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Abstract

A primary objective of optical system design is to satisfy the-en@easing capacity demand
for communication services. Fulfilling this target by increasing the cardinality of modulation
formats is at the expense of a reduced system tolerance to transmission impairments with the
capacity ultimately limited by Kerr fiber nonlinearities. The reseandsented in this thesis
focuses on exploring solutions to fulfill the demand for increased capacity and studying advanced
techniques for modelling and characterizing systems, predicting performance, and estimating
critical parameters.

The thesis investigas the quantification of the impact of fiber nonlinearities on the spectral
broadening denoted as the spectral edge power (S8FERpler 2 The implications of intraand
inter-channel nonlinearities for 224 Gb/s singleannel and 256 Gb/schannel dual polarization
16-ary quadrature amplitude modulation (DRQBM) systems arguantified in terms of SEP.

The experimental results demonstrate that the launch power that minimizes the bit error ratio and
SEP coincides.

The research utilizes spectral and power efficient raiiensional modulation formats, which
provide the capabtly to fine-tune the spectral efficiencZbapter 3. The performance of the four
dimensional separtitioning (SP) 12&AM is experimentally investigad. The results
demonstrate improvements ®f3% and 8.2%n the information rates for th256 Gb/s SP 128
QAM compared to th®P 16QAM at the saméit rate and for transmission over 2100 km and
2700 km, respectively.

The thesis studies the estimationtleé nonlinear signetb-noise ratio $NRyi) using artificial
neural networks@hapter 4. The accuracy of the estimation procedure is verified 8.8 Gbaud

DP 16QAM signal with a maximum normalized reoteansquare error of 0.37% for estimating



SNRi in simulation, and less than 0.25 dB deviation from the 8N& for estimates obtained
with varying fiber length and launch power in experiments.

The research explores the identification of the shaping distribution eddatgtive transmission
systems using the estimatesSMiR| and taking advantage of the unique properties of nonlinear
interference noiseQhapter %. The identification results exhibit success rates of higher than 96%
and 79% for two groups of five shaping distributions corresponding to bit rate granularities of 25

Gb/s and 1A Gb/s, respectively.
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Chapter 1

Introduction

1.1 Coherent Optical Communication Systems

Research and development in optical fiber communication systems started in the first
half of the 1970s [1]. At that time, the optical signal intensity wasdulated for
transmsson through an optical fiber and a squda® photodiode detectatepower. This
combination of transmitter and receiver is callb@ intensity modulation and direct
detection (IMDD) scheme. In 1980s, coherent detection was extensively studied for its
potertial benefit in increasing the unrepeated transmission distance but interests
diminished, since 1990, due to rapid advances in-bagacity wavelength division
multiplexed (WDM) systems, which employed the conventional IMDD scheme as well as
the newly deeloped erbium doped fiber amplifier (EDFA) to compensatéi@span loss
of alink [2].

In 2005, 20 years after thenviention of coherent receiversmprovemens in

complementary metadxidesemiconductor (CMOS) transistaechnology, and the

1
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implementaibn of high speed analetgp-digital converters (ADCs), digitab-analog
converters (DACs), and higépeed applicatiospecific integrated circuits (ASICs) which

are compatible with the bit rates of data transmission in fiber optic communications,
renewedhe interesin coherent technologies. Digital signal processing (DSP) for optical
transmission systems began to be employed in research laboratories. The functionality and
adaptability of DSP make @&key enabling technology in the development of highdtie
systems, where advanced algorithms are used to perform signal processing functions which
are impractical in analog hardware [3].

The everincreasing bandwidth demand was the motivation for the renewal of interest
toward digital coherensystems which enables the employment of spectrally efficient
modulation formats, such as-any phase shift keying (PSK) and quadrature amplitude
modulation (QAM) [4] without relying upon a rather complicated optical phaded
loop byusingDSP to estimate the car phase [1]. By employing a coherent receiver, the
full information of the signal, meaning the complex amplitude and state of polarization
can be obtained at the receiver. This information is converted to the digital domain using
ADCswith the digital éta being processed by DSP circuits.

The research presented in this thesis is motivated by the extensive demand for increasing
both the capacity and achievable transmission distance of optical fiber transmission
systems, which is obtained by increasingdasdinalityof advanced modulation fornsat
The presented research focuses on utilizing aeNtl, multidimensional modulation
formats with the aim of increasing capacity and employing advanced techriague
constellation design with the objective @icreasing the tolerance to transmission

impairments.
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Fulfilling the capacity demand is at the expense of reduced system tolerance to
transmission impairments with the capacity ultimately limitedbyr fiber nonlinearities.
This implies the need for adwee techniques for modeling and characterizing systems,
predicting performance, and estimating various critical parameters. This thesis addresses
novel methods for optical performance monitoring in order to estimate and quantify the
impact of nonlinearityon system performance.

In the following sections, relevant concepts to the presented research, which appear

throughout the thesis, are described.

1.2 Coherent System Architecture

In combination with coherent detection, DSP allows recovery of signdie presence
of impairments, whickenabled dramatic improvements in the working principles of optical
transmitters and receivers and more gener al
network, DSP provides a novel solution for numerous technologicdénbas to fulfill
the increasing demand for capacity.

Figure 1.1 showablock diagram o& coherent optical transmission system vattual
polarization (DP) signal. All of the research in this thasigocused on dispersien

unmanaged links, which consist of fiber spans and EDFAs only as shown in Figure 1.1.
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Figure 1.1: A generic diagram of digital coherent transmission systeAC: digital-to-
analog convertel®BS polarization beam splitteBBC. polarization beam combineeDFA:
erbium doped fiber amplifieBPD: balanced photdetector ADC: analogto-digital converter

At the transmitter, input bits after being processed by a DSP block are converted into
four digitized waveforms correspondingitrphase (1) and quadrature (Q) components of

X-and Y-polarizations. To generate mulével modulations, the | and Q branches for the
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two orthogonal polarization components of the fohannel optical modulator are driven

by multir-level electrical sigals from the DACs following &our-channel linear amplifier.
After optical modulation, i.eelectricatto-optical (E/O) upconversionthe outpus of the

two modulatos aregpassed to a polarization beam combiner (PBC) to orthogonally combine
the two polazations. The resultant optical signal is launched over a channel consisting of
multiple spans of standard single mode fiber (SSMF) with amplifiers.

A DSP block can implemented at the transmitter and/or receiver. In the transmitter, the
combination of DSP and DACs can generate arbitrary drive signals for an optical
modulator. This flexibility allows the modulated optical signals to becprapensatedof
the effects of fiber chromatic dispersion (CD), fiber nonlinearitresfrequency response
of the DACs and modulata, and the filtering effect of reconfigurable optical attdp
multiplexers (ROADMS). In addition, spectrally efficient transmissian be achieved by
synthesising multievel electrical signals and applying proper pulse shajointhe signal
at the output of DACs in order to generafgectrallyefficient, multi-level modulation
formats.

Since the ultimate parameter of interest for ieévork operators is reducing the cost
per bitpersecond.kilometer (b/s.km) [3], the lowest cost of transmission can be realized
when each modulator operates at maximum practical capacity. Consequently, DACs
operate at highest sampling rate available dogiven technology node [5which
determins the maximum achievable symbol rate in transmitterghis condition, DSP
techniqguesuch as pulse shapiage used toeduce modulated signal bandwidiid hence

allow maximizing the symbol rate for a giveampling rate ofhe DACs.
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Transmitter side DSP functions can include [5]: i) mapping of data onto phase,
amplitude, and polarization, ii) transmitter synchronization and timing, iii) CD pre
compensation, iv) pulse shaping,prie-compensation for the response of radio frequency
(RF) drivers and electroptic modules, vi) precompensation of intreahannel nonlinear
effects including selphase modulation (SPM), intchannel crosphase modulation
(IXPM), and intrachannel fowwave mixing (IFWM).

At the receiver, the optical signal is coherently detected by a polarization and phase
diverse configuration comprised two optical hybrid froneends with four balanced pheto
detectors (BPDs). A tunable local oscillator (LO) laser@widrization beam splitter (PBS)
serve as local phase and polarization references, respectively. Four electrical signals from
BPDs, i.e. | and Q components of Znd Y-polarizations, are digitalized using four high
speed ADCs. In laboratory experimentample values obtained after coherent detection
arerecorded with realime sampling oscilloscopes operating at a sampling rate greater
thantwice the highest frequency components of the signal. DSP fundm@pserformed
offline on the sample values.

Thereceiver side DSP includes [5]: i) normalization to unity mean squared magnitude
and filtering, ii) front end correction, iilesampling to two samples per symbol, iv) fixed
and adaptive equalization, v) clock recovery, vi) carrier recovery, and viidd&tation
and demapping.

Some of the transmitter and receiver functions use the same procedure, for example,
equalization, or CD prer postcompensation. Other functions are specific to eAdirief
overview of some of the DSP functions used in cafteiransceives is presented in the

following.
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Pulse shaping

For high spectrally efficient transmission, the channel spacing should be close to the
symbol rate, so channel cross talk becomes more important. This can be eliminated by
narrow filtering at thedransmitter at the expense of intgrmbol interference (ISI). The
proper transmission filter bandwidth and channel spacing can be achieved by satisfying the
tradeoff between intechannel (e.g. cross talk) and intthannel (e.g. ISI) distortions [6].

As a resulta pulse shaping filter is appropriate, which at the same time reduces the
signal bandwidth therefore increag thespectral efficiency (SE) and does not introduce
ISI. SEis definedas the information rate divided by tafbocatedransmissiorbandwidth.

