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Abstract: Visible Light Communication (VLC) is emerging as a promising technology to meet the
demands of fifth-generation (5G) networks and the Internet of Things (IoT). This study introduces
a novel RGB-LED-based VLC system design that leverages autoencoders, addressing the often
overlooked impact of optical-to-electrical (O/E) conversion efficiency. Unlike traditional methods,
our autoencoder-based system not only improves communication performance but also mitigates the
negative effects of O/E conversion. Through comprehensive simulations, we show that the proposed
autoencoder structure enhances system robustness, achieving superior performance compared to
traditional VLC systems. By quantitatively assessing the impact of O/E conversion—a critical
aspect previously overlooked in the literature—our work bridges a crucial gap in VLC research.
This contribution not only advances the understanding of VLC systems but also provides a strong
foundation for future enhancements in 5G and IoT connectivity.

Keywords: visible light communication (VLC); autoencoder (AE); photodetector (PD); color-shift
keying (CSK); optical wireless communication (OWC)

1. Introduction

The fifth-generation (5G) networks aim to revolutionize the Internet of Things (IoT)
with enhanced speed, connectivity, and capacity. A potential technology for this transfor-
mation is Optical Wireless Communication (OWC) [1], specifically Visible Light Communi-
cation (VLC), which utilizes ubiquitous light-emitting diodes (LEDs) for dual purposes:
illumination and high-speed data transmission [2]. Operating in the 400-800 THz spectrum,
VLC faces challenges in signal communication at these frequencies, particularly affecting
device performance at the transmitting and receiving ends.

In addressing VLC’s challenges within 5G networks, our research adopts an end-
to-end learning approach using neural networks to optimize transmitter and receiver
structures [3,4]. This innovative method aligns with the IEEE 802.15.7 standard, which
describes various modulation schemes, including CSK [5]. CSK, pivotal in our study,
modulates data through color changes in RGB LEDs, balancing data transmission with
illumination needs [6,7]. Performance in CSK-based VLC systems relies on maximiz-
ing the Euclidean distance between constellation symbols and maintaining desired color
tones [8-10]. The VLC standard includes two receiver detectors: photodetectors and image
sensors [11]. However, despite the breadth of studies on VLC [12-14], existing research
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overlooks hardware imperfections and component non-linearities, which are critical to
system performance. Addressing these elements is vital for practical system design.

Traditionally, communication system designs have been based on mathematical mod-
els and standard optimization techniques, which focus on individual components within
the system [15]. This methodology has made communication systems a complex and
well-established engineering field with numerous distinct areas of investigation [16-18].
However, optimizing these components as a whole often proves complex and computation-
ally demanding. Recently, machine learning, particularly deep learning, has emerged as a
solution, treating the system as an autoencoder (AE) model [19-21]. This novel approach
involves training the AE to optimize the structure of the transceiver for specific perfor-
mance goals. Notable studies in this domain include Lee et al.’s multi-color VLC AE with
dimming control [22], Pepe et al.’s heuristic machine learning algorithms for CSK signal
classification [23], and Zhang et al.’s AE for multi-color VLC, addressing chromaticity and
signal constraints [24]. The integration of deep learning into VLC systems is further ex-
plored in the works of Zou et al. [25], Ulkar et al. [26], and Shrivastava et al. [27], expanding
the application of these advanced technologies in communication systems.

Integration of VLC with IoT offers a wide range of applications and opportunities.
Although studies like those by Mitra et al. [28], Laakso et al. [29], and Lizarraga et al. [30]
have examined LEDs” non-linear characteristics, research into the efficiency of electro-
optic conversions in VLC systems remains limited. Moreover, while the responsivity of
photodetectors can appear linear within certain operational ranges, it is subject to non-linear
behaviors outside these limits because of saturation at high light intensities and noise at
low intensities. Additionally, temperature changes and wavelength variations can further
complicate this relationship. These nuances underscore the need for careful consideration
in system design to maintain signal integrity and system reliability in VLC technologies.

When considering signal conversions in VLC systems, it is important to acknowledge
that the process is not simply linear. Non-linearities, spectral dependencies, and the po-
tential for signal distortion introduce complexities that demand sophisticated approaches
to optimize the system. These factors can result in degraded signal integrity, higher error
rates, and reduced system reliability, presenting significant challenges in the practical
implementation of VLC technologies. To tackle these challenges, we are investigating the
optical-to-electrical (O/E) conversion effects in CSK-based VLC systems by introducing a
novel autoencoder architecture. This architecture, which highlights photoelectric conver-
sion imperfections, is trained using stochastic gradient descent to optimize transmitter and
receiver functions in RGB-LED-based VLC systems. Our approach, evaluated through sym-
bol error rate (SER) analysis, demonstrates the potential to simplify connectivity between
IoT devices and wireless networks.

