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Abstract: Recently, Internet of Drones (IoD) has garnered significant attention due to its widespread applications. However, deploying IoD for area coverage poses numerous limitations and challenges. These include interference between neighboring drones, the need for directional antennas, and altitude restrictions for drones. These challenges necessitate the development of efficient solutions. This research paper presents a cooperative decision-making approach for an efficient IoD deployment to address these challenges effectively. The primary objective of this study is to achieve an efficient IoD deployment strategy that maximizes the coverage region while minimizing interference between neighboring drones. In deployment problem, the interference increases as the number of deployed drones increases, resulting in bad quality of communication. On the other hand, deploying a few drones cannot satisfy the coverage demand. To accomplish this, an enhanced version of a concise population-based meta-heuristic algorithm, namely Improved Particle Swarm Optimization (IPSO), is applied. The objective function of IPSO is defined based on the coverage probability, which is primarily influenced by the characteristics of the antennas and drone altitude. A radio frequency (RF) model is derived to evaluate the coverage quality, considering both Line of Sight (LOS) and Non-Line of Sight (NLOS) down-link coverage probabilities for ground communication. It is assumed that each drone is equipped with a directional antenna to optimize coverage in a given region. Extensive simulations are conducted to assess the effectiveness of the proposed approach. Results demonstrate that the proposed method achieves maximum coverage with minimum transmission power. Furthermore, a comparison is made against Collaborative Visual Area Coverage Approach (CVACA), and a game-based approach in terms of coverage quality and convergence speed. The simulation results reveal that our approach outperforms both CVACA and the game-based schemes in terms of coverage and convergence speed. Comparisons validate the superiority of our approach over existing methods. To assess the robustness of the proposed RF model, we have considered two distinct ranges of noise: range1 spanning from −120 to −90 dBm, and range2 spanning from −90 to −70 dBm for different numbers of UAVs. In summary, this research presents a cooperative decision-making approach for efficient IoD deployment to address the challenges associated with area coverage and achieves an optimal coverage with minimal interference.
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1  Introduction

Intelligent Transportation Systems (ITS) have gradually emerged as a leading technology for exploiting smart devices to improve transportation systems. It is proposed as a solution endowed with cutting-edge technological devices and has become an indispensable part of smart cities. Many applications, such as control analysis, sensing, communication technology, and post-disaster relief missions, have been enabled to improve mobility, efficiency, and security [1–4]. In such applications, the information is processed and shared to minimize environmental impact, address congestion, and enhance traffic management [5,6]. This technological development aims to improve smart cities’ infrastructure and distribute facilities and services that simplify human life. Furthermore, the overall transportation system automation cannot be achieved through vehicles automating only. Indeed, other components of the end-to-end transportation system and road also need to be automated using Unmanned Aerial Vehicles (UAVs), such as rescue teams, field support team, road surveys, and traffic police.

The coverage of interest region is becoming a hot research field due to the emergence of several coverage applications such as search and rescue in disaster application, environmental sensing, and traffic management [7].

Coverage problems with ground vehicles have been examined extensively in the literature [8,9]. However, harsh terrains can significantly limit the maneuverability of mobile ground vehicles. Several challenges have been faced due to the rapid growth of mobile-connected devices. One of the main challenges faced is the network coverage and capacity. Therefore, it is necessary to utilize smart object to enhance coverage.

The rapidly growing popularity of UAVs due to their unique features such as agility, mobility, flexibility, and quick deployment, offers salient attributes to today’s fixed infrastructure, including instant, flexible deployment and an extra degree of freedom for controlled mobility [10]. The UAV is already used in several applications, such as transportation systems in an accident scene reporting [11]. Moreover, a swarm of UAVs, or internet of drones (IoD), can navigate in remote, rough areas, which is difficult to access by humans [12,13]. Moreover, various UAVs are available for different applications, including fixed-wing and multi-rotor crafts, which are equipped with enhanced computational power and energy efficiency.

