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Abstract: Multicast device-to-device (D2D) communication technology is considered as one of the new technologies in the fifth generation (5G) networks that directly addresses the need for content sharing among internet users. In fact, when direct communication is available between devices, the spectral efficiency is improved by reusing the licensed cellular spectrum. The current studies show that D2D communication increases network capacity and reduces latency. In order to achieve the alternate capabilities, coordination is required to implement interference management. We considered subcarrier allocation for the uplink, in addition to the power control that takes place on the underlay network. The completed data rate in single multicast communication is significantly reduced and limited by nodes with lower channel quality. In this paper, we used Shuffled Frog Leaping Algorithm (SFLA) for resource allocation (RA) in D2D multicast communications. We compared the results of the SFLA algorithm with the Firefly Algorithm (FA), Ant Colony Optimization (ACO) and Particle Swarm Optimization (PSO); in terms of D2D user throughput, Cellular User (CU) throughput, network average throughput, network interference and signal interference noise ratio (SINR) target. The simulation results show that SFLA clearly outperforms other algorithms in terms of data rate under the high pressure of infeasibility.
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1  Introduction

The quick development that happened in cellular communication networks increases the complexity of the network structure and the number of users. As a result, D2D communication technology has been developed, and it now presents an important part in the modern 5G cellular network [1,2]. One of the basic 5G technologies is D2D communication network, which is described as a collection of devices that can communicate with each other wirelessly without the need for an infrastructure or a central authority [3]. The rapid increase in CUs, combined with the high demand for improving quality of service (QoS), has resulted in a decrease in spectral resources, which is one of several main factors restricting the development of modern communication networks [4,5] with the foreseeable explosion in the number of wireless devices, and the continuing development of multimedia services [6]. Multiplayer gaming and video streaming are considered as group communication applications, require firstly a high data rate and secondly low latency. Therefore, these applications require multicasting, which is an important feature of the cellular network [7]. Users who have the same request and are in close proximity to one other, may collaborate for improving data dissemination efficiency although the Device-to-Device users can send and receive the signals directly. However, sharing spectrum between the D2D users and the CUs produces untractable mutual interference. The most significant issues within the latter is the interference management [8]. Many studies focused on optimizing the resource allocation and reducing energy consumption, in addition to improving service performance [9]. Many studies have been conducted to investigate the resource allocation of D2D multicast communication with several objectives and constraints [10–13]. Other than the works that exist in [14–16], where these studies explain, analysis of a cooperative multicast strategy in D2D and examine the joint optimization technique in terms of subcarrier allocation. Optimizing of the data rate is the main objective that is achieved by the device user equipments (DUEs), taking into account the QoS guaranteed approach of the basic service to cellular user equipments (CUEs). The bio-inspired algorithms (BIAs) have emerged as feasible solutions to many of the wireless communication problems, such as controlling the transmission power of these dense networks in industrial environments [17], improving transmission power for wireless sensor systems [18], and optimizing coverage control for wireless sensor networks [19]. The swarm behavior of organisms is the basis of mimic that followed by swarm intelligence (SI) techniques, which lives and cooperates with each other in groups. Alhudhaif Adi et al used the PSO is also in deep learning for feature optimization and reduction using nature-based PSO [20]. As examples of the SI algorithms are PSO [21], ACO [22], Dragonfly Algorithm (DA) [23], Salp Swarm Algorithm (SSA) [24], Grey Wolf Optimizer (GWO) [25], FA [26], and SFLA [27]. In our model, DUE is permited to be allocated multiple subcarriers. The problem is described as mixed-integer nonlinear programming. This means that the cases of handling with linearity are combined with a harmonic burst of integer variables, which makes the design of the algorithm severe. In addition, the proposed resource allocation scheme is based on swarm intelligence metaphors.

