
REAL-time monitoring and mitigation of nonlinear

effects in optical NETworks (REAL-NET)

Deliverable D2.2

New machine learning based DSP techniques for nonlinearity mitigation

Project details

Project Number 813144 Project Acronym

Project Title New machine learning based DSP techniques for nonlinearity mitigation

Project Website https://real-net.astonphotonics.uk/

Starting date 01/01/2019

Project duration 48

Call (part) identifier H2020-MSCA-ITN-2018

Topic MSCA-ITN-2018 Innovative Training Network

Document details

Title New machine learning based DSP techniques for nonlinearity mitigation

Deliverable number D2.2 Deliverable Rel. number D4

Work Package WP2

Deliverable type public

Description New machine learning based DSP techniques for nonlinearity mitigation

Deliverable due date 31-10-2019

Actual date of submission 08-06-2020

Lead beneficiary ASTON U

Version number V1.0

Status Final

Number of pages: 11

Keywords: Fiber Nonlinearity Mitigation, Nonlinearity Modeling, machine learning Ap-
plication, Neural Network.

Authors: - Mohammad M.Hosseini, Aston University
- Yaroslav Prylepskiy, Aston University
- Sergei K Turitsyn, Aston University
- Antonio Napoli, Infinera, Munich.

Ref. Ares(2020)2958704 - 08/06/2020

https://real-net.astonphotonics.uk/


Document details

Public (PU) X

Confidential, only for members of the consortium (including Commission Services)

Abstract
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Justification of the delay

The WP2 leader Aston University encountered delays in the recruitment process resulting.

Besides, as a result of undertaking visa applications for the ESR1, the delay between appointing the selected candi-
date and his actual start date became really significant. ESR1 has arrived at Aston in the middle of February. At the
beginning, most of his time was dedicated to the detailed acquaintance with the position requirements. From the be-
ginning of the March, ESR1 started to work on the basis for this deliverable, focusing DSP techniques for nonlinearity
mitigation.

Due to all the above, the deliverable D2.2, “New machine learning based DSP techniques for nonlinearity mitigation”
has finally been delayed by 220 days.

This delay has no effect on the overall aims of the project, and we are confident that we will be able to complete the
project efficiently and as planned.



1 Introduction

In the 1960s Charles Kao presented figured out that fibers constructed with very pure glass can transmit light for much
longer distances. Optical communication was born when this crucial discovery, which brought a Noble prize for Kao in
2009, and compact laser technology made transmitting light in long distances possible. Almost ten years was needed
for researchers to improve 20 dB/km loss in fibers in 1970 to nearly 0.2 dB/km loss (near the fundamental limit of
Rayleigh scattering) [1]. At the beginning of optical fiber communication, wavelength division multiplexing was being
used. However, the number of channels was limited due to the lack of proper technologies such as optical amplifiers.
It is because each channel was regenerating with complicated and expensive electronic components. Erbium-Doped
Fiber Amplifier (EDFA) was born in 1986 at Southampton University which covers C-band. From the mid-1990s to the
early 2000s, the capacity of WDM systems increased by 3 dB/year in the result of managing fiber nonlinearities and
optical amplification in C-band [2]. Today a single fiber has a capacity of hundreds of Tb thanks to coherent detection,
digital signal processing (DSP). We will need more capacity in the years ahead. For example, it is predicted every single
fiber must provide 1 Pb/s in 2024. This huge amount of demand cannot be supported even by using C-band and L-
band together (maximum 500 Tb/s). So Space Division Multiplexing (SDM) has been suggested as a proper approach
for capacity increase [3].

As fiber optic cable installation is very expensive, most companies in ICT try to achieve higher capacity based on a
single fiber. Considering this, loads of works have been done to mitigate fiber nonlinearities as the capacity of chan-
nels does not increase proportionally with increasing signal power [4]. In this work, first, we explain what is the origin
of nonlinearities in an optical fiber in terms of mathematics formulation. Then, we provide a comparison between
different nonlinearities because it is important to know which form of nonlinearity is dominant in an optical link.
Finally, we review different methods for combating these issues ranging from DSP techniques to machine learning
approaches.