In this context, ISI free raisecbsine (RC) pulse shaping pulse shapsfyjequentlyused.

An RC pulse shape is mathematically described in the time domain by the following

expression:
AT 10
0~ S .
Qo i Qé:\g) Y‘ h (1.1)
g o
b~y

whereT is the symbol period arfalis the roltoff factor. In the frequency domain, the RC

filter is described by:
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The roltoff factor ) of the RC pulse determines its bandwidth, wierel indicates
the maximum bandwidth occupied by the filter, &0 leads to the minimum bandwidth
scenario and is known as the Nyquist pulse sHdpguist signalings employed to shape
the spectral component and reducedahigcalbandwidth of theignal to the symbol rate.
Consequentlyfor a given sampling rate of an AD@e maximum achievable symbol rate
in transmitters can be increased (by up to twofold) by applying the RC pulse(shitafe
= 0 compared th = 1) since themaximum frequency component ah opticalsignal can
be reduced tahe symbol rate.In that regard, for a given symbol rate, the minimum
sampling rate of an ADC, depending on the-offlfactor of the RC pulse shaping, can be
reduced by a factor of 2 byrangingb from 1 to 0.Since acording to the Nyquist theorem,
the minimum sampling rate ah ADC should be greater thawice the highest frequency

component of the signal
Front-end correction

This function includes compensation for imperfecsion acoherent receiver, which
might include compensation for timing skew between the four channels due to distinct
electrical and optical path lengths. Moreover, this step includ€s inbalance
compensation, which is the loss of orthogonality betwbenQ signals due to nceideal
components. Compensation is done using digital methods such ag Satamdt

orthogonalization [7].
Resampling to 2 samples per symbol

This step at the receiver is used to resamplediti¢gal signalfrom an asynchronous

sampling ratef the ADC to two samples per symbbDlepending a the roltoff factor of

8
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the pulse shaping filtehe bandwidth of the detected signaBis pRv/2, whereRo is the
symbol rate ang is a fraction satisfying ¥ p < 2. This implies the minimum sampling
rate of ADC to be equal tpRy in order to avoid the aliasingdlowever in such a case,
digital datafrom ADC areresampled to satisfy the twiones oversampling conditiqitwo
samples per symboljhereby allowing forprecise signal equalizatig]. It should be
noted thatthe sampling instances for two times oversamplarg optimized after CD

compensatiomn the clock recovery step
CD compensation (fixed equalizer)

Depending on the maximum dispersion of the channel and the required fiber length,
time domain equalization (TDE) or frequency domain equalization (FDE) metreds
used for CD compensation [8]. Time domain finite impulse response (FIR) filters are the
first candidate for CD compensation. By knowing the fiber CD transfer function, the
required filter coefficients can be obtainedihe number of taps and hencie
computational complexity folf DE scaledinearlywith CD. As a result, for large values of
CD fast Fourier transform (FFT) based F3Hrequentlyused to compensate chromatic
dispersim [9]. The complexity for FFT based FDE increases with CD on a logarithmic
scale sinceite number of complex multiplicati@per output poinfor an N point FFThas

a logarithmic dependea®nN.
Clock recovery

Due to the deviation between the sampling rates of the transmitter and receivgr clock

samples of received data needbéosynchronous with the symhaeriod Determination of



Chapterl. Introduction

thetiming errorand retiming areperformed in this step. A common algorithm for clock

recovery is digital filter and square timing recovery [10].
Adaptive equalizer

Adaptive equalization jointly awucts polarization deultiplexing and compensates
time-varying channel effects such as polarization mode dispersion (PMD), residual CD,
and filtering effects. This may be realized using a set of four FIRsfiker DPquadrature
phase shiftkeying (QPSK), the filter coefficients can be updated using the constant
modulus algorithm (CMA) [11]. In the case of me#vel modulation formatsuch as m
ary QAM (e.g., m = 16, 32, 64yvhere the modulus of the constellation is not constant,
CMA may ke used for preonvergence and then changed tm@ti-modulus algorithm

such as thdecisiondirected least mean square (LMS) algorithm [12].

Frequency offset estimation and compensation, and Carrier phase

recovery

Due to the difference in theequencief the transmitter and receiver LO lasers, the
downconverted received signal after coherent detection exhibits a frequency offset
corresponding to tfrequencydifference. Moreover, the detected signal is adversely
affected by time varying laser phassse due to the nerero linewidth of transmitter and
receiver LO lasers. As a result, carrier synchronization (i.e., carrier frequency offset and
phase error compensatiois) performed beforesymbol decisiors are made. Frequency
offset correction and phaserror compensation techniques are very similar. A basic
approach for both is to remove the modulation, obtainrstimate of the frequency offset
or laser phase noise, and correct for them. Several carrier frequency estimators as well as

10
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carrier phase ésnators have been presented for optical transmission. These algorithms
rely on the phase difference between two adjacent received samples for which the
modulation has been removed. This is straightforward for PSK modulatiofiading a
frequency thamaximizestheFFT of the il power of the receivesignal(m is the number

of constellation points) [13]To obtain modulation free samplEss OPSKsignals the4t™

power approach can be us@dQPSK partitioned scheme for frequency offset estimation
of 16:QAM signak is presented in [14]where the % power approach was applied to
subsets of symbols which were partitioned based on their amplifindeblind phase
search (BPS) [15] algorithm ungj a feed-forward approach is a commonly used method
for carrier phase estimation due to dagability for implementation in real time using DSP
techniques in contrast to feedback algorithms such as the dedistoted phasécked

loop (DD-PLL).

1.3 Multi -Level and Multi-Dimensional Modulation Formats

Current coherent transmission systems implement DFQAM signals by
independently modulating iphase and quadrature carriéos each ofthe orthogonally
polarized signal This is referred to as 2 x tawbmensional (2D) modulation.
Alternatively, the two orthogonal polarizations can be modulated dependently by
simultaneously modulatintheir in-phase and quadrature carriefsis scheme is denoted
asfour-dimensional 4-D) modulation. Separtitioning base@AM formats are examples
of 4-D modulation [16]. These modulations are constructed by applyingnerboeck

setpartitioning scheme in-B signal space tthe2 x 2D scheme of DP RQAM, which

11
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causesa dependency between the symbols of one polarizatictime other polarization
[17], [18], and [19]

By adding another degree of freedom, thB &odulation can be achieved, which is
constructed by defining constellations by two time slots thiedour dimensions oan
optical field within each time slot (employing modulation on each time slot) [20].

In addition to increasing the cardinality as well as dimension of a modulation format,
advance techniques such as constellation design can be employed to enhance the
transmission performance afualfill the increasing demand for capacit¢onstellation
shaping of multdimensional modulatioriormats provides flexibility in adjusting the
spectral efficiency based on the requireptical signaito-noise ratio (OSNR) thus
allowing increa®s in transmission capacity. Moreover, constellation shaping improves
system performance by increasing the tolerance to linear noise. In this context, depending
on the adjustment being made on the posstajrconstellation poirgtin 1-Q plane and the
probability of occurrence of symbolsorresponding toeach constellation point,
constellation shaping can be addesbsy three categories, geometric, probabilistic, and
hybrid shaping.

Probabilistically shaped (PS) constellations are uniforsplgced constellations where
the probabilites of symbol occurrece for each constellation poiatenot all equal [21],

[22], [23]. Geometric shaping (GS) employs requidistant spaax constellation points
with a uniform distributionj.e., the symbols i@ equally probable [24]. The combination
of both shaping techniques, which resuits norruniform constellations and nen
equiprobable symbolss denoted as hybrid shaping [25]. Comparing different $yqfe

shaping, PS offers several advantages over G&hvare highlighted in [26] and [27]. It

12
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is shown in [28] that PS offers larger shaping gain compared to GS. In addition, since the
constellations are uniformly spaced and anea rectangular gridonly slight changsin

the receiver side DS&rerequiral to detect and process the PS symbols as opposed to GS
symbols. In this contextior GS symbols the generationof nonequidistant spacing
constellation points poses strong requirements on the effective number of bits (ENOB) of
the DAC [27]. A further feture of PS is the ratdaptivity The net data rate with arbitrary

granularity can be adjustéy changing the symbol distributi¢®9], [30].

1.4 Optical Kerr Nonlinear Effects

The optical Kerr effectefers to the nonlinear impairments that result from the power
dependent refractive index ah opticalfiber [31], whicharean important source of signal
degradation irdigital coherensystems. This is due to the limitation that is placed on the
maximum powetrthat can be launched into a fiber and thus the achievable OSHR at
receiver. From a system requirements point of view, this limitdtasnimplications on the
system reach for givenmodulation format and symbol rate

The propagation of the electricagld overa nonlinear fiber can be describe using the
nonlinear Schrodinger equation (NLSE) [32]. In DP systemorder to study the evolution
of two polarization components alorgfiber, the ManakoWPMD equation or coupled
NLSE is used [31]. In ordemtunderstand and use the coupled NLSE, it is useful to
introduce length scales knowntag dfective length_er, the nonlinear lengthn, and the
birefringent beating lengths.

