
3500 JOURNAL OF LIGHTWAVE TECHNOLOGY, VOL. 44, NO. 9, MAY 1, 2026

LED Model-Driven Reservoir Computing for Signal
Equalization in OFDM-VLC System

Yixian Dong , Member, IEEE, Yeping Huang, Graduate Student Member, IEEE,
Xiong Deng , Senior Member, IEEE, Songsui Li , Member, IEEE, Xihua Zou , Senior Member, IEEE, Wei Pan,

Peter Bienstman , Member, IEEE, and Lianshan Yan , Senior Member, IEEE

Abstract—This paper introduces a digitally realized, model-
driven Reservoir Computing (RC) equalizer for Orthogonal Fre-
quency Division Multiplexing (OFDM) in Visible Light Commu-
nication (VLC) systems. The design incorporates a Light Emitting
Diode (LED) model building upon the frameworks of Time-Delay
Reservoir Computing (TDRC) and Physics-Informed Neural Net-
works (PINN). In contrast to traditional RC, which uses a randomly
connected neural network reservoir, the proposed method inte-
grates a physical model that emulates the nonlinear electro-optical
behavior of LEDs into the reservoir layer. This approach directly
incorporates the intrinsic characteristics of LEDs, enabling the
equalizer to more effectively capture the signal distortions caused
by VLC channels. As a result, the model-driven RC significantly
improves signal recovery under varying channel conditions, includ-
ing different bandwidths and modulation voltages. Experimental
results show that the proposed method achieves up to 56.0% and
34.6% reductions in Bit Error Rate (BER) compared to traditional
RC and Volterra equalizers, respectively. The method also im-
proves average subcarrier Signal-to-Noise Ratio (SNR) by 1.2 dB
over Volterra and by 1.5 dB over traditional RC, resulting in an
achievable rate improvement by nearly 10%. Additionally, the
model-driven RC offers a key advantage in terms of data efficiency
for the training stage, requiring only 20% of the total dataset
compared to the 50% required by traditional RC and Volterra
equalizers.

Index Terms—LED, nonlinear equalization, OFDM, reservoir
computing, visible light communication.

I. INTRODUCTION

V ISIBLE Light Communication (VLC) is recognized as a
key technology for the next generation 6G era [1] due

to its significant advantages, including an abundant and unli-
censed spectrum as well as enhanced security resulting from
its immunity to electromagnetic interference [2]. In addition,
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VLC systems allow seamless integration with existing lighting
infrastructure, which substantially reduces deployment cost and
energy consumption. In comparison with Radio Frequency (RF)
communication, VLC offers safety advantages in environments
where RF emissions must be limited, such as in hospitals and
on airplanes. Furthermore, VLC provides high data rates that
are well suited for short range and high capacity applications.
This makes VLC a promising solution for scenarios such as
indoor navigation, secure data transmission, and the Internet of
Things (IoT), all of which represent critical applications in the
development of 6G networks [3] .

Spectrally efficient modulation schemes are employed in VLC
systems to achieve high transmission rates. Advanced tech-
niques, including higher order Quadrature Amplitude Modula-
tion (QAM) and Orthogonal Frequency Division Multiplexing
(OFDM), have been widely adopted [4]. OFDM is particularly
attractive for high-speed VLC because it improves spectral ef-
ficiency and mitigates Intersymbol Interference (ISI) [5]. How-
ever, the performance of OFDM-VLC systems becomes increas-
ingly constrained when the modulation bandwidth approaches
the intrinsic low-pass limit of LEDs and their linear operating
range [6]. Higher modulation orders and data rates intensify
the nonlinear characteristics of LEDs, leading to significant
degradation in Bit Error Rate (BER). In addition, the inherently
high Peak-to-Average Power Ratio (PAPR) of OFDM signals
further amplifies the impact of LED nonlinearity, making reli-
able high-speed transmission more challenging [7], [8].

To mitigate signal distortion in OFDM-VLC systems, both
linear and nonlinear equalization techniques have been inves-
tigated. One-tap equalization [9] is widely adopted due to its
simplicity, but it is ineffective in compensating for nonlinear
distortions in OFDM-VLC systems [10], [11], mainly caused
by LEDs. Volterra equalizers are capable of mitigating such
nonlinearities, but their complex structures and high compu-
tational requirements hinder practical deployment [12], [13].
In recent years, neural network based equalization techniques
have attracted increasing attention in the optical communica-
tion domain. Recurrent Neural Networks (RNN) [14], [15],
Radial Basis Function Neural Networks (RBFNN) [16], and
Long Short Term Memory (LSTM) networks [17], [18] have
demonstrated effectiveness in mitigating nonlinear impairments
in optical systems, and they also alleviate the detrimental impact
of the PAPR in OFDM-VLC systems [19]. However, the high
equalization performance of these neural network models is
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accompanied by considerable architectural complexity, which
leads to slower convergence rates and increased optimization
difficulty. In particular, the training process requires backprop-
agation through the entire network to update all parameters,
resulting in significant computational overhead and elevated
energy consumption [20].

Reservoir Computing (RC) is an innovative recurrent network
paradigm that employs a fixed stochastic reservoir to facilitate
efficient model training. In RC, the input and recurrent con-
nection weights are randomly generated and remain constant,
while only the output weights are trained using simple methods
such as ridge regression [21]. This design significantly reduces
computational complexity and latency. Moreover, RC shows
strong potential in tasks such as time series prediction, signal
detection, speech recognition, and real-time classification, due
to its ability to model complex dynamics with simple archi-
tectures [22], [23], [24], [25]. To implement RC in an analog
method, [26] proposed using a single nonlinear node with de-
layed feedback to emulate the dynamics of a high-dimensional
system, thereby replacing the need for a large number of physical
nodes. This concept laid the foundation for various photonic
Time-delay RC (TDRC) implementations, including those based
on Vertical-Cavity Surface-Emitting Lasers (VECSELs), semi-
conductor lasers, and microring resonators [27], [28].

