e ∗ h

H

)

∗ e

(17)B = eg ∗ E0

(18)E0
(

c, i, j
)

= Fm(c)− Cm(i)

�F
[

a
(

c, j
)]

− F
[

a
(

i, j
)]

�

(19)F [lA(c)] = k[A(c)]+ B ∗ F [A(c)]− F [A(i)]

�F [a(c)]− F [a(i)]�
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flow’s position is not amended. Else, the position of the flow will be updated. This pro-
cess is illustrated mathematically in Eq. (20).

In Eq. (20), the term n denotes an arbitrary variable. The velocity vector of the flow is 
given by Eq. (21).

A recently implemented heuristic strategy that imitates the prey-hunting character-
istics of the reptile, chameleon, is called the CSA [32]. The four major steps that are 
involved in the CSA are as follows [33].

•	 Initialization
•	 Prey tracking
•	 Pursuing the prey with eye movement
•	 Attack of prey

Initialization phase As with any other heuristic approach, the CSA relies on the popu-
lation. Therefore, the population of the CSA is initialized randomly at the beginning of 
the algorithm. In a lookup area of size w , the chameleon population of size P is obtained. 
The entire population serves as a candidate solution for the algorithm. The place in 
which these population chameleons are present is given by Eq. (22). This matrix repre-
senting the place in which the chameleon is present is of size P × w in two-dimensional 
spaces.

The total number of repetitions that are considered in the CSA is given by v in Eq. (22), 
the total count of chameleons in the algorithm is represented as = 1,2, ...,P , and the 
place in which the uth chameleon is present at the dimension w is denoted astuv,w . Once 
the population of the chameleon is initiated based on the decision variable, then the 
total count of chameleons that are available within the lookup area is determined using 
Eq. (23).

The primary vector of the uth chameleon is indicated as tu in Eq.  (23), the highest 
boundary of the lookup area is denoted as zJ , the least boundary set to the lookup area is 
denoted by xJ , and an arbitrary term having a value [0,1] is indicated as y.

Prey tracking phase The behavior adopted by the chameleon in search of the prey is 
mathematically formulated as given in Eq. (24).

(20)
{

F [lA(c)] = F [A(c)]+ 2eg ∗ (DA− F [A(c)]) ifFm(c) ≤ Fm(n)
F [lA(c)] = F [A(c)]+ eg ∗ (F [A(n)]− F [A(c)]) ifFm(c) > Fm(n)

(21)B =
[

b1 b2 · · · bj
]

(22)tuv =
[

tuv,1, t
u
v,2, ..., t

u
v,w

]

(23)tu = xJ + y×
(

zJ − xJ
)

(24)t
u,J
v+1 =







t
u,J
v + ε
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zJ − xJ
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�

LM > yu

t
u,J
v +M1

�

L
u,J
v − K

u,J
v

�
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The upcoming count of the current repetition is represented as v + 1 in Eq. (24), the 
upcoming place in which the chameleon is present is referred to by the term tu,Jv+1 , the 
variable that degrades the count of the repetitions is denoted by ε , and the highest and 
lowest boundary of the lookup area at the J th dimension is indicated as zJ and xJ , respec-
tively. The arbitrary variables that lie in the limit (0, 1) are represented by the terms y1 , 
y2 , and y3 . The significance function is represented by the term R . A random term in the 
limit (0, 1) is denoted by S . The likelihood in which the chameleon pursues the prey is 
represented by LM . A uniformly distributed random variable in the range (0, 1) is men-
tioned by the term yu . The terms that have the ability to alter the exploring ability of the 
CSA are referred to by the terms M1 and M2 . These terms M1 and M2 have a positive 
value. The feasible solution is represented as Lu,Jv  . The globally ideal solution is indicated 
by the term Ku,J

v  . The CSA operation is controlled by the term R
(

S − 3
6

)

 , which has a 

value within the range −1 and 1 . The place at which the chameleon is present currently is 
represented by tu,Jv  . The value of LM has a value 0.1 . The value ε is determined using 
Eq. (25).

The maximum limit provided for the number of repetitions in the CSA is denoted 
by the term V  . The symbols ϕ , φ , and γ represent three constant terms having the val-
ues equal to 1 , 3.5 , and 3 , respectively. The values of M1 and M2 are taken as 0.25 and 
3
6 , respectively. The solution that is near the feasible solution is given by the term KJ

v  . 
When 0.1 > LM , the hunting of the prey gets executed. If 0.1 ≤ LM , then the chameleon 
changes its place by observing the prey.

Pursuing prey with eye movement The chameleon will determine the position at which 
its prey is located using its eye movement. A chameleon’s eye has the feature of rotating 
up to 360 degrees. This helps them in spotting the prey within this range of 360 degrees. 
This process is followed by the following steps:

The center of gravity represents the place in which the chameleon is present at the 
beginning of the algorithm.

Then the prey’s location is identified with the aid of the rotation matrix.
While considering the center of gravity, the place in which the chameleon is present 

will be upgraded using a rotation matrix.
Then the chameleon will return to its initial place.
The chameleon will update its place by utilizing the eye movement as given by 

Eq. (26).

