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Summary

Optical fibers are the backbone of high-capacity communications, with submarine
links carrying most of the international traffic. Modern systems rely on coherent
technology, where chromatic dispersion is digitally compensated at the receiver
(uncompensated transmission, UT). In contrast, legacy IMDD systems relied on
dispersion compensation along the link (dispersion-managed, DM). The continued
use of DM links motivates the development of rapid quality-of-transmission evalua-
tion tools.
Although optical transmission is an aggregated process, our simulations show that
it can be accurately approximated with a spectrally and spatially disaggregated
approach. The proposed model quantifies the non-linear interference generated by
each pump using the GN model, the correlation coefficient accounting for coherency
accumulation between spans, and the signal Gaussianization coefficient. Since
estimating these coefficients requires a prohibitive number of simulations and no
analytical solution is available, we adopt a hybrid physics-guided machine learning
approach. We employ four XGBoost regressors to estimate the coefficients: two for
self-channel interference and two for cross-channel interference. Training data are
generated using a generic amplified two-span abstraction system, whose physical
and spectral parameters are sampled through Latin Hypercube Sampling to ensure
broad coverage of the parameter space. Coefficients are extracted from SSFM
simulations by propagating either the channel under test (SCI) or the channel
under test together with a single XCI pump. The normalized efficiency is computed
from the post-DSP SNR, while coefficients are obtained by selectively enabling
the Kerr effect on one or both spans. The training dataset comprises 85,000 SCI
and 30,000 XCI samples generated from different 2-SA configurations. For XCI,
channel spacing ranges from 65 to 500 GHz, with a limited number of samples
extending up to 2 THz to capture far-pump contributions.
The systematic analysis of the learned coefficients showed that the correlation
coefficient Cij is primarily governed by the accumulated dispersion between the
interacting spans. It reaches its maximum when the two spans experience sim-
ilar accumulated dispersion and rapidly decreases as their dispersion difference
increases, reflecting the progressive loss of coherent accumulation. Conversely,
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the Gaussianization coefficient ρ increases with the accumulated dispersion before
the non-linear interaction, while gradually decreasing with the spectral distance
between the channel under test and the interfering pump until reaching a plateau
for sufficiently distant channels.
Validation is performed against multiple realistic multi-span, multichannel SSFM
simulations considered as ground truth. The test cables are generated by repeating
the same laboratory loop a different number of times, yielding total link lengths of
approximately 1080 km and 7240 km. Different dispersion maps are obtained by
varying only the dispersion coefficient of each fiber type. The target spectral load is
a realistic WDM spectrum composed of 15/65 identical DP-QPSK channels, where
the CuT is the center channel. The GSNR estimation error is evaluated. The plain
GN model is shown to be unreliable in DM links, as it may either underestimate
or overestimate the non-linear interference. Accounting for correlation improves
the prediction trend, while the inclusion of the Gaussianization correction further
reduces the estimation error to less than 0.1 dB at the end of all the tested links.
In conclusion, the proposed approach provides low-margin GSNR predictions in
sub-second times, replacing simulations that may require weeks for fully loaded C-
band scenarios. Future developments include extensions to multiband transmission,
different baud rates, and modulation formats.
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Chapter 1

Introduction

Optical fibers have become a fundamental technology for high-capacity data trans-
mission. With the continuous growth in data demand, submarine optical fiber links
have been increasingly deployed worldwide, providing reliable long-haul connections
between continents. Recently deployed systems are based on coherent technology in
which the chromatic dispersion is accumulated along the link and compensated at
the receiver through DSP [1]. This paradigm, called uncompensated transmission,
simplifies link design and provides better performance than dispersion managed
transmission [2]. Before the adoption of coherent receivers, optical systems relied
on Intensity Modulation and Direct Detection. In these systems, chromatic disper-
sion could not be digitally compensated at the receiver and therefore had to be
periodically compensated along the optical link through dispersion compensation
units. Despite the transition towards coherent technology, many legacy DM links
are still operational to this day and network operators aim to maximize the return
on investment from the deployed systems. The continued operation of legacy
DM systems motivates the development of accurate and computationally efficient
quality of transmission estimation tools for these scenarios.
Accurate QoT estimation is a key requirement for the design, optimization, and
operation of optical networks. While analytical models based on the Gaussian
Noise framework provide efficient QoT predictions in uncompensated transmission
systems [3], their accuracy degrades in dispersion-managed links, where the evolu-
tion of signal Gaussianity and the coherent accumulation of non-linear interference
must be properly taken into account [4]. On the other hand, numerical approaches
based on the split step Fourier method provide highly accurate results at the
expense of a significant computational cost, which limits their applicability to
network-level optimization and real-time applications. The objective of this work is
to develop a rapid, yet accurate QoT estimation framework for dispersion-managed
optical links by combining analytical modeling and machine learning techniques.
In particular, a spectrally and spatially disaggregated formulation is adopted to
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Introduction

model non-linear interference generation, while a machine learning model is used to
estimate the parameters required to account for coherency accumulation and signal
Gaussianization effects. The proposed approach aims to retain the low complexity
of analytical methods while maintaining good agreement with SSFM results.
This thesis work builds on a previous Master’s thesis [5] and follows the direction
set in [4, 6, 7, 8]. The remainder of this thesis is organized as follows. Chapter 2
introduces the fundamental concepts of optical transmission, including chromatic
dispersion, Kerr non-linearity, and pulse propagation equations. Chapter 3 de-
scribes the simulation framework adopted in this work, including both its theoretical
foundations and practical implementation. Chapter 4 presents the spectrally and
spatially disaggregated approach, the proposed model for NLI evaluation in DM
links, and the adopted machine learning methodology. Chapter 5 presents and
discusses the results obtained under different transmission scenarios. Finally,
Chapter 6 summarizes the main findings of this work and outlines possible future
developments.
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Chapter 2

Fundamental concepts

2.1 Chromatic Dispersion
Chromatic dispersion refers to the dependence of propagation velocity on wave-
length, causing different spectral components of an optical pulse to experience
different delays during transmission [9]. To understand the origin of this phe-
nomenon, it is useful to start from the electromagnetic wave equation. Considering
a SMF and neglecting non-linear as well as polarization-related effects, the optical
field modal amplitude evolves according to the following wave equation:

∂E(ω, z)
∂z

= −αE(ω, z) − jβ(ω)E(z, ω) (2.1)

with α loss and β(ω) propagation constant which varies smoothly with ω. Often,
β(ω) is approximated via its Taylor series expansion:

β(ω) = β0 + β1 · (ω − ω0) + 1
2β2 · (ω − ω0)2 + 1

6β3 · (ω − ω0)3 + ... (2.2)

where βi = ∂iβ
∂ωi |ω=ω0 . Solving Eq. 2.1, we obtain

E(ω, z) = E(ω,0)e−αze−jβ(ω)z (2.3)

The transmitted field is ET (t) = sT (t)ejω0t ⇒ ET (ω) = sT (ω − ω0). Considering
this, and by neglecting the loss, since it is just a constant and cannot distort the
signal, we can rewrite Eq. 2.3 as

ER(ω) = sT (ω − ω0)e−jβ(ω)z (2.4)

To find the receiver field in time domain, we need to take the inverse Fourier
transform of Eq. 2.4, which can be analytically computed only in special cases.
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One such case is β(ω) almost linear over the bandwidth of the signal, and so we
truncate the Taylor expansion of β(ω) to

β(ω) ≈ β0 + β1 · (ω − ω0)

With this approximation, it is

ER(t) = sT (t − β1z)ejω0te−jβ0z = sT (t − τg)ejω0(t−τϕ) (2.5)

with τϕ = β0
ω0

z phase delay, τg = β1z group delay. The modulating envelope and
the carrier have different delays; however, from Eq. 2.5, we see that the spectrum
is not distorted.
Suppose now that β(ω) is not linear over the signal bandwidth. Then, we have
to retain more terms of the Taylor expansion. We assume that an acceptable
approximation of β(ω) over the signal bandwidth is

β(ω) ≈ β0 + β1 · (ω − ω0) + 1
2β2 · (ω − ω0)2

By taking the inverse Fourier transform of Eq. 2.4, we obtain

ER(t) = ejω0te−jβ0zF−1{sT (ω)e−j
β2
2 ω2z} ∗ δ(t − β1z) (2.6)

By calling sR(t) = F−1{sT (ω)e−j
β2
2 ω2z}, we can rewrite Eq. 2.6 as

ER(t) = ejω0te−jβ0zsR(t − β1z) = ejω0(t−τph)sR(t − τg) (2.7)

In general, the term sR(t) = F−1{sT (ω)e−j
β2
2 ω2z} is not analytically evaluable.