The primary motivation for employing AEs in our work is their ability to learn com-
plex, non-linear relationships directly from data without requiring explicit mathematical
modeling of the system’s non-linearities. This capability is particularly advantageous in the
context of O/E conversion in VLC systems. By training on a diverse dataset, AEs can map
the input to the output accurately, even in the presence of complex, non-linear distortions,
allowing for a more robust and adaptive system design. AEs provide an end-to-end learn-
ing framework, optimizing the entire transceiver system simultaneously, which is often
more efficient and effective than optimizing individual components in isolation.

The main contributions of this paper are: (1) providing new insights into the often
overlooked aspect of O/E conversion in CSK-based VLC systems, addressing a gap in cur-
rent VLC research; (2) introducing a novel, data-driven autoencoder architecture designed
to optimize RGB-LED-based VLC systems, focusing on the nuances of O/E conversion;
(3) developing a CSK-focused VLC system equipped with a single-photodiode receiver to
reduce system complexity and energy consumption, thus enhancing IoT integration capa-
bilities; and (4) conducting a thorough SER analysis to quantitatively evaluate the impact
of O/E conversion on the system’s receiver performance, demonstrating the effectiveness
of our proposed solution in mitigating conversion-related performance degradation.
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2. Signal Conversions and System Design in VLC
2.1. Signal Conversions

In VLC systems, the process of transitioning signals between electrical and optical
domains presents a range of challenges that extends beyond just energy consumption.
It includes considerations such as performance, system complexity, and signal accuracy.
Converting electrical signals to optical signals is crucial for enabling data transmission,
impacting both energy efficiency and the system’s operational bandwidth and latency.
On the receiving end, transforming optical signals back to electrical signals using pho-
todetectors or image sensors is equally important. This step is essential for accurately
converting transmitted photon streams into electrical signals, directly affecting the overall
system performance.

The efficiency of the O/E conversion process, as quantified by the photodetector’s
responsivity, emerges as a crucial factor in determining the effectiveness of the VLC system.
Responsivity, defined as the photocurrent produced per milliwatt of optical power, is
mathematically expressed as
e A

~ Q.E.——
Q 1.24

where I, is the output photocurrent (in amperes) and P(A) represents the radiant energy
(in watts). The relationship between responsivity and wavelength, particularly for standard
silicon photodiodes, is vital [31].

Recognizing and addressing these multifaceted challenges, our research aims to ad-
vance the design and implementation of an end-to-end learning VLC system. For simplicity
and without losing generality in demonstrating the functionality of our autoencoder strat-
egy, we focus exclusively on the O/E conversion processes at the receiver. This focus is
aimed at enhancing not only energy efficiency but also system performance and reliability.
However, this approach can be extended to include the conversion of electrical to optical
signals at the transmitter as well. In doing so, our goal is to bridge the gap between the
theoretical potential and the practical usability of VLC technologies, ensuring that our
solution is conceptually sound and viable for real-world applications.

2.2. CSK-Based System Design

The traditional VLC system, employing CSK modulation, is illustrated in Figure 1. We
focus on a direct point-to-point optical communication link, using an RGB LED to transmit
a signal vector, denoted as s, from a predefined set S = {s1,s2,---,sm}. This vector,
derived from the M different data symbols d in the set M = {1,2,--- , M}, is received and
processed through optical filtering to separate the RGB channels, followed by conversion
into electrical currents for each channel. The signal model for the received vector r € R3*!
is given by

r=CHs +n, 2)

where H € R3*3 represents the VLC channel matrix, s € R3*! transmitted signals, n € R3*!
the noise vector, and C € R3*3 the responsivity matrix.