The performance of RC, similar to other data-driven neural
networks, strongly depends on the quantity and quality of the
available training data, often requiring large datasets to accu-
rately capture complex system behaviors. When the training data
are limited or exhibit distributional shifts, the performance of
RC may degrade significantly, and the resulting model becomes
difficult to interpret. In contrast, model driven approaches incor-
porate prior knowledge grounded in domain-specific physics,
which reduces dependence on extensive data and improves both
interpretability and generalization capability [29], [30], [31],
[32]. For instance, Physics-Informed Neural Networks (PINN)
is proposed for fiber transmission modeling by incorporating
physical laws directly into the loss functions [33].

Inspired by the principle of TDRC and PINN, this paper
introduces an LED model-driven RC equalizer for OFDM-VLC
systems, in which the digitized physical model of the LED is
integrated into the reservoir layer within the digital domain,
thereby enabling explicit representation of LED characteristics,
including low-pass response, static and dynamic nonlinearities,
and memory effects, while avoiding the reliance on specialized
photonic hardware required by photonic RC implementations.
The main contributions of this work are as follows:
� We introduce a new RC framework that substitutes the

conventional randomly-connected reservoir layer with a
digitally implemented LED model. This model inherently
captures the critical dynamics of the LED channel, in-
cluding the low-pass response, nonlinearity, and memory
effects, thereby enabling more precise signal equaliza-
tion. By replacing physical nonlinear nodes with a digital
counterpart, our approach not only reduces the hardware
overhead associated with analog RC systems but also pro-
vides a more efficient and integrated solution for channel
impairment compensation.

Fig. 1. Structure of the traditional RC.

� We propose frequency-domain regression for OFDM sys-
tems, where effective information is encoded in the fre-
quency domain. This approach directly retrieves the signal
in the frequency domain, whereas traditional time-domain
regression requires additional steps to convert the signal
into the frequency domain to extract the effective informa-
tion.

� The proposed LED model-driven RC effectively reduces
system BER, improves throughput, and exhibits strong
generalization capability across diverse datasets. In com-
parison to Volterra, traditional RC and deep neural net-
work (DNN) equalizer, it achieves significant performance
improvements, particularly under challenging conditions
such as limited training data and rapid channel variations.
Experimental validation demonstrates the effectiveness of
the algorithm, further confirming its practical applicability.

This paper is organized as follows. Section II introduces the
proposed LED model-driven reservoir computing framework.
In Section III, the proposed method is applied to OFDM-VLC
systems and its performance is compared with conventional
one-tap equalizer, Volterra equalizer, standard RC, and DNN
approaches. Finally, Section IV concludes the paper.

II. LED MODEL-DRIVEN RC

A. Traditional RC

The traditional RC network consists of three main compo-
nents including the input layer, the reservoir layer, and the
output layer, as illustrated in Fig. 1. The input layer receives the
signal u[n] and feeds it into the reservoir layer, where nonlinear
transformation is performed. The reservoir contains a large
number of sparsely connected neurons, which together form a
high-dimensional dynamic system. Nonlinearity is introduced
through activation functions that enable the network to capture
complex relationships and temporal dependencies. The output
layer maps the reservoir layer output to the target. In RC, only the
output weights are subject to training, typically through ridge re-
gression. The internal weights remain fixed, which substantially
reduces the computational burden and training time.

The reservoir state s[n] and the network output y[n] are
updated using the following equations

s[n+ 1] = (1− α) · s[n] + α
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· f (Win · u[n+ 1] +Wres · s[n]) , (1)

y[n+ 1] = fout (Wout · [u[n+ 1]; s[n+ 1]]) . (2)

The leaking rate α in (1) emulates exponential decay in the
reservoir state, which aids in satisfying the echo state property
and represents realistic physical implementations. Win and
Wres denote the input to reservoir and internal recurrent weight
matrices, respectively. u[n] represent the input at time step n.

The training process involves recording reservoir states over
time to construct the regression matrix X = [[1; s[1];u[1]],
[1; s[2];u[2]], [1; s[3];u[3]], . . . ], which incorporates the input
signal, reservoir state, and a bias term. The corresponding target
outputs are collected into the matrix Ytarget. The output weight
matrixWout is subsequently computed via ridge regression [34].

Wout = Ytarget ·XT
(
X ·XT + ζI

)−1
, (3)

where ζ is a ridge regularization factor, used to ensure the
stability and reliability of the enhanced RC, and I is the identity
matrix. Here, (·)T denotes the matrix transpose operation, and
(·)−1 denotes the matrix inverse.

B. LED Nonlinear Model

LEDs are fundamental components in OFDM-VLC systems,
where their nonlinear electro-optical characteristics, low-pass
and memory effects significantly affect transmission perfor-
mance. According to prior studies [35], the evolution of carrier
concentration and the corresponding optical power emitted from
an LED can be modeled by the following rate equations⎧⎨

⎩
dnc(t)

dt = I(t)
qtwAw

− (Brp0 +Anr)nc(t)

−Brn
2
c(t)− Cnrn

3
c(t),

Popt(t) = 〈Ep〉AwtwBr

[
p0nc(t) + n2

c(t)
]
,

(4)

where nc(t) denotes the electron concentration in the active
region of the LED junction, while Popt(t) represents the cor-
responding optical power output. I(t), q, tw and Aw are the
injected current, elementary charge, thickness, and area of the
active layer, respectively. 〈Ep〉 is the average photon energy.
Anr and Cnr represent the Shockley–Read–Hall (SRH) and
Auger recombination coefficients, respectively, and Br is the
bimolecular recombination constant. This model captures low-
pass, nonlinearity, and memory effect, which are crucial for
accurately describing the signal distortion in LED channels.

