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Abstract

:

The fundamental issue for Beyond fifth Generation (B5G) is providing a pervasive connection to heterogeneous and various devices in smart environments. Therefore, Drones play a vital role in the B5G, allowing for wireless broadcast and high-speed communications. In addition, the drone offers several advantages compared to fixed terrestrial communications, including flexible deployment, robust Line of Sight (LoS) connections, and more design degrees of freedom due to controlled mobility. Drones can provide reliable and high data rate connectivity to users irrespective of their location. However, atmospheric disturbances impact the signal quality between drones and users and degrade the system performance. Considering practical implementation, the location of drones makes the drone–user communication susceptible to several environmental disturbances. In this paper, we evaluate the performance of drone-user connectivity during atmospheric disturbances. Further, a Machine Learning (ML)-assisted algorithm is proposed to adapt to a modulation technique that offers optimal performance during atmospheric disturbances. The results show that, with the algorithm, the system switches to a lower order modulation scheme during higher rain rate and provides reliable communication with optimized data rate and error performance.
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1. Introduction


Beyond fifth Generation (B5G) network demands ensuring accessibility for all types of users and devices. Drones play a vital role in cooperating in high-speed communications and facilitating an extensive coverage of wireless networks. Flexible positioning, Line of Sight (LoS) connectivity, possibility of smart decision, and association with fixed communication systems are advantages of drones [1,2]. In addition, numerous drones can provide specialized coverage for end devices in smart environments and unreachable areas. Expanding communication coverage has become an inevitable trend in developing smart cities, as the future B5G Internet of Things (IoT) networks need ultra-high coverage. Drones are now one of the most effective ways for improving communication coverage due to the significant cost and time reduction involved in establishing additional base stations.



Drone communication differs from standard ground wireless communication in two significant ways. First, drones typically have a strong LoS connection with ground nodes (i.e., users and smart devices). Thus, drones provide better channel conditions than ground fading channels. Furthermore, drones can even predict the Channel State Information (CSI) of different drones in 3D positions based on ground node location information and communication performance. Second, the drone features 3D manoeuvrability, which enables full control. The drone can modify its height and position to serve and improve drone communication performance with users/devices in smart environments [3,4,5]. In [6], the authors proposed an architecture to maximize wireless coverage in areas while also increasing the number of drones. The research published in [7] introduced the best 3D drone usage to increase the number of land users without compromising the Quality of Service (QoS). The authors proposed a wireless network for an extensive ground network for multiple drone base station placements [8]. In [9], the authors recommended using Long Term Evolution (LTE)-Unlicensed for deploying drones as a base station to create wireless connections following a natural catastrophe. Due to damage to the ground LTE infrastructure, coverage is limited in such situations [10].



Recently, Machine Learning (ML) has played a vital role in improving communication network performance in B5G systems. It supports communications services in smart environments and enhances the connectivity, signal quality, and QoS [11]. Artificial intelligence and ML play a vital role in improving the connectivity and QoS during the mobility of drones, robots, and things for supporting B5G communication systems [12,13]. ML-based techniques have been used extensively to optimize performance in drone communication [14]. The authors of [15] covered physical layer communication concerns for cellular-connected UAVs, a UAV deployment where UAVs act as users. However, the height at which the drone operates makes it susceptible to atmospheric disturbances.



In [16], the authors proposed an ML algorithm for trajectory planning with an underlying device-to-device communication. An ML-based algorithm was proposed for Unmanned Aerial Vehicle (UAV) trajectory planning and was proposed in Non-Orthogonal Multiple Access (NOMA) systems [17]. Under high LoS propagation circumstances and heavy interference, an ML-based drone-to-ground LTE cellular network was explored in [18]. In [19], the authors applied an artificial neural network to estimate drone signal strength over smart cities.



In this work, we apply the K-means algorithm, an unsupervised ML algorithm, in drone-user communication with atmospheric disturbances. The main contribution of this paper is to improve the performance of drone-users/device communication from signal quality analysis at the receiver. The work proposes the best possible error performance with given signal quality. Data rate and error rate values are observed for different environment types, such as suburban, urban, and rural locations and various rain rates. Further, we automate adapting to the best possible modulation scheme using the K-means algorithm, an unsupervised ML algorithm.



