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Abstract
Communication systems with the information encoded in the amplitude
of the carrier and a receiver based on direct detection are called intensitymodulated and direct detected (IM-DD) systems. For IM-DD systems,
the chromatic dispersion (CD) is one of the main impairments operating
with single-mode fiber at the frequency region of 1.55 µm. The reason is
that the interaction of intensity-modulated signals and the square-law
detection of the photodetectors (PD) create nulls in the received signal’s
spectrum — severely impacting the system performance. These nulls are
known as the power fading effect.
This thesis contributes to the state-of-the-art equalization techniques
for IM-DD systems with digital-only, optical-only, and optoelectronic
equalizers. For digital-only equalizers, we show original contributions
by proposing and studying reservoir computing for IM-DD systems. We
point out the advantage in the training process of the algorithm, which
can be beneficial for dynamic systems, such as optical communications.
Numerical analyses of the reservoir’s memory capacity and equalization
performance are given and compared to time-delay neural networks. For
optical-only equalization, we show the use of multiple Mach–Zehnder
delay interferometer (MZDI) for mitigating the CD in the optical domain,
which avoids the power fading effect. The original contribution is training
the time delay and the phase shift components that mitigates the CD
through an adaptive algorithm that tries to reduce the loss function of the
system. For the optoelectronic system, we have proposed two directions.
The first is using the same structure used for optical-only equalization
for CD mitigation, together with nonlinear equalizers — the original
contribution is in the joint training of time delay and phase shift of the
optical structure and the nonlinear equalizer. The other direction is
also an original contribution where we propose that the optical signal is
divided into smaller subbands (through optical filters), and an individual
PD detects each. A nonlinear equalizer is then used to reconstruct the
signal and recover the information.
v

Resumé på Dansk
Kommunikationssystemer med data påtrykt bærebølgens amplitude kombineret
med en modtager baseret på direkte detektion, kaldes intensitets modulerede og
direkte detekterede (IM-DD) systemer. I IM-DD-systemer er det den kromatiske
dispersion (CD) som introducerer nogle af de mest alvorlige forringelser i
systemer der benytter single-mode fibre i frekvensområdet omkring 1,55 µm.
Dette skyldes at vekselvirkningen mellem intensitetsmodulerede signaler og det
kvadrerede detekterede signal fra fotodetektorerne (PD) skaber nulpunkter i
det modtagne signals spektrum - hvilket påvirker systemets ydeevne kraftigt.
Disse nulpunkter er kendt som power fading effekten.
Denne afhandling præsenterer state-of-the-art korrektionsteknikker til IMDD-systemer baseret på henholdsvis udelukkende digitale, udelukkende optiske samt optoelektroniske equalizers. For udelukkende digitale equalizers
er det originale bidrag at der foreslås samt studeres reservoir-computing til
IM-DD-systemer. Fordelen ved algoritmens træningsproces bliver fremhævet
idet den kan være favorable i dynamiske systemer, såsom optisk kommunikation.
Numeriske analyser af reservoirets hukommelseskapacitet samt ydeevenen af
korrektionsteknikken præsenteres og sammenlignes med tidsforsinkede neurale
netværk. Udelukkende optisk korrektion demonstres ved brugen af multiple
Mach-Zehnder forsinkelsesinterferometre (MZDI) der afbøder CD i det optiske
domæne, hvorved power fading effekten undgås. Det originale bidrag består
i træning af tidsforsinkelsen og faseskiftkomponenterne, der afbøder CD via
en adaptiv algoritme, der forsøger at reducere systemets tab. For det optoelektroniske system foreslås to metoder. Den første bruger den samme struktur,
der blev brugt ved udelukkende optisk udligning af CD, dette kombineret med
ikke-lineære equalizers. Det originale bidrag består i den samlede træning af
henholdsvis tidsforsinkelse og faseskift af den optiske implementering sammen
med den ikke-lineære equalizer. Den anden originale metode der foreslås,
opdeler det optiske signal i mindre underbånd (ved hjælp af optiske filtre) kombineret med en individuel PD for hvert bånd. En ikke-lineær equalizer bruges
derefter til at rekonstruere signalet samt gendanne informationen.
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1
Introduction
Fiber optical communications is a field that emerged approximately 50
years ago. It was the alliance of two new technologies that resonate with
each other, together with the dream of communicating at the speed of
light. A stable GaAs semiconductor laser at room temperature and a
“low-loss” multimode fiber were invented. The low-loss optical fiber is
highlighted because the recently developed optical fiber had an attenuation of about 20 dB/km — 100 times the value of the single mode
fiber (SMF) heavily deployed in today’s optical fiber communications. At
that time, the technology of the best glasses had losses of approximately
1000 dB/km of penalty, so the 20 dB/km (and a few years later reduced
to 4 dB/km) was a fantastic accomplishment. Kuen Charles Kao won a
share of the Nobel Prize in Physics in 2009 for the proposal of the use of
optical fibers as a universal medium for communication, together with
the calculations on how it could be done [1, 2].
The first generation of optical fiber communications systems became
available commercially in 1980. They operated at a bit rate of 45 Mb/s
and allowed repeater spacings of up to 10 km [3]. The technology used
for the propagation of optical signal was through a multimode fiber [2].
On the one hand, the losses were low in the multimode fibers. On the
other hand, they suffered from modal dispersion, where each mode has
a different propagation constant and consequently a different speed; this
means that different copies of the same signal are delivered with various
delays, like an echo, and may severely corrupt the information.
The second generation of optical fiber communications came with the
replacement of the multimode fiber by the SMF in the early 1980s. The
use of SMF reduced the effects of modal dispersion, which allowed an
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increase in the transmission rate system. The system was then operated
at a bit rate of 1.7 Gb/s and a repeater spacing of up to 10 km. Unlike
the first generation, where the laser operated at 0.8 µm, the second
was operated at the 1.3 µm region. This new window had optical fiber
attenuation of 0.5 dB/km [3], which also helped to increase the product
of system rate and fiber distance transmission.
The third-generation systems appeared commercially in 1990 with
the laser operating at 1.55 µm, which allowed the optical signal to travel
in the lowest attenuation region of the optical fiber (0.2 dB/km). This
generation could operate at 2.5 Gb/s and with repeater spacings of up to
60-70 km [3].
A disruption occurred in 1985 with the invention of the erbium-doped
fiber amplifier (EDFA). Before, with the repeaters, the optical signal
needed to be converted back to the electrical domain to recover the information and then transmitted once more through the fiber —basically,
a periodic re-transmission. After the invention of the EDFA, the signal
could now be amplified directly in the optical field, without returning
to the electrical field. This invention, along with the use of wavelengthdivision multiplexing (WDM) (a technique that allows a parallel and
orthogonal transmission of signals through the same media), set new
limits and created the fourth generation of optical communications systems. In 1991, it was demonstrated an impressive transmission of over
21,000 km at 2.5 Gb/s and over 14,300 km at 5 Gb/s, forming the basis
for a submarine transmission system [3].
These first four generations of optical fiber communications were
deployed with the intensity-modulated and direct detected (IM-DD)
system as a way of encoding and decoding the information. In this case,
the data is recovered by a simple decision that depends on the electric
signal’s amplitude (is it one or zero?). The fifth generation of the system
was focused on improving the WDM efficiency. This improvement was
accomplished by reviving the coherent detection scheme studied in the
late 1980s but not employed commercially as the invention of EDFA
became available — which made the IM-DD system still more attractive
compared to the coherent system in terms of system rate/transmission
reach and cost. Coherent receivers detect the amplitude and phase of an
optical signal with the help of an additional laser. With this approach,
the receiver sensitivity can be improved by up to 20 dB compared with
that of IM-DD systems [4].
2
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Moreover, the phase can be used to encode the information, not only
in the amplitude as in the IM-DD systems — rapidly improving the transmission rates. However, these improvements come with more expensive
components, which can be justified for some applications, as a longreach system (verified in the transceivers commercially available today).
Conventionally, long-reach (or long-haul) systems are optical fiber communication systems where the signal is transmitted over several 100’s
and 1000’s of km. On the other side, short-reach (or short-haul) optical
communication systems are defined for distances less than ≈ 100 km [3,
5, 6].
Unlike long-haul systems where the energy and complexity can be
spread over a large number of users, for short-reach communication,
the transmission rate and reach need to be increased by focusing on
low-complexity solutions, in which IM-DD systems are still attractive.
Coherent detection is also being discussed for short-reach communication,
with the introduction of the module 400ZR, released early in 2020. In
the near future, a search for the best trade-of between performance and
complexity/cost for a target application between coherent and IM-DD
system will happen.
Coherent systems are mainly limited by amplification noise and nonlinear effects, as signal processing algorithms can mitigate the linear
impairments at the receiver side thanks to the entire optical field being
available after detection. However, in the case of IM-DD system operating at the lowest fiber attenuation region at 1.55 µm, the chromatic
dispersion (CD) — that can be easily mitigated by signal processing in
the coherent receiver — is one of the major obstacles to extending the
product transmission reach and rate. The reason is that the conventional
direct detection (DD) receiver only detects amplitude, not phase, which
would be necessary information for mitigating the CD.
CD effect is similar to the modal dispersion introduced earlier, but
instead of different modes propagating at different speeds, this effect
happens for the different frequency that composes the signal (or information). If this effect is not mitigated, the transmission reach of the
system is severely compromised because one information symbol starts
to interfere with its neighbors. This problem is called intersymbol interference (ISI). Several techniques are available for compensating the ISI
induced by CD, by acting directly in the optical domain [7, 8], in the
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digital/electric domain [9–17] or by considering a joint optoelectronic
approach [18–22, J1–J3].
Optical dispersion compensation techniques rely mainly on negative
dispersion media, such as dispersion-compensating fibers (DCF)s or fiber
Bragg gratings (FBG)s. These devices can compensate fully for the accumulated dispersion. However, these improvements come at the expense
of latency (mainly DCFs) and, more importantly, of significant power
loss. As power loss directly translates into lower received signal quality,
in-line optical dispersion compensation is typically avoided in short-reach
systems. Moving into the digital domain, the CD requires the compensation to be a nonlinear equalizer due to its transformation through the
square-law detection of a photodetectors (PD) — which means losing
the signal’s phase information. The proposed methods, therefore, rely
on rather complex approaches such as maximum likelihood sequence
estimation (MLSE) [9], Volterra equalization [14], fully-fledged feedforward neural network (FNN)s [12, 13] and recurrent neural network
(RNN)s [17]. Promising results have been shown by applying these methods. However, the improvements in reach are relatively small to justify
the overall complexity of training FNNs and RNNs, as they conventionally
require training the entire network through the backpropagation algorithm. The backpropagation algorithm is a gradient-descent algorithm
with a loss function that guides the network to minimum loss based
on examples — known signals in the receiver without any impairment.
In chapter 3, we cover an overview of the state-of-the-art equalization
techniques for IM-DD system, and the MLSE, Volterra, FNNs, RNNs and
many others techniques are discussed.
Another challenge of communication systems is that practical channels
are not static because of physical drifts (e.g., temperature fluctuations),
requiring periodic retraining of the equalizers. Therefore, it is desirable
to develop schemes where the training stage can be performed faster
— as the training needs to be finished before the statistical variations
of the channels changes. We may achieve this efficient training by
moving to hybrid optoelectronic approaches, which leverage on sharing
the complexity between optical and electrical domain, at the expense
of some extra optical power loss, compared to using only a PD in the
front-end of the optical receiver, as we have shown in [J1–J3]. In these
works, we have proposed the use of an optical pre-processing stage,
which consists of filters, together with FNN and reservoir computing (RC)
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as equalizers in the digital domain. RC is a machine learning paradigm
that allows avoiding training some parts of the neural network — which
simplifies the training stage. In chapter 4 we review the concepts of the
FNN and RC.
The RC was proposed recently in the early 2000s [23, 24] and its use
for optical communications proposed in 2018 [18]. Considering that it is
a recent algorithm for optical communications, a brief introduction of
the state-of-the-art for RC is given as follows.
The authors in [18] were one of the first to introduce the implementation of a photonic integrated RC for equalization of an IM-DD channel.
Not only the photonic RC has been demonstrated in optical communications, but also in many different fields due to the strong potential of
integration [18–22, 25, 26]. Some of the applications on photonic RC
are the spoken digit classification [27, 28], image classification [29], and
nonlinear system prediction [25, 30], with impressive and promising
demonstrations being reported. The very first approach of optoelectronic
RC was proposed in [27]. The authors showed simulation results for a
semiconductor optical amplifier (SOA)-based neuron. Later, in [31], experimental implementation with passive nodes is provided and compared
with numerical results with SOA-based neuron and sigmoid functions,
showing similar performance for spoken digit classification. A significant
effort has also been dedicated to mimic typical sigmoid nonlinear functions using photonics circuits, e.g., using SOAs [32] and quantum-dot
lasers [33]. The authors in [34–36] have compiled a comprehensive
overview of the most significant contributions.
Regardless of the fast progress experienced by this new field, a systematic analysis of the impact of the reservoir properties on the performance
for a specific task, e.g., equalization efficacy, was still missing. Additionally, fully optoelectronic implementations are still strongly affected by the
system loss (e.g., approx. 5 dB in [21], the equivalent of 10 km of additional transmission), which significantly degrade the enhancement in the
signal quality by decreasing the link power budget. In the digital side of
RC, electronic implementations of RC for satellite communications have
already been shown to provide complexity advantages over standard
equalization techniques, e.g., Volterra equalization, with negligible loss
of performance [37].
In summary, considering the potential of IM-DD systems for shortreach communications, the nonlinear impairment due to the loss of the
5

phase signal in the receiver and the strong potential of RC for integration,
we have been studying and demonstrating the impact of the digital
implementation of RC in the optoelectronic receiver for IM-DD systems.
This thesis will summarize our findings. In the next section, we show the
thesis organization.

1.1 Organization of the thesis
This thesis is based on the material of four conference papers [C1–C4]
and three journal papers [J1–J3].
Chapter 2 provides a brief theoretical foundation for the basics of
short-reach communication based on IM-DD systems necessary for the
remainder of the thesis. This chapter also describes the problem that
arises after an intensity-modulated signal propagates over fiber with CD
and is directly detected — notches in the received signal spectrum.
Chapter 3 is an overview of the state-of-the-art for equalization techniques on IM-DD systems.
Chapter 4 describes receiver-side digital signal processing (DSP)
blocks based on machine learning techniques for IM-DD systems. FNN
and RC are analyzed numerically to increase the transmission distance
of a 32 GBd on-off keying (OOK) signal. I developed all the numerical
analyses and algorithms discussed in this chapter.
Chapter 5 goes into an alternative direction by tackling the problem
stated in Chapter 2 directly on the optical domain - before the detection. The spectral decomposition and composition techniques based on
mach–zehnder delay interferometer (MZDI) and its use for mitigating
the CD are introduced, and numerical results are presented. Also, in
this chapter, we have used the numerical simulations and algorithms
developed by me throughout the Ph.D.
Chapter 6 combines elements of the optical field domain equalizer
discussed in chapter 5 and the neural network equalizer acting on the
PD’s current present in Chapter 4. Numerical and experimental results
are shown as proof of concept, and a numerical comparison with a
subcarrier system is also provided. Except for the experimental setup,
which I had the help of R. Dischler and H. Bülow, all the analyzes and
algorithms was also developed by me.
Finally, Chapter 7 concludes this thesis and proposes ideas for future
works.
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2
Intensity-modulated and direct
detected communication systems
Communication systems with the information encoded in the amplitude
of the carrier and a receiver based on direct detection (DD) are called
intensity-modulated and direct detected (IM-DD) systems. This kind of
system has been used since the field of optical communications systems
emerged in the 1970s. The main reason is the simplicity in terms of
design and electronic components. Moreover, the system has a high
tolerance over the nonlinearities when a two-level signal modulation
scheme is used, either coming from the electronic components or the
optical channel itself [5].
Over the years, the desire/necessity to increase system rates and
the distance between repeaters (and later the amplifiers) pushed the
evolution of the electric/optical components. We have moved from using
multimode fiber in the first generation of optical communications systems
to single mode fiber (SMF), avoiding the modal dispersion. We have
also pursued the frequency window with the lowest loss in the optical
fiber by developing and using components in the frequency of 1.55 µm,
where also efficient optical amplifiers, i.e., erbium-doped fiber amplifier
(EDFA), are available. However, the ever-increasing system rate and the
new technologies also bring new challenges.
For IM-DD systems, the chromatic dispersion (CD) is one of the main
impairments of the systems operating with SMF at the 1.55 µm. The
reason is the use of intensity modulation (IM) signals, together with
the square-law detection of the photodetectors (PD). In this chapter, we
explain the CD effect, describe the IM-DD system, and discuss the impact
of the square-law detection for high symbol rate transmissions.
7

2.1 Chromatic dispersion
CD is the name given to the phenomenon in which different spectral
components of the signal travel at different speeds in the optical fiber.
This effect in practical terms for optical communications means that if
a sequence of pulses is transmitted through the optical fiber, each pulse
may widen in such a way that it interferes with its neighbors at a given
moment. This problem is called intersymbol interference (ISI), and it
shortens the effective transmission reach of the system, thus requiring
the need for regeneration or dispersion compensation.
CD rises mainly for two reasons. The first is the material used in the
manufacturing of optical fibers, silica, which has a frequency-dependent
refractive index. This type of effect is known as material dispersion [3].
The second is that the light propagates through the core and partially
through the fiber’s cladding, where the signal travels faster than in the
core, causing dispersion. This effect is called waveguide dispersion [38].
Eq. 2.1 shows the transfer function of CD in the frequency domain for
propagation over a distance z [3].
HCD (z, ω) = e−j

Dz λ2 2
·
ω
2 2πc

,

(2.1)

where D is the CD parameter in ps/nm/km, λ is the wavelength of the
carrier, ω is the angular frequency of the signal, and c the speed of light.
Considering the SMF, the parameter D, around λ = 1550 nm (193.4 THz),
is D = 16.4 ps/nm/km.
The CD is also commonly described in terms of the propagation constant (β2 ), as in Eq. 2.2.
1

HCD (z, ω) = ej 2 β2 ω

2z

(2.2)

The conversion from the dispersion parameter and the propagation
constant can be calculated according to Eq. 2.3.
D=−

2π · c
· β2
λ2s

(2.3)

As the CD applies different delays for each frequency of the signal,
losing the phase information in the DD receiver makes the compensation
of CD significant challenge. The consequences are explored in the next
section. Moreover, it is worth highlighting that the CD effect is propor-
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tional to the square of the spectral width of the modulated carrier, which
means that the higher the symbol rate, the higher is the CD effect.