REAL-NET Consortium 2019-2023 Deliverable D2.2
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2 Optical Fiber Nonlinearity in Communication Systems

In this chapter we are going to present a description of fiber nonlinearity mostly from a recently published book [5].

2.1 Physics concepts

Being precise, the optical fiber channel is a nonlinear medium because its refractive index is dependent on the square
of the electric field,

ne f f = n0 +n2|E(t , z)|2 (2.1)

where n0 and n2 indicate the linear and nonlinear parts of the fiber refractive index respectively. This is known as the
nonlinear optical Kerr effect. After propagation distance of L, lights experience two kinds of phase shift. One of them
is as a result of the linear part of the refractive index and the the other one is because of the n2 term. The total phase
shift is given by

φ= k0n0L+φN L (2.2)

where k0 is free-space wave number and φN L can be expressed by

φ(t , z) = jγ
∫ z

0
|E(t , z ′)|2d z ′ = jγ|E(t ,0)|2Le f f (2.3)

Le f f is defined as effective length and it is equal to 1−eαz

α . Also, γ = k0n2
Ae f f

is fiber nonlinearity coefficient that Ae f f is

effective area. Nonlinear Schrödinger equation and Manakov equation describe the propagatiom of single polariza-
tion signals and dual polarization signals respectively. Take a single polarization light as an example, its propagation
is described by

∂E(t , z)

∂z
=− j

β2

2

∂2E(t , z)

∂t 2 − α

2
E(t , z)+ jγ|E(t , z)|2E(t , z) (2.4)

where E(t , z) is the electric field of the optical signal, and β2 and α are the dispersion and attenuation, respectively.
The last term of this equation is responsible for nonlinear distortion. In WDM systems, the situation is even worse
because different channels affect each other even though they are at different frequencies. So, it is useful to categorize
different nonlinear interference (NLI) as in-band interference and out-of-band interference [6]. Full analysis in real
systems is extremely complicated because all interaction between the main signal and the noise generated by ampli-
fiers (amplified spontaneous emission (ASE)) must be calculated. However, the amplitude of the main signal is much
larger than the noise and the signal-signal interference gives a good approximation of total interference. Let consider
three optical signals traveling in the same optical fiber through the three channels (three different wavelengths). The
total electric field can be written by

E(t , z) = E0(t , z)+E1(t , z)+E2(t , z) (2.5)

Replacing Eq. 2.5 in Eq. 2.4 with ignoring α for understandability, below equation is found:

∂(E0 +E1 +E2)

∂z
=− j

β2

2

∂2(E0 +E1 +E2)

∂t 2 + jγ|E0 +E1 +E2|2(E0 +E1 +E2) (2.6)

Assuming perturbative approach, and E0 as the channel of interest, a decoupled equation is found as follow:

∂E0

∂z
=− j

β2

2

∂2E0

∂t 2 +2 jγ|E0|3E0 +2 jγ(|E1|2 +|E1|2)E0 + jγE1
2E2

∗ (2.7)
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2. Optical Fiber Nonlinearity in Communication Systems 2.2. Modelling

As can be seen from Eq. 2.7, there are three terms contribute in distortion. The first term just depends on the power
of the assumed channel, the second term is depending on the power of two other channels and the last term is a
cross-product between the two interfering channels. These interferences are known as self-phase modulation (SPM),
cross-phase modulation (XPM), and four-wave mixing (FWM), respectively.

2.2 Modelling

In practical cases, the effect of NLI is modelled by additive Gaussian noise (GN) model [7]. If NLI is assumed to be
statistically independent of ASE, the OSNR can bedefined as:

OSN R = Pch

P ASE +PN LI
(2.8)

where Pch is the power of signal at destination, P ASE = Ns (G−1)F hvBn is the dual-polarization noise generated by Ns

number of amplifiers having noise figure F and gain G . Bn is usually considered 12.48 GHz or 0.1 nm at 1550 nm. The
power of NLI can be calculated by integrating its PSD over each band:

PN LI =
∫ Bn /2

−Bn /2
GN LI ( f )d f (2.9)

With assumption of Manakov equation and operation in low-to-moderate interference, after a bunch of calculations,
the PSD of NLI is expressed by