The nonlinear dynamics of LEDs can be discretized from the
rate equations in (4). The resulting approximation is expressed
as ⎧⎪⎨

⎪⎩
nc(t+ Ts) ≈ nc(t) + Ts

dnc(t)

dt≈ a0I(t) + a1nc(t) + a2n
2
c(t) + a3n

3
c(t),

Popt(t+ Ts) = a4nc(t+ Ts) + a5n
2
c(t+ Ts),

(5)

where Ts is the sampling interval, and the parameters a0
to a5, which define the intrinsic physical properties of the
LED, are closely related to its material composition, man-
ufacturing process, and operating environment. Specifically,
a0 = Ts/(qtwAw), a1 = 1−Brp0Ts −AnrTs, a2 = −BrTs,
a3 = −CnrTs, a4 = 〈Ep〉AwtwBrp0, and a5 = 〈Ep〉AwtwBr.

The output power is primarily determined by the linear term
a4nc(t+ Ts) under low levels of injected current. As the in-
jected current increases, the nonlinear term a5n

2
c(t+ Ts) be-

comes more prominent, leading to noticeable signal distortion.
The LED equations in (4) and (5) inherently encapsulate

the critical impairments of the LEDs, i.e., low-pass filtering,
nonlinear distortion, and memory effects. By explicitly account-
ing for these phenomena, the model thus offers a holistic and
accurate description of the entire VLC link, thereby serving
as a reliable foundation for system modelling and impairment
compensation.

C. LED Model-Driven RC

The framework for the LED model-driven RC retains the
standard three-layer architecture of reservoir computing, com-
prising an input layer, a reservoir layer, and an output layer, as
illustrated in Fig. 2(a). The key architectural difference lies in
replacing the conventional randomly connected neural reservoir
with a digitized nonlinear physical model derived from the
LED.

The proposed model-driven RC leverages the nonlinearity
and fading memory characteristics of the LED, as presented
in Fig. 2(b). The current output is influenced by previous inputs
through feedback coefficients a1, a2 and a3. Meanwhile, the
nonlinear term with a5 enables effective projection of the input
signal into a high-dimensional state space. These nonlinearity
and fading memory properties make the LED model well-suited
for implementing RC. Furthermore, the series data processing
in (5) inherently implements an LED-based TDRC, where the
virtual nodes in the reservoir are driven by a time-multiplexed,
serialized input signal [36].

In the input layer, the received serial signal is first normalized
to mitigate amplitude fluctuations induced by channel impair-
ments, thereby enhancing the robustness of subsequent pro-
cessing. The normalized signal is then converted from serial to
parallel, forming the OFDM signal matrix X̄ = [x̄1, . . . , x̄L] ∈
R

(N fft+CP )×L, where each column x̄n ∈ R
(N fft+CP )×1 (with

n = 1, 2, . . . , L) represents an individual OFDM symbol, and
L denotes the total number of OFDM symbols used for training.
Here, Nfft denotes the fast Fourier transform (FFT) size, and
CP refers to the Cyclic Prefix (CP) length.

The reservoir layer is digitally implemented using a time
multiplexed structure consisting of N virtual nodes. To en-
sure alignment with these nodes, each input symbol x̄n is
upsampled by the factor N , resulting in an expanded vector
ūn ∈ R

((Nfft+CP )·N)×1. This upsampled vector ūn is then fed
into the reservoir layer as the input sequence. The inclusion
of a CP enhances the ability of the reservoir to capture ISI
and channel impairments. The reservoir state s̄[i] represents
a numerical abstraction of the carrier concentration dynamics
in the LED junction, while the output ȳ[i] corresponds to the
modeled electro-optical response. Their system dynamics are
governed by

{
s̄[i+ 1] = a0ū[i] + a1s̄[i] + a2s̄[i]

2,
ȳ[i+ 1] = a4s̄[i+ 1] + a5s̄[i+ 1]2,

(6)
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Fig. 2. (a) Structure of the model-driven RC. (b) Time-discretized LED nonlinear model.

where the index i denotes the discrete time step in the sequen-
tial processing of the upsampled input vector. The resulting
sequence ȳn[i] encapsulates the complete temporal response of
the reservoir to the n-th symbol. All output vectors are then
stacked to form the reservoir output matrix Ȳ = [ȳ1, . . . , ȳL].

The RC framework is adapted to align with the characteristics
of OFDM-VLC systems by extending traditional time-domain
linear regression into the frequency domain. This transformation
compensates for frequency-selective distortions introduced by
the LED, removes Hermitian symmetric subcarriers to eliminate
redundancy, and facilitates independent equalization across ef-
fective subcarriers. This design is based on the inherent structure
of OFDM signals, where information is carried by orthogo-
nal subcarriers and channel impairments manifest primarily as
frequency-domain effects. Operating directly on the demodu-
lated subcarriers allows the regression to focus on the effective
information components rather than redundant time-domain
samples. This enables efficient regression.

Therefore, in the output layer, the FFT is applied to both the
reservoir output matrix Ȳ and the corresponding OFDM signal
matrix X̄. After removing the CP, the Hermitian symmetric
subcarriers are discarded, and only the effective subcarriers are
retained, resulting in the final frequency domain representa-
tions Ȳ′ and X̄′. The matrices X̄′ and Ȳ′ are concatenated
to form Z = [X̄′; Ȳ′]. The resulting matrix is then reshaped
to obtain the regression matrix Z1 ∈ C

(N+1)×(Nsub×L), where
Nsub denotes the number of effective subcarriers. Each column
comprises the dynamic response extracted from the reservoir
and a bias term computed from the received signal. The out-
put weights of the network are then calculated using ridge
regression

W̄out = Ȳtarget · ZT
1 · (Z1 · ZT

1 + ζI
)−1

. (7)

In (7) ζ is the regularization coefficient and Ȳtarget denotes the
target frequency-domain training matrix. In the test stage, the
equalized signal is computed using

Ȳout = W̄out · Z2, (8)

where Z2 is the matrix obtained by processing the testdata in the
same steps as theZ1.The detailed procedure of the model-driven
algorithm is outlined in Algorithm 1.