As the field propagates along the fiber, its power decreases due tdtiémeradionThe

qguantity Lest is the effective length of interaction region of a nonlinear process [31]

13
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Accordingly, effective length is the lengblverwhichthepowercan beassumeaonstant

It is smaller than the fiber lengthbecause of fiber losses and is definetleas (11 expf
UL ) ) The phydical meaning of the is the effective propaion distance that results
the nonlinear phase shdf 1 radian Due to henonlinear refractivéndex thephase shift

scales with the optical power that is launched into the fiber, as fal34]:

. of —— ouro (1.3)

where P is the signal peak powet]is the power attenuation coefficient, ands the
nonlinear coefficient. Accordingly, the nonlinear length can be definkd as (0)3. P

Due to the befringerce in fiber, the mode propagation constant and hence modal
refractiveindicesbecome slighyl different for X- and Y-polarizations.This property is
referredto as modal birefringence and it stren@Bh) is defined as the difference between
the modal refractive indices of-Xand Y-polarizationg31]. For a given value oBm the
two orthogonal plarization components of signal exchange their powers in a periodic
fashion, which leads to a periodic change in the-sihfmlarization (SOP) of signduring
propagationwith the period denoted as birefringent beating lengthe birefringent
beating length is the propagation distance over which the SOP of slyaraies by one
periodand is defined ass = am. By cdBsidering thain practicethe nonlinear effective
length is much longer than the birefringent beating lgritpeh effect of coherent coupling
between two polarizations can be disregarded on average. As a result, the Manakov

eqguations can be presented as follow [33]
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where uxy (z,t) is the slowly varying envelope of the electrical field of Znd Y-

polarizations, andz is the group velocity dispersion. Assuming that multiple WDM

channelsdenoted by, co-propagate in the fiber, the total field can represented as follow:
6y 0D 6 ad 6, r0MQ h (1.5)

wherethe first term in the right hand side corresponds to the field of channel of interest
with the relative centrafrequency 6 0, and the second term corresponds to the
neighboumg channels with the relative frequency shiftyaffrom channel of interest.
Accordingly, the Manakov equation ftine X-polarization signal irchannel of interest

becomes:
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The Manakov equation fothe Y-polarization signal can beobtained by simply
exchanging the subscript X and Y. The optical Kerr effects can be classified in terms of
intra- and interchannel nonlinearities. The former defines the nonlinear effects in a single
wavelength channel and the latter describes the remilinnteractions between
neighbairing channels in WDM systems. The intthannel effects are categorized into
SPM, IXPM, and IFWM. Part (a) of (1.6) corresponds to the -at@nnel nonlinear
effects. The effect ofthe nonlinear interaction between pulses in the same wavelength
channel (SPM, IXPM, and IFWM) can be studied bywréing theuxo (z,t) as a sunover
individual pulses. Moreover, the intehannel effects are classified into crgdsmse
modulation (XPM) (pés (b) and (c) of (1.6)), and fouvave mixing (FWM) (part (d) of
(1.6)).

In general, it is not possible to fimghexact solution of the NLSE analytically. Recursive
and numerical methods suchthesplit step Fourier transformethod8], [31], [34], dlow
onan approximate solutioof the equation by splitting the linear and nonlinear parts of the
equationover sufficiently short segments of fibeklternatively, analytical approaches
such as Volterra series transfer function [35], [36] and perturbbised methods [33],
[37], [38], employ modificatios and simplificatiols of the NLSE in order to achieve
approximate analytical solutions for the equation as welkclasedform analytical

formulationsto analyze fiber nonlinearities.

16



Chapterl. Introduction

These techniques waalso be used to estimate the fiber nonlinearity and apply
compensation at the transmitter or receiver using the capability offered by the DSP enabled
transceivers. The compensation of fiber nonlinearities can be performed at the transmitter,
taking advatage of erroffree knowledge of th&ransmitted symbol sequences at the
receiver. However, compensation at the receiver requires higher resolution digital circuits
and must tolerate noise from the optical line [39]. Digital back propagation [40], [41],
perturbatiorbased compensation [33], [42], [43], [44], [45%nd Volterra series
equalization [46], [47] are the examples of these techniques. Computational and
implementation complexities and the improvement in the system performance are key
features tht distinguish these approaches [48].

Moreover, the fiber nonlinearitynduced signal distortion can be mitigated employing
techniques that make the signal propagation more tolerant to fiber nonlinearity. They
include emploing advanced modulation formagmd performing constellation design by
adjusting the position and probability of each constellation point to restricteimetyy
symbols to reduce the pe#dkaverage power ratio and thus the nonlinear effects. The
former referred to as geometric consteéin shaping [49], [50], and the latter as

probabilistic constellation shaping [20], [51], [52], [58tedescribed in sectioh.3.

1.5 Optical Performance Monitoring

With optical networks evolving towards higher capacigcurate and optimized
network design and management is crucial in order to guaranteegheedquality of
service. Accordingly, optical network performance monitoring is vital to ensure reliable

networks. Optical performance monitoring (OPM) collectively refers to a set of
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measurements performed on an optical signal, particularly regarding thé cugiity or
estimation of various channel impairments across the networklBéJmonitored results

are then passed whigher networking layer for lightpath establishmentthis context,
detecting the sources of performance degradation (e.g.,fidegtihe OSNR degradation

of a wavelength path) is valuable for network control and management, particularly for
routing decisions and the fast provisioning of optical routes or channel spectra [55].
Moreover, the capability to accurately estimate sighiatortion including linear and
nonlinear noise has potential application to nonlinear compensation [56] as well as capacity
or maximal reach prediction.

Simplicity in implementation, low cost, and the ability to monitor multiple impairments
while accommodting different link conditions and channel loadingskagrequirements
for OPM techniques. Machine learning (ML) based OPM techniques have gained
significant attention, driven by their ability to monitor multiple channel impairments,
which is akeyrequrement fornext generatiowptical networks [57].

Moreover, for flexible, dynamic, and heterogeneous optical netwibrksgapability to
dynamically provision optical routes, channel bandwidths, modulation formats, and bit
rates has increased in importanBy learning the characteristics afsystem from the
statistical properties of observed ddi,-based techniquegeld generalizeestimators,
which enable automatized network setinfiguration and fast decisienaking, while
deterministic approa@sresult in impractical computational loa[b8].

In the context of optical performance monitoring and estimation, artificial neural
networks (ANNSs) are considered as a proper ML tools due to the ability to model multi

dimensional nonlinear relationships aleérn the complex mapping between extracted
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features from theignal sample valuesnd optical fiber channel parameters [59], [60] (such
as OSNR, PMD, polarizatiedependent loss, baud rate, and CD). In order to demonstrate

the applications of ANNIin optical networks, we firstlescribeéhebasicconcept of ANNSs.

1.5.1 Artificial Neural Networks, Concept and Applications

ANNSs are information processing systems comprised of multiple layers of processing
units, denoted as neurons, connected by links with a numeric weight, which determines the
strength and sign of the connectiombe aitput of each unit is calculated by ayiph an
activation function to a weighted sum of its input and a bias assowiaiiedhe unit.
Activation functiors arechosen in a way that ensures the entire network of units can
represent a nonlinear function. Activation funcialepend on the natud the data and
the assumed distribution of the target outputs,[&tdl argypically either a hard threshold
or a logistic function, in which case the unit is called perceptron or sigmoid perceptron,
respectively [62]. The choice of activation functidmss an important role on the final
performance cAnANN [63]. The most commonly used nonlinear activation functions for
hidden layer neurons atlee sigmoid and hyperbolic tangent.

A block diagram foma two-layer feedforward ANNis shownin Figure 1.2. Te feed
forward architecture ensures the forward flow of information through the network where
the output of each neuron is calculated based oatwork basis function. This type of

network also known as mulkayer perceptron.
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Hidden
Units

Activation

Figure 1.2: The two layer ANN block diagram. The bisgms in (1.7)areabsorledinto the se
of weight parameters by defining additional variaigh subscripts '0' with the values equa
1 for each layer in the network, excépe output layer.

Combining all stages, the overall network function can represented as follows [62]:

. (1.7)

where x are input variablesyk are the network outputs, argl and ak are known as

activations,the former correspondg to hiddenand latter corresporidg to output units.

0 isthe weight associated to each neuron@and is the shifting bias Accordingly, the
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subscripts are used to identify the soursg gecond index) and the destinaticd, (first
index), and superscripts represent the indekefayer. Each intermediate layer between
theinput and output laysrisdenoted as hidden layer. Th@umber of hidden neurons is
chosen based on the nonlinearity of the function and number of inputs and outputs or
dimensionality of the model [60]. Ithat regard, variablez are the hidden variables
corresponihg to the hidden units. Finally(.) anddi(.) are the activation functions.
Thus, the neural network model is a nonlinear mapping of a set of input varigbles {
to a set of output variablegid [62]. In the training phase, the values of weights and biases
are adjusted to fit the data. In this context, the main goal of training is to find a set of
network parameters (weigghand biases) that minimizesumof-squares error function.
Considering a training set comprised of input vectarsdnd corresponding target output
{ta} the sumof-squares error function can be represented as follow:
00 g m o o &R (1.8)
whereyk(xn,W) is the K" ANN output for inputx,» andtkn is the K" element ofn.
In this context, training algoritheremploy an iterative procedure to find the optimal
solution to the error function minimization with adjustments to the weights being made in
a sequencefateps [62]. In each step, first, the derivative of the error function with respect
to the weight is evaluated, and then results are used to compute the adjustments to be made

to the weights.The kackpropagation technique and gradient decent optimizatien

examples for the evaluation of the derivative of the error function and weight adjustments,
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respectively. When the training phaseompleted, the neural netwaoikoptimized to the
training data, and cdre used t@stimate the target output from ees setof data.