Our study uses CSK modulation for its complexity and sophistication as a key tech-
nique in the VLC standard IEEE 802.15.7 [5]. CSK operates by transmitting log, (M) bits
per symbol, where M indicates the size of the constellation. This transmission is achieved
by varying the color intensities of an RGB LED. A crucial aspect of CSK is the design of
the constellation’s symbols, which requires a meticulous balance between brightness and
chromaticity to ensure efficient communication. The transmitted RGB optical power vector,
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denoted s = [Pr, P, Pb] T, corresponds to a specific chromaticity coordinate (x,y). This
vector is calculated using the following equation, as referenced in [32]:

-1

Xy g Xp x
P, Yr Yg Yo y
Pg = 1 1 1 1 . 3)
P, Lox—yr 12Xy 1ox—ws 1—x—y

Yr Yg Y y

In this equation, (x,yr), (xg,Ys), and (xp,y) denote the chromaticity coordinates of red,
green, and blue light sources. The transmitted signal must meet two key lighting criteria:
adhering to a target color, typically white, verified via a chromaticity diagram to ensure that
CSK constellation symbols match this color benchmark, and maintaining within the RGB
LED’s dynamic range. The total optical power, the sum of the powers of the red (P;), green
(Pg), and blue (P,) LEDs, must not exceed the limit of the dynamic range, mathematically
Py + Pg + P, < Pr, where Pr is the maximum allowable average power.

RGB LED Optical Ny
________ Filters \
SNTS (LN
i n,
: | ~
d S, r. . d
——»Encoding 2 . 2, Decoding | »
i . Ny
H . \
S

Figure 1. Traditional color space-based VLC system model.

In the exploration of VLC systems, particular attention is given to the receiver-side
O/E conversion process. This conversion is critical in the transformation of optical signals
into electrical signals, a process that is fundamentally influenced by the characteristics
of the photodetector used. The analysis begins with a conventional photodetector array
configuration, represented in Figure 1, which is standard in VLC systems. This configura-
tion, while effective, presents an inherent challenge in managing the non-linear response
characteristics induced by various factors such as quantum efficiency (Q.E.), wavelength
(A), and ambient temperature. To provide a comprehensive understanding of these dynam-
ics, Figure 2 delves into the operational principles of a photodetector. It illustrates how
incident light is converted into an electrical signal, with the photodetector’s responsivity
(R) playing a central role. The figure further demonstrates the non-linear response of the
photodetector to temperature variations and wavelength changes, which can significantly
impact the system'’s performance.

An alternative detection method employing a single photodetector array is also in-
troduced in Figure 3. This approach aims to simplify the system’s design, reducing both
complexity and cost and facilitating better integration with IoT technologies. However,
simplifying the design also accentuates the challenge of accurately managing the non-linear
O/E conversion process. Therefore, it prioritizes implementation efficiency, offering sub-
stantial advantages in deployment and integration with IoT technologies, with careful
consideration required for the conversion intricacies that could affect system performance.
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Figure 2. Photodetector response characteristics in VLC Systems: (a) schematically represents
the photodetector converting light power into an electrical current with the responsivity equation
highlighted to account for material properties; (b) displays the temperature dependence of quantum
efficiency (Q.E.), illustrating the percent change in responsivity per degree Celsius and the wavelength
dependence of responsivity under different bias voltages.
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Figure 3. Single photodetector-based VLC color space-based VLC system model.

In terms of enhancing the performance of the symbol error probability, the maximum-
likelihood (ML) method is used with the photodetector array. The ML method aims to
minimize the Euclidean distance between the received signal vector r (as defined in (2)) and
all possible transmitted signals. The optimal function of the ML detector can be formulated
as follows:

d = argmin||r — CHs||3, 4)
seS

where d represents the estimated value of d, which is mapped to one of the signal vectors
in the set S, and ||-||» denotes the 2-norm.

An alternative to the photodetector array to detect RGB light signals is the use of a
single photodiode (SPD) [33]. This approach, illustrated in Figure 3, simplifies the receiver
design by using just one photodetector and omitting any optical filters. The fundamental
principle of the SPD is based on the wavelength-dependent responsivity of the photodiode.
This feature allows for the mapping of received optical signals to distinct scalar values, each
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corresponding to the wavelengths of the individual RGB LEDs. With the SPD configuration,
the received signal model, initially formulated in (2), is adapted to the following:

rs = (p,Hs) +n, (5)

where p = [R(A;), R(Ag), R(Ap)]T represents the photodetector’s responsivity at the peak
wavelengths for the red, green, and blue components. The symbol (-) signifies the dot
product operation, and the photodetector output is a combination of the influence of the
channel matrix and a scalar representation of noise. Similarly to the approach in (4), the SPD
receiver determines the transmitted symbol by employing an optimal detection strategy.
This is expressed as follows.

~

d= i — {p,Hs)|, 6
argmin |r, — (p, Hs) ©®)

where | - | indicates the absolute value. This method allows the SPD receiver to effectively
identify the transmitted symbol, optimizing detection in the VLC system.

