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Abstract: The communication link between the base station and the mobile sensor networks, such 1

as multi-agent systems for collaborative tasks which include ground mobile robots and drones, 2

is crucial for localization and success of tasks in indoor environments. The Power-domain Non- 3

Orthogonal Multiple Access (P-NOMA) is an emerging multiplexing technique that enables the 4

base station to accumulate signals for different agents using the same time-frequency channel. The 5

environment information such as distance from the base station is required at the base station to 6

calculate communication channel gains and allocate suitable signal power to each agent. The accurate 7

estimate of the position for power allocation of P-NOMA in a dynamic environment is challenging 8

due to changing location of the end-agent and shadowing. In this paper, we take advantage of the 9

two-way Visible Light Communication (VLC) link to: (1) estimate the position of the end-agent in a 10

real-time indoor environment based on the signal power received at the base station and (2) allocate 11

resources using the Simplified Gain Ratio Power Allocation (S-GRPA) scheme with the look-up table 12

method. In addition, we use the Euclidean Distance Matrix (EDM) to estimate the location of the 13

end-agent whose signal was lost due to shadowing. 14

Keywords: Visible Light Communication; Machine Learning; SIC; NOMA; Localization; Shadowing 15

1. Introduction 16

Visible Light Communication (VLC) systems have been the focus of research and 17

development for many years. Numerous VLC products have been developed and are 18

commercially available such as Light Fidelity (LiFi) [1]. The basic components of VLC 19

systems include Light Emitting Diodes (LEDs) as transmitters and Photo-Detectors (PDs) 20

as the receivers. At the transmitter end, the information bits are converted into electrical 21

signals to drive LEDs, while at the receiver end, the photons are received by PDs and 22

converted back to information bits. VLC systems use the visible light spectrum instead 23

of the Radio Frequency (RF) spectrum. The wide interference-free range of the visible 24

light spectrum, 380 − 780 nm, is one of the main advantages of VLC systems over RF 25

systems. VLC systems also provide a higher data rate [2,3]. VLC systems may not replace 26

RF systems completely, however, these systems can be used as hybrid technologies to 27

improve communication quality for different applications and environments [4]. 28

VLC systems are used for both data communication and illumination. This leads to a 29

wide range of applications [5]. Indoor environments are prime examples of the application 30

of VLC systems due to the availability of pre-installed infrastructure for the transmitters 31

and the receivers [6]. In [7], the authors proposed an indoor VLC system based on On-Off 32

Keying (OOK) using four devices equipped with 3600 LEDs (60 × 60) which were installed 33

in a room of dimensions 5.0 m × 5.0 m × 3.0 m. The authors concluded that the system can 34

satisfy communication requirements for the indoor environment. In [8], a data rate of about 35
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200 Mbps was achieved using blue LEDs for an indoor environment. The laser-based white 36

light emitting Surface Mount Device (SMD) platform combined with blue LEDs is proposed 37

in [9], the proposed framework achieved a data rat of about 20 Gbps with 10 − 100 times 38

more brightness as compared to the conventional light bulbs. 39

Indoor positioning methods using VLC technologies have been reported in numerous 40

studies. The features such as Received Signal Strength (RSS), Time of Arrival (ToA), and 41

Angle of Arrival (AoA) are the most prominent when designing an indoor positioning 42

system. The first, high-precision VLC-based indoor positioning system was proposed 43

in [10]. The proposed algorithm uses RSS measurement to obtain user/object location with 44

an accuracy of 0.4 m. In [11], AoA is used as a feature to find the user/object location 45

with the accuracy of 0.1 m. The proposed framework used image sensors instead of PDs. 46

The hybrid approach using a combination of RSS and AoA for improved communication 47

and localization is proposed in [12,13]. In the aspect of cost-effectiveness, [14] proposed a 48

two-stage framework. First, presented a dedicated analog sensor that is capable of being 49

directly plugged into the microphone input of a computer or a mobile device such as a 50

smartphone. The signal pattern, as well as the signal strength of a beacon, can both be 51

decoded by it. Second, to decode the signal pattern, the use of rolling shutter cameras is 52

proposed. This offers a viable answer to the problem of localizing hand-held devices that 53

contain cameras. 54

Artificial Intelligence (AI) methods have been widely developed for the application of 55

indoor positioning mainly due to high accuracy and easy deployment [15,16]. The machine 56

learning-based classifiers are compared for localization in an indoor environment in [17]. 57