The input to the ANN could be features extracted manually from the data sets, which
are representative of the target output. These features should follow the sanaetinend
guantity that ANN is going to estimate with changesthe sysem configuration.
Alternatively, the input to the ANN could be the entire data set (or a part of data set without
any preprocessing). In this case, feature extraction is perfotmgeitie ANN using more
hidden layers (deep learning [64], [65]). In additithe ANN requires large number of
hidden neurons as well as hidden layers due to the high dimensionality of data [59].

Table 1.1 summarizes the various applications of AMNoptical networks collected
from the approaches highlighted in [58] and [59]. For each application the input features
used in the training and the desired output to be estimated are listed as well as the

corresponding reference papers.
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Table 1.1: ANN application in optical networks.

domain lightpath
1 Modulation format

1 Path length

Application Input F eatures Estimated Output Ref.
Parameters derived from:
1 Eye diagram and amplitude
histogram
1 Asynchronous amplitude cD [66]
histogram 2 PMD [67]
1 Asynchronous constellation OSNR [68]
diagram T [69]
1 Empirical moments of
asynchronously sampled signal
amplitude
OPM 1 Asynchronously sampled raw datds OSNR [64]
1 Parameters derived from eye [70]
diagram T OSNR [71]
, , . 1 OSNR
T :78”;;?12?%%ti:glcpo'anzed 1 Modulation format [65]
P 1 Symbol rate
1 Launch power
1 EDFA gain
1 EDFA input and output power TOSNR [72]
1 EDFA noise figure
1 EDFA operating
Optical amplifiers , point [73]
control 1 EDFA input and output powers i.e., noisdigure and | [74]
gain flatness
[70]
Modulation format |1 Asynchronous amplitude : [75]
recognition/identificatio| histogram f Modulation format [76]
[77]
1 Lightpath route and length
1 Number of traversed EDFAs [78]
1 Channel wavelength 1 Q-factor [79]
1 Channel loadings [80]
: .__._|1Launch power settings
Quality of transmissior T
(QoT) estimation |1 Source and destination nodes
1 Data rate
1 Link occupation of an inter 1 BER [81]
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Table 1.1: ANN application inoptical networks. (continued)

Application Input Features Estimated Output Ref.
1 Sampled received signal sequenc Equalized symbols | [82]
(Coherent detection) TEd y
1 Received subcarrier symbols .
Nonlinearity mitigation| (Coherent detection) 1 Equalizedsymbols [83]
. . 1 Equalized symbols | [84]
1 Sampled received signal Sequena’ yiin requced inter | [85)
symbol interference | [86]
1 Traffic monitoring data
_ o 1 Available links 1 Predicted endo-end 87]
Traffic prediction and|q Availabletransponders in the traffic
re)aesign . o T . .
(re) g 1 Traffic monitoring data inintra |1 Predicted intreDC [88]
data center (DC) network. traffic
g Statistical characteristics of the |1 Set of failures [89]
monitored BER causegpacket loss
_ 1 Optical power levels
Failure management|y Amplifier gain 1 Detected fault acrosg
1 Shelf temperature various network [90]
1 Current draw nodes
1 Internal optical power
1 Source/destination IP addresses
1 Source/destination ports
Flow classification |T Transport layeprotocol 1 Classified flow for [91]
1 Packet sizes DC
1 A set of intraflow timings within
the first 40 packets of a flow
1 Data from routing and wavelength
Connection assignment algorithm 1 Connection blocking [92]
establishment (Input dimension reduction using| probability
principalcomponent analysis)

1.6 Contributions

The research presented in this théss beerpublishedin the following journal and

conference papers.
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1.6.1 Journal Publications

[J1] A.S.Kashi A.I.Abd EFRah man, J. C. Cartl edge, S.
nonlinear SNR estimator to include shaping distribution identification for probabilistically
shaped 6Q AM s i gl.rLigHtws Teohnol.2019, submitted.

[J2] A.S. Kashi Q. Zhuge, J. CCartledge, S. A. Etemad, A. Borowiec, D. Charlton,

C. Laper |l e, and M. O édEnoide lratiov estimationfiilfNaoiretent n e a r
optical fiber transmission slleghterdischnolsi ng a
vol. 36, no. 23, pp. 5425431, Dec. 2018.

[J3] A.S.Kashi J. C. Cartledge, Y. Gao, A. Reze

Borowiec, and K. Roberts, AHIi gh resolution

fiber n o nlEEE Protan. Tethnok ketival. 28, nol12, 23752378, Nov. 2016.

1.6.2 Conference Publications

[C1] A.S. Kashi Q. Zhuge, J. C. Cartledge, A. Borowiec, D. Charlton, C. Laperle, and
M. O6Sullivan, AArtificial neur al Asat wor ks
Commun. Photon. ConfGuanghou, Guangdong China, 2017, SulRl6vited Paper)

[C2] A.S. Kashi Q. Zhuge, J. C. Cartledge, A. Borowiec, D. Charlton, C. Laperle, and
M. O6Sullivan, A-te-signa ratio monitdrimg rugirg rartificiad meara
n et wo r Bus Coaf. Opti€ommun.Gothenburg, Sweden, 2017, M.2.F.2.

[C3] A.S.KashiJ. C. Cartledge, M. A. Rezania, C. PaqueR.Fortier, and I. Woods,
APerfor mance o f-QAM signal geadraied dsin@d#PDACSHSand an InP
DP | Q mo d uSigmat Rracesa Phiotan. CommuN.ancouver Canada, 2016,

SPW3F.3.
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[C4] A. S. Kash, J. C. Cartl edge, M. A. Rezani a,
Laperl e, A. B o r o wHigh mesolutianchéracterizatihoobtleerspestral i
broadening due to interhannel fi ber Buro@dnfi @pt. Comntum. e s, 0
Dusseldorf, German 2016, W.4.P1.SC5.53.

[C5] A. S. Kashi J. C. Cartledge, A. Bakhshali, M. A. Rezania, AARahman, M.
O6Sullivan, C. Laperl e, A. Borowiec,- and K
QAM and DP 16QAM modul at i o Bur. Canf. Om. tCemmunValemcia,

Spain, 2015, M0.3.6.6.

1.6.3 Original Contributions

1 A novel technique for measurement and quantification of the-iaind inter
channel nonlinearitynduced spectral broadening is described and experimentally
demonstrated using balanced heterodyne detection and a gated microwave spectrum
analyzer. While te spectrum can be determined by processing the digitalized
sample values obtained by the receiver, the proposed technique allows for accurate
measurement fubtle changes in the spectréwn each polarization component of
DP signalswithout beingadverse} affected by the limited sampling rate and
guantization error of the AD@ the receiver. The spectral broadening is quantified
in terms of spectral edge power for polarization resolved spectra of GI22DP
16-QAM signal and for 25&b/sDP 16QAM signals in a 9channel system with
37.5 GHz channel spacing. Experimental demonstrations reveal thitutieh
powers that minimize the bit error ratio and spectral edge power coiridwee.

experimental results published in [C4] and [#&gdiscussed in Cdpter 2.
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9 Generation and transmission of a 32 Gbaud DB®AM modulation format, in the
context2 x 2-D modulation formats, is experimentally demonstrated usimg
Indium phosphide (InPhpased DP 1Q modulator. This architecture realizes a
compact, high camity, DSP free transmitter and tlequisite four-level drive
signals are generated utilizingo® DACs. A 3.7 dB implementation penalty from
the theoretical limits obtainedat a BER of 2.7x18 (before FEC decodingnda
maximum reach of 1800 km is achieved. The experimental results published in [C3]
arediscussed in Chapter 3. In the context @ #nodulation formatsa transmitter
architectureand decoding scheme filregeneration and transmission of&R 128
QAM sigmal is studied and demonstrated in simulation and experiment in Chapter
3. Comparison in terms of information rates between DIQAM and SP 128
QAM is performed at the same bit rate and symbol rate. Experintesatdis reveal
increases in the informatiaate of 5.3% and 8.2% for the 28d/sSP 128QAM
compared to the DP 18AM at the same bit rate for transmission over 2100 km
and 2700 kmrespectively The experimental and simulation results published in
[C5] arediscussed in more detail in Chapter 3.

1 A method for estimating the nonlinear SNR ratio using artificial neural netwsorks
presentedThe ANN is trained with the fiber nonlinearity induced amplitude noise
covariance and phase noise correlation extracted from received syittmidata
used for taining are simulation results for a 34.5 Gbaud DPQXMM signal
transmitted over a wide range of link configurations. The accuracy of estimation is

demonstrated for simulation data with a maximum estimation error of 0.37%, and
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validated for expemental étawith estimation errors of less than 0.25 dbe
experimental results published in [C1], [C2], and [@@discussed in Chapter 4.

1 A techniques presented thamploys an artificial neural network for identifying
the shaping distribution for ratedgtive DP PS 64)AM transmission systems
based on extracting the fourth and sixth order constellation moments from estimates
of the nonlinear SNR and system nonlinear coefficients. The proposed technique
exploits the effect of the input shaping distribution the nonlinear SNR of a
system. The procedure for shaping distribution identification using a trained ANN
is noniterative, which is beneficiafor elastic optical networks for which the
modulation formats and shaping distributions dynamically changenfinuum of
distributions is not needed for negptimum performance, hence the practical case
of seven distributions with bit rates ranging from 2G@/s to 300 Gb/s is
considered The signal processing, up to the point of identification, is agnostic to
the shaping distributionThe accuracy of identifications demonstratedor
simulation data with the success rates greater than 96% for five shaping
distributions corresponding ®bit rate granularity of 2&b/sand with somewhat
lower success rate of 79% for five shaping distributions corresponding to a bit rate
granularity of 12.55b/s The results submitted for publication in [Ji¢ discussed

in detail in Chapter 5.