GN LI ( f ) =
∫ (B0− f )/2

−(B0− f )/2

∫ (B0− f )/2

−(B0− f )/2

si n2(2Nsπ
2|β2|Ls f1 f2)

si n2(2π2|β2|Ls f1 f2)

∣∣∣∣1−e−2αLs e j 4π2|β2|Ls f1 f2

2α− j 4π2|β2| f1 f2

∣∣∣∣2

.Gch( f1 + f2 + f )Gch( f1 + f )Gch( f2 + f )d f1d f2

(2.10)

where B0 = Nch4 f is the total bandwidth (4 f is the channel spacing) and Ls is the length of spans. This formula
and its approximations can be used for calculating OSNR in WDM systems. For instance, in [8], the bandwidth is
optimized in the presence of NLI in flex-grid optical networks using the GN model. Also, an optimization problem is
formulated in [9] to allocate resources and guarantee the quality of signal for every channel.More details about the GN
model and some of its specialized closed-form formulations can be found in [10].

2.3 Description of nonlinear effects

SPM is a nonlinear phase variation that happens because the refractive index depends on the intensity of the light.
This results in a frequency chirping, which can interact with dispersion in the fiber and causes pulse broadening. The
more input power, the more the chirping effect [11].

When it comes to multi-channel systems, the refractive index of the optical fiber not only depends on the intensity of
the target channel but it also depends on the intensity of the other channels. This phenomenon is known as XPM. Like
SPM, XPM causes nonlinear phases shifts. The XPM is inversely proportional to channel spacing and also it increases
with the number of subcarriers in super-channels [11].

In contrast, FWM causes energy transfer between channels which is called crosstalk. In other words, power can couple
from one channel to other channels. So, FWM decreases when dispersion increases [11].

REAL-NET Consortium 2019-2023 Deliverable D2.2
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3 Mitigation and Compensation of the Optical Fiber Nonlinearity

3.1 Motivations

Shannon proved that the capacity of a linear channel with additive white Gaussian noise (AWGN) can be obtained by

C = Bl og2(1+ Pave

N0B
) (3.1)

where C is the capacity of the channel, B is the bandwidth, Pave is the average signal power, and N0c is the power
spectral density. As fig. 3.1 shows, the capacity of linear AWGN channels is limited in a constant power. To put it
differently, the capacity of channels is going to be saturated when bandwidth increases.

Figure 3.1: AWGN channel capacity.

Considering the above discussion, the first thing comes to our minds is increasing the launch power instead of in-
creasing the signal bandwidth for having more capacity and consequently having more data rate. But the nonlinearity
interference is another factor that limits the injected power because when we increase the power the total noise we
receive in the receiver increases. So, the OSNR cannot be obtained higher than a specific value without any mitiga-
tion or compensation and the peak value depends on several factors such as the modulation format, and optical fiber
characteristics.

In [12], XPM is introduced as the main source of nonlinearity in WDM systems because SPM effects are deterministic
and can be compensated and also FWM effects are limited in dispersive optical fibers. Fig. 3.2 shows the effects of
XPM on spectral efficiency according to expression 3.2,

CLB = nc Bl og2

(
1+ e

−( I
I0

)2

I

In + (
1−e

−( I
I0

)2)
I

)
(3.2)

Where nc is the number of channels, B is the bandwidth of a single channel and I and In are the intensity of the signal
and the noise, respectively. Also, I0 is calculated by

I0 =
√

BD4λ
2γ2ln(nc /2)Le f f

(3.3)

where D is the dispersion coefficient and 4λ is the channel spacing. The spectral efficiencies shown in Fig. 3.2 are
calculated for B = 40G H z, D = 20ps.nm−1.km−1, 4λ= 1nm, nc = 100, and Le f f ≈ nc

α = 100km

REAL-NET Consortium 2019-2023 Deliverable D2.2
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3. Mitigation and Compensation of the Optical Fiber Nonlinearity 3.2. Techniques

Figure 3.2: Spectral efficiency for a linear channel (dashed line), and nonlinear channels with γ= 1W −1km−1 (upper
curve) and γ= 0.1W −1km−1 (lower curve)[12].