The new place in which the chameleon is present at this moment is given by the 
term tu,Jv+1 in Eq.  (26), the chameleon’s rotating center coordinates are given by the 
term tyuv  , and the center point of the present location of the chameleon is given by the 
term tuv  . The chameleon’s rotating center coordinates are computed using Eq. (27).

(25)ε = ϕexp

(−φv

V

)γ

(26)t
u,J
v+1 = tyuv + t

u
v

(27)tyuv = T × tOu
v
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The rotation of the chameleon is denoted by using the rotation matrix as expressed 
by the term T  , and the center coordinates of the iteration are indicated as tOu

v  . These 
two parameters are determined using Eq. (28) and Eq. (29).

The chameleon’s rotation angle is denoted by η in Eq.  (28), the orthonormal vec-
tors in dimension P within the lookup area are indicated by the terms �X1 and �X2 in 
Eq.  (28), and the rotation matrix is represented by the term U  in Eq.  (28). The term 
�W  represents a vector. The value of the rotation angle η is determined using Eq. (30).

The value of the rotational angle η is given in the range 0 and 180.
Attack of prey As the chameleon reaches closer proximity to the prey, it will begin 

to attack its prey with its tongue. The chameleon in this closer proximity range is 
regarded as the best solution for the CSA. As the length of the tongue is longer, it is 
easier to capture the prey with it. The chameleon’s tongue gets out at a velocity Y u,J

v+1 
determined as given in Eq. (31).

The velocity in which the chameleon extends its tongue is represented by the term 
Y
u,J
v+1 in Eq.  (31), the velocity of the chameleon’s tongue at the current scenario is 

given by the term Y u,J
v  , the terms O1 and O2 are two parameters that have a positive 

value which influences the feasible solution Lu,Jv  and the global ideal solution KJ
v  , and 

the inertial weight that happens as the result of the chameleon extending its tongue 
is denoted by ι . The inertial weight of the chameleon’s tongue ι is computed using 
Eq. (32).

The variable κ in Eq.  (32) indicates a parameter having a value 1 , that controls the 
exploitation phase of the CSA. The convergence of CSA is enhanced using the inertial 
weight ι . When the chameleon extends, its relative position will also change, which is 
given in Eq. (33).

The velocity at the prior iteration is denoted by the term Y u,J
v−1 in Eq. (34), and the cha-

meleon’s tongue’s acceleration is denoted by N  , which is computed using Eq. (34).

(28)T = U
(

η,
−→
WX1

−→
X 2

)

(29)tOu
v = tuv − t

u
v

(30)η = R

(

S − 3

6

)

× 180

(31)Y
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v+1 = ιY u,J

v + O1

(

KJ
v − tu,Jv

)

y1 + O2
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y2

(32)ι =
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The pseudocode of the executed HFDCSA is provided in Algorithm 3.

Algorithm 3  Implemented HFDCSA

The flowchart of the HFDCSA is depicted in Fig. 4.

5.2 � Joint optimization on resource allocation and relay selection with HFDCSA

The parameters like the transmission power and the resources assigned to a channel 
such as the relay capability as well as the spectrum resources are optimally tuned by 
means of the HFDCSA. These factors are optimized in order to select the optimal 
number of relays for data transmission in the D2D system. The optimization of the 
transmission power aids in enhancing the lifetime of the network and helps in main-
taining the connectivity of the devices in the network. This also helps in reducing 
energy consumption, thus enhancing the EE of the network. Also, in order to enhance 
the spectral efficiency without compromising the QoS, the resources in the D2D sys-
tem have to be selected optimally. The enhancement in the spectral efficiency will 
help reduce the SNR and enhance the channel’s capacity to transmit more data. The 
optimal selection of RNs by the implemented HFDCSA model is provided in Fig. 5.

Thus, these two parameters are optimized in order to perform optimal joint relay 
selection and RA with the aim of enhancing the EE and sum rate. This objective is 
given by Eq. (35).

(34)N = 2590×
(

1− exp
(

−log(v)
))
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In Eq. (35), the term ob1 denotes the objective function, SR indicates the sum rate, EE 
represents the EE, TPFCAtp  denotes the optimized transmitted power, which is selected 
in the range [2, 128] , and ORFCA

or  indicates the optimally selected resources, which are 
chosen between the limit [1, 5] . The optimal selection of relays is done to enhance the EE 

(35)ob1 = arg min
{

TPFCAtp ,ORFCA
or

}

(

1

SR+ EE

)

Fig. 4  Flowchart of the executed HFDCSA
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while the optimal allocation of resources is done to maximize the sum rate. The optimal 
number of relays is selected by utilizing the HFDCSA to find the largest value of Bw in 
the D2D link. The term Bw indicates the bandwidth that is allocated to the network.

Sum rate The total of data that can be achieved on the stream is called the sum rate.