It has been reported that the k-nearest neighbor (k-NN) algorithm performed the best 58

among all other classifiers. It has been reported in [18], that support vector machine (SVM) 59

outperformed logistic regression using the fingerprinting method for Bluetooth signals in 60

an indoor environment. In [19] Principle Component Analysis (PCA) is used to improve the 61

performance of SVM, K-NN, and random forest classifiers for indoor positioning. In [20], 62

it is reported that the random forest classifier outperforms K-NN for WiFi-based indoor 63

positioning. In [21], an enhance random forest algorithm is proposed for indoor positioning 64

in real-world settings. Inspired by the literature, this paper compares the performance of 65

SVM and random forest regression (RFR) for VLC-based indoor positioning. 66

VLC technologies have been used for a variety of autonomous systems such as vehicles, 67

autonomous ground robots, and fixed robotic industrial grippers. In [22], an in-hospital 68

transportation robot called HOSPI is developed and VLC technology is used to improve 69

navigation and localization in addition to other navigation sensors for better autonomous 70

control of the robot. The study explores the localization and autonomy using experimental 71

and actual results in an actual hospital. In [23], the multi-frequency method with RSS is 72

used to measure the distance of the robot from each LED that is installed above the robot in 73

a plane that is parallel to the plane of the robot base in order to accomplish precise indoor 74

positioning. This is accomplished by installing the LEDs in a plane that is perpendicular 75

to the surface of the robot base. A multi-frequency technique is one in which each LED 76

transmits its location ID at a frequency that is distinct from the others. In [24], VLC 77

technology in addition to the Extended Kalman filter has been used for communication 78

and localization in underwater robots for nuclear reactor inspection. In this research, a 79

system is described that makes use of the modulated light signal both as a medium through 80

which data can be sent and as a reference upon which to base the positioning of a mobile 81

robot. Both of these functions are carried out by the same system. VLC technologies have 82

been proven to be efficient and cost-effective. The underlying modulation and multiplexing 83

techniques have constantly evolved to meet the needs of more complicated and dynamic 84

environments. 85

Many different approaches, such as Orthogonal Frequency Division Multiple Access 86

(OFDMA), Time Division Multiple Access (TDMA), and Code Division Multiple Access 87

(CDMA), have been suggested in the research literature as methods for implementing 88

multiple access in very low bit rate (VLC) systems [25–31]. MIMO-OFDM is utilized for 89
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Figure 1. General indoor environment for collaborative tasks with LED arrays for transmission.

multiuser VLC systems in [32], and this is accomplished by giving each user their own 90

unique carrier. In the same vein, CDMA is used in conjunction with OFDM to support 91

multiple-user communication rather than sending a single carrier to each user. Similarly, 92

Non-Orthogonal Multiple Access (NOMA) methods have been widely proposed in VLC 93

systems to increase the number of users without compromising on performance [33]. In 94

the power domain NOMA, the data of different agents are accumulated together using 95

different power factors for each agent, and Successive Interference Cancellation (SIC) is 96

used to retrieve the data at the receiver end. However, the resource allocation for the power 97

domain NOMA is highly affected by the channel and environment. 98

The resource allocation in NOMA has been a focus of research for many years [34]. 99

In [35], the subject of energy-efficient user planning and power optimization in NOMA 100

wireless links is investigated to understand the trade-off that exists between the data rate 101

effectiveness and the amount of energy that is consumed by NOMA. For the downlink 102

