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ARTICLE INFO ABSTRACT

Dataset link: https://github.com/inatelcrr/A-R
oF-Linearization-Dataset

In analog radio over fiber (A-RoF) systems, linearization is essential to mitigate nonlinear distortions. While
many studies have explored both machine learning (ML)-based and traditional linearization schemes for A-
RoF, they often do not provide the dataset used to train the ML models. We present a mathematical model

Izi};fgridio over fiber for representing A-RoF systems and provide a comprehensive real dataset, which we make available via
Dataset GitHub. We utilize a software-defined radio (SDR) approach to generate digital samples of the generalized
Digital pre-distortion frequency division multiplexing (GFDM) waveform, which are then applied to a real A-RoF system. This dataset,
Linearization consisting of transmitted and received GFDM waveform samples, enables the training of both traditional

Software-defined radio and ML-based models, thereby supporting the development of robust linearization schemes. Furthermore, we

conduct a performance evaluation of a ML-based digital pre-distortion (DPD) scheme, trained on both synthetic
and real datasets. The linearization performance was assessed using key metrics, including the root mean square
error vector magnitude (EVMpgys), normalized mean square error (NMSE), and adjacent channel leakage ratio
(ACLR). The results show that the DPD scheme successfully reduced the EVMg,,s from approximately 6% to 2%,
along with improvements in NMSE and ACLR. Additionally, the dataset, in conjunction with the memoryless
polynomial model presented in this paper, provides a robust framework for characterizing A-RoF systems.
Researchers can leverage this publicly available dataset to model A-RoF systems and design novel linearization
schemes, thereby minimizing nonlinear distortions and enhancing signal fidelity.

1. Introduction often less affluent) population density [2]. This means that low cost and

effective solutions are crucial to connecting the unconnected.

Ubiquitous communications are an emergent feature of the sixth-
generation of mobile network (6G) [1]. One of the main challenges is
ensuring broadband communication coverage wherever connectivity is
required, including remote and rural areas. The high costs associated
with spectrum licensing, as well as the implementation and mainte-
nance of complex communications infrastructure in remote areas, have
hindered the fifth-generation of mobile network (5G) from adequately
addressing this important communication scenario. Moreover, remote
and rural areas exhibit lower potential for clientele due to the low (and

To address these challenges, the open radio access network (O-RAN)
presents a compelling opportunity to bridge the digital divide and
improve connectivity in remote areas by offering cost-effective, flexible,
and innovative solutions [3]. The open interfaces of this architecture
enables a multi-vendor system, which will boost innovative network so-
lutions in a competitive market [4]. This promote enhanced operational
efficiency and reducing both implementation and maintenance costs as-
sociated with communication infrastructure in remote areas. Enhancing
network intelligence represents another pivotal feature envisioned in
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O-RAN. Thereupon, dedicated logical components will be available to
facilitate the integration of artificial intelligence (AI)-driven solutions
into the network [5]. These solutions can enhance network efficiency,
optimize service delivery, and enable innovative applications tailored
to the needs of remote communities.

Reducing the costs associated with deploying base stations (BSs)
is necessary to provide effective connectivity in remote areas, which
requires innovative and hybrid solutions. For instance, the centralized
radio access network (C-RAN) architecture using analog radio over fiber
(A-RoF) as the transport link [6], or perhaps even free-space optics [7].
A-ROF enables the long distance transport of pre-modulated passband
signals in their analog format, allowing for simpler and thus more cost-
effective BSs [8]. This means that analog-to-digital converters (ADCs),
digital-to-analog converters (DACs) and the up/down-conversion elec-
tronics are not necessary at the remote BS. This means that the remote
BS is only composed of an optical detector and radiofrequency (RF)
front-end.

Another promising (and potentially complementary) approach is the
use of TV white space (TVWS) communications, which leverage unoc-
cupied digital television (TV) channels for mobile communications [9].
Although digital TV services operate within frequency ranges that are
typically regulated, TVWS refers to the unused portions of these bands
that can be utilized in an unlicensed manner for other communications
without causing interference to primary services. Thus, using TVWS
for mobile communication can help reduce the costs associated with
extending connectivity to remote areas but it requires careful compli-
ance with regulatory requirements to ensure that these communication
signals do not interfere with digital TV services.