1.1. Related Work


Several attempts are made in applying ML in achieving AM. Various branches of ML such as supervised learning, unsupervised learning, and reinforcement learning (RL) have been applied to achieve AM [20]. In addition to the techniques mentioned above, Deep Learning techniques, which are used consistently along with various ML algorithms, are also used to achieve AM. Table 1 lists related works, and comparisons with existing works are mentioned afterward.



Supervised learning, a division of ML, assisted adaptive modulation is proposed in the multiple-input multiple-output (MIMO) system in [21]. In [22], the authors proposed a support vector machine-based algorithm, a supervised learning algorithm, assisted adaptation where the system learns to adapt to the best modulation without any external training. A link adaptation algorithm aiming to minimize computational time is proposed in [23]. The authors used the support vector machine (SVM) technique to achieve the same results. In a similar work [22], the authors used the SVM technique to achieve channel and modulation selection in cognitive radio. In [24], the authors used the K-Nearest Neighbour (K-NN) algorithm to achieve adaptive modulation in the underwater acoustic network. However, in addition to K-NN, they used an unsupervised algorithm as a tool to condense the data set.



Unsupervised algorithms were also considered, but not extensively, to achieve AM. The authors of [25] evaluated the k-means algorithm, an unsupervised algorithm, to achieve adaptive modulation in wired channels, where different cable modems with varying channel conditions are clustered. The k-means algorithm was used for user group clustering in [26]. Further, the authors consider the maximization of channel capacity by selecting appropriate clusters. Unlike supervised or unsupervised algorithms, RL schemes learn by interacting with the environment. In [27], the authors first proposed the possibility of applying RL in achieving AM at a given Signal-to-Noise Ratio ( SNR ). In [28], the authors propose an RL-based algorithm for link adaptation in orthogonal frequency division multiplexing (OFDM). In a similar work, AM is considered in a 5G environment in [29]. Unlike in [28,29], the authors propose a Neural Network-based extension of an RL scheme called Deep RL to achieve AM in the heterogeneous cognitive network in [30].




1.2. Motivation and Contributions


The key idea of adaptive modulation is to achieve a particular Bit Error rate (BER) threshold by reducing the energy per bit per noise ratio. However, this adversely affects spectral efficiency, and hence, a choice of the modulation scheme for different channel conditions has to be made. The contributions of this paper are:




	
We build a system model in which we consider switching between various phase shift schemes such as binary Phase-Shift Keying (BPSK), Quadrature Phase-Shift Keying (QPSK), 16-Quadrature Amplitude Modulation (QAM), and 256-QAM modulation schemes in order to satisfy the required BER threshold.



	
We analyze the performance of the drone–user communication with various rain, LoS conditions.



	
We propose an algorithm based on ML to intelligently adapt to the modulation scheme that offers the best data rate without sacrificing error performance due to atmospheric disturbances.









1.3. Paper Structure


The organization of the paper is given here. The description of the adaptive modulation is given in Section 2, and the system model and associated channel modeling are given in Section 3. In Section 4, a detailed description of the mathematical modeling of atmospheric imperfection and the ML-assisted adaptive modulation algorithm is given. Section 5 describes numerical results, and the conclusions are drawn in Section 6.





2. Adaptive Modulation Overview


The data rate at the receiving end hugely depends on the measure of  SNR , in the case of an atmospheric disturbance. Mathematically, in view of the LOS nature of the link, at larger  SNR , the capacity of the network with respect to  SNR  can be shown as


  C ( SNR ) = d · log ( SNR ) + O ( log ( SNR ) )  



(1)




where d is the Degrees of Freedom (DoF) communication system.