NOMA heterogeneous network, energy-efficient user planning and power distribution 103

techniques are presented for both perfect and imperfect CSI, respectively. In [36], the 104

neural network-based resource allocation method is proposed for mobile users with mutual 105

interference management. This research work also provides priorities and rate demands- 106

based user scheduling methods to coordinate the access of heterogeneous users with limited 107

radio resources. In [37], a low complexity power allocation scheme for NOMA-based 108

indoor VLC systems which is called the Simplified Gain Ratio Power Allocation (S-GRPA) 109

scheme is proposed. The Channel State Information (CSI) used for power allocation in 110

NOMA is obtained through the look-up table method rather than calculation. In this 111

research work, the location of the agent is received at the base station by a separate low- 112

energy communication link. This approach suffers the loss of the signal-carrying position 113

information. Inspired by this approach, we proposed to use machine learning algorithms to 114

find the location of the agent for CSI for better dynamic resource allocation in NOMA for a 115

collaborative indoor environment instead of the separate communication link. Additionally, 116

to avoid loss of agent location due to shadowing or obstacles, we used Euclidian Distance 117

Matrix (EDM) to obtain the location of agents using mutual distances of agents in the 118

network. 119

The rest of the article is structured as follows. Section 2.2 provides a mathematical 120

discussion on the S-GRPA for NOMA, followed by Section 2.1 which discusses the VLC 121

channel. Section 2.3 & 2.4 discusses Random Forest Regression (RFR) and Support Vector 122

Machine (SVM) algorithms. The section 2.5 discusses the Euclidian Distance Matrix (EDM) 123

to obtain an agent’s location in the event of signal loss due to shadowing and obstacles. 124
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Section 3 presents results for indoor positioning and bit-error-rate (BER) for NOMA-based 125

VLC system. The article is finally wrapped up with concluding remarks. 126

2. System Design 127

In this research work, a complete framework for resource allocation for power domain 128

NOMA using S-GRPA, in the indoor environment for collaborative tasks, is proposed using 129

visible light communication systems as shown in Fig. 1. For indoor positioning, we have 130

compared the RFR and the SVM algorithms with Euclidian Distance Matrix (EDM). The 131

complete system block diagram is shown in Fig. 2. The next section discusses the S-GRPA 132

for NOMA with VLC channel model. 133

Figure 2. Block diagram for complete NOMA-based VLC system using S-GRPA and indoor position-
ing.

2.1. Visible Light Communication (VCL) Channel 134

LEDs, the transmitting devices in VLC, serve dual tasks by providing both light and 135

data transmission. As can be seen in Fig. 3, the responsiveness of the VLC channel in an 136

indoor setting is heavily dependent on the illumination intensity and the transmission 137

power. The illumination intensity at a point in the Cartesian plane is given as follows [38]: 138

I(x, y) =
I(0)cosml (θ)

d2cos(ψ)
, (1)

where I(0) is the intensity of the central light source, ml , is the order of Lambertian emission, 139

d is the separation distance between the LEDs and the PDs, and θ and ψ are the irradiance 140

and incidence angles, respectively. Lambertian emission, ml , is described in the following 141

order: 142

ml =
ln(2)

ln(cos(ϑ 1
2
))

, (2)
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Figure 3. 3D view of power distribution of VLC channel in an indoor environment with four
transmitting locations.

where ϑ 1
2

is the angle at half illuminance of an LED. The signal power received at a 143

particular PD is given as follows: 144

Pr = Pt.
(

ml + 1
2πd2

)
cosml (θ).Ts(ψ).cos(ψ), 0 ≤ ψ ≤ ψcon (3)

where Ts(ψ) is the filter transmission, g(ψ) is concentrator gain and ψcon is the field of view 145

of PD. Pt is transmitted signal power, it fades through Line of Sight (LoS) channel gain. The 146

DC gain of the LoS path is given as follows: 147

hd(0) =

{(
ml+1
2πd2

)
cosml (θ) ψ ≤ ψcon

0 ψ > ψcon
(4)

The distance, d, between the transmitter and receiver is the key factor in the allocation 148

of signal power in NOMA-based communication systems. The next section discusses the 149

mathematical basis for NOMA and resource allocation in this method. 150

2.2. Simplified Gain Ratio Power Allocation (S-GRPA) for NOMA 151

Several agents’ data are combined using the power-domain NOMA, and data is then 152

separated using SIC. NOMA is free of spectrum spreading or degraded SNR performance, 153

in contrast to other multiple access methods such as OFDMA and CDMA [39]. Several 154

agents using the same resource simultaneously in NOMA boosts system throughput, but 155

each agent has a distinct power factor. In this study, we employ symbol-level NOMA. Fig. 5 156

illustrates the NOMA framework for three agents. 157
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Figure 4. 2D view of power distribution of VLC channel in an indoor environment with four
transmitting locations.