Although the adoption of C-RAN with A-RoF and the exploitation
of TVWS potentially reduce the capital expenditures (CAPEX) and
operational expenditure (OPEX), several challenges must be addressed
and overcome. For instance, when extending the fronthaul link, it is
necessary to increase both the optical and RF power to compensate
for additional attenuation. Unfortunately, increasing the transmission
power leads to distortions in the transmitted signal due to the nonlinear
behavior of Mach-Zehnder modulators (MZMs), employed in A-RoF
systems. If these distortions are not adequately addressed, the signal at
remote BSs will exhibit excessive out-of-band emission (OOBE), leading
to a scenario where using the TVWS becomes non-compliant with le-
gal regulations. Linearization schemes, including digital pre-distortion
(DPD) techniques, are crucial for addressing this challenge.

Conventional linearization approaches, such as those based on the
Volterra series, have been proposed to mitigate nonlinear distortions
in A-RoF systems [10,11]. Simultaneously, there is growing interest
in machine learning (ML)-based linearization methods, with numer-
ous supervised learning solutions based on artificial neural networks
(ANNs) being proposed and evaluated, showing significant improve-
ments [12-15]. In particular, our research group has been developing
ML-based linearization schemes for A-RoF systems, including cascaded
A-RoF with power amplifier (PA), as well as ML-based models ca-
pable of simultaneously addressing both linear and nonlinear effects,
such as chromatic dispersion [16-19]. Classical models, such as the
one proposed in [10,11] are sensitive to amplitude and require re-
calibration when the quiescent operating point changes. Additionally,
system responses naturally drift over time due to aging, necessitat-
ing periodic retraining. In contrast, ML-based solutions offer superior
adaptability, reducing the need for frequent recalibration. Their gen-
eralization capabilities allow them to maintain performance despite
variations in system behavior. Moreover, while training ML models
can be resource-intensive, the inference process is computationally
efficient, making them suitable for real-time applications where perfor-
mance and efficiency are critical. These advantages position ML-based
methods as a promising alternative to traditional models in nonlinear
system modeling. This approach requires a representative dataset, en-
compassing all potential effects in an A-RoF system. One method to
generate datasets for training ANNs involves creating synthetic data
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Fig. 1. Block diagram of the equivalent baseband model for an analog radio-over-fiber
system.
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using mathematical models that represent the nonlinearities of A-RoF
systems. However, fully capturing all potential effects in A-RoF systems
through modeling is a complex challenge. Preferably, datasets can be
generated using experimental or deployed A-RoF systems, but most
studies utilizing real data do not make their datasets available for train-
ing the models [12,13,15]. This limitation significantly hampers the
research community in developing innovative linearization schemes,
which could substantially propel advancements in this domain.

The primary contribution of this paper is to provide access to a
dataset derived from a real A-RoF system, which is described in detail
later in this paper. We aim to facilitate research and development
of innovative linearization schemes based on ML algorithms, among
other possible applications, by making this dataset openly available
to the research community. The second contribution is related to a
detailed analysis of the memoryless polynomial model employed to
represent the MZM nonlinearities. We demonstrate that this model
can effectively map the input and output of A-RoF systems, enabling
the construction of an accurate model to characterize A-RoF systems
operating under various power and bandwidth configurations. This
model can be utilized to generate new datasets for different protocols
and waveforms, thereby reducing the necessity of costly experimental
setups. Finally, we show that the synthetic data generated by the
models presented in this paper closely aligns with the real system.
We also evaluate the training process using synthetic data to train
the neural network, which was subsequently tested on real data from
our experimental setup. The results were promising, demonstrating
that neural networks can be effectively trained with synthetic data for
A-RoF system linearization. This approach facilitates the generation
of large volumes of controlled data, which is crucial given that ML-
based solutions are highly data-dependent. Moreover, we show that the
trained model can be successfully applied to implement DPD in real
systems, where it generalizes well to practical scenarios without the
need for extensive data collection for each new system.