2.2 Power fading effect
Fig. 2.1 shows the short-reach communication system that we have
investigated in the thesis. The numerical and experimental analyses are
made considering a 32 GBd on-off keying (OOK) signal that is digitally
generated and shaped with a root-raised cosine (RRC) with roll-off 0.1.
The pulse shaping operation is possible by assuming the use of a digital-toanalog converter (DAC), which is not modeled in the numerical analyses
but used in the experimental setup. The reason is to focus the numerical
analyses solely on the impact of CD and the DD receiver. After the signal
is created, it is used to modulate the laser through the Mach-Zehnder
modulator (MZM). For chapters 4 and 5, we consider that the MZM is
assumed ideal to isolated the effects of CD. However, in chapter 6, after
the experimental analyses, we included a sinusoid model of the MZM in
the numerical analyses [39].
After modulation, the signals go through the optical channel. The
channel is modeled only with CD. The optical amplifier in the system is
modeled as a source of additive white Gaussian noise (AWGN), which we
use to set the optical signal-to-noise ratio (OSNR) of the system. After the
amplifier, the signal goes to the receiver, which is composed of the PD and
digital signal processing (DSP). Similar to the DAC, the analog-to-digital
converter (ADC) is also only considered in the experimental analyses.
The setup described here is also considered in many state-of-the-art
publications, which are discussed in Chapter 3 [12, 14, 40–45].
Fig. 2.1 shows the IM-DD system block diagram for our numerical
and experimental analyses. It is also worth mentioning that different
receivers are tested in the thesis, and they will be introduced when
appropriate.
As we have mentioned, the CD together with square-law detection of
the PD is one of the critical impairments of the IM-DD system operating
at a frequency region around 1.55 µm. The reason is the power fading
effect. Assuming that the transmitter field is intensity-modulated by a
modulation current (or voltage), which is possible by adding a constant
value to the transmitted signal, the complex envelope of the transmitted
signal can be written as Eq. 2.4 [5, 42].
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Fig. 2.1: IMDD system used throughout the thesis. PS: Pulse
shaping; DAC: Digital-to-analog converter; MZM:Mach-Zehnder
modulator; AWGN: Additive white Gaussian noise; ADC: Analogto-digital converter; DSP: digital signal processing

s(t) = s̃(t) + sdc

(2.4)

where s̃(t) is the zero-mean information signal and sdc is the average
value added to the signal. The MZM nonlinearities are neglected for the
sake of simplicity.
The received signal y(t), before detection, can be calculated by the
convolution of the signal s(t) with the channel hCD (t) (described by the
inverse of the Fourier transform of Eq. 2.1), as shown in Eq. 2.5.
y(t) = s(t) ⊗ hCD (t)

(2.5)

After detection, the PD’s current is described by Eq. 2.6.
y(t) = |s(t) ⊗ hCD (t)|2 = |(s̃(t) + sdc ) ⊗ hCD (t)|2

(2.6)

It can be shown that Eq. 2.6 can be re-written as Eq. 2.7 [5, 42].
2
i(t) = ydc
+ |s̃(t) ∗ hc (t)|2 + 2ydc s̃(t) ∗ F −1 {Re {HCD (ω)}}

(2.7)

where ydc = sdc ⊗ hCD (t) and the F −1 (·) is the inverse Fourier transform.
Eq. 2.7 describes how the current in the PD changes overtime. It is
defined with three different terms. The first term is the average current
in the PD’s output — and it does not contain information. The second
term is a nonlinear interference called signal-signal beat interference
(SSBI). Finally, the third term, highlighted in the equation, is called the
power fading effect. The reason for the name can be easily seen in the
frequency domain, as described by Eq. 2.8.
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Fig. 2.2: Power fading effect. The higher the transmission distance,
the higher the number of zeros in frequency inside the signal.




F 2ydc s̃(t) ∗ F −1 {Re {HCD (ω)}} =




2ydc S̃(ω) · Re {HCD (ω)} =




2ydc S̃(ω) · cos 1/2β2 zω 2

(2.8)



The real part of the CD is defined as cos 1/2β2 zω 2 in the frequency
domain. Therefore, for all angular frequencies defined as ωo =
p
± π(1 + 2k)/ (β2 z), ∀k = 0, 1, 2, 3, . . ., there will be a null in the spectrum. Fig. 2.2 shows the power fading effect in the frequency domain,
for a fiber transmission distances of 20 km and 80 km, considering
β2 = −20.91 ps2 /km (or D = 16.4 ps/nm/km ) around λ = 1550 nm
(193.4 THz). A 32 GBd OOK signal with RRC as pulse shaping (rolloff=0.1) is showed as reference. Notice that the higher the transmission
distance, the higher the number of null inside the signal’s bandwidth.
In the IM-DD system used in this thesis, the effect of SSBI has a small
impact, which is valid for IM-DD systems as described by Fig. 2.1, where
the power of the carrier can be set sufficiently high. However, this might
affect the OSNR of the system as detailed in [42].
It is worth highlighting that the power fading effect only occurs in
the presence of CD. Therefore, using optical dispersion compensation,
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such as dispersion-compensating fibers (DCF)s or fiber Bragg gratings
(FBG)s, can avoid the power fading effect. However, these improvements
come at the expense of latency (mainly DCFs) and, more importantly, of
significant power loss.
Alternatively to optical mitigation techniques, using the O-band
(1.31 µm) for SMF transmissions, where the CD can almost be neglected,
is another method to avoid the power fading effect. Nonetheless, operation in the O-band suffers higher fiber losses.
Another possible way to avoid the power fading effect is by using a
single side-band (SSB)’ signal transmission. We refer to SSB’ signal the
transmissions where a strong CW carrier is present on the side of the
signal’s spectrum. Moving the carrier’s position to the side removes the
Hermitian symmetry of the real-valued signal in the transmitter. Therefore, avoiding the spectral notches in the electrical signal. A detailed
derivation of the equations describing a SSB’ signal transmission can be
found [5].
In the next chapter, we review some of the state-of-the-art equalization
methods for IM-DD transmissions at 1.55 µm using SMF.
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3
State-of-the-Art for IM-DD system
In the previous chapter, we have discussed the intensity-modulated and
direct detected (IM-DD) systems with an overview of the impairments
of a transmission considering a carrier frequency at 1.55 µm. As we
have seen, the interaction of chromatic dispersion (CD) and the squarelaw detection of the photodetectors (PD) creates nulls inside the signals’
spectrum. These nulls show that some of the signal’s information was lost,
impacting the overall transmission system. The use of signal processing
algorithms can be applied to help mitigate the fading. In this chapter, we
will be discussing state-of-the-art solutions in the direction of improving
IM-DD system.

3.1 Digital signal processing for IM-DD system
One of the first adaptive-filtering algorithms for solving problems
in communication channel equalization was the feedforward equalizer
(FFE) trained with least mean square (LMS) developed in the 1960s by
Widrow and Hoff [46]. Such an algorithm is computationally efficient
(algorithm’s complexity is linear concerning adjustable parameters), simple to code, and robust [47]. Therefore, researchers have been trying to
use it for all kinds of dynamic systems.
The power fading effect is a nonlinear impairment, which by definition
can not be recovered by using linear equalizers such as the FFE. Therefore,
trying to use the FFE in such systems causes the enhancement of in-band
noise in the high-frequency region as it tries to recover the information.
Some alternative solutions to overcome the enhancement noise are the
use of FFE, together with the maximum likelihood sequence estimation
(MLSE). The MLSE is an algorithm that selects the most likely path
13

(sequence) corresponding to the received signal over some interval. The
problem is that the longer the sequence, the higher the requirements
of memory to keep all probability density functions of each possible
sequence [9, 10].
Using the FFE with MLSE, the authors in [48] have shown 90 GBd
pulse amplitude modulation 4-level (PAM4) signal over 2 km of single
mode fiber (SMF) (considering a 20% soft-defined forward error correction (FEC) threshold of 2.7 × 10−2 ) in a similar setup as Fig. 2.1 (Chapter 2). The difference in the setup was the use of the transimpedance
amplifier (TIA), instead of the erbium-doped fiber amplifier (EDFA) for
signal amplification. In [41] the authors used an additional algorithm
between the FFE and MLSE to mitigate the enhancement noise effect
from the FFE algorithm. The additional algorithm is a post-filter, and it
goes in the direction of reducing the complexity of the overall receiver.
Using a similar IM-DD setup as in Fig. 2.1 (with EDFA), they have shown
25 GBd PAM4 transmission over 20 km fiber transmission (considering
a FEC threshold of 3 × 10−3 ). In [40], the authors proposed the use of
interference cancellation algorithm, instead of MLSE, also in search of a
receiver with reduced complexity. They have shown 50 GBd PAM4 transmission over 10 km fiber transmission (considering a 20% soft-defined
FEC threshold of 2.7 × 10−2 ) for a similar setup as the previous work.
Alternative to linear equalization and MLSE, researchers have also
been investigating the use of nonlinear equalizers, such as Volterra filters
and decision feedback equalizer (DFE). Volterra filters not only consider
the linear combination of neighbor’s symbols as traditional FFE algorithm
but also higher-order combinations of the signal. Because of these combinations, the algorithm can be complex to implement. Therefore, most
of the research is in the direction of reducing its complexity. Note that
Volterra is also a feedforward equalizer, but we reserve the name FFE
for the traditional linear structured trained with LMS. The DFE filter is a
filter that uses the feedback of decided symbols to produce an estimate
of the channel output. Different from the FFE filter, the DFE contains
an estimate of the impulse response of the channel (not the inverse of
the channel as the FFE). This process avoids the enhancement noise for
the severely attenuated frequency, as in the power fading effect. The
DFE is also typically trained with LMS. In [43] the authors proposed
simplifications in the Volterra algorithm to reduce its complexity. In a
IM-DD setup considering the Mach-Zehnder modulator (MZM), EDFA,
14
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and TIA, they have shown that the Volterra algorithm with the DFE could
propagate 20 GBd PAM4 over 25 km SMF (considering a FEC threshold of
3 × 10−3 ). In [49] the authors experimentally demonstrated transmission
of 28 GBd PAM4 signal over a 26.4 km of SMF using the MLSE, and
13.1 km of SMF with DFE (considering a FEC threshold of 3 × 10−3 ). The
setup for this experiment is similar to the one in Fig. 2.1, but with TIA,
instead of the EDFA for signal amplification.
Another option of a nonlinear equalizer is the equalizer based on
the neural network (NN). In [12] the authors have compared the FFE
algorithm with a time-delay neural network (TDNN). The TDNN is explained in chapter 4. They have experimentally evaluated a 32 GBd
pulse amplitude modulation 8-level (PAM8) signal over 4 km of SMF
(considering a 7% hard-defined FEC threshold of 3.8 × 10−3 ). The setup
used in the experiment was similar to Fig. 2.1. However, they have
used a directly modulated laser (DML) instead of external modulation.
The authors showed similar performance between the TDNN and the
FFE when enough number of taps is considered for the linear equalizer.
In [13] the authors have compared the FFE with a structure composed by
the FFE, followed by a TDNN. Here, they have demonstrated that using
both algorithm is possible to have a 84 GBd PAM4 signal over 1.5 km
SMF (considering a 7% hard-defined FEC threshold of 3.8 × 10−3 ).
As we can see, many algorithms have already been proposed and validated in the IM-DD system. As the transmission rates increase, it is clear
that the transmission reach decreases. The proportions are not fixed as it
depends on the impairments present in the IM-DD system, modulation
formats, and algorithms for equalization. However, considering that the
p
frequency nulls occurs as in ωo = ± π(1 + 2k)/ (β2 z), ∀k = 0, 1, 2, 3, . . .
(defined in the previous chapter), it is possible to verify that most of the
state-of-the-art showed here has only 2 nulls in frequency (considering
the positive and negative symmetrical frequencies) inside the signal’s
bandwidth. For example, in the first paper discussed in this subsection,
the 90 GBd signal over 2 km shows a null frequency around 43 GHz. The
authors have used the root-raised cosine (RRC) as pulse shape, which
means that the null is close to the signal’s edge. Similar analyses can be
done for the others.
In the following subsection, we will discuss some methods that try to
avoid the power fading effect.