Because of the relative difference in distance from the base station, the agent near the 158

cell edge gets a lot more power than the agent at the center of the cell. The received signal 159

can be expressed as follows [39]: 160[
y1
y2

]
=

[
H1
H2

][
p1x1 p2x2

]
+

[
η1
η2

]
(5)

where y1 and y2 are, the suppressed information from all agents, received at each agent. 161

The information from agent-1 is separated and demodulated as follows at the receiver end: 162

ŝ1 =
y1

p1
(6)

After agent-1’s data has been retrieved, agent 2’s data is recovered by SIC reducing agent-1’s
interference in the manner described below:

ẑ = y2 − p1 ŝ1 (7)

ŝ2 =
ẑ
p2

(8)

This method can be expanded to a higher number of agents. As the power factor, p, for each 163

agent depends on its location. The power distribution of the VLC system is shown in Fig.4, 164

it can be seen that overall power distribution can be divided into zones, n = 1, 2, · · · , N, 165

with radius, rN . Here rn refers to the radius of each zone. Furthermore, zone N has the least 166

illumination intensity, and zone 1 has the highest illumination intensity. The nth region can 167

be defined as follows [37]: 168
[0, rn] n = 1

[rn−1, rn] 1 < n < N
[rn−1, re] n = N

(9)
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Figure 5. Illustration of NOMA method for VLC systems

for 169

rn =

√
nr2

e
N

, n = 1, 2, · · · , N. (10)

where re is the maximum radius of the last zone. The relationship between the kth
170

agent and the k − 1th agent in terms of power allocation is described as follows [37]: 171

pk =

(
H1

HN

)k
× pk−1, (11)

Here, the information on channel gain, H, is received by the indoor positioning algorithm 172

and stored in the look-up table. 173

2.3. Random Forest Regression Algorithm 174

The idea of aggregating random decision trees was initially presented in the research 175

papers[40–42]. This idea is at the heart of the RFR technique. The following is the formula- 176

tion of the problem statement for the RFR algorithm: 177

Problem 1. Calculate the value of the non-parametric regression function denoted by f (x) = 178

E[y|x] → y = f (x), where p is the dimension of the input vector and x ∈ Rp is the input vector 179

used to estimate the output, y ∈ R. 180

Using the training data set, the RFR method predicts the function fe(x), which 181

is similar to the actual regression function f (x), and then compares the two. Tn = 182

{[|y1|x1], [|y2|x2], · · · , [|yn|xn]} is a mathematical expression. The error function can be 183

written as: E[ fe(x)− f (x)]2 → 0, as n → ∞. The random forest methodology employs N 184
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different types of regression trees. The input vector, x, is evaluated on each tree in such a 185

way that the projected value for the ith tree is given as follows [41]: 186

fe(x, θi, Tn) = ∑
j∈Tn(θi)

xj ∈ Am(x, θi, Tn)y
Mm(x, θi, Tn)

(12)

here, θ1, θ2, · · · , θN are the independent random variables associated with each regression 187

tree. Tn(θi) are the data points selected prior to the construction of trees. Am(x, θi, Tn) is 188

the zone containing x and Mm(x, θi, Tn) is the number of data points fall into Am(x, θi, Tn). 189

2.4. Support Vector Machine Algorithm 190

As with the RFR algorithm, the purpose of the Support Vector Machine (SVM) regres- 191

sion algorithm is to map the input x to the desired output y. Instead of minimizing the 192

discrepancy between the estimated and true regression functions, fe and f , respectively, 193