Algorithm 1: Model-Driven RC Equalization.
Given: Received serial signal and virtual nodes number N .
Phase 1 – Data Preprocessing and Initialization

� Normalized signal and converted from serial to
parallel to obatan matrix
X̄ = [x̄1, . . . , x̄L] ∈ R

(Nfft+CP )×L.
Phase 2 – Nonlinear Feature Extraction by LED
Modeling
� Input: OFDM signal matrix X̄.
� For each column vector x̄ in X̄:

– Initialize reservoir state: s̄(0) = 0.
– Upsampled by the factor N to obtain ūn.
– For each scalar element in ū:
∗ Compute the reservoir state and response using
the LED model equations (6).

� Collect all outputs to form the output matrix Ȳ
� Apply cyclic prefix removal, FFT, and De-Hermitian
transformations to both Ȳ and X̄ to obtain their
frequency-domain representations Ȳ′ and X̄′.

Phase 3 – Output Regression
� Concatenate X̄′ (as bias) and Ȳ′ to obtain the Z, and
then reshape Z to form the final regression matrix Z1.
� Compute the output weight matrix W̄out using a
regression by (7).

Phase 4 - Testing
� Compute the corresponding outputs using (8) with the
learned weights W̄out for the testing data.
� Evaluate the performance of the model-driven RC.

III. EXPERIMENT RESULTS AND DISCUSSIONS

The proposed model-driven RC equalization method is exper-
imentally verified in an OFDM-VLC system. The system archi-
tecture is shown in Fig. 3(a). In this study, random bit sequences
derived from atmospheric noise are used to generate the signal,
avoiding performance overestimation. At the transmitter, the
random bit stream is first mapped to M-QAM symbols and then
converted from Serial to Parallel (S/P) for OFDM modulation.
Hermitian symmetry is applied to the frequency-domain data to
produce a real-valued time-domain waveform after the Inverse
Fast Fourier Transform (IFFT). After CP insertion, parallel-to-
serial (P/S) conversion is applied for further Digital to Analog
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Fig. 3. System architecture and spectral characteristics of the OFDM-VLC transmission link. (a) Experimental diagram of OFDM-VLC system. (b) Power
spectrum of the transmitted OFDM signal in grey and its envelope in red, (c) power spectrum of the received OFDM signal in grey and its envelope in red.

Fig. 4. Experimental setup of the OFDM-VLC system.

Conversion (DAC) in an Arbitrary Function Generator (AFG).
The LED is driven by the modulated analog signal combined
with a DC bias to enable proper optical modulation.

At the receiver, the incident optical signal is focused onto
a photodetector. The converted electrical waveform is subse-
quently digitized by an oscilloscope. Offline Digital Signal
Processing (DSP) comprising signal resampling, model-driven
RC equalization, OFDM demodulation is applied to obtain the
BER. The experimental setup is shown in Fig. 4, with the key
system parameters summarized in Table I. Fig. 3(b) and (c) show
the power spectra of a 90 MHz OFDM signal at the transmitter
and receiver, respectively. From these transmitted and received
spectra, the frequency response of the link is estimated by the
envelope, yielding an approximate 3 dB bandwidth of 70 MHz.
This low-pass characteristic is mainly attributed to the LED,
which dominates the frequency response of the optical wireless
link.

In the experiment, the OFDM-VLC link operates over a
communication distance of approximately 1.5 meters. This
setup simulates a typical short-range indoor optical wireless
communication scenario, providing a realistic evaluation of the
performance under operational conditions.

TABLE I
EXPERIMENT PARAMETERS FOR THE OFDM-VLC SYSTEM

A. Parameters Estimation and Equalizers Configuration

1) Parameters Estimation for LED Model-Driven RC: The
estimation of LED model parameters a0 to a5 is inherently
influenced by the DAC sampling rate, as it determines the
temporal resolution at which the nonlinear behavior is captured.
To evaluate the robustness of the proposed model-driven RC
equalization under different sampling conditions, parameter sets
are extracted at sampling rates of 1 GSa/s and 2 GSa/s. These
sampling rates are chosen to assess the impact of temporal
resolution on parameter estimation and the resulting model
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Fig. 5. Measured and simulated LED output with nonlinearity, using a square
waveform of 5 MHz with 2 GSa/s sampling rate.

performance. The Least Mean Squares (LMS) algorithm is used
for parameter estimation during the training process, which is
further detailed in a previous study [35].

For clarity, a representative parameter estimation setting at a
sampling rate of 2 GSa/s is provided. A 5 MHz square-wave
signal with a modulation voltage of 200 mV is applied, and
1200 sampling points corresponding to two complete periods are
collected. These input and output samples are used to estimate
the LED model parameters. Fig. 5 compares the original square
wave with the measured waveform after modulation by the
LED. The measured rise time is 85 ns, while the fall time is
105 ns, reflecting the dynamic behavior of the LED influenced
by nonlinear and memory effects described by the rate equations.
Meanwhile, the simulated waveform generated by the nonlinear
LED model closely matches the waveform modulated by the
LED, confirming that the LED model parameters are accurately
extracted and enable precise representation of the LED nonlin-
ear behavior. Since the model explicitly incorporates low-pass
characteristics, memory effects, and both static and dynamic
nonlinearities, variations under different operating conditions
can be accommodated through parameter recalibration within
the same model structure.

Fig. 6 shows the cost function during the training process. The
cost value gradually decreases and converges as the number of it-
erations increases, demonstrating the effectiveness of the param-
eter estimation process. The parameter estimation with 1 GSa/s
was performed using the same methodology with 2 GSa/s. A
summary of the estimated parameters is provided in Table II,
where the values of a0 to a5 for both the 1 GSa/s and 2 GSa/s
sampling rates are listed. While the estimated parameters are
different due to parameters are inherently influenced by the
sampling rate [35], both sets of parameters can be utilized in the
proposed RC model, as well as the LED behavior is accurately
represented.