By providing this dataset and the accompanying analysis, we hope
to enable researchers to develop effective linearization schemes for
A-RoF systems. These schemes will support flexible and dynamic RF
power allocation, which is crucial for addressing the connectivity needs
of unserved or underserved remote regions. Ultimately, the work pre-
sented in this paper aims to contribute to the development of cost-
effective and efficient solutions for bridging the digital divide and
providing ubiquitous communication coverage in the 6G.

2. System description and models

Before exploring the experimental approach employed to compile
our dataset, we present an overview of the system and the signals
incorporated within it, alongside a baseband equivalent model that
depicts the MZM used in A-RoF systems, illustrated in Fig. 1.

In this diagram, the transmitter block produces digital samples
of a generalized frequency division multiplexing (GFDM), or other
suitable waveform. The employed waveform for characterizing the
nonlinearities of the optical modulator must be capable of driving the
device into various operating conditions. This means that the waveform
must have sufficiently large dynamic range, characterized by a high
peak to average power ratio (PAPR). The GFDM waveform meet this
criteria and was chosen for characterizing the MZM optical modulator
employed in this work. Fig. 2 illustrates a set of digital samples of
the GFDM waveform, indicating where the standard deviation (¢) and
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Fig. 2. GFDM waveform: (a) real part; (b) imaginary part.

(30) are situated. This demonstrates that the waveform includes values
exceeding 30, thereby enabling the exploitation the full dynamic range
of the optical modulator. In other words, it is an adequate waveform
for characterizing the nonlinearities of the device. In this regard, GFDM
modulation shares similar properties with the orthogonal frequency
division multiplexing (OFDM) used in 5G [20]. GFDM is a multi-carrier
waveform that enhances the OOBE control through the use of well
designed pulse shaping filters [21]. This is particularly interesting for
communications in remote areas utilizing TVWS technology.

GFDM is a non-orthogonal waveform with M sub-symbols in each
of K sub-carriers. The vector containing the GFDM digital samples can
be written as [22]

v=Ad, (@)

where A € CKMXKM | represents the transmit matrix, while d € CKMx1
denotes a data block comprising N elements. Hence, the total number
of symbols is given by N = KM.

Other waveform alternatives, such as universal filtered OFDM
(UF-OFDM), filtered OFDM (F-OFDM) and filterbank multicarrier
(FBMC), may present varied trade-offs in complexity, spectral effi-
ciency, channel condition robustness, and system compatibility. The
choice of a waveform for a specific application depends on the
requirements of the scenario, including the need for spectral efficiency,
tolerance to latency and robustness to channel impairments [23].

The A-RoF TX Block consists of a laser diode (LD), a polarization
controller (PC), an MZM modulator, and an adjustable direct current
(DC) source for the bias voltage (Vips). We selected the MZM for
our experiment primarily due to its capability to handle high RF
power levels before significant distortion occurs, while maintaining
an acceptable insertion loss. It is worth noting that direct modulation
could also be employed as a more cost-effective alternative. However,
the nonlinear models typically used to characterize MZM nonlinearities
may not accurately represent the behavior of directly modulated lasers,
which necessitates further investigation. The LD emits light, which
is then modulated by the MZM. Inside the MZM, the optical carrier
is split into two separate paths. The RF electrical signal is applied
to the electrodes along one of these paths, modulating the phase
of the light in that arm of the interferometer. This configuration is
known as a single-drive MZM. When the two paths recombine, the
constructive and destructive interference between the phase-modulated
and unmodulated light results in intensity modulation of the optical
carrier, which directly corresponds to the RF signal. At the receiver, a
direct detection mechanism is employed to recover the RF signal from
the intensity-modulated optical carrier.

