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Abstract

This thesis investigates advanced signal processing techniques for optical performance
monitoring (OPM) in long-haul and metropolitan fiber-optic networks. It demonstrates how
the digital signal processing (DSP) already embedded in standard coherent transceivers can be
leveraged to enable smarter, cost-effective, and flexible OPM solutions, meeting the evolving
needs of modern high-capacity optical networks. The research is organized around two key
areas of DSP-based OPM: digital longitudinal monitoring and optical fiber sensing.

Chapter 1 introduces the foundations of DSP in coherent transceivers and gives an
overview of the historical development of OPM. It also presents the key concepts of digital
longitudinal monitoring, focusing on longitudinal power monitoring algorithms, and explores
the use of optical fiber for environmental sensing applications.

Chapter 2 presents novel applications of longitudinal power monitoring (LPM), including
polarization-dependent loss (PDL) estimation and localization, as well as its extension
to digital subcarrier-multiplexing (DSCM) and ultra-wideband (UWB) systems. A new
PDL estimation algorithm based on least-linear squares (LLS) LPM is introduced and
shown to provide accurate localization and magnitude estimates across a wide range of
PDL configurations. Comparisons with a CM-based alternative highlight trade-offs between
sensitivity and complexity. Further, LPM is applied to DSCM systems, demonstrating
comparable accuracy despite increased profile noise. Experimental validation over a C+L
band UWB link with Raman amplification confirms LPM’s accuracy in tracking power
evolution, underscoring its practical value in more complex transmission scenarios.

Chapter 3 proposes a new method for estimating Kerr-induced nonlinear interference
(NLI) using only receiver-side DSP data. Integrated within the LLS-based LPM algorithm,
the method is validated through simulations and experiments over 300-km and 1100-km links.
It reliably estimates NLI power and predicts optimal launch conditions. Limitations related
to estimating only the self-channel interference (SCI) component are addressed via analytical
correction factors. Additionally, the chapter discusses implementation aspects, including



iv

power offsets from using hard-decision symbols, and proposes a BER-based correction that
maintains estimation accuracy within 0.3 dB.

Chapter 4 explores DSP-based fiber sensing using coherent receivers, comparing two
length-integrated approaches: state-of-polarization (SOP) and optical phase-based sensing.
SOP estimation is first analyzed for accuracy, with post-processing via moving averages
shown to reduce angular deviation below 2° across different OSNR levels. Experimental
and simulation results demonstrate strong consistency, confirming the method’s robustness
and hardware-independence. A comparative study over a 32-km urban link reveals superior
performance of SOP-based sensing in noisy environments. While phase-based sensing
suffers from environmental noise and demands narrow-linewidth lasers, SOP extraction can
be implemented with minimal DSP modifications and no hardware upgrades, making it more
suitable for real-world deployment.

Overall, this thesis establishes DSP-based OPM as a key enabler for next-generation opti-
cal networks and fiber sensing. By reusing existing DSP infrastructure, this approach reduces
complexity and cost while supporting flexible, multi-impairment monitoring. The proposed
methods provide practical insights and validated solutions for deploying adaptive, intelligent
monitoring strategies, paving the way toward elastic optical networks and integrated sensing
platforms.
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Chapter 1

Introduction

This chapter introduces the fundamental concepts that will be addressed throughout this
PhD thesis. Sec. 1.1 presents the overall research framework, outlining the motivation and
objectives that guide this study. Sec. 1.2 describes the main building blocks of the digital
signal processing (DSP) module in coherent receivers, which represents a central component
of modern optical communication systems. Sec. 1.3 provides a literature review of the
main optical performance monitoring (OPM) techniques, highlighting their fundamental
principles and describing their evolution over time. Sec. 1.4 introduces the principal methods
for longitudinal power monitoring (LPM), which constitute one of the most relevant OPM
approaches considered in this work. Sec. 1.5 presents the main strategies for fiber sensing,
with particular attention to their application in leveraging existing optical infrastructure for
monitoring purposes. Sec. 1.6 provides an outline of the thesis structure, while Sec. 1.7 lists
all the scientific publications produced during the course of this PhD.

1.1 Research Framework

Optical communications have undergone a remarkable evolution since the advent of low-loss
optical fibers in the 1970s enabled long-distance lightwave transmissions. Early field trials
in the late 1970s and early 1980s demonstrated bit rates in the range of a few megabits per
second, soon advancing to systems capable of hundreds of megabits and later gigabits per
second [1]. The introduction of erbium-doped fiber amplifiers (EDFAs) in the late 1980s [2]
and wavelength-division multiplexing (WDM) in the 1990s [3] pushed aggregate transmission
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capacities to tens of gigabits and later terabits per second, laying the foundation for today’s
global information infrastructure.

A major breakthrough in the evolution of optical communications came with the advent
of coherent detection in the late 1980s. Unlike direct detection, coherent receivers are capable
of recovering both the amplitude and phase of the optical field, which improves both the
sensitivity and the spectral efficiency. Early demonstrations of coherent quadrature-phase-
shift keying (QPSK) transmission paved the way for the development of advanced modulation
formats [4]. However, practical deployment was initially delayed by the technological
limitations of analog phase and polarization tracking.

The revival of coherent communications in the mid-2000s was driven by the emergence
of high-speed digital signal processing (DSP) [5]. By moving impairment mitigation into
the electrical domain, DSP allowed to remove the need for elaborate optical compensation
schemes, enabling electronic correction of chromatic dispersion (CD), polarization mode
dispersion (PMD), and phase noise at the receiver [6]. This paradigm shift decoupled the
system performance from the limitations imposed by the optical hardware, opening the door
to flexible and adaptive transmission architectures.

The combination of DSP and coherent systems offers a wide range of benefits. They
allow for the use of higher-order quadrature-amplitude modulation (QAM) formats, such
as 16-QAM and 64-QAM, increasing both the per-channel spectral efficiency and capacity
without requiring additional bandwidth. DSP also enables advanced techniques including
probabilistic constellation shaping [7] and nonlinearity compensation [8]. As a result, digital
signal processing has not only increased the achievable rates and extended the practical
reach and efficiency of optical communication systems, but also represents a fundamental
element for modern and future network scaling. As an example, Fig. 1.1 from [9] gives a
representation of the evolution of commercial optical systems and an extrapolation of the
future trends.

However, the exponential growth of global data traffic increases the demand for high-
capacity optical communication networks. Several applications, ranging from cloud comput-
ing and artificial intelligence to future 5G/6G and beyond services, place stringent require-
ments on network throughput, reliability, and adaptability. To meet these demands, modern
optical networks employ advanced modulation formats, reconfigurable optical add-drop mul-
tiplexers (ROADMs), and flexible-grid architectures [10]. While these elements make the use
of the available spectrum more efficient and the provisioning of capacity more dynamic, they
also increase the complexity and vulnerability of transmission systems exposing it to a wide
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Fig. 1.1 Trends in data rates and capacity of commercial optical transmission systems: past 30 years
and future outlook. Source: [9].

range of impairments with dynamic and stochastic nature, which makes their compensation
and management increasingly challenging. For this reason, it is crucial to obtain continuous
and accurate information about the state of both signals and links, ensuring robust operation,
operational costs reduction and spectral efficiency maximization.

Optical performance monitoring (OPM) provides the means to fulfill this requirement
and refers to a set of techniques designed to estimate key network parameters, enabling fault
detection and localization, as well as impairment-aware resource allocation [11]. However,
practical implementation of OPM presents several challenges. Traditional approaches often
rely on hardware-based solutions, e.g., optical spectrum analyzers (OSAs) and other external
monitoring modules, which increase system costs and complexity. Another issue is scalability:
as networks grow in size and traffic volume, cost-effective monitoring solutions must be
deployable at multiple points in the network without significantly increasing capital and
operational expenditure. In this framework, the advent of digital coherent receivers represents
a turning point. Coherent detection combined with DSP has enabled powerful impairment
compensation and, simultaneously, provides inherent monitoring capabilities. DSP-based
OPM allows key transmission parameters to be extracted directly from existing receiver
operations, such as adaptive equalization or other DSP stages, with no need for additional
optical hardware [12].



4 Introduction

This approach offers several advantages. First, it is cost-effective, since it reuses the DSP
hardware already present in coherent transceivers, avoiding the need for expensive external
monitoring devices. Second, it is flexible, as algorithms can be adapted through software
updates without modifying the hardware. Third, DSP-based OPM enables multi-impairment
monitoring, where several impairments are tracked simultaneously and independently, pro-
viding a thorough view of link performance. Finally, it facilitates the use of advanced signal
processing and machine learning techniques, paving the way for intelligent and adaptive
monitoring strategies in future elastic optical networks (EONs) [13], such as digital twin
(DT)-based strategies that are becoming increasingly popular [14]. Moreover, existing fiber
networks constitute a valuable resource for detecting anomalous vibrations along the cables,
including those induced by earthquakes, construction activities, or fiber tampering [15]. DSP-
based OPM can further support such fiber-sensing applications by enabling the detection of
these impairments in an instrument-free manner [16].

DSP-based (or digital) OPM is consequently a key research area that continues to evolve
and attract significant attention, as will be discussed in more detail in the following.

1.2 Digital Signal Processing in Coherent Optical Commu-
nication Systems

To gain a better understanding of DSP-based OPM it is convenient to review the standard DSP
structure used in modern coherent receivers. Unlike intensity-modulation direct-detection
(IM-DD) systems, which recover only the optical intensity, coherent receivers detect both
the amplitude and phase of the received optical field, allowing for full reconstruction of the
complex signal after detection. When combined with high-speed DSP, coherent receivers
provide the flexibility and robustness required to meet the escalating capacity demands of
modern optical networks [17]. The importance of DSP in coherent receivers lies in its ability
to digitally compensate for transmission impairments that accumulate along the optical
channel. Following transmission through an optical link and coherent detection, the signal is
generally affected by both deterministic and stochastic impairments, such as CD, PMD, laser
phase noise, and carrier frequency offsets. While earlier generations of optical communication
systems relied on optical-domain compensation, e.g., dispersion-compensating fibers, tunable
filters, and polarization controllers, these approaches were costly and difficult to scale. In
contrast, DSP offers a reconfigurable, purely-electrical solution that not only compensates
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for impairments but also enables the use of spectrally efficient and higher-order modulation
formats [18].

Analog-to-Digital Conversion

De-skew and Orthonormalization

CD Compensation

Adaptive Equalization

Interpolation and Time Recovery

Frequency Offset Estimation

Carrier Phase Estimation

Decoding

Local Oscillator Optical Signal

Output Data

Optical Front-End

Fig. 1.2 High-level schematic of a standard DSP chain in modern optical coherent receivers.

In general, standard DSP modules consist of a series of functional blocks, each dedicated
to compensating specific channel or system impairments. In Fig. 1.2 a high-level schematic
of the DSP chain is presented, including potential feedback paths between processing blocks.
In this context, the most relevant blocks include:

• Chromatic dispersion compensation: this block compensates for the pulse broadening of
the optical signal caused by the wavelength-dependent group velocity of the propagating
field. CD compensation is typically implemented through digital filtering, either in the
time domain using finite impulse response (FIR) filters or in the frequency domain using
fast Fourier transform (FFT)–based filters [6].

• Adaptive equalization: while polarization multiplexing allows to increase the transmission
capacity by a factor 2, it requires the receiver to separate the two orthogonal polarizations,
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which can become arbitrarily mixed during propagation. Moreover, adaptive equalizers
mitigate additional impairments, including PMD, residual CD not compensated in earlier
CD compensation stages, and potential filtering effects arising during signal propagation
along the link. They can be implemented using various approaches, including blind
techniques, such as the constant modulus algorithm (CMA), or decision-directed methods,
such as the least mean squares (LMS) algorithm [19].

• Frequency offset estimation: in practical systems, transmitter and local oscillator (LO)
lasers are generally not perfectly aligned in frequency. This mismatch introduces a fre-
quency offset that causes fast symbol rotation in the received constellation. DSP algorithms
estimate and remove this offset, typically using blind methods [20] or data-aided schemes
[21]. Precise frequency offset compensation is essential to ensure the correct operation of
the subsequent carrier phase estimation stage.

• Carrier phase estimation: even after frequency alignment, the residual phase noise stem-
ming from the linewidth of the lasers employed for transmission and reception introduces
random fluctuations in the signal phase. Carrier phase estimation algorithms are employed
to estimate and correct this noise. Depending on the modulation format, techniques such
as the Viterbi–Viterbi algorithm for QPSK [22], data-aided phase estimation [23], or blind
phase search (BPS) for higher-order QAM formats are used [24].

Note that the DSP algorithms used to compensate channel impairments also provide
useful information on the impairments themselves. For instance, the tap coefficients in
the adaptive equalization stage reflect the amount of chromatic dispersion or polarization
rotation in the link, while carrier recovery algorithms yield estimates of frequency offsets
and phase noise. In this way, DSP not only enables reliable high-speed transmission but also
represents an inherent tool for the monitoring of the physical layer. This dual role has led
to the concept of digital OPM, where impairment estimates obtained from DSP are used to
evaluate transmission quality, monitor system status, and support adaptive network control.
DSP thus functions not only as the enabler of coherent optical communications, but also as
the basis for a more flexible and cost-effective performance monitoring in future EONs.

1.3 Overview of Optical Performance Monitoring

As it is possible to observe in Fig. 1.3, OPM plays a central role in the optimization loop of
optical network operation. Monitoring provides necessary information on network conditions,
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Fig. 1.3 Visual representation of the key stages in optical network operation optimization: monitoring,
analysis and control.

including parameters such as signal-to-noise ratio (SNR), optical power levels, and outputs
from DSP stages in optical receivers. These data are essential for the subsequent analysis
stage. During analysis, they are processed to identify degradations, anticipate possible
impairments, and assess suitable responses. Finally, the control stage implements these
responses by adjusting network resources and parameters accordingly. The interaction
between monitoring, analysis, and control creates a continuous feedback loop that enables
efficient, adaptive, and reliable operation of optical networks.

Over the past decades, though, OPM techniques have evolved, and even the concept of
OPM itself has shifted to reflect the changing needs of optical network technologies. As
transmission systems have become more advanced and new demands have arisen, monitoring
solutions have been adapted and extended to satisfy these new requirements. For this reason,
a review of OPM solutions, starting from the early steps and moving toward the approaches
in use today is given in the following. This also serves as an introduction to the main subject
of this thesis.



8 Introduction

1.3.1 Early Steps and Evolution of Performance Monitoring

OPM solutions started emerging in the early 1990s as a response to the limitations of tradi-
tional monitoring methods in optical networks. While conventional performance monitoring
at the SONET/SDH layer provided information about bit error rates and quality-of-service
(QoS) parameters, it did not offer direct insights into the specific impairments affecting
the physical layer. OPM, by contrast, was conceived as the monitoring of physical-layer
signal quality parameters and impairments, such as the optical signal-to-noise ratio (OSNR),
Q-factor, CD, PMD, and timing jitter, thus enabling a more direct evaluation of signal
health in the optical domain [25]. The initial motivation for OPM arised from the increasing
transparency of optical transmission systems and the advent of dense wavelength division
multiplexing (DWDM), which significantly reduced the available transmission margins [26].
In these systems, impairments accumulated over long distances and across multiple channels,
while electronic regeneration points became fewer. Hence, new mechanisms were required to
guarantee fault management, amplifier control, and reliable service delivery at the transparent
optical layer. Research initiatives such as NUTEK and MONET played a fundamental role
in highlighting the importance of OPM and demonstrating its feasibility through early field
trials [27].

The first implementations of OPM were rather indirect, though. They typically relied on
component alarms, e.g., monitoring amplifier pump currents, laser drive levels, or thermal
parameters. In a similar way, aggregate power measurements or simple optical channel
monitoring (OCM) provided information on channel presence, wavelength, and average
power . These methods were not expensive and easy to integrate into existing systems.
However, they suffered from a fundamental limitation: signal degradation could still occur
even when all components appeared to be working in nominal state. A second class of early
techniques used tone-based monitoring. In this case, subcarrier multiplexing was used to
superimpose low-frequency radio-frequency (RF) tones on each optical channel, so that the
tones could later be detected and analyzed to estimate the per-channel power and, in some
cases, accumulated impairments like CD or PMD [28, 29]. Nevertheless, these approaches
historically suffered from problems such as “ghost tones” created by amplifier cross-gain
modulation, which impaired their reliability.

As optical networks moved toward higher rates, longer transmission distances, and
reconfigurable architectures, the initial monitoring solutions were no longer sufficient. This
led to the development of advanced OPM techniques, designed to both detect faults and
identify their causes, enabling a possibly more adaptive control. A key breakthrough was the
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development of OSNR monitoring techniques, initially implemented through technologies
such as Fabry–Perot and Bragg grating filters [30], later refined with polarization-based
approaches [31] and subcarrier methods [32]. At the same time, dispersion monitoring
became crucial, targeting both CD and PMD. Proposed methods included phase-to-amplitude
conversion [33], RF subcarrier delay [34], vestigial sideband filtering [35], and degree-
of-polarization techniques [36]. Finally, a step forward was the introduction of Q-factor
monitoring. Because measuring BER in the middle of a link required expensive O/E/O
regeneration, Q-factor methods emerged as a cost-effective alternative. These techniques
provided a reliable estimate of signal quality [37].

1.3.2 Towards DSP-based Monitoring of Modern Optical Networks

Although the previously reported methods enable the estimation of specific system parameters,
they are extremely specific to those objectives and, in general, require modifications to the
transmission system or the deployment of additional monitoring equipment [38]. This,
of course, increases both monitoring and network-management costs. Moreover, modern
optical networks operate in highly flexible environments where throughput and reliability
must be guaranteed. Meeting these demands requires OPM solutions capable of operating
on very short timescales (or even in real time) [39], while monitoring a broader set of
system parameters than traditional approaches. This enables a more complete view of
network conditions. Such approach is also beneficial in terms of cost per bit: having a deeper
knowledge on the network parameters allows to preserve correct operation and high reliability
while reducing design and operational margins, generally large to compensate for limited
network knowledge [40, 41].

As already mentioned, a major turning point in this context was the introduction of
coherent detection in combination with DSP [11]. Apart from compensating transmission
impairments, DSP in coherent receivers also provides direct information about those impair-
ments, making it a practical tool for more comprehensive, software-based (or DSP-based)
monitoring. This approach significantly reduces monitoring costs, as the required data are
inherently available during normal receiver operation, and it reduces the dependence on
external measurement devices such as OSAs, OCMs, or optical time-domain reflectometers
(OTDRs). While these devices are still essential in optical networks, they are not capable of
providing a comprehensive view of the optical network and their scaling is not cost-effective.
By contrast, DSP-based monitoring is inherently dependent on the proper operation of the
receiver DSP chain and can function correctly only when this chain is fully operational. A
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notable example is provided in [12, 42], where residual CD, accumulated PMD, accumulated
polarization-dependent loss (PDL) and the system transfer function are jointly estimated
leveraging the tap coefficients of the adaptive equalizer within the DSP of a coherent receiver.
The method operates in a weakly nonlinear regime and relies on the appropriate modeling of
these effects, e.g., modeling PDL matrices as Hermitian and PMD matrices as unitary. This
clearly demonstrates the amount of information that is inherently contained within the DSP
blocks and the potential of DSP-based methods for OPM. In general, numerous solutions
have been proposed within this paradigm and can be categorized based on their main features
and the signal-processing techniques on which they rely.

Pilot-tone modulation has been widely investigated as a cost-effective approach for OPM
for some time now [43]. The basic principle consists in applying a low-frequency, small-
intensity amplitude modulation on top of a high-speed data signal. At the receiver, only a
small fraction of the optical power is tapped and converted into an electrical signal by a pho-
todetector, with processing carried out by DSP. Since no dedicated external instrumentation
is required, pilot-tone-based monitoring offers low cost and the possibility of large-scale
deployment in optical networks. More advanced schemes have extended this concept to
multi-band pilot tones [44], in which different modulation tones are applied to different
channels. This enables accurate monitoring of a wide range of parameters, including optical
spectrum [45], filter fault identification and localization [46], OSNR [47] and nonlinear noise
[48].

Another approach to OPM is provided by machine learning (ML)-based techniques.
Data-driven methods rely on labeled datasets of eye diagrams or amplitude histograms
with corresponding impairments such as CD, differential group delay (DGD) and OSNR.
Artificial neural networks (ANNs) have been successfully applied to jointly monitor OSNR,
CD, and DGD [49] and infer OSNR from spectral features [50]. More advanced deep
learning methods can further enhance performance: deep neural networks extract OSNR and
modulation-format-sensitive features from amplitude histograms [51], while convolutional
neural networks leverage raw eye diagrams and asynchronous delay-tap plots for OSNR
monitoring and modulation format identification [52]. Hybrid approaches have also been
proposed to incorporate physical knowledge and improve generalization. Gaussian process
regression has been used to estimate parameters such as attenuation and nonlinear coefficients
based on prior bounds and physics-based simulators [53]. More recently, physics-informed
neural networks have been introduced, directly embedding governing equations into the
training loss, enabling estimation of system parameters like dispersion and Raman gain
spectrum from transmitted and received signals [54].
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A recent breakthrough has been the development of digital longitudinal monitoring
(DLM) techniques, which extend performance monitoring in the fiber-longitudinal direction
[55]. This approach enables spatially-resolved estimation of signal and system parameters,
allowing not only the detection of specific impairments but also their localization along the
optical link.