However, we can write the modulating pulse as the sum of many narrowband
contributions:

sT (t) =
N
2Ø

i=− N
2

sTi
ej·i∆ωt

If the sTi
are sufficiently narrow, we can approximate β(ω) linearly over each sTi

.
This leads to

ER(t) =
N
2Ø

i=− N
2

sTi
(t − τgi

)ejωi(t−ϕi) (2.8)

with τgi
= β1(ωi)z and τϕi

= β(ωi)
ωi

z (the complete derivation can be found in
Appendix A).
We found that dispersion alters the pulse by:

• delaying each chromatic component in a different way, according to the local
group delay;
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• adding a phase mismatch between each chromatic component.

With the quadratic assumption on β(ω), it’s easy to compute the local group delay:

τg(ω) = τg(ω0) + β2(ω − ω0)z

and so, given two optical frequencies, the delay difference between them is

∆τg = τg(ω2) − τg(ω1) = β2 · (ω2 − ω1) · z = β2 · ∆ω · z

Therefore, the critical parameter for the fiber dispersion is β2. It is typically
expressed in

è
ps2

km

é
=
è

ps
T Hz·km

é
. Dispersion can be also given in terms of the

parameter D, expressed in
è

ps
nm·km

é
(and so it refers to a wavelength interval, rather

than a frequency interval). The two quantities are related by

D = dω

dλ
· β2

which can be rewritten as

D
5

ps

nm · km

6
= β2

C
ps2

km

D
·
3

−2πc

λ2

4
(2.9)

Dispersion is caused by both material and waveguide properties, whose contributions
approximately add up.

2.2 Chromatic Dispersion compensation
If we propagate a signal over multiple, uniform spans of fiber, in frequency domain
we get

E(ω, Ltot) = E(ω,0) ·
NÙ

i=1
HFi

(ω) (2.10)

with HFi
= e−jβi(ω)Li . If we approximate β(ω) to the second order using Taylor

expansion, we find

HFtot(ω) =
NÙ

i=1
HFi

= e

−j 1
2

 NØ
i=1

β2,iLi

ω2

(2.11)

In general, we define the accumulated dispersion as

Dacc
.=
Ú L

0
D(z)dz (2.12)
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If our link has N fibers, and dispersion is constant over each fiber, it is

Dacc =
NØ

i=1
DiLi (2.13)

The accumulated dispersion is measured in
è

ps
nm

é
.

Modern systems based on coherent receivers compensate the accumulated dispersion
at the receiver [1], using a specialized DSP unit which implements

H−1
Ftot

= e

j 1
2

 NØ
i=1

β2,iLi

ω2

(2.14)

In legacy IMDD systems, chromatic dispersion was periodically recovered using
DCFs [9]. To design the dispersion map, once the other system parameters are
set, we have a three dimension optimization space. The degrees of freedom are the
amount of pre, in and post-line compensation. An example of dispersion map is
presented in Fig. 2.1.

Figure 2.1: Example of dispersion map

6
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2.3 Kerr effect
The Kerr effect is the most significant non-linear phenomenon in fiber propagation
[10, 11]. It induces a variation in the silica refractive index:

n(z, t) = nL + n2
P (z, t)
Aeff

(2.15)

with nL ≃ 1.5 conventional refractive index, n2 is called non-linear index coefficient,
and Aeff is the optical mode effective area (which, while it has a more complex
expression, is roughly the area of the fiber core: Aeff ≃ πr2, with r fiber core
radius). This non-linear contribution to n is typically small. If we consider a
NZDSF SMF, it is Aeff ≃ 55[µm2] and n2 = 3 · 10−20

è
m2

W

é
. Even if we assume a

large power, such as P (z) = 100[mW ] → 20[dBm], we obtain

∆n = n2
P (z)
Aeff

= 5.45 · 10−11 → ∆n

nL

≃ 4 · 10−11

Since it is so small, its effect during propagation can be studied using perturbation
techniques. The propagation constant β is first order with respect to ∆n since, by
definition,

β
.= 2π

λ
· neff ≈ 2π

λ
· n (2.16)

Thus,
∆β = 2π

λ
∆n = 2π

λ

n2

Aeff

P (z) = γP (z) (2.17)

where γ = 2π
λ

n2
Aeff

is called non-linearity coefficient, typically measured in
è

1
W ·km

é
.

In time domain, it is

∆β(z, t) = γP (z, t) = γ|E(z, t)|2 (2.18)

Therefore, the Kerr effect introduces a power-dependent variation of the propagation
constant.

2.4 Pulse propagation
2.4.1 Non-linear Schrödinger equation
Previously, we have looked at the propagation equation in frequency domain:

∂E(ω, z)
∂z

= −αE(ω, z) − jβ(ω)E(z, ω) (2.19)

7
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We can substitute to β(ω) its Taylor expansion. We suppose once again that a
quadratic approximation is good enough. Then, it is

∂E(z, ω)
∂z

= −j

A
β0 + β1ω + β2

2 ω2
B

E(z, ω) − αE(z, ω) (2.20)

We can take the Inverse Fourier transform:

∂E(z, t)
∂z

= −jβ0E(z, t) − β1
∂E(z, t)

∂t
+ j

β2

2
∂2E(z, t)

∂t2 − αE(z, t) (2.21)

In Section 2.3, we found that the Kerr effect is present with the term ∆β. We
assume that this term shifts up the whole β(ω) curve, which means that it can be
seen as an increase in the term β0. Then,

∂E(z, t)
∂z

= −j(β0 + ∆β)E(z, t) − β1
∂E(z, t)

∂t
+ j

β2

2
∂2E(z, t)

∂t2 − αE(z, t) (2.22)

Since ∆β = γ|E(z, t)2|, and by recalling that we can eliminate the terms in β0 (it
is only a phase shift) and β1 (it is only a group delay) which do not distort the
signal, we finally get the Non-linear Schrödinger equation:

∂E(z, t)
∂z

= j
β2

2
∂2E(z, t)

∂t2 − αE(z, t) − jγ|E(z, t)|2E(z, t) (2.23)

2.4.2 Non-linear effects
The NLSE can be used to study single channels systems. However, it is impractical
for WDM systems, since E(z, t) contains all the channels. It is possible to derive a
set of equations that express the evolution of each channel [10]. It is

∂Ei(z, t)
∂z

= j
β2

2
∂2Ei(z, t)

∂t2 − β2ωi
∂Ei(z, t)

∂t
− j

β2

2 ω2
i Ei(z, t) − αEi(z, t)

− jγ
Ø

(n,m,k)∈Ai

Em(z, t)E∗
n(z, t)Ek(z, t) (2.24)

where ωi is the frequency of channel i and Ai = {(m, n, k) : ωi = ωm − ωn + ωk}.
It’s interesting to study the non-linear term for channel i:

−jγ
Ø

(n,m,k)
EmE∗

nEk

which contains all the indexes for which ωi = ωm − ωn + ωk. These contributions
can then be divided in three groups.
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• Self-Phase modulation (or Self-Channel interference) if m = n = k. In this
case, we only have one term: −jγ|Ei|2Ei. It is generated by the i-th channel
and affects the channel itself. The interference is in the form of a phase shift;

• Cross-Phase modulation (or Cross-Channel interference) if n = m /= k or
n = k /= m. In this case, we have two sets of equal terms, making the term
equal to −2jγ

Ø
n /=i

|En|2Ei. This term causes interference on the i-th channel

due to other channels, and once again it is in the form of a phase shift;

• Four-Wave mixing if n /= k and m /= n. This effect creates new frequencies.
If ωm = ωk /= ωn we have the term −jγ

Ø
m /=n

E2
mE∗

n called degenerate FWM,

since two of the three frequencies are the same; if ωm /= ωk /= ωn we have
the term −jγ

Ø
m /=n /=k

EmE∗
nEk, called non-degenerate FWM. FWM is, in most

practical scenarios, a negligible effect.