3.1 Digital signal processing for IM-DD system
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3.1.1 Avoiding the power fading effect
The idea of avoiding the power fading effect is acting before the signal
impaired by CD is detected in the PD. In the previous chapter, we have
already seen a few ways of doing it by optical mitigation, moving the
transmission to the O-band, and removing the Hermitian symmetry of
the transmitted signal with a single side-band (SSB) transmission. Here,
we show some other algorithms that can be used in the transmitter to
reduce the power fading effect.
3.1.1.1 Pre-distortion
The authors in [14] have demonstrated that the use of Volterra in the
transmitter can increase the tolerance of CD by 70% compared to receiverside Volterra. A 56 GBd PAM4 signal was experimentally considered in the
same setup as we have shown before in Fig. 2.1. However, instead of the
optical fiber, a tunable dispersion-compensating module was considered
for fine control of CD.
3.1.1.2 Autoencoder
The authors in [50] proposed an end-to-end deep learning algorithm
for IM-DD system. The idea is to replace all conventional digital signal
processing (DSP) blocks in the transmitter and receiver by feedforward
neural network (FNN)s on both sides. The topology is similar to an
autoencoder used in machine learning to learn efficient codings of unlabeled data. Using this system, the NN will define a direct mapping
of the input message to the transmitted waveform that best fits the requirements of reducing the loss function defined in the analysis. Using a
similar setup as in Fig. 2.1 with TIA, instead of EDFA for signal amplification, they experimentally showed a 42 Gb/s (below the hard-defined
FEC threshold) over 40 km of SMF. Later, the authors in [51] showed
a similar system as described previously, but replacing the FNNs by the
bidirectional recurrent neural network (RNN)s. Using the recurrent
topology of NN, they have shown in simulations a 42 Gb/s (below the
hard-defined FEC threshold) over 50 km to 60 km of SMF, depending on
the configuration of the bidirectional RNNs.
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3.1.1.3 Enconding
Another possibility to avoid the power fading effect is the use of a
duobinary-like signal in the transmitter. Duobinary signaling is a partial
response modulation scheme, which can reduce the spectral width using
bit correlations. The authors in [52] have shown a transmission of
10 GBd on-off keying (OOK) signal over 200 km SMF using duobinary
encoding. More recently, the authors in [44] have used the duobinary
technique together with a SSB transmission for a 90 GBd PAM4 signal
over 13 km of SMF. The setup in this experiment is similar to the one in
Fig. 2.1, but with dual drive MZM.
A point worth highlighting on SSB transmission is that generating
the carrier in one side of the signal’s spectrum requires a more complex
transceiver. For example, the previous publication has used the dual drive
MZM to filter out one of the sides of the signal. Different transmitter
configurations can also be used for this purpose, and a description of
alternative topologies can be found in [5].
The Tomlinson-Harashima precoding (THP) algorithm is another alternative to use as a pre-processing in the transmitter. The algorithm
works similarly to the DFE. Still, instead of the slicer that makes the
symbol decision, it uses another nonlinear device that confines its output
between –M and + M, where M is the cardinality of the modulation
format (in case of PAM4, M =4) [42]. The DFE has two known problems.
The first is the error propagation that occurs after a wrong decision.
The second is that the DFE is effective only for post cursor intersymbol
interference (ISI). By replacing the slicer with another nonlinear device
as in the THP algorithm help to mitigate these problems. The authors
in [45] have shown experimentally a 25 GBd PAM4 signal over 80 km of
SMF using this algorithm. The setup was similar to the one described by
Fig. 2.1.
3.1.1.4 Subcarrier
Reducing the symbol rate is another possible solution to avoid the
power fading effect. However, several orthogonal signals need to be
sent in parallel to keep the same total transmission rate as the highest
rate systems. This process is known as a subcarrier transmission system.
Conventionally, the subcarrier is detected together by a single receiver. If
multiple receivers are used for detecting independent carriers, the system
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is known to be wavelength-division multiplexing (WDM) transmission.
For IM-DD systems, the discret multitone (DMT) is a modulation format
that is conventionally used for avoiding the power fading effect. The
DMT is a version of orthogonal frequency division multiplexing (OFDM)
in which water-filling techniques maximize transmission capacity by
allocation of optimal power and modulation order for each subcarrier as
a function of subcarrier signal-to-noise ratio (SNR). The authors in [53]
have experimentally shown a 49.6 Gb/s signal over 40 km of SMF. The
setup used in the experiment was similar to the Fig. 2.1 with TIA, instead
of EDFA for amplification.
In the following subsection, we will explore some of the solutions
that try to recover the lost information of the phase from the square-law
detection of the PD.
3.1.2 Phase reconstruction
The square-law detection removes the phase information from the
electrical signal, which makes the CD mitigation difficult. However, in the
IM-DD system, the intensity-modulated signal created in the transmitter
is a real number. Therefore, knowing that the Fourier transform of a
real signal has Hermitian symmetry, it might be possible to reconstruct
the phase information. The Kramers–Kronig coherent receiver is based
on the Kramers–Kronig relations, which can compute the phase from
the received signal’s amplitude (or vice versa). For the Kramers–Kronig
relations to recover a unique phase from the signal’s amplitude, the
received signal needs to be a minimum phase signal. The use of this
property in optical communications was proposed by [11]. Once the
phase of the signal is recovered, the mitigation of CD is straightforward,
as it is done for coherent receivers. A detailed comparison of the state-ofthe-art on Kramers–Kronig receiver can be found in [54].
Alternative to the Kramers–Kronig receiver, the Gerchberg–Saxton
algorithm can also recover the phase information after the detection. The
Gerchberg–Saxton algorithm is an iterative phase retrieval algorithm for
retrieving the phase of a complex-valued wavefront from two intensity
measurements acquired in two different planes. The authors in [55]
were the first to propose the use of the Gerchberg–Saxton algorithm to
mitigate CD in IM-DD system. They have shown a transmission of a
40 GBd OOK signal over 90 km of SMF (considering a hard-define FEC
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threshold). The setup for the IM-DD transmission system used in the
publication was similar to the one in Fig. 2.1.
In the following subsection, we will discuss some techniques that
work both in the optical and electrical domain for the mitigation of the
impairments in the IM-DD system.
3.1.3 Optical equalizers
Optical dispersion compensation modules as fiber Bragg gratings
(FBG) and dispersion-compensating fibers (DCF) are more conventional
options for mitigating the CD — as we already mentioned. These components mitigate the CD according to the link’s properties. In dynamic
network topology, these components need to be re-adjusted for each new
link. Alternatively to these methods, the authors in [56] have proposed
an adaptive planar lightwave circuit optical equalizer, based on the mean
square error (MSE) loss function. The idea is that the planar lightwave
circuit proposed by the authors acts as a FFE in the optical domain. Because the equalization of the impairments occurs before the detection,
the power fading effect is avoided. The signal error that adapts the phase
shift and time delay of the planar lightwave circuit comes after detection
and changes in the direction to reduce the MSE.
Recently, reservoir computing (RC) has also been considered for the
use in the optical domain to mitigate the IM-DD system impairments
before the detection. RC is explained in detail in the next chapter, but as
an overview, consider the algorithm as a nonlinear dynamic system that
may bring the input signal to a different domain where equalization might
happen easily. The authors in [18] was one of the first targeting the use of
optoelectronic RC for IM-DD system. They have experimentally analyzed
a time-delayed reservoir implementation relying on a single nonlinear
node and delayed feedback. This system can effectively improve the
quality of a PAM4 signal affected by simulated optical impairments,
which in this case, the focus was on the mitigation of the self-phase
modulation. The performance of a time-delayed RC similar to [18] is
then compared with linear digital signal processing techniques in [19]
by applying it to experimentally measured PAM4 waveforms after fiber
transmission. Alternatively to time-delayed schemes, in [20, 21], a linear
passive reservoir with a second-order nonlinearity only at the output
layer is used for equalizing an OOK signal after fiber propagation by
focusing on the impact of memory effect due to CD.
3.1 Digital signal processing for IM-DD system
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Although IM-DD systems are around since the begging of optical
communications, equalization techniques are still being investigated up
to this date. The reason is that this kind of system is conventionally
targeting low-cost applications. Therefore, using a simple transceiver is
highly desirable. However, as we have seen in the solutions highlighted
in this chapter, overcoming nonlinear impairment is challenging.
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4
Neural network-based equalizer
Equalization of short-reach communications with direct detection (DD)
receivers has been under investigation for almost 50 years — since the
beginning of optical communications systems. In chapter 1 we described
the system’s evolution and the solutions that the industry has applied in
the past. In chapter 3 we showed some of the state-of-the-art equalization
methods to improve the rate and distance of intensity-modulated and
direct detected (IM-DD) systems. However, due to the power fading
effect being a nonlinear impairment, as well as complexity and latency
restriction for this target application, it has been a challenge to have
them implemented in application-specific integrated circuit (ASIC) for a
high rate system.
In this chapter, we investigate the use of reservoir computing (RC) as
an equalizer for IM-DD systems. The use of RC has already been proposed
before as hybrid processing [18–21]. Still, a diligent study considering it
as a digital equalizer for DD receivers was not yet seen and was recently
investigated by us [J1, J2]. Here, we review some of the concepts of
feedforward neural network (FNN), time-delay neural network (TDNN),
and RC. The RC is described mathematically, and its memory is analyzed
for a different number of neurons and spectral radius. Later, we verify
the performance of a 32-GBd on-off keying (OOK) signal in terms of fiber
transmission distance and compare the RC results with the feedforward
equalizer (FFE) trained with least mean square (LMS) algorithm, and
the TDNN.
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Input layer

Hidden layer

Output layer
Fig. 4.1: Fully connected feedforward network with one hidden
layer and one output layer.

4.1 Time-delay neural network
Fig. 4.1 shows a generic representation of an FNN. We generally
provide a signal to the network’s input layer, which is then transformed
through the hidden layers to have the desired information extracted in
the output layer.
The application of neural network (NN) became more and more common after the use of deep learning NN algorithms (FNN with multiple
layers) in the ImageNet Challenge in 2012. With the help of NN, the
best algorithm achieved an error rate of ≈16% in image classification.
In 2015, another team beat the human benchmark in the competition
with an error below 5%. However, unlike image classification, the signal
distortion dynamically changes over the communication system. In particular, for DD receivers, where only the power of the signal is detected,
these dynamic changes can come from the temperature-sensitive of the
electronic components, as well as the mismatch of the clock between
the digital-to-analog converter (DAC) and analog-to-digital converter
(ADC) that causes the walk-off of the sampling time. In the case of a
deterministic impairment as the chromatic dispersion (CD), it still creates a pattern-dependent intersymbol interference (ISI) - which means it
requires information from neighboring symbols.
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Fig. 4.2: Time-delay neural network topology with one hidden
layer with L neurons and one output layer with eight neurons.

Moreover, the different bandwidth limitations from the optical/electric
components, as well as the choice of pulse shaping that is used to improve
the spectral efficiency (SE), also introduces additional ISI, if the Nyquist
criterium is not matched. Consequently, when designing an equalizer for
a communication system, the algorithm used to find the optimal weights
adaptatively needs to be considered. The reason is that a constant retraining of the equalizer’s parameter is necessary to track the distortions
over time.
The FNN topology we have chosen to mitigate the ISI in DD receivers
is the TDNN [57]. Fig. 4.2 shows the schematic of a TDNN. In the input
layer, we apply a sliding window to make the changes coming from the
ISI highlighted to the NN. The size of the window, as well as how the
slide will operate, will depend on the accumulated CD. We discuss the
implemented operation in section 4.1.1. The hidden layer and the output
layers are the same as a conventional FNN.
We can train the weights of the TDNN with the backpropagation
algorithm as in the FNN. The idea is that, through examples, the NN
adapts the weights, step by step, in the direction to make the difference
between the NN’s output and the target example small. After a sufficient
4.1
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number of examples is presented to the NN, a local minimum in the
cost function can be achieved — which means the training stage is over.
It is worth highlighting that the backpropagation algorithm does not
guarantee a global minimum in the loss surface as the algorithm depends
on the initialization and stepsize over the iterations. If the NN learn
from too many examples, it is possible to have the NN to memorize
(look-up table) the training data, which is referred to as overfitting.
Another point worth highlighting is that the additive white Gaussian
noise (AWGN) introduced in the signal over the transmission (either
from the optical amplifiers, as erbium-doped fiber amplifier (EDFA),
or the electrical components) acts as a regularizer during the training,
which makes overfitting hard to happen [47]. In fact, the use of noise for
regularization is one of the techniques in NN to reduce overfitting [58].
After training, the TDNN can now be used while the characteristics
captured in the training stage do not change. As explained before, the
communication system dynamically changes. Therefore periodic training
is necessary.
In the next section, we described the specific implementation of TDNN
that was used in the result section.
4.1.1 Time-delay neural network implementation
The implemented TDNN architecture in the thesis is a one hiddenlayer neural network equalizer with 16 neurons in the hidden layer and
eight neurons in the output layer, which represents one symbol at eight
samples per symbol. The activation function is the hyperbolic tangent
for the hidden layer and the linear function in the output layer.
The temporal width of the sliding window is five symbols, with a
window sliding of one symbol at a time. The central symbol is the one
being equalized. This temporal width was chosen roughly equal to the
spreading of a symbol pulse by the maximum chromatic dispersion over
35 km (fitting the results obtained in the results section — section 4.4).
This limit can be verified by considering Eq. 4.1, which shows the delay,
in samples, between two frequencies that are delayed due to CD.
∆t = CD · ∆λ · Fs ,

(4.1)

where CD is the accumulated chromatic dispersion, ∆λ the signal’s
bandwidth, and Fs is the sampling frequency. Assuming a signal with
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a bandwidth of ∆F = 35.2 GHz (32 GHz + 10% excess band from the
pulse shaping) or ∆λ = 0.28 nm, the carrier’s wavelength of 1545 nm, a
dispersion of 16.4 ps/nm/km and a sampling frequency of 8 × 32 Gsa/s,
Eq. 4.1 shows a time delay of ≈ 41 samples (≈5 symbols).
The Levenberg-Marquardt backpropagation algorithm is used to update the weights at eight samples per symbol with 5% of the training
sequence at the beginning (5% of 218 samples) used as training. After
training, the weights are kept constant.

4.2 Reservoir computing
In the previous section, we have seen that the sliding window operation in the TDNN allows the NN to mitigate the ISI from the communication systems. The reason for this necessary operation in the input
layer is that the FNN intrinsically does not process temporal information
(memory). It propagates the signal in one direction without any feedback.
Therefore, only representing a nonlinear transformation between input
and output.
In contrast, recurrent neural network (RNN) has the attributes to
process temporal information due to the feedback connections. Fig. 4.3
shows the schematic of a fully connected RNN. The feedback is highlighted in blue in the figure. The name computational layer is used in
this case as the neurons in this layer are both hidden neurons and output
neurons [47].
The advantage of using RNN for the equalization process is that
they can approximate arbitrarily well any mapping of one time-varying
sequence to another [59]. Therefore, being a solid technique to be used
for equalization in DD receivers.
The backpropagation algorithm presented in the previous section can
be easily adapted for training RNNs. It is known as backpropagation
through time (BPTT), and it may be derived by unfolding the temporal
operation of the network into a layered feedforward network. However,
even though it is a similar algorithm as the one applied for FNN, it has a
significant challenge.
The backpropagation algorithm (or, more generally, the gradientbased methods) computes the sensitivity of the network output to small
changes of the weights and adapts them to reduce the output error. This
operation in a nonlinear dynamic system, as in the RNN, can result in
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Fig. 4.3: Schematic of a fully connected recurrent network. The
feedback connection is highlighted in blue.

discontinuities in the error surface, leading to bifurcations (dynamical
behavior changes dramatically at some parameter value) [60]. This
instability can result in the training stage taking longer to converge or
not converge at all. An extended analysis of the bifurcation can be found
here [61].
Alternatively, we can avoid the training of feedback connections by
using another technique called RC. In the RC framework, we define
the feedback connections in the initialization, and it is not modified
afterward. Only the output weights are the ones trained. This approach
still retains the property of being a universal approximator as in the RNN,
in the context of discrete-time fading memory (signal vanishes over time
inside the reservoir) with uniformly bounded inputs [62–64].
There are two reasons why RC can be attractive for digital equalization for optical communications. The first is a more straightforward
training process, which does not use the BPTT. Instead, we project the
RC’s output vector in the vector plane of the examples that are used
to train the RC. This process is called linear regression. This training
method can be helpful in the case of periodic training. The second is
the feedback connections being constant; in an ASIC technology, they
can be translated as shifters and adders instead of using generic multipliers [37]. This transformation may reduce the area, power, and delay of
the implemented system.
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Fig. 4.4: General architecture of an RC network.