1.3.3 Advent of Digital Longitudinal Monitoring

The capability to obtain spatially-resolved estimates of system and performance parameters
directly from data-carrying signals during standard system operation offers several advantages,
such as anomaly detection and localization, thus enhancing cost-effectiveness and efficiency
of the optical network. In recent years, numerous applications have been explored, such as
in [56], where fiber anomalies are localized by exploiting cross-channel interference (XCI).
Most of these approaches, however, rely on a fundamental DLM technique: longitudinal
power monitoring (LPM). LPM refers to a set of techniques designed to estimate the evolution
of the optical power profile along the propagation direction of a signal transmitted over an
optical link. These techniques typically exploit Kerr-induced nonlinear effects in optical
fibers, such as self-channel interference (SCI) [57], combined with appropriate models of
fiber propagation and the associated nonlinear effects.

The very first contribution in this field was presented in [58] and then extended in [59].
This approach, initially named in-situ power profile estimation (PPE), laid the foundation
for correlation method (CM)-based LPM. In this approach, power profiles are computed
by performing a series of correlation operations between a reference signal, obtained as a
reconstruction of the originally transmitted waveform, and partially nonlinear compensated
versions of the received signal. An example of output is reported in Fig. 1.4, clearly showing
how the power profile evolution of the propagated signal is captured by the algorithm.
Subsequent works have introduced several algorithmic modifications. For instance, [60]
proposed performing correlation operations over entire signals rather than dividing them
into smaller batches, while [61] suggested virtual forward propagation combined with a
linearization of the nonlinear operators in the propagation model.

In parallel, alternative approaches have been explored by leveraging the structural simi-
larities between ANNs and the digital back-propagation (DBP) algorithm. For example, [62]
experimentally demonstrated power profile estimation and subsequent anomaly detection
using a neural network-based adaptive DBP scheme. This approach exploits the fact that
signal power is proportional to the nonlinear phase rotations (NLPRs) induced by the Kerr
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Fig. 1.4 Outputs of CM-based LPM algorithm vs. transmission distance for different processing data
size. Source: [59].

effect during propagation. By adapting the NLPRs within the DBP algorithm, it is possible
to get an estimate of the evolution of the power profile along the link. This approach can be
defined as adaptive DBP or minimum mean square error (MMSE)-based method [63]. Al-
though some improvements have been proposed to enhance its performance (e.g., optimizing
the step size employed in the DBP algorithm [64]), a turning point was represented by the
linearization of the MMSE-based LPM. In [65], it was demonstrated that replacing the SSFM
model, on which DBP is based, with the regular perturbation (RP) model for the virtual
propagation of the reference signal allows the optimization problem to be reformulated as
a linear least-squares (LLS) problem, whose solution exists in closed form. This enables
a closed-form expression for the entire power profile estimation, eliminating the need for
computationally heavy iterative processing based on stochastic gradient descent, which also
introduces the risk of convergence to wrong local minima. This approach is generally known
as LLS-based LPM [66]. Similarly to CM-based LPM, algorithmic modifications have
been proposed also for LLS-based LPM. For instance, [67] introduced the estimation of a
complex-valued scaling factor to account for possible phase mismatch between the reference
signal and the received signal after CPE, while [68] proposed a generalized method for
LPM showing how the introduction of a Tikhonov regularization factor allows to move from
LLS-based to CM-based LPM and vice versa based on the levels of accuracy and robustness
required. Also, a multi-stage approach to implement LLS-based LPM at one sample-per
symbol was proposed in [69]. A comparison between the two main LPM methods is reported
in Fig. 1.5.
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This provides the basis for discussing the main differences and limitations of the two
algorithms. To begin with, LLS-based LPM estimates absolute power values (assuming
that the nonlinear parameter γ is known), whereas CM-based LPM only provides relative
power values in the form of correlation metrics. Consequently, anomaly detection and
localization are more straightforward with LLS-based LPM, while CM-based LPM requires
additional calibration procedures [70]. Furthermore, CM-based LPM exhibits modulation-
format dependence, particularly near the transmitter, which requires CD pre-distortion and
thus increases complexity [59]. It was shown in [71] that CM-based LPM can be interpreted
as a convolved version of LLS-based LPM, due to an inherent low-pass filtering effect
arising from non-zero correlations between nonlinear contributions at adjacent positions.
Interestingly, this low-pass effect enhances CM-based LPM by improving its robustness to
noise and other distortions, though reducing its accuracy. Finally, deconvolution strategies
for CM-based LPM have been proposed, and their performance has been compared to that of
LLS-based LPM, proving rather equivalent [72].

Fig. 1.5 Comparison between LLS-based and CM-based LPM performance. (a): power profile
estimation and (b) LLS-based LPM anomaly detection capabilities. Source: [66].

To conclude, the applications of these methods are not only limited to power profile
estimation [73]. Numerous uses have been demonstrated starting from LPM, including CD
map estimation [63], optical amplifier gain tilt [63, 74], optical filter tuning [63], multi-path
interference estimation [61] and fiber-type identification [75]. In [76] the first field trial of
a 4D (i.e., distance, time, frequency and polarization-resolved) link tomography using a
commercial transponder is presented. Notably, LPM has also been recognized as a promising
and cost-effective approach for detecting potential physical-layer attacks (e.g., fiber tapping)
through the identification of their characteristic power signatures [77] or other network soft
failures by integrating it within the software-defined network (SDN) controllers, enabling
more efficient and potentially self-healing optical networks [78].
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1.4 Longitudinal Power Monitoring

The principal LPM algorithms share a common structure. At the receiver side, the transmitted
signal is first reconstructed and then virtually propagated through a simulated (or DT) link.
Depending on the chosen method, either correlation operations or LLS optimizations are
carried out in combination with the actual received signal to estimate the power profile. A
schematic representation of this process is shown in Fig. 1.6.

Since LPM constitutes the main tool underlying most of the works presented in this
thesis, this section provides a more detailed overview of its principal methods. First, the
nonlinear Kerr effect and the main fiber propagation models are briefly introduced. This step
is essential, as LPM algorithms exploit the non-commutativity of linear and nonlinear effects
during fiber propagation, thus, a more in-depth understanding of these models is useful to
fully understand this concept. Then, the algorithmic details of the two primary approaches,
namely CM-based and LLS-based LPM, are introduced. Finally, a comparative analysis of
their respective advantages and limitations is presented.

RX Signal

Ref. Signal

Correlation/LLS-based
LPM

TX Signal Power
Profile

Optical Link

Virtual Link

Fig. 1.6 Common structure of the main longitudinal power monitoring methods: LLS-based and
CM-based LPM. Adapted from: [71].

1.4.1 Kerr-induced Nonlinear Effects in Optical Fibers

In this section, a fundamental nonlinear effect occurring during optical fiber propagation is
presented: the Kerr effect. When light propagates through a dielectric medium, its interaction
with the bound electrons induces a polarization that, under weak fields, is approximately
linear in the applied electric field. However, for sufficiently intense electromagnetic fields,
this response becomes nonlinear. At a microscopic level, this nonlinearity arises from the
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anharmonic motion of bound electrons in the silica matrix. The macroscopic polarization P
induced in the medium can be expressed as a power series in the electric field E [79]:

P = ε0

(
χ
(1) ·E+χ

(2) ·EE+χ
(3) ·EEE+ · · ·

)
(1.1)

where ε0 is the vacuum permittivity and χ( j) is the j-th order susceptibility tensor. The
linear susceptibility χ(1) defines the refractive index and absorption coefficient, while the
second-order susceptibility χ(2) is responsible for effects such as second-harmonic and sum-
frequency generation [80]. Since silica is symmetric at the molecular level, χ(2) vanishes,
and second-order processes are absent under normal conditions. Consequently, the third-
order susceptibility χ(3) becomes the dominant nonlinear contribution in silica fibers. The
lowest-order nonlinear effects in optical fibers arise from nonlinear refraction, also known as
the optical Kerr effect. This effect corresponds to the dependence of the refractive index on
the optical intensity:

ñ(ω, I) = n(ω)+n2I = n(ω)+ n̄2|E|2 (1.2)

where n(ω) is the linear refractive index, I is the optical intensity, and n̄2 is the nonlinear
index coefficient, related to the real part of χ(3) by

n̄2 =
3

8n
Re
[
χ
(3)
xxxx

]
(1.3)

for linearly polarized fields.

The most direct manifestation of the Kerr effect is self-phase modulation (SPM) or
self-channel interference (SCI), where an optical pulse induces a phase shift on itself as it
propagates through the fiber. The total phase shift after a length L is:

φ = ñk0L =
(
n+ n̄2|E|2

)
k0L (1.4)

with k0 = 2π/λ and λ the operating wavelength. The nonlinear contribution is therefore:

φNL = n̄2k0L|E|2 (1.5)

which grows with the instantaneous intensity.

In WDM systems or when multiple fields propagate simultaneously, the Kerr effect also
leads to cross-phase modulation (XPM) or cross-channel interference (XCI), in which the
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intensity of one channel induces a phase shift on another. Considering two optical fields at
frequencies ω1 and ω2, polarized along the same axis, the total field can be written as:

E = 1
2 x̂
(
E1e− jω1t +E2e− jω2t)+ c.c. (1.6)

where c.c. stands for complex conjugate and x̂ is the polarization axis. The nonlinear phase
shift experienced by the field at ω1 is

φNL = n̄2k0L
(
|E1|2 +2|E2|2

)
. (1.7)

Here, the first term corresponds to SCI, while the second term represents XCI. A key feature
is that, for equally intense signals, the contribution of XCI is twice as strong as SCI. This
makes XCI a dominant impairment in WDM systems, often responsible for asymmetric
spectral broadening and nonlinear crosstalk between channels.

Finally, another nonlinear multi-channel interference (MCI) mechanism is four-wave
mixing (FWM). This type of effect arises from the beating among different channels at
distinct frequencies, which generates new frequency components. In simple terms, the i-th,
j-th, and k-th channel frequencies can interact to produce an l-th frequency that was not
originally present. The problem becomes more severe when channels are equally and closely
spaced, as the newly generated components may overlap with existing channel frequencies,
coherently mixing with them. Moreover, the FWM process draws energy from the original
signals, reducing their power.

In general, these nonlinear effects are described by the third term in the right-hand side
of the nonlinear Schroedinger equation (introduced in the following), where the nonlinear
parameter γ can be expressed as

γ =
2π

λ

n2

Aeff
(1.8)

and Aeff denotes the effective area of the mode in the fiber.

Several approaches have been developed to model NLI. In the time domain, the pulse-
collision theory has been proposed [81], while in the frequency domain the most established
model is the Gaussian Noise (GN) model [82], which assumes that NLI behaves as additive
Gaussian noise. However, some limitations of the GN model were later identified, such as its
independence from modulation format, the assumption of noise symmetry in the complex
plane, and the absence of phase noise [57, 83]. These issues were subsequently addressed
through the enhanced Gaussian Noise (EGN) model [84].
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1.4.2 Fiber Propagation Models: SSFM and eRP

The propagation of an optical field in an optical fiber is governed by the nonlinear Schroedinger
equation (NLSE). Let us consider, for simplicity, the single-polarization optical field E(t,z),
where t is the time coordinate and z is the spatial coordinate in the fiber-propagation direction.
The NLSE can be expressed as

∂

∂ z
E(t,z) = j

β2(z)
2

∂ 2

∂ t2 E(t,z)− α(z)
2

E(t,z)− jγ(z) |E(t,z)|2 E(t,z) (1.9)

where β2(z) is the CD coefficient, α(z) the fiber attenuation parameter and γ(z) the nonlinear
fiber parameter. This equation consists of two distinct contributions: a linear term and a
nonlinear term. It can therefore be reformulated as

∂

∂ z
E(t,z) = D̂{E(t,z)}+ N̂{E(t,z)} (1.10)

where D̂ accounts for the linear contribution, i.e., CD and attenuation, and N̂ for nonlinear
contributions. Because the equation is not fully linear, the superposition principle does not
hold and the individual contributions cannot be separated. Moreover, no general analytical
solution exists. Nevertheless, by considering sufficiently short fiber segments of length
dz, such a separation can be approximated with limited error, enabling the application
of numerical methods, such as the SSFM [85]. In the SSFM, each step is computed by
alternating the nonlinear operation in the time domain:

EN(t,z+dz) = e− jγ(z)|E(t,z)|2dzE(t,z) (1.11)

and the linear operation in the frequency domain:

ED(t,z+dz) = e−
α(z)

2 dzF−1
{

e− j β2(z)
2 (ω−ω0)

2dzF {E(t,z)}
}

(1.12)

where F and F−1 denote the Fourier and inverse Fourier transform operators, which can
generally be computed in the discrete-time using the FFT and inverse FFT algorithms, and
ω = 2π f is the angular frequency. This operation is performed until the whole link length is
covered.

Note that the SSFM is a serial model of fiber propagation and does not provide a closed-
form approximation of the propagated signal. To overcome this, the RP model was proposed
[86], implemented with a parallel structure and enabling a closed-form approximation of
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Fig. 1.7 Schematic of SSFM and eRP1 methods. Adapted from: [71].

the signal. While a detailed derivation of the RP method is provided in [86], here only the
aspects relevant to this thesis are outlined. In the RP method, the field at time t and position
z = L is expressed as

E(t,L) = E0(t,L)+
∞

∑
m=1

γ
mEm(t,L) (1.13)

where the first term denotes the unperturbed solution of the NLSE, incorporating only linear
impairments, the second term the nonlinear perturbation and L the total link length. A
good approximation is achieved by truncating this perturbation term at the first order, i.e.,
E(t,L) = E0(t,L)+ γE1(t,L). Each term can be written as

E0(t,L) = h0,L(t)∗E(t,0) (1.14)

E1(t,L) =− j
∫ L

0
hz,L(t)∗ N̂0

{
h0,z(t)∗E(t,0)

}
dz (1.15)

where hzi,z j(t) denotes the linear operation impulse response from arbitrary positions zi to
z j along the link, ∗ the convolution operator and N̂0{·}= | · |2(·) the nonlinear operator. An
enhanced version, referred to as eRP [86, 87], has also been proposed. In this formulation,
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the nonlinear operator is defined as N̂P {·} =
[
| · |2 −2P(z)

]
(·) for the single polarization

case and N̂P {·}=
[
| · |2 − 3

2P(z)
]
(·) for the dual-polarization case, where P(z) denotes the

power evolution of the propagating signal. In the following, only the first-order RP model
will be considered, referred to as RP1 (or eRP1 for its enhanced version). A visualization of
the two methods is provided in Fig. 1.7, where the notation D̂zi,z j{·}= hzi,z j(t)∗ (·) is used
to establish a parallelism with the SSFM, with z = 0, . . . ,zk, . . . ,L and k = 1, . . . ,N −1.

1.4.3 Linear Least Squares Method

The starting point of this method is to concentrate the entire contribution of power evolution
into a single parameter within the NLSE described by (1.9). This is achieved by introducing
the amplitude-normalized optical field, defined as A(t,z) = E(t,z)exp

(1
2
∫ z

0 α(z′)dz′
)
. This

field has constant power while propagating and, inserting it into (1.9), it is possible to rewrite
the equation as

∂

∂ z
A(t,z) = j

β2(z)
2

∂ 2

∂ t2 A(t,z)− jγ ′(z) |A(t,z)|2 A(t,z) (1.16)

where all the information about signal power evolution P(z) is contained in γ ′(z) = γP(z),
if we assume γ to be constant over the fiber link. Thus, estimating γ ′(z) allows to estimate
P(z) as well. Let us now consider the discrete-time version of the received signal, i.e.,
A[L] = [A[0,L], . . . ,A[n,L], . . . ,A[N,L]]T , with n = t/Ts, Ts the sampling period and (·)T the
transpose operator. Also, it is possible to write γ ′ =

[
γ ′0, . . . ,γ

′
K−1
]T , with γ ′k = γ ′(zk) and zk

the position on the link for k = 0, . . . ,K−1. γ ′ is estimated as the set of parameters of a virtual
transmission link that best emulate the actual transmission link. In this optimization problem,
the transmitted (or reference) signal and the received signal act as boundary conditions. The
problem can be formulated as

γ̂ ′ = argmin
γ ′

E
[
∥A[L]−Aref[L]∥2] (1.17)

where E(·) denotes the expected value operator and Aref[L] is the virtually-propagated
reference signal. In the original implementation of MMSE-based LPM [63], the virtual
propagation to compute Aref[L] was carried out using the SSFM. Since the nonlinear step in
(1.11) constitutes a nonlinear operation, the optimization of γ ′ in (1.17) is also a nonlinear
problem and was solved through iterative processing based on stochastic gradient descent.
A solution is to resort to the eRP1 model [66], that allows to approximate the received
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and reference signals as A[L]≃ A0[L]+A1[L] and Aref[L]≃ A0,ref[L]+A1,ref[L]. Assuming
A0[L]≃ A0,ref[L], (1.17) becomes

γ̂ ′ = argmin
γ ′

E
[
∥A1[L]−A1,ref[L]∥2] (1.18)

Moreover, A1,ref[L] can be rewritten according to (1.15) as

A1,ref[L] =
K−1

∑
k=0

γ
′
k(− j∆zk)D̂zk,L

{
N̂P
{

D̂0,zk {Aref[0]}
}}

(1.19)

where ∆zk = zk+1 − zk. This operation allows to isolate the terms γ ′k

A1,ref[L] =
K−1

∑
k=0

γ
′
k ·g[zk,n] (1.20)

which can be rewritten in matrix form as A1,ref[L] = Gγ ′, where (G)nk = g[zk,n]. Substituting
this expression in (1.18) yields

γ̂ ′ = argmin
γ ′

E
[
∥A1[L]−Gγ

′∥2] (1.21)

This optimization problem is an LLS optimization problem and its solution exists in closed-
form

γ̂ ′ =
(

Re
[
G†G

])−1
Re
[
G†A1[L]

]
(1.22)

where Re[·] and (·)† denote the real part and Hermitian transpose operators, respectively.
This derivation can be easily extended to dual-polarization scenario [66], where the NLPR
expression becomes γ ′(z) = 8

9γP(z).

In summary, (1.22) provides a closed-form estimation of the power profile evolution of a
signal propagating over an optical link, based on the received signal and a reference signal
reconstructed from the originally transmitted waveform. A schematic representation of the
main steps of LLS-based LPM is provided in Fig. 1.8.
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Fig. 1.8 Schematic view of the LLS-based LPM algorithm and relevant DSP blocks. SPS: sample-
per-symbol, CDC: CD compensation, AEQ: adaptive equalizer, FOC: frequency offset compensaiton,
CPE: carrier phase estimation. Adapted from: [66].

1.4.4 Correlation Method

The second technique for power profile estimation is the CM-based LPM. The principle is
similar to the previous method: at the receiver, each polarization component is processed
along two parallel paths. In the first path, the signal is processed through the standard DSP
chain of a coherent receiver, and after adaptive equalization the output is extracted and
fed to the CM-based algorithm. At this stage, the previously compensated CD is reloaded
and then partially compensated by an amount k∆c, where ∆c denotes the CD resolution,
k = 0, . . . ,K, and K is the number of sections into which the optical link is divided. Each of
these operations corresponds to compensating a CD equivalent to back-propagating from
position z = L to z = L− zk on the link, where zk = k∆c/D, with D being the CD parameter.
If we denote Ei[n] as the output of the adaptive equalizer, with i ∈ {x,y} indicating the two
polarizations, we can write the output of this first operation as

ei[n] = D̂L,L−zk {Ei[n]} , i ∈ {x,y} (1.23)
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Fig. 1.9 Schematic view of the CM-based LPM algorithm and relevant DSP blocks. Adapted from:
[59].

After the first partial CD compensation, a partial nonlinear remediation is applied to the
resulting signal to compensate the point-wise nonlinear phase noise. Note that for this
operation the nonlinear remediation parameter ε is set to a fixed and small constant value.
The signal then becomes

e′i[n] = ei[n]exp
(
− jε

(
|ex[n]|2 +

∣∣ey[n]
∣∣2)), i ∈ {x,y} (1.24)

Finally, the remaining CD is also compensated

e′′i [n] = D̂L−zk,0
{

e′i[n]
}
, i ∈ {x,y} (1.25)

The output of this final step is used to estimate the power value by performing correlation
(e.g., computing the Pearson correlation coefficient) with a reference signal Ei,ref[n], with
i ∈ {x,y}. The correlation output serves as an indicator of the local nonlinear optical power
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at that position. This quantity depends on both the instantaneous optical power and the
nonlinear refractive index of the fiber at the same location.

γ̂ ′k = corr
(
|e′′x [n]|, |Ex,ref[n]|

)
+ corr

(
|e′′y [n]|, |Ey,ref[n]|

)
(1.26)

To reconstruct the full power profile, this procedure must be repeated for all possible values
of k. Since the signal is extracted before the FOC and CPE operations, the absolute value of
both signals is considered. Furthermore, the structure of this version of the algorithm remains
influenced by the DBP. An alternative approach, presented in [61] and often referred to as
modified CM-based LPM, instead performs correlations between the received signal and
each nonlinear branch of the RP1 model (see Fig. 1.7) applied to the reference signal. Also
for the CM-based algorithm a visual representation of the main steps is reported in Fig. 1.9.