IoD can operate in an effective operation mode in which UAVs in IoD are highly coordinated to accomplish common missions. Additionally, IoD can accept many potential use cases in wireless networks. For instance, wireless capacity and coverage at hot spots or temporary events, such as outdoor events, can be enhanced by deploying IoD aerial base stations. Moreover, they can support disaster relief activities in public safety scenarios and enable communications when traditional terrestrial networks are damaged [14]. The IoD can be utilized in data-gathering applications by moving throughout the area, helping obtain objects’ locations, and supporting topological information in real-time. Furthermore, in the context of disaster applications, the formation of the IoD can leverage image capture and analysis capabilities to accurately represent affected areas. This enables the efficient rescue of both humans and animals, providing crucial assistance during critical situations [15].

IoD is widely used in environmental monitoring for various fields, such as search and rescue and surveillance operations. Drones are equipped with cameras and sensors, which make them the best choice for such applications. An example of collaboration of UAVs swarm deployment for traffic monitoring in a smart city is illustrated in Fig. 1.
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Figure 1: Collaboration of UAVs deployment for traffic monitoring of a smart city

Numerous approaches have been proposed to study IoD deployment for coverage problems. However, such deployment poses a daunting challenge. The Interference occurring between nodes within a network can significantly impact its performance that leads to corruption, data loss, and re-transmissions, resulting in increased latency. Another challenge is the deployment altitude. Although deploying an IoD at a high altitude offers improved LOS conditions, it also results in an increased distance between the IoD network and ground vehicles, leading to higher path loss.

To cope with the above challenges, we propose a multi-objective three dimension IoD deployment approach to optimally deploy IoD network into the most appropriate location such that the coverage of the target area is maximized. More importantly, the proposed algorithm analyzes the problem of signal interference and coverage quality simultaneously, and the drone’s signal interference is reduced while coverage quality is enhanced as much as possible. The goal is to minimize the impact of interference, support communication, and maximize the coverage. To achieve this goal, we apply the improved version of particle swarm optimization (IPSO).

The contribution of this work is a developing of a multi-objective 3D IoD deployment algorithm. This algorithm aims to achieve an optimal deployment of IoD by taking into account the 3D distribution of users on the ground. The primary objectives of the algorithm are to maximize the coverage area and minimize interference. To achieve this, the algorithm considers the specifications of the radio frequency model. Specifically, it takes into account the LOS and NLOS down-link coverage probability of drones in ground communication. By considering these factors, the algorithm can determine the most suitable deployment strategy for the IoD network. By optimizing the deployment based on user distribution and considering the RF model, the algorithm ensures that the coverage area is maximized, allowing for efficient communication and connectivity. Moreover, by minimizing interference, the algorithm enhances the overall performance and reliability of the IoD network.

It is important to consider the potential interference that can arise as the number of UAVs increases. As the number of UAVs, operating in close proximity to each other increases, the likelihood of interference between them also increases, which has a negative impact on the quality of coverage provided by the UAV network.

To tackle this issue, the proposed approach aim to maximize the coverage of the target region while minimizing the number of UAVs required. By achieving maximum coverage with the fewest possible UAVs, the interference between them can be minimized, that helps mitigate the degradation of coverage occurred due to interference.

The rest of this paper is organized as follows: Section 2 presents the state of the art. In Section 3, the Radio Frequency Propagation Model description is illustrated. Section 4 explains the Optimization Approach for Optimal Coverage. In Section 5, the simulation results and the corresponding analysis are discussed. Section 6 provides a discussion paragraph. Finally, the conclusions are drawn in Section 7.

2  State of the Art

Recently, several works have investigated the integration of UAVs and ground networks, i.e., UAV-assisted, to enhance the ground network performance, such as coverage of the target area which has been studied extensively in the literature, especially for circular sensing patterns of the agents [16]. In most of these approaches, areas of interest are partitioned based on a Voronoi or similar partitioning [17–20], use game theory, model predictive control, and distributed optimization [21,22]. Furthermore, area monitoring is studied in several works by Mobile Aerial Agents (MAAs) equipped with cameras [23]. In such pioneering research efforts, maximum allowable height by the MAAs is not allowed, and overlapping of their covered areas is considered an advantage as opposed to the same area viewed by a single camera.

The optimal placement of drones is investigated in different works in the literature [24–26]. The work in [26] applied multiple UAVs to detect dynamic objects on the ground. The aim was to obtain the optimal placement of UAVs that achieve the objective with minimum required UAVs. In [24], the placement problem of mobile and static drones is investigated by deriving a mathematical model for optimal drone placement formulation. Finally, the authors in [25] considered the optimal placement of drones. They assumed that sufficient drones are available to cover a set of mobile targets.