1.7 Thesis Owerview

An overview of the thesis is summarized in Table 1.2.
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Table 1.2: Thesis overview.

CHAPTER

BRIEFDESCRIPTION

RESULTS

Chapter 2

9 Characterizing the impact of fiber nonlinearity

Investigation and measurement of the spectral broad
due to the intraand interchannel fiber nonlinearity usir
balanced heterodyne detection and a gated micrg
spectrum analyzer

Experiment

Chapter 3

Transmission in the presence of fibenonlinearity
Generation and transmission of 32 Gbaud DPQRM
using an InFbased DP IQ modulator anddt DACs, in a
DSP free transmitter architecture

Generation and transmission of SP-128M with the samg
bit rate (256 Gbit/s) and symbol rate (32 Gijawith DP
16-QAM, and performance comparison in terms
information rate

Simulation
Experiment

Chapter 4

Impact of fiber nonlinearities on OSNR

Estimation of the nonlinear SNR using machine lear
techniques (ANN and regression)

Assessing the estimation performarme simulation ang
experiment for 32 Gbaud DF6QAM.

Simulation
Experiment

Chapter 5

Shaping distribution identification in the presence of
fiber nonlinearities

Extending the nonlinear SNR estimator presente
Chapter4 to include shaping distribution identification
DP PS 64QAM signals

Validation of the estimation performance and identifical
accuracy in the simulation f@P PS 64QAM with sever
different shaping distributions with the information bit rz
ranging from 200 Gbit/s to 300 Gbit/s

Simulation

Chapter 6

Conclusion and future works

0009
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Chapter 2

Characterization of the Spectral
Broadening Due to Fiber

Nonlinearity

2.1 Overview

The performance of coherent optical fiber transmission systems is adversely affected by
Kerr effect nonlinearities that include seliase modulation (SPM), crephase
modulation (XPM), and fouwave mixing (FWM) [1]. Consequently, the transmission
distances limited by intra- and interchannel nonlinear signal distortions [1], and possibly
by the spectral overlap of the modulated optical signals in spectrally efffidearse
wavelength division multiplexed (DWDM) systems due to the nonlinearityiced

spectral broadening [2], [3].
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The spectrum of the modulated optical signal used in a coherent optical fiber
transmission system cée determinedy processing the digrted sample values obtained
by the receiver. However, the sampling rate and quantization error of the-tmdiggal
converters (ADCs) affect the abilitg accurately measure subtle changes in the spectrum
Alternatively, the spectrum can be measursth@ optical spectrum analyzer®3A9
based on a variety of techniques. Conventional grdtased OSAs have a wide tuning
range, high dynamic range, and minimum resolution bandwi@RB&\s) ranging from
1.25 GHz to 7.50 GHz [4]High resolutionOSAs baseé on spectral filtering and
amplification of the measured optical sighsi means obtimulated Brillouin scattering
(SBS) allowan RBWof 10 MHz [5]. The RBW carbe reducedo 3 MHz by using
polarization pulling assisted (PPABS, and to 30 kHz by usiiPA-SBS in combination
with heterodyne detection and a spectrum analyzer [6]. The spectrum of a repetitive optical
signal can be determined numerically from the temporal amplitude and phase obtained
using a remodulation technique [7]. Perhaps thest knevn method with ultrahigh
resolution (on the order of kHz) is heterodyne detection using a local oscillator (LO) laser
and an electrical spectrum analyzer compatible with the properties of the signal under test
[8], [9]. Down-converting, the optical signtd the electrical domain and taking advantage
of ahigh resolutiomicrowave spectrum analyzer (MSA) allows for accurate measurement
of the spectrum for each polarization component of dual polarization (DP) signals in

coherent optical fiber transmissioystems.
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2.2 Principal of Heterodyne Detection

The heterodyne detection setup illustrated in Figure 2.1 was used to measure modulated
signal spectra [8], [10], [11]. Detailed information on the components used in the setup is
provided in AppendiA. The stateof-polarization (SOP) of the LO signal was monitored
using a polarimeter and adjusted by a polarization controller to resolve the orthogonal
polarization components of the DP optical signal. The power of the modulated optical
signal was controlled by a vahle optical attenuator (VOA) in order to provaeonstant
input power to the balanced phatetector (BPD) and linear microwave amplifier. The
frequency responses of the BPD and microwave amplifier were therefore common for

different measurements.

BPD RF
Amplifier
E(t) 50/50[ R
—{Voa I —[>— MSA
ELO PC
Q_”_ PM

Figure 2.1: Heterodyne detection setUpC: polarization controller; PM: polarimeter; VOA:
variable optical attenuator; BPD: balanced phaetector; MSA: microwave spectrum analyz

The modulated optical signal cae writtenas:
00 06 0QwMR 6 —o h (2.1)
whereAn (t) is the complex amplitude;m is the radian carrier frequency, aidt) is the

carrier phase noise. Similarly, the LO signal at the heterodyne receiver is given by:
0O 6 6 Qwp 6 — o h (2.2)
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whereAvLo is the amplitudey Lo is the radian carrier frequency, add (t) is the phase
noise.

The photocurrent at the output of an ideal BPD is:
™ YO 60 0° 0O 06°0 0 h (2.3)
where R denotes the responsivity of the phoketector and * denotes conjugation.

Assuming thatthe LO signal is described by the wktiown Lorentzian linewidth functign

the power spectral density measured by the MS& (¥ [¥mT1 L¥]) where [12]:

"Y1 YUY &Y ] Y Y1 A& LT

0%

(2.4)

Sn(¥) and So (¥) are the power spectral densities of the-fmags equivalents of the
modulated optical signdm (t) and LO signaEco (t), respectivelyp ~ ks the LO laser
linewidth, andS denotes convolution. The measured spect®(m® [¥m1 13]) differs

from the spectrum oEm(t), denotedSn (¥), due to the effect of the Lorentzian spectrum
So(¥). However, since the signal bandwidth is considerably larger than the laser linewidth
(<100 kHz), the effect is negligible [12]. In addition, the interest in this tehap the
change irm(¥) due to fiber nonlinearities as measured by the change(i).

The frequency responses of theto-electronicand electronic components in the
heterodyne detection setup affect the accuracy of the measured result. Thus, the small
signal responses of the components were measured aechlslded from the final
measured spectréio reduce the impact of additive ngisndependent measuremewmsre
averaged The smaksignal S1 response of the BPD obtained using a vector network

analyzer (VNA) is shown in Figure 2.2.
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Figure 2.2: Magnitude response of the normatiz&: parameter of the BPD.

Results were obtained using the optimaklectrical technique for measuring the
frequency response of a phatetector employing a modulator with known frequency
response. The VNA (Anritsu 37397C 40 MH®B5 GHz) supplied a swept microwave
signal over the frequency range of interest to the modulator (SHF 46210B). The BPD then
converted the modulated optical signal back to an electrical signal, which was measured
by the VNA. The & response of the characterized mlador was deembedded from the
measured results. Once the response of the modwamremovedthe S1 parameter
displayed the ratio of the output electrical signal to the input optical modulated signal. The

BPD, the average measured spectra were alseated for the overall frequency response

41



Chapter2. Characterization of the Spectral Broadening Due to Fiber Nonlinearity

of the microwave amplifier, ameasured with a VNA, and for the response of the MSA, as

measured using a stepped signal generator

2.3 Intra-Channel Fiber Nonlinearity-Induced Spectral

Broadening’

In this section, bdanced heterodyne detection and a gated MSA (RBW of 300 &tdz)
used to precisely measure polarization resolved spectra for aGBZBIDP 16ary
guadrature amplitude modulation ¢(QGAM) signal. The spectral broadening due to mtra
channel fiber nonlinedres is quantified by the spectral edge power (SEP) without and
with perturbatiorbased pre&compensation for the signal distortion caused by the Kerr
effect [14]. For both casesjstshowrthat the launch power that minimizes the-foevard
error corretion (preFEC) bit error ratio (BER) coincides with the launch power that
minimizes the SEP. Consequently, the SEP serves as a metric that usefully captures the
effects of both fiber nonlinearities and amplified spontaneous emission (ASE) noise (i.e.,

spedral broadening and spectral noise floor).

2.3.1 Single Channel Experimental Setup

The experimental setup shownin Figure 2.3. Detailed information on the components
used in the setup is provided in AppendixA 22° deBruijn bit sequence was mapped to

Gray-coded symbols to generate a 138/s16-QAM signal The precompensation for the

" This section is compiled from materiaktracted from [13]. Copyrigh® 2016 IEEE. Reprinted, with
permi ssi on, from A. S. Kashi, J. C. Cartl edge, Y.
Borowiec, and K. RobertsHigh resolution characterization of the spectral broadening due to fiber
nonlinearities, IEEE Photonics Tewlogy Letters, Nov. 2016.
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effects of fiber nonlinearities was implemented using calculaid, intrachannel XPM,
and intrachannel FWM based on fast-order perturbatioranalysis of the Manakov
equaion and applied tahe symbol sequence. The specific implementation follows
reference [14].