The MZM is typically biased at the quadrature point to mitigate non-
linearities, where the transfer function is most linear. This is achieved
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by setting the bias voltage (Vp55) to half of the voltage required for a
phase shift of z radians (V) in the interferometer arms, i.e., Vgias =
V. > Operating at the quadrature point minimizes distortions intro-
duced by the modulator. The MZM, polarized by a DC voltage supplied
by the V3155 block, exhibits a memoryless nonlinear behavior that can
be described by the following transfer function [10]:

J-1
Vo= 2 hylo,l 0, @
Jj=0

where h; represents the coefficients of the polynomial model, with J
denoting the non-linear order of the model, v, stands for the GFDM
input signal samples and y, the output signal. In matrix form, this
model can be expressed as

y=Vh, 3)

where h = [hg, hy, ..., h;_;]T,h € C'¥! is the column vector containing
the coefficients of the model, with (-)T denoting the matrix transposition
operation, y = [yg, y1, ..., yn_11%,y € CVX! represents the output signal,
whereas V € CN*/ is an input matrix described as follows

V=0 v, “)
where
lvol’ vg
. log v,
v = ) . (5)
lon_ilonoy

At the receiver side, the photodetector (PD) may also potentially in-
troduce nonlinear distortions, depending on the incident optical power.
Considering remote and rural areas, PD will likely be situated far away
from the transmitter. This allows us to simplify the model and disregard
distortions produced by PD, due to the low optical power of the incident
beam [24]. As such, the PD will only introduce noise:

Z=y+W, (6)

where w is the noises produced in the PD and associated electronics
(see [7] for details) given by w € CN*1,

This model can be used to generate a simplified synthetic dataset
for designing ML-based linearization schemes. The synthetic dataset
consists of pairs of input signals (v;) and their corresponding output
signals (z;) obtained by simulating the A-RoF system. While this dataset
provides a valuable starting point for developing ML-based lineariza-
tion techniques, fine-tuning and validation using experimental data
from A-RoF system are essential to create robust solutions.

3. A-RoF dataset acquisition setup

While the simplified model and synthetic dataset provide a founda-
tion for understanding the behavior of an A-RoF system, it is crucial
to validate and refine the linearization techniques using experimental
data from a real-world setup. In this section, we describe our spe-
cific experimental configuration designed to acquire a comprehensive
dataset for an A-RoF system. Fig. 3(a) presents the block diagram of the
A-ROF system, while Fig. 3(b) shows a photograph of the experimental
setup. The process begins with a tunable laser from Golight, which
generates a 1550.12 nm carrier with a optical power of 4 dBm. This
carrier is subsequently introduced into a MZM, the FTM7920FBA model
from Fujitsu, characterized by an insertion loss of approximately 5 dB.
Despite being a specific type of modulator, it is highly representative
of optical modulators in general due to its common usage. A PC is
utilized to adjust the polarization of the light before feeding the MZM
due to its sensitivity to polarization. An RF signal is fed into the PA
before being introduced to the MZM. The class A PA is configured
with sufficient back-off to ensure operation within its linear region,
staying well below the 1 dB compression point. This setup is designed
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Fig. 3. The proposed setup to generate the dataset.

to deliver high RF power (up to 15 dBm) at the RF input without
introducing signal distortion. This approach allows for a high-power,
undistorted signal to be provided at the MZM input, which cannot be
achieved solely with the software-defined radio (SDR) RF front-end.
Subsequently, the RF signals modulate the optical carrier through the
MZM. This RF signal, centered at 707 MHz, is produced by a SDR-based
5G transceiver, specifically a National Instruments Universal Software
Radio Peripheral (USRP) 2954R, which is connected to a desktop.
The MZM is precisely biased to its quadrature point by adjusting its
polarization voltage (Vpia5) to 1.1 V, using a Keysight (E3640 A) power
supply. For enhanced long-term stability in a production environment,
the use of a dedicated MZM bias controller is recommended.