2) Equalizers Configuration and Optimization: The perfor-
mance of the proposed model-driven RC algorithm is evaluated
against the one-tap, Volterra, and traditional RC algorithms.

Fig. 6. Cost function values and iterations for LED parameters estimation by
5 MHz square wave with different sampling rate.

TABLE II
ESTIMATED PARAMETERS FOR THE LED MODEL (NORMALIZED)

The one-tap equalizer serves as a linear reference, whereas
the Volterra and traditional RC algorithms serve as nonlinear
benchmarks. All methods are trained and tested on the same
dataset, which consists of 120 OFDM symbols for training and
1080 symbols for testing. Parameters of the Volterra, traditional
RC, and model-driven RC algorithms are optimized within the
OFDM-VLC system under identical conditions to ensure fair
comparison.

In VLC systems, each equalizer requires a distinct set of
optimal parameters for different modulation orders and chan-
nel conditions, particularly for the Volterra and traditional RC
equalizers. The optimization process remains fundamentally
consistent across varying system configurations. In this study,
the 16 QAM modulation format with a 40 MHz signal bandwidth
is selected as an example to illustrate the optimization process.

The Volterra equalizer is implemented as a second-order
nonlinear filter, as prior studies have shown that second-order
Volterra models are sufficient to capture the dominant nonlinear-
ities in VLC systems [37], and the adopted Volterra structure is
further optimized through kernel symmetry to reduce redundant
coefficients. Fig. 7 presents the convergence behavior of the
Volterra parameters, which is evaluated using the cost function
defined as

e(n) =
1

N ′

N ′∑
1

[ŷ(n)− yref(n)]
2 , (9)
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Fig. 7. Cost function values and iterations for Volterra equalizer parameter
estimation in 16 QAM OFDM-VLC system.

Fig. 8. BER performance with varying reservoir size for traditional RC in 16
QAM OFDM-VLC system.

where ŷ(n) denotes the equalizer output, yref(n) is the reference
signal, and N ′ represents the number of reference samples.
The cost function converges and stabilizes below 0.5 after ap-
proximately 20 iterations, followed with a stable and optimal
configuration.

The traditional RC equalizer hyperparameters are also exam-
ined to ensure a fair performance comparison with the Volterra
and model-driven equalizer. Key architectural parameters, in-
cluding the reservoir size, leakage rate, sparsity, and spectral
radius, are evaluated in Figs. 8 and 9. As shown in the previous
study, when evaluating the impact of a single parameter, the
other hyperparameters are fixed at their default values [38]. The
optimal BER performance is achieved with a reservoir size of
approximately 35, a leakage rate of 0.20, sparsity of 0.80, and a
spectral radius of 0.80. These results demonstrate the significant
influence of each parameter on the system performance, and
emphasize the importance of selecting appropriate values to
optimize the traditional RC equalizer performance.

Fig. 9. BER performance with varying hyperparameter values for traditional
RC in 16 QAM OFDM-VLC system.

Fig. 10. Effect of the number of virtual nodes on the BER performance of
model-driven RC in 16 QAM OFDM-VLC system.

In contrast, the LED model-driven RC approach requires
no tuning of conventional hyperparameters. After the physical
parameters of the LED model are determined, the internal reser-
voir dynamics are fully specified, leaving the number of virtual
nodes as the only adjustable structural parameter. By varying the
number of virtual nodes, the model enhances its nonlinear map-
ping capability without introducing additional hyperparameter
optimization [39]. Fig. 10 illustrates the effect of the number
of virtual nodes on the performance of the model-driven RC.
The minimum BER is achieved with 4 to 6 virtual nodes, while
using more than six nodes may introduce redundant information,
potentially degrading system performance.

For completeness, a lightweight DNN equalizer is also consid-
ered as a data-driven reference for comparison. To ensure a fair
and controlled evaluation, the adopted DNN employs a compact
architecture composed solely of fully connected layers with
lightweight nonlinear activation functions. This intentionally
constrained structure represents the simplest neural network
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Fig. 11. Train and validation loss of the DNN during the gradient descent
optimization process in 16 QAM OFDM-VLC system.

Fig. 12. BER performance of different equalization algorithms for 16 QAM
modulation under varying bandwidth conditions.

capable of nonlinear mapping, while avoiding excessive model
capacity or complex architectural components. The network is
trained using the mean squared error (MSE) as the loss function,
and the model parameters are optimized by gradient descent.
As a result, the comparison emphasizes intrinsic modelling
characteristics rather than advantages arising from overparame-
terization. The evolution of the training loss and the validation
loss during the optimization process is illustrated in Fig. 11,
which shows the convergence behavior of the model over 30
training epochs.

B. Equalization Performance Evaluation and Comparison

1) Performance With Varying Bandwidth: The BER perfor-
mance of the proposed model-driven RC algorithm is compared
with the one-tap, Volterra, traditional RC and DNN equalizers.
Fig. 12 presents the BER of 16 QAM signals as the signal
bandwidth varies from 30 MHz to 90 MHz, under a modulation
voltage of 200 mV. As the modulation bandwidth increases,

the low pass characteristic of the channel becomes more pro-
nounced, leading to significant attenuation of high-frequency
components. Additionally, the inherent nonlinear and memory
effects of the LED, result in a consequent increase in the BER
for the 16 QAM system.

Over the full bandwidth range, the one-tap equalizer can only
recover linear distortions, whereas the model-driven RC algo-
rithm more efficiently compensates for low-pass and nonlinear
effects, resulting in superior signal recovery. The DNN equalizer
exhibits BER performance comparable to that of the one-tap
equalizer, indicating limited capability in mitigating low-pass
effects and both static and dynamic nonlinear distortions under
the considered bandwidth conditions. This advantage is par-
ticularly evident at a signal bandwidth of 50 MHz, where the
model-driven RC achieves a BER of 2.76× 10−3, compared to
4.22× 10−3 for Volterra and 6.28× 10−3 for traditional RC. At
this condition, the model-driven RC achieves a 34.6% and 56.0%
reduction in BER compared to traditional RC and Volterra, re-
spectively, and only the model-driven RC maintains the HD-FEC
error threshold under challenging channel conditions.