SVM penalizes the final result so that it can be used in linear regression. y = w.x + b. 194

Let y be the true output, and inside an area defined as y ± ϵ, SVM will make its predic- 195

tions. The discrepancy between actual output, y, and expected output, z, is denoted by 196

the |zi − yi| < ϵ. Two slack variables are added as a penalty if the projected output is 197

outside the region y ± ϵ. ζ+ indicates that the projected output lies above the region of 198

y + ϵ, whereas ζ− indicates that the predicted output lies below the region of y − ϵ. The 199

following is the error function for the SVM regression algorithm: [43–47]: 200

min C
L

∑
i=1

(ζ+i + ζ−i ) +
1
2
∥w∥2, (13)

subject to: 201

ζ+ ≥ 0,

ζ− ≥ 0,

yi ≤ zi + ϵ + ζ+

yi ≥ zi + ϵ + ζ−

(14)

C is the tunable variable that controls the penalty on slack variables and ϵ. To solve (13), 202

following Lagrange multipliers are introduced [43,47]: 203

α+i ≥ 0, α−i ≥ 0,

µ+
i ≥ 0, µ−

i ≥ 0.
(15)

This transforms (13) in following: 204

Lp =C
L

∑
i=1

(ζ+i + ζ−i ) +
1
2
∥w∥2 −

L

∑
i=1

(µ+
i ζ+i + µ−

i ζ−i )

−
L

∑
i=1

α+i (ϵ + ζ+i + zi − yi)−
L

∑
i=1

α−i (ϵ + ζ−i − zi + yi)

(16)
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Now differentiating (16) to 0, with respect to each variable as below [43,47]: 205

∂Lp

∂w
= 0 ⇒ w =

L

∑
i=1

(α+i − α−i )xi

∂Lp

∂b
= 0 ⇒

L

∑
i=1

(α+i − α−i ) = 0

∂Lp

∂ζ+i
= 0 ⇒ C = α+i + µ+

i

∂Lp

∂ζ−i
= 0 ⇒ C = α−i + µ−

i

(17)

The Dual form of the Primary Lp can be defined as follows: 206

min
α+ ,α−

[
∑L

i=1(α
+
i − α−i )yi − ϵ ∑L

i=1(α
+
i − α−i )

− 1
2 ∑i,j(α

+
i − α−i )(α

+
i − α−i )xi · xj

]
(18)

subject to: 207

0 ≤ α+i ≤ C,

0 ≤ α−i ≤ C,
L

∑
i=1

(α+i − α−i ) = 0.

(19)

The predicted output can be written as [47]: 208

z =
L

∑
i=1

(α+i − α−i )xi.x + b. (20)

This concludes the regression algorithms to obtain the location of the agent based on 209

power received at the receiver. However, in real-world settings, the direct receiver might 210

not be able to receive the agent’s signal due to obstacles or the signal is highly disrupted 211

due to noise. Therefore, for localization in collaborative indoor environments, the distance 212

geometry problem plays an important role by obtaining the location of the particular agent 213

using the mutual distances of all agents in the network. The next section discusses the 214

distance geometry problem using Euclidian Distance Matrix (EDM). 215

2.5. The Distance Geometry Problem 216

The VLC systems for indoor environments with dynamic agents often face the loss of 217

signal due to shadowing because of obstacles. To assist the localization in the event of signal 218

loss in a multiagent collaborative environment, the Distance Geometry Problem (DGP) 219

is used in conjunction with the machine learning algorithms discussed in the previous 220

subsection. The objective of the DGP is to find the location of agents using their mutual 221

distances. It is important to mention that agents do not only communicate with the base 222

station during collaborative tasks but also communicate with each other, this provides 223

extra information about the environment that agents transmit to the base station. 224

The mutual distances of agents are provided in the form of EDM. The solution to 225

DGP for N agents in dimension, d, is a matrix, S ∈ Rd×N = [s1, s2, . . . , sN ], here si are 226

the coordinates for ith agent. The mutual distance between agents can be referred as 227