3. CSK-Based VLC System Design Using Neural Networks

In this section, we delve into the design of our CSK-based VLC system, which uti-
lizes an innovative autoencoder-based approach. Initially, we detail the architecture of
our autoencoder model, focusing on its core components, including the crucial hidden
layers that play a vital role in the system’s learning and adaptation capabilities. We elab-
orate on the meticulous design of the training framework, which is tailored to optimize
the weights and biases within these layers, effectively minimizing the cost function for
enhanced performance.

3.1. Autoencoder Design

In our study, we conceptualize the VLC system within an autoencoder framework
consisting of three primary components: the encoder, the code, and the decoder. The trans-
mitter and receiver are represented as two separate parametric neural networks, envisioned,
respectively, as the encoder and decoder. These networks are jointly optimized to meet
specific performance criteria, with the Additive White Gaussian Noise (AWGN) channel
representing the code.

3.1.1. Hyperparameters

Our autoencoder’s efficiency is significantly influenced by the selection of optimal
hyperparameters. The key parameters that we fine-tuned during the optimization process
are detailed in Table 1.

Table 1. Optimized hyperparameters for autoencoder efficiency.

Set at N = 3, corresponding to the number of transmitting

Encoding Dimension LEDs in our CSK-based VLC system.

Two layers were determined to best balance performance and

Hidden Layers complexity.

Each layer has 4 nodes, except the final transmitter layer with

Nodes in Hidden Layers 3 nodes, as established through iterative testing.

The encoder employs the Exponential Linear Unit (ELU),
Activation Function and the decoder uses the Softmax function, suited for our
multi-class scenario.

The Adam optimizer was chosen for its adaptive learning rate

Optimizer capabilities.
Training iterations were consistently set to 10 for all combina-
Epochs .
tion of parameters.
. A mini-batch size of 100 ensured fast and efficient model
Batch Size

convergence.
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3.1.2. Cost Function

Our goal is to jointly optimize the transmitter and receiver network parameters. This
is achieved using the following cost function:

C=1L1+ AL,. )

L1 is defined using the categorical cross-entropy metric to measure the discrepancy
between the input symbols and their predicted probabilities:

M
Ly =~ ) dulog(pm), ®)

m=1

where d,, is the true value for the m-th symbol, and p,, is the predicted probability for
the m-th symbol. The categorical cross-entropy metric (L;) plays a pivotal role in the cost
function, not only measuring the accuracy discrepancy between input values and their
predicted counterparts but also implicitly favoring the maximization of the minimum
Euclidean distance between constellation symbols. Well-separated symbols naturally lead
to a lower cross-entropy value, which correlates with a more accurate and reliable system
performance. The integration of this metric thus subtly but effectively ensures that symbols
are sufficiently spaced in the constellation without necessitating an additional explicit term
in the loss function for the Euclidean distance.

The second term, Ly, incorporates the chromaticity constraint for illumination, inte-
grating the RGB constraint in the CIE chromaticity diagram:

2
(1 + e |Te—CCT[/1000y — 1

L, = ©)
where CCT represents the desired color temperature and T, is the color temperature
resulting from the RGB lights produced by the transmitter. The computation of T is based
on McCamy’s approximation [34]:

T. = 4371° + 36011n% + 6831n + 5517, (10)

where n = (x — 0.3320)/(0.1858 — y), given the measured chromaticity coordinates (x,y).
Lastly, the parameter A controls the relative contribution of the penalty term provided
in (9).

The balance within the cost function, as reflected in Equation (7), between the accuracy-
focused L; and the chromaticity constraint Ly, has been carefully calibrated to support
robust performance while maintaining compliance with illumination requirements.

3.2. Autoencoder Simulation Framework

In this section, we outline the simulation framework used to model the VLC system
using neural networks. The proposed simulation structure can be seen in Figure 4.

/ Transmitter \ f Channel \ / Receiver \
'S

' ') ) -----‘. N\ ’T
2
3
® 2
£ @ 5 = B
5 ] 5 2 & 5 a =
] > = c > % 2
d e & © s & ® r 5 3 % 2 d
» 5 N » = 2 wl Z - 3 g
> 2 & T > O o > 5 s || &£ 3 >
1] 3 £ 0 z 8] o c 2
< = 5 Q w S (o &
= @
2 ~ z= © (e} = =
o S
£
S
—J

/
[
[
[

/ k_/ N J —
rm--
[:] Deterministic layer [:] Hidden layers D Output layer -.__: Stochastic layer

Figure 4. Proposed end-to-end VLC structure.