The achievable rateR of the OFDM-VLC system is calculated
by

R = Δf
K∑

k=1

log2

(
1 +

SNRk

Γ

)
, (10)

where Γ is the modulation gap derived from the BER perfor-
mance [40], SNRk denotes the SNR of the k-th subcarrier, K is
the total number of subcarriers, andΔf is the subcarrier spacing.
The signal-to-noise ratio for each subcarrier is calculated from
the Error Vector Magnitude (EVM), defined as⎧⎪⎨

⎪⎩ EVMk =

√
∑N

i=1

∣∣ŝi,k−si,k

∣∣2
∑N

i=1

∣∣si,k∣∣2 ,

SNRk,dB = −20 log10(EVMk) ,

(11)

where ŝi,k and si,k represent the equalized received constellation
symbols and the transmitted constellation symbols of the k-th
subcarrier, respectively.

Fig. 13 illustrates the achievable rate of the system with
various equalizers. The achievable rate increases with bandwidth
from 30 MHz to 70 MHz. However, when the bandwidth exceeds
70 MHz, the achievable rate begins to decrease. This behavior
is expected because the system approaches its 3 dB bandwidth
limit around 70 MHz, as shown in Fig. 3(b) and (c). Further
increasing the bandwidth shifts more subcarriers into the higher-
loss region above 70 MHz, leading to performance degradation.
This observation is consistent with our previous findings [41].
Consistent with the BER results, the achievable rate of the DNN
equalizer remains similar to the one-tap equalizer over the entire
bandwidth range. At 70 MHz, the achievable rate of the model-
driven RC algorithm reaches 247.44 Mbps, approximately 13%
higher than the 219.50 Mbps of traditional RC and 10% higher
than the 226.42 Mbps of the Volterra algorithm in the 16 QAM
OFDM-VLC system.

Moreover, to assess the impact of sampling rate on the model-
driven RC algorithm, performance comparisons were conducted
using two different sampling rates, 1 GSa/s and 2 GSa/s. Applied
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Fig. 13. Achievable rate of different equalization algorithms for 16 QAM
modulation under varying bandwidth conditions.

Fig. 14. SNR performance of each subcarrier in 16 QAM OFDM-VLC system
for different equalization algorithms.

with different estimated parameters from a0 to a5 in Table II,
Figs. 12 and 13 show that the proposed algorithm maintains
stable performance in terms of BER and achievable rate across
the entire bandwidth range. These results reveal that the model-
driven RC algorithm exhibits high robustness various sampling
conditions. For all subsequent experiments in this study, the
parameters estimated with a 2 GSa/s sampling rate were used.

Fig. 14 further presents the per-subcarrier SNR of the 16
QAM OFDM-VLC system at a 70 MHz bandwidth. At this
bandwidth, the system achieves its maximum throughput, as
shown in Fig. 13. The model-driven RC algorithm consistently
yields a higher average SNR across all subcarriers compared
with both the Volterra and traditional RC equalizers. In contrast,
the DNN equalizer achieves a lower average SNR of 13.99 dB,
which is approximately 2 dB lower than that obtained by the
model-driven RC approach. The average SNRs are 15.77 dB
for the model-driven RC, 14.52 dB for the Volterra equalizer,
and 14.26 dB for traditional RC. In the lower-frequency region,

particularly below 60 MHz, the channel exhibits a relatively
higher SNR, allowing the model-driven RC algorithm to main-
tain better per-subcarrier SNR and signal integrity. However,
as the bandwidth increases and the signal extends into higher
frequencies, system performance degrades due to the intrinsic
bandwidth limitation of the LED.

Since the DNN equalizer exhibits performance comparable
to that of the one-tap equalizer, subsequent performance evalu-
ations focus on the remaining nonlinear equalization schemes.
The computational complexity of the DNN equalizer is never-
theless included for completeness.

2) Performance With Varying Modulation Voltage: The per-
formance of the proposed algorithm is evaluated under vary-
ing SNR conditions by adjusting the modulation peak-to-peak
voltage from 100 mV to 240 mV, while maintaining a fixed
signal bandwidth of 40 MHz. This bandwidth configuration
ensures a relatively flat system frequency response, thereby
minimizing the low-pass characteristics of the LED and enabling
a more accurate assessment of the capability to compensate for
nonlinear signal distortion.

For each modulation voltage, the BER is calculated by av-
eraging the results of 10 independent experiments, in which
the complete transmission, equalization, and BER evaluation
processes are independently repeated. To further assess the
statistical reliability of the results, 95% confidence intervals
are calculated and plotted based on these experimental results.
Considering the limited number of independent experiments and
the unknown population variance, the confidence intervals are
estimated using the t-distribution with 9 degrees of freedom,
which is appropriate for small-sample statistical inference. As
illustrated in Fig. 15(a), increasing the modulation voltage re-
sults in a more pronounced reduction in BER for the proposed
model-driven RC approach, which consistently outperforms the
Volterra-based and traditional RC algorithms over the consid-
ered voltage range.

Fig. 15(b) shows the received signal constellation, where the
nonlinear distortions are evident. As the modulation voltage
increases, the nonlinearity of the LED intensifies, further dis-
torting the received signal. Fig. 15(c), (d), and (f) present the
constellation diagrams for the three equalizer algorithms at the
corresponding modulation voltages. Fig. 15(c) shows clearer
signal constellations compared to the other methods, which
demonstrates the superior capability of the model-driven RC
in restoring signal nonlinear distortion.