D ∈ RN×N = [dij], here dij is the distance from jth agent to ith agent. To generate an initial 228

estimate of the matrix Ŝ, multi-dimensional scaling is used. The estimated point cloud, Ŝ 229

can be mapped to the actual matrix, S, using rigid transformation in absolute coordinates. 230

For this transformation, the Procrustes Analysis is performed which is spectral factorization. 231
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Table 1. Simulation Parameters

Parameters Value
Dimension 6.3 x 2.5 x 2 m3

Tx-Rx (LED arrays-PDs on agents) Configuration 4X4
No. of LED Arrays 4
No. of LEDs in single Array 60
Total Power 20 watts
Semi-angle at half power 70 degrees
PD field of view 60 degrees
Refractive Index 1.5
No. of Agents 5

For this process, it is assumed that the location of some agents, Na < N is known, these 232

agents are referred to as anchors. To find the location of missing agents in the network, 233

DGP can be stated as static. 234

The static DGP consists of three stages to obtain the matrix, S from the matrix, D. 235

The first stage is to obtain a Grammian matrix, G ∈ RN×N = STS, it has one-one relation 236

with matrix, D. The Grammian matrix, G, can be obtained by following the optimization 237

problem [48,49]: 238

minimize
G

||D̃ − W ◦ K(G)||2

subject to

G ⪰ 0; G1 = 0; Rank(G) ≤ d,

where K(.) is a function, which maps the Grammian matrix, G, to the matrix, D. W is 239

referred to as a binary mask matrix, the entries with zero values in this matrix show the 240

missing measurement of the received power and ◦ is the Hadamard product. The next 241

stage is to obtain the matrix, S, using the Grammian matrix, G. The estimate, Ŝ can be 242

obtained by the Singular Value Decomposition (SVD) method given that matrices, G, and S 243

hold the mathematical relation, G = STS. 244

As mentioned earlier that matrix, Ŝ can be mapped to the actual matrix, S, using rigid
transformation along with the information of Na anchors. By denoting the columns of
the matrix, S, related to anchors as Sa and assuming Ya refers to the same columns in Ŝ.
Furthermore, to make the Sa and Ya centered at the origin, assume that Sa and Ya are the
translated version of S and Y. The transformation R can be defined as follows:

R = arg min
Q:QQT−I

||QS̄a − Ȳa||2F

The actual matrix, S can be calculated as follows: 245

S = R(Ŝ − sa,c1T) + ya,c1T , (21)

where sa,c and ya,c refer to the centroids of Sa and Ya respectively. 246

This concludes the mathematical basis for the proposed framework for resource 247

allocation using precise positioning of the agent in a collaborative indoor environment 248

using VLC systems. The next section discusses the performance of indoor positioning using 249

SVM and RFR algorithms, and bit-error-rate (BER) for NOMA-based VLC system. 250

3. Results 251

In the context of this research, a rectangular indoor environment that is analogous 252

to Fig.1 is being studied. The rectangular environment has a width of 6.3 m, a depth of 253
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2.5 m, and a height of 3 m. These dimensions represent the area of the environment. Each 254

Cartesian point has a zone that corresponds to it that is represented by a square cell that is 255

0.3 m2 in size. The detailed simulation parameters are shown in Table 1. The purpose of

Figure 6. VLC indoor positioning using Random forest regression algorithm. actual data points
(blue), predicted data points (red)

256

this exercise is to make an estimation of the Cartesian location within the square cell region 257

and use this information to calculate channel gain for resource allocation for NOMA. 258

To obtain the location of agents, the SVM and RFR algorithms are trained using RSS 259

and AoA features at the receiver end. Due to 4 × 4 Tx-Rx (LED arrays-PDs on agents) 260

configuration for each agent, each feature has a dimension of R4×4. The dataset is collected 261

in MATLAB using the VLC channel. Each agent has a region of confidence of 0.25 m for 262

its location. Fig. 6 shows the estimated and actual Cartesian coordinates of agents. For 263

this simulation, the agent is considered to be dynamic, therefore, different locations are 264

estimated in these simulations for more robustness in the algorithm. The red dots are actual 265

coordinates and the blue dots are estimated values. For RFR, 100 decision trees are used in 266

this simulation. The RFR shows an accuracy of 93.6% with an estimation error of 0.19± 0.22. 267

Figure 7. VLC indoor positioning using SVM regression algorithm. actual data points (blue),
predicted data points (red)

268
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Figure 8. VLC indoor positioning using EDM with RFR, when agents signal is not received at the
base due to obstacle. Actual data points (blue), predicted data points using EDM (red), and predicted
data points using RFR (black) called anchors.