Despite the advantages provided by drones, the exact unique position of drones makes them susceptible to attenuation from environmental factors, and the major one among them is rain [31]. The attenuation occurs due to the scattering and dielectric loss. Apart from the height at which the drone operates, the frequency of operation also makes rain an essential parameter while designing a drone-based communication system [32,33,34,35,36]. This is because attenuation is dependent on the size of the scatterer. Since the mathematical analysis of the effect of rainfall is a tedious process, ITU has made an empirical model where the attenuation per km ( γ ) is modeled using rainfall rate (R) and operating frequency (f), where R is mentioned in (mm/h) [37]. In essence, the sum rate and reliability of the drone communication experience considerable degradation due to rain [32,33].



Adaptive Modulation (AM) is an approach in the physical layer for optimizing the performance of a single wireless connection over flat fading channels. AM helps the communication system to achieve the optimal data rate and error rate by adapting the modulation order. One advantage of AM is that the system offers communication even when there is a disturbance in the channel. Another advantage is that the overhead required in the communication is reduced, which would have to take a significant part of the communication [20]. Similarly, the latency is also reduced, as a guaranteed communication is offered by the system [38].




3. System and Channel Modeling


3.1. System Model


A drone–user communication system is considered in the paper. The system consists of a drone acting as the transmitter and a user at the receiving end, as shown in Figure 1. Considering the position of transmitter and receiver, the channel is modeled as Rician with Rician factor  κ  and is affected by rain, which is modeled by an empirical model provided by ITU [37]. Furthermore, we assume that each transmitter and receiver use the same frequency for operation, forming an interference-limited system.




3.2. Channel Modeling


Channel modeling is different in aerial channels, unlike the terrestrial counterpart. The percentage of LoS components is high in urban areas and less in rural areas in an A-to-G channel. That is, in urban scenarios, the A-to-G channel shows Rician fading as the LoS path is predominant [1]. However, in suburban scenarios, Rayleigh fading is observed due to stronger Non-LoS signals. As the Rayleigh channel can be considered as a particular case of Rician fading, we use Rician fading in this work [39,40]. Therefore, the channel model can be represented as


  H =   κ  1 + κ     H LoS  +   1  1 + κ     H NLoS   



(2)




where   H LoS   and   H NLoS   represent the channel matrix corresponding to LoS and NLoS paths. Hence,  H  represents complex fading coefficients and the dimensions of the matrix are    N R  ×  N T   , where   N R   and   N T   represent the number of receiving and transmitting antennas. The Rician factor  κ  is [41]


  κ =   σ  L o S  2   σ  N L o S  2   ,  



(3)




where   σ  L o S  2   and   σ  N L o S  2   are the LoS and NLoS power, respectively. We consider the transmitter and receiver having multiple antennas, and the MIMO channel is assumed to be static. The MIMO channel’s LoS part is given by [41]


   H LoS  =         1       e  j 2 π   d R  λ    s i n  ( A o  A R  )       ⋮       e  j 2 π   d R  λ     ( M − 1 )  s i n  ( A o  A R  )                    1       e  j 2 π   d T  λ    s i n  ( A o  D T  )       ⋮       e  j 2 π   d T  λ     ( N − 1 )  s i n  ( A o  D T  )           T   



(4)




where   d T   and   d R   represent the separation of antennas in the transmitter and receiver, respectively.   A o  A T    and   A o  D R    represent Angle-of-Arrival and Angle-of-Departure concerning the transmitter and receiver, respectively. The   H NLoS   follows a Rayleigh distribution and has the same dimension as that of   H LoS  .





4. Ml-Assisted Adaptive Modulation


In this paper, we consider a drone–user communication with atmospheric disturbances, as shown in Figure 1. The channel is modeled as the Rician MIMO channel, a general analytical model for the Air-to-Ground channel. An ML algorithm called the k-means clustering algorithm is used to find the modulation scheme, providing optimal performance and data rate during atmospheric disturbances.






	Algorithm 1 K-means algorithm.



	
	Require:  

	
data points   x ∈ { 1 , 2 , . . , N }   and value of K




	Ensure:  

	
K>1



 




	1:

	
for   k ← 1   to K do




	2:

	
      μ k  ← random cluster head location




	3:

	
end for




	4:

	
function Loop(until converged)




	5:

	
    for   n ← 1   to N do




	6:

	
          r  n k   ←  a r g m i  n k   | |   x n  −  μ k    | |  2   




	7:

	
    end for




	8:

	
    for   k ← 1   to K do




	9:

	
          μ k  ← mean(  r  n k   ,   x n  )




	10:

	
    end for




	11:

	
    return cluster head locations




	12:

	
end function














4.1. K-Means Clustering


K-means clustering is a very powerful algorithm that falls under the category of unsupervised ML algorithms. The role of the algorithm is to cluster data points into K non-overlapping subsets called clusters.