According to studies in the literature review, D2D resources is very much organized in the unicast scenario [28–31]. Besides, the multicast scenario has special issues. Using a user equipment (UE) to replace the base station (BS) that performs the multicast function, which limits the network capabilities. Our review for the literature review devoted to resource assigned in the underlying device to device multicast communication, which focused essentially on the objective function that was taken into consideration, firstly for optimization, secondly for the system model that defines pattern of the interference. The study [32] proposes that the current works in Device-to-Device RA has focused on the multicast scenario largely. The authors extend their search in [11] as they study those scenarios in which DUEs can share the same subcarrier with CUs as long as there is no harm to cellular throughput from device to device transmissions. An area is defined around every D2D multicast set, not all CUEs in which area is allowed to use the same resources as the D2D transmitter. D2D throughput clusters and the probability of outage for cellular communication are discussed in [12]. In [13], The cognitive radio concept is used to discuss D2D multicast, according to a suggested two step algorithm, channel assign basics, and greedy seeking for power allocation. More specifically, it has been mentioned in a number of efforts in relation to the evolutionary computing of RA for device-to-machine communications [16]. Beside D2D communication, the technology Low Energy Wide Area Internet of Things (LPWAN) has many advantages such as: wide coverage, simple deployment, low cost and support for large communication [33], obtain high accuracy while running at interesting scope rates [34], therefore helps to have a high performance wireless connection between devices. In [35] a hybrid approach of improved binary SFLA and PSO are proposed to decrease sub-selected feature sets were optimized.

The paper consists of five sections and the remaining ones of these sections are as follows: the second section displays the model of the system and the problem. The algorithms that proposed is shown in the third section and in the fourth section the simulation results are presented. Finally, our study ends with a conclusion in the fifth section.

2  The Model of the System and the Problem

We can consider a D2D underlaying cellular network with pairs of N D2D and M CUs. The pairs D2D and CUs can locate at random when covering BS. The CU can send their packets to the BS. The D2D pairs can send their packets directly to the D2D pairs without going through the BS. Fig. 1, is an example of the studied scenarios [36].
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Figure 1: D2D communication underlaying cellular network [36]

The adopted architecture contains two tiers. The first level contains communication between the BS and the CUs. Communication D2D is the second level. A single-celled environment was explored, with BS at a circle center with a radius of R. M CUEs m = 1,…., M and N device-to-device pairs n = 1,…., N uniformly spread during the circle. The symbol r represents the maximum distance between the D2D transmitters and the corresponding D2D receivers. Set of D2D transmitters is C, while a set of receivers is K. The application of orthogonal allocation is done to the CUEs. Only a random number of D2D transmitters are allowed to use the same subcarrier with one CUE. Due to the obvious requirement to share download channels and strong coordination between the BS and users, sharing uplink resources is proven to be more efficient [37]. R assumes that there are a number of subcarriers. The BS suffers from D2D communication interference, and all remaining D2D receivers sharing the same subcarriers suffer from interference from D2D users and cellular users. SINR of CUE m is represented on subcarrier r by Eq. (1).


Γmr=xmrSmrgmrσ2+∑lϵC⁡xlrPlrglr
(1)


∑lϵC⁡xlrPlrglr
is the representation of interference from transmitters of D2D, which share same subcarrier r. Symbol 
Plr,Smr
denote the transmission power of the D2D transmitter l on r and of the CUE m on the r respectively. 
glr
indicates the gain of the link between the BS and node l on subcarrier. When node i is in use of subcarrier r,the binary variable 
xlr
is in the state of assignment to subcarrier r of node i, 
xlr=1.
For the receiver j, which D2D relates to transmitter, SINR is expressed similarly, as in Eq. (2).


Γjr=xirPirhijrσ2+∑m=1M⁡xmrSmrhmjr+∑lϵC,l≠i⁡xlrPlrhljr
(2)


∑m=1M⁡xmrSmrhmjr
denote the interference from CUE on the r, 
∑lϵC,l≠i⁡xlrPlrhljr
denote the interference from the Device-to-Device transmitters on the r. Like in symbol 
glr,
on a subcarrier r, 
hljr
represents gain of the link from node i to receiver j. At the subcarrier r, the capacity of the receiver j is given by Eq. (3).


ψjr=wrlog2(1+xirPirhijrσ2+∑m=1M⁡xmrSmrhmjr+∑lϵC,l≠i⁡xlrPlrhijr)
(3)


wr
represents bandwidth for the subcarrier r. It can be referred to that the sum rate achieved in the receiver can be expressed as j when we find at all subcarriers and used in the representation, Eq. (4).