In the following subsection, we describe the framework of RC mathematically.
4.2.1 Mathematical formulation of reservoir computing
Fig. 4.4 shows the RC architecture. It consists of three conventional
parts - an input layer, the reservoir, and an output layer.
The input signal vector u[n] = [u1 [n], . . . , uN [n]]T consists of a real
N -dimensional vector at the discrete instant n, where N represents the
number of inputs. u[n] is injected into the reservoir through a linear
transformation given by the M × (N + 1)-dimensional Win , where +1
takes into account a bias component and M represents the number
of neurons within the reservoir. The weights in Win are randomly
generated, commonly by drawing samples uniformly distributed between
-1 and 1, or from a standard normal distribution [65]. The bias is added
to make the signal operate in different regions of the nonlinear activation
function of the hidden/computational part of the network [65].
The second part of the architecture, i.e., the reservoir, is initialized
with random weights and sparse interconnections between the M hidden
neurons. Unlike RNNs, however, such weights and interconnections,
together with the input weights, are not trained but kept fixed to their
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random initial values. Whereas the lack of training of the reservoir
may cause a strong limitation to the computing capacity of RC, the use
of randomly generated connections is not uncommon in the machinelearning toolbox. Random projections are extensively used for hashing
and dimensionality reduction [66, 67], and randomized weights are used
for feed-forward neural networks within the extreme learning machine
approach [68]. By removing the freedom to train the reservoir interconnection, a larger network than fully-trained RNNs may be required,
however, at the key advantage of a much simpler training procedure,
as discussed in the following. The reservoir is described by the M × M
square matrix Wres . Such a matrix defines the number of neurons
and how they are connected. The weights of the interconnections beres } of Wres are commonly
tween reservoir states, i.e., the elements {wi,j
drawn from uniform or normal distributions [65]. Through Win , Wres
and the chosen activation function fact , the evolution of the reservoir
x[n] = [x1 [n], . . . , xM [n]]T at the time instant n can be calculated as a
function of the reservoir at the previous time instant (x[n − 1]) and the
input u[n], as in (4.2).
x[n] = α · fact (Win · u[n] + Wres · x[n − 1])+
(1 − α) · x[n − 1] ,

(4.2)

The leaking rate α in (4.2) is used to emulate an exponential decay
within the reservoir to both better satisfy the echo state property and
mimic realistic physical implementations [23, 69]. The echo state property is the fading memory property for which the effect of input at time
t1 vanishes for times t  t1 , which is necessary to ensure computational
capacity [23].
In this thesis, the reservoir’s output y[n] consists of the reservoir’s
states x[n] and input signal u[n]. The output weights are the only components of the overall RC architecture which are trained and fulfill the
task of transforming the reservoir states and input signal into the desired
output. The RC output y[n] = [y1 [n], . . . , yK [n]]T is calculated through
out and the K × (N + 1) matrix Wout . Wout defines
the K × M -matrix Wres
res
in
the weights and interconnection between the M reservoir states and the
out describes a direct connection between
K network outputs, while Win
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input and output layers. The evolution of the output layer then follows
(4.3).
out
out
y[n] = Wres
· x[n] + Win
· u[n] ,

(4.3)

In general, additional feedback from the output layer into the reservoir
res of size K × M ) can also be considered [23]. This feedback is
(Wout
neglected here as it is relatively uncommon and strictly not necessary
as a network. Also, it can be usually re-mapped into one where such
feedback is not explicitly defined [23].
The key advantage of the RC approach relies on the fact that once
the Wres is constructed, as detailed before, the evolution of the reservoir
states depends only on the inputs (see (4.2)), and training is only applied
out , Wout ). The training can be
to optimize the output weights (Wres
in
performed with a single linear regression operation, possibly with ridge
regularization included, aiming to minimize the loss function’s squared
error. Given a target set matrix Ytarget = Y1n̄ := [y[1], · · · , y[n̄]] defined
for times n = [1, . . . n̄], the output weights can be calculated through:
out
out
[Wres
, Win
] = (AT · A + λI)−1 · AT · Ytarget ,

(4.4)

where A = [Xn̄1 ; Un̄1 ; B] and the last element B represents the bias
term; λ the ridge regularization factor; and I an identity matrix of size
M + N + 1. The state and input matrices follow the same definition as
for Y1n̄ : Xn̄1 := [x[1], · · · , x[n̄]] and Un̄1 := [u[1], · · · , u[n̄]], respectively.
For the RC approach to provide effective computing power, a set
of macroscopic reservoir hyper-parameters needs to be appropriately
chosen, in particular, the activation function fact , and the characteristics
of the matrix Wres , especially its sparsity and the resulting stability of
the RC system. The latter is commonly defined in terms of the reservoir
spectral radius (ρ) defined as the maximum eigenvalue of Wres [23].
Concerning fact and the properties of RC which includes its universal approximation property, the fact is strictly defined by sigmoid functions [23, 62, 64, 69]. However, in many demonstrations [20, 37], using
alternative functions, even linear functions, to replace a sigmoid is computationally effective. Linear activation functions have also been shown
to provide a better memory capacity than nonlinear functions [70, 71].
However, the performance of the network depends on the input and task
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at the end, and for general applications, a linear operator may not always
be optimal [70, 71].
Regardless of the choice of the activation function, an entirely randomly generated reservoir may not always provide an effective highdimensional transformation allowing to compute the task at hand. The
matrix Wres needs to be appropriately constructed following several
guidelines [69]. One important point worth highlighting is the echo state
property. This property can be directly related to the spectral radius ρ
of the matrix Wres . Considering an activation function with a unitary
slope around the origin - such as the tanh(·) considered in this thesis - a
good rule of thumb is to scale Wres such that the ρ ≤ 1. Generally, the
spectral radius requires tuning to the memory and nonlinear dynamics
required by the specific task at hand. The spectral radius thus provides
some insight into the reservoir’s expected behavior and is one of the key
parameters that will be investigated within this chapter, together with
other macroscopic properties of a reservoir, such as its size and memory.
A general criterion to construct a practical reservoir to solve given
tasks is rather challenging to define, and a discussion in this direction
focused on the relation between spectral radius and stability conditions
can be found in [69].
In the next section, we described the RC used in this work.
4.2.2 Reservoir computing implementation
The implemented RC architecture is described in detail in Algorithm 1 [J2]. The input weights are drawn for a uniform distribution
U(−1, 1). In contrast, the reservoir interconnections are drawn from a bires = 0))
nary distribution with the probability of no interconnection (p(wij
corresponding to the desired degree of sparsity of the reservoir matrix.
Finally, the reservoir weights are drawn from a standard normal distribution N (0, 1). The input signal variance determines the operation regime
of the reservoir [65]. Throughout this chapter, the variance has been
scaled to 0.02. The reservoir size M and the spectral radius ρ have been
varied throughout the analysis in the result section (section 4.4). The
sparsity has then been calculated for each reservoir size M , such that
the number of interconnected neurons within the reservoir has been
kept fixed to five neurons. A brief analysis of the impact of such hyperparameter has shown minimal impact on system performance. As long
res = 0) ≥ 0.8), no significant
as the matrix was sufficiently sparse (p(wij
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performance degradation could be seen in line with [23, 65]. The leaking
rate α in (4.2) is fixed with value 0.9. A hyperbolic tangent has been used
as activation function fact (·) = tanh(·) for all reservoirs considered. The
output layer is trained through linear regression, using 5% of the symbol
sequence for training and 95% for testing. A regularization parameter
λ = 10−8 has been used to avoid numerical instabilities when calculating
the matrix pseudo-inversion, as in (4.4).
Algorithm 1 Reservoir computing [J2]
Given N inputs, M neurons, and K outputs:
Phase 1 – Initialization
Generate Win drawing weights from a uniform distribution U(−1, +1)
Generate elements of Wres drawing them from a binary distribution
with p(0) = sparsity
Replace nonzero elements of Wres drawing them from a normal distribution N (0, 1)
Re-scale Wres : ρ(Wres ) = ρ̄
Phase 2 – Training
Use (4.2) to calculate Xn̄1 from Un̄1
out , Wout ] from Xn̄ , Un̄ , and Y
Use (4.4) to train [Wres
target
1
1
in
Phase 3 – Testing
Use (4.2) and (4.3) to calculate y[n] given u[n]
In the next section, we analyze the reservoir’s memory regarding the
number of neurons and spectral radius with the reservoir parameters
described here.
4.2.3 Reservoir memory
The mitigation of CD requires the equalizer to have the information
of neighboring symbols. For the TDNN, we have given this information
by applying a sliding window. In the case of the RC, the feedback
connections allow the reservoir to hold the neighbors’ information. In
this section, we will analyze how the number of neurons and the spectral
radius of RC affects its memory.
We define the memory in terms of settling time [72]. At the input
layer, we excite a system in steady-state by applying a step-function at
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Fig. 4.5: Reservoir’s memory as a function of the spectral radius.
Figure adapted from our publication [J2].

its input. We calculate the memory as the number of samples after all
the reservoir states have converged within less than 2% of their steadystate value (settling time). Up to 1000 different reservoirs have been
randomly generated with the same macroscopic parameters, and the
memory values have been averaged over the reservoir realization to
clarify the trends.
Fig. 4.5 shows the result comparing the reservoir’s memory related to
the spectral radius and number of neurons in the reservoir. There is a
direct relation between the memory of the reservoir and ρ, as expected
from [23]. The memory grows as the spectral radius approaches unity,
and the growth rate increases as the radius increases beyond one. The
steady increase in memory over the spectral radius is that around the
value one of spectral radius, the reservoirs start to be unstable, and
therefore, unable to reach the steady-state. It is worth highlighting that
the instability of the reservoir for some spectral radius close to 1 can still
be used in practice as some input pushes the system back to a state before
the chaos [23]. Additionally, the memory increases with the reservoir
size but saturate for large reservoirs beyond 300 neurons.
Another approach to calculating the reservoir’s memory is using the
method of 95%-memory capacity based on the concept of linear memory
capacity [25, C1]. This method tries to recall a random sequence seen
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Fig. 4.6: Communication system under test for the comparison
of different digital signal processing. OOK: On-off keying; RRC:
Root-raised cosine. CD: Chromatic dispersion; AWGN: Additive
white Gaussian noise; FFE: Linear feedforward equalizer; TDNN:
Time-delay neural network; RC: reservoir computing; BER: Bit
error ratio.

at the input after a time delay. Here, the memory is considered as the
maximum delay for which the normalized mean square error (NMSE)
of the recall task is still below 5%. We have compared both methods
recently in [C1], and have shown similar outcomes for ρ ≤ 1.
In the next section, we described the system under test that will be
used to verify the performance of a 32-GBd OOK signal in terms of fiber
transmission distance. We return the analyses of the reservoir’s memory
in this system in section 4.4 by measuring its impact in terms of bit error
rate (BER).

4.3 System under test
Fig. 4.6 shows the communication system simulated. At the transmitter, we randomly generate 218 symbols and map them to an OOK 32-GBd
signal. Then, we upsample the signal to eight samples per symbol and
filter it by a root-raised cosine (RRC) filter (roll-off = 0.1). The signal
then propagates in the optical fiber, modeled only with CD (D =16.4
ps/nm/km) to isolate the effect of power fading effect after detection.
We use AWGN to simulate the noise from the optical pre-amplifier at the
receiver. The noise variance and fiber length (accumulated CD) parameters are chosen to meet the target SNR and distance in the result section
(section 4.4).
In the receiver, we use a noiseless photodetectors (PD) modeled
with the square-law detection to receive the signal. Next, we apply an
equalizer, a downsample, and a hard decision to count the bit errors, and
from that have BER evaluated. Specifically, three different equalizers are
tested independently. An FFE with 32 taps trained with LMS (the linear
4.3
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equalizer), a TDNN (the nonlinear equalizer), and the RC (the recurrent
nonlinear equalizer) are analyzed. Additionally, to increase the statistical
relevance of the results, the performance has been averaged over five
simulations (5 × 218 transmitted sequences), i.e., five noise realizations.
In the next section, we show the numerical results using the system
described here.

4.4 Results
Fig. 4.7 shows the received BER as a function of signal-to-noise ratio
(SNR) comparing the performance of all equalizers for the simulation
system in back-to-back (z = 0 km). The black dashed line shows the
performance of the system when we only use a low-pass filter (RRC with
roll-off 0.1) — no equalizer, and will be used as reference. As we can
notice, all the equalizers already show improvement in the back-to-back
scenario compared to the reference. The reason is that the RRC does not
satisfy Nyquist criterium, and therefore additional ISI exists.
The RC used here has 300 neurons in the reservoir with a spectral
radius of 0.9. We chose the number of neurons and spectral radius
based on the memory analyses in the previous section, as well the BER
performance of the other results that we show later in this section. The
other parameters are used as described in section 4.2.2. The FFE and the
RC showed similar performance, while the TDNN has a slightly better
result. The reason is that for the TDNN we give an explicit memory for
the nonlinear equalizer in the input layer, which the matrix multiplication
in the input can be trained to use the information or not. For example,
in the case of a back-to-back, where only a small ISI exists that comes
from pulse shaping and bandwidth limitation of the components, a large
memory might not be required. Therefore, the input weights representing
this information can converge to a value that discards the non-necessary
information — if this situation reduce the loss function of the system.
In contrast, the reservoir forcefully maintaining the memory (over a
short time - echo state property) in the reservoir’s states, which can be
a changeling for the linear regression to find an appropriate projection
to not consider it in the case of small ISI. In the case of the FFE, we
are already limited by working with a linear equalizer. The difference
in performance by using the TDNN shows a potential gain by using the
nonlinear equalizer.
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Fig. 4.7:
Performance comparison between digital postequalization techniques in back-to-back. RC: Reservoir computing; TDNN: Time-delay neural network; FFE: Feedforward equalizer.

Fig. 4.8 shows the same scenario as discussed before, but for a fiber
transmission distance of 10 km (z = 10 km). The results show similar
performance for the TDNN and the RC, which might indicate that the
memory in the reservoir is helping in the equalization process, as in the
case of the TDNN. As expected, the FFE has slightly worse performance
compared to the nonlinear equalizers.
Fig. 4.9 shows the results in terms of BER as a function of SNR for the
RC’s memory, considering a fixed distance of 10 km. We have changed
the spectral radius of the reservoir to change its memory for a fixing
number of 300 neurons in the reservoir. The performance improves with
increasing the reservoir memory, as the reservoir increases its ability to
invert the memory effect in the transmission channel.
Fig. 4.10 shows a similar analysis as in Fig. 4.9, however generalized
for different transmission distances. It shows the SNR penalty for each
fiber distance, while compared to the black dashed-line reference in
Fig. 4.9, measured at hard-decision BER threshold of 2.26 × 10−4 . This
representation allows us to visualize the performance of the system in
the limit while using the KP4 forward error correction (FEC), which is
usually used for short-reach transmissions [73]. The results show that
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Fig. 4.8:
Performance comparison between digital postequalization techniques in 10 km. RC: Reservoir computing;
TDNN: Time-delay neural network; FFE: Feedforward equalizer.
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Fig. 4.9: Reservoir computing performance for different number
of spectral radius (memory) in 10 km and 300 neurons. Figure
adapted from our publication [J2].
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Fig. 4.10: Reservoir computing penalty performance for different number of spectral radius (memory) in 300 neurons. Figure
adapted from our publication [J2].

the SNR penalty decreases with increasing memory, and the gap between
curves increases for longer distances.
Alternatively to changing the system’s memory by varying the spectral
radius, we can also change the reservoir size. Fig. 4.11 shows the
performance of the RC equalization in terms of BER as a function of
SNR for a 10 km fiber distance and reservoir with spectral radius equal
to 0.9. The result shows that increasing the size of the reservoir the
BER is reduced. Moreover, considering the 10 km fiber transmission, we
show that increasing the size of the reservoir further than 100 neurons
only slightly improves the system performance. Besides the memory
improving with the number of neurons, as we have shown, the signal
also goes through more neurons (considering the echo-state property)
and experiences more enriched transformations. Therefore, helping the
possibilities of projection when using the linear regression.
Fig. 4.12 generalizes the results seen in Fig. 4.11 by plotting the SNR
penalty at KP4 as a function of the fiber distance. We can observe that
the same trend as we have analyzed before repeats for other distances —
including the saturation of the performance for a RC with 100 neurons.
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Fig. 4.11: Reservoir computing performance for different number
of neurons in 10 km and spectral radius of 0.9. Figure adapted
from our publication [J2].
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4.5 Summary
In this chapter, we have reviewed the use of TDNN and RC for the
equalization of IM-DD systems.
First, we have noticed that the nonlinear equalizers used in this section
only exhibit a slight improvement compared to the linear equalizer. The
reason is that the information required to mitigate the CD was already
lost after the square-law detection.
Second, we show that the NN requires the channel’s memory to
be explicitly in the algorithm’s input, as it is a feedforward algorithm.
Contrary to the RC, which inherently has the capacity of tracking dynamic
changes from the system due to its feedback connections. We have
highlighted the RC’s memory capacity by providing single inputs to the
algorithm, which also return similar equalization performance as the
TDNN.
Finally, we have analyzed the spectral radius and number of neurons
in the RC for equalization of IM-DD systems. We show that increasing the
spectral radius (for any number of neurons) also increases the memory
capacity of the algorithm (measured using the settling time). The memory
capacity of the algorithm is also increased by increasing the number of
neurons in the RC (fixed spectral radius of 0.9). With more memory,
the RC equalization performance was also better for longer distances,
in terms of SNR penalty at KP4 FEC (measured to a reference system
without any equalization). However, we have observed saturation in the
results with 100 neurons (spectral radius of 0.9) in the reservoir.
In the next chapter, we consider another approach for equalization
in IM-DD system — optical equalizers. Finally, in chapter 6 we will
derive our proposed method with a hybrid equalizer, bringing together
the knowledge from this chapter and the next one.
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5
Optical-based equalizer
In the previous chapters, we have seen that the chromatic dispersion
(CD) and direct detection (DD) highly impact the transmission system’s
capacity due to the power fading effect. In Chapter 4 we have analyzed
the neural network (NN)-based equalizers to extend the transmission
reach, but the information required to mitigate the CD was already lost
after the square-law detection. In this chapter, we propose and investigate
an optical equalizer based on mach–zehnder delay interferometer (MZDI).
In this system, the equalizer acts directly in the optical domain before
the DD, therefore avoiding the power fading effect.