2.4.3 Manakov equations
Real fibers are not perfectly circular because of imperfections during manufacturing
and mechanical stresses in installed cables; thus, they are birefringent. Because of
this, the propagation constant depends on the polarization of the optical signal: the
birefringence varies randomly along the fiber. In practice, birefringence manifests
as a rotation of the state of polarization [10].
Non-linearity induces crosstalk among WDM channels. To properly analyze the
non-linear propagation, we have to consider it together with the polarization
rotation and chromatic dispersion. By considering the dual polarization of the
optical field and the stochastic birefringence, we can obtain the Coupled Non-linear
Schrödinger equations:

∂Ex(z, t)
∂z

= j
β2

2
∂2Ex(z, t)

∂t2 − αEx(z, t)

− jγ
5
|Ex(z, t)|2 + 2

3 |Ey(z, t)|2
6

Ex(z, t)

− jγ

3 E∗
x(z, t)E2

y(z, t)e+2j∆β0z

∂Ey(z, t)
∂z

= j
β2

2
∂2Ey(z, t)

∂t2 − αEy(z, t)

− jγ
5
|Ey(z, t)|2 + 2

3 |Ex(z, t)|2
6

Ey(z, t)

− jγ

3 E∗
y(z, t)E2

x(z, t)e−2j∆β0z

(2.25)
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The two polarization components evolve as rapidly varying random processes.
This results in an optical field which rapidly explores different polarization states
during propagation. Then, we can average the CNLSE with respect to the random
birefringence. In this way, we obtain the Manakov equations [10]:

∂Ex(z,t)
∂z

= j β2
2

∂2Ex(z,t)
∂t2 − αEx(z, t) − jγ 8

9 [|Ex(z, t)|2 + |Ey(z, t)|2] Ex(z, t)
∂Ey(z,t)

∂z
= j β2

2
∂2Ey(z,t)

∂t2 − αEy(z, t) − jγ 8
9 [|Ex(z, t)|2 + |Ey(z, t)|2] Ey(z, t)

(2.26)
The Manakov equations provide an averaged description of non-linear propagation in
randomly birefringent fibers, significantly simplifying the analysis while accurately
modeling coherent long-haul transmission systems.

2.5 GN model
The GN model offers a practical and accurate approach for the performance analysis
and design of coherent ultra-long-haul UT optical transmission systems [3]. The
signal model is assumed to satisfy the following properties:

• it is a zero-mean complex Gaussian random process with uncorrelated in-phase
and quadrature components;

• it is periodic with period T0, where T0 = kTs, with k ∈ N and Ts symbol
duration;

• its average PSD must be shaped as that of an actual transmitted signal
GT x(f).

The signal model is based on a filtered complex periodic white Gaussian noise:

E(t) =
ñ

f0GT x(nf0)
+∞Ø

n=−∞
ξnej2πnf0t (2.27)

with ξn independent complex Gaussian random variables of unit variance. This
models accurately a transmitted signal in a UT scenario after a few fiber spans
[2]. The GN model models the NLI as an additive white Gaussian noise. The NLI
estimation is given by the sum of the SCI and XCI contributions. If we call the
CuT probe and the i-th channel pump, we have

PSCI = ηSCIP 3
probe (2.28)

PXCI,i = ηXCI,iPprobeP
2
pump (2.29)
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The total NLI power is, considering a symmetric spectrum with Nch channels, given
by

PNLI = PSCI + 2
Nch

2Ø
i=1

PXCI,i (2.30)

The coefficients ηSCI and ηXCI,i are the NLI power efficiencies, measured in [W ]−2.
They are given by

ηSCI,i = 16
27γ2L2

effNs

asinh(π
2 |β2|[2α]−1B2

ch,i)
2π|β2|[2α]−1 (2.31)

and

ηXCI,n,i = 2 · 16
27

γ2L2
effNs

4π|β2|[2α]−1

asinh
3

π2|β2|[2α]−1
5
fch,n − fch,i + Bch,n

2

6
Bch,i

4

− asinh
3

π2|β2|[2α]−1
5
fch,n − fch,i − Bch,n

2

6
Bch,i

4
(2.32)

where

• i, n channel indexes;

• γ non-linearity coefficient;

• Leff
.= 1−e−αL

α
effective length;

• Ns number of spans;

• β2 dispersion parameter;

• α loss coefficient;

• fch,i central frequency of channel i;

• Bch,i bandwidth of channel i.

2.6 Performance evaluation
2.6.1 Amplified spontaneous emission noise
The transmission distance in fiber communication systems is constrained by the
attenuation of the optical fiber [9]. To compensate the fiber loss, optical amplifiers
can be used. Those devices amplify the whole signal directly in the optical domain.
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The amplifiers typically used are the Erbium-Doped Fiber Amplifiers, since they
are suitable to amplify optical signals in the C-band. The limiting factor in the
usage of EDFAs is the amount of noise, called amplified spontaneous emission noise.
For each EDFA, the ASE noise power introduced is well known:

PASE = hfB(G − 1)F (2.33)

with h Planck’s constant, f frequency, B bandwidth of the channel, G amplifier
gain and F > 3 dB amplifier noise figure.

2.6.2 Generalized Signal-to-Noise Ratio
So far, we introduced two independent noise contributions: ASE noise and NLI
noise. Each one has its SNR contribution:

OSNR = SNRASE = Pch

PASE

(2.34)

SNRNLI = Pch

PNLI

(2.35)

We can combine the two and, if we neglect the transceiver’s intrinsic noise, it is

1
GSNR

= 1
OSNR

+ 1
SNRNLI

(2.36)

where GSNR is called generalized Signal-to-Noise ratio.
Since PASE is well characterized, we will focus on characterizing SNRNLI . From
Eq. 2.28 and Eq. 2.29, and by considering that we will use a WDM spectrum with
Nch channels, all with the same power Pch, we have

SNRSCI = Pch

ηSCIP 3
ch

= 1
ηSCIP 2

ch

(2.37)

SNRXCI,i = Pch

ηXCI,iP 3
ch

= 1
ηXCI,iP 2

ch

(2.38)

Then, we will have

1
SNRNLI

= 1
SNRSCI

+
Nch/2Ø

i=− Nch
2

i /=0

1
SNRXCI,i

(2.39)

The main metric to evaluate the system performance is the pre-FEC BER. Since
the BER can be approximated as a function of the SNR [12], we will use the
GSNR as our quality metric.
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Figure 2.2: BER vs GSNR theoretical curves
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Chapter 3

Simulation Framework

This work relies heavily on numerical simulations of optical transmission for both
model development and validation. For this reason, the simulation framework is
presented before the analytical derivation and proposed machine learning model.