Photonics 2024, 11, 616

8 of 16

3.2.1. Transmitter

The transmitter begins by mapping each training input symbol d(i) from the set D
and ranging fromi =1,2,-- -, I to a one-hot vector e(7) in the set £. The set £ comprises
distinct one-hot vectors, defined as:

E= {e(i) e {0,1}M: ﬁ en(i) = 1}. (11)

m=1

This vector is then passed through L fully-connected hidden layers, each with M
neurons, except the last layer, which has N neurons. The output from the I-th layer, where
I ranges from 1 to L, is given by:

h}(i) = @} (Wixi(i) +b}), (12)

where Wi € RM*M xI(7) € RM*1 and b} € RM*! represent the weights matrix, input
vector, and bias vector, respectively, with be () as the activation function. Notice that for
1 =1,x{(i) = e(i), and for | = L, W, € RN*N xf (i) € RN*1 and b! € RN*L. The final
output from the transmitter, symbolizing the CSK constellation symbol for the i-th training
symbol, is normalized to uphold power constraints:

s(i) =hi(i)ov, (13)

where o denotes the Hadamard product, and v = [vy, v, 1/3]T is the normalization vector

ensuring max(s(i)) = [1,1,1]T.

3.2.2. Channel

Our novel autoencoder architecture is initially analyzed using an AWGN channel for
simplicity and to gain basic insights before addressing more complex scenarios. This is
apt for VLC, where non-line of sight reflections are minimal, aligning with the AWGN
model’s characteristics.

In the stochastic channel layer of the model, the transmitted optical signal vector s(i) is
first multiplied by the identity matrix H = I € Z3*3. We then introduce a noise vector n(i),
adhering to the normal distribution (0, 02I), to this product. Consequently, the output
from the channel layer for the i-th training symbol is formulated as:

r(i) = Cs(i) + n(i), (14)

with r(i) is € RN*1. Tt is important to note that although the noise samples for each training
symbol are independent and identically distributed (i.i.d.), their specific statistics are not
discernible during the training phase. This consideration is crucial for accurately modeling
the stochastic nature of the channel within our autoencoder framework.

3.2.3. Receiver

The receiver’s primary function in our VLC system is to decode the channel output,
r(i), to accurately approximate the original transmitted symbol. This process begins with
the output being fed through a deterministic O / E conversion layer, which is subsequently
passed through the | hidden neural network layers. The output from each hidden layer, j,
where j ranges from 1 to J, is formulated as:

Y (i) = @ (Wixi(i) + b} ), (15)
in this expression, W} € RMXM, x; (i) € RM>1 and b€ RM>1 represent the weight matrix,

input vector, and bias vector for each layer, respectively. Each layer utilizes the activation
function CD;() In particular, the first layer’s input is specifically x (i) = (i).
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Following the hidden layers, the output layer uses the softmax activation function to
calculate the probabilities corresponding to each predicted class. These probabilities are
determined by:

' (i,m)
]
: (16)

pﬂ’l(l) - 2%71 eh}(i,m) 7

where 1} (i, m) is the m-th element of the output layer. The final step in the decoding process
involves determining the estimated training symbol, d(i), by identifying the element with
the highest probability:

d(i) = arggg;(pm(i)). (17)

4. System Configuration and Evaluation Criteria

Following the autoencoder design outlined in Section 3, this section elaborates on the
specific configurations of our VLC system for numerical evaluation. We detail the setup pro-
cesses, performance metrics, and computational complexity assessments involved, offering
a framework essential for understanding the numerical results discussed in Section 5.

4.1. Setup

Our approach is designed to develop an optimal CSK-based modulation set, achieved
by training the autoencoder parameters in a noise-free environment. In this approach,
the model acclimates to the modulation symbols derived from the training data without
the influence of noise factors. The crux of this method lies in maximizing the minimum
Euclidean distance among the modulation symbols. This is in contrast to noise-aware
models, which require a prior estimation of noise statistics and necessitate updates to the
modulation set upon any changes in these statistics. A key advantage of our noise-free
approach is the rapid training process that leads to optimal results. This efficiency is due to
the fact that the goal of maximizing Euclidean distance between modulation symbols is not
impacted by noise, making it a robust strategy regardless of noise conditions.

Table 2 presents the detailed structure of our proposed autoencoder for the VLC
network. The transmitter consists of a one-hot mapping layer, two hidden layers, and a
normalization layer, with the maximum transmitted optical power for each color channel
normalized to a value of one (as specified in Section 3.2.1). Conversely, the receiver
integrates two fully connected hidden layers, each containing M neurons. We employed
silicon photodiodes as optical detectors to investigate the nuances of the O/E conversion
response. The specifications of the light sources and optical receivers used in our VLC
system are listed in Table 3. Notably, the responsivity vector p is derived based on the
documented response in [31], with defined wavelengths of A;, = 470 nm, Ay = 530 nm and
Ay = 645 nm.