1.5 Optical Fiber Sensing

Another possible monitoring application is optical fiber sensing. With the widespread
deployment of optical fiber networks across terrestrial and submarine environments, there is
growing interest in leveraging these infrastructures for environmental sensing. Monitoring
external natural and human-induced activities is important not only for public safety but also
for protecting the integrity of the fiber itself. Environmental perturbations can lead to issues
like fiber cuts, threatening network reliability. Real-time sensing enables early detection of
such anomalies, supports hazard mitigation near fiber routes, and helps reduce the risk of
costly outages or infrastructure damage.

1.5.1 Length-integrated Sensing Technologies

Length-integrated sensing technologies, which do not offer event localization, represent
one category of fiber sensing methods. Among these, polarization-based sensing stands out
by utilizing the inherent capability of modern coherent receivers to estimate the state of
polarization (SOP) for signal demodulation. This makes it possible to implement polarization-
based sensing with minimal added cost and complexity, as it can operate directly on existing
telecommunication transceivers [88].

External perturbations, such as mechanical vibrations, temperature fluctuations, and
electromagnetic interference, induce stress and geometrical deformations in the fiber, leading
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to time-varying birefringence and SOP fluctuations. These changes can be monitored to detect
natural events such as earthquakes and debris flows, as well as human-induced activities
like construction work and tampering [88–90]. While polarization-based sensing does not
inherently provide localization capabilities, as the SOP is an integrated parameter along the
fiber, it extends the potential sensing range compared to distributed methods (discussed in
the following), which are typically limited to around 100 km.

Recent studies have demonstrated polarization sensing across a variety of environments
and fiber lengths, from short urban links to submarine spans of over 10,000 km. Events
detected include mechanical vibrations, wind gusts, lightning strikes, and varying magnetic
fields due to power lines [90–92]. For instance, ultra-low-frequency seismic events have been
successfully detected with sampling rates as low as 100 S/s, using SOP data extracted from
either polarimeters or directly from coherent receiver telemetry [92–94].

Despite its advantages, polarization sensing faces limitations in terms of localization.
Since SOP is not spatially resolved, techniques based on cross-correlation between signals
received at opposite ends of a fiber have been proposed [95]. These methods rely on detecting
the time delay of a disturbance propagating through the fiber. Alternative strategies involve
using different wavelengths in high-dispersion fibers to exploit time-of-arrival differences at
a single receiver [96]. However, such approaches are sensitive to sampling rate, noise, and
the spectral content of the perturbation itself.

SOP sensing accuracy is also affected by estimation noise from the receiver. Experimental
work has shown that coherent receivers, though not optimized for polarization tracking,
can still provide usable SOP data, particularly at higher OSNRs and with adequate signal
smoothing, as will be discussed in Chapter 4. Conversely, real-world noise sources, such as
environmental changes in metropolitan settings, introduce non-stationary SOP fluctuations
over long periods [97]. As a result, hazard detection algorithms must be robust to these
dynamics.

One basic method, SOP angular speed (SOPAS), calculates the angular rate of SOP
variation between successive samples. While effective in controlled environments, SOPAS is
sensitive to baseline fluctuations and unsuitable for non-stationary environments. To over-
come this, a more adaptive algorithm called SOP - power spectral density gap (SOP-PSDG)
was developed, which normalizes spectral deviations relative to a moving reference window.
This approach offers improved sensitivity and a more stable thresholding baseline, enhancing
reliability for real-time monitoring applications [98]. An example of these quantities is
reported in Fig. 1.10.
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Fig. 1.10 a) SOP evolution over the Poincaré sphere surface over around two days of acquisition,
considering a metropolitan fiber. b) Same acquisition, but the SOPAS and SOP-PSDG time evolutions
are shown.

Overall, polarization-based sensing presents a promising and cost-efficient technique for
leveraging existing optical fiber infrastructure to monitor environmental and security threats,
with ongoing developments focused on enhancing accuracy, localization, and robustness to
noise. It is worth noting that alternative approaches exist. For instance, optical phase-based
sensing has been proposed [93], and its performance relative to polarization-based sensing
will be analyzed in Chapter 4.

1.5.2 Distributed Sensing Technologies

Distributed fiber optic sensing (DFOS) enables the use of optical fiber infrastructure for
simultaneous data transmission and environmental sensing, leveraging backscattering mech-
anisms inherent to the fiber medium, namely Rayleigh, Brillouin, and Raman backscatter,
shown in Fig. 1.11. These methods permit spatially continuous measurement of parameters
such as vibration, strain, and temperature along the entire fiber length, with spatial resolution
dictated by the interrogation signal’s bandwidth [99].

Rayleigh-based sensing, particularly for distributed acoustic sensing (DAS), utilizes the
detection of Rayleigh backscattered light induced by microscopic inhomogeneities in the
glass structure. A short optical pulse is launched into the fiber, and the backscattered signal,
varying with strain or vibration, is measured as a function of time to infer spatial variations.
The simplest form, intensity-based DAS, detects changes in backscatter amplitude caused
by phase interference among scatterers due to dynamic strain. While it does not provide
linear reconstruction of the vibration waveform, coherent detection enables phase-sensitive
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DAS, which can recover the optical phase shifts induced by strain, thus enabling quantitative
vibration measurements [100].

Brillouin-based sensing, implemented through Brillouin optical time-domain reflectome-
try, is suited for static or quasi-static measurements of temperature and strain. The Brillouin
frequency shift of the backscattered light is sensitive to changes in both parameters. The
frequency shift is extracted through frequency-domain analysis of the backscattered spectrum,
typically using Lorentzian fitting or Fourier transforms. Advanced systems may also use
diversity techniques or hybrid Raman/Brillouin setups to decouple temperature and strain
contributions [101].

Raman-based sensing, used in distributed temperature sensing, is based on the asymmetric
intensity of Stokes and anti-Stokes Raman scattering (see Sec. 2.3.1 for more details on
this topic), which is temperature-dependent. The ratio of these components provides a
direct estimate of temperature along the fiber. Due to the weak nature of the Raman signal,
high-gain detection and temporal averaging are required [102].

Fig. 1.11 Visualization of main backscattering mechanisms for distributed fiber optic sensing. Source:
[99].

Each DFOS method offers distinct advantages. Rayleigh-based DAS is well-suited for
high-resolution, real-time vibration monitoring, like the one discussed for polarization-based
sensing; Brillouin systems provide accurate strain and temperature measurements over longer
distances but with lower temporal resolution; Raman systems offer temperature sensing
with high spatial resolution. These techniques can coexist with live data traffic by spectrum
multiplexing, allowing telecommunication infrastructure to serve dual purposes. However,
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limitations such as the presence of inline amplifiers, optical isolators, and strong reflections
may require network modifications for optimal DFOS deployment [103]. Therefore, these
techniques are presented here for completeness but will not be examined further in the scope
of this thesis.

1.6 Thesis Outline

As highlighted in the introduction, in the context of modern optical networks, characterized
by ever-increasing transmission rates, flexible and reconfigurable architectures, and the
constant demand for cost-efficient operation, DSP has emerged as a key enabling technology.
While its primary role is to support standard transmission and mitigate impairments, it
has also proved highly valuable for OPM, leading to the development of DSP-based OPM
solutions. Recent advances in this area include DLM, and specifically LPM, which enable
spatially-resolved estimation and localization of impairments, as well as the extension of
DSP-based OPM to fiber sensing, where existing network infrastructure can be exploited to
detect external perturbations, such as vibrations or tampering. In summary, DSP-based OPM
provides a scalable and cost-efficient alternative to traditional hardware-based monitoring,
as it leverages the processing already available in coherent receivers to extract monitoring
information directly from data-carrying signals, making it a crucial tool for the development
of future optical networks.

With these motivations and in this context, this thesis investigates innovative OPM solu-
tions, focusing on DLM for coherent optical fiber links and on DSP-based approaches for
fiber sensing over metropolitan fiber networks. This thesis is structured as follows. Chapter 2
presents OPM solutions based on LPM for PDL estimation and localization, including a com-
parison with alternative methods proposed in the literature. This chapter also demonstrates the
application of LPM in different transmission scenarios, such as subcarrier multiplexing and
UWB transmission (C+L band) with backward Raman amplification. Chapter 3 highlights
the intrinsic capability of LPM for simple nonlinear interference estimation, with a focus
on transmit power optimization, and concludes with a discussion of the trade-offs involved
in its practical implementation along with possible mitigation strategies. Finally, Chapter
4 introduces DSP-based techniques for fiber sensing in metropolitan networks, examining
the accuracy of polarization state information extracted from standard coherent DSP and
comparing its sensing performance with other DSP-based methods, such as optical phase
sensing.
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Chapter 2

Digital Longitudinal Monitoring of
Long-Haul Transmission Systems

This chapter explores innovative optical performance monitoring techniques in the context
of digital longitudinal monitoring, with corresponding simulative evaluations and, where
possible, experimental validations. The central theme is the development and validation of
LPM-based methods and their applicability to diverse transmission scenarios:

• Multi-span transmission affected by PDL: Sec. 2.1 presents a modification of the LLS-
based LPM algorithm for polarization-dependent loss estimation and localization, along
with a comparative analysis against an alternative method relying on CM-based LPM.
Reference works:

– L. Andrenacci, G. Bosco and D. Pilori, "PDL Localization and Estimation Through
Longitudinal Power Monitoring: A Comparison between Least Squares and Correlation
Methods," 2024 Italian Conference on Optics and Photonics (ICOP), Firenze, Italy, 2024,
pp. 1-4, doi: 10.1109/ICOP62013.2024.10803656;

– L. Andrenacci, G. Bosco and D. Pilori, "PDL Localization and Estimation Through Lin-
ear Least Squares-Based Longitudinal Power Monitoring," in IEEE Photonics Technol-
ogy Letters, vol. 35, no. 24, pp. 1431-1434, 15 Dec.15, 2023, doi: 10.1109/LPT.2023.3331110;

• Digital subcarrier multiplexing systems: Sec. 2.2 demonstrates the use of LPM in
subcarrier multiplexing systems, assessing its effectiveness in multi-carrier environments.
Reference works:
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with Subcarrier Multiplexing Transmission," 2023 IEEE Photonics Conference (IPC),
Orlando, FL, USA, 2023, pp. 1-2, doi: 10.1109/IPC57732.2023.10360788;

• UWB transmission with full backward Raman amplification: Sec. 2.3 investigates the
feasibility and accuracy of LPM in UWB transmission systems employing full backward
Raman amplification. Reference works:

– L. Andrenacci, S. Straullu, A. Nespola, G. Bosco, P. Poggiolini, S. Piciaccia and D.
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on Optical Communication, Frankfurt, Germany, 2024, pp. 503-506;

2.1 Polarization-Dependent Loss Estimation and Localiza-
tion

Polarization-dependent loss is a significant physical impairment in modern optical communi-
cation systems [104]. It refers to the variation in signal attenuation as a function of the state of
polarization (SOP) of impinging light, meaning that different polarization states experience
different levels of loss while propagating through the same optical path and, possibly, a
loss of orthogonality [105]. A representation of the effect of PDL on an optical signal is
illustrated in Fig. 2.1. PDL primarily stems from optical components along the link, such
as wavelength-selective switches (WSSs) in ROADMs or EDFAs [106]. Furthermore, these
optical components may induce PDL whose impact varies with parameters such as time or
wavelength. As a result, PDL behaves as a stochastic impairment, which is particularly chal-
lenging to manage in networks containing multiple ROADMs, where the accumulated PDL
can reach values of about 2-3 dB [107], thus requiring large design margins during network
operation [40]. Such variability also results in fluctuations in signal quality, impacting both
the OSNR and the overall system throughput. Since the SOP evolves unpredictably along
the fiber due to environmental influences and imperfections in optical components, PDL
emerges as a critical impairment that is difficult to control. Effectively monitoring PDL is
therefore vital to maintain optimal network performance and guarantee reliable, high-quality
data transmission.
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PDL

a)

b)

PDL

Fig. 2.1 Representation of polarization-dependent loss effect on a signal with a) x-polarization aligned
(θ = 0) with maximum PDL axis and b) x- and y-polarization at θ = π/4 with respect to maximum
PDL axis.

2.1.1 Modeling and Monitoring of Polarization-Dependent Loss

As mentioned before, PDL generally introduces different attenuation levels to the two
polarization components of an optical signal. This effect can be readily modeled using Jones
matrix formalism [108]. Let us consider a Jones vector Ein = [Ex,Ey]

T representing the
optical field incident on a PDL element. The corresponding output field Eout, neglecting
losses/gains common to both polarizations and not affecting PDL, can then be generally
expressed as

Eout = HPDLEin (2.1)

with
HPDL = R−1(θ ,φ)HR(θ ,φ) (2.2)

where H denotes the matrix responsible for introducing power imbalance between the two
polarizations, and R(θ ,φ) is a unitary matrix that defines the PDL axes through the angles θ

and φ . The inclusion of R(θ ,φ) accounts for the fact that, in general, optical signals impinge
on a PDL element with a random SOP, which is not aligned with the PDL axes. In particular,
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it can be written as [109]

R(θ ,φ) =

(
cos(φ) jsin(φ)

− jsin(φ) cos(φ)

)(
cos(θ) sin(θ)
−sin(θ) cos(θ)

)
. (2.3)

Matrix H, on the other hand, can be modeled in two different ways depending on the behavior
of the component introducing PDL. The loss can be applied to one polarization only, i.e.,

H =

(
1 0
0 ε

)
. (2.4)

where ε ∈ [0, 1] and the PDL value is given by PDLdB = 10log10(ε
2). Note that this model

introduces an energy loss at the output of the PDL element, since Tr
(
HH†)= 1+ ε2, with

Tr(·) the matrix trace operator. The matrix can also be modeled as

H =

(√
1+ ε 0
0

√
1− ε

)
. (2.5)

where ε ∈ [0, 1] and PDLdB = 10log10 ((1+ ε)/(1− ε)). In this formulation, energy conser-
vation is assumed, i.e., Tr

(
HH†)= 2.

However, multiple PDL elements may be present along an optical link. In this case,
and neglecting noise contributions for simplicity, the overall PDL matrix representing the
accumulation of N individual PDL elements can be expressed as

HPDL =
N

∏
n=1

HPDL.n (2.6)

which indicates that a link with distributed PDL can be modeled as a single PDL element,
whose equivalent PDL value can be computed resorting to the singular value decomposition
(SVD) of (2.6).

A variety of methods have been proposed in the literature for PDL monitoring. Among
them, one approach [12, 42], already discussed in Sec. 1.3.2, exploits the PDL models in
(2.2) and (2.6) to extract PDL information from the taps of the adaptive equalization stage
in the DSP of a coherent optical receiver. Other techniques include SOP-based monitoring
schemes [110] and amplitude-modulated pilot-tone methods [111, 112]. Further approaches
rely on statistical modeling of PDL [113, 114], where regression techniques are applied to
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fluctuations in the SNR distribution to infer the PDL contribution introduced by network
components [115].

However, these methods generally do not enable simultaneous localization and estimation
of PDL. To address this limitation, DLM, and in particular LPM, offers a promising alternative.
LPM provides an estimate of the longitudinal power profile evolution of an optical signal
along the fiber. Since PDL is inherently a power-related impairment, the potential ability
of LPM to recover polarization-resolved power profiles would make it possible to both
localize and estimate PDL. Research in this direction has already been conducted using CM-
based LPM. For example, [116] demonstrates PDL localization in a multi-span transmission
relying solely on receiver-side DSP. However, estimation could not be achieved, since CM-
based LPM does not provide absolute power values [71]. This limitation was subsequently
overcome by introducing a calibration procedure applied to the CM power profiles, which
enabled PDL estimation with high accuracy at the cost of additional complexity and reduction
in flexibility.

A more direct approach to jointly estimate and localize PDL is to introduce suitable
modifications to the LLS-based LPM algorithm, enabling it to operate in a polarization-
resolved manner. This solution is presented in the following. In parallel to this work, a
similar approach was proposed in [117]. While the underlying principle is the same, the
implementation differs. The method proposed in this thesis modifies the nonlinear operator
of the eRP1 model and performs two separate power profile estimations, one for each
polarization. In contrast, the approach in [117] modifies the computation of the matrix G in
(1.22), doubling its size to account for cross-polarization contributions.

2.1.2 Joint Localization and Estimation through Linear Least Squares-
based Longitudinal Power Monitoring

The LLS-based LPM algorithm was introduced in Sec. 1.4.3 for the single-polarization
case. Since PDL affects both polarizations, it is necessary to extend the analysis to the
dual-polarization scenario. The LLS optimization problem in (1.21) for estimating the total
signal power profile essentially remains unchanged, but it can be reformulated to explicitly
highlight the polarization-wise contributions as

γ̂ ′ = argmin
γ ′

E

∥∥∥∥∥
[

A1,x[L]
A1,y[L]

]
−

[
Gx

Gy

]
γ
′

∥∥∥∥∥
2
 (2.7)
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where each matrix Gi can be computed from (1.19) using the corresponding polarization-
wise reference signal Aref,i, with i ∈ x,y. Ultimately, however, the LLS solution in (1.22)
provides an estimate of the total power profile, given the problem formulation and the eRP1
nonlinear operator employed, i.e., N̂P {·}=

[
∥ · ∥2 − 3

2

]
(·). Since the algorithm operates on

the normalized amplitude field, the term P(z) = 1 can be assumed.

The proposed method, instead, separates the contributions of the two polarizations by
splitting the optimization into two independent problems, one for the x polarization and
one for the y polarization, while modifying the nonlinear term to its single-polarization
form, similarly to the CM-based approach presented in [109]. Hence, each column of the Gi

matrices can be expressed as

gi[zk,n] =
K−1

∑
k=0

(− j∆zk)D̂zk,L
{

N̂P
{

D̂0,zk

{
Aref,i[0]

}}}
, i ∈ {x,y} (2.8)

where all the symbols have the same meaning as in Sec. 1.4.3 and the nonlinear operator is
substituted with N̂P {·}=

[
| · |2 −2

]
(·). Finally, this allows to compute the polarization-wise

longitudinal power profiles as

γ̂ ′i =
(

Re
[
G†

i Gi

])−1
Re
[
G†

i A1,i[L]
]
, i ∈ {x,y} (2.9)

In summary, a minor modification to the original algorithm enables the estimation of
polarization-resolved power profiles.
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Fig. 2.2 Example of polarization-wise power profiles estimated with the proposed method (left) and
corresponding indicator for subsequent PDL estimation and localization (right).
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It should be noted that the effect of PDL is stochastic, as the SOP of the incoming optical
signal may vary over time. For this reason, to obtain a true estimate of PDL, defined as the
ratio between the maximum and minimum losses experienced across all possible SOPs, it
is necessary to evaluate multiple profiles while varying the SOP of the input signal to the
LPM algorithm. For each position along the link, a PDL indicator can then be computed as
the ratio between the maximum and minimum values of the power profile at that location.
An example of this procedure is illustrated in Fig. 2.2 for a nominal PDL value of 2dB
inserted at the beginning of the third span in a simple simulation setup composed of 3×50-km
SMF spans. The two power profiles correspond to the two input states of polarization that
maximize the PDL, among all possible SOPs. The effectiveness of this approach is evaluated
in the following section through numerical simulations.

2.1.3 Numerical Validation of Proposed Method

CDC Matched
Filt. AEQ CPE2 SPS Decod.

DSP

   Compute       Compute

LLS-based
LPM

PDL Indicator

Optical System

TX
EDFA EDFA EDFA

x pol. y pol.

Fig. 2.3 Schematic of the simulation setup and the LLS-based PDL estimation algorithm, with the
PDL element highlighted in red.
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The simulation setup in Fig. 2.3 is used to validate the proposed method. The transmitted
signal consists of three dual polarization (DP)-64QAM WDM channels shaped by a square-
root raised-cosine filter with roll-off 0.15, modulated at 128 GBaud, and spaced by 200GHz.
A large channel spacing is adopted in order to minimize the contribution of XCI and to focus
on PDL estimation, while also reducing the simulation time. Although a denser channel
spacing would introduce additional measurement noise, a detailed analysis of its impact is
beyond the scope of the present analysis and is left for future work. The central channel is
taken as the channel under test (CUT). The optical link consists of 10×50 km identical spans
of G.652 single-mode fibers (SMFs), characterized by an attenuation of αdB = 0.2dB/km, a
chromatic dispersion coefficient of β2 =−21.28ps2/km, and a nonlinearity coefficient of
γ = 1.31/W/km. Each span is followed by an EDFA with a noise figure of 5dB, operated in
constant output power mode.