3.1 Split Step Fourier Method
As we have seen in Chapter 2, the optical field propagates according to the CNLSE.
An analytical solution for a generic E(z, t) does not exist; however, we can obtain
an accurate approximation through numerical simulations. A commonly used
numerical method is the split step Fourier method [13].
To understand the underlying idea of the SSFM, we can rewrite Eq. 2.26 as

∂Ē

∂z
= L̂{Ē(z, t)} + N̂ {Ē(z, t)} (3.1)

with L̂ the linear operator that accounts for dispersion and losses and N̂ the
non-linear operator that accounts for the effect of fiber non-linearities. These effects
act simultaneously in a real fiber propagation. With the SSFM, the optical link is
divided into a large number of short fiber segments of length ∆z. Over each segment,
the linear and non-linear effects are assumed to act independently. The propagation
over a single step can thus be approximated as the sequential application of the
linear and non-linear operators. Clearly, as ∆z → 0, the accuracy of the numerical
approximation increases. The linear operator is conveniently evaluated in the
frequency domain, where chromatic dispersion reduces to a multiplicative transfer
function. Given the optical field Ē(z, t) at distance z, the first step consists in
computing its Fourier transform:

Ē(z, ω) = F{Ē(z, t)} (3.2)

15



Simulation Framework

The linear propagation over ∆z is then applied as
ĒLIN(z + ∆z, ω) = Ē(z, ω)eL̂(ω)∆z (3.3)

where L̂(ω) includes attenuation and chromatic dispersion contributions. The
propagated field is subsequently brought back to the time domain through the
inverse Fourier transform:

ĒLIN(z + ∆z, t) = F−1{ĒLIN(z + ∆z, ω)} (3.4)
The non-linear operator is finally applied in the time domain:

Ē(z + ∆z, t) = ĒLIN(z + ∆z, t)eN̂ ∆z (3.5)
where the non-linear contribution depends on the instantaneous optical power. The
procedure is repeated iteratively on all fiber segments until the total propagation
distance is reached. The schematic of the SSFM is shown in Fig. 3.1.

Figure 3.1: SSFM Diagram

The SSFM is computationally expensive, even with the use of GPUs to perform
FFTs and IFFTs: for a long-haul cable simulation with a full C-band spectral
loading, the simulation time ranges from days to weeks. Nevertheless, this method is
widely used because it enables highly accurate modeling of optical fiber propagation.
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3.2 Simulator and SSFM Manager
The SSFM has been implemented in an internal MATLAB simulator, which is able
to reproduce optical signal propagation over multi-span fiber links [14]. It takes as
input four JSON files, which completely describe the system we want to simulate.
We have the following inputs:

• SSFM parameters, which contain the configuration options of the simulator.
These include the propagation model to be used (CNLSE or Manakov), the
channel index to be received, the degree of the polynomial used for PRBS
generation, and other simulation settings. Among these, one of the most
relevant is the accuracy parameter, which determines the propagation step
length ∆z. Reducing ∆z improves the accuracy of the SSFM approximation
but increases the number of propagation steps and, consequently, the com-
putational time. The selected value should therefore guarantee a suitable
compromise between numerical accuracy and simulation complexity. This
can be assessed by verifying that further reductions of ∆z produce negligible
variations in the post-DSP SNRNLI ;

• Spectral information, which defines the WDM signal configuration. The file
specifies the frequency, launch power, baud rate, and slot width of each channel,
together with the adopted modulation format and pulse-shaping filter;

• Line, which defines the physical topology of the optical link. The file specifies
the sequence of network elements composing the transmission system, such as
fiber spans, EDFAs, DCUs, and other devices. Depending on the element type,
the corresponding physical parameters must be provided. For instance, a fiber
element is characterized by its length, attenuation coefficient α, chromatic
dispersion (expressed either through D or β2), and non-linear coefficient γ.
Each element also includes a save field, which allows the insertion of a receiver
at any desired point along the link. The file further supports a repetitions
field, which is used to replicate the base link configuration a specified number
of times. Finally, it is possible to selectively enable or disable the Kerr effect
on individual fiber spans.

• Receiver, which contains the parameters of the various algorithms used in the
DSP. One particularly useful feature is the possibility of disabling ASE noise,
allowing the direct evaluation of the post-DSP SNRNLI .

The simulator produces a single JSON output file containing both the simulation
results, such as the measured SNR, and the complete set of input parameters.
This approach simplifies subsequent post-processing and guarantees that all the
information associated with a simulation is stored in a single file.
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To simplify the analysis of the simulation output, an internal Python post-processing
tool was used. It takes as input a dictionary describing the simulation to be loaded
and automatically parses the corresponding output files. Through a unified interface,
it provides access to the most relevant quantities generated during the simulation,
including the SNR, the normalized non-linear interference coefficient η, channel
powers, and the characteristics of the line elements. This abstraction layer greatly
simplifies the extraction, analysis, and visualization of simulation results.
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Chapter 4

Modeling

4.1 Spectrally and Spatially Disaggregated Ap-
proach

The model we will use relies on the concepts of spectral and spatial disaggregation
[15].
Spectral disaggregation has been introduced implicitly in Chapter 2, since the GN
model relies on it. The idea is to separate spectrally the SCI and XCI components
and obtain the total NLI as

PNLI = PSCI +
Ø
k /=0

PXCI,k (4.1)

where k indicates the various pumps. This approach has already been verified in
[15, 16]. We can call each simulation pump and probe. Then,

• for SCI, we propagate a single channel at a nominal power;

• for XCI, we propagate the probe and a single pump. In order to isolate the
XCI contribution, two measures are taken: the probe power is kept low, so that
the SCI effect is low already. Then, with an ad-hoc single channel simulation
on the specific line, the amount of residual SCI is computed so that it can be
removed:

1
SNRXCI,k

= 1
SNRSXCI,k

− 1
SNRSCI,residual

(4.2)

where SNRSXCI,k indicates the SNR from the full pump and probe.
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On the other hand, with spatial disaggregation we can sum the generated NLI
span-by-span:

PSCI =
NsØ
i=1

∆PSCI,i

PXCI,k =
NsØ
i=1

∆PXCI,k,i (4.3)

where i indicates the fiber span. Combining those two approaches, we obtain the
SNRNLI,n at the span n as

SNRNLI,n =
 nØ

i=1

 1
∆SNRSCI,i

+
Ø
k /=0

1
∆SNRXCI,k,i

−1

(4.4)

where

∆SNRSCI,i = Pch

∆PSCI,i

∆SNRXCI,k,i = Pch

∆PXCI,k,i

To apply the spatially disaggregated approach, we need to perform the following
sets of simulations:

• The pure simulations, in which we enable the Kerr effect on one span i at the
time, to estimate the non-linear noise contribution due to the specified i span;

• paired simulations in which we enable the Kerr effect on two spans at the time
(on the i span and all the previous j spans). Then, to complete this last set,
we need to run one simulation for each couple of spans with the Kerr effect
enabled: (i,1), (i,2), ..., (i, j), ..., (i, i − 1).

The whole set of simulations is well summarized in Figure 4.1 [6].

Figure 4.1: Spatial Disaggregation simulation method
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By repeating the procedure for each pump, we have all the simulations we need
to follow a spectrally and spatially disaggregated approach for NLI estimation.
Note. As introduced in Chapter 2 the ASE noise is well modeled by Eq. 2.33. Since
we have the possibility of disabling ASE noise in the simulator, we do so in order
to isolate the NLI noise. Then, during reconstruction, we will analytically add the
ASE noise in order to obtain the GSNR estimation.
In DM links, the Gaussianity of the signal evolves with the accumulated dispersion,
and therefore the non-linear interference generated by a span depends on the
local propagation conditions rather than only on the end-to-end link parameters.
At the same time, XCI contributions depend on the spectral position of the
interfering channels. A spectrally and spatially disaggregated formulation allows
these dependencies to be explicitly modeled while preserving the low computational
complexity required for fast QoT estimation [15, 16].

4.2 Analytical Model
The goal of the analytical model is to estimate the span-wise SCI and XCI con-
tributions, namely ∆PSCI,i and ∆PXCI,k,i introduced in Eq. 4.3, and ultimately
derive the corresponding GSNR.
In DM links, the periodic compensation of chromatic dispersion limits pulse broaden-
ing and preserves a certain degree of correlation among the non-linear contributions
generated in different spans. As a result, NLI cannot generally be assumed to
accumulate incoherently, leading conventional GN-based approaches to provide
inaccurate predictions. More sophisticated models, such as the EGN model [17],
explicitly account for coherent accumulation effects. However, these approaches
typically rely on aggregated formulations and entail a significant computational
burden, limiting their applicability to fast QoT estimation.
The approach adopted in this work addresses this issue by combining the spec-
trally and spatially disaggregated framework introduced in the previous section
with suitable correction terms that model the coherent interaction among span
contributions. This formulation retains the low computational complexity required
for network-level applications while providing accurate NLI estimates in dispersion-
managed systems. The analytical derivation presented in the remainder of this
section follows the methodology proposed in [6].