However, the previous studies did not considered the maximum coverage of application area for the drones.

In [27], the optimal location of drones deployed as base stations was presented in the area with different target densities. The aim was to obtain the minimum number of drones and their optimal 3D placement to serve all users. Further, in [28], the optimal locations for static drones were presented. The aim was to maximize the coverage of a target area. The optimal placement problem was solved for both uniformly and clustered targets. In [29], the area coverage problem was addressed by deploying a swarm of drones equipped with a directional antenna, i.e., a download-facing camera. All users in the sensing range were covered by deploying drones. To do so, the target area was partitioned using a partitioning algorithm, and the drone’s altitude was restricted by a new gradient based on control law. As a result, the local optimal configuration was achieved for the whole network, and the optimal coverage was achieved by controlling the drone altitude. However, these requirements increased the computational time and complexity.

Moreover, the work in [30] studied a similar problem and considered different criteria, such as customer satisfaction, number of UAVs, and total distance the drones navigated simultaneously. However, these works did not consider the optimal placement of drones.

Due to difficulties of deploying ground BSs in harsh and remote environments, the UAV-assisted has the potential to revolutionize many fields by providing connectivity and communication for ground users. In this case, UAV acts as wireless BS or RSU, especially when the capacity of terrestrial infrastructure is not sufficient. Therefore, to extend the coverage in such environments, UAVs-assisted can be utilized for this purpose.

The authors in [31] proposed a deployment strategy to provide better coverage for the ground users, where the UAVs acted as wireless base stations. The download coverage probability was defined as a function of the antenna gain and the UAV’s height. The objective was to calculate the 3D positions of UAVs that maximize the lifetime of drones, and achieve the maximum coverage for the whole region. However, the drone’s height should be defined based on the coverage requirement and the beamwidth of a directional antenna.

In [32], a UAV placement strategy was formulated as a maximization optimization problem. More specifically, throughput and coverage were optimized where the UAV’s memory constraint was considered. That is, the optimal location of the drone was achieved, and the optimal caching strategy was solved.

In [33], a Particles Swarm Optimization (PSO) was implemented to obtain the optimal placement of UAVs where the objective was to maximize the coverage area while the capacity of UAV was considered in the scope of public safety and disaster.

Furthermore, the researchers in [34] proposed an optimization approach to cover all targets on the ground while minimizing the dissatisfaction data rate between end devices and their communication services using the available number of UAVs.

The work in [35] proposed a coverage path planning algorithm to fully cover a region of interest with minimum energy consumption. The problem was formulated as an optimization problem and solved using exact and approximate solutions. The work considered single and multiple UAVs. The optimal allocation of the sub-region was assigned to appropriate UAVs so that the energy consumption was minimized. The proposed approach also considered a number of turns in the optimization to reduce energy consumption, reducing the required number of drones to cover the area of interest.

In [36], the optimal UAVs flight path was obtained using multi-objective bio-inspired algorithms. In addition, different objectives were included, such as sensing ability, energy consumption, flight time, and associated risk. Moreover, the authors in [37] proposed using the available UAVs to obtain their optimal heights in a 3D environment. More specifically, the objectives to be optimized were the quality of Service (QoS), energy consumption, and target coverage. The connectivity of UAVs was maintained using a grid-based connectivity network. Additionally, the drones’ altitudes were optimized for generating a near-optimal height to cover the target devices and achieve minimum energy consumption of transmitted data and QoS. In urban terrain, the communication and movement of the vehicles are constrained by buildings and infrastructures [38].

The use of drones as flying RSUs can greatly enhance VANET connectivity, as they have the ability to fly at high altitudes beyond terrestrial infrastructures. This allows UAVs to move with less interference from terrestrial constraints, resulting in fewer obstacles affecting its transmission. In [39], the UAVs were deployed to detect the incidents on the urban road. Moreover, UAVs’ deployment aimed to provide vehicle emergency guidance. Besides, a hybrid of drone and ad-hoc networks was designed to reduce the end-to-end delay among cars [40].

