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Highly Linear IoT-over-Plastic Optical Fiber Transmission with low

complexity Cluster-based Predistortion.
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Abstract—— In the context of ultra-low end applications
such as smart homes, smart vehicles and Industrial Internet
of Things (IIoT), the use of Plastic Optical Fibers (POFs) as
communications backbone to enable the convergence of wireless
and optical systems has emerged as a cost-effective and ruggedi-
zed solution. The transmission of standalone Narrowband IoT
(NB-IoT) signals through large-core Step-Index POF (SI-POF)
can be achieved by directly modulating a laser diode at the cost
of introducing non-linear effects. In this work, the performance
of a Radio-over-POF (RoPOF) link is enhanced by Digital
Predistortion (DPD) using a memoryless polynomial approach
whose complexity is reduced by scaling down the number of
samples using a novel technique that preserves the data statistics
by organizing the data into a number of clusters.

Index Terms—Radio over Plastic Optical Fiber (RoPOF), non-
linearities, predistorsion techniques.

I. INTRODUCTION

THE implementation of new paradigms such as smart
homes, autonomous vehicles and Industry 4.0 demands

a large number of connections among many low-power
heterogeneous devices, which can be realized through the
narrowband wide-area cellular transmission standard termed
Narrowband Internet of Things (NB-IoT). This standard was
developed by 3GPP [1] to support ultra-low end applications
with extended coverage in combination with existing cellular
technologies as Long Term Evolution (LTE) [2]. Currently, 5G
architectures encompass mobile broadband, massive machine-
type and critical communications, forming the backbone of
intelligent IoT systems. As we transition toward 6G, these
systems are expected to incorporate Artificial Intelligence (AI)
to enable real-time decision making, requiring efficient IoT
devices [3]. Given that AI algorithms rely on vast datasets
and computational intensive training, both of which demand
high transmission speed and low latency, future smart systems
will increasingly require robust backhaul infrastructures. To
support these evolving necessities, different optical cooperative
technologies, such as fiber-wireless (Fi-Wi) networks, free
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space optical (FSO) systems, and Radio-over-Fiber (RoF)
solutions have been proposed to deal with cellular or unli-
censed IoT ecosystems [3]–[5]. In particular, RoF emerges as
a key enabler by exploiting the high spectral efficiency, broad
bandwidth, and low attenuation of fiber-optic infrastructure
to act as the backbone for next-generation networks. This
architecture facilitates the transport of radio signals and AI-
related data between distributed edge nodes and centralized
processing units, supporting the stringent latency and through-
put requirements of future IoT applications.

In long-haul scenarios, singlemode or multimode glass
fibers are the preferred option to constitute the wired back-
bone. However, in very-short-area environments, where it
is imperative to curtail installation and maintenance costs,
the fast deployment of NB-IoT services can be achieved by
using Plastic Optical Fibers (POFs). In fact, POFs made of
perfluorinated polymers with Graded Index (GI) profiles offer
transmission performance comparable to that of multimode
glass fibers, and have proven excellent performance in different
Radio over POF (RoPOF) systems [6]–[8]. On the other hand,
Poly(methyl methacrylate) or PMMA-based POFs, remain
widely adopted in automotive and domestic environments [9].
Their larger core diameters (typically 980 µm) and higher
numerical apertures (up to 0.6) make them easy to be handled,
which simplifies installation and reduce operational costs.
In addition, PMMA-based POFs display high resistance to
impacts and harsh temperatures, and have low curvature
and misalignment losses compared to those of glass and
fluoropolymer-based fibers. These features make them well-
suited to rugged and hostile environments, such as factories
or aircraft [10]. Moreover, in terms of power efficiency and
energy conservation, a notable advantage of IoT-over-POF
systems is their capacity for reliable remote power delivery
[11], [12]. In spite of these advantages, the use of large-core
PMMA-based POFs has been mainly restricted to transmit
baseband signals, using advanced modulations formats to
enhance their performance [13]. Although 5G radio signals
have been successfully transmitted through 50 and 75 meters
of large-core PMMA GI-POFs [14], [15], very few attempts
to use Step Index POFs (SI-POFs) in this context have been
reported [16], [17]. However, even the scarce bandwidth of
large-core SI-POFs can potentially cope with the transmission
of narrowband signals provided the carrier frequency is below
2 GHz [18].

Considering the transmission limitations of SI-POFs, the
NB-IoT standard presents a suitable framework for evaluating
their performance in RoPOF links. NB-IoT is based on Or-
thogonal Frequency Division Multiplexing (OFDM) modula-
tion for downlink transmission in the three possible operational
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modes: inband, guardband and standalone, each with a signal
bandwidth of 180 kHz. In the standalone mode, the carrier
frequencies range from 925 MHz to 960 MHz, spaced at
200 kHz [2]. These characteristics make standalone NB-IoT
a promising candidate for demonstrating the feasibility of
SI-POFs in short-range RoPOF applications. Large-core POFs
offer the advantage of easy coupling with cost effective light
sources, such as visible-light laser diodes, which support direct
modulation and eliminate the need for expensive external mod-
ulators. On the other hand, OFDM-like signals are especially
susceptible to nonlinear distortions which can readily occur
in RoF transmission, not only at the power amplifiers, but
mainly across different components of the optical link [19],
[20]. Therefore, the application of specific techniques such
as Digital Predistortion (DPD), is necessary to mitigate the
system non-linearities while using high RF powers at the
transmission end without detriment to the link power budget.