5.1 Chapter’s concept
The idea derived in this chapter is to split the optical input signal
into smaller subbands and applying independent time delay and phase
shift in each subband to mitigate the CD. Afterward, the optical signal is
reconstructed and detected by a single photodetectors (PD).
The CD effect delays each signal’s frequency component differently.
This effect is proportional to the spectral width of the modulated carrier,
as shown in Eq. 2.1 (in chapter 2). We would like to know how much
time each frequency is delayed by the CD to be able to compensate it
afterward. To do that, we need to calculate the group delay.
Group delay is the rate of change of the total phase shift with respect
to angular frequency. From Eq. 2.1 we can calculate the group delay
of each frequency by calculating the dφ/dω. We already have used the
calculation of group delay on Eq. 4.1 to calculate the maximum delay
considering the edge of the signal’s spectrum. Fig. 5.1 shows the amount
of group delay to mitigate the CD over the frequencies, considering
41
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Fig. 5.1: Chromatic dispersion group delay.

the carrier’s wavelength of 1545 nm, a dispersion parameter D = 16.4
ps/nm/km, and 35 km of fiber distance transmission. A representation
of the signal shaped with root-raised cosine (RRC) is also shown as a
reference.
Fig. 5.2 shows the idea that will be developed in this chapter. The
32 GBd on-off keying (OOK) signal with RRC pulse shape (roll-off 0.1) is
sliced by an optical filter. Each filtered signal (the slices) is delayed by a
fixed group delay (pink straight lines in the figure). After applying the
fixed delay for each subband, the signal is placed back together, and the
DD receiver is used. Note that this is only an approximation of the actual
value of the group delay. Specifically, we investigate the use of MZDI
for the optical filtering operation and study the impact on the system
performance for different delays and number of slices.

5.2 Spectral decomposition and composition
Fig. 5.3 shows the schematic of MZDI considering only one input.
It comprises two couplers, an optical delay line with a delay τ , and a
phase-shifter controlled via parameter φ. The transfer function H1 (f )
of the MZDI’s output Out1 and transfer function H2 (f ) of the MZDI’s
output Out2 is shown in Eq. 5.1.
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(5.1)

The MZDI can have the parameters τ and φ configured to divide the
input signal into different spectral components. In the following, we
derivate the design equations for the MZDI.
Eq. 5.2 shows how the power of the MZDI’s output changes with the
frequency.
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#
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=
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(1 − cos(−2πf τ + φ))
(1 + cos(−2πf τ + φ))

#

.

(5.2)

Using Eq. 5.2 and calculating where the maximum energy of each
output arm occurs, we can verify that the distance between both maxima depends only on the parameter τ . This can be estabilish by the
following restriction: cos(−2πfmax 1 τ + φ) = −1 for the first output, and
cos(−2πfmax 2 τ + φ) = +1 for the second output. Eq. 5.3 shows the
solution.
k
φ
1
− +
, k∈Z
2τ
τ
2πτ
k
φ
(5.3)
fmax 2 = − +
, k∈Z
τ
2πτ
1
d = fmax 2 − fmax 1 =
.
2τ
Eq. 5.4 summarize the design equations for the MZDI that we can use
to split the signal’s input spectrum.
fmax 1 = −

1
,
2d
φ = π + k2π + 2πfmax 1 τ.
τ=

(5.4)
k∈Z

Fig. 5.4 illustrate an example considering fmax 1 = 8 GHz and d = 16
GHz. In the MZDI’s output upper arm, the power is maximum at 8 GHz
and alternates between the minimum and maximum every 8 GHz. The
opposite happens for the other arm. Therefore, the MZDI split the
input signal into two orthogonal bandwidths. Each of these subbands
(or slices) can be delayed to reduce the impact of CD, as illustrated in
Fig. 5.2. However, to fully compensate the CD, it requires an independent
delay for each frequency, as in Fig. 5.1. Hence, to give access to a more
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Fig. 5.4: Transfer function of MZDI, considering the parameters
fmax 1 = 8 GHz and d = 16 GHz.

independent bandwidth of the input signal, we can use multiple cascaded
MZDIs. For example, Fig. 5.5 shows the schematic of 3 MZDIs placed to
have two stages of frequency division.
Fig. 5.6 shows the frequency response for each MZDI’s output depicted
in Fig. 5.5. H1 (f ), H2 (f ), H3 (f ), and H4 (f ) are the transfer functions of
Out1 (f ), Out2 (f ), Out3 (f ), and Out4 (f ), respectively. A representation
of the signal shaped with RRC is also depicted in the figure to show the
relative position of the filters created by the MZDIs.
Additional MZDI can be added in each output of the previous stage
to slice the input signal further. However, the number of necessary
components grows exponentially with the number of stages. For example,
consider the number of stages as N , the number of MZDIs necessary to
create 2N sub-bands is 2N − 1.
We have named the signal slicing operation explained previously
as spectrum decomposition (SD) [J3]. The inverse operation that we
use to reconstruct back the spectrum is called spectrum composition
(SC) [J3]. If the SC is applied directly after the SD, we can obtain a
perfect reconstruction of the signal. Fig. 5.7 shows both operations.
The time delay and phase
we use to mitigate the CD are also
 shift that 
CD
CD
depicted in the figure as −τn , φn , where n is the delay’s and phase’s
position related to the slice.
5.2
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Fig. 5.7: Optical structure to mitigate the chromatic dispersion by
slice the signal into frequency sub-bands and reconstruct it.

The n-stage spectrum composition and decomposition (SD/SC) tries
to isolate individual frequencies from the input signal to mitigate the CD.
As a result, a n-stage SD/SC creates 2N sub-bands after the SD operation.
From CD equations, we would need to adjust only the relative delay
of each frequency to compensate for its effect. However, between the
operations SD and SC, we have added not only the relative time shift but
also independent phase shifts. The reason is to increase the degree of
freedom of the process, as we can not obtain isolated tones with fewer
MZDI components.
In the next section, we describe the setup of the communication
system used for testing and validating the SD/SC.

5.3 System under test
Fig. 5.8 shows the communication system simulated. At the transmitter, we randomly generate 218 symbols and map them to an OOK 32-GBd
signal. Then, we upsample the signal to eight samples per symbol and
filter it by a RRC filter (roll-off = 0.1). The signal then propagated in
the optical fiber, modeled only with CD (D =16.4 ps/nm/km) to isolate
the effect of power fading effect after detection. We use additive white
Gaussian noise (AWGN) to simulate the noise from the pre-amplifier
at the receiver. The noise variance and fiber length (accumulated CD)
parameters are chosen to meet the target SNR and distance in the result
section (section 5.4).
In the front-end of the optical receiver, we use the SD/SC to mitigate
the CD, where the impact of the number of stages of SD/SC is analyzed
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Fig. 5.8: Communication system setup used to validated the
spectrum decomposition and composition component.

later in the result section (section 5.4). The signal then goes into a
noiseless PD modeled with the square-law detection to receive the signal.
After DD, we use a lowpass filter (RRC) to downsample the signal, apply
symbol decision, and count the bit errors to have the bit error rate (BER)
analyzed.
The parameters time shift and phase rotation to mitigate the CD in the
SD/SC is jointly trained with an adaptative algorithm that minimizes the
cross-entropy between the transmitted and received bits. We initialize
all the parameters with zero. The algorithm to update them is the
stochastic gradient descent with adaptive moment estimation. During
an entire simulation (218 symbols), all the trainable variables are kept
constant, and they are only updated when the next simulation starts.
Thus, we update all the variables simultaneously, and we finalize the
process after 600 iterations. The number of iterations was chosen based
on the cross-entropy loss function. On average, the system has reached
convergence after 250 iterations. We let the system running for 600
iterations to guarantee that convergence had already occurred. We have
also compared the system’s performance with the theoretical group delay
— without any training. Additionally, to increase the statistical relevance
of the results, the performance has been averaged over five simulations
(5 × 218 transmitted sequences), i.e., five noise realizations.

5.4 Results
Fig. 5.9 shows the BER performance of a 2-stage SD/SC over 15 km
of fiber transmission. The black dashed line shows the performance of
the back-to-back system when we only use a low-pass filter (RRC with
roll-off 0.1) — no equalizer, and will be used as reference. First, we
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Fig. 5.9: Numerical results comparing the BER performance in
function of the SNR of a 2-stage SD/SC.

compare the 2-stage SD/SC structure with only a time delay (no phase
shift) to mitigate the CD. The reason is to compare the performance
with the theoretical group delay considering the center of the spectrum
of each slice (-12 GHz, -4 GHz, 4 GHz, 12 GHz). The blue triangle
dashed curve shows the performance of the theoretical group delay. As a
comparison, we have also transmitted a signal without any equalization
after 15 km (red square dot line). The use of the 2-stage SD/SC with
only time delay adjusted accordingly to the center of the spectrum has
improved the results compared to the scenario without any equalization.
The performance was further improved when the group delay of each
sliced was then trained with the gradient descent algorithm based on the
cross-entropy of the system (purple circle line). However, even though
the performance was improved with the training algorithm, it was still
above the KP4 forward error correction (FEC) threshold for an signal-tonoise ratio (SNR) below 20 dB. The second comparison was the use of
the full structure as it was proposed in Fig. 5.7 — using time delay and
phase shift with cross-entropy training. We can see that by adding the
phase shift (an extra degree of freedom), the signal was able to cross the
FEC threshold at 18 dB.
By plotting the SNR penalty measured at hard-decision BER threshold
of 2.26 × 10−4 for difference fiber distances, we can facilitate the visual5.4
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ization of the results. One reason to choose this way of representation
is that this tells us how the system works in the limit. It also assumes
the use of KP4 FEC, which is usually used for short-reach transmissions
[73]. For example, in Fig. 5.9 we notice ≈ 1 dB penalty comparing to
the reference curve (at back-to-back) with the 15 km fiber distance using
the 2-stage SD/SC (time delay and phase shift trained).
Fig. 5.10 expands the results on Fig. 5.9 by using the SNR penalty
at KP4 FEC as explained before. We compare the 2-stage SD/SC with
only phase shift, the 2-stage SD/SC with only time delay, and the 2-stage
SD/SC with complete structure. The results with only phase shifts have
worsened the results compared to the reference curve. This result might
happen because the phase shift is not the degree of freedom necessary to
mitigate the CD in this system.
In contrast, we see improvement in the results by using 2-stage SD/SC
with only trained time delay. In this case, we have a SNR penalty close to
0 dB for distances up to 5 km. Although the time delay should be enough
to mitigate the CD, we do not have access to the individual frequency
tone of the signal. In this case, by applying the same time delay over the
subband, we might mitigate the CD for some of the frequencies but also
have an additional intersymbol interference (ISI) for the others. Finally,
we showed more significant improvement when the phase shift and time
delay are used together. Adding the phase shift operation gives an extra
degree of freedom for the calculation loss surface error, better defining
local minimums.
Fig. 5.11 shows the SNR penalty performance of using a different
number of stages in the SD/SC — considering time delay and phase shift
with cross-entropy training. Increasing the number of stages decreases
the penalty over longer transmission distances. The reason is that increasing the number of stages in the SD/SC also increases the number of
independent bandwidths in the signal that the time shift and phase delay
can act.
It is worth highlighting that because we are not using adaptative
filters or decision techniques after detection, the SNR penalty can not be
negative, as the results presented in chapter 4. The reason is that in this
chapter, we are performing the mitigation of CD in the optical domain.
Therefore, the best possible result would be a system without any CD,
which would bring the performance to 0 dB SNR penalty. Moreover,
although we have shown that optical mitigation of CD is possible with
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Fig. 5.10: Numerical results comparing the SNR penalty in function of the fiber distance regarding different degrees of freedom in
the spectrum decomposition and composition for CD mitigation.
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MZDIs, for longer transmission distances, the gain comes from using
a higher number of devices. The N-stage SD/SC uses 2 × (2N − 1)
MZDI modules and creates 2N sub-bands. If we would like to have a
propagation of 30 km with a small penalty at the KP4 FEC, we would
need to use at least the 4-stage SD/SC, which represents 30 MZDIs.

5.5 Summary
In this chapter, we have studied the use of MZDIs for mitigation of CD
in the optical domain before detection. Therefore, avoiding the power
fading effect. The MZDIs are used for frequency division which splits
the optical signal into small subbands (slice). For each subband, we
have used an independent time delay and phase shift to mitigate the CD.
Afterward, the signal is reconstructed with the help of additional MZDIs.
We have named this operation as N-stage SD/SC, where N is the number
of frequency division stages.
First, we have analyzed the N-stage SD/SC by considering only time
delay for CD mitigation. We compare the performance of the optical
equalization with the time delay calculated based on the expected group
delay (using as reference the center of the slice) and the group delay calculated through an adaptative algorithm (based on the cross-entropy of
the system). We show that calculating the group delay with an adaptative
algorithm improves the performance slightly.
Second, we have shown that adding an extra degree of freedom with
the phase shift (together with time delay) while still using the adaptative
algorithm has improved the equalization. We showed that a 15 km
transmission distance is possible for the 32 GBd OOK signal using the 2stage SD/SC. This transmission would not cross the KP4 FEC (considering
a SNR smaller than 20 dB) if only time delay were used.
Finally, we show that increasing the number of subbands by using
multiple stages of the N-stage SD/SC improves the system performance
— considering the SNR penalty at KP4 FEC (which uses as reference a
signal without any equalization). We also highlight that the number of
MZDIs grows exponentially with the number of frequency division stages.
In the next chapter, we investigate an optoelectronic solution that
will explore the use of optical equalization in this chapter, together with
digital equalization shown in chapter 4.
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Optolectronic equalizer
In chapter 4, we showed that nonlinear digital equalization techniques
only slightly improve the transmission distance for a intensity-modulated
and direct detected (IM-DD) system with a 32 GBd on-off keying (OOK)
signal impaired by chromatic dispersion (CD). The reason is that we have
partially lost the information after detection due to the power fading
effect. In chapter 5, we have mitigated the CD before the detection
— avoiding the power fading effect. Although optical-only equalizer
improved the transmission distance from ≈ 10 km (only digital-equalizer)
to ≈ 40 km, considering 1 dB penalty at KP4 forward error correction
(FEC), we required 30 mach–zehnder delay interferometer (MZDI)s
with an additional 16 time and phase shifts in the 4-stage spectrum
composition and decomposition (SD/SC) to have this improvement.
In this chapter, we study optoelectronic techniques for equalization
of IM-DD systems. First, we analyze the impact of using the 2-stage
SD/SC structure together with a time-delay neural network (TDNN). The
time delay and phase shift from the optical structure are trained together
with the TDNN’s weights, a joint optimization. We evaluate if the use
of a nonlinear equalizer after the SD/SC can increase the transmission
distance without adding extra stages of frequency decomposition in the
optical structure.
Second, we explore the use of spectrum decomposition (SD) without
the spectrum composition (SC) — reducing the number of MZDIs by half,
as well removing the phase shift from the mitigation of CD. The trade-off
is that we detect each slice (each SD’s output) with an independent
photodetectors (PD). The use of SD-only operation returns even and
symmetrical slices from the transmitted signal. In the digital domain, we

53

use the TDNN to reconstruct the signal from the slices and mitigate the
residual CD. Once more, the time delay on the optical domain and the
TDNN’s weights are trained jointly. We also investigate the performance
of the system when the time delays are fixed for a target distance, and
only the TDNN’s are trained.
Third, we investigate the use of the arbitrary waveguide grating
(AWG), instead of SD, for the slicing operation. For this case, we consider
the use of an odd number of slices (one slice centralized) and reservoir
computing (RC) for the equalization technique.
Forth, we analyze the optoelectronic technique experimentally. We
use four slices, each detected by an independent PDs, and compare the
equalization performance of TDNN and RC.
Finally, we compare the optoelectronic technique with a subcarrier
system. In the latter case, the signal is created and transmitted with
reduced bandwidth. Different from the optoelectronic method where the
signal is sliced in the receiver. These results are compared and analyzed
numerically.