Table 2. Autoencoder structure.

Block Layer Type Outputs Activation Function
One-Hot Mapping M NA
Transmitter Hidden M None
anstutte Hidden N ELU
Normalization N NA
RGB Channel Noise N NA
Input N None
Receiver Hidden M None

ccerve Hidden M Softmax

Arg. Max M NA
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Table 3. Electric and optical parameters.

Chromaticity PD Responsivity
Coordinates p (A/W)
Red (A; = 645 nm) (0.7006,0.2993) 0.42
Green (Ag = 530 nm) (0.1547,0.8059) 0.32
Blue (A = 470 nm) (0.1440,0.0297) 0.22
CCT = 6500 K
CIE 1931 (x,) (0.3127,0.3290)

We assess the performance of the VLC system across four distinct scenarios:

1.  CSK-VLC-AE (baseline): This scenario serves as a baseline, employing a maximum-
likelihood detector to identify data symbols in the RGB channels without considering
optical-to-electrical (O/E) conversion effects. This ideal case helps establish a perfor-
mance benchmark under optimal conditions.

2.  CSK-VLC-AE with O/E: This scenario is similar to the baseline but includes the
impact of O/E conversion at the receiver, using the same ML detection method. This
comparison highlights the effects of O/E conversion on system performance.

3. CSK-VLC-AE with SPD: Here, we implement a system using a single-photodiode
(SPD) detector, which inherently includes O/E conversion. This setup is crucial for
understanding the performance trade-offs when employing a cost-effective, simplified
detector configuration.

4. CSK-VLC with O/E (traditional non-autoencoder system): This scenario compares
our autoencoder approach with a traditional VLC system using CSK modulation
and ML detection that includes O/E conversion. This comparison serves as a critical
benchmark to evaluate the advantages of integrating autoencoders into VLC systems.

The network model is trained with 6 x 10° samples on 10 epochs, using a mini-batch
size of 100 x N and Adam optimizer with a learning rate of p = 0.001. The effectiveness of
these schemes is tested using 4 x 10° data symbols, analyzing the SER outcomes. During our
training phase, we used both the transmitter and receiver networks to evaluate the average
SER performance. For the testing phase, we analyzed 4 x 10° data symbols to compare SER
across the three outlined schemes.

4.2. Performance Metrics

Evaluating the performance and complexity of our neural network-based VLC system
is crucial. This subsection details the metrics we have selected for this evaluation, enabling
a comprehensive comparison of the different schemes under study:.

Symbol Error Rate: A key metric in assessing the efficiency of digital communication
systems is the SER in relation to the SNR. To estimate the SER, we conducted simulations
using the learned transmitter and receiver with a substantial number of symbols. We
calculate the SER by comparing the ratio of erroneously received symbols to the total
number of transmitted symbols, defined as:

number of symbols in error

SER (18)

" ‘total number of transmitted symbols’

Minimum Euclidean distance: Another critical metric is the minimum Euclidean
distance between symbols in a modulation scheme. This distance is indicative of a com-
munication system'’s performance, with a larger Euclidean distance generally implying
better performance. To assess this, we evaluate the minimum Euclidean distance among
the signals received by our VLC receiver, calculated as:

din = min |[s, — scl|3, 19
min mk’m#k” m kHZ ( )
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where s, and s; are elements of the set S form, k=1,2,--- , M.

4.3. Processing Complexity

In assessing the efficiency of our proposed model, it is important to consider the
processing complexity of the autoencoder architecture. To this end, the computational
complexities of the individual layers are detailed in Table 4, offering a granular view of the
computational demands of the model. Our analysis includes a representative complexity
function for the entire architecture, formulated as c¢(N, M) = 3M?2 + N2+ 2N +5M +4,
which simplifies to a complexity of O(M? + N?). Moreover, the adoption of parallel
processing, a common practice in neural network operations, can significantly mitigate
these computational requirements.

Table 4. Number of mathematical operations in the end-to-end autoencoder model.