Base Station

D2D UE

D2D UE

D2D UE

D2D UE

D2D UE

D2D UE

Cellular link

D2D link

Optimally 
selected 
Relay

Optimally 
selected 
Relay

Executed HFDCSA for 
optimal relay selectionEnhancement of 

EE and sum rate

Fig. 5  Optimal relay selection using the implemented HFDCSA

Fig. 6  Solution encoding of the implemented joint optimization on RA and relay selection scheme with 
HFDCSA
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Energy Efficiency EE is defined as the amount of data in bits transmitted via a net-
work within a single unit of power consumption in Joules. The EE is denoted in terms 
of bits/ Joules.

The solution encoding of the implemented joint optimization on RA and relay selec-
tion scheme with HFDCSA is given in Fig. 6.

5.3 � Description of energy efficiency maximization

The ratio between the energy consumed by the D2D system and the data rate in the RA-
D2D link is given by the term EE in this work. EE is expressed as given in Eq. (36).

In Eq. (36), the term ϑSd ,Rl ,Dd
 indicates the data rate, Ec indicates the consumed energy, 

Dd represents the D2D destination, Sd indicates the D2D source, and Rl denotes the D2D 
relay. The major aim of the optimal relay selection process is to maximize EE in the D2D 
communication system by considering data rate, SINR received atRl , power controlP , 
and time distribution k . This objective is given by Eq. (37).

S.t.C1 : 0 < k1PSd ≤ HPSd , and0 < k2PRl ≤ HPRl.
The term C1 represents the consumed energy by the D2D system in its WIT phase. 

The value of C1 should not become more than the energy that has been harvested in the 
WET phase of the D2D system.

The factors that are required to satisfy the minimum SINR are represented by C2 
andC3 . These parameters are within the range given as C2 :

(

ϑSdRl ≥ ϑmin
Rl

)

 

andC3 :
(

ϑRlDd
≥ ϑmin

Dd

)

.

The limit given to the data rate that has to be attained by the BS in the D2D com-
munication system is indicated by the termC4 . The value of C4 is within the 
limit.C4 :

[

Bwlog2
(

1+ ϑCu,Bs

)

≥ DRmin
Cu,Bs

]

.
The limit set for the transmission of data is denoted by C5 . The value of C5 is within the 

range C5 : k2 + k0 + k1 ≤ 1.
The nonnegative limit set to the power and the allocated time is denoted by C6 . The 

value of C6 is within the C6 : k2, k0, k1,PSd ,PRl > 0.
The object function ob2 is neither concave nor convex. Thus, the fractional program-

ming is used to convert it to standard form. This objective of attaining maximum EE is 
achieved by optimizing the transmission power TPFCAtp  in the D2D network by utilizing 
the HFDCSA in order to optimally select the number of relays in the D2D network.

5.4 � Description of sum rate maximization

The sum rate is represented as SR(W ,X) , in which the term W  indicates the matrix rep-
resentation of he,f  and X represents the matrix representation of je,f  . The computation of 
the sum rate is given in Eq. (38).

(36)EE = ϑSd ,Rl ,Dd

Ec

(37)ob2 = arg min
{

k ,PSd ,PRl

}

(

1

EE

)

= k1PSd + k2PRl
ϑSd ,Rl ,Dd
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The D2D device pairs are represented by the term Re . This D2D pair Re shares the 
resource same as that of the e . The value of Re is thus given by Re =

{

f
∣

∣he,f = 1, ∀f ∈ R
}

 . 
The sum rate in a D2D communication system is always aimed to keep at a maximum 
value. This objective is mathematically represented as provided in Eq. (39).

To obtain the above objective function, the following constraints are applied.
In order to make the D2D pair engage with a single CU in the resource block, the con-

straint applied is he,f , je,f ∈ {0,1}, ∀e ∈ U; f ∈ R.
The CU is allocated to a maximum of a single D2D pair with the utilization of the con-

straints 
∑

e∈Uhe,f ≤ 1, ∀f ∈ R and 
∑

fRe
je,f ≤ 1, ∀e ∈ U  such that je,f = 0, ∀f /∈ Re; e ∈ U

.
The rate required by every D2D pair is represented by means of the constraint 

SRf

(

he,f , je,f
)

≥ SRf .
Throughout this optimization problem, no concave characteristics are shown for the 

terms he,f  or je,f  . Thus, the above problem is regarded as a nonlinear, non-convex, and 
binary integer problem with 2UR variables. This variable is minimized to a “0–1 Knap-
sack issue or NP-hard problem”. This objective of attaining a maximum sum rate is 
achieved by optimizing the transmission power TPFCAtp  and resource assigned ORFCA

or  in 
the D2D network by utilizing the HFDCSA in order to optimally select the number of 
relays along with performing joint RA in the D2D network.

6 � Automatic prediction on resource allocation and relay selection using 
adaptive multi‑layer perceptron using optimal solution

6.1 � Multi‑layer perceptron

A type of “artificial neural network (ANN)” with a three-layered structure is called 
MLP [34]. Let us consider a training dataset xp having patterns 

(

zZ , yZ
)

 with a count of 
patterns Z considered for training the MLP. The pattern’s input at the x dimension is 
represented as zZ , and the pattern’s output at the w dimension is denoted as yZ . The 
thresholding in the layers is taken as one for easy computation. The augmented vector 
component is referred to as zZ(x + 1) . The hidden unit at the location v is given with an 
input as given in Eq. (40).