The algorithm’s performance was evaluated by inserting lumped PDL elements into
the optical link, modeled according to the formulation in (2.5). In the simulations, fiber
propagation is modeled using the split-step Fourier method, implementing the Manakov
equation [85]. After propagation, the optical signal is received by a standard coherent
receiver and sampled at a rate of two sample-per-symbol. The resulting samples are then
processed by several DSP blocks performing CD compensation, matched filtering, LMS-
based adaptive equalization, and BPS carrier phase estimation. The output of the final
DSP stage is extracted and used as the input to the LPM algorithm. Each power profile
is computed from approximately 8×105 samples. In the simulations, the reference signal
for LPM is reconstructed directly from the transmitted sequence. In practice, however, this
reconstruction would typically be carried out after error-free forward error correction (FEC)
decoding, which was not implemented in this work, or hard-decision before FEC.

The initial analysis considered the estimation of the location of a lumped 3-dB PDL
element inserted at the beginning of the 5-th span, emulating a faulty WSS placed after the
EDFA. The estimation was performed under three different operating conditions. First, the
algorithm was tested at a high transmit power of 8dBm, as in [116]. It was then assessed
at lower power levels of 5 and 2 dBm, the latter corresponding to the launch power that
maximizes the overall SNR, as illustrated in Fig. 2.4. This approach also allows to test the
algorithm under conditions where LPM is less effective, such as at low per-channel power,
due to its reliance on nonlinear effects that are inherently power-dependent.

For each operating condition, 20 power profiles were estimated using a constant spatial
step of ∆z = 2km in the LPM algorithm. In each case, the SOP of the transmitted signal was
randomly rotated digitally at the transmitter, while the polarization-rotation elements within
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Fig. 2.4 SNR vs per-channel power for the considered setup. Optimum power around 2dBm.

the link were kept fixed. This reflects the assumption that, in a realistic scenario, the incident
SOP at the PDL elements remains relatively stable over time.

Figure 2.5 shows all the x-polarization profiles computed for a transmit power of 2 dBm
and corresponding to each simulated SOP of the signal. These profiles display noticeable
noise, particularly in the second half of each span. The observed noise is attributed to the
LPM algorithm’s sensitivity to the level of nonlinearity at the measurement position, as
mentioned above: higher nonlinearity generally leads to improved accuracy in the estimation
process. Thus, for such applications, it is preferable to operate at a higher power level [71].
To address this issue, a moving average operation has been performed on the estimated
profiles, considering a window length of 5 samples. This post-processing step aims to
mitigate the estimation noise arising from points in the link where the power is low. By
averaging neighboring samples, the algorithm can partially smooth out the noise, leading
to more stable and reliable estimations also at low power level, as shown by the following
results.

Figure 2.6 shows the PDL indicator at different power levels, defined as the difference
between the maximum and minimum values of all profiles at each position zk. Across all
powers, the indicator exhibits a clear rise around z = 200km, reaching approximately 3dB.
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Fig. 2.5 Estimated power profiles, corresponding to all simulated SOPs, for the x-polarization at a
per-channel power of 2 dBm, with a nominal PDL element of 3 dB located at z = 200km from the
transmitter.

This increase identifies the beginning of the 5-th span as the location of the lumped PDL
element.
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Fig. 2.6 PDL indicator at different transmit powers with a 3-dB lumped PDL element inserted at the
beginning of the 5-th span. The dashed line indicates the nominal value.
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To estimate the PDL value and compare the results, the mean and standard deviation
of the PDL indicator are computed considering all the values between 200km and 500km,
as reported in Table 2.1. Interestingly, the algorithm achieves comparable performance
at the optimal launch power (2 dBm) and at a higher power level (8 dBm). Nevertheless,
due to the accuracy limitations discussed earlier, the results at the optimal power exhibit
increased noise, leading to the appearance of peaks every 50km near the end of each span.
In a practical experimental setting, the performance would likely degrade further due to
additional impairments (e.g., transceiver imperfections) that are not captured in the simulation.
It should be noted, however, that PDL is usually introduced by components located at the
beginning of each span, where the signal power is highest and LPM operates most efficiently.
Consequently, near the start of each span, the PDL indicator provides an accurate estimate of
the PDL value across all power levels, including the optimal one. The initial values at the
beginning of the span can therefore be used to obtain a more accurate estimate of the PDL,
as demonstrated in Sec. 2.1.4.

Table 2.1 PDL estimation and standard deviation for different per-channel power levels.

Pch 2dBm 5dBm 8dBm
Mean PDL 3.50dB 3.40dB 3.07dB

σPDL 0.77dB 0.63dB 0.47dB

Fig. 2.7 shows the PDL indicator, computed with the same procedure as in Fig.2.6, for
different PDL values inserted at the beginning of the 5-th span. The estimation accuracy
decreases at lower PDL levels, yet the algorithm correctly identifies both the position and the
magnitude of the PDL element even for PDL values as low as 1 dB. More accurate power
profile estimates can be achieved by increasing the number of samples used in the LPM
algorithm [71] or by averaging multiple power profiles [118].

It is interesting to notice that when multiple PDL elements are present, the total PDL
experienced by the CUT is not simply the sum of the individual contributions but rather a
more complex function that depends on the relative alignment of the PDL axes [114]. To
evaluate the method in a distributed-PDL scenario, two lumped PDL elements, each with
a fixed value of 2 dB, were introduced into the setup of Fig. 2.3, placed at the beginning
of the 4-th and 7-th span. By varying the relative orientation of their PDL axes, different
end-to-end PDL values of 2, 3, or 4 dB were obtained. The algorithm was then executed
for each case, yielding the estimations reported in Fig. 2.8. In all scenarios, the algorithm
accurately estimated the end-to-end PDL, with lower accuracy for very high values due to
the lower power affecting the LPM algorithm. The resulting PDL indicator can therefore be
exploited in threshold-based schemes for the automatic detection of lumped PDL elements.
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Fig. 2.7 PDL indicator for Pch = 2dBm with different PDL values, introduced by a lumped PDL
element at the beginning of the 5-th span. Dashed lines indicate nominal values.
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Fig. 2.8 PDL indicator with two lumped elements in the link: a fixed 2-dB PDL element at the
beginning of the 4-th span and another at the beginning of the 7-th span, resulting in total link PDL
values of 2, 3, or 4 dB. Dashed lines indicate nominal values.

In summary, in this section a novel PDL estimation algorithm for coherent optical links
was proposed, leveraging the LLS-based LPM technique. The algorithm has been evaluated at
power levels close to the optimal operating range, for different PDL values, and in scenarios
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involving two PDL elements. Across all test cases, it has achieved good accuracy in estimating
both the position and the magnitude of the inserted PDL. In the following, the performance
of this method is compared with an alternative approach for PDL estimation and localization,
based on CM-based LPM [109].

2.1.4 Comparison between LLS-based and CM-based PDL Monitoring
Methods

An alternative approach to PDL estimation and localization relies on CM-based LPM. The
procedure is based on an algorithm proposed for polarization-independent losses [70], later
extended to include the case of PDL in [109]. It should be noted that a calibration procedure
must be applied both to the transmission link and to the estimated power profiles, since
CM-based LPM does not provide absolute power values. The calibration step must be carried
out prior to operation and involves first computing reference power profiles, then varying the
output power of the amplifiers along the link to emulate losses. For each emulated loss, a
monitoring profile is estimated and used to calculate an anomaly indicator AI = AIx +AIy,
where AIx/y denotes the anomaly indicator of the individual polarizations. A key property of
these indicators is that their peak is proportional to the applied loss. This allows the estimation
of a calibration factor Ĉp that relates correlation variations to actual power variations. Then,
during operation, monitoring profiles are periodically computed and used to estimate PDL
values through the calibration factor and the anomaly indicators.

While a detailed analysis of this algorithm is beyond the scope of this thesis and can be
found in [109], it was implemented to allow a performance comparison with the method
proposed in Sec. 2.1.2. Specifically, the setup is the same as in Fig. 2.3, with minor
modifications: single-channel transmission at 5dBm and PDL modeled using the formulation
in (2.4). Moreover, the CM-based LPM is implemented as in [59] with the algorithmic
modifications proposed in [60] and [109]. The nonlinear remediation parameter was set to
ε = 0.01. The first comparison considers a lumped PDL element inserted at the beginning
of the 4-th span (i.e., z = 150km from the transmitter), with its value varied between
0.25dB and 3dB. For each PDL value, 10 estimations were carried out using both LPM
algorithms, with ∼ 7 · 105 samples as input. In the CM-based method, calibration and
reference profile estimation were performed before estimating the 10 monitoring profiles; the
anomaly indicator AI was then computed, and its peak used to retrieve the inserted PDL value.
In the LLS-based LPM approach, polarization rotation is required, either at the transmitter
or at the receiver, to align the signal’s polarization with the axes of the PDL element. To
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ensure this alignment, 20 random rotations were applied at the transmitter for each estimated
value, while keeping the polarization-rotating elements within the link fixed. Finally, the
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Fig. 2.9 Comparison of PDL estimation using the proposed method and the CM-based calibration
method. The dashed black line indicates the nominal values.

PDL indicator enables the localization of the span where the PDL source is inserted, with its
value estimated as the average of the indicator over the first half of such span. In this region,
the signal power remains relatively high, allowing the LPM algorithm to provide a more
accurate power estimate. The mean estimated PDL values are reported in Fig. 2.9, while the
corresponding standard deviation is reported in Fig. 2.10. Both approaches achieve relatively
accurate results. However, for PDL values below 1dB, which also represent typical operating
conditions, the calibration method provides highly accurate estimations, down to 0.25dB,
with a standard deviation of σPDL < 0.05dB and a maximum estimation error of 0.058dB.
In contrast, the LLS-based approach yields less accurate results. This limitation can be
explained by the fact that LLS-based power profiles are obtained as deconvolved versions
of the CM-based profiles, which amplifies noise and distortion. As a result, the intrinsic
noise of the algorithm prevents the detection of PDL values below a certain threshold. This
is confirmed by the estimation performed on the 4-th span without a PDL source, which
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Fig. 2.10 Standard deviation of PDL estimation using the proposed method and the CM-based
calibration method.

returns a value of approximately 0.5dB, thereby defining the minimum detectable PDL under
the considered conditions. Nevertheless, the reduced accuracy compared to the calibration
method is counterbalanced by the lower complexity of the LLS-based approach. Unlike
CM-based LPM, LLS does not require calibration on the transmission link or the computation
of reference profiles for comparison. Moreover, in the CM-based method, calibration must be
repeated whenever transmission parameters change, such as the symbol rate, which increases
system complexity and reduces flexibility. An additional advantage of LLS-based LPM is
that it directly provides the true signal power evolution, allowing PDL to be computed from
its definition, i.e., as the difference between absolute power values in logarithmic units.

Another scenario considered involves multiple PDL sources within the link. In this case,
two 2-dB PDL elements were inserted into the setup of Fig.2.3, at the beginning of the 4-th
and 7-th spans (i.e., z = 150km and z = 300km). Since the end-to-end PDL value depends
on the relative orientation of the PDL axes of the individual elements, their orientations were
chosen to yield a total PDL of 3dB. The PDL and anomaly indicators obtained with the two
approaches are shown in Fig.2.11. As illustrated in Fig.2.11 (top), the LLS-based approach
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Fig. 2.11 Resulting PDL indicator (top) and anomaly indicator AI (bottom) when two 2-dB PDL
elements are inserted on the link at z = 150km and z = 300km. The end-to-end PDL is set to 3dB.

successfully localizes both PDL elements and provides the correct cumulative value. By
contrast, the CM-based approach in Fig.2.11 (bottom) can localize the PDL elements but
fails to reflect the correct accumulated PDL, as both estimates remain close to 2dB. This
highlights a clear advantage of the LLS-based method over the CM-based one.

In summary, this work presented a comparison between LLS-based and CM-based LPM
methods for the localization and estimation of PDL in a single-channel multi-span optical
transmission link. The CM-based method demonstrated the ability to detect and estimate
PDL values as low as 0.25dB, with a maximum estimation error of 0.058dB, but at the cost
of a more complex calibration procedure. In contrast, in scenarios with multiple PDL sources
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along the link, only the LLS-based method was able to both detect and correctly estimate the
end-to-end PDL value.

2.2 Multi-Channel Longitudinal Monitoring

In this section, the application of LPM is extended to a different transmission scenario,
namely systems employing digital subcarrier multiplexing (DSCM). The objective here is
to investigate how LPM can be leveraged in the context of DSCM, assessing its capability
to estimate the longitudinal power evolution in multi-subcarrier systems. This analysis
highlights both the potential of LPM in enhancing monitoring functions beyond traditional
single-carrier links and the specific considerations required when dealing with digitally
multiplexed subcarriers.

2.2.1 Digital Subcarrier Multiplexing Systems

Subcarrier multiplexing is a technique in which multiple signals are multiplexed in the
RF domain and transmitted over a single optical wavelength, generally at lower symbol
rates. Initially, one of the key advantages of SCM was the maturity of microwave devices
compared to their optical counterparts: microwave oscillators offered greater stability, and
microwave filters provided higher frequency selectivity. Furthermore, the low phase noise of
RF oscillators simplified coherent detection in the RF domain relative to optical coherent
detection, while also enabling the straightforward use of advanced modulation formats [119].
In DSCM, the subcarriers are multiplexed and demultiplexed digitally in the DSP engine,
and by employing a small roll-off factor, the spectral occupancy is made equivalent to that
of a single-carrier signal. Thanks to digital multiplexing and demultiplexing, the analog
bandwidth requirements and the ADC/DAC sampling rate remain the same as in a single-
carrier system. Moreover, only one transmit laser and one local oscillator are required for
coherent detection [120]. Figure 2.12 gives a representation of the power spectral density of
a SCM signal compared to that of a single-carrier signal.

The use of DSCM was initially explored for its propagation advantages [121]. More
recently, it has proven to provide benefits in several additional areas. For instance, DSCM
is effective in mitigating the impact of nonlinear interference (NLI) [122] and represents
a viable solution for point-to-multipoint transmission systems [123]. Furthermore, DSCM
enables optimized DSP design to better adapt to rapid traffic evolution. In particular, the
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Fig. 2.12 Visualization of the power spectral density S( f ) of a single-carrier system (top) and a DSCM
system with 8 subcarriers (bottom).

lower symbol rate associated with DSCM reduces the complexity of CD compensating filters
and mitigates the impact of equalizer-enhanced phase noise [124]. These considerations
highlight the relevance of applying LPM to such systems

2.2.2 Application of Longitudinal Power Monitoring to Subcarrier Mul-
tiplexing Systems

The system was simulated under four different configurations of the DSCM transmitted signal
and is illustrated in Fig. 2.13. In each case, the signal consists of Nsc probabilistically-shaped
(PS)-64QAM subcarriers, shaped according to a Maxwell–Boltzmann distribution with an
entropy of 4.41 bits [125]. All subcarriers are filtered with a root-raised-cosine filter with
roll-off ρ = 0.05 and modulated at the same symbol rate Rs. The frequency spacing was set
to ∆ f = 1.1Bsc, where Bsc denotes the bandwidth of each subcarrier. Each configuration is
defined by a number of subcarriers equal to a power of two, i.e., Nsc = 2k, with k = 0,1,2,3
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Fig. 2.13 Schematic of DSCM simulation setup.

identifying the configuration index. The corresponding symbol rate is given by Rs = 64/2k

GBaud. In all cases, the subcarrier powers were set such that the total transmitted power
equals PTX = 8dBm, ensuring that the four signals are equivalent in terms of launch power,
total symbol rate, and spectral occupancy.

The transmitted signal is then propagated over a link composed of 10× 50-km spans
of SMF (αdB = 0.2dB/km, β2 = −21.28ps2/km, and γ = 1.31/W/km). At the end of
each span, an EDFA with a noise figure of F = 5dB fully compensates for the span loss.
Fiber propagation is simulated using the SSFM, implementing the Manakov equation. The
propagated signal is then received by a standard coherent receiver, where CD is compensated
and each subcarrier is extracted and resampled at 2 samples per symbol. The subcarriers are
subsequently processed independently through DSP blocks implementing matched filtering,
LMS-based adaptive equalization, and BPS carrier phase recovery. The outputs of the
final DSP stage are extracted and used to reconstruct the complete received signal, which
serves as the input to the CM-based LPM algorithm. The implementation follows the
algorithmic modifications introduced in [60], with a spatial step of ∆z = 2km and a nonlinear
remediation parameter set to ε = 0.0001 · 2k, depending on the configuration. Moreover,
all correlations between received and reference signals are calculated using the Pearson
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correlation coefficient. Note that the reference signals that are used in the correlation
operations have been reconstructed from the originally transmitted sequences, since no FEC
decoding was implemented.

0 50 100 150 200 250 300 350 400 450 500

Fig. 2.14 Average CM-based power profiles for the four DSCM simulated configurations.

Figure 2.14 reports the results obtained for the four simulated configurations. Each
configuration was simulated 10 times, and the corresponding estimated power profiles were
averaged to reduce the impact of noise and mitigate distortions affecting the signals processed
by the LPM algorithm. These distortions arise because the SCM signal undergoes several
resampling and filtering operations in the DSP, required for per-subcarrier processing and
subsequent reconstruction of the original received signal. For visualization and comparison
purposes, the mean value of the averaged profiles was subtracted. This choice also explains
the expression adopted for the nonlinear remediation parameter ε , which in the CM-based
LPM algorithm governs the mitigation of nonlinear effects. While ε is usually set to a small
fixed value [59], the degree of nonlinearity compensation influences the correlation and,
therefore, the scaling of the estimated profiles. To facilitate visualization, ε was increased
for lower symbol rates, following a heuristic rule. However, optimizing this parameter is not
necessary for practical purposes and falls outside the scope of this work. Finally, probabilistic
shaping was applied to the transmitted symbol sequences, primarily to enhance estimation
accuracy in the initial spans of the transmission link, where accumulated CD is lower, and
to avoid the need for CD pre-distortion [71]. With these considerations in mind, the LPM
algorithm produced reasonably good results across all the configurations analyzed, meaning
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that it successfully captures both the correct power evolution of the propagating signal and
the main characteristics of the optical link in this configuration. It can be observed, however,
that the estimation noise increases with the number of subcarriers. This effect is most likely
caused by the distortions discussed above, which accumulate as more subcarriers are involved
in reconstructing the received SCM signal. Nevertheless, this issue does not represent a
significant limitation, as the averaging operation effectively mitigates it.

Fig. 2.15 Average generalized mutual information for different number of subcarriers.

Finally, the average generalized mutual information (GMI) is reported in order to prove
that the performances of the four configurations are also equivalent. Figure 2.15 shows the
average GMI as a function of the number of subcarriers Nsc, computed as the mean of the
GMI values obtained from all processed subcarriers in a given configuration. The results are
consistently around 3.74 bit/symb. These relatively low values arise because high launch
powers are preferable for LPM applications (PTX = 8dBm in this work), whereas they are
generally far from the optimal launch powers for communication purposes [71].

In conclusion, the applicability of LPM using a CM-based algorithm has been demon-
strated in the context of SCM systems. Despite the noisier profiles, the performance remains
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comparable to that achieved in a single-carrier scenario. It is worth noting that, after this
work was published, another study [126] investigated multi-channel LPM in the context
of WDM systems, where a multi-bandpass filtering approach was proposed to mitigate the
impact of out-of-band NLI noise, an impairment typically absent in single-channel scenarios,
and improve the esitmation of power profiles.

2.3 Monitoring of Raman-amplified Ultra-Wideband Trans-
mission Systems

In recent years, several extensive experimental demonstrations of LPM have been reported.
One particularly challenging scenario is the UWB [127] (i.e., beyond the C-band), where
the choice of the amplification scheme plays a crucial role [128]. Conventional doped
fiber amplifiers, such as EDFAs, cannot provide gain over the entire WDM comb, which
necessitates the use of multiple parallel amplifiers, thereby increasing both system cost and
complexity. To overcome this limitation, two main approaches have been considered for
single-amplifier UWB systems: Raman amplification and semiconductor optical amplifiers
(SOAs) [128]. While recently developed SOAs can provide substantial gain over bandwidths
exceeding 100nm, they still suffer from drawbacks such as high noise figure and polarization-
dependent gain. On the contrary, Raman amplification can deliver wideband amplification
with a low noise figure [129], but the design and optimization of Raman-amplified UWB
links remain particularly challenging due to the interplay with inter-channel stimulated
Raman scattering (ISRS) [130]. For this reason, accurate live monitoring of the per-channel
power profile is critical to enable the operation and optimization of Raman-amplified UWB
transmission systems.

Both simulative and experimental demonstrations of LPM in UWB scenarios have already
been reported, including the monitoring of EDFA spectral gain, identification of anomalies
such as gain tilt or narrowband compression [60, 74], and the assessment of ISRS [131].
However, the approaches in [60, 74] relied on a CM-based LPM technique [59], which
requires CD pre-distortion and a calibration procedure [70] to recover the true optical power
and perform the aforementioned operations. Moreover, these demonstrations were limited to
transmission distances of up to 280km and did not employ a fully Raman-based amplification
scheme. To date, LPM has only been demonstrated in hybrid Raman-EDFA transmission
scenarios, either in simulation over very short distances and with a limited number of WDM
channels [132], or experimentally in a single C-band transmission [63]. For this reason, in
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this work we demonstrate the application of LLS-based LPM over a fully backward Raman-
amplified C+L band system, consisting of 9×60-km spans of G.652 SMF. We show that,
across all power levels, the estimated power profiles closely match the power levels measured
by OSAs. First, a brief introduction to the main scattering effects in optical fibers and their
applications is provided. This is followed by the presentation of the experimental setup and
results.