ψj=∑rϵR⁡wrlog2(1+xirPirhijrσ2+∑m=1M⁡xmrSmrhmjr+∑lϵC,l≠i⁡xlrPlrhijr)
(4)

Maximizing the minimum throughput of device-to-device receivers is our objective to impose a minimum target quality of service for cellular users.


maxminj∈K∑rϵR⁡wrlog2(1+xirPirhijrσ2+∑m=1M⁡xmrSmrhmjr+∑lϵC,l≠i⁡xlrPlrhljr)
(5a)


Γm≥τm∀mϵM
(5b)


∑rϵR⁡Pir≤Pimax,∀iϵC
(5c)


∑rϵR⁡Smr≤Smmax,∀mϵM
(5d)


∑m=M⁡xmr≤1,∀rϵR
(5e)


xirϵ{0,1},∀iϵC∪M,∀rϵR
(5f)

Eq. (5a) indicates for objective function on the basis of which it was formulated as the maximum–minimum problem. Eq. (5b) explains the QoS demands for the CUE as the τm threshold that is preseted. The constraints of the maximum power for device to device transmitters and CUEs are expressed by Eqs. (5c) and (5d), respectively. The maximum power for the transmitter i is represented by 
Pimax
and the maximum power for CUE m is represented by 
Smmax
. By imposing constraint Eq. (5e), each subcarrier is used by the CUE for at most one, while the binary variables of the subcarrier assignment are represented by the Eq. (5f) constraint.

3  Description of the used Optimization Algorithms

3.1 Firefly Algorithm (FA) Optimization

The algorithm idea is to find the value of the objective function at various points in the domain, initially chosen at random, while presuming that there was a firefly at each of these points and relating the functional value of these points to the light intensity generated by fireflies. Then interactions are made, following certain rules, with the objective of making the values converge to the point that generates the most brightness, that is, at the point where the function presents the optimal value. The steps for implementing the FA method can be explained as follows: One of the most important steps to do in this algorithm is to reach the convergence criterion through the objective function, set for parameters and work on generating the population through the fireflies, then calculate the light intensity I for xi in proportion to objective function for each firefly xi–. We calculated the attractiveness factor βo and then work to move the firefly x towards brightest fireflies. The steps of the algorithm can be defined as follows:
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3.2 Particle Swarm Optimization (PSO)

PSO was introduced through Kennedy and Eberhart in 1995, is one of the methods inspired by nature and mimic the social interaction that occurs between a group of individuals cooperating for the purpose of obtaining food. Particle swarm method is an effective as well as an interesting approach to finding solutions to different optimization problems with enoughly perfect quality. The PSO method generally requires very moderate resource requirements except for objective function evaluation that may be somewhat costly based on the underlying problem. Velocity, current and the best position are only stored in the memory. The arithmetic procedures contained in the motion equations require main computations. Scatters the particles into a feasible region has conducted by classical algorithms, then moving them through the search space iteratively. Every particle i, at every time t, every particle include position 
xit
, i.e., consists of a potential solution, velocity 
vit
and the best position 
lit
it has gotten to the point where it has nothing to do with the fitness function. The swarm particles cooperate with each other with information and also share the search space through the best global position 
gt
, which is considered the best position among all the particles. The iteration takes place in discrete time steps till some termination criteria are met. The steps of the algorithm can be defined as follows:
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3.3 Ant Colony Optimization (ACO)

ACO is a probabilistic technique for finding optimal paths. The minimum flight path is represented by the maximum pheromone so that the ants follow this path [22]. Where weights are used to create solutions for random ants, the iteration has increased to 1, and new solutions are generated by finding the probability that the ants will take a different path and begin moving in that path, and a Gaussian kernel is selected by using the roulette wheel to generate new solutions. And until it reaches the end by defining a solution to the path of the ants with the least error, where the weights are updated based on the best solutions. The steps of the algorithm can be defined as follows:
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3.4 Shuffled Frog Leaping Algorithm (SFLA)

SFLA is a combination of the features of a memory algorithm with PSO and was proposed in 2003. The SFLA is a random search method, which belonging to the swarm intelligence category [38]. SFLA is a meta heuristic algorithm that relied on the memetic development of a group of frogs in the event of a distinguished search for the location that contains the maximum amount of obtainable food. In SFLA, the population contains a set of frogs solutions that is divided into several subsets (memeplexes). In different memeplexes, it does a local search that considers different cultures of frogs. Examples of memes are ideas, catch phrases, clothes fashions, songs, and ways of building arches or of making pots. Frogs in every memeplex test a memetic development; which is, they contact solution local exploration space relying on particular strategies which permit the moving of meme among local individuals. After a series of memetic development steps, information is allowed to pass between memes in a shuffling process. The shuffling process and the local exploration are carried out alternatively till determined convergence criterion is accepted. So the main motive is to optimize the objective function i.e., throughput of the network. All are based on the same technique i.e finding the next best objective function and updating it. Algorithm SFLA depends on the local search technology and the global information exchange technology. The parameters that were achieved between the subsets of each other and based on certain steps of them are used to compare the two technologies. A population of frogs randomly generated. The frogs are represented as a vector of values (memo type) for the decision variables (d) contained within a d-dimensional search space, as in equation 
U(i)=[ui1,ui2,ui3,…,uid]
. Then we calculated the performance value, whereas the shuffling processes will continue until the convergence conditions are met. The steps of the algorithm can be defined as follows:
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4  Simulation Results