Layer (Output Multiplications Additions & Function
Dimensions) Divisions Exp (")
Transmitter
Noise (N) - - -
One-Hot Mapping (M) - - -
Hidden (M) M-M M+1 -
Hidden (N) N-N N+1 N
Normalization (N) - N -
RGB Chanel
Noise (N) - - -
Receiver
Noise (N) - - -
Input (N) - - -
Hidden (M) M-M 2M+1 -
Hidden (M) M-M 2M+1 M
Arg. Max (M) - - -

Comparing this to conventional systems, the autoencoder stands out for its balanced
computational profile. Traditional VLC systems often have fluctuating computational needs
based on their detection methods. For instance, optimal ML detectors with a photodetector
array can have a complexity of O(MY), while a single-photodiode detector simplifies this
to O(M).

5. Results

This section discusses the impact of O/E conversion on our CSK-modulated autoen-
coder VLC system. We initially trained the CSK-VLC-AE network to incorporate the
autoencoder’s explicit structure and the effects of O/E conversion. The learning curves of
the dataset indicated a rapid and effective acquisition of transmitter and receiver functions,
with a training accuracy that quickly reached and stabilized nearly 100% after the initial
epochs. The loss, combining the terms L; and L, of our methodology, showed rapid stabi-
lization, maintaining a consistent average in the later training stages. Specifically, after the
fifth epoch, the loss value leveled at around 0.42, indicating that the model had successfully
converged. The Adam optimizer was particularly effective in later learning stages, even
with suboptimal hyperparameters. Following a similar approach, we trained and tested
two other scenarios: CSK-VLC-AE without O/E and CSK-VLC-AE with SPD. Both yielded
results consistent with our initial network model.

Figure 5 illustrates the average SER performance in relation to SNR for the VLC
schemes evaluated. Incorporating O/E conversion at the receiver notably degrades SER
performance. Specifically, the CSK-VLC-AE scheme shows a performance drop of approxi-
mately 10 dB at an average SER of 102, and an additional 8 dB decrease is observed in
the CSK-VLC-AE with SPD scheme. To provide a benchmark, the results of a traditional
non-autoencoder VLC system, CSK-VLC with O/E, which incorporates O/E effects and
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utilizes a maximum-likelihood detector, are also presented (see Figure 1). Despite utilizing
well-established detection methods, this traditional VLC system is consistently outper-
formed by the CSK-VLC-AE schemes, particularly at SNRs above 12 dB and SERs below
2 x 10~1. This highlights the autoencoder’s ability to enhance SER performance amidst
the challenges posed by O/E conversion. As noise levels increase, surpassing signal levels,
all schemes exhibit an uptick in error rates. However, the resilience of the CSK-VLC-AE
approaches underscores their potential advantages in practical VLC system applications.

10°

T T
-©-baseline

=B~ AE with O/E Conversion
=A-SPD

== Traditional

15 20 25 30
SNR dB
Figure 5. SER performance results of the CSK-based autoencoder VLC system according to the base-
line scheme, the cases with O/E conversion and SPD detection, and an additional curve representing
a traditional VLC system employing maximum-likelihood detection for comparison.

In Figures 6-8, the 4-CSK mapping constellations for the autoencoder-based schemes
are displayed in the CIE 1931 color space for the respective examined configurations.
The central wavelengths of RGB LEDs are indicated by circles, with the optimal color
coordinates for each constellation symbol shown as squares, and the average color tonality
is represented by a red cross, with an aim to reproduce the D65 color standard. Figure 6
represents the standard CSK-VLC-AE scheme, Figure 7 illustrates the CSK-VLC-AE scheme
with O/E conversion, and Figure 8 shows the CSK-VLC-AE scheme with SPD. All schemes
strive for D65 white tonality. Additionally, the MacAdam ellipse on the CIE 1931 xy
chromaticity diagram is included to emphasize colors that are indistinguishable from the
ellipse’s center to the average human eye.

08 Transmitted LEDs

Optimal constellation symbols
Mean color tonality
D65 white tonality
MacAdam Ellipse

X090

0.7

0.6

0.5r

0.4r

0.3r

0.2

0.1r

o . | . . . . . .
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8
X

Figure 6. Resulting optimal constellation symbols (N = 3) for scheme CSK-VLC-AE for M = 4 and
using D65 white tonality as target.
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i8] ©  Transmitted LEDs

O Optimal constellation symbols
x  Mean color tonality

D65 white tonality

MacAdam Ellipse

0.7

0.6

0.5

0.4

0.3

0.2

01

o o1 02 03 04 05 06 07 08

X
Figure 7. Resulting optimal constellation symbols (N = 3) for scheme CSK-VLC-AE with O/E for
M = 4 and using D65 white tonality as target.