The k-means algorithm operates N data points, where each data point is represented by   x ∈ { 1 , 2 , . . , N }  . The goal is to find the association r, such that it minimizes the loss function,


  J =  ∑ n   ∑ k   r  n k    | |   x n  −  μ k   | |  ,  



(5)




where


   r  n k   =      1 ,     if  k  =   a r g m i  n j   | |   x n  −  μ k   | |   .       0 ,     otherwise ,       



(6)




which means that the value of   r  n k    is set to 1, if the data point   x i   is assigned to cluster k and 0 for other clusters.   μ k   is an n-dimensional vector that carries the location of the centroid of the cluster. The steps followed in K-means clustering in shown in Algorithm 1.




4.2. Atmospheric Imperfections


It is evident that atmospheric imperfections play a vital role in Air-to-Ground communication [32,34,35,36]. Rain, gaseous absorption and scintillation are the main players that contribute to atmospheric imperfection. As we use high frequency for communication, the wavelength of the signal is comparable to the raindrop and hence contributes to large-scale fading [32]. We usually neglect this in terrestrial communication and use smaller frequencies (<5 GHz).



Attenuation is also dependent on the frequency of communication, rainfall rate, and distance over which rain is present. An empirical model has been suggested in [37], where the attenuation is modeled by frequency of communication (f) and rainfall rate (R). The mathematical model for calculating attenuation per Km is


  γ = a .  R b   



(7)




where a and b are parameters obtained from the table given by ITU for particular operating frequency [37]. The path length (  r R  ) is to be multiplied to obtain the total rain attenuation to design reliable drone communication [33].



The path length (  r R  ) is found by


   r R  =    h R  −  h S    s i n θ    



(8)




where effective rain height   h R   is 5 Km for the northern and southern hemisphere,   h S   is the ground station antenna height in meters and  θ  is the elevation angle in degrees. With the path length   r R  , rain attenuation  γ  and with an assumption that rain fall is in the vertical direction, the path loss due to rain is found as


  L = γ ×  r R   



(9)







It is evident that rain in the communication path inversely affects the performance in two ways [42],




	(1)

	
The channel is attenuated heavily, and the received signal strength becomes weaker than the desired threshold,




	(2)

	
An ill-modeled  H  matrix destroys beam-forming vector design.



Adaptive modulation has turned out to be an effective method to provide a higher rate by delivering a satisfactory performance. Hence, we propose adaptive modulation as a capacity maximization scheme under atmospheric imperfections.









Adaptive Modulation Using K-Means Algorithm


AM assures satisfactory performance by maintaining the BER threshold, while spectral efficiency is compromised due to the received SNR. In this way, we can switch the modulation schemes as the attenuation due to rain affecting the system. This paper considers BPSK, QPSK, 16-QAM, and 256-QAM as different modulation schemes for adaptive modulation. The proposed algorithm to adapt to the optimal modulation scheme based on varying rain rates is as follows.



Algorithm 2 describes the proposed algorithm for adaptive modulation using k-means clustering. Several data points representing BER-SNR are generated by mapping the BER-SNR curve to a linear one, as shown in Figure 2. The BER-SNR curve is generated using a semilog plot, whereas the points given for the k-means algorithm are in a linear scale. Cluster heads are determined for data points with the same rain rate. Further, perpendicular distances   d i  ,   i ∈ { 1 , 2 , . . , K }  , where K is the number of modulations used concerning the BER threshold line, are observed. The selection of optimized modulation will be based on the distance between the cluster head and the BER threshold. The cluster head with minimum distance is selected to provide optimal performance. That is, we select modulation with a minimum   d i  .