In [41], a novel IoD collaborative communication approach has been proposed to improve the communication of the VANET network. The UAVs are optimally deployed to maximize the coverage area and enhance the quality of the received signal. Although the proposed approach achieves an optimal value of coverage area, the simulation is conducted in a flat area, and the impact of high-level terrain is neglected. Then, this work was extended in [42] by proposing a 3D simulation model for the IoD network in the air and the VANET network in the ground to improve the communication of the VANET network. The UAVs are optimally deployed to maximize the coverage area and enhance the quality of the received signal. Furthermore, the Digital elevation model was applied to extract the terrain elevation, and then the impact of high-level terrain was considered. The proposed approach achieved an optimal coverage area value reflecting more realistic results. The work in [43] proposed a UAV-assisted VANET for safety application in Intelligent Transportation Systems (ITS). The challenge to traditional VANET was highlighted. A highway scenario was considered in the simulation. A vehicle’s velocity, density, and road length were analyzed in a highway.

The impacts of a minimum number of drones on coverage quality were studied in [44], where the drones were deployed using a proposed greedy algorithm. In [45], a decentralized deployment approach of UAV-BSs was proposed based on Voronoi partitioning. According to the neighboring UAV-BSs and the measured information about the users, each UAV-BS is able to determine its movement that quickly achieved the local optimum of user coverage. To maximize the number of covered users, an efficient 3D placement method for drone-BS using the minimum required transmit power was proposed in [46]. However, the optimal drone deployment in these works was achieved by only considering signal coverage.

For further optimizing the deployment, the connectivity of the drones’ network has been considered to make deployment more reasonable. In [47], the drone allocation problem was solved to boost capacity and improve coverage by formulating a neural-based cost function approach. Further, the coverage was improved, and network capacity was increased in some recent algorithms [48–50]. However, the interference effects among drones were not considered.

Although the surveyed algorithms have achieved the deployment of a drone to a certain extent, they rarely consider signal interference and coverage at the same time.

Our proposed mechanism aims to design an IoD-assisted to boost ground communication performances. The aim is to maximize the coverage of a target area and reduce the interference between adjacent UAVs as much as possible at the same time. To achieve these objectives, an optimization approach, IPSO, is implemented to dispatch the interconnected IoD network into the optimal location so that the coverage of the target area is maximized and the the interference between neighboring drones is minimized.

3  Radio Frequency Propagation Model

Two propagation links can be defined for UAV-to-ground communication. The first propagation link includes LOS and NLOS, while the second link has no LOS, but the ground nodes can be covered by diffraction and reflection from the main signal. As shown in Fig. 2, the transmitted signal by UAV is propagated in the space till hitting the urban area, where the signal suffers from scattering and shadowing problems due to buildings and other distributing things in the region. Therefore, the UAV-to-ground link suffers from loss. The Doppler shift effect that results from the mobility of UAVs is assumed to be perfectly adjusted.
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Figure 2: Deployment of UAV at h altitude

Notably, UAVs in the target area share comparable attributes such as identical transmission power and are strategically positioned. Each UAV has a directional antenna equipped for sensing tasks, with a fixed beam angle υd measured in degrees.

The gain can be calculated as in [51] as follows:

Gain={29000υd2−υd2≤ϕ≤υd2,1sin2(3π2(N0))otherwise(1)

where 29000υd2 is the main lobe gain of directional antenna, 1sin2(3π2(N0)) is the side lobe gain, ϕ is the sector angle, and N0 represents the number of antennas equipped in a drone. The scattering and shadowing effect in NLOS is higher than that in LOS. The received signal power at any user u from drone k can be defined based on [52] as follows:

Pu,k={Ptx+G0−PLdB−ζ1,LOS link,Ptx+G0−PLdB−ζ2,NLOS link,(2)
where G0 is the antenna gain in dB, Ptx is the transmitted power and PLdB is the path loss value which can be defined as follows:
PLk=(4πfcdkv)α,(3)
where dk is the distance between UAVk and user, fc is the carrier frequency, α is the path loss exponent, v is the speed of light, and ζ1 and ζ2 are a shadowing influence in LOS and NLOS with normal distribution of N(μLOS,σLOS), and N(μNLOS,σNLOS), respectively. The variance of this distribution relates to the environment and can be defined based on [31] as follows:
σLOS=α1e−α2θk,σNLOS=β1e−β2θk,(4)
where θk is the elevation angle between dronek and user, and can be defined as θk=sin−1(hdk), h is the difference altitude between user u and drone k, the parameters α1, α2, β1, and β2 are constant values related to environment. In the light of above definition, the probability of LOS and NLOS can be obtained as follows:
PLOS=α(180πθk)γ,(5)
where α and γ are constant values related to the environment. As a result of Eq. (5), the probability of NLOS can be written as
PNLOS=1−PLOS.(6)