0-Eir Transmitted LEDs

Optimal constallation symbols
Mean color tonality

X090

0.7 D65 white tonality

MacAdam Ellipse

0.6

0.5r

0.4

0.3

0.2 r

0.1r

0 01 02 03 04 05 06 07 08

X
Figure 8. Resulting optimal constellation symbols (N = 3) for scheme CSK-VLC-AE with SPD for
M = 4 and using D65 white tonality as target color.

Table 5 details the constellation sets for each case study, focusing on the minimum
distance at the transmitter d'¥, for each scheme. Evaluating the minimum distance between
constellation symbols at the receiver d,. reveals the effect of photoelectric conversion,
with d] decreasing significantly due to this impact. The SPD-structured system further
reduces this minimum Euclidean distance, as the transmitted RGB vector aligns with the
sensitivity response.

The Euclidean distance at the receiver plays a crucial role in error probability. Figure 9
contrasts the constellations at the receiver for the standard CSK-VLC-AE scheme with
those impacted by O/E conversion and SPD scenarios. The constellation points in the O/E
and SPD scenarios are noticeably closer due to photoelectric conversion, reducing their

effectiveness in minimizing error probability compared to the baseline configuration.
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Table 5. CSK constellations learned for M = 4 and CCT = 6500 K.
Method CSK Constellation Sets de. arr.
{[0.1227,0.0624,0.2000],
. 0.0879,0.3982,1.0000] 7, 0.8676 0.8676
CSK-VLC-AE [1.0000,0.5765,0.1243], ' '
[0.8067, 1.0000, 0.8565] T}
{[0.9998,0.0905,0.2493] 7,
CSK-VLC-AE with O/E 0.1512,0.0912, 1.000]
¢ ’ 4 0.9213 0.3265
Conversion Loss [1.0000, 1.0000, 0.1135] T
[0.1599,0.9999,0.6370] T}
{[1.0000, 1.0000, 1.0000] T,
T
CSK-VLC-AE with SPD %0’3588' 0.3479,0.3478] , 05297 0.2944
[

0.6644,0.6626,0.6448] T}

—@ Baseline 1
— OE Conversion i
® SPD

Figure 9. Receiver constellations for standard CSK-VLC-AE (baseline) and the impact of O/E
conversion and SPD, showing reduced error minimization effectiveness.

6. Conclusions

In this study, we have applied the use of an autoencoder network for the design of a
CSK-based VLC system, meticulously incorporating the nuances of the O/E conversion at
the receiver. This end-to-end learning approach represents a notable shift from conventional
mathematical models, showcasing the potential to craft multi-colored VLC transceivers
leveraging sophisticated neural network algorithms. By optimizing constellation symbols
with a custom cost function that combines categorical cross-entropy with chromaticity
considerations, our methodology has yielded significant performance enhancements.

A critical insight from our research is the substantial influence of O/E conversion
efficiency on the minimum distance between constellation symbols, which in turn, cru-
cially affects SER performance. Specifically, our simulations show that including the O/E
conversion process leads to a performance degradation of approximately 10 dB at an
SER of 10~3. However, our proposed autoencoder design mitigates this degradation, im-
proving performance by 2 dB compared to a traditional CSK-VLC system without the
autoencoder. Furthermore, our findings underline the adaptability of an autoencoder
framework equipped with a single-photodiode receiver as an effective solution for creating
cost-efficient and energy-saving IoT deployments. Despite observed performance dips in
the single-photodiode receiver configuration due to altered constellation points, potential
remedies such as the augmentation of emission power present a viable countermeasure,
particularly in IoT networks where power limitations may be more flexible.
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By delving into the impacts of O/E conversion and introducing a learning-driven
design philosophy for VLC systems, our work furthers the integration of this technology
with IoT infrastructures. This research not only deepens the theoretical understanding of
VLC but also extends its practical reach, setting the stage for VLC technology to thrive in
diverse real-world applications. Additionally, utilizing autoencoders paves the way for
future research opportunities to investigate other processes that impact both the transmitter
and receiver. Although this study primarily focuses on the optical-to-electrical conversion
at the receiver, the framework developed can be expanded to address other overlooked
processes that influence the overall system performance and quality. Subsequent studies
will further confirm the effectiveness of autoencoders in optimizing VLC systems and
overcoming a wider range of challenges. Potential future applications for this technology
include smart homes and offices, healthcare facilities, public transportation systems, in-
dustrial automation, AR/VR applications, and retail environments. These applications
showcase the adaptability and extensive usability of our proposed VLC system design in
enhancing Internet of Things (IoT) connectivity and data transmission.
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