The memory polynomial model approximation to the
Volterra series can describe most non-linear systems by vary-
ing its memory depth and polynomial order [21]. This model
has been customarily used to improve the transmission per-
formance in RoF links [22] and for NB-IoT applications [23].
However, the implementation of DPD in NB-IoT transmis-
sion represents a significant source of power consumption,
posing a critical challenge for energy-efficient system design.
Therefore, feature selection and feature extraction techniques
have been proposed to reduce the complexity of obtaining the
model and DPD parameters from experimental data [24], [25].
Undersampling strategies produce shorter data sequences, but
they do not represent well the statistical properties of the
system leading to less accurate models [26]. To overcome
this problem, histogram-based methods have been proposed to
reduce the number of data samples taking into account their
statistical distribution [27], [28]. Following the later strategy,
this work proposes a novel technique based on clustering to
alleviate the computational requirements of DPD based on
the polynomial model. The data is organized into a number
of clusters before applying a sample reduction technique
that preserves a higher proportion of data in the clusters
which are more significant to represent the non-linear system
behavior. To test the proposal, we implemented a Radio-over-
POF (RoPOF) link designed to transmit downlink standalone
NB-IoT signals through SI-POFs of different characteristics
and lengths. Results demonstrate that the good performance
of SI-POF for the transmission of NB-IoT can be enhanced
by using the proposed Cluster-Based Sample-Selection (C-SS)
method to extend the linear operative range of the link.

The main contributions of this paper are:

• The demonstration of the viability of single channel
standalone NB-IoT over SI-POFs longer than 50 meters
and the identification of the optical transmitter as the
cause of non-linear distortion at high RF input powers.

• The proposal and validation of a sample selection method
based on clustering to reduce complexity in DPD extend-
ing the range of usable input RF powers.

The remainder of this paper is structured as follows:

• Section II describes the experimental testbed and results

of the transmission of NB-IoT signals through SI-POFs.
• Section III introduces our proposed technique of sample

selection based on data classification in clusters to iden-
tify the DPD model with reduced complexity.

• Section IV evaluates the transmission of the DPD signals
over the implemented link to assess the effectiveness of
the proposed method.

• Section V discusses the results and points to potential
directions for future research.

• Section VI summarizes our findings and conclusions.

II. STANDALONE NB-IOT ROPOF TRANSMISSION

This section is organized in two subsections. The first
describes the experimental setup and equipment and details the
characteristics of the different components. The second shows
several examples of the measurements obtained for different
conditions to illustrate the behavior of RoPOF transmission.

A. Testbed for standalone NB-IoT RoPOF transmission

Fig. 1 is a schematic of the experimental setup developed to
implement a RoPOF link based on a directly modulated laser
diode (LD) to transmit downlink standalone NB-IoT signals
through a SI-POF spool. The transmitter was based on one
of the two LDs whose characteristics: threshold current, Ith,
maximum recommended bias current, Imax, maximum emitted
optical power, and peak wavelength λ, are specified in Table I.
The LD was biased and modulated using an LDM9T mount,
with DC and RF inputs. The range of bias currents, Ib, tested
for each LD are also included in Table I. They were chosen to
be as far as possible from the laser threshold current avoiding
saturation of the optical receiver.

TABLE I
LASER DIODES’ CHARACTERISTICS

LD model Ith (mA) Imax (mA) P (mW) λ (nm) Ib (mA)

L520P50 44 160 50 520 60-100

L515A1 28 110 10 515 80-110

The modulated laser output signal was transmitted through
a spool of one of the tested fibers whose characteristics are
in Table II. At the receiver end, the optical signal was con-
verted back to the electrical domain by an integrated receiver
SPD-2 520 (SPD). This SPD has a nominal bandwidth of
1.2 GHz and its responsivity has been optimized for green
light. We determined that the SPD entered saturation when
the averaged received optical power was above 2.66 mW
(4.25 dBm) at 520 nm.

A four-port Software Defined Radio (SDR) platform (Xil-
inx Zynq 7000) acted as digital/analog interface to generate
the downlink NB-IoT signals. This platform can support
analogue signals from 0.6 to 4 GHz with a bandwidth of
20 MHz. We chose the carrier frequencies at the lower and
upper limits of range specified by the standard for down-
link standalone NB-IoT: 925 MHz and 960 MHz [2]. An
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Fig. 1. Testbed for the RoPOF transmission of downlink standalone NB-IoT. The inset shows an schematic of the NB-IoT spectrum with the chosen carrier
frequencies in yellow.

schematic of the NB-IoT spectrum is shown in the inset of
Fig. 1, highlighting the two selected carrier frequencies. The
spacing between carriers is 200 kHz and their bandwidth is
180 kHz. Standard-compliant downlink NB-IoT signals with
QPSK modulation format were generated using a sampling
frequency of 1.92 MHz and oversampled by a factor of 16
before transmission improving symbol and frequency offset
estimation. The signal to be transmitted (output port Tx1) was
then amplified using a RF amplifier (ZHL4240, with 39 dB
minimum gain and 31 dBm saturation power). As our focus
was to assess and reduce the non-linear effects of the opto-
electronic system, we ensured that in all the experiments the
amplifier was working inside its linear range. The amplified
signal was divided to directly modulate the LD and to be fed-
back to the SDR board (port Rx1) to serve as reference (input
signal) and to monitor the behavior of the amplifier. At the
receiver end, the signal from the SPD was also split and sent
back to the SDR board through port Rx2 (output signal), and
to a spectrum analyzer (Agilent 4404B) to measure received
RF power.