C. Generalization Capability Analysis

1) Effect of SNR Mismatch: SNR mismatch conditions are
introduced to evaluate the robustness and stability of the pro-
posed model-driven RC under different noise conditions be-
tween the training and testing stages. The model is trained using
data collected at a modulation voltage of 240 mV, correspond-
ing to an estimated receiver SNR of approximately 18.2 dB,
and evaluated using data collected at a modulation voltage of
200 mV, corresponding to an estimated receiver SNR of approx-
imately 16.5 dB. The receiver SNR values are estimated from
the received and transmitted constellation points using (11). This

Authorized licensed use limited to: University of Gent. Downloaded on June 24,2026 at 08:05:26 UTC from IEEE Xplore.  Restrictions apply. 



DONG et al.: LED MODEL-DRIVEN RESERVOIR COMPUTING FOR SIGNAL EQUALIZATION IN OFDM-VLC SYSTEM 3509

Fig. 15. (a) BER performance and 95% confidence intervals of 16 QAM
OFDM-VLC system with different modulation voltage. Constellation diagrams
of received signal (b) and after the model-driven RC (c), Volterra (d), and
traditional RC (e) equalization at a modulation voltage of 240 mV.

Fig. 16. BER performance across different bandwidths for model-driven RC,
Volterra, and traditional RC under SNR mismatch conditions.

configuration represents a moderate degradation of the channel
quality between the training and testing conditions.

Fig. 16 shows the BER performance of various equalizers
under 16 QAM OFDM modulation. To ensure fairness, the
ratio between training and testing data remains constant during
optimization for all equalizers. Compared with the results under
matching SNR conditions in Fig. 12, performance degradation
is observed for all equalizers due to the SNR mismatch between
training and testing conditions. Despite this, the model-driven
RC consistently outperforms both Volterra and traditional RC
equalizers, achieving a lower BER across all signal bandwidths.

Fig. 17. BER performance under varying training sample size at 40 MHz for
Volterra, traditional RC and model-driven RC equalizer with 95% confidence
intervals.

2) Effect of Training Size: The effect of training sample
size on equalization performance was evaluated by fixing the
test dataset to 1080 OFDM symbols, while the number of
training samples was gradually increased and expressed as a
percentage relative to the fixed test set size. All experiments
were conducted at a signal bandwidth of 40 MHz, where the
channel frequency response remains relatively flat and low pass
distortion is moderate. This bandwidth setting allows the impact
of the training sample size on equalization performance to be
clearly observed without being dominated by severe bandwidth
limitations. To further examine the learning capability of the
equalizers, a higher-order modulation format such as 32 QAM
was considered, as it is more sensitive to nonlinearity and
equalization accuracy than 16 QAM.

Fig. 17 shows the BER performance for 32 QAM signals at
40 MHz with varying training data proportions. The BER results
are averaged over multiple independent experiments, with the
corresponding 95% confidence intervals, computed using the
t-distribution due to the limited number of experiments, included
to characterize performance variability. The model-driven RC
approach achieves reliable BER performance with only 20% of
the training data (216 symbols), with the confidence interval
remaining mostly below the HD-FEC threshold. In contrast, the
Volterra-based and traditional RC approaches require approxi-
mately 50% (540 symbols) of the training data, yet their confi-
dence intervals are largely above the HD-FEC limit, indicating
limited robustness under these conditions.

D. Computational Complexity Analysis

The first component of the computational cost arises from
the per-sample signal processing and state update operations
performed by each equalizer. For the one-tap equalizer, this
operation is straightforward, as it involves only a single received
sample and an FFT operation to transform the signal into the
frequency domain. For the traditional RC, this operation requires
updating the reservoir states through recurrent matrix–vector
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multiplications, resulting in a per-sample computational com-
plexity on the order of O(N2

r ) to update Nr reservoir features,
as directly implied by the state update in (1).

For the Volterra equalizer, the computational cost arises from
the evaluation of nonlinear polynomial basis terms. The total
number of terms for a p-th order equalizer with memory length
M given by

∑p
i=1

(
M+i−1

i

)
, where the binomial coefficient(

M+i−1
i

)
counts the number of distinct i-th order monomial

terms. This formulation accounts for the structure of the Volterra
kernels and provides a more accurate estimate of the number
of coefficients, which is substantially lower than the naive
upper bound of Mp. Nevertheless, despite being lower than
the upper bound, the number of coefficients grows asymptot-
ically as Mp. Moreover,the evaluation of these Volterra basis
terms requires the corresponding multiplicative operations, and
the number of such operations increases with the number of
coefficients. Therefore, the feature generation complexity of
the Volterra equalizer can be conservatively characterized as
O(Mp).

For the proposed model-driven RC, the per-sample com-
putation is realized through a scalar LED-based recursion at
each virtual node. According to the discrete LED model in (6),
updating the state of a single virtual node involves a fixed number
of arithmetic operations, resulting in an approximately constant
computational cost per node. Therefore, updating the states of
Nv virtual nodes leads to a per-sample complexity that scales lin-
early with with Nv . In addition, the model-driven RC performs
regression in the frequency domain, which requires transforming
the virtual node outputs by fast Fourier transforms, introducing
an additional computational cost that scales asO(Nv log2(Nv)).

For consistency and fair comparison, implementation-
dependent constant factors are omitted for all equalization
schemes in the asymptotic complexity analysis, as these con-
stants for the traditional RC and the Volterra equalizer de-
pend on specific reservoir realizations and kernel construc-
tions. Accordingly, the feature generation complexity of the
proposed model-driven RC is expressed in a normalized form
as O(Nv log2(Nv) +Nv), while the other methods are charac-
terized by their dominant scaling behaviors.

Based on the analysis above, the training complexity of the
considered equalizers is evaluated under a closed-form least-
squares (LS) regression framework like (3). Since all methods
estimate their readout weights through closed-form LS solu-
tions, the training complexity is dominated by matrix multiplica-
tions and matrix inversion operations inherent to the LS formula-
tion. In this context, implementation-dependent constant factors
are not introduced, and the complexity is characterized solely by
the scaling behavior with respect to the feature dimension and
the number of training samples.