In Eq. (40), the input is represented as qZ(v) , and the weight that links the input u with 
the hidden unit v is represented asto(v,u) . The output for the training pattern is given by 
Eq. (41).

(38)SR(W ,X) =
∑

e∈U

∑

f ∈Rhe,f SRf

(

he,f , je,f
)

(39)ob1 = arg min
{

he,f ,je,f
}

(

1

SR(W + X)

)

(40)qZ(v) =
∑x+1

u=1
to(v,u) · zZ(u)

(41)sZ(v) = r(qZ(v))
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In Eq. (41), the term sZ(v) denotes the output. The nonlinear activation function used 
in the hidden layer r(qZ(v)) is given by Eq. (42).

A conventional MLP architecture is provided in Fig. 7.

6.2 � HFDCSA‑based optimized solutions for joint prediction model of optimal relay 

selection and resource allocation

The factors such as the “network size, number of D2D relays, mobility static, D2D source 
coordinates, the distance between D2D users, cellular user coordinates, cellular user base 
station coordinates, bandwidth, D2D destination coordinates, minimum decodable SINR 
at the D2D relay, minimum data rate requirement of the cellular user, minimum decodable 
SINR at the D2D destination, power amplifier efficiency, noise spectral density, the trans-
mission power of the BS, the power conversion efficiency, transmission power of the cel-
lular user, and path gain for each link” are the basic system configurations that are taken 
as input for the optimal joint relay selection and RA process. These factors regarding the 
network configuration are denoted as SCip

sc  . These network parameters SCip
sc  are provided as 

input to the implemented AMLP-based prediction model.

6.3 � Developed AMLP for optimal prediction on resource allocation and relay selection

The prediction of an optimal number of relays and the resource allocation are done using 
the AMLP model. Conventional MLP models are prone to overfitting issues, and the pre-
diction outcomes made by these models are not judgmental. In order to find the values that 
will lead to the best prediction outcomes, the parameters in the MLP are tuned with the 
aid of HFDCSA. This helps in generating accurate and near-closer prediction outcomes. 
Instead of running the HFDCSA multiple times to obtain the optimal relay and optimal 
resource for distinct scenarios, the AMLP system is adapted to predict the optimal relay 
and optimal resource in a faster manner by utilizing the optimal output obtained from 
the HFDCSA. These network parameters  SCip

sc are provided as input to the implemented 
AMLP-based prediction model. The optimal output, which includes the optimally selected 
relay and optimally selected resources by the HFDCSA is represented by the term OOFCA

oo  . 

(42)r(qZ(v)) =
1

1+ e−qZ (v)

Input layers Hidden layers Output layers

Fig. 7  Basic structure of MLP
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This value is taken as the target for training the AMLP model. The AMLP will generate a 
prediction output OPMLP

op  much closer to that of the OOFCA
oo  . The final prediction output 

obtained from the AMLP is represented as OOFCA
oo  which has the optimal number of relays 

and optimally assigned resources. The diagrammatic representation of the executed AMLP 
for optimal prediction on RA and relay selection is depicted in Fig. 8.

6.4 � Objective model of AMLP‑based optimal resource allocation and relay prediction

As mentioned earlier, to make the prediction outcome more accurate and error free, the 
parameters in the AMLP are tuned using the HFDCSA model. The objective of parameter 
tuning for minimizing the MSE, MAE, and RMSE of the predicted outcome is given by Eq.

In Eq. (43), the term ob4 denotes the objective function, kq represents the MAE value, 
lv represents the RMSE value, fg indicates the MSE value, HNMLP

hn  indicates the opti-
mized hidden neurons of the MLP in the range [5, 255] , EPMLP

ep  denotes the optimized 
epochs in the MLP with the range [5, 50] , and SPMLP

sp  denotes the tuned steps per epochs 
in the MLP which is in the limit [500, 1000] . The MAE kq is computed using Eq. (44).

In Eq. (44), the term OPMLP
op  denotes the predicted output from the MLP, OOFCA

oo  indi-
cates the optimal values obtained from the HFDCSA, b implements the fitted points, and 
a represents the computational values that have to be incorporated with b . The RMSE lv 
is determined using Eq. (45).

(43)
ob4 = arg min

{

HNMLP
hn ,EPMLP

ep SPMLP
sp

}

(

kq + lv + fg
)

(44)kq =
∑b

a=1

∣

∣

∣
OPMLP

op −OOFCA
oo

∣

∣

∣

b

(45)
lv =

√

√

√

√

∑b
a=1

(

OOFCA
oo −OPMLP

op

)2

b

Prediction Output 
on relay selection 

and joint RA MLP
opOP

Network 
Configuration ip

scSC

Input layers

Hidden layers

Output layers

Fig. 8  Structural view of the executed AMLP for optimal prediction on resource allocation and relay selection
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7 � Results and discussion
7.1 � Experimental setup

The designed joint optimal RA and relay selection scheme for the D2D communication 
system was executed in MATLAB 2020a with a chromosome length of 3 and [1+ 5] , a 
maximum iteration count of 250, and an iteration count of 10. The performance of the 
generated scheme was contrasted against several conventional joint relay selection and 
RA schemes such as “sand cat swarm optimization (SCO) [35], moth-flame optimization 
algorithm (MFOA) [36], FDA [31], and CSA [32], state-of-the-art methods like Dinkel-
bach theory [18], stable matching theory [19], EHA-CRD [21], and OS-RNNC [25], and 
with conventional prediction techniques like neural network (NN) [37], support vector 
machine (SVM) [38], MLP [34], and K-nearest neighbor (KNN) [39]”.