6.1 Spectral decomposition and composition
with time-delay neural network
Fig. 6.1 shows the main elements of the optoelectronic structure
composed by the N-stage SD/SC, a PD, and the TDNN. The analog-todigital converter (ADC) that conventionally is located after the detection
is omitted here for simplification. The N-stage SD/SC is constructed
using MZDIs designed to split the input signal into smaller spectral slices.
An independent delay and time shift are applied to each of these slices to
mitigate the CD. Afterward, the slices are regrouped to reconstruct the
signal by additionals MZDIs. Chapter 5 has the details of this structure.
The TDNN architecture has one hidden layer with 16 neurons with
hyperbolic tangent as activation function and eight linear neurons in
the output layer. The optoelectronic equalizer described previously has
the TDNN’s weights trained jointly with the phase and time shift of
the SD/SC. The training details are given as follows, together with the
simulation setup.
Fig. 6.2 shows the simulation setup for the validation of the optoelectronic structure presented before. We generate 218 random symbols in
the transmitter and maps them to OOK modulation format. The signal is
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Fig. 6.1: Optoelectronic receiver with N-stage spectral decomposition/composition (SD/SC), together with digital equalization with
a time-delay neural network (TDNN).

then filtered at eight samples per symbol by a root-raised cosine (RRC)
pulse shape filter with roll-off equal to 0.1. Next, it is then transmitted
to the optical fiber modeled only with CD (D = 16.4 ps/nm/km) to
isolate the power fading effect — as in the previous chapters. Then, an
additive white Gaussian noise (AWGN) source simulates the noise from
the pre-amplifier at the receiver. The noise variance and fiber length
(accumulated CD) parameters are chosen to meet the target SNR and
distance in the result analyses.
Before detection, an N-stage SD/SC optical structure is used to premitigate the CD, where N is the number of stages for frequency decomposition and 2N is the number of slices in which the signal is divided for the
equalization. As explained in Chapter 5, increasing the number of slices
improves the CD mitigation but also required more MZDIs components.
After the N-stage SD/SC, the signal is detected by a PD modeled only
with the square-law detection. A TDNN is then used for equalization,
followed by a low-pass filter implemented with RRC (roll-off equal to
0.1), downsample, symbol decision, and the bit errors are counted to
have the bit error rate (BER) analyzed.
As mentioned before, TDNN’s weights are trained jointly with the
phase and time shift of the N-stage SD/SC. The algorithm to update them
is the stochastic gradient descent with adaptive moment estimation. The
loss function considered is the cross-entropy between the transmitted
and received bits. During an entire simulation (218 symbols), all the
trainable variables are kept constant, and they are only updated when
the next simulation starts. All the variables are updated simultaneously
6.1
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Fig. 6.2: Numerical setup used for the validation of the optoelectronic receiver with N-stage spectral decomposition/composition
(N-stage SD/SC) and time-delay neural network (TDNN). OOK:
On-off keying; RRC: Root-raised cosine. CD: Chromatic dispersion;
AWGN: Additive white Gaussian noise; BER: Bit error ratio.

after each interaction, and the process is finished after 600 iterations.
The number of iterations was chosen, so the system had enough time to
converge.
Fig. 6.3 shows the comparison between optical-only and optoelectronic equalization with the N-stage SD/SC together with the TDNN.
The results are shown in terms of signal-to-noise ratio (SNR) penalty
at KP4 FEC (measured at hard-decision BER threshold of 2.26 × 10−4 )
comparing different fiber transmission distances to the reference curve.
The reference curve is the numerical results for the simulation without
any equalization — only a low-pass filter with RRC with roll-off 0.1 is
used. The SNR for each fiber distance varies from 13 to 20 dB. Each
simulation is repeated five times to measure the statistical relevance of
the results.
The optical-only equalization results were already present in Chapter 5
but are repeated here for the comparison. First, notice in the curves that
the penalty for the optical equalization process is never below 0 dB.
However, for the results with the optoelectronic system, at back-toback, we already can see a negative penalty of ≈ 2.5 dB. The same
happened for the digital-only equalization explored in Chapter 4. As
the reference curve uses a static RRC filter, which does not satisfy the
Nyquist criterium of the system, any equalization process that tries to
mitigate the intersymbol interference (ISI) already improves the curves.
Second, the use of SD/SC together with the TDNN significantly improved
the results. Considering the 1 dB penalty for the analyses, the 1-stage
SD/SC (2 slices) + TDNN showed ≈ 5 km improvement compared to
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Fig. 6.3: Numerical results comparing the optoelectronic system and optical pre-processing. Figure adapted from our publication [J3].

1-stage SD/SC. While the 2-stage SD/SC (4 slices) + TDNN showed ≈
12 km improvement compared to 2-stage SD/SC.
The N-stage SD/SC uses delays and time shift to mitigate the CD. In
Chapter 5 we saw the impact of each of these elements in the equalization
process. We have concluded that using both components improves the results. The analyses to measure these components’ impact are re-evaluated
here for the optoelectronic process we discussed. Fig. 6.4 shows the effects of delay and time shift in the optoelectronic equalization. Unlike
the previous results in chapter 5 with optical-only equalization, the use
of phase shift does not seem to have an impact — indicating that the
extra degree of freedom is not necessary when the digital equalizer is
also used. It is worth noticing that the time delay seems to continue to be
an essential part of the optical equalization as expected from the physical
effect of CD.

6.2 Spectral decomposition-only with TDNN
In the previous section, we saw that the use of TDNN, together with
the SD/SC, greatly improves the transmission distance for the tested
setup. In this section, we verify the impact in the system transmission by
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Fig. 6.4: Numerical results comparing the SNR penalty in function
of the fiber distance regarding different degrees of freedom in
the spectrum decomposition and composition for CD mitigation
together with digital equalization with time-delay neural network
(TDNN). Figure adapted from our publication [J3].

removing the SC operation from SD/SC — using half of the number of
optical components compared to the full structure. Fig. 6.5 shows the
simplified optoelectronic system. It consists of an N-stage SD, 2N optical
delays and PDs — one for each slice created in the SD module, and the
TDNN. Notice that the phase delay that was used to give an extra degree
of freedom in the CD mitigation was removed, as the PD is indifferent
to the phase. Fig. 5.6 (in chapter 5) shows the transfer function of the
2-stage SD (four slices), illustrating how the optical signal is divided.
The TDNN now has two goals. The first is to reconstruct the signal
from the information of each slice. The second is to mitigate the residual
ISI coming from the CD, as well any other source of ISI that will minimize
the system’s loss function. It is worth remembering that the channel is
nonlinear (with the PD), and the noise is non-Gaussian after detection, as
well as being signal-dependent — requiring equalization. We use a sliding
window operation, as explained in section 4.1, for each independent PD
to accomplish that. The number of symbols is kept the same for each
PD as in the complete optoelectronic system with SD/SC and TDNN — a
sliding window of five symbols, with a window sliding of 1 symbol at a

58

Chapter 6

Optolectronic equalizer

N - stage SD

TDNN
Input
n=1

N-stage
SD

n=2

Z-1

Z-1

Z-1

Z

Z

Z

-1

-1

Hidden

Output

1
1

-1

2

n = 2N

Z-1

Z-1

8

Z-1
L

Fig. 6.5: Optoelectronic receiver with N-stage spectral decomposition (SD), together with digital equalization with a time-delay
neural network. Notice that each slice is detected by a independent
photodetector.

time. The total number of symbols for this structure is 2N × 5 symbols.
Considering eight samples per symbol, the total number of samples is
2N × 40.
Fig. 6.6 shows the simulation setup used for the analyses of the simplified optoelectronic system. All the parameters of the system were the
same as in the previous section. The difference is the use of the simplified
optoelectronic system (SD + TDNN) instead of the complete optoelectronic system (SD/SC + TDNN). After the simplified optoelectronic
structure, the receiver continues as before — low-pass filter implemented
with RRC (roll-off equal to 0.1), downsample, symbol decision, and the
bit errors are counted to have the BER analyzed.
The optical delays and the weights of the TDNN are also trained jointly
with stochastic gradient descent with adaptive moment estimation — as
in the previous section.
Fig. 6.7 shows the result comparing the simplified and the complete
optoelectronic system (trained only with delay). As before, we use the
penalty at KP4 FEC comparing different fiber distances to the reference
curve in the back-to-back system. We notice that for distances less than
4 km, there is almost no difference in the SNR penalty for both structures.
However, after 5 km, the simplified structure worsens the penalty in ≈
1.5 dB compared to the complete structure.
In the following analyses, instead of training the delay jointly with
the TDNN’s weights, we fix the delays for a fixed transmission distance
and let only the TDNN’s weights be tunned. This process simplifies the
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Fig. 6.6: Numerical setup used for the validation of the optoelectronic receiver with N-stage spectral decomposition (N-stage SD)
and time-delay neural network (TDNN). OOK: On-off keying; RRC:
Root-raised cosine. CD: Chromatic dispersion; AWGN: Additive
white Gaussian noise; BER: Bit error ratio.
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Fig. 6.7: Numerical results comparing the complete optoelectronic
receiver (2-stage SD/SD + TDNN) with the simplified optoelectronic receiver (2-stage SD + TDNN). Figure adapted from our
publication [J3].
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Fig. 6.8: Numerical results comparing optimal time delay for each
fiber transmission distance with a fixed time delay for a 12 km
transmission. The complete optoelectronic receiver (2-stage SD/SD
+ TDNN) and the simplified optoelectronic receiver (2-stage SD +
TDNN) are evaluated in both scenarios. Figure adapted from our
publication [J3].

training stage. Fig. 6.8 shows the result by fixing the delays for a 12 km
fiber distance with the values obtained from the previous training. First,
we notice that around the 12 km, both systems show similar behavior
— meaning that the penalty compared to the optimal delays (acquired
by the joint training) and the fixed delay are close to each other. Also,
notice that the SNR penalty is -3 dB. Considering that the reference curve
crosses the KP4 FEC at ≈ 17 dB, this means the fixed delay and the
optimal delay are similar around 12 km for a low SNR region, 14 dB.
Second, fixing the delays shows more sensibility in the SNR penalty
for the complete structure, and it can be noted by the penalty rapidly
increasing for distances less than 8 km and greater than 14 km. At 5 km
and 17 km, the performance of the complete structure is similar to the
simplified one. Contrarily, the simplified structure has less sensibility,
with a maximum penalty of 1 dB at back-to-back.
Fig. 6.9 and Fig. 6.10 verify if the performance by fixing the delays at
12 km is related to the number of neurons in the TDNN. Fig. 6.9 shows
the analyzes of the different numbers of neurons in the hidden layer for
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Fig. 6.9: Numerical results comparing the number of neurons in
the hidden layer of the time-delay neural network (TDNN) for the
complete optoelectronic receiver (2-stage SD/SD + TDNN). Figure
adapted from our publication [J3].

the complete structure. This result shows that between 8 and 16 neurons
are the optimal number in the hidden layers. For less than eight neurons,
the SNR penalty increases. For more than 16, we cannot see significant
improvements. Fig. 6.10 shows the same analysis for the simplified
structure. For distances less than 7 km, we do not see significant changes
in the number of neurons analyzed. However, for longer distances, e.g.,
20 km, increasing the number of neurons, improved the results.
The simplified optoelectronic result shows improvements in terms
of fiber transmission distance for the 32 GBd OOK signal, compared to
using optical- or digital-only equalizers. However, the TDNN from the
simplified optoelectronic system has more complexity in the input layer,
so it can get the information from each PD and reconstruct the signal, as
well mitigating the CD. Despite considering the sliding window operation
in the input layer for each PD, the simplified optoelectronic system did
not reach the performance of the complete optoelectronic structure.
In the next section, we investigate another method for slicing operation with the use of AWG, instead of the SD. We will analyze the number
of slices in the impact of the SNR penalty at KP4 FEC, as well as the use
of RC for equalization.
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Fig. 6.10: Numerical results comparing the number of neurons in
the hidden layer of the time-delay neural network (TDNN) for the
simplified optoelectronic receiver (2-stage SD + TDNN). Figure
adapted from our publication [J3].

6.3 Arbitrary waveguide grating with reservoir
computing
Fig. 6.11 shows the optoelectronic receiver composed by the AWG,
PDs, and the RC. As in the previous sections, the ADC is omitted from
the figure for simplification. For this system, the optical delay structure
(which composed the N-stage SD/SC and the N-stage SD structures) is
also removed to simplify the system further. We modeled the AWG as
a set of second-order Gaussian filters with a 3-dB bandwidth of each
filter equal to the frequency separation between two neighboring output
filters. The number of filters and the bandwidth of each filter is analyzed
in the result section. Each AWG’s output (slices) are directly detected by
independent PDs. The PD is modeled only with the square-law detection,
keeping the standard as for the previous simulations, and the RC is
implemented as described in section 4.2.2.
Fig. 6.12 shows the relative position of the AWG filters considering
5 slices. A 32 GBd signal with RRC pulse shaping (roll-off 0.1) is also
depicted in the figure as reference. Unlike the SD, here we have one
centered slice, together with additional slices that are symmetrical con-
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Fig. 6.11: Optoelectronic receiver with arbitrary waveguide grating (AWG), together with digital equalization with reservoir computing (RC). The number of photodetectors depends on the number of slices coming from the AWG’s filters and is analyzed in the
result section.

cerning the signal’s center bandwidth. As a result, the total number of
slices in the analyzes of this section is always odd.
Fig. 6.13 shows the simulation setup of the optoelectronic system
with AWG and RC. The same transmission configuration used in the
previous setups is repeated here. We have transmitted 218 random
symbols, mapped them to OOK modulation format, and filtered by a
RRC filter (roll-off 0.1) at eight samples per symbol. The optical fiber
is modeled with only the CD effect, and an AWGN models the noise of
the pre-amplifier. The noise variance and fiber length (accumulated CD)
parameters are chosen to meet the target SNR and distance in the result
analyses. In the front-end of the optical receiver, we use the AWG, which
splits the spectrum with Gaussian filters, and each is detected by an
independent PD. The RC is used in the equalization process. Each PD’s
output is one input in the RC’s input layer, and the number of neurons in
the reservoir is analyzed in the results. The RC has one output, which is
filtered by a low-pass filter (RRC with 0.1 roll-off) and downsampled to
have the bit error counted and the BER analyzed.
Fig. 6.14 and Fig. 6.15 shows the SNR penalty at KP4 FEC comparing
different fiber transmission distances and different bandwidth of the
Gaussian filter (modeling the AWG) with the reference curve (back-toback simulation with no equalization). We want to cover the entire
signal’s bandwidth, so we adjusted the number of slices according to the
filter’s bandwidth. The AWG bandwidth is defined as the half width at
64

Chapter 6

Optolectronic equalizer

Signal (RRC with roll-off=0.1)

10
2

1

Slices nº:

3

4

5

8

6

4

2

0
-30

-20

-10

0

10

20

30

Fig. 6.12: Relative position of the slices from the arbitrary waveguide grating (AWG) with five outputs, considering a 32 GBd OOK
signal with root-raised cosine filter (roll-off=0.1).
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Fig. 6.13: Numerical setup used for the validation of the optoelectronic receiver with arbitrary waveguide grating (AWG) and
reservoir computing (RC). OOK: On-off keying; RRC: Root-raised
cosine. CD: Chromatic dispersion; AWGN: Additive white Gaussian
noise; BER: Bit error ratio
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half maximum (HWHM) bandwidth of the AWG transfer function. For
this analyze the reservoir size is set to 300 neurons, and the spectral
radius is set to 0.9.
Fig. 6.14 shows the SNR penalty impact of different bandwidths in
the optical filter as a function of the fiber transmission. In this result,
we notice that there is an optimal number of slices that achieves the
minimum SNR penalty for all the transmission distances tested. Using
five slices, either with 8 or 10 GHz bandwidth each, is the optimal
solution. Using less than five slices, we start to see an increase in SNR
penalty for transmissions greater than 16 km. Using more than five slices
rapidly degrades the SNR penalty. Besides being consistent over different
transmission distances, this trend does not depend on the training size,
input signal normalization, or regularization (within ridge regression)
used to calculate the matrix inverse during training. We believe the
performance loss may be related to introducing narrow slices with low
SNR, i.e., the high-frequency slices carrying less information into the
reservoir. Additionally, the narrower low-pass filtering of the AWG may
also result in information loss which impairs the ability of RC to provide
equalization. Besides, it may also be challenging for the RC to reconstruct
the spectrum from many slices due to the increased diversity in the input.
Fig. 6.15 shows the SNR penalty impact over broader range of fiber
transmission distances. As can be seen, the impact of the slice bandwidth
increases with the transmission distance becoming more relevant as the
channel memory increases.
In section 4.2.2 (Chapter 4), we detailed the RC configuration implemented in this thesis and we set the input scale (the variance of the input
u[n]) of the RC’s input signal to 0.02. Fig. 6.16 shows the impact of the
input scale in the RC (reservoir size of 300 neurons and ρ = 0.9), for a
different number of slices, considering a 10 km fiber transmission. Note
that scaling u[n] is equivalent to re-scaling the input-to-reservoir matrix
Win , and we choose to scale the former for convenience in our implementation. The results show that the input scaling becomes relevant only as
of the number of slices increases (i.e., the slice bandwidth decreases). For
bandwidths below 16 GHz, an optimum can be seen for a signal variance
between 0.02 (values used throughout this work) and 0.05. However, it
is interesting to see that if the signal variance is significantly increased,
i.e., beyond 0.5, the best (yet sub-optimal) performance is achieved for a
lower number of wider spectral slices. The analysis reported here focused
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Fig. 6.14: Numerical results comparing the impact of the filter
process from the arbitrary waveguide grating (AWG) in the SNR
penalty. The reservoir computing has 300 neurons and spectral
radius 0.9. Figure adapted from our publication [J2].
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Fig. 6.15: Numerical results comparing impact of the filter process
from the arbitrary waveguide grating (AWG) in the SNR penalty for
a broader range of fiber transmission distance. The reservoir computing has 300 neurons and spectral radius 0.9. Figure adapted
from our publication [J2].
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Fig. 6.16: Numerical results comparing the impact of the scaling
input in the reservoir computing (RC) for different filter’s bandwidth (Bw) of the arbitrary waveguide grating (AWG). The reservoir computing has 300 neurons and spectral radius 0.9. Figure
adapted from our publication [J2].