For the traditional RC, the feature dimension D equals the
reservoir sizeNr. Given T training samples, the readout weights
Wout are computed using (3), which involves matrix multipli-
cation with a computational complexity of O(TN2

r ) and matrix
inversion requiring O(N3

r ) operations. Therefore, the overall
training complexity is dominated by O(TN2

r +N3
r ).

For the Volterra equalizer, the feature dimension D is de-
termined by the number of Volterra coefficients. For complexity

benchmarking, the asymptotic upper boundD = Mp is adopted
for a p-th order equalizer with memory length M . Under the
closed-form LS training framework, constructing the regression
matrices requiresO(TM2p) operations, while solving the result-
ing linear system incurs an additional O(M3p) cost. Therefore,
the overall training complexity of the Volterra equalizer is dom-
inated by O(TM2p +M3p).

In the model-driven RC, the feature dimension D is de-
fined by the number of virtual nodes Nv . The readout weights
W̄out, calculated using (7), require matrix multiplication with
a computational complexity of O(TN2

v ) and matrix inversion
with a complexity of O(N3

v ). Therefore, the overall training
complexity is dominated by O(TN2

v +N3
v ).

However, the computational complexity of the DNN equalizer
is analyzed separately due to its fundamentally different training
paradigm. The complexity is evaluated in terms of multiply–
accumulate operations (MACs), where P denotes the number of
trainable parameters per subcarrier, T represents the total num-
ber of training samples, and E denotes the number of training
epochs. Since each training sample only activates the parameters
associated with its corresponding subcarrier, the per-sample
computational cost consists ofP MACs for the forward pass, 2P
MACs for backpropagation, and an additional constant cost of 4
MACs for the forward and backward evaluation of the MSE loss.
The computational cost associated with the activation functions
is neglected, as it is marginal compared with the dominant MAC
operations. By summing over all training samples and epochs,
the total training complexity of the DNN equalizer is given by
O(TE(3P + 4)).

The computational complexity is concretely evaluated using
the optimized parameters specified in Section III, accounting
for both the feature generation process and the subsequent
LS based weight regression. For T = 7560 effective training
samples, corresponding to 120 OFDM symbols, the total training
complexity of the traditional RC is approximately 18,564,875
MACs. For the Volterra equalizer with p = 2 and M = 5, the
resulting feature dimension isD = 20, leading to a total training
cost of 3,183,200 MACs. For the proposed model-driven RC
with Nv = 6, the total training complexity, including LED-
based feature generation, frequency-domain transformation, and
LS-based weight regression, is 1,176,174 MACs. For the DNN
equalizer, with E = 30 and P = 4, the training complexity
corresponds to approximately 3,628,800 MACs.

To establish a complete system level comparison, the manda-
tory FFT overhead required for OFDM demodulation is fur-
ther taken into account. Each received OFDM symbol requires
one FFT operation, incurring approximately 4,480 MACs per
symbol. Consequently, for the 120 training OFDM symbols,
this common preprocessing cost amounts to 537,600 MACs
for the traditional RC and the Volterra equalizers. This FFT
cost is independent of the equalization algorithm and there-
fore represents a shared system-level overhead rather than an
algorithm-specific computation. Similarly, the DNN equalizer
uses the real and imaginary parts of the OFDM symbols as input
and thus also requires the same FFT-based demodulation pre-
processing. In contrast, for the proposed model-driven RC, the
frequency-domain processing is inherently integrated into the
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TABLE III
COMPUTATIONAL COMPLEXITY OF DIFFERENT EQUALIZERS

feature generation stage, and the corresponding FFT-related cost
has already been included in the reported training complexity.

The inference complexity includes core equalization opera-
tions and the mandatory FFT cost for OFDM demodulation.
The FFT cost contributes a fixed cost of O( 1

Nsub
Nfft log2(Nfft))

for each QAM symbol at the effective subcarrier. In addition
to this cost, the complexities of the different equalizers are as
follows. For the traditional RC reservoir update, the complexity
is O(N2

r ). For the Volterra equalizer polynomial evaluation, the
complexity isO(Mp). For the DNN equalizer, onlyP multiply–
accumulate operations are required per subcarrier, resulting in
an inference complexity of O(P ). For the model-driven RC, the
complexity is O(Nv +Nv log2(Nv)) due to the combination
of scalar recursions and additional FFT cost, which involve
transforming from the time domain to the frequency domain
without requiring additional OFDM demodulation cost.

Table III summarizes these asymptotic complexity results.
In the table, L denotes the number of OFDM symbols used
for training. The comparison demonstrates that the proposed
model-driven RC achieves substantially lower computational
complexity than both the traditional RC and the Volterra equal-
izer.

IV. CONCLUSION

This paper has presented an LED model-driven RC equalizer
for OFDM-VLC systems, demonstrating consistently superior
performance and robustness compared with conventional equal-
izers. The proposed approach achieves a 34.6% and 56.0%
BER reduction compared to Volterra and traditional RC al-
gorithms, respectively. It also demonstrates higher achievable
rates, particularly under high-bandwidth conditions, and greater
data efficiency, reaching optimal performance with only 20%
of the available training data, while other algorithms require
approximately 50%. Furthermore, the model-driven RC exhibits
improved generalization capability, maintaining strong perfor-
mance even under sudden channel degradation. Computational
complexity analysis shows that the model-driven RC offers a
more favorable performance complexity trade-off, with lower
training and inference costs than both Volterra and traditional
RC, while preserving superior BER and SNR performance. In
addition, when compared with a lightweight DNN equalizer of
comparable complexity, the proposed model-driven RC consis-
tently achieves better BER and SNR performance, highlight-
ing the advantage of incorporating physical modeling into the
learning framework. These results highlight the practicality and
efficiency of the model-driven RC for real VLC deployments,

particularly in challenging conditions with limited training data
and pronounced nonlinear distortion.
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