7.2 � D2D pairs‑based performance evaluation on the executed optimal joint relay selection 

and RA scheme

The performance evaluation on the executed optimal joint relay selection and RA 
scheme is depicted in Figs. 9 and 10. Figure 9 shows the comparison of the executed 
optimal joint relay selection and RA scheme with existing heuristic algorithms when 
relays are present and in the absence of the relay. Figure 10 shows the comparison of 
the executed optimal joint relay selection and RA scheme with existing state-of-the-
art models with and without relays. The evaluation is carried out by varying the num-
ber of nodes. The comparison is done against several conventional algorithms like 
SCO, MFOA, FDA, and CSA and state-of-the-art optimal joint relay selection and 
RA scheme Dinkelbach theory, stable matching theory, EHA-CRD, and OS-RNNC. 
The numbers of D2D pairs are varied from 5 to 20 such as 5, 10, 15, and 20. The per-
formance of the implemented HFDCSA-based optimal joint relay selection and RA 
scheme when analyzed with relays is provided as follows. The accuracy of the imple-
mented HFDCSA-based optimal joint relay selection and RA scheme is 3.38%, 6.25%, 
8.51%, and 18.15% higher than the MFOA, CSA, FDA, and SCO schemes, respectively 
when considering 11 number of D2D pairs. The average sum rate in the generated 
HFDCSA-based optimal joint relay selection and RA scheme is 9.29%, 14.18%, 27.5%, 
and 57.73% enhanced than the FDA, MFOA, CSA, and SCO schemes, respectively 
when 10 counts of D2D pair are considered. The CDF required by the recommended 
HFDCSA-based optimal joint relay selection and RA scheme is enhanced by 18.18%, 
25.81%, 30%, and 52.94% than the SCO, FDA, CSA, and MFOA schemes, respectively, 
when D2D pair count is taken as 8. The EE of the suggested HFDCSA-based opti-
mal joint relay selection and RA scheme is improved by 8.89%, 26.67%, 42.22%, and 
68.89% than the FDA, MFOA, CSA, and SCO schemes, respectively when the number 
of D2D pairs is taken as 17. The success rate of the executed HFDCSA-based optimal 
joint relay selection and RA scheme is 1.83%, 2.45%, 6.37%, and 12.84% more than the 
FDA, SCO, MFOA, and CSA schemes, respectively when the number of D2D pairs is 
taken as 20. When no relays are utilized, the accuracy of the implemented HFDCSA-
based optimal joint relay selection and RA scheme is 62, which is 35.48% lesser than 
the accuracy obtained by the implemented HFDCSA-based optimal joint relay selec-
tion and RA scheme with relays when 20 number of D2D pairs are considered. While 
observing the graph it is seen that the performance while utilizing the relays is much 
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Fig. 9  D2D-pair-based performance evaluation on the executed optimal joint relay selection and RA scheme 
against conventional algorithms in terms of “a accuracy, b average sum rate, c CDF, and d EE, e success rate, f 
sum capacity, g sum rate, h survival probability, and ithroughput
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Fig. 9  continued
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Fig. 10  D2D-pair-based performance evaluation on the executed optimal joint relay selection and RA 
scheme against existing approaches in terms of “a accuracy, b average sum rate, c CDF, and d EE, e success 
rate, f sum capacity, g sum rate, h survival probability, and (i) throughput
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better than the performance offered by the implemented HFDCSA-based optimal 
joint relay selection and RA scheme without the utilization of the relay. Enhanced 
performance is offered by the executed HFDCSA-based optimal joint relay selection 

Fig. 10  continued
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and RA scheme when compared with other recent optimal joint relay selection and 
RA schemes as well. Thus, it is verified from experimentation that the executed 
HFDCSA-based optimal joint relay selection and RA scheme can assist in efficient 
D2D communication in IoT devices.

7.3 � Transmission power‑based examination on implemented optimal joint relay selection 