2.3.1 Raman Scattering: Principle and Applications

a) b) c)

Rayleigh
Scattering

Raman Stokes
Scattering

Raman Anti-
Stokes Scattering

Fig. 2.16 Schematic diagram of a) Rayleigh scattering, b) Raman Stokes scattering and c) Raman
anti-Stokes scattering.

In optical fibers, scattering phenomena play a fundamental role in determining both
signal attenuation and opportunities for optical amplification. The two most relevant types
of scattering are Rayleigh scattering and Raman scattering [133]. Rayleigh scattering is an
elastic process, i.e., photons are scattered by microscopic fluctuations in the refractive index
of the fiber without any change in their energy, only in direction. Raman scattering, on the
other hand, is an inelastic process, in which incident photons interact with the vibrational
modes of the medium material molecules, leading to a frequency shift of the scattered light.
We can distinguish between two types of Raman scattering, namely Stokes scattering, where
photons lose part of their energy to molecular vibrations and are re-emitted at a longer
wavelength (lower frequency), and anti-Stokes scattering, which is a generally rarer effect
[134] and where photons gain energy from vibrational modes and are scattered at shorter
wavelengths (higher frequency). A visual representation of the main scattering effects in
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optical fibers is reported in Fig. 2.16, where E denotes the energy, ∆E the energy variation, f
the frequency and h the Planck’s constant. Spontaneous Raman scattering is relatively weak,
but under high optical power it evolves into stimulated Raman scattering (SRS), where a
strong pump wave efficiently transfers energy to a weaker signal at the Stokes frequency. An
exmaple of a normalized Raman gain profile versus the frequency offset from the pump is
reported in Fig. 2.17.

Fig. 2.17 Normalized Raman gain versus frequency offset from pump. Source: [135].

This stimulated effect is exploited in Raman amplification. By injecting one or more
pump lasers into the transmission fiber, the signal wavelengths receive gain along the fiber
span through energy transfer from the pump to the Stokes-shifted signals. Compared to
discrete EDFAs, Raman amplification provides several advantages: the gain is distributed
along the transmission line, which reduces noise accumulation and extends system reach, the
spectral region of amplification can be flexibly tuned by selecting the pump wavelengths,
and the achievable bandwidth can extend well beyond the conventional C-band, covering
the L-band and even additional transmission windows [128]. On the other hand, their
drawbacks include the difficulty of achieving stable and flat gain, eye-safety concerns, and
vulnerability to multi-path interference [136]. Raman amplification can be implemented in
two main configurations: forward- and backward-pumping. In forward Raman amplification,
the pump light is injected in the same direction as the signal propagation. This provides
amplification along the link, but also increases the amount of pump relative intensity noise
that is transferred to the signal, which can degrade system performance. Moreover, forward
pumping tends to increase nonlinear interactions between pump and signal. In backward



2.3 Monitoring of Raman-amplified Ultra-Wideband Transmission Systems 55

Raman amplification, the pump is injected in the opposite direction to the signal. This
configuration has the advantage that the signal encounters the strongest pump power toward
the end of the fiber span, where the signal is most attenuated. As a result, backward pumping
offers a better SNR and significantly reduces the transfer of pump noise to the data channels
[137]. Note that hybrid pumping schemes combining both forward and backward Raman
amplification can also be used, mainly in unrepeteared systems. This allows balancing
the benefits of higher gain efficiency from forward pumping with the noise suppression
advantages of backward pumping, achieving improved overall performance [138]. Moreover,
hybrid backward-Raman/EDFA amplification schemes are normally used to improve OSNR
[139] .

Although good closed-form models are available to predict the behavior of UWB Raman-
amplified links [140, 141], they rely on full knowledge of the link parameters and, most of all,
require the computation of the power profile evolution of the propagating signals. This process
generally consumes up to 95% of the computation effort to evaluate system performance
[142]. The power profile computation requires to solve a set of coupled differential equations
that can be formulated as [129]:

di
d
dz

Pi =−αiPi +∑
j
(Pi +Ni j)gi jPj (2.10)

gi j =


gR( f j, f j − fi)/(2 ·Aeff) f j > fi

0 f j = fi

−( fi/ f j) ·gR( fi, fi − f j)/(2 ·Aeff) f j < fi

(2.11)

Ni j = 2h fi∆ fi(1+ni j) (2.12)

ni j =

[
exp
(

h| f j − fi|
kBT

)
−1
]−1

(2.13)

where the subscripts i and j run over all signals and pumps, di denotes the direction (i.e.,
±1 for forward/backward propagation), kB is Boltzmann’s constant, T the temperature, P
the power, gR the Raman gain coefficient, Aeff the effective area of the modes in the fiber
and N the ASE noise. With these considerations, they are more suitable for the design phase
than for monitoring. For this purpose, LLS-based LPM represents a suitable solution, as
demonstrated in the following.
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2.3.2 Experimental Setup
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Fig. 2.18 Experimental setup. WS: WaveShaper; DFB: distributed-feedback laser; MON: monitor.

The experimental setup is illustrated in Fig. 2.18. At the transmitter, two commercial
transceivers (one operating in the C-band and the other in the L-band) generated 64-Gbaud
DP-QPSK signals for the channel under test (CUT). During the experiment, the transceiver
wavelength was varied in order to probe different WDM channels. The remaining WDM
channels were emulated using shaped ASE noise, resulting in a total of 36 channels (18
per band), spaced by 200 GHz. A relatively large spacing was chosen to enable accurate
channel-resolved in-line OSNR measurements with the OSA and to support potentially high
per-channel launch powers. Two booster EDFAs set the total launch power, adjusted to 0, 4,
and 8 dBm per channel with a flat power profile. The WDM signal was transmitted over nine
spans, each consisting of 60km of G.652 SMF, and amplified with five counter-propagating
Raman pumps, whose wavelength and power are listed in Tab. 2.2.

Table 2.2 Raman pumps configuration

Wavelength [nm] Power [mW]
1423.81 306
1435.29 280
1450.25 178
1465.91 121
1494.82 173

At the beginning of each span, the C-band and L-band signals were combined, and at
the output they were separated. A monitoring system, together with an OSA, measured
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the per-channel power and channel-resolved OSNR at both span input and output. No gain
equalization was applied, leading to significant power variations among channels, which
allowed testing the LPM algorithm under different operating conditions. In addition, light
from a distributed feedback (DFB) laser was multiplexed with the transmitted signal to serve
as a monitoring channel for the Raman modules, enabling pump ON/OFF control.

At the end of the 9-th span, the WDM comb was demultiplexed and received by a
commercial transceiver. Instead of relying on the real-time DSP, raw ADC samples were
extracted and processed offline. The offline DSP chain included resampling at two samples
per symbol, blind FOC, CD estimation and compensation [143], LMS-based 2×2 MIMO
fractionally spaced equalization, and Viterbi–Viterbi (4-th power) phase estimation. Finally,
the received constellation was compared with the transmitted sequence to compute the SNR.

Measurements were carried out on a total of six channels: three in the L-band (channels 3,
9, and 15, centered at 187.06, 188.26, and 189.46THz, respectively) and three in the C-band
(channels 3, 9, and 15, centered at 191.90, 193.10, and 194.30THz, respectively). For each
channel, 25 sequences of 217 samples were captured from the ADCs, sampled at 96 Gsamp/s.
LLS-based LPM was then applied with a spatial resolution of ∆z = 2km, and the resulting
25 profiles were averaged to mitigate estimation noise.

The results presented in the following refer to the Pch = 0 dBm transmission condition,
although similar results were obtained for the other tested scenarios.

2.3.3 Experimental Results

Fig. 2.19 shows the spatial and spectral evolution of the optical power for each measured
WDM channel. It should be noted that the LLS-based algorithm estimates γ ′ = 8

9γP, which
implies that knowledge of the nonlinear fiber parameter γ is required to recover the absolute
optical power. In the UWB scenario, γ exhibits a weak wavelength dependence that must be
considered for accurate results. For this reason, γ was estimated using the method described
in [144, 145], taking into account only the SCI contribution, since this is the sole term
exploited by LPM for power profile estimation.

The power profiles in Fig. 2.19 clearly reveal the effect of Raman scattering induced by
both the Raman pumps and the other WDM channels. This explains the observed evolution
of the profiles, which show a general increase in power toward the L-band and a ripple-
like structure across the spectrum. Figure 2.20 illustrates the power distribution over the
frequency–distance plane, providing a clearer visualization of this behavior.
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Fig. 2.19 Estimated power profiles after 25-profile averaging for the measured channels in L (green)
and C (blue) bands with Pch = 0 dBm.
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Fig. 2.20 Spectral and spatial optical power evolution over the link.
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b)

a)

Fig. 2.21 OSA power spectrum vs. LPM power estimates at the input of the a) 3-rd and b) 9-th span.

To validate the results, the power values estimated by LPM were compared with the
spectra measured by the OSA at the input of each span. Since the OSA integrates power over
a reference bandwidth (RBW) of 10GHz, the LPM estimates were normalized accordingly.
Figure 2.21 reports the comparisons at the input of the 3-rd and 9-th span, respectively.
The estimated values closely match the OSA measurements and correctly reproduce the
power evolution of the monitored channels across the link. At the input of the 3-rd span, the
spectrum remains relatively flat; however, after propagation, a pronounced ripple appears,
creating a power imbalance among the measured channels. This imbalance is approximately
2dB for channels 3–9 and 9–15 in the L-band, while it increases to about 8dB and 3dB
for the corresponding channels in the C-band. In all cases, the LPM algorithm successfully
tracks these variations.
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The absolute estimation error between the rescaled LPM values and the OSA measure-
ments was also evaluated. At the input of the 3-rd span, the errors remain below 0.77dB,
with a mean of 0.43dB. At the 9-th span, the maximum error slightly increases to 0.83dB,
while the mean value remains unchanged at 0.43dB.

To conclude, in this work LLS-based LPM was applied to a C+L band transmission
system consisting of a 9× 60 km SMF link with full Raman amplification. The results
show that LPM can accurately track the power evolution of channels in both the C- and
L-bands, with a maximum absolute error below 0.83dB, as confirmed by comparison with
OSA measurements. Such information is valuable for the design and optimization of Raman-
amplified ultra-wideband transmission systems.

2.4 Conclusions

In this chapter, several novel applications of LPM were presented and analyzed, with a
particular focus on PDL estimation and localization, and applications to DSCM and UWB
transmission scenarios. First, a new PDL estimation algorithm for coherent optical links was
proposed, leveraging the LLS-based LPM technique. The method was evaluated at power
levels close to the optimal operating range, for different PDL values, and in configurations
involving multiple PDL elements. Across all test cases, the algorithm demonstrated good
accuracy in estimating both the position and the magnitude of the inserted PDL. A comparison
with the approach in [117] showed similar performance, with slightly better accuracy at low
PDL values, likely due to the use of more samples and a shorter transmission link. That work
also provided an experimental demonstration, further supporting the feasibility of this class
of methods. The LLS-based approach was then compared with an alternative PDL estimation
method relying on CM-based LPM [109]. The CM-based method proved capable of detecting
and estimating PDL values as low as 0.25dB with very high accuracy (maximum estimation
error of 0.058dB), but at the expense of a more complex calibration procedure. In scenarios
with multiple PDL sources, however, only the LLS-based method was able to correctly detect
and estimate the end-to-end PDL value, underlining its advantage in practical multi-span
links. The applicability of LPM was further extended to DSCM systems, where a CM-based
algorithm was implemented. Despite producing noisier profiles compared to single-carrier
transmission, the method was shown to achieve comparable performance, confirming the
potential of LPM in more flexible transmission architectures. After the completion of this
work, a related study [126] investigated multi-channel LPM for WDM systems and proposed
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a multi-bandpass filtering strategy to mitigate out-of-band NLI noise, further highlighting the
relevance of extending LPM to more complex transmission scenarios. Finally, the use of LPM
was experimentally demonstrated in a C+L band transmission system with full backward
Raman amplification over a 9× 60 km SMF link. The LLS-based method was shown to
track the power evolution of both C- and L-band channels with a maximum absolute error
below 0.83dB, in close agreement with measurements obtained from OSAs. This confirms
the capability of LPM to provide accurate channel-resolved monitoring in Raman-amplified
UWB links, thus offering valuable information for the design, optimization, and real-time
operation of next-generation optical transmission systems.



Chapter 3

Nonlinear Interference Estimation for
Transmit Power Optimization

In this chapter, a novel method for Kerr-induced nonlinear interference monitoring is pro-
posed, based on the LLS-based LPM algorithm. In Sec. 3.1, an overview of the main
approaches that have been proposed so far for NLI monitoring is presented. The proposed
method is then introduced in Sec. 3.2, demonstrating how LLS-based LPM can inherently
estimate NLI, supported by a preliminary numerical analysis. Next, strategies to mitigate
estimation biases caused by XCI are discussed, with an emphasis on minimizing the amount
of system knowledge required. In Sec. 3.3, the method is validated in a more realistic nu-
merical setup that better models practical transmission conditions. In Sec. 3.4, experimental
validation is provided in two scenarios: first, a 300-km link, representing conditions where
LPM typically performs well; and second, a more challenging 1100-km link, where NLI
monitoring is carried out over multiple WDM channels to assess the ability of the algorithm
to track NLI evolution across the different WDM channels. Moreover, an example of how
these results can be used for transmit power optimization is provided. Finally, in Sec. 3.5, the
main implementation penalties associated with LPM and the proposed method are discussed,
together with experimentally-validated mitigation strategies. The methodologies, simulations,
and experimental results discussed in this chapter have also been reported in the following
publications:

• L. Andrenacci, G. Bosco, Y. Jiang, A. Nespola, S. Piciaccia and D. Pilori, "DSP-Based
Nonlinear Interference Estimation Using Linear Least Squares Longitudinal Power Moni-
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toring," in Journal of Lightwave Technology, vol. 43, no. 8, pp. 3536-3546, 15 April15,
2025, doi: 10.1109/JLT.2025.3532100.

• L. Andrenacci, G. Bosco, Y. Jiang, A. Nespola, S. Straullu, S. Piciaccia and D, Pilori,
"Nonlinear Noise Estimation using Linear Least Squares-based Longitudinal Power Moni-
toring," ECOC 2024; 50th European Conference on Optical Communication, Frankfurt,
Germany, 2024, pp. 172-175;

• L. Andrenacci, A. Nespola, S. Straullu, Y. Jiang, S. Piciaccia, G. Bosco and D. Pilori,
"Implementation Penalties for Nonlinear Interference Estimation with Linear Least Squares
Longitudinal Power Monitoring," 2025 Optical Fiber Communications Conference and
Exhibition (OFC), San Francisco, CA, USA, 2025, pp. 1-3.

• G. Bosco, L. Andrenacci, A. Nespola, S. Straullu, Y. Jiang, S. Piciaccia and D. Pilori,
"DSP-Based Nonlinear SNR Estimation via Longitudinal Power Monitoring in Com-
mercial Coherent Receivers," 2025 25th Anniversary International Conference on Trans-
parent Optical Networks (ICTON), Barcelona, Spain, 2025, pp. 1-5, doi: 10.1109/IC-
TON67126.2025.11125018.

3.1 Overview of Nonlinear Interference Monitoring

The DSP modules embedded in commercial coherent transceivers already provide valuable
telemetry information [146]. Parameters such as accumulated CD, SOP, and PDL [12, 147]
are inherently estimated by the DSP to enable proper data decoding, as already discussed.
Additional metrics, including PMD and the presence of interfering WDM channels [148],
can be extracted through relatively simple post-processing, either online or offline, of DSP
output data. Moreover, these insights can be obtained without the use of external monitoring
equipment such as OSAs or OTDRs, enabling a cost-effective and continuous flow of
telemetry from every transceiver across the network. Among the various telemetry data, the
constellation SNR or equivalently the error vector magnitude (EVM), is one of the most
important. Since the coherent optical channel can be accurately modeled as an additive white
Gaussian noise (AWGN) channel [149], this metric provides a direct means to estimate the
BER or the GMI. These, in turn, are closely tied to the achievable information rate (AIR) of
the system after hard-decision (HD) or soft-decision (SD) FEC [150]. In optically amplified
coherent links, three main noise sources must be considered: transceiver noise, amplified
spontaneous emission (ASE) noise introduced by optical amplifiers, and NLI arising from
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the Kerr nonlinearity of the fiber. Segregating these contributions is essential for system
optimization, since the per-span optimal transmit power depends on the ratio between NLI
and ASE noise [149]. While transceiver noise can be quantified through factory calibration
(e.g., back-to-back measurements), separating ASE from NLI remains a significantly more
challenging task.

A variety of approaches have been proposed in the literature to estimate the contribution
of NLI. One line of work exploits the observation that a fraction of NLI does not behave as
AWGN [81]. Under this assumption, NLI power can be inferred from the CPE algorithm [151]
or from time-domain correlations in the received constellation [152–154], with regression
techniques then used to retrieve the actual NLI value. However, these methods generally
provide accurate results only in controlled scenarios, such as simulations without phase
noise or experiments with strong NLI, and they require prior knowledge of the link and
transmission parameters.

An alternative strategy was proposed in [155], where a calibration factor based on
amplitude noise correlation is incorporated into the EVM calculation to suppress the effect
of NLI and estimate the OSNR. The drawback is that this approach requires a calibration
procedure, and the calibration factor depends on link length and modulation format. Other
methods introduce notches either in the time domain [156] or in the frequency domain
[157] of the transmitted signal. These techniques tend to be more robust and effective, but
they still require modifications at the transmitter and calibration steps, preventing purely
passive estimation from the receiver DSP. More recently, [158] proposed leveraging the
distinct spectral properties of ASE and NLI and their correlation to jointly estimate the
two contributions. Although this method still requires calibration, it avoids transmitter
modifications and typically relies on smaller datasets than machine learning approaches.
Nevertheless, its calibration parameters remain sensitive to frequency offsets, shaping filter
roll-off, and WDM channel positioning.

A further family of approaches employs deep learning techniques to infer NLI directly
from the received constellation [159–161] or from SNR fluctuations induced by PDL [162].
While promising, these methods are not grounded in physical models, which makes their
interpretation and generalization across different network scenarios challenging. Moreover,
although they can reduce computational complexity, this advantage is offset by the substantial
effort required for prior data collection. Fundamentally, the limitations of all these approaches
stem from two key factors: (1) under typical operating conditions, NLI is relatively weak,
and (2) most of its non-AWGN components are effectively mitigated by standard DSP blocks,
such as CPE [163, 164]. This motivates the search for alternative solutions.
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In recent years, DLM has emerged as a promising technique for monitoring optical
links along the propagation direction [55, 59, 66]. Demonstrated applications include the
estimation of power profiles, CD maps, amplifier gain spectra and tilt, filter impulse responses
[63], and PDL (see Sec. 2.1). Moreover, DLM requires only the information already available
in the receiver DSP, making it highly suitable for integration into coherent transceivers [165].
In particular, LLS-based LPM [66] enables estimation of the absolute power evolution of the
signal along the link. When combined with simplified NLI models such as the GN model
[149], this capability allows accurate estimation of NLI power. By integrating this estimate
with transceiver calibration data and overall SNR measurements, the three major noise sources
can be effectively segregated. A first suggestion in this direction was presented in [63], while
an initial implementation in [132] applied the SSFM using power profiles estimated through
LPM. However, this approach requires re-propagation of all WDM channels, which are
generally unavailable at the receiver, leading to high complexity. Another possibility is to
leverage LPM to estimate link parameters for use in analytical NLI models (e.g., GN or
EGN models). While possible in principle, this is an indirect estimation method, meaning
that inaccuracies in link parameters can propagate into the NLI model and degrade its
performance. The simplified model proposed in [166] can provide a quick assessment of how
such inaccuracies impact system-level metrics.

3.2 Proposed method

For the reasons above, this work proposes an alternative and more direct approach, showing
that the estimation of NLI power is inherently embedded within LLS-based LPM. It is useful
to recall that, after propagation through a coherent optical link, the overall SNR, in linear
units, evaluated on the received constellation after DSP can be written as [149]:

SNR =
(
SNR−1

TRX +OSNR−1 +SNR−1
NL
)−1

, (3.1)

where SNRTRX accounts for transceiver noise, OSNR for ASE noise (evaluated over a
reference bandwidth equal to the symbol rate), and SNRNL for Kerr-induced NLI. The focus
of our estimation is precisely SNRNL.



66 Nonlinear Interference Estimation for Transmit Power Optimization

3.2.1 Nonlinear Interference Estimation with LLS-based LPM

In the LLS-based LPM algorithm, the information on NLI is contained in the term A1[L]
of (1.19). According to the eRP1 formulation, the accumulated NLI at the receiver can be
expressed as the sum of all local contributions g(z)γ ′(z) along the link, after propagation
through the residual chromatic dispersion (i.e., each nonlinear branch in Fig. 1.7):

A1(L, t) =
∫ L

0
g(z, t)γ ′(z),dz, (3.2)

where t denotes the continuous time variable. The discretized form of (3.2) is provided in
Sec. 1.4.3, where gk = g(zk,n), γ ′k = γ ′(zk), and ∆zk = dz.