The signals received at board ports Rx1 and Rx2 were
downsampled to 1.92 MHz before being used in Section III
to obtain the polynomial model and DPD signals. In the
experimental validation described in Section IV, the DPD input
signals were transmitted and the DPD output signals received
at port Rx2 were analyzed to assess the performance of the
DPD using our proposed method for sample selection. Signal
generation, processing, and transmission performance analysis
were carried out with a computer directly connected to the
SDR platform using software based on the LTE toolbox of
MATLAB.

We used three SI-POFs manufactured by Mitsubishi with
a core diameter of 980 µm and different numerical apertures
(NAs). The MH4001 (MH), also called ESKA-MEGA, is a low
NA fiber specifically designed for bandwidth-demanding ap-
plications. The GH4002 (GH) is a more standard SI-POF with
0.5 NA, also termed ESKA-PREMIER. Finally, the BH4001
(BH) has a thermoset polymer jacket to make it resistant to
high temperatures. Its higher NA implies that this fiber type
presents lower bandwidth-length products. PMMA SI-POFs
exhibit lower attenuation at green wavelengths compared to the
more commonly used red, which typically shows attenuation

values around 0.18–0.2 dB/m [29]. This motivated our use of
green-emitting LDs as optical sources. The fiber characteristics
are summarized in Table II. In the table, the range of spool
lengths used for each fiber type is also specified.

TABLE II
SI-POFS CHARACTERISTICS

Fiber NA Attenuation (dB/m) Lengths (m)

MH4001 (MH) 0.3 0.15 50-80

GH4002 (GH) 0.5 0.09 50-65

BH4001 (BH) 0.6 0.09 50

B. Measurements of standalone NB-IoT over POF

The previously described testbed was used for evaluating
the feasibility of large-core SI-POF based RoPOF links for
standalone NB-IoT transmission. For this purpose, we mea-
sured the received signals for different lengths of the three
SI-POFs (from 50 to 80 meters), using one of the two LDs in
the transmitter biased with several currents. Not all fibers and
lengths were tested with both LDs or for all bias currents.
The more suitable were chosen for each experiment and
will be specified in the text. Transmission performance was
quantified in terms of Error Vector Magnitude (EVM) and
Adjacent Channel Power Ratio (ACPR). In this subsection we
present two representative analyses. On one hand, we show
the performance for different fiber lengths of the increased-
capacity MH fiber, which is the one that allowed for longer
transmission lengths. On the other hand, we show the effect of
LD bias current over the performance metrics in the case of the
GH fiber, the most standard SI-POF. The temperature-resistant
BH fiber was also tested although transmission performance
was worse than with the other two fibers.

Figure 2 shows the EVM and ACPR (Fig. 2(a) and 2(b),
respectively) as a function of the RF input power (PRF−in in
Fig.1) for spools of different lengths of the MH fiber (60, 65,
70 and 80 meters). The LD employed was the L515A1, biased
at a constant current of 110 mA, and the carrier frequency was
925 MHz. The gray lines show the values of EVM and ACPR
of the reference signal in the corresponding graph. For all
fiber lengths, both EVM and ACPR exhibit similar behavior:
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Fig. 2. EVM (a) and ACPR (b) for the RoPOF transmission of downlink
standalone NB-IoT at 925 MHz. The signal was transmitted through various
lengths of MH, using the L515A1 biased at 110 mA.

their values initially decrease with increasing RF input power,
reaching a minimum and subsequently rise at higher power
levels. The high ACPR at low input powers is attributed to a
low Signal to Noise Ratio (SNR), while the increase at high
powers is indicative of system non-linearities. Notice that, at
higher input powers, the EVM increases at the same RF input
power level for all tested lengths. The differences between
fiber lengths emerge at lower RF input powers, where longer
fibers have higher EVM and ACPR, as SNR decrease with
fiber length due to attenuation and modal dispersion. In any
case, for all fiber lengths, there is range of input RF powers
were the EVM value is below the standard limit of 17.5 %
[1].

To assess LD bias current impact over transmission perfor-
mance, we transmitted downlink NB-IoT at a carrier frequency
of 925 MHz through a spool of 50 meters of GH fiber using
the L520P50 biased at 60, 70, 80, 90 and 100 mA. The
individual curves of EVM and ACPR shown in Fig. 3(a) and
Fig. 3(b), respectively, exhibit the same general behavior that
was described above. However, higher LD bias currents shift
the onset of non-linear degradation in EVM and ACPR to
higher input powers. We argue that, at lower bias currents,
close to the LD threshold, the high Peak-to-Average Power
Ratio (PAPR) of the downlink signal (9 to 12 dB) leads to
clipping of its lowest amplitude values, resulting in signal
degradation and spectral regrowth. Thus, the observed non-
linear effects at high RF input powers can be attributed to
the direct modulation of the LD, particularly when the bias
is closer to threshold currents. Therefore, to save energy
operating at lower bias currents, a technique to compensate
non-linear effects must be applied.

To illustrate the effects of these non-linear effects over the
NB-IoT standalone signals, we consider as an example the
transmission through a 50 meters GH fiber at 960 MHz for a
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Fig. 3. EVM (a) and ACPR (b) for the RoPOF transmission of downlink
standalone NB-IoT at 925 MHz. The signal were transmitted through 50 m
of GH, using the L520P50 source, biased at multiple current levels.
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Fig. 4. Experimental results of NB-IoT transmission at 960 MHz, 80 mA
bias current and 12.4 dBm RF input power: (a) Baseband PSD of input and
output signals. (b) AM/AM characteristic. Inset: QPSK reference (black) and
received (blue) symbols.