	Algorithm 2 ML based AM



	
	Require:  

	
data points   x ∈ { 1 , 2 , . . , N }   and value of K




	Ensure:  

	
K>1



 




	1:

	
for   k ← 1   to K do




	2:

	
      μ k  ← random cluster head location




	3:

	
end for




	4:

	
function Loop(until converged)




	5:

	
    for   n ← 1   to N do




	6:

	
          r  n k   ←  a r g m i  n k   | |   x n  −  μ k    | |  2   




	7:

	
    end for




	8:

	
    for   k ← 1   to K do




	9:

	
          μ k  ← mean(  r  n k   ,   x n  )




	10:

	
    end for




	11:

	
    return cluster head locations,   C  H i   ,   i ∈ { 1 , 2 , . . , K }  




	12:

	
end function




	13:

	
   d i  ←   distance of   C  H i    from threshold




	14:

	
choose min (  d i  ) and corresponding modulation

















5. Numerical Results


We carried out Monte Carlo simulations for a drone–user communication system over the Rician channel. First, we analyze performance with atmospheric disturbances, and in the later phase, the application of ML to optimize the performance is shown. The drones considered are located at the height of 18 km above the ground. Therefore, the performance analysis of atmospheric disturbances is performed in two phases.



In the first phase, the effect of the Rician factor ( κ ) on drone communication over the clear sky is studied, while we analyze the impact of rain on the capacity and error performance in the second phase. Finally, we analyze the performance of the communication system with Adaptive Modulation. During the first phase, a QPSK modulation is performed over the symbols transmitted.



Figure 3 shows the capacity of the drone–user communication system over different Rician factors. We note that capacity above   κ = − 10   dB is better than the Rayleigh channel due to the limited presence of the LoS channel along with the NLoS channel. The presence of a stronger LoS component (i.e.,   κ = 10   dB) improves capacity, which is very useful in urban areas [1]. It is important to note that the advantage in data rate is possible if antennas are sufficiently separated to produce a full rank channel matrix.



Overall, from Figure 3, we can observe that the data rate with   κ = 10   dB is better than   κ = 0   dB, which is again better than   κ = − 10   dB. Hence, the data rate provided for drone–user communication differs for different values of the Rician factor, which again depends on the geographical locations [1].



Next, we consider the effect of rain on the performance of the system considered. Figure 4 reports the data rate in   b i t s / s e c / H z   for different scenarios, and the corresponding effect is observed. The rainfall rates of 1, 16, and 100 mm/h correspond to light, medium, and heavy tropical. It can be noted that the data rate is degraded heavily as the rainfall rate increases. While light rain can still support data transmission, transmission in heavy rain is nearly impossible. Results show that at   SNR = 15   dB, as rainfall rate varies from 1 to 16 mm/h, the system with   κ = 10   dB experiences a data rate drop of 83.18% and on the other hand, the system with   κ = − 10   dB experiences a data rate drop of 94.47%. It is because the signal at the receiver is heavily degraded due to the rain.



In Figure 5, we analyze the effect of  SNR  on the data rate of the system. In other words, the signal power in the receiver has a considerable effect on the data rate. It can be observed that at higher  SNR , the data rate is high, and the data rate is dropping with decreasing  SNR . Furthermore, a higher rainfall rate restricts the sum rate, which is also observed in Figure 4. At a higher rainfall rate, the data rate is near to zero   b p s / H z  .



In Figure 6, BER vs. SNR characteristics are plotted for various modulation schemes. We can easily understand that it is possible to retain the BER performance at the data rate cost. During rain fall, it is possible to adapt to another modulation scheme that offers lesser spectral efficiency. However, the  SNR  at which the switching is to be carried out vary with the rainfall rate. It can be observed that, to achieve a BER threshold of   10  − 2   , the transition from QPSK to BPSK occurs at 18 dB for a rainfall rate of 1 mm/h. Meanwhile, a similar transition occurs at 33 dB for 10 mm/h. Intelligent switching between modulation schemes depending on rain is the key to retaining the required BER. An ML-assisted switching is analyzed in the next phase.