The core idea of the proposed estimation method is to recover this perturbation term and
use it to infer the corresponding SNRNL. Importantly, this estimation is already embedded
within the LLS-based LPM algorithm. Specifically, the optimization problem in (1.18)
estimates the γ ′ that minimizes, in the least-squares sense, the difference between A1[L]
and Aref,1[L]. Thus, computing γ̂ ′ from (1.22) and multiplying it by G directly provides a
discrete-time estimate of (3.2):

Â1[L] = Gγ̂ ′. (3.3)

From this expression, SNRNL can be readily computed. Let the power spectral densities
(PSDs) of (3.3) and the reference signal be denoted by GÂ1( f ) and GAref( f ), respectively.
Assuming a flat PSD within the bandwidth of interest, the nonlinear SNR can be written as:

SNRNL =
GAref(0)
GÂ1

(0)
. (3.4)

An example of this computation is displayed in Fig. 3.1. Equations (3.3) and (3.4) offer
several advantages. First, they provide closed-form expressions, avoiding the need for SSFM
simulations or other computationally intensive numerical techniques to estimate nonlinear
noise. Second, the impact of ASE noise is limited, as it only influences γ̂ ′ in (3.3) and
its effect can be mitigated by averaging multiple estimated profiles and/or increasing the
number of samples used in the LPM algorithm [66]. Finally, the required system knowledge
is minimal: apart from the accumulated chromatic dispersion, which is typically available
from the coherent transceiver’s CDC stage or can be straightforwardly estimated [143].
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SNRNL

Fig. 3.1 Visualization of SNRNL computation with proposed method from Â1 and Aref PSDs.

3.2.2 Preliminary Numerical Analysis

DSP

LLS-based LPM algorithm

TX RX
SMF 1
50 km

SMF 2
50 km

SMF 9
50 km

SMF 10
50 km

Transmission system

Resampling at 2 sample-per-symbol

Chromatic Dispersion Compensation

Adaptive Equalization 

Carrier Phase Recovery

Decoding

CD reload Compute

Compute

Compute

NLI estimation algorithm

Fig. 3.2 Schematic of the simulation setup and DSP used to validate the proposed method. Moreover,
the fundamental equations to implement LLS-based LPM and NLI estimation are also displayed.

A preliminary numerical analysis is carried out using the setup shown in Fig. 3.2,
where all fundamental steps for implementing LLS-based LPM and NLI estimation are
also illustrated. Note that the parameter ζ is set equal to 1 for this preliminary step and
its meaning will be explained in the following. The test signal consists of a WDM comb
of DP-64QAM channels, each modulated at a symbol rate of Rs = 128 Gbaud and shaped
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with a square-root raised-cosine filter with roll-off ρ = 0.1. The simulations span over a
range of system parameters: number of channels Nch ∈ {1,5,11,21}, per-channel power
Pch ∈ [−2, . . . ,+5] dBm, and channel spacing ∆ f ∈ {150,175,200} GHz. Unless otherwise
specified, the channel of interest (COI) is the central channel.

The transmission link consists of 10 × 50-km spans of standard G.652 SMFs, with
attenuation αdB = 0.2dB/km, chromatic dispersion coefficient β2 = −21.28ps2/km, and
nonlinearity coefficient γ = 1.31/W/km. Each span is followed by an EDFA with a noise
figure of F = 5dB, operated in constant output power mode. Fiber propagation is simulated
using SSFM [85]. At the receiver, the signal is processed through a standard DSP chain
performing resampling at two samples per symbol, CDC, adaptive equalization, and CPE.
The output of the CPE stage is then extracted and provided as input to the LLS-based LPM
block and the subsequent NLI estimation algorithm. An example of estimated power profiles
for the single-channel scanario is displayed in Fig. 3.3.

Fig. 3.3 Example of estimated power profiles in the single-channel scenario.

All results are compared to those obtained from a GN model [82], run in parallel to the
simulations and used as a reference. It should be noted that this GN model implementation
does not include modulation-format effects. For the validation, all combinations of Nch and
Pch were tested, while fixing the channel spacing at ∆ f = 200GHz.

The results for NLI estimation are reported in Fig.3.4(a). For the single-channel scenario,
the estimation proves to be highly accurate. However, as the number of WDM channels
increases, a systematic bias emerges in the estimation, as illustrated in Fig. 3.4(b). This
limitation stems from the intrinsic properties of the LPM algorithm itself: LPM relies solely
on SCI for power profile estimation. All other impairments, including stochastic noise
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a)

b)

Fig. 3.4 a) Results of SNRNL estimation using (3.4) (circles) and the GN model (black dashed line)
over a 10 × 50-km SMF link at 128 GBaud per channel and ∆ f = 200GHz for a varying number of
WDM channels Nch and Pch spanning from −2dBm to 5dBm, with step 1dB. b) Mean estimation
bias with respect to nominal SNRNL computed with GN model.

sources such as ASE or laser phase noise, as well as static distortions from transceiver
implementation, are interpreted as noise by LPM. More in detail, XCI is also included in
this category. Since information about interfering WDM channels is generally unavailable
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at the receiver, and only the COI is virtually propagated in the LPM algorithm, the XCI
contribution to the overall NLI cannot be directly estimated.

3.2.3 XCI-induced Bias Correction

As shown in the preliminary numerical analysis, the LLS-based algorithm estimates only
the portion of NLI power arising from the nonlinear beating of the COI with itself, i.e.,
the SCI contribution. However, two additional NLI components must also be considered:
XCI and MCI. In the case of long-haul, high-symbol-rate (i.e., ≥ 60 Gbaud) multi-channel
transmission over uncompensated SMF links, MCI is generally negligible [57, 83, 84],
whereas XCI remains significant and cannot be ignored. Consequently, to estimate the total
NLI power, it is necessary to account for the XCI contribution. Without any loss of generality,
we can define an XCI correction factor ζ as:

PNLI ≈ PSCI +PXCI = PSCI

(
1+

PXCI

PSCI

)
= PSCI ·ζ (3.5)

With the knowledge of ζ and PSCI, the full NLI power PNLI can be estimated, obtaining a full
segregation of the noise source. Moreover, including ζ into (3.4), the expression for SNRNL

becomes:

SNRNL =
1
ζ

GAref(0)
GÂ1

(0)
. (3.6)

If all link parameters are known, the factor ζ can be directly obtained from any NLI
model. For example, when the COI is the central channel of a homogeneous WDM comb with
Nch channels, each modulated at a symbol rate Rs and spaced by ∆ f , the simple closed-form
approximation provided by the GN model [82, Eq. (15)] can be applied, yielding

ζ ≈
asinh

(
π2

2 β2Leff,aR2
s N

2Rs
∆ f

ch

)
asinh

(
π2

2 β2Leff,aR2
s

) . (3.7)

This expression depends on the symbol rate and the frequency spacing of the channel, as
well as on the fiber’s dispersion (β2) and attenuation (Leff,a = 1/2α , where α is the field
attenuation parameter). Then, assuming standard conditions (i.e., transmission over SMF of
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modern coherent optical channels), in [166, Eq. (23)] the authors provided an even simpler
approximation:

ΓNLI ∼=
1.5 ·1024

E2
ph

B1/4
opt · γ2

KS ·αdB ·D5/6 (3.8)

where ΓNLI is the normalized NLI efficiency, Bopt is the overall occupied optical bandwidth
and, in the case of homogeneous configuration of the WDM comb, can be written as Bopt =

Nch∆ f . A more detailed definition of the parameters can be found in [166], as they are not
required for the present derivation. This allows to compute ζ as the ratio between (3.8)
evaluated in the multi-channel and the single-channel scenarios, i.e.,

ζ ≈ 4
√

Nch . (3.9)

The error introduced by this approach is relatively large, as it relies on a higher level
of approximation. Nevertheless, it remains effective while requiring knowledge of only
one additional transmission parameter (the number of propagating WDM channels). A
comparison of the two methods is shown in Fig. 3.5, which reports the mean estimation bias
from (3.4) across different combinations of Nch and ∆ f .

It should be emphasized that both (3.7) and (3.9) are derived under the assumption of
homogeneous WDM combs. This assumption is considered valid in the preliminary numerical
analysis, as well as in all subsequent sections. Such an assumption is reasonable for terrestrial
WDM networks, where ASE noise loading [167] and the use of ROADMs ensure power
equalization among channels along the link. For specific cases requiring alternative power
loading strategies and/or coarsely spaced WDM channels, more general NLI models should
be adopted to account for these conditions.

It is worth noting that none of these approximations require knowledge of the nonlinear
parameter γ , which is generally difficult to estimate. Both formulations, however, assume
the COI corresponds to the central WDM channel. In principle, expressions for ζ associated
with non-central channels could be derived from closed-form NLI equations, though these
would become considerably lengthy despite remaining analytical. As will be demonstrated in
the next sections, for the specific purpose of noise segregation in modern high-symbol-rate
(≥ 60 Gbaud) coherent systems, precise estimation of ζ is not critical. Instead, a coarse
approximation can be obtained by introducing a correction term to (3.9), yielding
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Fig. 3.5 Accuracy of ζ from (3.7) (dashed line), here indicated as ζ1, and (3.9) (dash-dotted line), here
indicated as ζ2, for varying number of channels Nch and channel spacing ∆ f compared to previously
computed estimation bias arising from (3.4) (circles).

log10(ζ )≈
1
4

log10(Nch)+a
[

log10

(
BL

BR

)]2

. (3.10)

In this equation, BL and BR are, respectively, the optical bandwidth at the left and right
of the COI. These quantities allow to introduce a dependence of ζ on the position of the
channel within the WDM comb. The parameter a can be estimated through a simple linear
regression from a dataset of results, similar to the procedure followed in [166]. To do this,
we built a dataset comprising 1440 different scenarios, by changing the number of 64-Gbaud
WDM channels from 3 to 45, and the number of SMF spans from 1 to 20. For each span in
each scenario, the length Ls, attenuation and dispersion were randomly selected, assuming
a Gaussian distribution with a standard deviation of 5% relative to the nominal values of
Ls = 70km, αdB = 0.2dB/km and β2 =−22.77ps2/km.
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All scenarios were simulated using the closed-form model (CFM) NLI model [145], and
the value ζ was extracted for each of them. After applying a linear regression on (3.10), we
obtained a ≈−0.0475.

It is worth noting that, although this constitutes a relatively rough approximation of ζ ,
it offers the advantage of being a simple linear expression that requires only a minimal set
of parameters. Its applicability, however, is restricted to C-band transmissions, as in UWB
scenarios, such as C+L systems, the effect of ISRS becomes non-negligible. Moreover, the
proposed approximations do not include the dependence on modulation , since they are based
on the GN model. The effectiveness of this approximation will be assessed in the following
section under more realistic simulation conditions. As previously mentioned, whenever a
more accurate estimation of ζ is needed, standard NLI models can be employed, provided
that the required parameters are either known or can be reliably estimated.

3.3 Numerical Validation

This section presents an extensive numerical validation of the proposed method under two
distinct system configurations. In particular, the analysis includes non-central WDM channels,
employs a more realistic fiber propagation model, and considers transmission distances
representative of the typical reach of the chosen modulation format.

3.3.1 Simulation Setup

The first configuration of the transmitted DP-16QAM WDM signal consists of Nch = 30
channels at Rs = 64 Gbaud with channel spacing ∆ f = 100GHz, while the second config-
uration uses Nch = 15 channels at Rs = 128 Gbaud with spacing ∆ f = 200GHz. In both
cases, the pulses are shaped with an SRRC filter with roll-off ρ = 0.1. To evaluate different
SNRNL values, the per-channel launch power Pch is varied from −1dBm to 5dBm in 2dB
steps, covering the optimal operating power for both configurations.

In addition, transmitter phase noise with linewidth ∆ν = 50kHz is included and modeled
as a Wiener process. The signal is propagated over a 17×65-km SMF link, with each span
followed by an EDFA with a noise figure F = 5dB, operated in constant output power mode to
equalize the per-channel power. Frequency-dependent power attenuation αdB and chromatic
dispersion β2 are considered, with values obtained from experimental characterization of
four G.652 SMF fiber spans, shown in Fig.3.6. These four spans are cyclically alternated
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in the numerical setup, effectively emulating a recirculating loop. ISRS is also modeled,
although its impact is negligible due to the relatively narrow optical bandwidth of 3THz.
At the receiver, the signal is resampled at 2 sample/symbol and processed by a standard

Fig. 3.6 Measurements of frequency-dependent power attenuation coefficient αdB and chromatic
dispersion coefficient β2 of the four SMF fibers used in the simulation setup.

DSP chain, including CD compensation, LMS-based adaptive equalization, and BPS for
CPE. The CPE output is then used as input for LPM and the subsequent NLI estimation
algorithm. Approximately 217 samples are employed for LPM, with spatial steps ∆z = 2km
and ∆z = 1km in the two configurations. SNRNL is estimated using (3.6) and (3.10), from
subsets of 7 and 6 channels, respectively. Since all transmission parameters are known, the
GN model [82] is used in parallel to provide reference values for comparison against the
proposed NLI estimation method.

3.3.2 Numerical Results

The results for the 64-Gbaud and 128-Gbaud configurations are shown in Fig. 3.7(a) and Fig.
3.7(b), respectively.
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a)

b)

Fig. 3.7 Numerical results of SNRNL estimation over a 17× 65-km SMF link under two system
configurations: a) Nch = 30, Rs = 64 Gbaud and ∆ f = 100GHz; b) Nch = 15, Rs = 128 Gbaud and
∆ f = 200GHz. In both configurations, Pch ∈ {−1, +1, +3, +5} dBm. PM: proposed method.



76 Nonlinear Interference Estimation for Transmit Power Optimization

In both cases, the estimated SNRNL values align well with those obtained from the GN
model, used as a reference. Some oscillations are visible, likely due to the more challenging
conditions under which the LPM algorithm operates. The power profiles used in (3.3) are
highly noisy because of the significant ASE accumulation during propagation. Additional
impairments, such as phase noise, further degrade these profiles. Nevertheless, the reduced
quality of the profiles does not significantly compromise the accuracy of the proposed method:
the mean absolute error relative to the reference remains around 0.3dB in both configurations,
while the maximum errors are 0.97dB and 0.88dB, respectively. Importantly, the estimated
values track the correct NLI evolution across all tested conditions and COIs. This also
validates the correction in (3.10), which effectively compensates for XCI in non-central
channels, typically less affected by XCI because of their fewer neighboring channels. Further
validation will be provided in the following, where the same setup is used in an experimental
scenario.

It is worth noting that the accuracy required by the XCI correction factor decreases
as the symbol rate increases. In this section, results were obtained at 64 and 128 Gbaud,
corresponding to 30 and 15 WDM channels, respectively. For central channels, those most
impacted by XCI, the corresponding ζ values are 3.7dB and 2.9dB. This indicates that
the relative contribution of XCI compared to SCI diminishes with higher symbol rates (or
equivalently, with fewer channels) [122]. Given the current industrial trend toward higher
symbol rates (e.g., 200-Gbaud transceivers [168]), the XCI-to-SCI ratio, expressed by ζ ,
is expected to further decrease. While these observations are made on a ∼ 3THz WDM
bandwidth scenario, the same reasoning extends to full C-band transmissions using (3.10).

3.4 Experimental Validation

Following the numerical validation, the accuracy of the proposed algorithm was investigated
in two experimental scenarios. The first experiment was conducted over a transmission link
operating under conditions that are generally favorable to LPM algorithms [55], namely short
propagation distance, high per-channel launch power, and limited optical bandwidth. The
second experiment was designed to represent a more realistic and challenging scenario, with
a transmission distance approaching the maximum reach of the employed modulation format.

In both cases, the experiments were carried out using commercial coherent transceivers
over two different point-to-point transmission lines. The algorithm was implemented offline,
while the resulting estimates were compared against the SNR values provided by the real-time
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DSP of the transceivers, thus enabling a realistic assessment of the accuracy achievable in
practical network conditions.

3.4.1 Transmission over a 300-km Link

Receiver

Comm. TRX

ASE WS

COI  64 Gbaud
SRRC 0.1 

VOA

OSA

EDFA
BST

EDFA
ILA

OSA OSA

SSMF

TOF VOA

Comm. TRX

Transmitter Link
Offline
DSP

Fig. 3.8 Experimental setup. WS: wave shaper; VOA: variable optical attenuator; BST: booster; OSA:
optical spectrum analyzer; ILA: in-line amplifier; TOF: tunable optical filter.

The experimental setup is reported in Fig. 3.8. The COI is a DP-QPSK 64-Gbaud signal,
shaped with an SRRC filter with roll-off 0.1 and centered at f = 193.3THz. Interfering WDM
channels are generated by filtering ASE noise with a WaveShaper (WS) [169], resulting
in an 18-channel WDM comb with a spacing of 100GHz across the C band. The signal is
amplified by a first booster EDFA (BST) and transmitted over an optical link consisting of
N = 5 spans of SSMF, each of nominal length Ls = 60km. At the end of each span, an in-line
EDFA (ILA) operating in automatic gain control mode compensates for the span loss. OSAs
are connected to the monitoring ports of the EDFAs and to 90/10 splitters placed after each
span to track the PSD evolution of the propagating WDM signal.

At the receiver, the COI is isolated by a tunable optical filter (TOF) and its power adjusted
with a variable optical attenuator (VOA) before being received by a commercial transceiver.
The signal is sampled at 96 GSa/s by the transceiver’s ADC and the acquired samples are
downloaded for offline processing. After front-end corrections and resampling at 2 samples
per symbol, the DSP chain performs CDC, FOC, LMS-based 2×2 MIMO fractionally-spaced
equalization, and Viterbi–Viterbi (4th power) CPE. The output of the CPE stage is extracted,
CD is reloaded, and the signal is fed to the LPM algorithm. The number of samples used as
input is 217, with the spatial resolution set to ∆z = 2km.

To span a wide range of SNRNL values, the per-channel power Pch was varied between
0dBm and +10dBm, in 2dB steps, using a VOA placed before the BST EDFA. For each
condition, 100 power profiles were estimated and employed in the computation of (3.3) and
(3.6), with the resulting values subsequently averaged.
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Fig. 3.9 Measured GSNR, OSNR and SNRNL for each tested per-channel power Pch.

Experimental measurements of the nonlinear SNR were also performed for validation.
The overall SNR was extracted from the real-time DSP of the transceiver for each power
level, while OSNR and SNRTRX were obtained from OSA measurements and back-to-
back acquisitions, respectively. The procedure in [170] yielded SNRTRX = 19.77dB. The
nonlinear contribution SNRNL was then computed using (3.1). The corresponding results
are shown in Fig. 3.9, where the generalized SNR (GSNR) [171] is defined as GSNR =

(SNR−1 −SNRTRX
−1)−1. Note that OSNR tends to saturate around 26dB at high powers,

due to noise added by the transceiver and by the booster and pre-amplifier EDFAs.

The estimated values of SNRNL are compared with the measured ones in Fig. 3.10,
together with the absolute estimation error. The results confirm the consistency of the
proposed method with the experimental measurements. The absolute error remains below
0.6dB across all cases, with a root-mean-square error (RMSE) of approximately 0.4dB.



3.4 Experimental Validation 79

Furthermore, the simple correction factor in (3.9) is shown to be effective in compensating
for the estimation bias induced by XCI in the considered transmission system.
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Fig. 3.10 Comparison between measured (dashed black) and estimated (blue circles) SNRNL with
corresponding absolute estimation error (red squares).

3.4.2 Transmission over a 1100-km Link

The setup employed for this experiment is similar to that shown in Fig. 3.8, with minor
modifications to the system configuration. A DP-16QAM 64-GBaud WDM signal composed
of Nch = 30 channels spaced by ∆ f = 100GHz is transmitted. The per-channel power Pch is
varied between −1dBm and 5dBm, in 2dB steps. The proposed method is applied to three
COIs, located at 191.8THz, 193.2THz, and 194.7THz, corresponding to one central channel
and the two outermost channels of the WDM comb. These COIs are selected to provide an
experimental validation of (3.10), as they experience the most diverse XCI contributions
to NLI during propagation. The signal is propagated over N = 17 spans of SSMF, each
with a nominal length of Ls = 65km. At the receiver, the DSP chain is implemented as in
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the previous experiment, with the only difference being that CPE is implemented as BPS.
Approximately 217 samples are processed at the input of the LPM algorithm, with a spatial
resolution of ∆z = 2km. For each tested channel and power level, 100 profiles are estimated
and averaged to obtain the final SNRNL. Averaged power profiles for the first WDM channel
are shown in Fig. 3.11.

0 100 200 300 400 500 600 700 800 900 1000 1100

Fig. 3.11 Average relative power profiles γ ′ for all tested per-channel power levels.