Fig. 7 shows the results of the estimated location using the SVM algorithm. For SVM 269

algorithm radial basis function is used to solve the error function. The SVM shows an 270

accuracy of 84% with an estimation error of 0.3 ± 0.2. According to the findings of the 271

statistical analysis, the mean error for the SVM regression method is higher than the mean 272

error for the random forest regression technique. Therefore, RFR is used as a positioning 273

algorithm in conjunction with S-GRPA for power allocation in a NOMA-based multi-agent 274

VLC system. 275

Fig. 8 shows a scenario of five agents where the signal of two agents is not received 276

at the base station due to obstacle/shadowing. In this scenario, the location of the other 277

three agents is predicted by the RFR algorithm and used as anchors for EDM as shown 278

by black data points. The red square boxes in Fig. 8 show the estimated position of two 279

remaining agents using EDM. it can be seen that EDM with RFR predicted the locations 280

precisely. Here the predicted position of anchors (black boxes) is considered to be accurate 281

during the process of EDM.

Figure 9. BER results of five agents for NOMA-based LoS VLC system.
282
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By combining the RFR algorithm with S-GRPA for power factor allocation in the VLC 283

system, Fig. 9 shows the BER curves for five agents at different locations. The results consist 284

of a Signal-to-Noise Ratio (SNR) between 0 to 150. The blue curve shows agent-1 at a 285

distance of 6 m inches which is the farthest agent in the NOMA setup. The orange curve 286

shows the BER rate for agent-2 at a distance of 4.5 m in an indoor environment. The yellow 287

curve shows the BER for agent-3 at a distance of 3.8 m. The purple and green curves show 288

the BER curves for agent-4 and agent-5 at distances of 2 and 0.7 m respectively. As expected 289

the BER for the closest agent shows sharp and quick decay however, the farthest agent 290

shows slow and high BER values. The power factor for each agent is allocated based on the 291

location found by the RFR algorithm. It can be seen that S-GRPA with RFR is able to allocate 292

appropriate power factors to each agent based on the location in an indoor environment. 293

4. Conclusion 294

Indoor localization and task accomplishment depend on the communication link 295

between the base station and mobile sensor networks, such as multi-agent systems for 296

collaborative tasks that involve ground mobile robots and drones. In this research work, a 297

power allocation method using the precise location of the agent is proposed for the power- 298

domain non-orthogonal multiple access (P-NOMA). P-NOMA enables the base station to 299

suppress signals for different agents using the same time-frequency channel, it requires the 300

information of the channel for better power allocation to each agent. The channel is highly 301

affected by the distance between the end-agent and the base station. In this research work 302

machine learning algorithm is proposed to find the location of the agent using Received 303

Signal Strength (RSS) and Angle of Arrival (AoA). The location provided by the machine 304

learning algorithm is used to determine the channel gain and the appropriate power factor 305

is allocated to each agent based on simplified gain ratio power allocation (S-GRPA). It is 306

shown by simulations that Random Forest Regression (RFR) performed better to obtain 307

location as compared to Support Vector Machine (SVM). In addition, the Euclidian Distance 308

matrix is used to find the location of the agent, if the signal is not received from a particular 309

agent, based on the mutual distances of agents in the network. The complete framework is 310

tested for five agents using the VLC channel. The S-GRPA with RFR algorithm was able 311

to assign the appropriate power factors to each user based on its location. This works 312

provides bases for dynamic power allocation for multiuser VLC systems, The future work 313

aims to test this method in real-world experiments. 314
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