One may ask why we do not use the entire available bandwidth just as a single channel to prevent XPM. The answer
is that electronic devices are bandwidth limited. For instance, the fastest transistors have bandwidths around 1 T H z
while C-band is nearly 4.4 T H z.

In summary, fiber nonlinearities can be deterministic or stochastic. In the following section, we explore some tradi-
tional methods as well as new methods for removing or reducing the effects of the fiber nonlinearity.

3.2 Techniques

Since the advent of coherent detection systems, digital signal processing (DSP) algorithms have been widely used to
overcome fiber impairments and especially nonlinear interference. Some methods have been developed based on
reversing the process that light becomes noisy such as digital backpropagation (DBP), Volterra series based nonlinear
equalizer (VNLE), and phase conjugation (PC). If the receiving signal is free of ASE noise then the distortion generated
by Eq. 2.4 is deterministic and then can be fully compensated by integrating it at the reversed z direction [5] that is
called DBP. However, when DBP is applied for a real system, both the signal and the noise propagate reversely. So, the
signal-noise interaction remains uncompensated. There is a maximum gain in OSNR when DBP is used and this value
increases as the square root of link length [5]. This effect is becoming more critical when it comes to polarization mode
dispersion (PMD) because the optical signals undergo random rotations of the polarization as a result of different
refractive indices for different polarization. A comprehensive survey about these methods and some of the other
existed techniques is presented in [11].

Since the 1990s, machine learning techniques have been received huge attention again owing to increasing comput-
ers’ speed and also easy accessibility to big data produced by the internet. Machine learning algorithms can find
knowledge from data [13]. The improvement of the performance of telecommunication networks by the application
of machine learning-based techniques has became a hot topic research over the past decades in different areas such
as optical monitoring, fault management, and optical transmission. Firstly, we discuss those applications in fiber
nonlinearity mitigation. Fiber nonlinearity compensation with machine learning techniques is receiving extensive at-
tention as a promising solution. Perhaps, the most famous machine learning algorithm is the neural network inspiring
by the function of our brain. These networks consist of many neurons that arranged in several layers to approximate
any function [14] thanks to training algorithms like back-propagating errors [15].

In [16], 10 times BER improvement has been reported in a 84-GBd rate intensity-modulation direct-detection (IM-
DD) links that is beyond the possibility of the linear equalization using a neural network solution. Fig. 3.3 shows the
compares the obtained results with feed forward equalization.

A nonlinear equalizer (NLE) has been implemented in [17] by employing an artificial neural network (ANN) for a co-
herent optical orthogonal frequency-division multiplexing system with 16-QAM and 1000 km link distance at 80 Gb/s.
1 dB and 3 dB improvements in Q-factor have been reported compared to linear equalizer and inverse Volterra-series
transfer function (IVSTF)-based NLE. Another interesting idea is optimizing entire transceiver in a single end to end

REAL-NET Consortium 2019-2023 Deliverable D2.2
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3. Mitigation and Compensation of the Optical Fiber Nonlinearity 3.2. Techniques

Figure 3.3: Experimental BER against optical power at the photodiode input [17].

feed-forward neural network [18]. In this paper, an IM-DD system has been proposed and bit error rates below the
6.7% hard-decision forward error correction (HD-FEC) threshold have been shown for 42 Gb/s and 40 km through
experiments. In the next work of these authors, they suggested a bidirectional deep recurrent neural network (BRNN)
for an end to end optical communication system [19]. Their study shows that the performance of optical IM/DD com-
munications can be significantly improved compared to the feed-forward neural network proposed in their previous
work. That is because IM/DD systems’ performance is limited by dispersion and photodetectors, which they obey
square-law conversion. These two factors bring memory for such systems that can be mitigated by the BRNN. Fig. 3.4
depicts the schematic of the implementation of this approach.

Figure 3.4: Diagram of the IM/DD optical fiber communication system realized as a bidirectional deep recurrent
neural network[19].

Another efficient approach is designing neural networks with the help of existing traditional methods. For instance,
in [20], A neural network is proposed using DBP which is calld "learned DBP". It is shown that not only this method
reduces the complexity of the DBP but also outperforms it. The obtained result is given in Fig. 3.5.