LD bias current of 80 mA and a PRF−in of 12.4 dBm. Fig. 4(a)
shows the Normalized Power Spectral Density (PSD) of the
input (black line), and output (blue line) signals. The system
attenuation, PRF−in−PRF−out was measured to be 37 dB in this
case. This power difference is not visible in the graph because
the PSDs have been normalized to reveal the spectral regrowth
at both sides of the output signal spectra. The representation
of the AM/AM characteristic shown in Fig. 4(b), confirms the
non-linear system behavior, and the QPSK constellations in the
inset illustrate its effects over the received data (blue). In this
case, the EVM and ACPR of the input signal were 3.6 % and
-46.6 dB, respectively. The EVM of the received waveform
was 10.76 % that is still below the standard specified limit for
QPSK modulation (17.5 %), but the ACPR was -38.33 dB,
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slightly above the limit of -40 dB.

III. DPD CLUSTER-BASED SAMPLE SELECTION (C-SS)
METHOD

In this section, we describe the proposed technique and
use experimental signals to illustrate its operation, to choose
its design parameters and to compare its performance to that
of other sample selection techniques. It is structured in three
subsections. The first explains the polynomial approximation
of the Volterra series to obtain the coefficients of the system
model and the DPD. The second describes the algorithm de-
vised to obtain the data organized in clusters and the selection
process (C-SS method). In the last section, the proposal is
compared to similar approaches.

A. Polynomial system and DPD models

To describe the non-linear behavior of the system and intro-
duce the DPD technique, we used the classical approximation
of the Volterra series by the memory polynomial model [21].
According to this model, the input-output characteristic of the
system for discrete-time signals of N samples can be described
through the following expression:

y (n) =

M−1∑
m=0

x (n−m)

P−1∑
p=0

wmp|x(n−m)|p, n = 1, . . . , N

(1)
where x (n) is the input signal, y (n) is the output signal
and wmp are the weights or coefficients of the model. In this
equation, P represents the order of the non-linearity, and M
the memory depth of the model.

To determine the values of memory depth and polynomial
order that best suit the non-linear behavior of our system, we
obtained the models (wmp coefficients) for different combina-
tions of both design parameters: P was varied from 1 to 11
and M from 1 (no memory) to 3. Modeling performance for
each case was obtained through the Normalized Mean Square
Error (NMSE), calculated as the normalized mean square of
the difference of the measured and modeled output signals:

NMSE = 10 log10

(∑N
n=1 |y (n)− ŷ (n)|2∑N

n=1 |y (n)|
2

)
, (2)

where y(n) is the output signal measured at Rx2, and ŷ(n) is
the output signal obtained with the model from the measured
input signal (Rx1). Additionally, in order have into account
not just modeling performance but also model complexity, we
applied the Akaike Information Criterion (AIC) as an overall
metric of the quality of each model that allowed us to select
the M and P values best suited to our data. The AIC was
computed using the following expression [30]:

AIC = 2Np + 2 (NMSE) , (3)

where Np is the number of parameters that in this case is P ·M ,
and NMSE is given in dB. The AIC and the model NMSE were
estimated for 126 pairs of input and output signals measured
under different conditions: fiber types, carrier frequencies, bias
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Fig. 5. Model NMSE error in dB (a), and Akaike information criterion (b), as
a function or the polynomial order P for memoryless models (blue), M = 2
(red) and M = 3 (green).

currents, and RF input powers. The values of the input RF
power were chosen in the range where the non-linear effects
were evident. Since no significant differences were observed
among the results obtained under different conditions, we
pooled the values from all signal pairs and calculated the
average and standard deviation for each memory depth and
polynomial order, which are shown in Fig. 5.

Fig. 5(a) illustrates that, although a memory depth of 2
yields a lower NMSE compared to the memoryless case,
further increase in memory depth does not lead to substantial
error reduction. Additionally, the average standard deviation
for M = 1 is lower at 1.09, compared to 1.87 for memory
depths of 2 and 3, respectively. The AIC values in Fig. 5(b)
further support that, for standalone NB-IoT transmission over
SI-POFs, memory depth is unnecessary which is consistent
with expectations given the narrow 180 kHz bandwidth of a
single channel. Although the average AIC curve for a one-
tap memory reaches its minimum at a 5th-order polynomial,
some individual cases show the minimum at order 7. Since the
AIC increase between orders 5 and 7 is marginal, we adopt a
7th-order polynomial model.

Once the design parameters of the RoPOF polynomial
model have been specified (P = 7, M = 1), we perform
the correction by introducing the C-SS DPD technique using
an indirect learning architecture (see Fig. 6). According to
this approach, in a first training stage the coefficients in
the feedback path are estimated using a Least Square (LS)
criterion, while in a second stage the predistorter is set using
a copy of the optimized feedback path coefficients.

Following the notation of Fig. 6 the estimated coefficients
of the feedback path α̂mp are those that, for a given pair of
system input and output signals x (n) and y (n), minimize the
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Fig. 6. Scheme of an indirect learning architecture for digital predistortion.

squared error:

N∑
n=1

|e(n)|2 =

N∑
n=1

|x(n)− x̂(n)|2 (4)

In fact, x̂ (n) can be described as a function of the polynomial
coefficients and y (n) as stated by the input-output characteris-
tic of the feedback path, that in the memoryless case (M = 1)
simplifies to:

x̂ (n) =

P−1∑
p=0

α̂pz (n) |z(n)|p, (5)

where α̂mp reduces to α̂p, as only P coefficients are necessary,
z (n) = y (n) /G is the input to the feedback path and G is
the system gain obtained as:

G =
1

N

N∑
n=1

|y (n)|
|x (n)|

(6)