4  Optimization Approach for Optimal Coverage

This section explains our optimization based on the coverage probability function. We also describe how to solve the deployment problem with less power and interference requirements to achieve maximum coverage. Each UAV movement in IoD aims to maximize the overall coverage of a target area. Specifically, each UAV updates its location by exploring the space each iteration. The optimal value can represent the total coverage of the target region.

4.1 Coverage and Interference Model

The coverage model is responsible for finding the coverage ratio of drones in the target area. The model is also responsible for reflecting the interference effect among UAVs and considers it to optimize IoD deployment. It has to be stressed that the interference can be reduced by increasing the distance between drones. In general, signal interference is unavoidable due to the limited distance and frequency channels. Hence, to optimize IoD deployment, the drone signal interference needs to be considered.

Let the projection points of all drones denoted by Pr, and locations of all users in the target area, denoted by Loc be represented as follows:

Pr=(pr1,pr2,pr3,…,prn).Loc=(Loc1,Loc2,…,Locm).(7)

Then, the collection of all users within a coverage radius (CR) of drone i is represented as

S(Loc)=Loc|D(Loc,Pri)<=CR,(8)

where CR is the coverage radius of dronei, and D(Loc,Pri) is the distance between Loc and projection point Pri.

The coverage and interference model can be defined as follows: Let Pm be the minimum received power which can be defined as

Pm=10log(βN+βI).(9)

which is a function of signal to interference and noise ratio (β), noise power (N), and the mean interference (I) from the closest drones.

The mean interference effects can be obtained based on [31] by Eq. (10).

f(UAVi,UAVj)=Ptx(1sin(3π2(N0)))(10−μLOS10∗PLOSm+10−μNLOS10∗PNLOSm)x(4πfcdkv)−n0,(10)

The total interference in drone i from other drones can be computed as in Eq. (11).

ΓTotal=∑j∈[1,IoD],j≠if(UAVi,UAVj)(11)

The coverage probability can be evaluated by Eq. (12).

Pcov=PLOSkQ(pm+PL−ptx−G0−μLOSσLOS)+PNLOSkQ(pm+PL−ptx−G0−μNLOSσNLOS),(12)

From Eq. (12), the coverage probability changes directly as the drone altitude changes due to changing the elevation angle, which in turn changes PLOS, PNLOS, sensing radius, and distance. It is worth mentioning that flying at high altitudes increases LOS conditions and path loss. Moreover, the interference increases as drones fly close to each other. Therefore, the transmission power should be adjusted to achieve the best coverage and less interference.

Based on the coverage probability function, the coverage value of each block (b) can be defined by the following formula:

Covb,IoD=(1−∏k∈IoD(1−Pcov(b,k)))(13)

Then the overall coverage over the whole region is determined using

TCovIoD=(∑b∈[1:m](Covb,IoD))(14)

The proposed approach aims to maximize the coverage of a target region by an interconnected IoD network and minimize the interference between adjacent UAVs simultaneously.

In coverage problems, obtaining the best location for the IoD network by trying all possibilities consumes many resources and time because the coverage problem is an NP-hard problem and cannot be solved in a reasonable time. To deal with such problem, a sophisticated solution is provided using a meta-heuristic approach where the iterative manner is used to search for the optimal solution. Among population-based algorithms, an improved version of PSO implemented in [13] is utilized to efficiently dispatch the IoD network into the best location to maximize a target region’s coverage.

4.2 Problem Formulation

In IoD deployment, the interference increases when the number of deployed drones increases, resulting in bad quality of communication. On the other hand, deploying a few drones cannot satisfy the coverage demand. So, obtaining the optimal deployment of IoD can be achieved by maximizing the overall coverage.