At the reception, a PD from EoT (model ET-5000F) receives the
incoming —2 dBm optical signal. The modulation, signal processing,
and coding were implemented using the GNU Radio framework for
a real-time solution. The dataset is acquired by employing two Data
Sync blocks from the GNU Radio Toolkit, which store the digital
samples of the transmitted GFDM signal before the USRP RF front-
end and after the received signal is sampled. It is important to note
that the SDR front-end receiver was configured with an oversampling
factor of four, ensuring that the captured signal includes any out-
of-band distortions. A preamble is inserted at the beginning of the
frame to enable time synchronization between the transmitted and
received signals, as illustrated in Fig. 4. Synchronization is achieved by
computing the cross-correlation between the transmitted and received
datasets, identifying the index corresponding to the peak correlation.
Once synchronized, the data becomes available for training ML-based
model aimed at designing the linearization scheme.

Fig. 5 presents part of the GNU Radio flowgraph for the transmitter
and receiver, illustrating the dataset acquisition process. The complete
flowgraph diagram of the SDR-based 5G transceiver incorporates ad-
ditional processing blocks. In Fig. 5(a), the File Sink Block stores the
undistorted GFDM waveform samples that are transmitted to the UHD
USRP Sink block, which sends the samples to a USRP 2954R device.
These samples serve as dataset labels. The hardware device generates
the analog RF GFDM signal, which is applied to the A-RoF system.
The RF signal at PD output is sent to the receiver hardware, which
samples the signal with a four-times oversampling factor to capture any
out-of-band distortions necessary for linearizing the optical modulator

Optics Communications 590 (2025) 131949
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Fig. 4. Synchronization between transmitted (Tx) and received (Rx) data with pream-
ble signaling.
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(b) Simplified GNU Radio flowgraph of the Receiver.

Fig. 5. The simplified diagram of the GNU Radio flowgraph to illustrate the process
of acquiring the dataset.

response. The UHD USRP Source Block, shown in Fig. 5(b), captures the
analog signals connected to the USRP device, converts them into digital
form, and feeds the digital samples into the GNU Radio flowgraph for
further processing. Another File Sink captures the received samples,
which have undergone the nonlinearities of the A-RoF system. After
synchronization, these samples serve as training instances, enabling the
learning of distortions characteristic of the A-RoF system.

4. Experimental validation, dataset description and utilization

This section reports the practical validation of the memoryless
polynomial model described by (2) and the dataset description and
guidelines for utilization.

4.1. Experimental validation of memoryless polynomial model

In the GNU Radio SDR-based 5G transceiver project, we store the
digital samples of the transmitted and received GFDM waveform. After
performing the synchronization process detailed in the previous sec-
tion, we applied the normal equation to estimate the coefficients of the
memoryless polynomial model for a given nonlinearity order J. The
normal equations can be described as

h= [VEV] ™ Vi, %)

here, h € C’/*! represents the coefficients of the memoryless poly-
nomial model, V denotes the regression matrix as defined in (4), and
z is specified by (6). For example, the coefficients of the polynomial
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Fig. 7. Comparison between the measured and estimated spectra using a memoryless
polynomial model for a 3 MHz bandwidth signal at 10 dBm RF power input to the
MZM..

model for an input signal of 10 dBm at the MZM with a bandwidth of
3 MHz, using J =2, are given by

_ | 1.1641 +j0.3312

" |-1.5533 — j0.4325| " ®

It is important to note that varying RF power levels and signal band-
widths will yield different coefficients for the model. The coefficients
for all combinations of RF power and bandwidth can be estimated using
the dataset provided in this paper and applying to Eq. (7).

The experimental validation of the polynomial model was con-
ducted by comparing the actual output of the A-RoF system with
the output generated by (3) using the coefficients derived from (8).
Fig. 6 shows the real and imaginary components of the transmitted,
received, and modeled GFDM signals. We observe that the memoryless
polynomial model effectively captures the behavior of the A-RoF sys-
tem, as evidenced by the comparison between the actual and modeled
responses. This indicates that the model serves as an excellent tool for
representing the A-RoF system under specific conditions. However, if
the parameters of the A-RoF system change, the coefficients will also
change, necessitating recalculation.