Two approaches are adopted for validation. The first consists of a direct comparison
between the estimated values and those obtained from the CFM model [145]. Unlike
the model versions used in the numerical validations, this implementation accounts for
modulation-format dependence. To this end, all fiber parameters required by the model, i.e.,
attenuation α , dispersion β2, and nonlinear coefficient γ , were measured span by span: α

and β2 with an OTDR, and γ with the method of [170]. This strategy was chosen because
the higher measurement uncertainties of the setup prevented a reliable measurement of
SNRNL, as done in the previous experiment. The results, shown in Fig. 3.12, indicate a mean
absolute error of ∼ 0.5dB and an RMSE of 0.6dB across all conditions, with maximum
errors consistently below 0.9dB. The correction introduced in (3.10) effectively captures the
diverse NLI evolution of the COIs even in this challenging scenario.

The second validation approach focuses on the practical accuracy of launch-power
optimization enabled by noise segregation using the estimated SNRNL. For this purpose,
noise segregation is performed on the first WDM channel by combining the constellation
SNR from the transceiver, SNRTRX from back-to-back measurements (SNRTRX = 19.59dB),
SNRNL from (3.6), and OSNR obtained by inverting (3.1). It should be emphasized that the
latter represents an indirect estimate, and thus its accuracy depends on the reliability of the
other terms. To further validate SNRNL, the same analysis is repeated using OSNR values
measured directly by an OSA and by the commercial transceiver, the latter being capable
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Fig. 3.12 Comparison between estimated SNRNL (circles) and the CFM GN model (dashed line) after
propagation over the 17×65-km link. PM: proposed method.

of providing inline OSNR estimates [156]. This comparison highlights how the accuracy of
launch-power optimization is influenced by the precision of the parameters involved

Using these quantities, the optimal power offset from the operating point can be estimated
in logarithmic units with the so-called 3-dB rule [172–174], according to:

Popt −Pch =
1
3
(SNRNL −OSNR−3) . (3.11)

Formally, the 3-dB rule is optimal only when applied to a single span, or to the end-to-end
system in the case of all identical, equally-spaced channels, and identical spans [172, 173].
However, it proved to work relatively well and be quasi-optimal also under more general
conditions, including standard C-band transmissions and more recently UWB transmissions
(e.g., C+L+S+E systems) [174]. Given its simplicity, it will be the launch power optimization
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strategy employed in this work. This expression in (3.11) provides a practical tool, as all
required parameters are either estimated by the proposed method or directly available from
the transceiver. Moreover, the 1/3 factor reduces the sensitivity to errors in SNRNL and
OSNR [149]. Results are shown in Fig. 3.13, where (3.11) is evaluated with OSNR values
from (3.1), the transceiver, and the OSA. An inset reports the BER curve, with the optimum
operating point identified at Popt ≃+1dBm. At this point, the distance predicted by (3.11)
is approximately 0dB, confirming the reliability of the SNRNL estimates. As expected, the
use of indirect OSNR values slightly degrades the accuracy, reinforcing the preference for
direct measurements when available. Nonetheless, this analysis demonstrates the practical
applicability of the proposed method to optimize transmission parameters in realistic network
scenarios.

Fig. 3.13 Distance from optimal per–channel power Popt – computed starting from estimated SNRNL
and considering the OSNR from (3.1) (i.e., indirect measurement), that provided by the commercial
transceiver and that measured from OSA – based on the 3-dB rule. In the inset, the real optimal power
based on the BER supplied by the commercial transceiver is reported.
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3.5 Implementation Penalties for LPM-based NLI Estima-
tion

This section discusses the main implementation penalties associated with NLI estimation
using LPM and presents both numerical and experimental validations.

3.5.1 Practical Implementation Limitations
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Fig. 3.14 Schematic of LLS-based LPM with the reference signal reconstructed from hard-decision
symbols prior to FEC decoding

To compute the power profile, the LLS-based LPM algorithm requires only limited
information from the receiver DSP [66]. The essential inputs are the received (noisy)
constellation symbols and the corresponding noise-free transmit symbols. In a real-time
receiver, however, direct access to the latter is not straightforward. The noise-free transmit
sequence is required to construct the reference signal employed in the LPM algorithm. This
sequence can be obtained through different approaches, such as using a priori knowledge
(e.g., a pilot sequence) or reconstructing it after FEC decoding. Both strategies, however,
present drawbacks: the former reduces the spectral efficiency of the transmission, while
the latter is generally impractical due to the presence of large interleavers. Previous work
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in [165], employing a correlation-based LPM algorithm, demonstrated that the transmit
sequence can be replaced by a simple hard-decision (HD) of the received constellation.
These modifications are illustrated in Fig. 3.14, which shows the schematic of the HD-based
implementation of LLS-LPM.

This substitution was shown to introduce only a constant offset in the estimated power
profile, which can be readily compensated. This offset originates from the fact that errors
in the reference symbols introduce, in the LLS solution, an effect analogous to Tikhonov
regularization, similar to [68]. This regularization induces a low-pass effect, which leads to an
underestimation of the recovered power. The impact of this power offset on NLI estimation
within the context of noise segregation is investigated, specifically using the LLS-based
LPM approach. This aspect is critical, as the Kerr effect in optical fibers is intrinsically
power-dependent, and any offset in the estimated power profile directly impacts the accuracy
of Kerr-induced NLI estimation with the proposed method. A preliminary assessment is
performed in a controlled simulation scenario, and the findings are subsequently validated
through an experimental transmission over a 17×65-km SSMF link.

3.5.2 Numerical Investigation

TX RX
DSP50 km 50 km 50 km 50 km

DP-16QAM
128 Gbaud

+

Noise
Loading

Fig. 3.15 Numerical setup used in the simulation investigation.

The performance penalty associated with using HD symbols for LLS-based LPM is
first investigated through numerical simulations. The setup, shown in Fig. 3.15, consists
of a WDM signal with Nch = 11 DP-16QAM channels, spaced by 150 GHz, modulated at
Rs = 128 Gbaud, and shaped by an SRRC filter with roll-off 0.1. The per-channel power is
set to Pch = 5dBm, with the central channel selected as the COI. The optical link is composed
of 4×50-km identical SMF spans, with attenuation αdB = 0.2dB/km, dispersion coefficient
β2 =−21.28ps2/km, and nonlinear coefficient γ = 1.31/W/km. Each span is followed by
a noiseless EDFA, fully compensating for the span loss. Fiber propagation is modeled with
the SSFM. Before reception, noise loading is applied to the propagated signal. To cover
a wide BER range, the OSNR is varied between 10dB and 30dB in steps of 1dB. At the
receiver, the signal undergoes CD compensation, adaptive equalization, CPE, and decoding.
The CPR output is extracted and used for LPM, employing 220 input samples and a spatial
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step of ∆z = 1km. Examples of power profiles estimated using HD sequences are shown in
Fig. 3.16. When no errors are present in the HD sequence, the resulting PPE is consistent
with the theoretical curve. However, as the OSNR decreases and the BER increases, an
estimation offset emerges, degrading the PPE accuracy. This offset is quantified in Fig. 3.17

Fig. 3.16 Power profiles computed starting from HD sequences for varying OSNR (and BER) values.

for all tested BER values. It is defined as the difference in estimated power at the beginning
of the third span (z = 100km) between the PPE obtained with an error-free sequence and that
obtained with the HD sequence (referred to as HD-PPE). A simple linear relation between
the offset and BER has been identified through fitting, expressed as a scaling factor

ψ [dB] = k ·BER (3.12)

with k ≃ 100 for the considered setup and BER in linear units. This formula can be applied
to correct HD-PPEs and improve the accuracy of NLI estimation.

3.5.3 Experimental Validation

The experimental validation is carried out using the same setup described in Sec. 3.4.2.
In this case, the COI corresponds to the central WDM channel, which is the only channel
analyzed. Equivalent results are expected for the other WDM channels. Figure 3.18 reports
the power profiles obtained with LPM using both error-free (ideal) sequences and hard-
decision (HD) sequences for the reconstruction of the reference signals. The complete
profiles are shown in the upper plot, while a zoomed view is provided in the lower plot. This
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Fig. 3.17 Estimation offset for varying values of OSNR and BER.

representation facilitates the visualization of the impact of using HD sequences, highlighting
the corresponding power offset discussed earlier.

Fig. 3.18 Experimental power profiles computed starting from both error-free and HD sequences for
different per-channel power levels. Full profiles (top) and zoom (bottom).
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The NLI estimation is carried out according to (3.6). To evaluate the impact of HD,
SNRNL is estimated under three conditions: (i) using PPEs computed with error-free se-
quences, (ii) using HD-PPEs without BER-based offset correction, and (iii) using HD-PPEs
with offset correction. As a benchmark, the theoretical SNRNL is computed with the CFM
[145]. The results, reported in Fig. 3.19, show that the error-free case achieves relatively
accurate performance, with a mean absolute error of 0.5dB with respect to CFM predictions.
In contrast, using HD sequences at high BER (a reference range of BER values is shown in the
inset of Fig. 3.13) significantly degrades the estimation, increasing the mean absolute error to
3.5dB. Applying BER-based offset correction before computing (3.6) significantly improves
the results, reducing the mean absolute error to 0.8dB. The residual error is attributed to the
fact that only the offset is corrected, while the PPEs remain affected by noise present in the
reference sequence.

Fig. 3.19 Nonlinear SNR computed with CFM, PPE with error-free sequence, HD-PPE with and
without offset correction for each tested power value.
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3.6 Conclusions

In this chapter, a novel method for estimating the power of Kerr-induced NLI during coherent
optical transmissions has been introduced. The method is fully embedded within the LLS-
based LPM algorithm and relies exclusively on data already available at the receiver’s DSP.
Beyond NLI estimation, the approach also provides information on the power evolution of
WDM channels, offering valuable input for higher-layer network optimization. The proposed
technique was validated through extensive numerical simulations and two experimental
scenarios with transmission distances of 300 km and 1100 km. Across all tested conditions, it
provided accurate NLI estimates over a wide range of launch powers, including both optimal
operating points and regimes where LPM typically encounters difficulties. Its accuracy was
benchmarked against predictions of analytical NLI models as well as direct experimental
measurements, consistently confirming the effectiveness of the approach. Furthermore,
the method proved effective in predicting the optimal launch power, a key parameter for
system and network optimization. Two main limitations were identified. First, the algorithm
inherently estimates only the SCI contribution to NLI. To account for the total NLI, simple
analytical correction factors were derived, requiring only limited knowledge of system
parameters. Second, a relatively large dataset is necessary for reliable operation, particularly
at low launch powers. However, in practical networks, both NLI power and launch power
are expected to remain relatively stable over time, making it feasible to run the algorithm
offline by periodically extracting telemetry from the receiver DSP. Future developments
should focus on extending the evaluation of the method’s accuracy to a broader set of
transmission scenarios and investigating its potential for network optimization in UWB
systems, where launch-power optimization remains an active area of research [174–176]. In
addition, practical implementation aspects have been considered. Specifically, the penalties
introduced when reconstructing the reference signal for LPM using HD symbols, instead
of error-free sequences (e.g., pilots or post-FEC data), have been analyzed. Numerical
simulations showed that the power offset in HD-based power profile estimates can be related
to the pre-FEC BER through a simple scaling law. Experimental validation over a 17×65-km
SSMF link confirmed that, once this BER-based correction is applied, the additional penalty
in NLI estimation accuracy remains limited to approximately 0.3dB. Overall, the presented
work demonstrates the feasibility of LPM-based NLI estimation as a practical and accurate
solution for live network monitoring, while also highlighting the main limitations, corrective
strategies, and implementation trade-offs.



Chapter 4

DSP-based Fiber Sensing Applications in
Metropolitan Networks

This chapter analyzes various aspects of DSP-based fiber sensing. Specifically, Sec. 4.1
presents an experimental analysis of the intrinsic accuracy of state of polarization estimation
from the DSP of commercial coherent transceivers, focusing on angular uncertainty on the
Poincaré sphere as a function of received OSNR for sensing applications. The section also
demonstrates how applying a moving average significantly improves estimation accuracy.
Then, Sec. 4.2 presents an experimental comparison between SOP- and phase-based signal
extraction for vibration sensing, carried out under identical system conditions over a deployed
32-km unamplified metropolitan fiber link using coherent receivers. The methodologies,
simulations, and experimental results discussed in this chapter have also been reported in the
following publications:

• S. Pellegrini, L. Minelli, L. Andrenacci, G. Rizzelli, D. Pilori, G. Bosco, L. Della Chiesa,
C. Crognale, S. Piciaccia and R. Gaudino, "Overview on the state of polarization sensing:
application scenarios and anomaly detection algorithms," in Journal of Optical Com-
munications and Networking, vol. 17, no. 2, pp. A196-A209, February 2025, doi:
10.1364/JOCN.537881;

• S. Pellegrini, L. Andrenacci, L. Minelli, D. Pilori, G. Bosco, L. Della Chiesa and R.
Gaudino, "Estimation Accuracy of Polarization State from Coherent Receivers for Sensing
Applications," 2023 IEEE Photonics Conference (IPC), Orlando, FL, USA, 2023, pp. 1-2,
doi: 10.1109/IPC57732.2023.10360574;
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• L. Andrenacci, D. Pilori, S. Pellegrini, L. Minelli, G. Bosco, C. Crognale, S. Piciaccia
and R. Gaudino, "Comparison between Phase and Polarization Sensing using Coherent
Transceivers over Deployed Metro Fibers," 2024 Optical Fiber Communications Confer-
ence and Exhibition (OFC), San Diego, CA, USA, 2024, pp. 1-3;

4.1 Estimation Accuracy of DSP-based State of Polariza-
tion Monitoring

This section presents an experimental investigation of the physical-layer factors affecting the
accuracy of SOP estimation when using standard coherent transceivers. The analysis is based
on numerical simulations and measurements obtained from a commercial transceiver that
outputs the received light’s SOP via its internal DSP, which represents a typical scenario in
SOP-based sensing.

4.1.1 DSP-based State of Polarization Estimation

SOP-based sensing represents an interesting alternative to traditional distributed sensing
techniques, since it can be implemented using the digital infrastructure already present
in coherent optical communication systems. Specifically, it operates entirely within the
receiver’s DSP chain, allowing polarization changes to be monitored without the need
for specific and possibly expensive external hardware. This approach not only reduces
implementation costs but also simplifies system design and deployment. By extracting the
state of polarization information directly from the adaptive equalizer coefficients in the
coherent receiver, the system continuously tracks polarization dynamics with high sensitivity.
As a result, SOP-based sensing is particularly attractive for large-scale and cost-sensitive
applications, where conventional distributed sensing methods like DAS may be impractical
due to their hardware requirements and higher complexity.

Let us consider a 2×2 complex-valued adaptive equalizer implemented in a coherent
receiver with Ntap taps. To simplify the following equations, the notation from [93] will be
employed. The relationship between the input signal sin[n] = [xin[n], yin[n]]

T and the output
signal sout[n] = [xout[n], yout[n]]

T is described by sout[n] = W[n] ·sin[n], where the convolution
operation is implemented by means of matrix multiplications [6]. In this context, n is the
discrete-time index and W[n] is the equalization matrix expressed as in:
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W[n] =

[
w(m)

11 [n] w(m)
12 [n]

w(m)
21 [n] w(m)

22 [n]

]
(4.1)

Here, m denotes the tap index, and each element w(m)
i j [n] corresponds to an Ntap ×1 vector

of filter coefficients, with i, j = 1,2. The DC component of these vectors, denoted by
w̄i j = ∑

Ntap
m=1 w(m)

i j [n], captures the steady-state behavior of the equalizer.

The DC component of each column in W[n] represents a Jones vector, which can be used
to compute the associated Stokes parameters. For example, using the first column of the
matrix in (4.1), the Stokes parameters are given by:

S0[n] = |w̄11[n]|2 + |w̄21[n]|2

S1[n] = |w̄11[n]|2 −|w̄21[n]|2

S2[n] = 2 ·Re(w̄11[n] · w̄∗
21[n])

S3[n] =−2 · Im(w̄11[n] · w̄∗
21[n]), .

(4.2)

In these expressions, (·)∗, Re(·), and Im(·) denote the complex conjugate, real part, and
imaginary part, respectively. For compact representation and practical use in polarization
analysis, we define the normalized Stokes vector as S⃗[n] = [S1[n],S2[n],S3[n]], where each
component is normalized by S0[n]. This allows to map the signal’s polarization state onto the
unit Poincaré sphere. The whole process is illustrated in Fig. 4.1.

Ԧ𝐒[𝐧]

Fig. 4.1 Schematic of SOP extraction from 2×2 complex-valued adaptive equalizer within the DSP
of a coherent receiver.
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4.1.2 Numerical and Experimental Setup

Smoothing Filter

c)b)

ASE noise

TX-VOA

Coherent TX

OSA

RX-VOA

Coherent RX

Experimental Setupa)

Fig. 4.2 (a) Experimental setup. When connection (1) is selected, the coherent RX considers ASE
noise injected in the system. When instead connection (2) is selected, ASE noise is excluded. (b)
Poincaré sphere showing the S⃗ref (in red) and S⃗[n] (in blue) vectors and the angular deviation ∆θ [n].

A numerical analysis was conducted to evaluate the intrinsic accuracy of SOP extraction
performed leveraging the DSP stage of an optical transceiver. The analysis focused on
quantifying the standard deviation of the estimated SOP under the assumption of constant
fiber birefringence and operation at a fixed OSNR. A DP-QPSK signal was simulated at a
symbol rate of 34.7 Gbaud, shaped with a square-root raised-cosine filter with roll-off factor
ρ = 0.2, in a back-to-back configuration where ASE noise was the only impairment. Receiver
OSNR values ranging from 6dB to 12dB were considered, assuming a noise bandwidth
equal to the symbol rate. By introducing ASE noise loading, the scenario emulates long-haul,
optically amplified transmission systems operating with sufficiently high received optical
power. SOP estimation was carried out using a standard coherent receiver DSP chain sampled
at 2 samples per symbol. The estimation relied on the tap coefficients obtained from an LMS-
based 2×2 adaptive equalizer with Ntap = 16 taps, following the procedure introduced in Sec.
4.1.1. In the numerical simulations, equalizer tap coefficients (and the corresponding SOP
sample) were extracted every 200ns while processing a total of 20 ·106 samples, resulting in
a SOP sampling frequency of fs = 5 Msample/s. This process was repeated across various
received OSNR levels.

An equivalent transmission scenario was subsequently investigated experimentally using a
commercial coherent transceiver in a back-to-back configuration with fixed fiber birefringence.
ASE noise loading was employed to emulate different OSNR conditions, yielding BER values
ranging from 10−2 down to the error-free regime. The corresponding OSNR values spanned
from 6dB to 18dB and were measured using the same noise bandwidth as that adopted in
the numerical analysis.The transceiver extracts SOP samples at around 20 sample/s. The
experimental setup is shown in Fig. 4.2(a).
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Smoothing Filter

Fig. 4.3 Post-processing scheme employed to compute the angular deviation ∆θ [n]. A long-term
average of N samples over the whole S⃗[n] time series is employed to obtain S⃗ref vector. A smoothing
filter is applied over each single Stokes parameter time evolution to obtain instead S⃗mov[n]. The last
block shows how the angular deviation ∆θ is computed.

The accuracy of the SOP estimation was assessed by calculating the angular deviation
of each Stokes vector from a reference vector S⃗ref. As illustrated in Fig. 4.2(b), the blue
points represent the time evolution of the vector S⃗[n], extracted either from the commercial
coherent receiver or from the equalizer in the numerical simulations. The red vector, S⃗ref,
serves as the reference for computing the angular deviation, denoted as ∆θ [n]. The associated
post-processing procedure is detailed in Fig. 4.3. In this process, each Stokes parameter, i.e.,
S1[n], S2[n], and S3[n], is passed through a moving average filter, referred to as the smoothing
filter in Fig. 4.3, with a window length of Nwin. The case with Nwin = 1 corresponds to
the unfiltered case. The output of this filtering stage is a smoothed representation of the
Stokes vector sequence, denoted as S⃗mov[n]. In parallel, a long-term average of the entire
S⃗[n] acquisition is computed by averaging each Stokes parameter over N samples, where N
typically ranges in a few hundreds. This averaging yields the reference vector S⃗ref, depicted
in red in Fig. 4.2(b), which serves as a ground-truth estimate positioned at the center of
the SOP noise distribution on the Poincaré sphere. It is worth noting that, in this particular
experiment, fiber birefringence was intentionally kept constant over time. For this reason,
the observed SOP variations originate exclusively from estimation noise within the coherent
receiver.

The angular deviation is then computed as ∆θ [n] = arccos(⃗ST
ref · S⃗mov[n]), where (·)T

denotes the transpose operation. This metric provides a quantitative measure of the SOP noise
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dispersion on the Poincaré sphere surface and offers insight into the underlying estimation
noise conditions [177].

4.1.3 Analysis of SOP Angular Deviation

Fig. 4.4 ∆θ [n] histograms at three different OSNR levels. The inset reports the cloud distribution of
the SOP points over the Poincaré sphere surface, in angular coordinates.