REAL-NET Consortium 2019-2023 Deliverable D2.2
6



3. Mitigation and Compensation of the Optical Fiber Nonlinearity 3.2. Techniques

Figure 3.5: Comparison between DBP and learned DBP in 16-QAM transmission and 20 Gbaud with 3200 km length
[20].

Shaoliang Zhang et al presented a neural network compensator that does not need to know parameters such as dis-
persion, fiber nonlinearity, and fiber length [21]. This network models nonlinearities and uses this for pre-distorting
the symbols at transmitters. Fig. 3.6 compares the result of using this method and without using it.

Figure 3.6: Symbols pattern at (a)transmitter with neural network pre-distortion and (b)their recovery in the receiver.
(c) shows the recovery without any compensation [21].

In addition to neural networks, several other machine learning methods have been employed such as support vector
machine (SVM) [22–24], k-nearest neighbors (KNN) [25] and K-means clustering [26]. In [22], an M-ary SVM is used
to create nonlinear decision boundaries to mitigate fiber nonlinearities in a coherent optical link. Fig. 3.7 shows how
much this approach outperforms amplitude-dependent phase rotation (PR) and maximum likelihood detection with
back rotation (ML-BR).

In [23], it has been shown that the SVM can reduce nonlinearity penalty by 1 dB compared to the ANN approach in 40
Gb/s CO-OFDM at 400 km of transmission. KNN has been introduced as a proper tool for combating non-Gaussian
symmetric noise, like laser phase noise and nonlinear phase noise in the zero-dispersion link (ZDL), dispersion-
managed link (DML) in [25]. In [26], k-means-clustering-based fiber nonlinearity equalization techniques are pro-
posed as an unsupervised machine learning method and some improvement is reported in a low complexity ap-
proach.

As mentioned before, the application of machine learning techniques cannot be summarized only in nonlinearity
compensation. These techniques have been applied in optical performance monitoring, proactive fault detection,
software-defined networking, quality of transmission estimation, and physical layer design areas. Some comprehen-
sive surveys can be found in [27–30]. In the next, we concisely review some of these applications.

REAL-NET Consortium 2019-2023 Deliverable D2.2
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3. Mitigation and Compensation of the Optical Fiber Nonlinearity 3.2. Techniques

Figure 3.7: Q-factor versus injected power for 16-QAM modulation and 1600 km link distance [22].

Wang at al proposed an eye diagram analysis using a convolution neural network (CNN), which is used for extracting
data from images, to estimate the OSNR and modulation format [31]. They reported a 100% accuracy for the modu-
lation format and OSNR estimation over 15-25 dB. As OSNR is a continuous quantity, it must be divided into several
periods to be treated as a classification problem. In this paper, the 15-25 dB period of OSNR has been categorized
in 16 classes (1 dB each). Selection of pump powers and wavelengths in Raman amplifiers is crucial because it can
determine the gain profile. In [32], this problem is addressed with a multi-layer neural network. A sampling process
has been done over C band to generate inputs of the neural network and the outputs are the powers and wavelengths
of the two pumps. Fig. 3.8 illustrated the concept of this approach.

Figure 3.8: (a) A single span Raman amplifier employing backward pumping with two pumps with the gain profile
target (b) proposed multi-layer neural network (c) results for the prediction [32].

REAL-NET Consortium 2019-2023 Deliverable D2.2
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4 Conclusions

In conclusion, we studied the origin of fiber nonlinearity i.e the Kerr effect. The first part of the study included an
explanation about the Gaussian noise model for describing these kinds of fiber nonlinearity and a comparison of
their features in WDM systems. The next step was a relatively comprehensive review of mitigation and compensation
of those effects spanning from traditional DBP to deep learning techniques. The benefits of these methods were
discussed in different scenarios based on some notable works in the literature. Especially, neural network solutions
were explored with more details as the most promising solutions.

Moreover, this investigation showed that machine learning techniques can be appropriate alternateives for many
traditional techniques not only in fiber nonlinearity management but also in other areas such as optical monitoring,
fault management and quality of transmission estimation, and physical layer design areas which were partly explained
using some examples in the literature.
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