and RA scheme

Examining working of the implemented optimal joint relay selection and RA scheme 
is illustrated in Figs.  11 and 12. This test is conducted by varying the maximum 
amount of the transmitted power. The comparison of the executed optimal joint 
relay selection and RA scheme with and without relay over existing heuristic algo-
rithms is provided in Fig.  11. The comparison of the executed optimal joint relay 
selection and RA scheme with and without relay over state-of-the-art methods is 
provided in Fig.  12. Better performance is provided by the executed optimal joint 
relay selection and RA scheme with relays than without relays. When relays are con-
sidered, the evaluation results obtained are as follows. The sum capacity of deployed 
HFDCSA-based optimal joint relay selection and RA scheme is 18.92%, 76%, 4.76%, 
and 18.92% enhanced than OS-RNNC, EHA-CRD, stable matching theory, and Din-
kelbach theory, accordingly when the maximum transmitted power is taken to be 
27 dBm. The sum rate of the employed HFDCSA-based optimal joint relay selec-
tion and RA scheme is 42%, 36.54%, 31.48%, and 61.36% better than OS-RNNC, 
EHA-CRD, stable matching theory, and Dinkelbach theory, accordingly when the 
maximum transmitted power is taken to be 25 dBm. The survival probability of the 
nodes in the designed HFDCSA-based optimal joint relay selection and RA scheme 
is improved by 10.84%, 12.2%, 41.54%, and 26.03% than the recent techniques like 
OS-RNNC, EHA-CRD, stable matching theory, and Dinkelbach theory, accord-
ingly when the maximum transmitted power is taken to be 30 dBm. The suggested 
HFDCSA-based optimal joint relay selection and RA scheme has a higher value of 
throughput of 31.25%, 3.7%, 15.07%, and 5% than the OS-RNNC, EHA-CRD, stable 
matching theory, and Dinkelbach theory, accordingly when the maximum transmit-
ted power is taken to be 29 dBm. When no relays are utilized, the sum rate of the 
executed HFDCSA-based optimal joint relay selection and RA scheme is 6.9, which 
is 27.54% lesser than the sum rate obtained by the executed HFDCSA-based optimal 
joint relay selection and RA scheme with relays at a maximum transmission power of 
30dBm. While observing the graph it is seen that the performance while utilizing the 
relays is much better than the performance offered by the executed HFDCSA-based 
optimal joint relay selection and RA scheme without the utilization of the relay. 
Similarly, enhanced performance is provided by the executed HFDCSA-based opti-
mal joint relay selection and RA scheme when compared with existing algorithms as 
well, which is shown in Fig. 10. While analyzing the entire results, it is observed that 
the D2D communication offered by the implemented HFDCSA-based optimal joint 
relay selection and RA scheme is much better than other existing models.
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Fig. 11  Transmission power-based examination on working of the implemented optimal joint relay selection 
and RA scheme based on the maximum power when compared against existing algorithms with respect 
to “a accuracy, b average sum rate, c CDF, and d EE, e success rate, f sum capacity, g sum rate, h survival 
probability, and (i) throughput”
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7.4 � Convergence assessment of the generated optimal joint relay selection and RA scheme

The convergence assessment on the generated optimal joint relay selection and RA 
scheme is provided in Fig. 13. The convergence of the suggested HFDCSA is analyzed by 

Fig. 11  continued
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Fig. 12  Transmission power-based examination on working of the implemented optimal joint relay selection 
and RA scheme based on the maximum power when compared against state-of-the-art models with respect 
to “a accuracy, b average sum rate, c CDF, and d EE, e success rate, f sum capacity, g sum rate, h survival 
probability, and i throughput”
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varying the iteration count from 0 to 250. Here, the analysis is carried out with the inclu-
sion of relays. The convergence assessment is carried out by varying the node numbers 
as 50, 100, 150, 200, and 250. The convergence becomes better as the iteration count 

Fig. 12  continued
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increases. Except for node count 150, the convergence offered by the HFDCSA is better 
than other existing heuristic approaches. When the node count is taken as 200 and 250, 
it is observed that the CSA and the SCO algorithms show a closer convergence rate to 
that of the suggested HFDCSA scheme. However, the best performance on convergence 
is provided as the iteration reaches 250. The convergence of the generated HFDCSA-
based optimal joint relay selection and RA scheme is 0.2%, 0.3%, 1%, and 2.88% better 
than that of the CSA, SCO, MFOA, and FDA, correspondingly when the node number is 
taken as 50 and the iteration count is taken as 150. This enriched convergence shows that 
the performance provided by the generated HFDCSA-based optimal joint relay selection 
and RA scheme is much better than traditional approaches.

Fig. 13  Convergence assessment on the generated optimal joint relay selection and RA scheme with relays 
regarding “a Node 50, b Node 100, c Node 150, d Node 200, and e Node 250
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7.5 � Statistical report of the suggested optimal joint relay selection and RA scheme

The statistical report of the suggested optimal joint relay selection and RA scheme is 
listed in Table 2. The statistical analysis is carried out by considering the relays in the 
network. As per the statistical report, it is seen that the mean value of the suggested 
HFDCSA-based optimal joint relay selection and RA scheme is 0.39%, 0.78%, 1.94%, 
and 0.2% higher than the SCO, MFOA, FDA, and CSA, accordingly when the num-
ber of D2D pairs is taken as 5. This improved performance on the statistical analysis 
showed that the performance offered by the suggested HFDCSA-based optimal joint 
relay selection and RA scheme is more than conventional approaches.