The symbol valuesvere encodednto rootraisedcosine (RRC) pulses. A delayed
version of the signal was used to generate the orthogonal polarization component. The
samples values (229,376) for each polarization component of th&1228DP 16QAM
signalwere loadednto the programmable memory of a Ciena WavelLogic3 transceiver
with four synchronized digitatio-analog converters (DACs) with a sampling rate of 39.4
GSa/s. The signal sample values were-poenpensated chanrey-channel for the linear
and nonlinear responses of the entire transmitter chain (e.g., the sinusoidal responses of the
modulators and the combined frequency responses of the DACs, drive aspéifier
modulators) based on extensive diagnostics obtained by the WaveLogic3 card. The four
drive signals and a continuous wave (CW) optical signal with a wavelength of 1557.36 nm
were appliedo a DP inphase/quadrature modulator. The modulated optigalaswas
launchedinto a recirculating loop with four spans, each consisting of 75 km of standard
single mode fiber (SSMF), arbium dopediber amplifier (EDFA) with a noise figure of
5 dB, and an optical barahss filter (OBPF) with a bandwidth of 1.thnThe dispersion
and attenuation per span were 1275 ps/nm and 15.5 dB, respectively. The OBPFs prevented
the EDFAs in the loop from being saturated byofliband ASE noise. A loop synchronous
polarization scrambler (LSPS) used for the BER measuremestsbypassedor the

polarization resolved spectral measurements.

43



Chapter2. Characterization of the Spectral Broadening Due to Fiber Nonlinearity
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Figure 2.3: Experimental setup. DAC: digitab-analog converter; EDFA: erbium doped fit
amplifier; AOM: acousteoptic modulator; OBPF: optical baruhss filter,LSPS loop
synchronous polarization scrambI&8MF: standardingle mode fiber; MSA: microwave
spectrum analyzer.

After propagation over 2100 km of SSMF, the received signal was amplified and filtered
(0.6 nm bandwidth). In the heterodyne receiver, the modulated signal and LO signal
(wavelength of 1557.16 nm) were combined using a 2 x 2 coupler and detected bara Finis
BPD (bandwidth of 45 GHz) and amplified by an SHF broadband amplifier (gain of 20 dB
and bandwidth of 45 GHz). In order to determine the settings of the polarization controller
(Agilent polarization synthesizer) at the receiver, which aligns the S@#e &fO signal
with each of the polarization components of the received signal, RRC pulse shapes with
roll-off factors of 0.04 and O.#vere usedor the X- and Y-polarization components,
respectively. The different rebff factors were used solefgr the purpose of beingble

to distinguish the two signals and determine the settings of the polarization controller. The
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settings of the polarization controller in this step were then tosgeparately detect the X
and Y-polarization components of the 2Z3b/s DP 16QAM signal with RRC pulse
shaping with a rolbff factor of 0.05 The roltoff factor for RRC pulse shape determines
the spectral occupancy of the modulated signal, wimaktsatisfy the Nyquist sampling
theorem, which statebat the sampling ratof the DAC should be at least twice the highest
frequency component of the signal. In addition, in the case of WDM transmission, the
bandwidth of the signahustbe less than the channel spacing. To be consistent with the
WDM experiment, which will be dcussed in Section 2.4, a rolff factor of 0.05was
usedfor the RRC pulse shaping for all of the experiments reported in this Ch@peer.
spectral broadening after propagation over 2100Mas characterizedt different launch
powers without and withrp-compensation for fiber nonlinearities.

The received spectrum after propagation over the recirculatingntaepmeasuretly
an Agilent PXA signal analyzer (frequency range of 3 Hz to 50 GHz) using a gating signal.
The average measured spectra based aweepavere correcteéor the overall frequency
response of the BPD, microwave amplifier, and MSA. For BER measurements of the 224
Gb/sDP 16QAM signal with RRC pulse shaping (raiff factor of 0.05), the received
signal was detectely a polarizationand phasé&liversecoherent receiver with 32 GHz
bandwidth. The local oscillator laser had a nominal linewidth of 100 kHz. The foutssigna
from the balanced photdetectors in the coherent receiver were digitized by 80 GSa/s
ADCs using two synchronized retiine sampling oscilloscopes (33 GHz bandwidth) and
processed offline.

The offline signal processing included: (i) matched filteringgf®RC pulse shape, (ii)

guadrature imbalance compensation [15], (iisaenpling to two samples per symbol, (iv)

45



Chapter2. Characterization of the Spectral Broadening Due to Fiber Nonlinearity

chromatic dispersion compensation in the case of fiber transmission using fixed frequency
domain equalization, (v) clock recovery using thgital square and filter technique [16],

(vi) polarization demultiplexing and residual distortion compensation using adaptive
equalizers which employs constant modulus algorithm focprerergence followed by a
radius directed algorithm [17], (vii) caer frequency offset recovery using a spectral
domain algorithm [18], (viii) carrier phase recovery using a sliding windowstage
simplified QPSK partitioning and QPSK constellation transformation algorithm [19], and
(ix) symbol decisions. The BER wabtained by direct bit error counting using rectilinear

decision boundaries.

2.3.2 Experimental Results

The measured spectra for egublarizationcomponent of the 22&b/sDP 16QAM
signal for the diagnostic case of two different pulse shaggeshownn Figure 2.4. Results
obtained withan RBWof 1 MHz and a video bandwidth (VBW) of 300 KHare shown
for a backto-back (BTB) system and transmission over 2100 km of SSii-launch
power of 1 dBm. A VBW of 300 kHwas usedor all measurements. The measured spectra
for different launch powerswvere normalizedby integrating the results over the
corresponding signal bandwidth to obtain the total power. Increases in theatioieg
interval did not change the total power appreciably since the additional noise contribution
was relatively small. To better distinguish the spectra, three results are offset by multiples

of 3 dB from those for the BTB olarization component. Theeasured results, which

* The RBW determines the minimum separation between two resolvable signals. The VBW affects the
variation in the detected noise but not the noise level. R. A. Witte, Spectrum and Network Measurements,
24 ed. Edison, NJ: SciTedPublishing, 2014.
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are in agreement with calculated results, indicate a precise measurement of each

polarization component of the DP signal.
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Figure 2.4: Normalized, measured spectra for the 224 Gi/sL6QAM signal, X and Y-
polarization components (RRC pulse shapedfilfactor of 0.04 and 0.4, respectively), RBW
1 MHz, VBW = 300 kHz.

Measurement of the modulated signal spectrum with high resolution allows the
implications of intrachannel filer nonlinearities tde investigatedand the optimum
launch power (onset of spectral broadening) to be determined. &lsiRWof 1 MHz,
the spectra for a BTB system and transmission over 2100 km of SSMF at launch powers
of -2 dBm, -4 dBm, and 6 dBm are shownin Figure 2.5. The pulse shape for each
polarization component was RRC with a +off factor of 0.05. To better distinggh the
spectra, those corresponding to launch powerg odBm,-4 dBm, ands dBm are offset

by 3 dB, 6 dB and 9 dB from the BTB case, respectively. A direct comparison without and
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with the LSPS (noipolarization resolved case) revealed no differencearspectra. The
spectral broadening due to inithannel nonlinearities is evident from a comparison of the
results for launch powers of 6 dBm at®ddBm at both the high arddw frequencyedges

of the spectra. The measured power below 10 GHz is largeththbabove 39 GHZ his

is attributedo the residual baseband component of the detected signal@atvtiiequency

edge that results from the finite common mode rejection ratio of the BPD. The high

frequency edges usedor the detailed characterizatiof the spectral broadening.

Normalized Power (dB)

back-to-bac
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Figure 2.5: Normalized, measured spectra for the 224 Gb/s DRABI signal, X-polarization
component, RRC pulse shape +woif factor of 0.05, RBW = 1 MHz, VBW = 300 kHz.

In order to quantify the effect of fiber nonlinearities on the spectral broadening, Figure
2.6 shows a measurement of thigh frequencyedge of the spectrum usiagn RBW of

300 kHz. The spectrum corresponding to a launch powdrdBm differs from thaof the
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BTB case due to the change in the noise level as seen above 39.4 GHz. Fiber nonlinearities
cause broadening of the spectrum for a launch power of 6 dBm. The spectral broadening
was quantifiedy measuring thiigh frequencyedge of spectra withn RBW of 300 kHz.

The total power in the interval [38.6 GHz, 39.4 GHZz], as indicated by the dashed lines in
Figure 2.6, was obtained by integration. This intewak selectedy considering the

center frequency of the heterodyne spectrum and theffdtictor of the RRC pulse shape.