Fig. 7 presents a comparative spectral analysis between the mea-
sured and estimated data. The last one was estimated by the memory-
less polynomial model. The measured data was collected using a 3-MHz
bandwidth signal with 10 dBm of RF power at the MZM input. The es-
timated signal was derived by applying the transmitted signal samples
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Table 1
Characterization of the MZM nonlinear model as a function of nonlinearity order with
a 10 dBm RF input signal.

Nonlinearity Order MSE NMSE (dB)
J=2 2.6584 x 1075 —25.7538
J=3 2.4566 x 1073 —26.0966
J=4 24541 x 1073 —-26.1010
J=5 2.4541 %1075 -26.1011
J=6 2.4539x 1073 —26.1014
J=1 24539 x 1073 -26.1014
1
0.8+
0.6 -
N
0.4+
0.2+ TX Data
« RX Data
« Modeled RX Data
0 | 1 |
0 0.2 0.4 0.6 0.8 1
v

Fig. 8. Input magnitude as a function of output magnitude for 7 dBm RF power at
MZM input.

to the memoryless model, with J = 2 as the memoryless polynomial
model nonlinearity order and coefficients defined in (8). This result
underscores the capability of the model to accurately approximate the
actual data across the entire frequency spectrum.

We further validate the memoryless polynomial model by com-
puting the absolute values of the signal input as a function of the
signal output and comparing them with the actual data from the A-RoF
system, as illustrated by Fig. 8. The memoryless polynomial model
successfully captures the output of the A-RoF system, which endorses
its suitability for representing such systems. Moreover, we explored
various orders of nonlinearity and assessed the mean-squared error
(MSE) and normalized mean square error (NMSE) between the actual
output of the A-RoF system and the output predicted by the memoryless
polynomial model, as demonstrated in Table 1. Alternative orders
of nonlinearity (J) can effectively model the A-RoF system, yielding
comparable levels of MSE and NMSE, which can reduce complexity by
employing lower orders of nonlinearity.

4.2. ML-based pre-distortion

In this sub-section, we present the linearization results of a ML-
based DPD scheme, previously described by us in [16]. The goal is to
demonstrate the applicability of the proposed dataset for training a ML-
based model and validate its linearization performance for the proposed
real dataset. Initially, the proposed dataset was used to estimate the
memoryless model coefficients for a desired bandwidth and RF power
level. We selected a 3 MHz signal with an RF power of 10 dBm and
varied the nonlinearity order (J) from 2 to 7. Each nonlinearity order
resulted in distinct coefficient vectors, since h € C/*!,

Regarding the ML-based model, we employed a multi layer per-
ceptron (MLP) neural network with the hyperparameters described
in Table 2. The training was done throughout 750 epochs using a
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Table 2
MLP Neural Network hyperparameters.

Hyperparameter Input Hidden
Layer Layer 1

Hidden
Layer 2

Hidden Output
Layer 3 Layer

Number 2 512 256 128 2
of
Neurons

Activation Linear ReLu ReLu ReLu Linear

Function

Solver Adam

Loss Mean Squared Error
Function

Epochs 750

Batch Size 8192

Table 3
DPD performance for distinct Nonlinearity order.

Nonlinearity =~ EVMgy5(%) NMSE (dB)

ACLR (dB)

Order Without ~ With Without ~ With Without ~ With
DPD DPD DPD DPD DPD DPD
J=2 6.31 1.94 -22.21 -28.31 -29.27 —34.24
J=3 6.22 3.81 —-22.29 —24.44 —-29.00 -30.37
J=4 6.74 4.48 -21.78 -23.02 -29.37 -30.62
J=5 6.39 3.38 —22.06 —24.57 -28.61 -30.50
J=6 6.55 3.89 -21.89 —23.86 -28.79 -30.47
J=17 6.06 3.52 -22.49 -23.07 -28.97 -31.40

8192-samples batch. The number of epochs and neurons per layer
were heuristically selected throughout observations during the training
process. Hence, the linearization performance could be enhanced by
conducting an exhaustive grid search to identify the optimal hyper-
parameters. During the training first epochs, MSE was about 10-3. In
addition, MSE rapidly decreases for the next epochs achieving ~ 107.
The first approach involved training the neural network using synthetic
data, while the second approach was based on trained the MLP with
real data from the provided dataset.