The problem can be formulated as a maximized multi-objective optimization problem as follows:

Γoptimal=max∑b∈[1:m](Covb,IoD),(15)

Subject to

Pr∈R2,(16)

HD(Pri,Prj)>IRi≠j,(17)

where IR is interference range, R2 is coverage area, and HD is the horizontal distance between projection of UAVi and UAVj. The constraint in Eq. (16) ensures the projection of all UAVs are inside the coverage area defined by R2. The constraint in Eq. (17) prevents the interference between UAVi and UAVj.
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4.3 IPSO for Optimal Coverage

This section describes optimizing the IoD deployment and the optimization approach used. In this work, we implement IPSO, developed in [41], which represents an enhanced version of standard PSO in which the rapidity and optimality of the PSO are improved, which lead to avoiding trapping in local optima and obtaining the global optima in a more accurate and faster way. The objective function evaluates the generated solution based on the coverage probability function. The optimal value can represent the overall coverage of the target region.

The proposed optimization approach for optimal coverage using IPSO is explained in Algorithm 1. It starts with the initial part that is responsible for initializing RF as well as IPSO parameters. The initial locations of IoD are also generated in this part. Next, the algorithm receives environment constraints, i.e., boundary, cell size (block size), and RF parameters, and returns the optimal coverage. Then, the algorithm procedure starts by updating IPSO parameters, and the locations of IoD are evolved with iterations and then evaluated using the objective function that returns the coverage for all populations. Afterwards, the best coverage is stored, and the IoD locations are updated.

The objective function, Obj_Fun, is used to evaluate the coverage. The function takes the current positions of the UAVs and the radio frequency model, RF model, as inputs and returns the corresponding coverage value (Coveragei) which represents the normalized coverage value of the region using the set of UAVs based on a given RF parameters. The objective function can be summarized as follow: it recessives the current location of IoD nodes and RF model specifications as input. then, the overall interference is obtained using Eqs. (10) and (11), respectively. Afterward, the coverage probability is determined by Eq. (12). The coverage of each block, b, is then calculated by Eq. (13). Finally, the overall coverage of the area is obtained by Eq. (14).

5  Simulation Results and Discussion

This section will explain the effectiveness of the proposed optimization approach according to optimal coverage. The network is first described, then the results of performance metrics are explained. The simulation is repeated 100 times, and the normalized coverage and other parameters are calculated. Without loss of generality and to simplify the analysis of coverage performance, the coverage is normalized to unity. The simulation is conducted in Matlab on PC with a Core i7 CPU, 2.5 GHz, and 3 GB Ram.

5.1 Simulation Parameters Settings

The simulation parameters used throughout this work are abstracted in Table 1. The geographical range is 10000 m × 10000 m. Ten UAVs are randomly distributed in a square region as initial locations. The area is divided into 100 × 100 cells to find the covered cells by each UAV at any time. We assumed that information about the region was known in advance. The communication network parameters are illustrated in Table 1. These specifications listed in Table 1, and other needed setting based on the following researches [31,53–55].
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5.2 Optimal Coverage

In this work, the simulation of the coverage problem is demonstrated over a target region without failure and with no obstacles between drones. Then, the effectiveness of the drones cooperative network using our proposed optimization approach is investigated.

We demonstrate the normalized coverage with respect to iterations using varying numbers of drones, ranging from 2 to 10 UAVs. These drones are randomly distributed at a fixed altitude. The transmission power for the drone is set to 30 dBm. Results of normalized coverage with respect to a number of iterations are illustrated in Fig. 3.

[image: images]

Figure 3: The average normalized coverage with respect to iteration for different IoD sizes

It can be noticed that the coverage region increases as the number of UAVs increases with the same transmission power, demonstrating the impact of UAVs on optimal coverage. However, the interference and overlap region might increase as the number of UAVs increases. To cope with such a problem, we minimize the interference problem by maintaining a sufficient safety distance between drones equal to or greater than the sum of their sensing radius. In Fig. 3, the coverage is enhanced with iteration until it reaches the maximum coverage at the end of iteration for all UAVs.

The Fig. 3 also shows that the needed iterations to reach the steady state for 2-UAVs is less than that in 3-UAVs and other scenarios, while the coverage in the 10-UAVs scenario is the highest compared with other scenarios.