In this configuration, the coherent receiver is connected through path (1) in the experi-
mental setup illustrated in Fig. 4.2(a), enabling the transmitter-side VOA to regulate the level
of injected ASE noise. The OSNR values, spanning from 6dB to 18dB, were measured using
an OSA. Simultaneously, the corresponding SOP samples were acquired from a commercial
coherent transceiver in the form of Stokes vector time sequences. Figure 4.4 presents the
probability density functions (PDFs) of ∆θ [n] for three representative OSNR levels, namely
6, 12, and 18dB, using a DP-QPSK modulation format and a smoothing window length of
Nwin = 1. The inset provides a visualization of the SOP cloud dispersion mapped in angular
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coordinates, projected onto two orthogonal rotation axes. As anticipated, the histograms
demonstrate that higher OSNR values lead to reduced statistical spread in the ∆θ [n] distribu-
tion. This implies that, in practical sensing scenarios, mechanical perturbations resulting in
significant SOP deviations would be more easily distinguishable under low-noise conditions.

Fig. 4.5 P99%(∆θ) vs. OSNRs for different moving average windows Nwin (experiments and numerical
simulation).

To provide a quantitative metric for this observation, the 99-th percentile of the angular
deviation, denoted as P99%(∆θ), is introduced. This value represents the angular threshold
exceeded by only 1% of the ∆θ [n] samples. Given the strictly positive nature and asym-
metry of the angular deviation distributions, this percentile-based measure offers a more
appropriate characterization of the spread than conventional metrics such as the mean or
standard deviation. Figure 4.5 reports the evolution of P99%(∆θ) as a function of OSNR
for various values of Nwin. Experimental results are indicated by circle-marked lines, while
the dashed lines with diamond markers correspond to time-domain simulations. The strong
agreement between the two datasets highlights that the simulation model, despite its idealized
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assumptions, accurately reflects the experimental behavior. This suggests that the observed
trends are largely independent of specific implementation details within the receiver DSP. The
simulation data is limited to an OSNR of 12 dB, which represents the upper bound at which
reliable BER values (approximately 10−4) could be obtained without incurring excessive
computational costs or simulation time. The results indicate that increasing Nwin leads to a
marked reduction in P99%(∆θ). For example, with Nwin = 15, angular deviations fall below
2◦ across all measured OSNR levels. This effect is further illustrated by examining the PDFs
shown in Fig. 4.6, corresponding to the case of OSNR = 12dB. The moving average used to
compute S⃗mov[n] can be implemented with minimal additional DSP overhead, making it an
effective strategy to suppress SOP noise. The main trade-off associated with this approach is
the reduction in effective SOP sampling rate as Nwin increases. However, this limitation is
not critical, given that the mechanical disturbances targeted in SOP-based sensing typically
exhibit low-frequency components, ranging from a few Hz to several tens of Hz [16, 178].
As a result, the system requirements for high-speed signal processing and data storage can be
relaxed.

Fig. 4.6 Probability distribution of angular deviation ∆θ [n] for OSNR = 12dB.
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The findings indicate that SOP-based sensing enables reliable detection of external
perturbations, such as mechanical vibrations, when these induce angular deviations on the
Poincaré sphere on the order of several degrees. To improve sensitivity and reduce estimation
noise, a post-processing strategy based on a moving average across Nwin samples of the Stokes
vector S⃗[n] was introduced. This method effectively reduced angular noise, bringing the 99th
percentile deviation P99%(∆θ) below 2 degrees across all tested OSNR levels. Experimental
results obtained using a commercial coherent transceiver were consistent with simulation
outputs, confirming that the observed estimation performance represents an intrinsic limit of
SOP accuracy, largely independent of specific DSP implementation details.

4.2 Comparison between Length-integrated Sensing Tech-
niques using Coherent Transceivers

This section presents an experimental evaluation of the sensing capabilities of SOP-based
fiber sensing in a real-world metropolitan environment. The objective is to assess its practical
effectiveness for detecting external perturbations, such as vibrations, that may impact the
optical link. In addition, the performance of SOP-based sensing is compared with an
alternative DSP-based technique, i.e., optical phase-based sensing, which has also gained
attention for sensing applications. By conducting a comparative analysis under identical
transmission conditions, the strengths and limitations of each approach are highlighted,
providing insights into their suitability for various fiber sensing scenarios.

4.2.1 DSP-based Optical Phase Estimation

As previously discussed in Sec. 1.5.1, SOP-based sensing represents just one possible
approach among various length-integrated fiber sensing techniques. Indeed, the state of
polarization is not the only optical signal property influenced by external perturbations.
In recent years, the optical phase of light propagating through fiber has gained increasing
attention as a valuable parameter for sensing applications. External perturbations, such as
mechanical vibrations, acoustic disturbances, or seismic events, induce localized variations
in the optical path length of the fiber, which manifest as phase shifts in the transmitted optical
signal. This fundamental relationship can be expressed as [179]
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φvib = 0.78
2πn
λ

∆z (4.3)

where λ denotes the wavelength of the optical signal, n the refractive index and ∆z the change
in optical path. The factor 0.78, instead, accounts for the strain-optic effect.

Initial approaches to phase-based sensing were based on interferometric techniques [95],
which achieved high sensitivity by measuring differential phase shifts over long optical
paths. However, these systems require dedicated channels or high transmit power, making
them unsuitable for large-scale or field-deployable applications, particularly in the context of
existing telecommunications networks.

The DSP in modern transceivers has opened new possibilities for phase sensing. In
such systems, the phase of the received optical signal can be estimated directly in the
digital domain, using data already available from standard receiver operations. Hence, the
optical phase of the signal can be reconstructed in a similar way to that employed for SOP
estimation, by exploiting the DSP blocks responsible for tracking the phase during signal
processing. These include frequency offset compensation, adaptive equalization, and carrier
phase recovery stages. Using the same notation as in Sec. 4.1.1, the FOC stage performs a
phase rotation expressed as

sout[n] = exp(− j2π∆Ωn)sin[n] (4.4)

where ∆Ω = ∆ f T denotes the digital frequency offset, ∆ f the laser frequency offset and T
the sampling rate. Afterwards, the signal undergoes CDC and enters the adaptive equalizer,
whose expression is again

sout[n] = W[n] · sin[n] (4.5)

where W[n] is the same as in (4.1). Finally, carrier phase estimation is performed and phase
is rotated as

sout[n] = exp(− j∆Ψ[n])sin[n] (4.6)

where ∆Ψ[n] = [∆ψ1[n], ∆ψ2[n]]
T is the vector of CPE phase rotations for each polarization.

Overall, the total optical phase tracked by these DSP stages can be expressed as [93]
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θ̂ [n] =−2π∆Ωn+ arg

{
∑
i j

w̄(n)
i j e− j∆ψi[n]

}
, i, j = 1,2 (4.7)

A visual representation of this process is reported in Fig. 4.7.

CDC AEQ FOC CPE2 SPS Decod.

DSP

AEQ FOC CPE

Optical Phase Estimation

Fig. 4.7 Schematic of DSP-based optical phase extraction.

This development enables phase-based sensing to be implemented with minimal addi-
tional hardware, leveraging the infrastructure of deployed coherent transceivers. Nonetheless,
a major challenge arises from the fact that the recovered phase is influenced not only by
external perturbations but also by impairments such as laser phase noise. Segregating the con-
tribution of environmental perturbations from intrinsic system effects is not easy and requires
potentially expensive system modifications, such as the employment of low-phase-noise laser
sources.

4.2.2 Experimental Setup

The experimental setup is depicted in Fig. 4.8. At the transmitter side, an ultra-low noise
OE4040-VLN laser, centered at 1545.17nm with a spectral linewidth < 7Hz, was used to
modulate a 32-Gbaud DP-16QAM signal shaped by a square-root raised-cosine filter with a
roll-off factor of 0.2. The experiments were conducted over a 32-km underground fiber link
located in the metropolitan area of Turin, as shown in the inset in Fig. 4.8. For comparison,
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Fig. 4.8 Experimental setup for SOP- and phase-based sensing experiments. Both back-to-back and
metropolitan network configurations are used.

measurements were also performed in a back-to-back configuration. Since the metropolitan
link was unamplified, i.e., it did not include EDFAs, the BER and the accuracy of SOP and
phase estimation were influenced exclusively by the internal noise of the coherent receiver. At
the receiver, signal acquisition was performed using a real-time oscilloscope (RTO) operating
at 200 Gsample/s, with data processed offline through a standard DSP chain used in coherent
optical receivers. The RTO captured bursts of 200ns duration every 1ms, enabling long-term
acquisitions spanning several tens of seconds, which is in line with the typical time constants
of mechanical vibrations.

Fig. 4.9 SNR and corresponding BER for each processed burst, measured in both the back-to-back
and the 32-km metropolitan fiber link transmission scenarios.

Each burst was processed through front-end correction functions, 2-sample-per-symbol
resampling, FOC, CDC, data-aided adaptive equalization, and CPE. Equalization is performed
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using a LMS-based 2×2 complex-valued equalizer with 16 taps. The DSP chain consistently
converged within the burst duration, achieving a mean SNR exceeding 17dB in both test
configurations. The corresponding BER measured over 1000 bursts is shown in Fig. 4.9,
together with the SNR. This post-processing methodology enables the extraction of both SOP
and phase information from each burst at a sampling rate of fs = 1000 samples/s following
the procedures presented in the previous sections.

4.2.3 Comparative Analysis: SOP and Optical Phase

a)

b)

Fig. 4.10 Back-to-back results for a 10-second induced sinusoidal vibration of 15 Hz. a) Stokes
parameters and corresponding spectrogram. b) Optical phase after DC component removal and
corresponding spectrogram.

To assess the sensing capabilities of the extracted parameters, controlled mechanical
vibrations were introduced along the fiber links using a shaker positioned immediately after
the transmitter (see Fig. 4.8). The shaker was driven by a low-frequency signal generator,
operating in the few-hertz range, to apply a tunable sinusoidal vibration to the fiber. The
impact of mechanically induced vibrations on the fiber is analyzed using spectrograms
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a)

b)

Fig. 4.11 Experimental results using both the SOP-based and phase-based sensing approaches over the
32-km metropolitan fiber link when a constant induced vibration of f = 15Hz is applied to the fiber.
a) The Stokes parameters, a zoom and the spectrogram are reported. b) The optical phase, before and
after DC component removal, and the spectrogram are reported.

derived from both the optical phase and the SOP, following the same procedure. Initially,
the DC component of each signal is removed by applying a high-pass filter, implemented
through the subtraction of a moving average version of the original signal, with a sliding
window of Twin = 100ms. Afterwards, the PSD is computed and smoothed using another
moving average filter with the same time window. To enhance visualization, all spectra are
normalized to emphasize the relative power contrast between regions affected by vibrations
and the surrounding noise floor. For SOP-based analysis, the PSDs of the three individual
Stokes parameters are first summed and then averaged, in accordance with the method
adopted in [88].

The results obtained from a 20-second acquisition in the back-to-back configuration are
presented in Fig. 4.10. During this measurement, the mechanical shaker was driven by a
sinusoidal signal at a frequency fvib = 15Hz, applied for the initial ∼ 10 seconds of the
acquisition period before being turned off. The induced vibration is clearly identifiable in the
PSD of both the optical phase and the SOP signals, albeit with varying levels of sensitivity.
Specifically, the spectral component at f = 15Hz emerges as the dominant component during
the time interval in which the shaker is active. For the optical phase, this component is
approximately 20dB above the noise floor, while for the SOP, it reaches a separation of 40dB.
It is also worth noting that harmonic components are visible in the spectrogram, and they
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are most likely generated by nonlinear behavior of the shaker. These results indicate that the
optical phase is characterized by a higher sensitivity to external perturbations, as reflected
by a noisier PSD, an observation that holds even under the relatively stable conditions of a
back-to-back setup, where environmental disturbances are minimal.

a)

b)

Fig. 4.12 Experimental results using both the SOP-based and phase-based sensing approaches over
the 32-km metropolitan fiber link when a periodic 5-second frequency sweep between f = 10Hz and
f = 20Hz is applied to the fiber. a) The Stokes parameters, a zoom and the spectrogram are reported.
b) The optical phase, before and after DC component removal, and the spectrogram are reported.

These considerations are further supported by the experimental results obtained over the
32-km metropolitan fiber link during a 10-second acquisition, as shown in Fig. 4.11. In
this experiment, the mechanical shaker remained active throughout the entire acquisition
period. At the output of the metropolitan fiber, the PSD of the optical phase does not reveal
any signature of the induced vibration. In this case, the spectral component correspond-
ing to the vibration is completely submerged in backgorund noise, most likely generated
by the pervasive micro-vibrations inherent to the urban environment. These background
perturbations may arise from diverse sources such as vehicular traffic, nearby construction
activity, and other events. In contrast, the SOP-based sensing approach demonstrates greater
robustness to these external disturbances. The vibration-induced spectral component remains
clearly distinguishable, with a separation of approximately 30dB from the surrounding noise
floor. This behavior is consistently observed even when the vibration is driven by a chirped
sinusoidal waveform varying in frequency from 10 to 20 Hz with a 5-second periodicity, as
illustrated in Fig. 4.12. Although these results may initially appear in contrast with those
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reported in [93], it is important to consider the different experimental conditions. Specifically,
two key factors distinguish this analysis: the environmental setting of the transmission and
the nature of the induced perturbation. The measurements in this work were conducted
over a live metropolitan fiber network located in the urban core of Turin, which presents a
considerably noisier setting compared to suburban environments. Additionally, the induced
vibration was deliberately kept at a low amplitude by using a mechanical shaker driven with
a relatively weak sinusoidal excitation, in order to test the ultimate sensing capabilities in the
two configurations. This study thus extends the scope of the comparison between phase- and
SOP-based sensing by evaluating their performance under different propagation conditions.
The results indicate that SOP-based sensing exhibits better robustness to weak perturbations
and performs more reliably in the presence of environmental noise.

4.3 Conclusions

This work has investigated and experimentally tested the capabilities of DSP-based fiber
sensing techniques leveraging coherent optical receivers, with a focus on two approaches:
polarization-based sensing through SOP extraction and optical phase-based sensing. In
the first part, the SOP-based approach has proved capable of detecting vibration-induced
perturbations only when they result in angular deviations on the Poincaré sphere that are
sufficiently large, typically on the order of several degrees. To enhance sensitivity and mitigate
the impact of SOP estimation noise, a moving average applied over Nwin samples of S⃗[n] has
been proposed. This post-processing technique significantly reduces the 99-th percentile
P99%(∆θ) of the angular deviation, achieving values below 2 degrees across the entire range
of tested OSNR values when Nwin = 15. Moreover, the experimental and simulation results
show a high degree of consistency. This indicates that the experimentally observed SOP
estimation accuracy using a commercial coherent transceiver matches the performance
under idealized simulation conditions. It is possible to conclude that the measured values of
P99%(∆θ) reflect the intrinsic SOP estimation accuracy achievable at a given OSNR level, and
are largely independent of the specific implementation of the receiver DSP. The second part
presented a comparative analysis between SOP- and phase-based sensing, performed under
identical transmission conditions over a 32-km metropolitan underground fiber link. In this
noisy environment, SOP-based sensing demonstrated higher robustness against background
perturbations, allowing a more precise detection of induced vibrations. Conversely, the phase-
based approach showed relatively worse performance in this scenario, with induced vibrations
submerged by environmental noise. Moreover, the extraction of phase information was found
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to impose stricter hardware constraints, such as the requirement for ultra-low linewidth lasers
to mitigate phase noise, which increases both system cost and complexity. SOP extraction, in
contrast, can be implemented with minimal modifications to existing DSP algorithms and
does not require hardware modifications. Overall, both methods are promising solutions
for integrating fiber sensing capabilities into coherent transceivers. However, SOP-based
sensing provides a better balance between complexity, robustness under practical deployment
conditions, and feasibility for use in current optical networks.



Chapter 5

Conclusions

This thesis explored signal processing techniques for optical performance monitoring in
both long-haul and metropolitan optical fiber links. It demonstrated how the digital signal
processing already present in standard coherent receivers, beyond its conventional tasks, can
be used to enable smarter, cost-efficient and flexible OPM solutions, and meet the evolving
demands of modern optical networks. The research primarily focused on two complementary
areas of OPM: digital longitudinal monitoring and optical fiber sensing.

Chapter 1 presented the fundamental principles of digital signal processing in modern
coherent transceivers and provided a historical perspective on the evolution of OPM. Particular
emphasis was placed on digital longitudinal monitoring, with a focus on longitudinal power
monitoring algorithms, as well as on optical fiber sensing techniques, especially in the context
of environmental monitoring using already-deployed optical fiber infrastructures.

Chapter 2 presented several novel applications of LPM, with particular emphasis on PDL
estimation and localization, as well as the extension of LPM techniques to DSCM and UWB
transmission scenarios. The chapter began by introducing a new PDL estimation algorithm
for coherent optical links, which leverages the LLS-based LPM method. This approach was
tested under operating conditions close to the optimal power regime, across a wide range
of PDL values and in multiple-PDL configurations. In all tested scenarios, the algorithm
consistently demonstrated high accuracy in estimating both the position and value of the
inserted PDL. A comparative study was then carried out between the LLS-based algorithm
and an alternative PDL estimation technique leveraging CM-based LPM [109]. While the
CM-based method achieved generally higher sensitivity, detecting PDL values as low as
0.25dB with a maximum error of only 0.058dB, it required a more complex calibration
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procedure. Moreover, in scenarios involving multiple PDL sources, only the LLS-based
method succeeded in accurately estimating the end-to-end PDL, demonstrating its suitability
for practical multi-span optical links. The analysis then shifted toward extending LPM
applications to DSCM systems. A CM-based LPM approach was implemented and tested,
revealing that, despite the introduction of a slightly higher noise in the estimated power
profiles compared to single-carrier systems, the method provided comparable performance.
This confirmed the adaptability of LPM to flexible transmission formats and supported
ongoing research in this area. Finally, the chapter reported the experimental validation of
LPM in a C+L band UWB transmission system employing full backward Raman amplification
over a 540-km SSMF link. The LLS-based method was capable of accurately tracking the
power evolution for both C- and L-band channels, with a maximum absolute error of less than
0.83dB compared to OSA-based measurements. These results demonstrate the effectiveness
of LPM in providing accurate, channel-resolved monitoring in challenging UWB scenarios,
offering valuable support for the design, optimization, and real-time management of next-
generation optical transmission networks.

Chapter 3 introduced a novel method for estimating Kerr-induced NLI in coherent
optical transmission systems, fully integrated within the LLS-based LPM algorithm and
solely relying on information available at receiver-side DSP. The approach was validated
through extensive numerical simulations and experiments over 300-km and 1100-km links.
It demonstrated high accuracy across a wide range of launch powers, even in typically
challenging conditions for LPM. Comparisons with analytical NLI models and experimental
measurements confirmed its reliability, especially for the purpose of power optimization.
Despite its pros, the method has one main limitations: it captures only the SCI component
of NLI. This issue was mitigated through simple correction factors derived from analytical
NLI models. The chapter also addressed practical implementation challenges, particularly
the use of HD symbols for reference signal reconstruction in LPM. Simulations revealed a
predictable power offset related to the pre-FEC BER/SER, which can be compensated using
a simple correction factor. Experimental validation showed that the resulting NLI estimation
penalty remains within 0.3dB. In summary, the work proposes LPM-based NLI estimation
as a potential and accurate monitoring strategy, while also providing insights into its main
limitations and implementation solutions.

Chapter 4 investigated the sensing capabilities of DSP-based length-integrated techniques
using coherent optical receivers, focusing on two approaches: polarization-based sensing
via SOP extraction and optical phase-based sensing. First, the accuracy of DSP-based SOP
estimation was analyzed. To improve sensitivity and reduce estimation noise, a moving
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average applied to the Stokes vector was introduced, lowering the 99-th percentile of the
angular deviation to below 2◦ across all tested OSNR levels. Experimental and simulation
results showed good agreement, confirming that the SOP estimation accuracy achievable
with commercial coherent transceivers matches that predicted under ideal conditions and is
generally independent of the specific DSP implementation. Then, a comparative experimental
analysis of SOP- and phase-based sensing over a 32-km underground metropolitan fiber link
was presented. In this scenario, SOP-based sensing proved more robust to background noise,
enabling more precise detection of external induced vibrations. On the contrary, the phase-
based method suffered from the impact of environmental noise and generally requires the
use of ultra-narrow linewidth lasers to maintain phase accuracy, imposing stricter hardware
constraints and increasing cost. SOP-based sensing could instead be realized with minimal
changes to existing DSP architectures and without hardware modifications. In summary,
while both techniques can potentially enable integrated fiber sensing in coherent transceivers,
SOP-based sensing stands out as the more practical solution due to its lower complexity,
higher robustness in noisy environments, and ease of implementation within current network
infrastructures.

In conclusion, this thesis has demonstrated that DSP-based OPM represents a fundamental
enabler for future high-capacity and flexible optical networks, as well as for environmental
sensing. By leveraging the DSP in coherent transceivers, DSP-based OPM offers a cost-
effective alternative to traditional hardware-based solutions, significantly reducing complexity
and operational costs. Moreover, the ability to monitor multiple impairments simultaneously,
using data already available within the receiver, enables a comprehensive and dynamic
picture of link performance. The findings and methods presented in this work contribute to
this ongoing evolution, providing both theoretical foundations and practical insights for the
development of future optical performance monitoring solutions.
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