The performance evaluation was conducted with OFDM signals.
This approach allows for validating the applicability of the dataset
when different waveforms are employed, as the dataset includes the
GFDM waveform. The generated OFDM signal has 2048 subcarriers,
each one modulated by a 256-quadrature amplitude modulation (QAM)
symbol, with a sampling rate of 3.84 x 10° samples per second. An
oversample factor of 4 was used to enable visualize the out-of-band
distortions due to the optical modulator. The OFDM samples energy
was adjusted to ensure the same energy considered in the provided
dataset. Table 3 shows the linearization performance as a function
of MZM nonlinearity order (J) for the ML-based DPD trained with
synthetic data. We varied the nonlinearity order parameter from 2 to
7 to identify the order that best characterizes the nonlinearities. The
best results were achieved for J = 2, with improved root mean square
error vector magnitude (EVMgys) from 6.31% to 1.94%. The NMSE
and adjacent channel leakage ratio (ACLR) metrics were also enhanced,
with improvements of approximately 6 dB and 5 dB, respectively.

We also utilized the provided dataset containing real data to train
the ML-based DPD scheme. In this evaluation, the MLP-based neural
network was retrained exclusively with real data, rather than synthetic
data. The trained model was then tested on an OFDM signal using
the same parameters as in the previous analysis. Similar results were
achieved using this approach, with the EVMgy;s improving from 6.24%
to 1.98%, while the NMSE and ACLR improved by 6.26 dB and 4.27 dB,
respectively. It is important to note that the dataset was composed
of samples of a GFDM signal, whereas the evaluation was performed
for an OFDM signal. These results demonstrate that, regardless of
the waveform used to generate the dataset, it is possible to design
robust linearization schemes for different waveforms. As previously
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mentioned, the waveform used to compose the dataset must have a high
dynamic range, characterized by a high peak PAPR. This characteristic
enables the capture of MZM nonlinearities, which are crucial for the
proper design of the linearization scheme, whether it is based on ML
solutions or not.

Finally, we conducted a new training process using synthetic data
to train the neural network, which was subsequently evaluated on real
data from our experimental setup. The objective was to assess the
feasibility of using synthetic data for training ML-based linearization
schemes in practical implementations. Fig. 9 illustrates the spectra
for the received GFDM signal, with and without DPD technique. The
approach yielded comparable results, with the EVMgy;g improving from
8.03% to 2.43%, and enhancements of 3 dB in NMSE and 3.8 dB
in ACLR. These results demonstrate that synthetic data can be effec-
tively employed to design linearization schemes for real-world datasets,
reducing the need for extensive and costly acquisition of real data.
It is important to emphasize that the models and coefficients used
to train the DPD scheme must accurately represent the nonlinearities
of A-RoF systems, which may require precise initial characterization,
as highlighted in this paper. Fig. 10 illustrates the constellation of
the received GFDM signal with and without ML-based DPD. The blue
markers represent the signal constellation without DPD, while the red
markers depict the improved constellation with DPD applied, indicating
reduced distortion.
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4.3. Dataset description and guidelines

The dataset was generated using 4-dBm optical power and RF signal
centered at 707 MHz, with varying bandwidths, i.e. 3, 6, 12, 24 and 50
MHz. To compile a comprehensive dataset, we collected transmitted
and received digital samples across various RF power levels. More
specifically, we transmitted, received, and stored samples of RF signals
across a range of RF power levels, from 0 to 15 dBm. For each
configuration, we have stored 33536 samples, corresponding to one
oversampled GFDM symbol. Each symbol comprises 2048 subcarriers,
along with 128 samples for cyclic prefix and 64 for cyclic suffix,
leading to 8384 samples for GFDM symbol before the oversampling
process and 33536 after. This approach enables the capture of nonlinear
behavior across a spectrum of intensities, ranging from mild to severe
nonlinearities, as the nonlinearities inherent in A-RoF systems are
power-sensitive.