Convergence speed and resilience for the purpose of trapping the local optima are the characteristics of the parameterization scheme. 30 times for each case was conducted during the running of the algorithm. As this value is considered within a wide range in the literature in the science of metaheuristics [30,32,37]. Here, to evaluate the performance of the four optimization algorithms, we perform a series of simulations. In Fig. 2, simulations are performed in the cell, so the distribution of Device-to-Device pairs and cellular users are randomly distributed with a 500 meter radius.
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Figure 2: Network topology of D2D pairs for 50 cellular users

Tab. 3 lists the parameters for the main simulations.
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Fig. 3, shows the throughput of D2D users vs. number of D2D pairs. We have considered the multi resource sharing scenario where D2D user sharing the resource block with CU user. As in starting D2D user uses the whole block that’s why the throughput is very high afterwards the throughput degraded as both D2D user and CU user sharing the same resource block. We are comparing by using four optimization techniques. As clear from the graph that SFLA optimization technique performs better than all the rest three optimization algorithms.
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Figure 3: Throughput of D2D users vs. the number of D2D pairs

Fig. 4 shows network interference vs. the number of Device-to-Device users in the communication processes. As when starting resource block both D2D user and CU user share the same channel, so the interference is created for each other and the interference is very high, especially when two pairs of D2D with one CU user share the same channel, but after the 25th pair of D2D user, the interference slows down as we have fixed the CU users and rise the number of Device-to-Device pairs from 5 to 30.
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Figure 4: Network interference vs. D2D pairs

Fig. 5 shows the throughput of CU user vs. D2D pair in the network. We have fixed the CU users. At first, the BS allocates one channel to every CU user. When Device-to-Device pairs send the request for allocation then the BS allocate the same channel of CU user which create the interference thus the resulting throughput will be degraded.
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Figure 5: Throughput of CU user vs. D2D pairs

Fig. 6 shows the overall throughput of the network that is includes of D2D Users and CU Users. At first, there are 5 D2D Users and 15 CU Users. After that, we increases D2D number pairs to 30 before it was 5, we have noticed that the network total throughput is deteriorating continuously.
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Figure 6: Total network throughput vs. (CU & D2D) users

Fig. 7 shows the throughput of D2D pair vs. the number of iteration. The precision of the algorithms increases as the number of iterations increases. Because this is a multicasts resource sharing scheme, the graph is initially low because the resource block is shared, Then the graph increases and rises clearly. SFLA and FA proved to be the best optimization technique.
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Figure 7: Throughput of D2D pair vs. the number of iterations

Fig. 8 shows the total throughput of the network vs. the number of iterations. So, increasing the number of iteration always give precise and clear results. Here as the number of iteration increases the throughput also increases. The throughput of CU and D2D users are optimized by four techniques in which PSO is consistent, while SFLA and FA are hybrid algorithms and give better results.
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Figure 8: Total throughput of the network vs. number of iteration

Fig. 9 explains the effects of cellular SINR target on throughput. The behavior can be showed by the truth that the algorithm’s ability to enhance normalized D2D throughput is limited by considering the minimum target SINR that represented by each CU user. Targeting minimum range of SINR always helps in throughput performance.
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Figure 9: The effects of cellular SINR target on throughput