Finally, in Figure 7, we apply a k-means algorithm with K = 2 in a drone–user communication system with atmospheric disturbances. Two modulations schemes are considered for simplicity. Several data points in the figure are observed using Monte Carlo simulations on a drone–user communication system with atmospheric disturbances, having distinct BER and SNR values corresponding to a modulation scheme and rain rate. The semilog graph is then mapped to a linear scale to perform an ML algorithm. Cluster heads are determined, and the perpendicular distance from the BER threshold line   d 1   and   d 2   are observed. The cluster head with minimum distance is selected. In this example, several BPSK and 16 QAM points are observed with a 10 mm/h rain rate. We consider the modulation at 1 mm/h as 16-QAM, which offers   10  − 2    BER. With the rain rate shifting from 1 to 10 mm/h, performance deteriorates. It is observed that BPSK offers the best performance for a rain rate of 10 mm/h, as 16-QAM results in higher BER. With k-means, new cluster heads are formed, and the system adapts to the new modulation scheme.




6. Conclusions


This paper proposed an ML-based algorithm to perform adaptive modulation in drone–user communication systems to overcome ill effects due to atmospheric disturbances. The adaptive modulation scheme proposed in the paper achieves reliable communication at the cost of spectral efficiency. Monte Carlo simulations were carried out to analyze the system performance. As a result, a reliable system that achieves the maximum possible data rate without compromising error performance is developed using the k-means clustering algorithm. The algorithm requires the position of users to perform the k-means algorithm. As future work, we consider a case where the atmospheric disturbances vary for locations. A swarm of drones deployed for communication will have to use AM schemes decentralized to achieve an overall best performance.
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Figure 1. Drone–user connectivity under atmospheric disturbances. 
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Figure 2. Adaptive modulation using the k-means algorithm. 
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Figure 3. CDF with different Rician factor. 
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Figure 4. Data rate under different rain rates. 
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Figure 5. CDF vs. bps/Hz for drone–user communication. 






Figure 5. CDF vs. bps/Hz for drone–user communication.



[image: Drones 05 00128 g005]







[image: Drones 05 00128 g006 550] 





Figure 6. BER performance for adaptive modulation. 
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Figure 7. ML-assisted adaptive modulation. 
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Table 1. Comparison with the existing works.
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	Ref
	Highlighted
	Advantages
	Limitation and Future Directions





	[21]
	Link adaptation in OFDM using K-NN algorithm
	-Supervised learning algorithm, which works well, if training data are available.

-Applied in the MIMO system
	Training data are required in supervised learning



	[22]
	Channel and modulation selection using SVM algorithm in cognitive radio
	-Supervised learning algorithm, training improves performance

-Applied in cognitive radio
	Applied in cognitive radio, not generalized.



	[23]
	Fast link adaption using ML algorithm
	-Uses SVM method for fast adaption
	Data set is required for training



	[24]
	Adaptive modulation in under water acoustic network
	-Improved performance verified with practical experiments

-Uses K-NN and k-means algorithm
	k-means is used for training set condensation



	[25]
	Adaptive modulation in wired communication where different cable modems with similar channel conditions are clustered
	-Classification using k-means

-Improves performance in wired OFDM transmission
	Applied in wired channel and extension to wireless is not considered



	[26]
	Application of K-means clustering in multi-user Massive MIMO scenario
	-K-Means clustering is used for clustering user groups and clusters that maximize capacity are selected
	Applicable in Massive MIMO scenario



	[27]
	Novel framework for AM in OFDM
	-Used Q-Learning, an RL algorithm

-Decision is based on information in the Q-Table
	Performance is poor in initial stages.



	[28]
	Link adaptation in OFDM
	-Same as above

-Extensive study about RL in AM is carried out
	RL requires huge time to converge



	[29]
	Q-learning-based adaptive modulation for 5G network
	-Computationally less complex

-Need not possess big storage as RL does not require previous data
	RL takes huge time for convergence.



	[30]
	Deep reinforcement learning-based adaptive modulation in cognitive heterogeneous neztworks
	-Can process complex data

-By improving the neural network we can improve the performance and/or capacity of the data processing
	Computationally complex and drones have limited computational power.
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