We grouped each pair of datasets corresponding to the transmitted
and received samples obtained at each tested RF power level. Therefore,
eleven datasets pairs were produced, which can also be amalgamated
to form a new dataset encompassing all the results, tailored to specific
usage requirements. This can enhance the generalization capacity of
the linearization scheme, resulting in robust solutions, which represents
one of the most compelling aspects of employing ML in linearization
schemes. The dataset has been pre-synchronized using the method
detailed in Section 3, thereby ensuring that each training instance
is appropriately matched with its corresponding label. The generated
dataset is accessible on GitHub via the link provided in this paper.

Upon downloading the dataset from the repository, a DPD schemes
can be designed. As an example, consider a dataset for 6-MHz and a
5-dBm powerRF signal. Algorithm 1 outlines the procedure to use the
dataset to train a ML-based DPD scheme tailored for an A-RoF system.
Selecting the appropriate ANN model is crucial for implementing ML-
based DPD. Given that the memory effect of the A-RoF system can be
disregarded, the MLP stands out as a compelling choice due to its trade-
off between complexity and performance. [11,16]. After training the
ANN, the weights must be saved in hierarchical data format version
5 (h5) and the ANN structure in a json file. These files can be loaded
into an SDR-based transceiver to implement the ML-based linearization
scheme for real A-RoF systems.

5. Conclusions
This paper introduced a comprehensive dataset generated from an

experimental A-RoF system, available on GitHub. The current dataset
encompasses GFDM signals with RF power ranges from 0 to 15 dBm,

Algorithm 1 Training a neural network for DPD

1: Load transmission data (tx_data) from file as complex numbers

2: Load received data (rx_data) from file as complex numbers

3: Prepare the training dataset:

4 Concatenate real and imaginary parts of rx_data to form
train_matrix

5: Concatenate real and imaginary parts of tx data to form
train_labels

6: Design the Neural Network:

7: The input layer will have two neurons

8: Select the number of hidden layers, determine the activation
function type, and specify number of neurons for layer

9: The output layer will have two neurons

10: Compile the model

11: Train the model using the selected configuration for a predefined
number of epochs and a specified batch size

12: Save the trained model and model structure to files (.h5 and . json).

Optics Communications 590 (2025) 131949

capturing distinct nonlinear behaviors as the nonlinearities within the
A-RoF system intensify with increasing RF power. The dataset includes
signals with bandwidths of 3, 6, 12, 24 and 50 MHz. By making this
dataset open, we aimed to enhance the reproducibility of research,
enabling researchers to compare results, validate models, and build
upon existing work. Furthermore, this initiative could foster collabo-
ration among researchers, leading to the development of more robust
linearization techniques, advancing the field of ML-based linearization
schemes.

Additionally, the paper presented the experimental validation of
a memoryless polynomial model to represent A-RoF systems. This
approach aids the generation of synthetic datasets to design new lin-
earization schemes. When compared with the actual A-RoF output
from practical experiments, the model yielded MSE and NMSE values
close to 10~ and —25 dB, respectively. This theoretical comparison
underscored the proposed mode potential in simulating A-RoF systems,
contributing and promoting technological advancement through open,
collaborative research efforts.

Finally, the provided dataset offers valuable contributions to the
design of linearization schemes for A-RoF systems. By utilizing this
dataset, researchers can estimate the memoryless model coefficients for
various RF power levels and bandwidths. This enables characterizing
the memoryless nonlinear model to generate new sets of input and
output signals tailored to distinct waveforms, protocols, and specific
requirements. While we emphasized the potential of this dataset in sup-
porting the design of ML-based linearization schemes, its utility is not
confined to ML solutions. It can also be employed in the development
of a wide range of linearization schemes, including those not based on
machine learning. Moreover, the dataset can be used to test new models
for optical modulators, including electro-optic modulators. Researchers
can apply the input sample from our dataset as a reference or label
when using ML-based solutions, generating a distorted version of the
signal by passing it through their model. This allows training with
labeled data and adapts the dataset to various system configurations,
including changes to components such as optical power, dispersion, and
modulation format.
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