5  Conclusion

In this paper, we considered four algorithms: ACO, FA, PSO and SFLA to joint subcarrier allocation in D2D multicast underlay network. A monotonic ascending iteration process has been modeled and analyzed to be covered in a finite number of rounds. The optimization problem focused on increasing the minimum rate of D2D, which was dependent on the cellular spectral quality within the theory of constraints in the service sector, and the maximum constraints in the case of the transmission capacity. Our results, which included D2D user throughput, CU throughput, network average throughput, and SINR output, were obtained through optimization. The simulation results showed that despite the presence of some computational complexity relatively, the performance achieved high and distinctive results, and these results showed that the SFLA technique outperformed the other three techniques ACO, FA and PSO in different scenarios. For example, in Fig. 3, the throughput is high going towards105 for algorithm SFLA. In Fig. 7 for the throughput of D2D pair vs. the number of iteration, the throughput of SFLA algorithm, which starts from 100 by increasing the number of iterations, it is close to 105, which is a better case than the rest of the algorithms. As another superiority of algorithm SFLA over the rest of the algorithms, in Fig. 9 which showed the effects of cellular SINR target on throughput, it was noted that throughput of SFLA algorithm increases from 10-2 to 105, which is the best case in all algorithms.
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Table 1: Parameters of FA

FA parameters Values
Maximum Number of Iterations 3
Number of Fireflies 25
Light Absorption Coefficient 1
betaO = 2 (Attraction Coefficient Base Value) 2
Alpha = 0.2 (Mutation Coefficient) 2
alpha damp = 0.98 0.98
Uniform Mutation Range 1

Initialization of Firefly Structure

Best Cost Solution
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Table 3: Simulation parameters

Parameters Values
Cell Radius 500 m
Number of D2D links 1.e., UE to UE links 6
Number of Cellular Users 50
Min of Network 25
Max of Network 50
Device transmits Power, Pd 24

BS transmits Power, Pb 78
Device Noise Figure 116 dBm
Number of User Equipment 1.e., UE in network 9
Number of Base Station 5
Channel Bandwidth 180
Monte Carlo Simulation 10
SINR of D2D high value 35
SINR of D2D low value 0
SINR of Cellular User high value 35

SINR of Cellular User low value

10
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Algorithm 4: SFLA

1. Set parameters of the model and generate initial population.

2. Organize individuals into descending order and partitioning frogs into “memeplexes”.

3. Memeplex evolution and shuffle new memeplex.

4. We check if the convergence criteria are met and if the non-dominant solution is determined, the end is reached.
5. If not go to step 2.

Tab. 2 lists the parameters of SFLA.
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Algorithm 2: PSO

1. Create particles at random.

2. Evaluate swarm particles.

3. We are looking for convergence of criteria.

4. If the convergence criteria are achieved, we will reach the end.
5. If no, update the speed of particles and their positions.

6. Update best position ever visited for each particle of the swarm, update better position of the swarm, if not
go to step 2. PSO parameters are shown in Tab. 2.
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Table 2: Parameters of PSO, ACO and SFLA

Algorithm Parameters Values
PSO Maximum Number of Iterations Number of D2D links
Population Size 25
Inertia Weight 1
Inertia Weight Damping Ratio 0.99
Personal Learning Coefficient 1.5
Global Learning Coefficient VelMax 2
ACO Define Cost Function Z = sum (G x SINR?)
Number of Decision Variables 10
Size of Decision Variables Matrix 1 x 10
Lower Bound Variables —-10
Upper Bound Variables 10
Maximum Number of Iterations Number of D2D links
Population Size (Archive Size) 25
Sample Size 40
SFLA MaxIt (Maximum Number of Iterations) Number of D2D links
Memeplex Size 25
Number of Memeplexes 5
Number of Offsprings 3
Maximum Number of Iterations 5
Step Size 2
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Algorithm 1: FA

. Define the objective function J(x), x = (xi, ..., xd)T.
. Set the parameters n, o, 50, y, MaxGeraes.

1
2
3. Generate the initial population of fireflies xi (i =1, 2, ..., n).
4,
5
6
7

Calculate the light intensity /, for xi proportionally to J(x7), for each firefly xi.

. Calculate the attractiveness factor § according to e—y2 .
. Move firefly xi towards the brightest fireflies.

. If the convergence criterion is satisfied, finish, otherwise go back to step 4.

Parameters of FA are shown in Tab. 1.
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Algorithm 3: ACO

1. Generate an ant’s random solution for weights and set the iteration.

2. Generate new solutions by assuming the probability that ants will follow a different path and start moving
within that path.

3. Updating the ant and pheromone solution and rejecting the associated solutions to the maximum number of errors.
4. Work to increase the iteration and repeat step no. 2 until the maximum iteration is obtained.

5. Now it is possible to determine the solution to the path of the ants that have the least error and update the
weights based on the best solutions. Tab. 2 lists the parameters of ACO.
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