In order to obtain the coefficients, Eq. (5) can be written in
vectorial form as:

x̂ = Z · α̂, (7)

where x̂ and α̂ are the estimated signal at the output of the
feedback path and the estimated coefficients in vector form
that, for discrete-time signals with N samples, can be written
as:

x̂ =
[
x̂ (1) x̂ (2) . . . x̂ (N)

]T
α̂ =

[
α̂0 α̂1 . . . α̂P−1

]T
(8)

while matrix Z has the following structure:

Z =
[
z1 z2 . . . zN

]T
zn =

[
z (n) |z (n)|0 z (n) |z (n)|1 . . . z (n) |z (n)|P−1

]
(9)

Consequently, the error can be expressed in vectorial form as:

e (n) = x− Z · α̂ (10)

Finally, the least squared solution of this expression can be
obtained by using the pseudoinverse of matrix Z, so that the
optimized coefficients can be calculated as:

α̂ =
(
ZH · Z

)−1 · ZH · x (11)

B. Cluster-based Sample Selection (C-SS) algorithm

As reducing the number of signal samples, N , to obtain
the DPD coefficients has a favorable impact on the computa-
tional complexity independently on the applied method, it is
desirable to consider some reduction technique to the collected
data. Sample reduction can be directly performed by choosing
a reduced number of the signals’ samples, but the selected
sample set would not convey the statistical distribution of the
original signals. Therefore, organizing the data prior to sample
reduction has been proposed to guide the selection process
of the most significant input-output data samples. Previous
proposals use the traditional histogram calculated dividing
the magnitude of the input and output signals into uniform
segments and counting the number of sample pairs in each
bin [27], [28]. Here, we propose a classification method to
organize the sample pairs into several clusters that tends to
generate a more uniform mesh than the histogram and confers
more flexibility to the selection process.

We begin forming pairs with the samples of the input
and output signal magnitudes (or AM/AM characteristic). The
classification of these sample pairs is performed by applying
the k-means or Lloyd’s algorithm [31], that organizes the
sample pairs into K clusters using the squared Euclidean
distance. The algorithm proceeds as follows:

1) Choose K initial cluster centers (centroids) using the
k-means ++ algorithm [32]:

• Select an observation randomly with uniform prob-
ability from the sample pairs as the first centroid.

• Compute distances to this centroid and select next
centroid randomly with a probability proportional to
the distance to the first centroid.

• Select each subsequent centroid with a probability
proportional to its distance to the closest centroid
already chosen.

• Repeat until K centroids are chosen.
2) Compute distances of all sample pairs to each centroid.
3) Assign each observation to the cluster with the closest

centroid.
4) Recalculate K new centroids as the average of the

sample pairs in each cluster.
5) Repeat steps 2 through 4 until centroids do not change,

or the maximum number of iterations is reached.
As a guide to assess a suitable number of clusters for our

measurements, we have used the Silhouette Criterion [33].
The Silhouette coefficient is defined for a sample pair as an
indicator of how closely it is matched to data within its cluster.
A value near +1 indicates that the sample pair is far away from
the neighboring clusters, while a value of 0 indicates that it is
very close to the decision boundary between two neighboring
clusters. For each of the 126 measured signals, we calculated
the Silhouette coefficients with different number of clusters
(from 4 to 64), and their average was obtained and presented
in Fig. 7 in a bar diagram including the standard deviation.
The results show that the maximum parameter value, 0.7560,
is found for 4 clusters, but further research reveals that this
value is too small to achieve a good sample selection. Thus,
we chose K = 16, whose Silhouette value is only slightly
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Fig. 7. Silhouette parameter averaged over all sample pairs of a set of
measurements.

lower than the maximum, 0.7456, and also has the minimum
standard deviation.

After the cluster classification has been completed, the
reduction of the number of sample pairs was performed by
dividing the number of samples in each cluster by a factor R
except when the cluster centroid was located at a significant
distance from the linear behavior of the system. The idea
is to keep the samples more representative of the non-linear
characteristic that we aim to model and to correct with the
DPD technique. Considering that (ckx , cky ) are the coordinates
of the centroid of the k-th cluster in the plane defined by
the AM/AM characteristic, the reduction indicator, rik, is
calculated by comparing the difference of the centroid position
to the linear behavior with its root mean squared (rms) value
averaged over all centroids:

∣∣cky −G · ckx

∣∣ rik → F
>
<

rik → T

1

K

K∑
i=1

√∣∣ciy −G · cix
∣∣2 (12)

This way, if this difference is lower than its rms value, rik is
false and the number of samples within the k-th cluster will be
reduced by factor R. Otherwise, rik is true, and the reduction
will be R′ < R. Fig. 8 illustrates the data classification and
selection processes for the same case considered in Fig. 4.
The sample pairs were organized in K = 16 clusters, and data
selection was achieved by using R = 16 and R′ = 4.

In Fig. 8(a), the AM/AM characteristic is shown represent-
ing the data within each cluster with a different color. This
data classification renders a relatively uniform partition of the
AM/AM characteristic. The cluster centroids are shown as
black circles, and the black dashed line extrapolates the linear
behavior shown at the lower input signal amplitudes, exposing
that the three clusters with the highest centroid magnitudes
deviate from the linear behavior. Fig. 8(b) shows the number of
sample pairs found within each cluster (light-colored bars), and
the selected number of pairs (dark-colored bars). According to
the proposed method, more data pairs in the clusters whose
centroids deviate from the fitting line are maintained in the
selection process. This strategy tends to equalize the number
of samples in the linear and non-linear portions of the AM/AM
characteristics leading to a better estimate of the model and
DPD coefficients. In this example, the number of selected
samples relative to the initial total number that from this point
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Fig. 8. System AM/AM characteristic after cluster classification (a); Number
of sample pairs and of selected pairs within each cluster (b). In both graphs,
different clusters are shown in different colors.

will be referred to as the Sample Selection Factor (SSF), was
of 6.5× 10−2. In Section IV, we will demonstrate that lower
SSFs can be achieved with good results.