The coherent accumulation of non-linear interference can be modeled by esti-
mating the correlation among the stochastic NLI processes generated in different
spans, rather than directly evaluating the accumulated NLI contribution as a whole.
Although the Kerr effect is inherently distributed along the fiber, the GN model
represents the NLI generated within each span as an equivalent additive Gaussian
noise source.
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Optical Multiplex Section (OMS) Abstraction
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Figure 4.2: Generic DM Optical Line System

Based on this representation, the NLI estimation problem can be divided into two
separate steps. The first step consists of evaluating the intrinsic SCI and XCI
contributions generated by each span independently. The second step accounts
for the additional power arising from the coherent interaction among these span
contributions at the receiver. The degree of coherent accumulation depends on the
evolution of the accumulated chromatic dispersion along the link, which determines
the correlation among the span-wise NLI contributions.
Suppose we have a generic OLS, as in Fig. 4.2, composed of n fiber spans, each one
containing a noise source for SCI/XCI, dispersion D, loss A and an EDFA with gain
G and noise nASE (although ASE noise will not be considered in the derivation).
Let’s consider the pure noise field introduced by span i nXCI,k,i(t) where k = 0
refers to SCI. In the following, we will drop the time dependency to simplify the
notation. At the receiver, in order to compensate for chromatic dispersion, the

signal gets multiplied by
iÙ

j=1
D∗

j . Then, the noise field after chromatic dispersion

recovery at span i n̄XCI,k,i is given by

n̄XCI,k,i =
iØ

l=1

nk,l ·
iÙ

j=l

ñ
AjGj ·

l−1Ù
m=1

D∗
m

 (4.5)

By definition, the XCI noise power after span i is

PXCI,k,i = E
è
|n̄XCI,k,i|2

é
(4.6)

By substituting Eq. 4.5 in Eq. 4.6, we obtain

PXCI,k,i = E


------

iØ
l=1

nk,l ·
iÙ

j=l

ñ
AjGj ·

l−1Ù
m=1

D∗
m

------
2
 (4.7)

Eq. 4.7 can be expanded by considering that if a ∈ C it is |a|2 = a · a∗. With some
more computation, we obtain that

PXCI,k,i = AiGi(PXCI,k,i−1 + ∆PXCI,k,i) (4.8)
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where
∆PXCI,k,i = σ2

k,i + 2
i−1Ø
j=1

σ2
k,ij

i−1Ù
l=j

ñ
AlGl (4.9)

and

σ2
k,ij = E

ℜ

nk,in
∗
k,j

i−1Ù
l=j

D∗
l

 (4.10)

We emphasize the spectral and spatial disaggregation of Eq. 4.8: to obtain the
XCI power at span i for each pump we sum the previously accumulated XCI power
and add the noise introduced by the span i. ∆PXCI,k,i contains two terms: the
pure term, generated at the span itself, and the correction term that accounts for
the coherent interaction between the span i with all the preceding ones. We can
approximate σ2

k,ij as
σ2

k,ij ≈ Ck,ij · σk,i · σk,j (4.11)

with Ck,ij ∈ [−1, 1] correlation coefficient. In the case of transparency we have

PXCI,k,i = PXCI,k,i−1 + ∆PXCI,k,i (4.12)

and
∆PXCI,k,i = σ2

k,i + 2
i−1Ø
j=1

Ck,ij · σk,i · σk,j (4.13)

Accumulated dispersion leads to signal Gaussianization [18]. In UT links, the
overestimation of NLI by the GN model is small; however, it must be addressed in
DM links. To take this effect into account, we model the pure XCI power introduced
at span i as

σ2
k,i = ρk,i · σ2

k,i,GN (4.14)

with ρk,i ∈ [0,1] Gaussianization coefficient and σ2
k,i,GN pure XCI power introduced

at span i computed with the GN model.
As such, we finally found our analytical model:

∆PXCI,k,i = ρk,iσ
2
k,i,GN + 2

i−1Ø
j=1

Ck,ij · √
ρk,iσk,i,GN · √

ρk,jσk,j,GN (4.15)

4.3 Coefficient Extraction
The analytical formulation introduced in the previous section expresses the per-
span NLI as a function of the correlation coefficients Ck,ij and the Gaussianization
coefficients ρk,i. Since we do not have an analytical formulation to compute these
quantities, they must be extracted from reference SSFM simulations. The extraction
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procedure follows the spatially disaggregated methodology proposed in [6]. During
the analytical derivation, we found that

∆PXCI,k,i = σ2
k,i + 2

i−1Ø
j=1

Ck,ijσk,iσk,j

where each of the powers is referred to an NLI power.
Considering our spectrally and spatially disaggregated approach, for each pump
and probe simulation we only have the Kerr effect enabled on two spans at a
time. Therefore, all the powers σ2

k,1, σ2
k,2, ..., σ2

k,i−1 are equal to 0, with the single
exception of the contribution of the considered span σ2

k,j. Thus, the summation is
reduced to a single addend:

∆PXCI,k,i = σ2
k,i + 2 · Ck,ij · σk,i · σk,j

Then, we can extract each of the Ck,ij as

Ck,ij =
∆PXCI,k,i − σ2

k,i

2 · σk,i · σk,j

(4.16)

where

• ∆PXCI,k,i is the NLI power measured after span i with the Kerr effect enabled
on both spans i and j. This is extracted from the paired simulation;

• σ2
k,i is the NLI power measured after span i with the Kerr effect enabled only

on span i. This is extracted from the pure simulation;

• σ2
k,j is the NLI power measured after span j. Since j < i, this is extracted

from the paired simulation.

We have previously defined σ2
k,i as

σ2
k,i = ρk,i · σ2

k,i,GN

Then, from the pure simulation we are able to extract directly ρk,i as

ρk,i =
σ2

k,i

σ2
k,i,GN

(4.17)

4.4 Machine Learning Approach
4.4.1 Motivation
While possible, estimating the Ck,ij and the ρk,i coefficients by running and post-
processing spatially disaggregated simulations is not feasible. Suppose that we
have a link with n spans. We require:
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• n pure simulations;

• qn
i=1(i − 1) = n(n−1)

2 paired simulations.

Other than the pump and probe simulations we also need to perform, for each one
of them in the case of XCI, an additional simulation to retrieve SNRSCI,residual.
Then, supposing that we have Npumps pumps, the total number of simulations is

Nsim = (1 + 2Npumps)
nØ

i=1
i = (1 + 2Npumps)

n(n + 1)
2 (4.18)

Since our objective is to obtain a quick QoT estimation tool, it’s clear that we
cannot depend on the SSFM simulations: the computational time required to
estimate the parameters is even greater than running a full SSFM simulation. This
justifies the need, in the absence of an analytical model for Ck,ij and ρk,i, for a
machine learning model.
We use four independent XGBoost regressors (we divide the SCI and XCI cases;
each one has a regressor to estimate the Ck,ij and one for the ρk,i). Based on our
observations of the physical phenomenon, we assumed that they depend on several
physical parameters:

Ck,ij = f(β2,i, β2,j, β2,acc,i, β2,acc,j, β2,acc,(i,j), αi, αj, Ls,i, Ls,j, Leff,i, Leff,j, Rs, k · ∆f)
(4.19)

ρk,i = f(β2,i, β2,acc,i, αi, Ls,i, Leff,i, Rs, k · ∆f) (4.20)

where

• β2 is the fiber dispersion;

• β2,acc,i = qi
l=1 β2,lLs,l is the dispersion accumulated from the first to the i-th

span;

• β2,acc,(i,j) = qi
l=j β2,lLs,l is the dispersion accumulated from the j-th to the

i-th span;

• αi is the loss parameter of the i-th span;

• γi is the non-linearity coefficient of the i-th span;

• Rs is the baud rate;

• k · ∆f is the frequency distance between the pump and the probe.
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4.4.2 Simulations for the Model Training
In order to train the machine learning models, a large dataset of reference SSFM
simulations is required. Rather than generating simulations on complete optical
links, which would be computationally prohibitive and strongly dependent on the
specific network configuration, we adopt a generic two-span abstraction system
(2-SA), shown in Figure 4.3. The 2-SA is designed to represent the local propagation
conditions experienced by any pair of interacting spans within a generic optical line.
By appropriately varying its physical parameters, it can reproduce the wide range
of dispersion, attenuation, and accumulated dispersion conditions encountered in
practical links. Consequently, the trained model learns the relationship between
these local physical quantities and the coefficients Ck,ij and ρk,i, allowing it to
generalize to arbitrary multi-span optical systems.