The total power in this interval, normalized to the total power of the BTB spectrum, is
denoted the spectral edge power (or SEP). SEP captures the impact of both the nonlinearity

induced spectral broadening and the ASE noistivel to the BTB spectrum.
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Figure 2.6: Normalized, measured spectra for the 224 Gb/s DRABI signal, X-polarization
component, RRC pulse shape +oif factor of 0.05, RBW = 300 kHz, VBW = 30Hz.
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Figure 2.7: Dependence of the BER and SEPaumchpower for a fiber length of 2100 km

Figure 2.7 shows results for the BER and SEP for thez#2dDP 16QAM signal after
transmission over 2100 km of SSMF without and withgempensation for intrahannel
fiber nonlinearities. The preompensation increased the péalaverage power ratio of
the optical signal by only 0.12 dB for a launch power odBIm. As expected, pre
compensation leads to an increase in the optimum launch power and a decrease in the BER.
The nonlinear compensation becomes less effectivarfpelaunch powers as higherder
perturbation terms are requiremlaccurately capture signal distortionin the nonlinear
region, the SEP is lower for the ptempensated signal compared to the uncompensated
signal due to the reduced spectral broaderbnogthe amount of distortion (nonlinearity

induced spectral broadening) that d¢setoleratedis about the same for both caséhkis

50



Chapter2. Characterization of the Spectral Broadening Due to Fiber Nonlinearity

indicates that the nonlinearity pcempensation does not change the amount of distortion
that the system can tolerate but it does change the launch power that corresponds to that
amount. Importantly, for &ith casesthe launch power that yields the minimum BER also
yields the minimum SEP when the effects of both nonlinearities and ASE ai@se
considered

Figure 2.8 compares measured spectra for the signal without and withrppensation
for intra-channé fiber nonlinearities for a launch power of 3 dBm and transmission over
2100 km. The results illustrate the reduction in the spectral broadening (0.43 dB difference
in the SEP as indicated in Figure 2.7) which corresponds to the reduction in the BER by a

factor of 2.3 when the fiber nonlinearities are-poenpensated.
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Figure 2.8: Normalized, measured spectra for the 256 Gb/s DRABI signal, single channe
and center channel inghannel transmissioRBW = 300 kHz, VBW = 300 kHz.
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2.4 Inter-Channel Fiber Nonlinearity-Induced Spectral

Broadening'

In this section, balanced heterodyne detection and a gatedaviSésedo precisely
measure spectra with a resolution bandwidth of 300 kHz for &BEDP 16QAM signal
in a 3channel system with a channel spacing of 37.5 QHe.spectral broadening due to
inter-channel fiber nonlinearities is quantified by the spectral edge pdveerthe 9
channel system, its shownthat the launch power that minimizes the bit error ratio
coincides with the launch power that minimizes the SEP. Consequently, the SEP serves as
a metric that usefully captures the effects of both fiber nonlinearities and ASE noise (i.e.,
spectral broadeng and spectral noise floor). For th&Bannel system, the effect of XPM
induced spectral broadening leads to an increase in the SEP compared to a single channel

system.

2.4.1 WDM Experimental Setup

The experimental setuis shownin Figure 2.9 for &channel tansmission. Detailed
information on the components used in the setup is provided in App&ndig'® deBruijn
binary sequence was mapped to symbols to generate thel#5®P 16QAM signals
with a symbol rate of 32 Gbaud. For the measured channel{cbatenel in the @hannel

experiment), the waveformaere loadedinto the programmable memory of a Ciena

* This section is compiled from material extracted fama nuscri pt titled AHigh reso
of the spectral broadening due to inteh a n n e | fiber nonlinearitieso, whic
the 42" European Gnference on Optical Communicati®ept.2016 [20].
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Wavelogic3 transceiver operating as an arbitrary optical waveform generator with four
synchronized DACs at a sampling rate of 39.4 GSa/s and a {pRase/quadrature
modulator. The CW optical signal applied to the modulator had a wavelength of 1550.12
nm and a linewidth of ~100 kHz. Theeighbouringchannels were separately generated
using a second Wavelogic3 transceiver with 8 CW input optical SigRRE pulse
shaping with a rolbff factor of 0.05 was performed offline using digital pulse shaping by
convolving symbol sequences with a4 impulse response with an oversampling rate
of 1.23 samples per symbol. The modulated optical signals werehkdinoto a
recirculating loop with four spans, a gain equalizer (GE), and a loop synchronous
polarization scrambler to break the periodicity of the recirculating loop. Each span
consisted of 75 km of SSMF, an EDFA, and an OBPF to prevent the amplifiaeslagop

from being saturated by cof-band ASE noise.

After propagation over 1500 km of SSMF, the received signal was amplified and
filtered. In the heterodyne receiver, the modulated sigaalcombinedavith an LOsignal
(wavelength of 1549.94 nm) usirgy2 x 2 coupler and detected by a balanced photo
detector (bandwidth of 45 GHz). The dowonverted spectrum of the received sigmas
amplified by a microwave amplifier operating in its linear regemd its spectrum was
measured by an Agilent PXA sigranalyzer (frequency range of 3 Hz to 50 GHz) using a
gating signal from the recirculating loop. For BER measurements, sample values obtained
after coherent detection were recorded with two synchronizedtimeal sampling
oscilloscopes operating at a sdimg rate of 80 GSa/s and processed offline with the signal

processing steps mentioned in Section 2.3.1.
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The spectral broadening and BER performawege characterizetbr different per
channel launch powers. The average measured spectra based on 20v@meepsrected
for the overall frequency response of the BPD, microwave amplifier, and MSA, and

normalized to the same total power.
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Figure 2.9: WDM Experimental setup. DAC: digitdb-analog converter; EDFA: erbium dog
fiber amplifier; AOM: acoustaptic modulatorGE: gain equalizet®@BPF: optical bangbass
filter; LSPS: loop synchronous polarization scramdB&MF: standardingle mode fiber; MSA

microwave spectrum analyz&DSA: opticalspectrum analyzer.

2.4.2 Experimental Results

Spectral measurements of a Z56/sDP 16QAM signal (single channel) made with a

conventional gratingpased OSA and with the MSA in the heterodyne satepshowrin
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Figure 2.10. The results are for transmission over 1500 km of SSMF at a launch power of
5dBm. The RBWsvere seto 1 MHz for the MSA and2.5 GHz for the OSA (minimum
setting). The resultslearly indicate the MSA was abl® better resolvehe spectrum
including the subtle changes at both the highlandfrequencyedges, which correspond

to the nonlinearityinduced spectral broadening.
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Figure 2.10: Normalized, measured spectra floe 256 Gb/s DP 1®AM signal at the launc
power of 5 dBm.

Measurement of the modulated signal spectrum with high resolution allows the
implications of interchannel fiber nonlinearities in thechannel system toe investigated
Using a resolution bamddth of 1 MHz the spectra for a BTB system and transmission
over 1500 km of SSMF at launch powers btiBm ands dBmare shownn Figure 2.11.

To better distinguish the spectra, those corresponding to launch pow&rdRBxin andé
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dBm are offset by 3 dBnd 6 dB from the BTB case, respectively. The spectral broadening
due tointra- and interchannel fiber nonlinearities is evident from a comparison of the
results for launch powers of 6 dBm atiddBm at both the high arddw frequencyedges

of the spectt. Due to thdinite common mode rejection ratio of the balanced receiver,
which results in a residual baseband component of the detected signabat filegjuency
edge of thespectrum the spectral broadening more clearly seeat thehigh frequency

edge.

Normalized Power (dB)
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Figure 2.11: Normalized, measured spectra for the 256 Gb/s DRABI signal, center
channel in &channel transmission, RBW = 1 MHz, VBW = 300 kHz.

In order to quantify the effect of the fiber nonlinearities on the spectral broadening,
measurement of theigh frequencyedge of the spectrum using a resolution bandwidth of

300 kHz for the Schannel systens shownin Figure 2.12. The result for a launpbwer
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of -4 dBm differs from the spectrum corresponding to the BTB case due to the change in
the optical signato-noise ratio (OSNR) as seen above 39 GHz. Alternatively, the spectrum
corresponding to a launch power of 6 dBm is broadened compared toBheaBe due to

intra- and interchannel nonlinearities.
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Figure 2122 Normalized, measured spectra for the 256 Gb/s DRABI signal, center
channel in &channel transmission, RBW = 300 kHz, VBW = 30zkH

Figure 2.13 compares measured spectra for the&%6 DP 16QAM signal after
transmission over 1500 km of SSMF for single channel aoda®nel transmission at a
launch power of 6 dBm per channel. Both spectra were normalized relative to their
correspnding BTB spectra. The resultdearly indicate the increase in the spectral
broadening due to intethannel fiber nonlinearitiesThe spectral broadeningvas

quantifiedby calculating the total power of the measured spectra dtigfinefrequency
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edge ofa spectrum with a resolution bandwidth of 300 kHz. The total power in the interval
[38 GHz, 39 GHZz], as indicated by the dashed lines in Figures 2.12 and 2.13, was obtained
by integration. This intervalvas selectedy considering the center frequency of the
heterodyne spectrum and the +foff factor of the RRC pulse shape. The SwBs

calculatedby normalizing the total power in this interval to the total power of the BTB

spectrum.
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Figure 2.13:  Normalized, measured spectra for the 256 Gb/s DRABW! signal, single
channel and center channel ktlBannel transmission, RBW = 300 kHz, VBW = 300 kHz

Figure 2.14 shows results for the BER and SEP for the center channel iothherl
256Gb/sDP 16QAM system after transmission over 1500 km of SSMF. Results for single
channel transmissiaare includedor comparison. As expected, intelnannel distoron in

the 3channel system leads to a decrease in the optimum launch power and an increase in
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the BER. The SEP for thechannel system is larger than that for the single channel case.
Due to theintra- and interchannel nonlinearities in thechannel sgtem, the increase in

the SEP idargerin the nonlinear region compared to the single channel system. For both
systems, théaunch power that yields the minimum BER also yields the minimum SEP as
the effects of both nonlinearities and ASE no@e considred in both quantities.
According to the presented resultee SEP can be used as a metric to deterntiiee
optimum launch powerHowever, additional experimental results for different system
configurations (such as number of WDM channel, flbagth, etc.) ee required to further

verify the accuracy of SEfr determiningthe optimum operation point.
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Figure 2.14. Dependence of the BER and SEP on launch power for a fiber length of 15
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2.5 Summary

In this chapter, balanced heterodyne detection and a gated microwave spectrum analyzer
were used to precisely measure the spectral broadening due-tamatiaterchannel fiber
nonlinearities.The spectral broadening was quantifiaderms ofspectral edge power
which serves as a useful metric for capturing the effects of both fiber nonlinearities and
amplified spontaneous emission noise.