C. Comparison of C-SS to undersampling and histogram-
based classification

In this subsection, we compare the performance of our
proposal to other approaches of data reduction using the
experimental signals obtained with the setup in 1. This time
we chose as an example the results obtained for a spool of
65 meters of the MH fiber type. In these experiments, the laser
was the L520P50 and the bias current 100 mA. The carrier
frequency was 960 MHz and the RF input power was 12 dBm.
We calculated the system and DPD coefficients reducing the
number of sample pairs by three different methods: taking
a reduced number of subsequent sample pairs (Undersam-
pling Sample Selection, U-SS), obtaining the two-dimensional
histogram and dividing the number of samples in each bin
by a factor R (Histogram Sample Selection, H-SS), and
finally using the C-SS described above. The predistorted signal
calculated with the DPD coefficients was used to compute the
simulated DPD output signal. We varied the value of R from
1 (no reduction) to 1500. We obtained the NMSE using Eq.
(2), where ŷ(n) is the simulated DPD output signal, and y(n)
is the target signal (that is, the input signal multiplied by the
system gain, G). The results are shown in Fig.9, as the NMSE
reduction (difference between the NMSE with and without
DPD) for the different methods. For the H-SS and the C-SS
methods, the algorithms were carried out 50 times. Each run,
the number of selected samples was randomly selected within
the bin or cluster, respectively. Thus, the curves for H-SS and
C-SS in the figure show the average values with a continuous
line and the standard deviations as error bars. On the right hand
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Fig. 9. Comparison of NMSE reduction for the DPD output signal obtained
with U-SS, H-SS and C-SS relative to the uncorrected output signal

side of the graph, the value for an SSF of 1 is the DPD with
no sample reduction (R = 1) that is the same for all methods.
The U-SS method does not converge from an undersampling
of 3× 10−2. The H-SS and the C-SS give similar results up to
an SSF of 4× 10−3 but the H-SS does not converge for lower
values. In these simulations, the results of the C-SS were still
valid for an SSF of 7× 10−4, although with a larger standard
deviation than for higher factors. The EVM and the ACPR
were also obtained for all cases but their behavior is similar
to the NMSE, and they are not shown here.

As far as the complexity is concerned, it is important to pay
attention to the required number of operations in the proposed
method to compare it to the other approaches. Before starting
the training stage, the squared magnitudes of the sample
pairs are obtained by 2 · 2 ·N products and 2 ·N additions,
resulting in a total of 6 ·N operations. These operations are
necessary for both the H-SS and the C-SS, but not for the
U-SS that feeds the input and output signals’ complex values
directly to the calculation of the DPD coefficients. The number
of operations required in the proposed clustering method to
obtain the cluster centroids (training stage) requires computing
the square of Euclidean distances of all two-dimensional
elements to the K centroids i.e. 2 ·K ·N subtractions. Several
iterations (I) can be necessary to obtain convergence, resulting
in I · 2 ·K ·N . As the convergence criteria imposed for the
iterations to stop is very stringent, we studied the convergence
of the algorithm and found that with a maximum of 100
iterations it succeeded 96 % of the times. When executed with
a reduced number of iterations, the algorithm converges to a
sub-optimal solution. We computed the NMSE error changing
the number of iterations from 1 to 100 and did not find
any significant variation of its average. We believe that the
reason is that the initialization was performed using the k-
means++ algorithm which provides a good seeding and that
the improvement given in subsequent iterations does not have
an impact in the extraction of the DPD coefficients [32]. The
clustering overhead depends on the number of initial samples
N , but it remains modest compared with the complexity of the
polynomial model when the number of parameters Np is large.
Using the complexity expressions reported in [27] for DPD
coefficient estimation, illustrative numerical examples can be
obtained. For instance, with 19200 samples, the clustering cost

is 6.1× 105, whereas an 11th-order depth-5 polynomial model
(Np = 55) requires 2.8× 108 computations. Even when the
number of samples is reduced to 300 (i.e., a sample selection
factor of 1.5× 10−2), the DPD computational cost remains
one order of magnitude higher than the clustering overhead
(5× 106). For a very low number of parameters, such as in our
case (Np = 7), the clustering overhead becomes comparable to
the DPD coefficient estimation complexity when using reduced
data sets (e.g., 105 operations for 300 samples). However,
Fig.9 shows that convergence is only achieved at this low
sample count when using a data classification method such
as H-SS or C-SS. This highlights that the primary benefit of
clustering is not only computational savings but also improved
sample selection, which directly enhances DPD linearization
performance. In fact, Kral et al. applied a method based on the
histogram obtaining similar results to those obtained here with
the C-SS when they optimized their selection process using a
genetic algorithm [27].

IV. EXPERIMENTAL VALIDATION OF THE DPD SIGNAL
TRANSMISSION PERFORMANCE

In this section, we present the experimental results obtained
when the predistorted signals were transmitted over the RoPOF
link. As a representative example, we chose the 50 meters
spool of GH, as this fiber type is the most standard SI-POF
with a NA of 0.5. We transmitted signals at carrier frequencies
of 925 MHz and 960 MHz, for the L520P50 operated at three
bias currents: 70, 80 and 90 mA. The RF input power values
were set to produce an output signal whose initial ACPR was
above the standard specified limit of -40 dB. These values
were in the range from 7 dBm to 14 dBm, depending on the
LD bias current and the carrier frequency, and are shown in
Table III, along with the received optical power for each bias
current.