Figure 4.3: Two-span abstraction system

To maximize the coverage of the parameter hyperspace, the Latin Hypercube
Sampling algorithm [19] is used. For SCI, the training dataset includes ∼ 85000
samples; for XCI, it includes ∼ 30000 samples. The LHS algorithm samples the
physical parameters. With the notation [start:step:stop], we have:

• α ∈ [0.16 : 0.01 : 0.24] dB/km;

• D ∈ [−20 : 0.5 : 20] ps/nm/km;

• Ls ∈ [50 : 1 : 100] km;

• DP RE,j ∈ [−8000 : 10 : 8000] ps/nm;

• DACC,eff,i,j ∈ [−15000 : 100 : 15000] ps/nm;

For the XCI only, the frequency distance between the CuT and the pump has to
be sampled as well. The totality of the XCI samples can be divided in three sets:
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• ∆f ∈ [65 : 0.01 : 100] GHz (∼ 13000 samples);

• ∆f ∈ [100 : 10 : 500] GHz (∼ 17000 samples);

• ∆f ∈ [500 : 10 : 2000] GHz (∼ 250 samples);

Note that the smaller number of samples in the [500,2000] GHz range is due to the
large amount of time required for those simulations (for context, a batch containing
50 of those samples required ∼ 1 month).
In the SCI simulations, only the channel under test is propagated with a launch
power of 0 dBm. For the XCI simulations, the interfering pump is launched
at 0 dBm, while the probe is launched at −18 dBm, as previously discussed in
Section 4.1.
The only exception is the first adjacent pump (Pump 1). Due to its small spectral
separation from the channel under test, spectral broadening becomes significant
under the standard power configuration. Preliminary simulations showed that
increasing the probe launch power substantially reduces this effect without altering
the extraction procedure. Therefore, for Pump 1 the probe launch power is set to
−6 dBm instead of −18 dBm.
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Chapter 5

Results

The proposed model was evaluated on four dispersion-managed transmission scenar-
ios. The ML model takes as input both the spectral information and the line JSON
files; based on these inputs, it predicts the Cij and ρi parameters. The predictions
are finally combined with the analytical output of the GN model, to find the ∆η
span per span. We compared the results in terms of:

• normalized NLI ∆η;

• cumulative normalized NLI η;

• GSNRerror = GSNRSSF M,dB − GSNRmodel,dB;

In particular, we will compare 4 curves in each plot:

• the SSFM output, which is our simulative ground truth, in red;

• the pure GN model, in green;

• the GN + Cij model, which does not take into consideration the gaussianization
effect, in blue;

• the final GN + Cij + ρi model, in black.

All the test scenarios are obtained starting from a Nl = 7 span laboratory setup,
in which:

• each of the first six loop spans is composed of two different NZ-DSF fiber
types characterized by α1 = α2 = 0.2 dB/km, γ1 = 1.46 1/W/km, γ2 = 2.1
1/W/km, and a dispersion coefficient D ≃ D1 ps/nm/km, with a total average
span length of 50 km, followed by an EDFA in-line amplifier;
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• the 7th span, made by a segment of SSMF (α = 0.19 dB/km, γ = 1.4 1/W/km,
and D ≈ D2 ps/nm/km) and of LS fiber (α = 0.25 dB/km, γ = 1.91 1/W/km,
and D ≈ D3 ps/nm/km) for a total length of 60 km and followed by an EDFA,
acts as dispersion compensating fiber;

• the EDFAs work in transparency: AiGi = 1;

• each test setup can be obtained by varying the number of repetitions of the
loop and the dispersion values D1, D2, D3;

The base setup can be seen in Figure 5.1.

Figure 5.1: 7-span Lab setup scheme

In the following, we will analyze the four test cables individually, highlighting the
impact of different dispersion maps, transmission distances, and spectral occupancies
on the model accuracy. For all the setups, the spectral WDM configuration consists
of:

• Nch = 15 channels for the first two cables, Nch = 65 for the last two;

• baud rate RS = 63 GBaud;

• channel frequency spacing ∆f ≈ 67 GHz;

• DP-QPSK modulation;

• RRC shaping filter, with rolloff ρ = 0.0625.
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The channel power Pch is equal for all channels and is specified by the considered
test scenario.
Since the proposed framework relies on both spatial and spectral disaggregation,
selected SCI and XCI contributions were also individually analyzed to verify the
accuracy of the proposed span-wise and pump-wise decomposition.

5.1 Test Cable 1
The first cable analyzed contains 20 repetitions of the base loop, for a total number
of spans equal to 140 and total length of 7240 km. The dispersion parameters are

• D1 ≈ −3.7 ps/nm/km;

• D2 ≈ 16.1 ps/nm/km;

• D3 ≈ −2.2 ps/nm/km;
The dispersion map for this cable is shown in Fig. 5.2.

Figure 5.2: Test Cable 1 Dispersion Map

The accumulated dispersion increases over the first six spans and is partially
compensated by the seventh span. Subsequently, the accumulated dispersion
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gradually decreases along the link. For this cable, the spectral configuration
contains Nch = 15 channels, with Pch = −3 dBm.
We present in Fig. 5.3 the span per span ∆η. The GN model is not able to
properly quantify the NLI in this scenario, as the hypotheses are not satisfied. The
proposed model gradually converges to the GN + Cij model as the accumulated
dispersion increases. This is not surprising: if |Dacc| increases, the signal is more
gaussianized. We see that our final model, while remaining slightly conservative, is
able to accurately predict the amount of NLI introduced by each span.

Figure 5.3: Test Cable 1 ∆η

Figure 5.4: Test Cable 1 η

By taking the sum η =
NspansØ

i=1
∆ηi, we see that in this scenario the pure GN model
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provides a highly non-conservative estimation of the NLI, while if we don’t consider
the gaussianization effect the model provides an overly conservative estimate. We
can see that our model is slightly conservative in the first spans, and is essentially
superimposed to the ground truth at the end of the cable.
Finally, by combining the resulting SNRNLI and the analytical OSNR, we obtain
the GSNR. We reported the error on the GSNR, computed as the difference
between the ground truth and the model.

Figure 5.5: Test Cable 1 GSNR Error

The model provides an overall accurate prediction of the GSNR, with an error
at the end of the cable GSNRerror ≈ 0.07 dB.

5.2 Test Cable 2

Cable 2 has the same number of repetitions and thus length of cable 1; the dispersion
parameters are

• D1 ≈ −4.5 ps/nm/km;

• D2 ≈ 15.5 ps/nm/km;

• D3 ≈ −2.9 ps/nm/km;
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Figure 5.6: Test Cable 2 Dispersion Map

With respect to the previous case, the dispersion is accumulated in a faster way.
The spectral configuration contains once again Nch = 15 channels with a launch
power Pch = −2.5 dBm.