7.6 � Performance analysis of the deployed prediction model

The performance analysis of the deployed optimal joint relay selection and RA predic-
tion model is given in Fig. 14. Figure 14 shows the comparison of the executed optimal 

Table 2  Statistical report of the suggested optimal joint relay selection and RA scheme

Algorithms/Statistical 
Measures

SCO [35] MFOA [36] FDA [31] CSA [32] HFDCSA

Number of D2D Pairs: 5

"Best" 0.505 0.508 0.510 0.503 0.502

"Worst" 0.559 0.644 0.574 0.606 0.564

"Mean" 0.508 0.510 0.516 0.507 0.506

"Median" 0.505 0.509 0.513 0.503 0.504

"Standard Deviation" 0.010 0.012 0.006 0.017 0.010

Number of D2D Pairs: 8

"Best" 0.505 0.508 0.509 0.507 0.504

"Worst" 0.945 0.537 0.552 0.523 0.534

"Mean" 0.519 0.513 0.517 0.513 0.508

"Median" 0.514 0.508 0.513 0.507 0.504

"Standard Deviation" 0.032 0.008 0.008 0.007 0.008

Number of D2D Pairs: 11

"Best" 0.509 0.505 0.507 0.509 0.504

"Worst" 0.592 0.669 0.591 0.576 0.594

"Mean" 0.516 0.509 0.510 0.513 0.506

"Median" 0.509 0.506 0.507 0.509 0.504

"Standard Deviation" 0.010 0.017 0.012 0.011 0.012

Number of D2D Pairs: 14

"Best" 0.504 0.508 0.514 0.504 0.503

"Worst" 0.568 0.562 0.531 0.540 0.556

"Mean" 0.514 0.511 0.516 0.508 0.510

"Median" 0.514 0.508 0.515 0.504 0.506

"Standard Deviation" 0.009 0.006 0.003 0.008 0.013

Number of D2D Pairs: 20

"Best" 0.505 0.512 0.512 0.508 0.503

"Worst" 0.583 0.564 0.582 0.522 0.625

"Mean" 0.511 0.515 0.516 0.513 0.512

"Median" 0.509 0.512 0.514 0.508 0.508

"Standard Deviation" 0.011 0.008 0.010 0.006 0.011
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joint relay selection and RA prediction model with heuristic algorithms and existing 
State-of-the-Art models. The error measures are used to validate the performance of the 
deployed HFDCSA-AMLP-based optimal joint relay selection and RA prediction model. 
The MAE of the deployed HFDCSA-AMLP-based optimal joint relay selection and RA 
prediction model is 3.49%, 37.59%, 42.36%, and 47.47% better than the SCO-AMLP, 
MFOA-AMLP, FDA-AMLP, and CSA-AMLP models, respectively, when the activation 
function is taken as tanh. The reduced error values prove that the prediction outcome 
obtained from the deployed HFDCSA-AMLP-based optimal joint relay selection and 
RA prediction model is much more accurate than conventional approaches. This con-
firms that the output obtained by the deployed HFDCSA-AMLP-based optimal joint 
relay selection and RA prediction model is much closer to the output obtained from the 
optimization scheme. Thus, better prediction to make efficient D2D communication is 
obtained by means of deployed HFDCSA-AMLP-based optimal joint relay selection and 
RA prediction model than the other techniques.

7.7 � Performance analysis of the proposed D2D communication model

Figure  15 shows the performance evaluation of the communication system with 
respect to three major requirements. It has been evaluated by varying the number 
of D2D pairs. Since the resource prediction is done by adaptive deep learning, the 
parameter tuning is accomplished by heuristic approach. Hence for system efficacy, 
the conventional algorithms are taken for comparision. Similarly, various deep learn-
ing models are also considered for comparision. Based on the attainment of graphi-
cal results, the developed HFDCSA requires maximum data rate, QoS and SINR with 
respect to any D2D pairs of communication system.

7.8 � Validation of working of the designed prediction protocol

The validation of working of the designed optimal joint relay selection and RA prediction 
model is given in Table 3 and Table 4 when contrasted against conventional algorithm 
and traditional prediction models, respectively. The RMSE of the designed HFDCSA-
AMLP-based optimal joint relay selection and RA prediction model is 29.52%, 5.32%, 
17.75%, and 26.97% enhanced than the NN, SVM, KNN, and MLP models, respec-
tively. For all the error metrics that have been utilized, the performance provided by the 
designed HFDCSA-AMLP-based optimal joint relay selection and RA prediction model 
is much better than the conventional algorithms as well as traditional prediction mod-
els. Hence, it is confirmed that the designed HFDCSA-AMLP-based optimal joint relay 
selection and RA prediction model is better than other existing prediction models.