TABLE III
STANDALONE NB-IOT TRANSMISSION PARAMETERS

LD bias current (mA) 70 80 90

PRF−in @925 MHz (dBm) 8.96 12.13 13.44

PRF−in @960 MHz (dBm) 7.30 10.23 12.22

Received optical power (dBm) -0.46 0.41 1.24

For each case, the NB-IoT standalone downlink signals
received at board port Rx1 (input signals) and Rx2 (output
signals) were used to obtain the DPD coefficients for different
SSFs using the C-SS algorithm. The predistorted input signals
were calculated with these DPD coefficients and transmitted
through the board to obtain the corresponding DPD output
signal. This procedure was repeated several times for each
SSF, calculating the averaged EVM and the ACPR of all
signals involved to assess the performance of the C-SS method.
In addition, the power loss between the uncorrected and the
DPD output signals was estimated for each case. In addition,
linearization performance was assessed in terms of NMSE,
which was calculated using all samples of the experimental
input and DPD output signals with Eq. (2).
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To visualize the effect of the DPD with C-SS over the
transmitted signals, Fig.10 compares the experimental results
obtained with and without DPD. The selected example corre-
sponds to a bias current of 80 mA and a carrier frequency of
960 MHz, the same used in Fig.4 and Fig.8, but with a SSF of
6.7× 10−3 in this case. Similar behavior was observed under
other operating conditions and SSFs. Fig. 10(a), 10(b), 10(c),
and 10(d) present the normalized PSDs, the AM/AM curves
and the constellations for the experimental output signals
without and with DPD, respectively. A comparison of the
PSDs reveals substantial suppression of spectral regrowth in
the DPD output signal (green) relative to the uncorrected
output signal (blue), resulting in a PSD profile that closely
matches the input signal (black) within the NB-IoT bandwidth
(notice the gray boxes in the graph marking the positions
of the nearest adjacent channels). Residual off-channel values
in the DPD output signal are attributed to system noise that
is beyond the modeling capabilities of the polynomial-based
approach. This improvement is corroborated by the ACPR
that, for this particular example, is -41.03 dB, 3.7 dB below
the ACPR obtained after transmitting the signal without DPD,
(-38.33 dB). Fig.10(b) displays the AM/AM representation of
the original sample pairs (blue) along with the polynomial
system model estimated with the selected dataset (cyan). The
predistorted input signal calculated with the DPD coefficients
to compensate the system non-linear behavior is also shown
(red). The linearization performance is validated by the close
alignment of the DPD output (green) with the ideal linear
reference (black line). Although all samples are shown in the
AM/AM plots, the DPD coefficients were calculated using
only the reduced sample set. QPSK constellation diagrams
in Fig.10(c) and Fig.10(d), further confirm the efficacy of the
DPD technique. The EVM of the DPD output signal is 3.74 %,
representing a 7-point reduction compared to the EVM of the
uncorrected output signal that was (10.76 %). Additionally,
the NMSE for the DPD output is -20.51 dB, indicating a 6 dB
improvement over the initial value of -14.45 dB.

The results obtained for the 50-meter GH are shown in
Fig. 11 for all tested conditions. For the carrier frequency of
925 MHz, the EVM and the ACPR are displayed as a function
of the SSF on Fig.11(a) and Fig.11(b), respectively, and for
960 MHz, on Fig.11(c) and Fig.11(d). The values for the three
bias currents are shown with different colors (blue for 70 mA,
red for 80 mA and yellow for 90 mA). Individual data for the
different measurements at each SSF are represented as colored
dots, and their averages as solid lines of the same colors.
For comparison purposes, the average EVM and ACPR of the
output signals without DPD are included in the plots as dotted
straight lines in the corresponding colors, while the thick gray
lines show the average values for the original input signals
(EVM of 3.5% and ACPR of -50.5 dB).

The plots show that both the EVM and the ACPR decrease
when the DPD correction is applied, demonstrating its effec-
tiveness for all bias currents and carrier frequencies. In fact,
the EVM values for the DPD output signals remain close to
3.5 %, which is the average value for the original input signals.
In contrast, ACPR values for the DPD output signals can be as
low as -47 dB, although their average remains approximately
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Fig. 10. Experimental results for a 50-m GH at 960 MHz with 80 mA bias
current. (a) Baseband PSD of input signal and output signals with and without
DPD. (b) AM/AM characteristics: output signal without DPD (blue), with
DPD (green), DPD input signal (red) and polynomial model estimation (cyan).
Black line shows lineal behavior. (c) QPSK received symbols without DPD.
(d) QPSK received symbols with DPD.

5 dB above the minimum ACPR. Sample selection has very
little impact on DPD performance, as both EVM and ACPR
values are only marginally higher at lower SSFs. In any case,
both metrics are below the standard defined values even for the
lowest SSF which was 8.3× 10−4. The variability observed in
ACPR results is primarily attributed to system noise introduced
by components such as the amplifier, laser, and receiver, which
DPD correction cannot mitigate, as behavioral models only
address nonlinearities. This explain why simulated NMSE re-
sults (Fig.9) show lower variability compared to experimental
ACPR results (Fig.11), where noise is introduced when the
calculated DPD input is transmitted through the real system.
In contrast, EVM plots show less variability because signal
processing applied prior to their calculation, whereas ACPR
is calculated without filtering.

As the general behavior is practically independent on the
laser LD bias current and on the carrier frequency, we have
pulled in all data to obtain the average power loss and NMSE
reduction. The power loss was calculated as the difference
between the uncorrected and the DPD output signal powers,
and the NMSE reduction as was described before in subsection
III-C. They are both shown together in Fig.12, where the
power loss is represented on the left axis (blue) and the NMSE
reduction on the right axis (red).