5.3 Impact of Transmission Power on Optimal Coverage

To further investigate the proposed optimization approach’s performance, we study the effectiveness of power transmission on optimal coverage. Fig. 4 exhibits the normalized coverage vs. iterations with different transmission power (20, 30, 35, and 40 dBm). As such, the impact of power transmission on coverage is examined, where coverage is observed to improve continuously with increased transmission power as expected.
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Figure 4: The average normalized coverage with respect to iteration for different transmission power

It is clear from the figure that the higher the transmitting power, the wider the range, which leads to covering a larger number of users and improving overall coverage. The coverage starts with a small value and continues to increase until it reaches a steady state, which represents the maximum coverage. It is important to stress that increasing the transmission power also increases the interference between adjacent UAVs. Therefore, the UAVs must maintain a sufficient distance from each other.

5.4 Comparison with Other Approach

We compare our optimization approach against non game-based CVACA presented in [56] and game-based approach [21]. We select the method illustrated in [56] and [21] due to their simplicity and ease of implementation compared with other approaches discussed in the literature. Also, the proposed approach and the these approaches depend on the download-facing camera, i.e., directional antenna, to achieve the required coverage. Moreover, the UAV’s angle sector and altitude are the variables that can be adjusted to achieve optimal coverage. Table 2 illustrates the parameters setting for compassion.
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The maximum normalized coverage with respect to number of iterations is the main performance metric utilized in the comparison for 100 iterations. UAVs are randomly distributed in multilevel networks. Each UAV tries to adjust its location to maximize the overall coverage and minimize interference between adjacent drones. The normalized coverage is enhanced with iteration till it reaches the maximum coverage at the end of iterations for all UAVs. We record the maximum coverage for all approaches, and the results are shown in Figs. 5 and 6.
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Figure 5: The average normalized coverage with respect to number of UAVs for the proposed approach and both CVACA and game approaches
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Figure 6: The maximum average normalized coverage with respect to number of UAVs for proposed and both CVACA and game approaches

As illustrated in Fig. 5, the optimal coverage increases as the number of UAVs increases. The optimal coverage is low at the beginning when the available UAVs are 4 UAVs, and it is improved as IoD size increases. This advantage tends to grow at a higher rate in our proposed approach than that in CVACA and game approach. The normalized coverage observed in Fig. 6 for the CVACA and game approaches is in [0.33 0.72], and [0.301 0.73] for 4-UAVs and 10 UAVs, respectively. For 4-UAVs and 5-UAVs, the maximum coverage cannot reach an acceptable value, which is less than 0.5, where the communication model cannot achieve the communication demand. For other scenarios [6, 7, 8, 9, 10] UAVs, the normalized coverage is greater than 0.5, which can be considered acceptable in some practical scenarios. However, our proposed optimization approach achieves normalized coverage greater than acceptable coverage for all UAV scenarios.

To further investigate the effectiveness of the proposed approach, we study the normalized coverage and the needed iterations to achieve the optimal coverage with respect number of UAVs that achieve the acceptable coverage, and the result is exhibited in Fig. 7.
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Figure 7: Required iterations to reach the optimal coverage for the proposed approach and both CVACA and game approaches

The number of iterations required to achieve optimal coverage depends on various factors, such as the size of the area being covered, algorithm being employed, etc. The process of optimizing coverage involves iteratively adjusting the deployment of IoD until the desired level of coverage is achieved. Each iteration involves collecting data on the current level of coverage, analyzing the data to identify areas of low coverage, and making adjustments to improve coverage. The number of iterations is a metrics that can be used to evaluate the algorithm. The needed number of iterations for the proposed approach and both CVACA and game to reach the optimal coverage is illustrated in Fig. 7. The figure shows that our proposed approach provides fewer iterations to achieve optimal coverage.

5.5 Effect of Noise on RF Model Performance

To assess the robustness of the proposed RF model, we have considered two distinct ranges of noise: range1 spanning from −120 to −90 dBm, and range2 spanning from −90 to −70 dBm for different numbers of UAVs. Results are illustrated in Figs. 8 and 9 for range1 and range2, respectively. The figures show the normalized coverage with respect to the number of UAVs for different noise power in both controlled and uncontrolled environments. It can be observed that the RF model demonstrates higher resilience in the presence of noise within range1. Noise levels within this range do not significantly impact the performance of the RF model, and the normalized coverage remains nearly unchanged in controlled and uncontrolled environment. However, as noise levels increase to range2, i.e., ranging from −90 to −70 dBm, the performance of the RF model is noticeably affected, resulting in a degradation of the normalized coverage. These results suggest that noise falling within this range has a significant influence on the RF model’s performance.
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Figure 8: Normalized coverage with respect to number of UAVs for different nois power in range −120 to −90 dBm
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Figure 9: Normalized coverage with respect to number of UAVs for different nois power in range −90 to −70 dBm