on a 300-node reservoir with ρ = 0.9. However, we confirmed identical
trends for spectral radius varying between 0.7 and 0.9 and distances up
to 60 km.
Fig. 6.17 shows the result comparing the impact of RC in the equalization with different memory for different fiber transmission distances,
also in SNR penalty. We define the memory as in section 4.2.3; with the
settling time. The reservoir size is fixed at 300 neurons, and we measure
the memory of the reservoir for different spectral radius. As analyzed
in the previous characterization, we fix the optical pre-processing with
5-slice, each at 8-GHz of bandwidth/slice. We notice that for the reservoir
with maximum memory (12 samples), we have achieved the result with
minimum SNR penalty. Reducing the RC’s memory, and therefore the
spectral radius shows a worsen in the performance. Notice that at backto-back, there is still a difference in the SNR penalty. The reason might
be that reducing the spectral radius reduces not only the RC memory but
also the diversity of the signal that is used for the linear regression in the
RC’s output. These high spectral radius achieving better results compared
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Fig. 6.17: Numerical results comparing the impact of the reservoir’s memory in the transmission system. The reservoir computing
has 300 neurons and the memory is acquired for different values
of the spectral radius. Figure adapted from our publication [J2].

to low spectra radius are also aligned with multiple publications [70,
71].
Fig. 6.18 shows the analyzes for the number of neurons in the reservoir
for a fixed spectral radius of 0.9. The result shows that if the reservoir
size is not sufficiently large, the RC equalization worsens signal quality.
Fig. 6.19 summarizes our main finding up to this moment. The results
are analyzed in SNR penalty at KP4 FEC over different fiber transmission
lengths. We compare digital- and optical-only equalizers (results from
chapter 4 and chapter 5, respectively), together with the optoelectronic
systems analyzed in this chapter. First, notice that any optoelectronic
receivers studied here show improvement compared to digital-only equalizers (we show only the RC in the curve, but the least mean square (LMS)
and TDNN also had similar performance to the RC equalizer). Second,
we also see that the optoelectronic system composed by AWG and RC is
the hybrid receiver that achieved the best results. Compared to the other
optoelectronic system, this better performance might be related to the
filtering stage where the slices are created. When slicing the signal, the
type of filter, sharpness and relative position in the spectrum are critical
parameters to transfer the necessary information to the digital equalizers.
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Fig. 6.18: Numerical results comparing the impact of the number
of neurons in the reservoir in the transmission system. The reservoir computing has spectral radius fixed on 0.9. Figure adapted
from our publication [J2].

Given the specification for a short-reach transmission system and the
optical filter technology, the filter parameters will need to be optimized
to improve the overall system.
In the next section, we validate the system experimentally. We design
a 4-slice system using a wavelength selective switch (WSS) component
and compare the performance of the RC and TDNN.

6.4 Experimental analyses
The experimental setup is designed to compare a conventional singlecarrier transmission with the optoelectronic receiver. The Fig. 6.20 shows
the experimental setup.
A random binary sequence at 32 GBd with OOK is generated and
shaped by an RRC filter (roll-off equal to 0.1) at two samples per symbol
at the transmitter. The resulting signal is resampled to the digital-toanalog converter (DAC) sampling rate at 88 GSa/s. A Mach-Zehnder
modulator (MZM) is then used to modulate the signal with the bias set at
the quadrature point. The resulting optical signal is propagated through
a single mode fiber (SMF) length and amplified by an erbium-doped
fiber amplifier (EDFA), irrespective of the choice of receiver. Fig. 6.21
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Fig. 6.19: Numerical results comparing digital- and optical-only
equalizers with all optoelectronic systems discussed in this chapter.
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Fig. 6.20: Experimental setup. (a) Conventional receiver with
one photodetector. (b) Optoelectronic receiver with 4 photodetectors. PS: Pulse shaping; DAC: Digital-to-analogue converter;
SMF: Single mode fiber; EDFA: Erbium-doped fiber amplifier; WSS:
wavelength selective switch; ADC: Analogue-to-digital converter;
FFE: Feedforward equalizer; RC: Reservoir computing; TDNN:
Time-delay neural network; BER: Bit error ratio
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Fig. 6.21: OSNR as a function of the fiber length obtained in the
experimental setup.

shows the measured optical signal-to-noise ratio (OSNR) determined by
pre-amplifier EDFA input power over different fiber distances. Notice
that receiver OSNR does not exhibit a monotonically decreasing value
with length because different fiber spools with changing connector losses
are used.
At the single carrier receiver (Fig. 6.20a), the WSS is set to a broadband filter, removing the out-of-band noise. The signal is then detected
by one PD with a 3-dB electrical bandwidth of ≈ 40 GHz. It is worth
highlighting that the use of WSS is not necessary for the conventional
single carrier system. However, it is added here to make the optical
receive power in the PD similar for both analyzed receivers.
At the optoelectronic receiver (Fig. 6.20b), the signal is filtered by a
WSS with an optical filter as shown in Fig. 6.22 with four slices. The
filter’s bandwidth choice is based on our numerical analyses of the SD.
The choice of the number of filters was made to maximize the number
of outputs in the WSS device available in the laboratory. The filters
are designed as a second-order Gaussian filter with a 3-dB bandwidth
of 8 GHz at HWHM with 8 GHz spacing of the spectral slices. These
filters result in an overlap of about 8 GHz, as is illustrated by the four
colored curves in Fig. 6.22. After filtering, the signal is then detected
independently by four PDs (same bandwidth as the single PD case).
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Fig. 6.22: Relative position of the slices from the wavelength
selective switch (WSS) with four outputs, considering a 32 GBd
OOK signal with root-raised cosine filter (roll-off=0.1).

After detection, irrespective of the receiver, the signal is digitally sampled by a real-time scope with 80 Gsa/s and 33 GHz electrical bandwidth.
The received signal is processed offline, with a low-pass filter, an equalizer, and a symbol decision. Finally, the bit errors are counted, from that
BER is evaluated.
Specifically, three different equalizers are tested independently for
each receiver. For the single carrier receiver (Fig. 6.20a), a feedforward equalizer (FFE), RC, and a TDNN with hyperbolic tangent (TDNN
(tanh)) as activation function are analyzed. For the optoelectronic receiver (Fig. 6.20b), TDNN (tanh), RC and a TDNN with linear activation
function (TDNN (linear)) are analyzed. The choice of using the TDNN
(linear) in the optoelectronic receiver is to investigate the difference
between a linear and nonlinear equalizer with a similar topology.
The FFE is implemented with 32 taps updated by a LMS algorithm
at two samples per symbol. The TDNN is implemented as discussed in
section 4.1.1 (Chapter 4). The difference is that here we have decided to
use 32 neurons in the hidden layer and verified the performance of linear
and hyperbolic tangents in the activation function. Although 16 neurons
would already be sufficient according to the previous numerical analyses,
we decided to use 32 to avoid any limitation coming from the TDNN. The
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window’s temporal width considered in this analysis is also five symbols
per PD with a window sliding of 1 symbol at a time. More specifically,
in 4 PDs, we use 160 input samples (at eight samples per symbol) plus
four independent biases in the input layer. The central symbol is the one
being equalized. The Levenberg-Marquardt backpropagation algorithm
is used to update the weights at eight samples per symbol with 5% of the
total data used as training, 79232 samples. After training, the weights
are kept constant.
The RC is implemented as discussed in section 4.2.2 with the same
number of samples per symbol and training data as the TDNN, operating
with one input neuron per PD plus bias. The number of neurons in
the reservoir is analyzed in the result section, but when not specified,
consider 500 neurons. The spectral radius, however, was permanently
fixed to 0.9.
6.4.1 Experimental results
Fig. 6.23 shows the experimental results in terms of BER as a function of the fiber distance. We compare the single PD receiver with the
proposed optoelectronic system with four slices. The values of BER that
were equal to zero, we have changed it to 10−5 , creating the region
highlighted in the figure as "Error-free." The reason was the limited
number of samples acquired by the real-time scope, which reduces the
resolution of BER. Therefore, transmission with no errors is forced to be
marked as 10−5 in the results, highlighting the lack of resolution, not to
be mistaken as error-free transmission. Notice that the single PD receiver
has a limited transmission distance reach (≈ 13 km), irrespective of the
analyzed equalized. However, the optoelectronic system with TDNN
(tanh) and with RC can reach ≈ 80 km. The previous result is almost
double what we have obtained with the numerical simulations. The reason is the MZM. The MZM created a distance for the low-energy symbols
away from zero because of the extinction ratio. Therefore, the signal’s
tail, which comes from the pulse shaping and optoelectronic bandwidth
limitation components, is mostly positive. If the MZM is not modeled
(for the case of numerical simulations), the low-energy symbols will have
tails with negative values from the same process. The distortions created
by the square-law detection in the tails of the signal are less destructive
with MZM.
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Fig. 6.23: Experimental results comparing the performance of the
conventional receiver with one photodetector and the optoelectronic receiver with four photodetectors. RC: Reservoir computing;
FFE: Feedforward equalizer; TDNN (tanh): Time-delay neural
network with hyperbolic tangent in the hidden layer; TDNN (linear): Time-delay neural network with linear transformation in the
hidden layer. Figure adapted from our publication [J1].

Moreover, the linear TDNN equalizer is also investigated to compare
the performance of the two previously discussed nonlinear equalizers to
a linear equalizer. In this case, changing only the activation function of
the FNN (keeping the same number of neurons) showed a halving of the
transmission reach compared to the TDNN (tanh) and RC equalizers.
Note that the BER does not exhibit a monotonically increasing value
with length, as can be seen in Fig. 6.23. The reason is that the BER
depends on not only the CD but also the OSNR. As mentioned before, the
OSNR does not scale strictly linearly with link length in the experiment,
which can explain the BER behavior.
Fig. 6.24 shows the impact of using fewer slices than the number
available in the receiver. The results are also analyzed in BER as a
function of the fiber length. The slice numeration is highlighted in
Fig. 6.22. Using only slice number three, we see a severe penalty in
performance compared to using all the slices. However, it is still better
than the single PD receiver. This performance indicates the severe impact
of the power fading effect in the transmission. The results also show that
6.4
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Fig. 6.24: Experimental results comparing the optoelectronic receiver using fewer slices than the total available in the receiver.
The reservoir computing with 500 neurons was selected for equalization. Figure adapted from our publication [J1].

using more slices improves the BER compared to the previous results. For
example, slice numbers 2 and 3, which can be comparable to a duobinary
transmission. Or slices number 3 and 4, which can be similar to a single
sideband receiver.
Finally, in the experimental result, we have analyzed the impact of the
number of neurons in the RC algorithm. Fig. 6.25 shows this analyzed
in terms of BER as a function of transmission distance. As expected,
increasing the number of neurons in the reservoir improves the results.

6.5 Subcarrier system comparison
The optoelectronic system we have been using throughout this thesis
is based on the idea of either mitigating partially the CD with the Nstage SD/SC or by slicing the signal using the N-stage SD or the AWG,
for example. Alternatively, we could already transmit the signal with
a lower bandwidth by reducing its symbol rate in the transmitter. This
method is called the subcarrier multiplexing (SCM) system. In this
section, we will compare the SCM transmission system numerically with
the optoelectronic system.
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Fig. 6.25: Experimental results comparing the impact of neurons
in the reservoir computing for the optoelectronic receiver. Figure
adapted from our publication [J1].

6.5.1 Numerical setup
Fig. 6.26 shows the numerical setup. Conventionally, SCM is multiplexed in the electronic domain and detected by a single PD [74, 75].
However, in this section, we have multiplexed the subcarriers optically
and detected each independently. In this way, it is possible to re-use
the same building block of the system in both situations for a fair comparison. The dashed blocks are used when transmitting the SCM system. Fig. 6.26(a), shows the single carrier receiver used as a reference,
Fig. 6.26(b) the optoelectronic receiver, and Fig. 6.26(c) the subcarrier
receiver, where each subcarrier is detected independently.
At the transmitter, a random stream of 218 bits is generated and pulse
shaped with RRC (roll-off equal to 0.1) at two samples per symbol,
yielding a 32-GBd OOK signal for the single carrier transmission. For the
SCM system, we transmitted four subcarriers with 8 GBd each. To avoid
cross-talk among the carriers, we shifted each subcarrier to a central
baseband frequency of -13.2 GHz, -4.4 GHz, 4.4 GHz, and 13.2 GHz —
basically a guardband of 0.8 GHz per subcarrier. The total bandwidth is
also 35.2 GHz, as in the single-carrier case. The signal is then upsampled
to 8 sps and modulated by the MZM’s transfer function in the quadrature
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point, and the following is injected into the transmission channel. As in
the previous simulations, the focus is on compensating for CD-induced
ISI after detection; therefore, the transmission channel is modeled only
as a linear lossless dispersive element with a dispersion parameter D =
16.4 ps/nm/km. An AWGN source is used to degrade the signal, e.g.,
simulating an optical pre-amplifier at the receiver, consistently with the
experimental analysis. The AWGN source is set to create a SNR fixed of
21.47 dB in the numerical analyses. This SNR is defined according to the
experimental OSNR at back-2-back, with the measured value of 34.58 dB.
We have mapped the OSNR to SNR according to [76]. For the case of the
SCM system, the AWGN source is added to keep the same SNR for each
subcarrier as in the single carrier transmission system. Afterward, the
signal goes to one of the three options of the receiver — two options for
the single carrier receiver and one for the SCM system.
In the single carrier receiver, the PDs are modeled as noiseless squarelaw elements. For the case with 1 PD (Fig. 6.26(a)), the WSS is modeled
as a Gaussian filter with the full width at half maximum (FWHM) bandwidth at 40 GHz. For the optoelectronic receiver (Fig. 6.26(b)), the WSS
is modeled as four Gaussian filters with FWHM of 16 GHz and its relative
position in the signal’s spectrum showed in Fig. 6.22. The baseband
central frequency of the filters is set to -12 GHz, -4 GHz, 4 GHz, 12 GHz.
Considering the bandwidth of the filters, this means a spectrum overlap
among the filter of 8 GHz. For equalization, we have used the FFE trained
with LMS, the RC, and the TDNN (tanh). The algorithms have the same
configuration as in the experimental analyses from the previous section.
In the SCM system, the WSS is modeled as four rectangular filters
with FWHM of 8 GHz and its relative position in the signal’s spectrum
showed in Fig. 6.27, which means different central frequency to take
into account the guardband added in the transmitter. After filtering, the
FFE is used to process each signal independently, and the average BER of
each subcarrier is evaluated.
6.5.2 Numerical results
Fig. 6.28 shows the results for the single carrier receiver with one PD
(Fig. 6.26(a)) and the SCM system (Fig. 6.26(c)). As expected, because
of the square scaling factor related to the PD, reducing the symbol rate
transmission by four increases the transmission reach by 16 times (CD
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Fig. 6.26: Numerical setup used for comparing the conventional
receiver with one photodetector (a), the optoelectronic receiver
with four photodetectors (b), and the subcarrier receiver (c). PS:
Pulse shaping; SMF: Single mode fiber; EDFA: Erbium-doped fiber
amplifier; WSS: wavelength selective switch; FFE: Feedforward
equalizer; RC: Reservoir computing; TDNN: Time-delay neural
network; BER: Bit error ratio.
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Fig. 6.27: Relative position of four subcarrier at 8 GBd OOK with
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Fig. 6.28: Numerical analyses of the impact of chromatic dispersion on single carrier transmission considering different equalizers
for 32 GBd and 8 GBd OOK signals. Figure adapted from our
publication [J1].

limit). The performance is approximately the same, irrespective of the
equalizer used.
Fig. 6.29 shows the performance of the optoelectronic receiver with
4 PDs (Fig. 6.26(b)). After slicing the received signal, the time delay
related to the CD for each slice can be calculated deterministically concerning the signal’s spectrum center, as we have shown in section 5.1. For
example, considering the center of the first slice (indicated in Fig. 6.22),
the frequency difference to the center of the signal’s spectrum is -12 GHz.
As well, considering the dispersion parameter D = 16.4 ps/nm/km and
the fiber transmission L = 80 km, the time delay due to the CD can be
calculated as CDdelay = D ∗∆λ∗L = 126.17 ps. The delay of each slice is
then corrected before equalization by considering the sample rate of the
system. The effects of this delay being applied (full-lines) or not (dashedlines) are analyzed in Fig. 6.29 for the RC (circles) and the TDNN (tanh)
(squares). The results show that for both equalizers, the CD synchronization (CD sync), explained previously, increases the transmission reach
by 80% for the RC and 60% for the TDNN (tanh). Considering that the
TDNN and the RC are universal approximators (given the appropriate
choice of the number of neurons and training) [64, 77], both algorithms
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Fig. 6.29: Numerical analyses of the impact of slices synchronization on the optoelectronic receiver for single carrier transmission
of 32 GBd OOK signal. Figure adapted from our publication [J1].

should be able to converge to a solution that would give the appropriate
delays mentioned before. A probable reason why this is not happening
is that these delays should be applied individually for each slice. In
other words, the connection from the input signal to the hidden layer
(or reservoir) for each input should converge to a transformation that
matches the necessary individual delays mentioned before. Therefore,
achieving a reduced error in the cost function of the equalizer. In this
sense, these connections would be working as interpolators. Changing
the topology of these connections to act as interpolators with an initial
condition close to the desired value would facilitate the convergence
of the TDNN. In the case of the RC, because the input weights are not
trained, they would need to be defined deterministically. For the case of
mitigation of CD in a short reach system using the optoelectronic receiver,
the change in the topology to facilitate the training is not necessary since
the delay is already known and only depends on the choice of the optical
filters and symbol rate of the system.
Fig. 6.30 shows the results comparing the performance of a single carrier transmission for the optoelectronic receiver with four PDs
(Fig. 6.26(b)) and the subcarrier system for 8 GBd OOK signal (Fig.
6.26(c)). The results show an improvement of 40 km in the subcarrier
system receiver compared to the optoelectronic system.
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Fig. 6.30: Numerical comparison between optoelectronic receiver with slice synchronization (1x32GBd) and subcarrier system
(4x8GBd). Figure adapted from our publication [J1].