Figure 5.7: Test Cable 2 ∆η
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Figure 5.8: Test Cable 2 η

Compared to Test Cable 1, the faster accumulation of dispersion leads to a
more gaussianized optical field already in the first spans. As a consequence, the
discrepancy between the pure GN model and the SSFM decreases. The proposed
model successfully tracks this different gaussianization evolution, maintaining
accurate NLI predictions over the entire link.

Figure 5.9: Test Cable 2 - Pump 0 η
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Figure 5.10: Test Cable 2 - Pump 1 η

Fig. 5.9 and Fig. 5.10 show the cumulative normalized SCI and first pump XCI
contributions. In the SCI case, the model is able to closely follow the η evolution on
the whole cable. In the pump 1 XCI case, instead, the model slightly overestimates
the introduced NLI during the first spans, but it corrects the prediction at the end
of the link.
Overall, these results confirm that the proposed model accurately predicts the
individual span-wise SCI and XCI contributions before their summation into the
total NLI, thus validating the adopted spectrally and spatially disaggregated
formulation.

Figure 5.11: Test Cable 2 GSNR Error
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As proof of this, the GSNR error of the model at the end of this cable (Fig. 5.11)
is GSNRerror ≈ −0.01 dB.

5.3 Test Cable 3
Cable 3 is obtained with just 3 repetitions of the lab setup, for a total length of
≈ 1080 km. The dispersion parameters are

• D1 ≈ −2.2 ps/nm/km;

• D2 ≈ 17.3 ps/nm/km;

• D3 ≈ −0.7 ps/nm/km;

Figure 5.12: Test Cable 3 Dispersion Map

The accumulated dispersion actually increases in this setup; moreover, it’s interest-
ing to see that the zero of the dispersion gets crossed multiple times.
The novelty of this cable is the significantly larger spectral loading: we simulated
Nch = 65 channels, with an occupied bandwidth Bocc ≈ 4.35 THz. The launch
power of each channel is Pch = 0 dBm.
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This scenario is particularly relevant because the larger spectral occupancy in-
creases the contribution of cross-channel interference with respect to the previous
15-channel configurations.

Figure 5.13: Test Cable 3 ∆η

Figure 5.14: Test Cable 3 η

Despite the stronger XCI contribution and the wider occupied bandwidth, the
proposed model accurately reproduces the accumulated NLI throughout the trans-
mission. This demonstrates that the proposed correction terms remain effective.
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Figure 5.15: Test Cable 3 - Pump 21 η

Figure 5.16: Test Cable 3 - Pump 28 η

To further validate the spectral disaggregation adopted by the model, Figures
Fig. 5.15 and Fig. 5.16 report the cumulative normalized XCI generated by two
distant interfering channels. Although these pumps are characterized by a sig-
nificantly larger frequency separation from the channel under test, the proposed
model maintains good agreement with the SSFM reference. In particular, the
accurate prediction obtained for those pumps is noteworthy, as the machine learn-
ing training dataset contains fewer samples for such large frequency separations.
These results confirm that the proposed framework generalizes well across the
spectral domain, accurately estimating the contribution of both nearby and distant
interfering channels.
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Figure 5.17: Test Cable 3 GSNR Error

The accurate estimation of the XCI contribution translates into an excellent
prediction of the overall QoT, with a final GSNRerror ≈ 0.02 dB.

5.4 Test Cable 4

This last setup is obtained by setting

• D1 ≈ −3 ps/nm/km;

• D2 ≈ 16.7 ps/nm/km;

• D3 ≈ −1.4 ps/nm/km;

and repeating the base setup N = 20 times, for a total length of 7240 km. Moreover,
Nch = 65 channels, each with Pch = −4.5 dBm.
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Figure 5.18: Test Cable 4 Dispersion Map

This is the most demanding scenario, since it considers an ultra long-haul link
with full C-band spectral occupation.

Figure 5.19: Test Cable 4 ∆η
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Figure 5.20: Test Cable 4 η

Figure 5.21: Test Cable 4 GSNR Error

Despite the combination of a long transmission distance and full C-band loading,
the proposed model maintains excellent agreement with the SSFM reference. The
estimated normalized NLI closely follows the simulated evolution throughout the
link, and the final GSNR error is approximately GSNRerror ≈ 0.1 dB. Since
this scenario combines the largest transmission distance and spectral occupancy
considered in this work, the results provide further evidence of the robustness of
the proposed methodology.

5.5 Analysis of the Machine Learning Coefficients
The previous sections validated the proposed framework by comparing its predictions
with SSFM simulations under different transmission scenarios. Since the proposed
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approach relies on machine learning to estimate the correlation and Gaussianization
coefficients, it is also of interest to analyze the behavior of these quantities. Their
evolution provides useful insight into the physical mechanisms learned by the
models.

5.5.1 Coefficient Evolution Along the Optical Link
We first investigate how the learned coefficients evolve along realistic optical links.
The coefficients predicted by the trained machine learning models are analyzed
for the transmission scenarios introduced in the previous sections, allowing their
variation with the span index and the spectral position of the interfering channels
to be observed.
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Figure 5.22: Predicted Cij coefficients for pumps 0-7 in the first 3 loops of the 4
Test Cables

Fig. 5.22 reports the predicted Cij matrices for the SCI contribution and for the
first seven XCI pumps across a subsection of the four test cables, corresponding
to the first 3 loops (for a total of 21 spans) of the base setup. By definition,
the main diagonal is equal to one, since it represents the correlation of the NLI
generated by a span with itself. Away from the diagonal, the correlation rapidly
decreases, indicating that span contributions generated under significantly different
accumulated dispersion conditions accumulate almost incoherently. Conversely,
secondary diagonals with larger Cij values appear whenever different span pairs
experience a similar accumulated dispersion before NLI generation, despite being
physically separated along the link. This confirms that the learned correlation
primarily depends on the dispersion evolution rather than on the physical distance
between spans. Furthermore, the SCI coefficients are generally larger than the
XCI ones, whereas the overall spatial structure remains similar for all XCI pumps,
suggesting that the accumulated dispersion plays a more significant role than the
pump frequency in determining the correlation pattern.
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Figure 5.23: Predicted ρ coefficients on Test Cable 4

45



Results

Fig. 5.23 reports the evolution of the predicted Gaussianization coefficient ρ along
Test Cable 4 for the SCI contribution and for selected XCI pumps. The peri-
odic oscillations follow the dispersion-managed structure of the link. Within each
loop, ρ increases as the accumulated dispersion grows, indicating that the sig-
nal progressively approaches the Gaussian assumption underlying the GN model.
Conversely, the sharp downward variations occur in correspondence with the
dispersion-compensating span, where the accumulated dispersion is partially re-
covered and the optical field becomes less Gaussian. A clear dependence on the
spectral separation can also be observed. The SCI contribution and the closest
XCI pumps exhibit the largest values of ρ, while increasing the pump index leads
to progressively smaller coefficients. For sufficiently distant pumps, the curves
tend to overlap, suggesting that the effect of spectral separation saturates and the
Gaussianization correction reaches a plateau.