The plotted curves do not exhibit a discernible trend with
respect to variations in the SSF. The average power loss values
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Fig. 11. EVM and ACPR versus SSF for a 50-m GH, at 925 MHz (graphs
(a) and (b), respectively) and at 960 MHz (graphs (c) and (d), respectively).
Different colors represent different bias. Dotted lines are values for the output
signal without DPD. Continuous gray lines are the values for the input signal.
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Fig. 12. Averages over carrier frequency and LD bias currents for a 50-m
GH: Power loss between original and DPD output signals (blue) and NMSE
reduction in the DPD relative to the uncorrected output signals (red).

lie within the range from 2 to 3 dB, while the NMSE reduction
spans from 12 to 6 dB. Both parameters display substantial
standard deviations, consistent with the high ACPR variability
observed in Fig.11(b) and Fig.11(d). A significant conclusion
derived from this analysis is the correlation between NMSE
reduction and power loss: greater improvements in NMSE are
generally associated with increased power loss. This trade-off
suggests that enhanced linearization performance is achiev-
able, albeit at the expense of reduced power efficiency.

V. DISCUSSION

We demonstrated effective transmission of narrowband RF
signals over SI-POFs across distances ranging from 50 to
80 meters achieving excellent performance in terms of EVM.
This supports their suitability for cost-effective deployments in
short-area environments. Although this study solely focuses
on single-channel downlink transmission for NB-IoT, our
findings suggest the feasibility of transmitting more complex
modulation formats and several channels. Specifically, we
observed very low EVM values across a broad range of RF
input powers for most fiber types and lengths that enable
the transmission not only of QPSK, but also of higher-order
schemes such as 16-QAM and even 64-QAM, in accordance
with the 3GPP-defined performance thresholds: 12.5 % and
8 %, respectively [34].

A comparative analysis of EVM and ACPR as functions
of input RF power across various fiber lengths reveals that
attenuation and dispersion degrade the signal-to-noise ratio
(SNR), thereby increasing the minimum achievable EVM and
shifting its optimal point toward higher input power levels.
These factors limit the maximum link distance achievable
for a given fiber type. However, the observed non-linear
effects at high RF input powers can be attributed to the
transmitter’s optical source when the bias-to-threshold current
ratio is low but they are independent on fiber length. While
directly modulated LDs offer simplicity and cost advantages,
their performance is compromised by non-linearities near the
threshold bias region. Increasing the bias current can alleviate
these effects but at the expense of higher energy consumption
and of introducing further non-linearities when eventually
reaching the saturation segment of the laser characteristic
curve. To address this trade-off, we propose the application of
an effective digital predistortion technique to mitigate the non-
linear effects, enabling energy-efficient operation by allowing
the use of reduced laser bias currents without compromising
performance.

In this work, we employ the polynomial model to charac-
terize and compensate for system non-linearities. To reduce
the volume of data required for estimating the model coeffi-
cients, we introduce a Cluster-based Sample Selection (C-SS)
method, which organizes data into clusters that effectively
capture their statistical properties. This clustering approach
enables more efficient sample selection, minimizing the num-
ber of required data points. Although the training phase for
determining cluster centroids introduces some computational
overhead, our results show that even a single iteration yields
a satisfactory classification, with negligible improvement in
NMSE when increasing the number of iterations. Moreover,
we assume that given a specific LD device and bias current,
the training process can be performed offline and the clus-
ters’ centroids reused for the online DPD. Anyway, the data
classification process scales linearly with the initial number
of samples but, depending on the signal, preprocessing steps
such as subsampling and zero-removal can be applied before
the classification to reduce the initial dataset prior the cluster
training stage. We have shown that narrowband signal trans-
mission is adequately modeled using a 7th-order polynomial
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without memory. However, for signals with wider bandwidths
that require higher-order polynomial models with memory, the
complexity reduction achieved by C-SS becomes increasingly
significant. In these cases, the data reduction enabled by the
C-SS justifies the classification overhead. Additionally, a clus-
tering framework offers flexibility and simplicity for handling
n-dimensional data, such as combining real and imaginary
components of input and output signals, and provides a natural
mechanism for incorporating memory depth.

Although we have proposed and validated a joined C-SS
method with the polynomial model, C-SS can be integrated
with other techniques to enhance sample selection efficiency.
For example, it can support data reduction in feature extraction
algorithms as suggested by Wang et al. [26], and significantly
lower the computational burden of matrix factorization (QR
decomposition or similar strategies). Also, in neural networks-
based approaches like the Multi-Layer Perceptron (MLP)
proposed by Pereira et al. whose training complexity scales
with the number of neurons, memory and layers, an efficient
data selection becomes critical [35]. C-SS prior to training
can reduce the volume of data while preserving statistical
relevance, thereby alleviating their computational load.

VI. CONCLUSION

We have demonstrated experimentally the viability of a
RoPOF link to transmit downlink standalone NB-IoT over
large-core SI-POFs. The performance in terms of EVM was
excellent for fiber lengths up to 80 meters for some fiber types.
These results were obtained by directly modulating a low-cost
laser diode, simplifying the hybrid wireless-optical link design.
To compensate the non-linear effects of the opto-electronic
components, we proposed a DPD technique, whose complexity
was reduced by classifying the data using a cluster partition
method (C-SS). This will permit to bias the LD at lower
currents resulting in energy savings. Moreover, our approach
can be easily extended to domains with a higher dimension,
and can be combined with other techniques.
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