6.6 Summary
In this chapter, we have studied three different optoelectronic techniques for increasing the transmission reach of IM-DD systems.
The first optoelectronic technique is the joint optimization of the CD
mitigation in the optical domain (prior detection), together with a TDNN.
The optical mitigation technique is based on the results found in chapter 5
with the N-stage SD/SC. We show that using a joint training of the optical
equalizer (using cross-entropy as loss function), together with the TDNN
improves the results comparing to using them isolated. Specifically, we
show that a 32 GBd OOK signal shaped with RRC (roll-off 0.1) can have
a transmission reach of 26 km considering a 1 dB SNR penalty with
a 2-stage SD/SC and a TDNN — 12 km improvement in transmission
reach, compared to using only the 2-stage SD/SC. We calculate the SNR
penalty by comparing the curve under test to a reference curve without
equalization at KP4 FEC.
The second optoelectronic technique reduces the number of MZDIs
compared to the previous component. In this case, only the N-stage SD
(without the SC) is used in the optical domain, together with a TDNN
for digital equalization. The optical signal is divided by an even number
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of subbands (slices), and we apply an independent optical time delay
to each subband. The signal is then detected by independent PDs. The
optical delays and the TDNN’s weights are trained by an adaptative
algorithm based on the cross-entropy of the system. We show that the
simplified optoelectronic system (2-stage SD + TDNN) has a similar
SNR penalty for transmissions distances with less than 5 km, as the
complete optoelectronic system (2-stage SD/SC + TDNN). However,
as the transmission distance increases, the simplified optoelectronic
system worsens the results by 1.5 dB SNR, compared to the complete
optoelectronic system.
The third optoelectronic system analyzed in this chapter is based on
dividing the optical signal into smaller subbands through optical filtering
and the use of RC for digital equalization. This option is similar to the
previous optoelectronic system, but we model an AWG for the optical
slicing operation (using Gaussian filters) and evaluate the impact of the
number of slices in the equalization of a 32 GBd OOK signal for an IM-DD
transmission. Different from the previous system, we do not use optical
time delays; each sliced signal is directly detected by a PD. Also, the
number of signal subbands is always odd, with one of the slices always
centered in the signal’s spectrum. We have shown that using five slices,
either with 8 or 10 GHz bandwidth each (measured with HWHM), is
the optimal solution that minimizes the SNR penalty at KP4 FEC for all
transmission distances tested.
After analyzing the previous three proposals of optoelectronic systems,
we have validated the work experimentally. In the optical domain, we
have used a WSS to divide the optical signal into four subbands, and each
detected by an independent PD. In the digital domain, we have compared
the equalization performance of TDNN and RC. As a reference, we have
also received the optical signal with a conventional IM-DD receiver,
without any optical filtering. We have shown that the optoelectronic
receiver allows transmission reach of ≈ 80 km, while the conventional
receiver was limited to ≈ 13 km, considering the KP4 FEC and a 32 GBd
OOK signal with RRC (roll-off 0.1).
Finally, we have numerically compared the optoelectronic equalizer
used in the experimental setup with a subcarrier system. The subcarrier
system has four subcarrier with 8 GBd OOK signal with RRC (roll-off 0.1)
signal each. The results show an improvement of 40 km in the subcarrier
system receiver compared to the optoelectronic system.
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7
Conclusions and Outlook
This thesis contributes to the state-of-the-art equalization techniques for
intensity-modulated and direct detected (IM-DD) systems — considering
a carrier frequency at 1.55 µm. In this system, the main impairment is the
power fading effect, reviewed in chapter 2. In chapter 3, we review some
state-of-the-art equalization techniques used to increase this transmission
system’s rate and reach. Although many ideas are available for the
equalization of IM-DD systems, due to the power fading effect being
a nonlinear impairment, as well as complexity and latency restriction
for short-reach applications (where IM-DD is conventionally used), it
has been a challenge to have them implemented in application-specific
integrated circuit (ASIC) for a high rate system.
In this thesis, we have proposed and studied the use of optoelectronic techniques for the equalization of IM-DD systems. First, we have
analyzed the impact of digital-only equalizers. In chapter 4 we have
investigated the time-delay neural network (TDNN) and reservoir computing (RC), and compared them to the linear equalization (feedforward
equalizer (FFE) trained with least mean square (LMS)). Second, we have
studied the impact of optical-only equalizer using mach–zehnder delay
interferometer (MZDI) components. Finally, we have investigated the
optoelectronic system composed of neural network-based equalizers from
chapter 4 and the optical equalizer from chapter 5.
In the following, we summarize the techniques studied in the thesis
and an outlook on possible future research directions.
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7.1 Neural network-based equalizer
In chapter 4, neural network-based equalizers have been analyzed for
the equalization of IM-DD systems. We have discussed that feedforward
neural network (FNN)s requires the information from neighbors’ symbols
for the equalization of communications systems because of the intersymbol interference (ISI) generated during the transmission. Therefore,
we have been using in the thesis the TDNN, where a sliding window is
used in the input layer to bring the symbol neighbors information to the
neural network (NN). Moreover, we have highlighted that the communication system generally requires constant re-training of the parameters
to track the distortion over time inflicted by the channel. Therefore, the
algorithm’s performance and the training method should be considered
when comparing techniques for equalization on communication systems.
With the re-training in mind, we have studied the use of RC for
equalization of IM-DD systems. In this algorithm, only the output layer is
necessary to go through the training stage. Therefore, the conventional
backpropagation algorithm is not necessary. Instead, a linear regression
algorithm can be used, which may simplify the training stage.
In terms of results, we have shown that the TDNN and RC exhibit a
slight improvement compared to the linear equalizer. The reason is that
the information required to mitigate the chromatic dispersion (CD) was
already lost after the square-law detection, which severely impacts the
system performance — even with nonlinear equalization.
We have also shown that the RC has a better equalization process
for reservoirs with more memory (measured through settling time).
However, even though the reservoir’s memory is increased, we have
observed saturation in the results with 100 neurons (spectral radius of
0.9).
For future works, we suggest the use of a model for the Mach-Zehnder
modulator (MZM) in the numerical simulations as it can significantly
help in the equalization process. We have avoided it in the beginning to
simplify the system and isolate the power fading effect. However, as we
have discussed in chapter 6, using the MZM avoids the negative values
from the time domain signal, which are lost once it goes through the
photodetectors (PD).
Another point for future works is to consider multiple inputs for the
RC. We have been using the RC with only one input to highlight the
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memory capacity of the algorithm. We showed that the RC with only one
input had similar performance as the TDNN — showing the algorithm
potential. However, a block-wise input should also be considered for
applications targeting ASIC. From some preliminary results, we expected
a better performance of the algorithm.

7.2 Optical-based equalizer
In chapter 5, we have studied the use of MZDIs for mitigation of CD
in the optical domain before detection. Therefore, avoiding the power
fading effect. The MZDIs are used for frequency division which splits
the optical signal into small subbands (slice). For each subband, we
have used an independent time delay and phase shift to mitigate the CD.
Afterward, the signal is reconstructed with the help of additional MZDIs.
We have named this operation as N-stage spectrum composition and
decomposition (SD/SC), where N is the number of frequency division
stages.
The time delay and phase shift are trained with an adaptive algorithm
to find the best value that reduces the loss function of the system (in our
case, the cross-entropy of the system). We have shown significant gains
when both degrees of freedom are used together with the training stage.
We have also shown that as the number of frequency division stages
increases, the CD mitigation also improves. This result is expected
because the CD mitigation needs to delay each frequency by a different
value. However, this comes with the cost of more MZDIs.

7.3 Optoelectronic equalizer
In chapter 6, we have analyzed two directions for optoelectronic
equalization. The first is the optical mitigation of CD, with a nonlinear
equalizer. In this case, the CD is partially mitigated by the optical structure (N-stage SD/SC), and the residual ISI are mitigated by the TDNN.
The optical components that are adjusted to mitigate the CD are trained
together with the TDNN’s weights, using the cross-entropy of the system.
We have showed that a 32 GBd on-off keying (OOK) signal shaped with
root-raised cosine (RRC) (roll-off 0.1) can have a transmission reach
of 26 km considering a 1 dB signal-to-noise ratio (SNR) penalty with
a 2-stage SD/SC and a TDNN — 12 km improvement in transmission
reach, compared to using only the 2-stage SD/SC. We calculate the SNR
7.2
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penalty by comparing the curve under test to a reference curve without
equalization at KP4 forward error correction (FEC).
The second direction of the optoelectronic system is to divide the
optical signal into smaller subbands (slices). In this case, there is no
optical mitigation of CD. Instead, each slice is detected by an individual
PD. Therefore, the nonlinear equalizer has two tasks. The first task is
to reconstruct the signal from the information of each slice. The second
task is to mitigate the residual ISI coming from the CD, as well any other
source of ISI that will minimize the system’s loss function. We have shown
that using the 2-stage spectrum decomposition (SD), which divides the
optical signal into an even number of slices and the TDNN worsens the
results by 1.5 dB SNR, compared to the optoelectronic system that first
mitigates the CD (first direction of the optoelectronic system). However,
using the arbitrary waveguide grating (AWG) (modeled with Gaussian
filters) with an odd number of slices and one of the slices always centered
in the signal’s spectrum, together with the RC for digital equalization,
shows a 32 GBd OOK signal with RRC (roll-off 0.1) with a transmission
reach of ≈ 40 km (considering 0 dB SNR penalty).
The experimental setup has validated the ideas proposed by slicing
the optical signal and applying nonlinear equalizers in the digital domain.
We have shown a 32 GBd OOK signal over ≈ 80 km of fiber transmission
for the optoelectronic system with four slices, each detected by individual
PDs, together with TDNN or RC equalization. While the conventional
single PD receiver only reached ≈ 13 km.
For future works, we suggest that different shapes of filter and their
relative position should be tested, together with the RC. The RC operating
as a nonlinear equalizer might find other optical filtering configurations
advantageous during the equalization process — improving further the
transmission reach.
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Acronyms
ADC analog-to-digital converter. 9, 22, 54, 63
ASIC application-specific integrated circuit. 21, 26, 85, 87
AWG arbitrary waveguide grating. 54, 62–64, 66, 69, 76, 83, 88
AWGN additive white Gaussian noise. 9, 24, 33, 47, 55, 64, 78
BER bit error rate. 33–35, 37, 48, 49, 55, 56, 59, 64, 73–76, 78
BPTT backpropagation through time. 25, 26
CD chromatic dispersion. 3, 4, 6–9, 11–13, 16, 18, 19, 22–24, 31, 33,
39, 41, 44, 45, 47–50, 52–55, 57, 58, 62, 64, 75, 76, 78, 80–82,
86–88
DAC digital-to-analog converter. 9, 22, 70
DCF dispersion-compensating fibers. 4, 12, 19
DD direct detection. 3, 7–9, 21–23, 25, 41, 42, 48
DFE decision feedback equalizer. 14, 15, 17
DML directly modulated laser. 15
DMT discret multitone. 18
DSP digital signal processing. 6, 9, 16
EDFA erbium-doped fiber amplifier. 2, 7, 14–16, 18, 24, 70, 72
FBG fiber Bragg gratings. 4, 12, 19
FEC forward error correction. 14–16, 18, 35, 39, 49, 50, 52, 53, 56, 59,
61, 62, 64, 69, 82, 83, 88
FFE feedforward equalizer. 13–15, 19, 21, 33–35, 73, 78, 85
FNN feedforward neural network. 4–6, 16, 21–23, 25, 86
FWHM full width at half maximum. 78
HWHM half width at half maximum. 64, 72, 83
IM intensity modulation. 7
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IM-DD intensity-modulated and direct detected. 2–7, 9, 11–16, 18–21,
39, 53, 82, 83, 85, 86
ISI intersymbol interference. 3, 8, 17, 22, 23, 25, 34, 50, 56, 58, 86–88
LMS least mean square. 13, 14, 21, 33, 69, 73, 78, 85
MLSE maximum likelihood sequence estimation. 4, 13–15
MSE mean square error. 19
MZDI mach–zehnder delay interferometer. 6, 41, 42, 44, 45, 47, 52–55,
82, 85, 87
MZM Mach-Zehnder modulator. 9, 10, 14, 17, 70, 74, 77, 86
NMSE normalized mean square error. 33
NN neural network. 15, 16, 22–25, 39, 41, 86
OFDM orthogonal frequency division multiplexing. 18
OOK on-off keying. 6, 9, 11, 17–19, 21, 33, 42, 47, 52–54, 62, 64, 70,
77, 81–83, 87, 88
OSNR optical signal-to-noise ratio. 9, 11, 72, 75, 78
PAM4 pulse amplitude modulation 4-level. 14–17, 19
PAM8 pulse amplitude modulation 8-level. 15
PD photodetectors. 4, 6, 7, 9, 10, 13, 16, 18, 33, 41, 48, 53–55, 58,
62–64, 72, 74, 75, 77, 78, 80, 81, 83, 86, 88
RC reservoir computing. 4–6, 19, 21, 26, 27, 29–31, 34, 35, 37, 39, 54,
62–64, 66, 68–70, 73–76, 78, 80, 81, 83, 85–88
RNN recurrent neural network. 4, 16, 25, 26
RRC root-raised cosine. 9, 11, 15, 33, 34, 42, 45, 47, 48, 55, 56, 59, 63,
64, 70, 82, 83, 87, 88
SC spectrum composition. 45, 47, 53, 58, 82
SCM subcarrier multiplexing. 76–78
SD spectrum decomposition. 45, 47, 53, 54, 58, 59, 62, 63, 72, 76, 82,
83, 88
SD/SC spectrum composition and decomposition. 47–50, 52–59, 63, 76,
82, 83, 87
SE spectral efficiency. 23
SMF single mode fiber. 1, 7, 8, 12, 14–18, 70
SNR signal-to-noise ratio. 18, 34, 35, 37, 39, 49, 50, 52, 56, 59, 61, 62,
64, 66, 68, 69, 78, 82, 83, 87, 88
90

Acronyms

SOA semiconductor optical amplifier. 5
SSB single side-band. 12, 16, 17
SSBI signal-signal beat interference. 10, 11
TDNN time-delay neural network. 15, 21, 23–25, 31, 34, 35, 39, 53–59,
61, 62, 69, 70, 73–75, 78, 80–83, 85–88
THP Tomlinson-Harashima precoding. 17
TIA transimpedance amplifier. 14–16, 18
WDM wavelength-division multiplexing. 2, 18
WSS wavelength selective switch. 70, 72, 78, 83

Acronyms
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