5.5.2 Coefficient Dependence on Physical Parameters
The coefficient evolution observed on the realistic test cables is the result of the
simultaneous variation of several physical quantities along the link. Therefore,
although those plots provide useful insight into the behavior of the trained models,
they do not allow the role of each individual parameter to be isolated. For this
reason, an additional controlled analysis was carried out using a simplified three-
span setup. The considered system is composed of two non-linear fiber spans, j
and i, separated by an intermediate fiber segment used to control the accumulated
dispersion between them. This intermediate segment plays the role of a DCU and
allows the dispersion experienced between the two non-linear spans to be varied
independently. In this way, the setup closely resembles the two-span abstraction
system used for the generation of the machine learning training dataset, while
allowing a direct investigation of the dependence of the predicted coefficients on
selected physical parameters. In the analysis, the dispersions of the first and third
fibers are fixed to Dj = Di = 16 ps/nm/km. The swept parameters are the lengths
Lj and Li, their attenuation coefficients αj and αi, and the dispersion coefficient Dk

of the intermediate fiber. Varying Dk changes the accumulated dispersion between
the two fiber spans, while varying Lj , Li, αj , and αi changes their effective lengths.
The spectral configuration consists of 65 WDM channels with the same spacing
used in the previous test cases, allowing the pump-frequency dependence of the
coefficients to be analyzed as well. This controlled dataset is used to study the de-
pendence of the predicted correlation coefficient Cij and Gaussianization coefficient
ρ on three main quantities: the accumulated dispersion between the two spans, the
respective effective length, and the spectral separation between the channel under
test and the interfering pump. The objective is not to validate the model against
SSFM simulations, but rather to verify whether the trends learned by the models
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are consistent with the expected physical behavior. Fig. 5.24 shows the average

6000 4000 2000 0 2000 4000 6000
Dacc, pre, i [ps/nm]

0.0

0.1

0.2

0.3

C i
j

Pump 0
Pump 1
Pump 2
Pump 4
Pump 7
Pump 15
Pump 20
Pump 27
Pump 32

Figure 5.24: Cij vs Dacc,pre,i

predicted correlation coefficient as a function of the accumulated dispersion before
span i for different interfering pumps. Since no predistortion is applied in this setup,
Dacc,pre,i corresponds to the accumulated dispersion between the beginning of span j
and the beginning of span i. The coefficient has a maximum when Dacc, pre, i ≈ 0,
corresponding to span pairs experiencing a similar accumulated dispersion before
the non-linear interaction. Under these conditions, the generated non-linear fields
accumulate coherently. As |Dacc, pre, i| increases, the correlation rapidly decreases
and approaches zero. The SCI contribution exhibits the largest peak, reflecting
the stronger coherent accumulation of the NLI generated by the CuT. Conversely,
all XCI pumps display a very similar behavior, with only a modest reduction of
the peak value as the pump index increases. This indicates that the accumulated
dispersion is the primary quantity governing the correlation coefficient, while the
spectral separation plays only a secondary role.
Fig. 5.25 reports the average Gaussianization coefficient predicted by the ML model
as a function of the accumulated dispersion before span i, for different interfering
pumps. All curves exhibit a pronounced minimum around Dacc,pre,i = 0, indicating
that the Gaussian assumption underlying the GN model is least accurate when
the signal has accumulated little dispersion before the non-linear interaction. As
|Dacc,pre,i| increases, ρ progressively increases, reflecting the increase in Gaussian-
ity. A slightly different behavior is observed for pump 1, whose Gaussianization
coefficient remains systematically larger than that of the other interfering channels.
This could be related to the related training samples whose probe launch power
was increased. The same behavior is shown from a complementary perspective in
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Figure 5.25: ρ vs Dacc,pre,i
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Figure 5.26: ρ vs pump index

Fig. 5.26, where ρ is reported as a function of the pump index for selected values of
Dacc,pre,i. The coefficient is larger for the closest interfering channels and decreases
as the spectral separation from the CuT increases. For sufficiently distant pumps,
the curves tend to flatten, indicating that the dependence on spectral separation
reaches a plateau. Overall, these results show that the Gaussianization coefficient is
mainly governed by the accumulated dispersion, while the pump index modulates
its value through the spectral separation between the interfering channel and the
CuT. The observations drawn from the previous figures are further confirmed
by the feature importance analysis of the four XGBoost regressors, reported in
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Figure 5.27: Feature importance of the four XGBoost regressors

Fig. 5.27. For both SCI and XCI, the prediction of the correlation coefficient Cij is
primarily driven by accumulated dispersion-related quantities. In the same way,
the Gaussianization coefficient ρ is mainly governed by the accumulated dispersion
before the non-linear interaction, while the spectral separation ∆f becomes the
most relevant feature only for the XCI model. Conversely, quantities related to the
effective length and attenuation exhibit consistently low importance, confirming
that the behavior observed in the previous figures is predominantly determined by
the dispersion evolution.
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Chapter 6

Conclusions

This thesis presented a quality of transmission estimation framework for dispersion-
managed optical links based on the combination of analytical modeling and machine
learning techniques. Starting from a spectrally and spatially disaggregated for-
mulation of non-linear interference, an analytical model accounting for coherent
accumulation and signal Gaussianization was introduced. Since the parameters
governing these effects cannot be derived analytically with sufficient accuracy, a ma-
chine learning approach was developed to estimate them directly from the physical
characteristics of the transmission system. To validate the proposed methodology,
an extensive simulation framework based on the split step Fourier method was
employed. The developed model was evaluated under different transmission scenar-
ios, including both short and ultra long haul links, various dispersion maps, and
different spectral occupancies. In all the considered cases, the proposed approach
showed excellent agreement with the SSFM reference, with final GSNR errors
on the order of 0.1 dB or lower, while retaining the computational efficiency of
analytical QoT models. The analysis of the learned coefficients further showed that
the proposed machine learning models capture physically meaningful relationships
between the transmission parameters and the NLI generation process. In particular,
the predicted correlation coefficients were found to be primarily driven by the
accumulated dispersion evolution along the optical link, while the Gaussianization
coefficients reflected both the progressive signal Gaussianization and the dependence
on the spectral distance between the channel under test and the interfering pumps.
These observations provide additional confidence that the proposed framework
does not merely interpolate the training data, but effectively learns the underlying
physical trends governing NLI accumulation. Although the proposed methodology
has demonstrated excellent performance under the considered scenarios, several
directions remain open for future developments. The current framework could be
extended to different modulation formats, baud rates, and multiband transmission
systems, thus broadening its range of applicability. Furthermore, enlarging the
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training dataset may further improve the estimation accuracy, particularly for far
XCI pumps, where fewer training samples are currently available. Finally, the
proposed approach could be integrated into network optimization and routing
algorithms, enabling fast and accurate QoT estimation for dynamic optical network
management.
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Appendix A
Received signal with β(ω) approximation up to
second order
Proof. We assumed that we can approximate β(ω) to the second order:

β(ω) = β0 + β1 · (ω − ω0) + 1
2β2 · (ω − ω0)2

We write the modulating pulse as the sum of many narrowband contributions:

sT (t) =
N
2Ø

i=− N
2

sTi
(t)ej·i∆ωt (1)

Adding the carrier frequency ω0, we get

ET (t) = ejω0t ·
N
2Ø

i=− N
2

sTi
(t)ej·i∆ωt =

N
2Ø

i=− N
2

sTi
(t)ejωit (2)

with ωi = ω0 + i · ∆ω. Taking the Fourier transform, it is

ET (ω) =
N
2Ø

i=− N
2

sTi
(ω − ωi) (3)

The received signal is then

ER(t) = F−1{ET (ω)e−jβ(ω)z} =
N
2Ø

i=− N
2

F−1{sTi
(ω − ωi)e−jβ(ω)z} (4)

If the sTi
are sufficiently narrow, then we can approximate β(ω) linearly over each

sTi
:

β(ω) ≈ β(ωi) + β1(ωi) · (ω − ωi) (5)
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and so Eq. 4 becomes

ER(t) =
N
2Ø

i=− N
2

F−1{sTi
(ω − ωi)e−jβ(ωi)ze−jβ1(ωi)·(ω−ωi)z} (6)

We can then rewrite Eq. 6 as

ER(t) =
N
2Ø

i=− N
2

F−1{[sTi
(ω)e−jβ(ωi)ze−jβ1(ωi)ωz] ∗ δ(ω − ωi)}

=
N
2Ø

i=− N
2

ejωite−jβ(ωi)z · F−1{sti
(ω)e−jβ1(ωi)ωz}

=
N
2Ø

i=− N
2

ejωite−jβ(ωi)z · sTi
(t − β1(ωi)z) (7)

Finally, Eq. 7 can be rewritten as

ER(t) =
N
2Ø

i=− N
2

sTi
(t − τgi

)ejωi(t−ϕi) (8)

with τgi
= β1(ωi)z and τϕi

= β(ωi)
ωi

z.
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