6  Discussion and Remark

This part discuss the advantages of our proposed approach on other approaches. The proposed optimization approach based on IPSO outperforms both game and non-game approaches for area maximization due to its ability to efficiently and effectively explore the search space. The reason behind that is the IPSO used in the proposed approach effectively combines the advantages of swarm intelligence and optimization techniques to efficiently explore the search space and find optimal solutions. Compared with game approach, IPSO focuses on finding the best possible solution without the complexities introduced by strategic interactions among multiple players. While game-theoretic approaches may capture the dynamics of competition or cooperation, they can be computationally intensive and may not guarantee the globally optimal solution. The CVACA tries to use the maximum sensing radius for each UAV while avoiding the overlapping problem with the neighboring UAVs. Consequently, in smaller networks, this objective can be achieved quickly. However, as the number of UAVs increases, the overlapping region also expands proportionally, resulting in a greater number of required iterations to achieve optimal coverage without any overlap.

7  Conclusion

In this paper, we developed an efficient autonomous decision-making approach based on an optimization strategy. The proposed approach could efficiently dispatch the IoD network to the most appropriate location to maximize overall coverage and minimize interference between drones. All specifications of the RF model were considered for LOS and NLOS down-link coverage probability of drones regarding ground communication. Furthermore, the proposed approach’s mathematical formulation model and simulation experiment were presented. The simulation results showed that the proposed approach provided a fast convergence and maximum coverage based on the RF model and altitude value using minimum power transmission. Finally, we compared our approach against CVACA and game-based approaches, and the results showed that our proposed approach provided higher coverage, could deploy the IoD into the most appropriate location, and showed faster convergence as it needed fewer iterations to reach the optimal coverage.

As a future work, we plan to extend this work by studying the effect of different antenna configurations on area coverage. Furthermore, some factors like weather conditions, regulatory constraints, and hardware limitations will be considered to study their inference on the proposed cooperative approach. Also, we plan to study the energy consumption metric of the UAV assisted network using this optimization approach.
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Table 1: Parameters setting

Parameter Value Parameter Value
Geographical range 10000 m x 10000 m k1, k2 10.39, 0.05
Number of cells 10000 cells gl 29.06
Frequency 2 GHz g2 0.03
IoD size [2,3,4,5,6,7,8,9,10] Antennas 16

UAVs
Speed (v) 3 x 10* m/s Trans. power [15, 20, 25, 30, 40] dBm
o 0.6 Noise ratio 8 5
4 0.11 Noise power N —120 dBm
ny 2.5 Optimization approach IPSO
ulLoS 1 dBm Population size 50
uNLoS 20 dBm Maximum iteration 50
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Algorithm 1: IPSO algorithm for optimal coverage

Input
MaxlIt: maximum iteration
PSize: Population Size
Bmin, Bmax: Environment Boundary
RF: Radio Frequency parameters
Output: Best Positions of IoD nodes and Optimal coverage (GBest)
INITIALIZATION:
initialize c1,c2
initialize RF parameters
for all (i € PopSize)
initialize position [Pos;], V; = 0
Coverage; = Obj_Fun(Pos;, RFmodel)

if Coverage;>GBest then
GBest =Coverage;
Update IoD location
end if
end for
repeat
iter=0
while Iter<Max_It do
Update IPSO parameters

for all (i € PopSize)
Update the velocity Vi(t+ 1)
Update the position Pos;(t + 1)
Coverage; = Obj_Fun(Pos;(t + 1), RFmodel)
if Coverage; > GBest then
GBest= Coverage;
Update IoD location
end if
end for
Increment Iter
end while
until Ideal best is obtained or run out of time
return Best loD location and Optimal Coverage
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Table 2: Compassion parameters setting

Parameter Value

Geographical range 10000 m x 10000 m
IoD size [4,5,6,7,8,9, 10] UAVs
Angle (v,/2) 45

Number of simulation runs 100
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