7.9 � Time complexity analysis

This section explains the time complexity analysis of the proposed model compared 
with other existing algorithms by varying the nodes. Based on the results given, the 
proposed HFDCSA achieves the less computation time rather than applying the tra-
ditional algorithms. Hence, it can be ensured that it does not cause any computation 
burden for affecting the performance (Table 5).
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Fig. 14  Performance analysis of the deployed prediction model when compared against optimization 
algorithms and state-of-the-art models in terms of “a MAE, b MSE, and c RMSE
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8 � Conclusion
A new method was presented in this paper for the joint optimal RA and relay selection 
in D2D by addressing the issues in the traditional RA and relay selection schemes. The 
presented work aimed to maximize the system sum rate in the overall D2D and cellu-
lar links while ensuring the demanded minimum D2D and cellular links rates. For this 
purpose, HFDCSA was incorporated to optimize the resource allocation and opti-
mal relay selection tasks. Additionally, the recommended HFDCSA was supported to 
optimize several constraints such as energy efficiency and sum rate in the network to 
achieve a higher level of performance. In this operation, the data source was gener-
ated from various scenarios that were forwarded to the AMLP network for the opti-
mal RA and relay selection tasks. The AMLP was trained with the target obtained 

Fig. 15  Performance analysis of the proposed D2D communication model when compared against 
optimization algorithms and state-of-the-art models in terms of “a data rate, b QoS, and c SINR”
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from the executed HFDCSA. The variables in the AMLP were selected optimally with 
the help of the suggested HFDCSA. The final prediction on an optimal relay and the 
allocation of resources was done using the AMLP model. Finally, the numerical analy-
sis was performed to validate the recommended optimal joint RA and relay selection 
approach in D2D communication with other traditional mechanisms. Simulation out-
comes from Table 4 proved that the MSE of the implemented HFDCSA-AMLP-based 
optimal joint relay selection and RA prediction model was 41.06%, 33.68%, 41.37%, 
and 38.52% enhanced than the NN, SVM, KNN, and MLP models, respectively. Thus, 
the implemented scheme has minimized the sum rate by maximizing the EE and thus 
facilitates an efficient D2D communication scheme. This makes it suitable for various 
real-time communication systems such as disaster management systems, home auto-
mation systems, proximity-based services, critical missions, and 5G communication 
systems. In future, various other constraints such as user capability, user data, and 
length of the user query data with a fast-converging algorithm will be carried out. 
Also, joint RA and relay selection will be done using advanced deep learning models.

Abbreviations
D2D	� Device-to-device communication

Table 3  Validation of working of the designed prediction protocol when compared against 
conventional algorithms

Terms/Algorithm SCO-AMLP [35] MFOA-AMLP [36] FDA-AMLP [31] CSA-AMLP [32] HFDCSA-AMLP

MAE 7.2633 7.261 5.8211 6.3877 4.7823

MSE 0.19812 0.13968 0.19867 0.14488 0.11227

RMSE 29.558 27.931 24.902 32.603 23.89

Table 4  Validation of working of the designed prediction protocol when compared against 
conventional prediction models

Terms/Prediction 
Models

NN [37] SVM [38] KNN [39] MLP [34] HFDCSA-AMLP

MAE 6.2748 6.0426 6.1296 7.2221 4.7823

MSE 0.19047 0.16928 0.19148 0.18271 0.11227

RMSE 33.894 25.232 29.044 32.712 23.89

Table 5  Time complexity analysis

Number of nodes/
algorithms

Node-50 Node 100 Node-150 Node-200 Node-250

Computation time (minutes)

 SCO [35] 0.1906 0.1179 0.1071 0.1037 0.0949

 MFOA [36] 0.1066 0.0594 0.0644 0.1052 0.1088

 FDA [31] 0.0770 0.0515 0.0607 0.0625 0.0783

 CSA [32] 0.0591 0.0509 0.0744 0.0875 0.0937

 HFDCSA 0.0472 0.0510 0.0782 0.0872 0.0862
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CU	� Cellular user
RN	� Relay node
DR	� D2D receiver
DT	� D2D transmitter
HFDCSA	� Hybrid flow direction with chameleon swarm algorithm
FDA	� Flow direction algorithm
CSA	� Chameleon swarm algorithm
AMLP	� Adaptive multi-layer perceptron
eNB	� Evolved node B
RB	� Resource blocks
UE	� User equipment
PA	� Power allocation
RA	� Resource allocation
MEC	� Mobile edge computing
SNR	� Signal-to-noise ratio
PSNR	� Peak signal-to-noise ratio
ANN	� Artificial neural network
EE	� Energy efficiency
MINLFP	� Mixed-integer nonlinear fractional programming
QoS	� Quality of service
RPRS-EH	� Resource and power allocation with relay selection energy harvesting
EHA-CRD	� Energy harvesting-aided D2D network under cognitive radio
SD	� Smart devices
WAP	� Wireless access point
BINLP	� Binary integer nonlinear programming
NC-D2D	� Network coding in device-to-device communication
SINR	� Signal-to-interference plus noise ratio
BFP	� Bee’s fly pattern
MARL	� Multi-agent reinforcement learning
WoLF-PHC	� WoLF policy hill climbing
UAV	� Unmanned aerial vehicles
RL	� Reinforcement learning
WIT	� Wireless information transmission
WET	� Wireless energy transmission
BS	� Base station
AF	� Amply and forward
RF	� Radio frequency
MSE	� Mean-squared error
MAE	� Mean absolute error
RMSE	� Root mean-squared error
IoT	� Internet of Things
MFOA	� Moth-flame optimization algorithm
OS-RNNC	� Optimal solution relay network coding
SVM	� Support vector machine
KNN	� K-nearest neighbor
SCO	� Sand cat swarm optimization
CDF	� Cumulative distribution function
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