The intrachannel nonlinearitynduced spectral broadening was captured and quantified
in terms ofSEP for plarization resolved spectra of a 226/sDP 16QAM signal. Itwas
shownthat without and with perturbatidmased precompensation for the signal distortion
due to the Kerr effect, the launch powers that minimize the bit error ratio and spectral edge
powea coincide. The characterization technique was used to quantify the implication of
inter-channel nonlinearitieg terms of SEPfor 256 Gb/sDP 16QAM signals in a 9
channel system with 37.5 GHz channel spacing.

The technique is also applicableeiocoding schemes such asaittitioning based m
ary QAM for which the symbol sequences corresponding to thand Y-polarization

components of the signal have distinct properties.
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Chapter 3

Multi -Dimensional Modulation

Formats

3.1 Overview

The continuous growth in global data traffic gives rise to demands for increasing
transmission capacity, reach, and spectral efficiency (SEs &Hinedas the information
rate divided by the required transsion bandwidth. Using the four physical dimensions
of an optical carrier and increasing the modulation order cardinality (employingleweiti
modulation formats) in eagbolarizationis the mosfpowerful solution to meet the ever
growing capacity demahand to enhance the SE of optiithér systems [1], [2].

Moreover, future optical networks wikkly on elastic optical networking (EON) [ahd
softwaredefined networking (SDN) [4] in order to be able to utilize the available
bandwidth wisely based omaffic demands by adjusting the SE [5]. In this context,

programmable modulation formats provided a fine granularity in the-tHdeetween
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capacity and reach which results in a flexible system that is able ttufieethe SE to
match the required tramission distance.

The dual polarization (DP) multevel modulation format is a key enabling technology
employed in longhaul transmission systems with bit rates of 100 Gb/s and beyond (per
channel) [6] that effectively exploit four and higher dimensi@ighal spaces to achieve
more degrees of freedom (DOF) to increase SE. Utilizing all DOF available for encoding
information, DP raary quadrature amplitude modulation-@AM) (where 'm' is the
number of the constellation points), achieves the best spegichlpower efficiency
amongst all easto-generate modulation formats [7]. DR@AM conveys data by means
of modulating both the amplitude and phase of a carrier and encodés)ldmts per
symbol in each polarization. As a result, SE can be improveddogdsing the cardinality
of the DP modulation format, but at the cost of strongly reduced transmission distances [8]
and increasing the complexity of the transmitter and receiver [9].

As opposed taonventionatluatpolarizedsystems, an alternative appoh to increase
SE is to use the four physical dimensions of light (i.e., the real and imaginary components
of the optical field and its two orthogonal polarization states) [6]. Instead of transmitting
independent twalimensional (2D) constellations on eh polarization, optimized four
dimensional (4D) constellations allow an increase in the SE and provide flexibility to
adjust the capacity for the distance to be coverd&aodulation formats are able to adjust
the SE with finer granularity compareddonventional QAM formats to better match the
required transmission distance by delivering the optimum system capacity.

This chapter looks into the details of modulation formats used in DP systems. In the

context of the conventional DP systems, generatiwhteansmission of a DP 48AM
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signal is demonstrated in an experiment and the performance is shown for variable fiber
lengths and launch powers. The Ungerboecipaettioning (SP) scheme for generating

4-D modulation formats are defined. Transceiveh#ecture for a selected@ SP based
modulation format is studied and its performance is evaluated in an experiment in

comparison with the conventional DP modulation.

3.2 Dual Polarization Multiplexing

There are different ways of looking at dual polarizatsystems. In the context of
material covered in this chapter, the point of visachosenthat illustrates the four
dimensional properties of the electromagnetic wave. The electromagnetic wave has two
gquadrature components in two orthogonal polarizatibataries, and as mentioned earlier,
has four DOF. As a result, the electric field of an optical wavebeamwrittenas the
complexvalued vector [10], [11]:

Or 0@ Oshom

e 0y, 1QQ 0 Agm (3-1)

wherex andy account for the polarization components, arahdi denote the real and
imaginary parts of the field. Alternativelthe signal can be expressed as avehied 4

D vector as follows [10], [11]:

Op @5/5,\"‘9
. Op vySOSOEel ¢
: N 3.2
b 5. Ao A7 O A8 (3:2)
60RO 5 O OEd 4

The transmitted optical power 5 A€ Oy Oy Of Of. This notation

illustrates four degrees of freedom for DP systems by separating two orthogonal
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dimensions, which are the-phase and quadrature cooments for each orthogonal

polarization.

3.3 Spectrally Efficient and Power Efficient Modulation

Formats in Four-Dimensions

In general, the challenge in coherent optical transmission systems is findimgattye
modulation format with the highest SE and thasteaverage poweequiredto reach a
given BER in an additive white Gaussian noise (AWGN) environment [12]. In this regard,
SE cannot be considered alone to compare modulation formats in the sense that high SE
does not necessarilgadto high power effiency. As a result, SE in conjunction with the
power efficiency (or receiver sensitivity) should be considered to perform a fair
comparison for modulation formats.

Asymptotic power efficiency (PE) of a modulation format is the relative measure of the
power efficiency of the modulation format with respect to binary phase shift keying
(BPSK) modulation format, which is specified as the required average power per bit to
reach a given BER in the AWGN channel. It is set to 0 dB for BPSK and quadrature phase
shift keying (QPSK). PE depends on average symbol er&ry energy per bikEs = Es
/ logz(m)) and theminimum Euclidean distance between the constellation points. The

expression for PE is as follows [12]:

0 aéd
- 3 3.3
v TO (3-3)

It is clear that the power efficiency cha optimizedoy maximizingdmin, the minimum

Euclidean distance between the constellation points for a @gveor alternativelydmin
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can be kept constargndthe average squared distance of the constellation from the origin
(which is equal tdEs) canbe minimized Such optimizationis necessaryor long-haul
coherentsystemssincefiber nonlinear effects representsgynificantlimitation towards
increasing system capacity.

Generally, the problem of finding the arrangenamh constellation points to minimize
the average squared tdiace from the origin im-dimensions, is equivalent to find the
densest packingf m n-dimensional spheres (according to the sphere packing problem)
[13]. In order to find the mogiower efficientmodulation format, the densest packifg
mn-dimensionaspheres for different values mandn needs to be determinethis means
optimizing PE by changing bot& anddmin. The performance of-dimensionalm-level
modulation formatss well characterizethy the SE and PE [14]. Forlarge valueof m
which results in high SE, the optimum constellation structtegafdingthe PE), is the
lattice structure shaped by thphericaboundary [14]. This structure in@ is called the
D4 lattice structure. Themprovement in the power efficiency for the sphericactbmes
at the price of practical implementation complexity. In this context, the-ttideetween
PE and complexity results in the [ttice bounded by aB cube. This structure referred
to as tle setpartitioning structure [15].

Several 4D modulation formats have been experimentally demonstrated recently, in
order to improve the PE as well as SE. 28 Gbaud (84 Gb/s) and 37.3 Gbawb($).2
polarization switchedPSK have been experimentally @stigated insingle channel
transmission over up to 12500 km ultra large effective Bbea[16]. It was showrthat
polarization switched)P SKoffers not only better sensitivity (1 dB improvement at BER

equal to 16), but also higher transmission readine to the better tolerance against intra
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channel nonlinear effects, compared to DP QPSK at the same bitpcddeization
switchedQPSK is constructed by applying the Ungerboeckpsetitioning scheme
(described in section 3.4) to DP QPSK and sele@ingt of 16 4D symbols. This cabe
realizedby assuming QPSK symbodse transmittedn either of two polarizations each
symbol period as opposed to transmitting QPSK symbols in both polarizations
simultaneously in conventional DP QPSK [10].

In additionto setpartitioning based modulation formats suclpakrization switched
QPSK, other types of-B modulation formats such as polarization shift keying QPSK
(PolSK-QPSK) [17] and PolISKQAM [18] have alsdeen reportedThe idea behind the
polarization constellation is to extend the states of polarization (SOP) from four to a higher
value by adding two linear states of polarization (purelyaXd Y-polarization) without
changing the minimum Euclidean distance or avenageer. More generally, Sk
increasedlue to increasing the symbol alphabet without degrading the sensitivity [18]. In
[17], 28 Gbaud (126 Gb/s)-&y PolSK-QPSK was experimentally demonstrated in
wavelength division multiplexing (WDM) transmission owgy to 4800 km of standard
single moddiber.

The time domain hybrid QAM technique [8], [19], [2Movidesflexible modulation
formats which for a fixed channel bit rate allows tuning of the SE to match the allowed
channel bandwidth and meet the requirethgmission reach.-B realization of these
formats canbe achievedoy considering different modulation formats for the different
polarizations as well as for adjacent symbols irtitne domain.

All of these 4D modulation formats provide better granutarmegardingSE, bit rate,

and reach or improvement in PE but at the cost of increasing system complexity. As an
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example, in the case of PolSBAM, the conventional transmitter tha usedfor
generating QAM modulation needs to be changettardware moffication is neededn

order to be able to transmit the signal over different SOPs.

3.4 2xTwo-Dimensional and FourDimensional Modulation

Formats

Figure 3.1 illustrates the conventional DP system where each polarizatiomsidered
as an independent signhil.this context, two separatel2 16-QAM signalsare generated
in the transmitter. In the receiver, the detection and demodutatomerformegbintly up
until the polarization signals are separated. Subsequently, the decoding is performed
independentlyfor each polarization. Alternatively, DP A8AM modulation can also be
viewed as dour-dimensionalmodulation as depicted in Figure 3.1. The resultifAg 4
modulation format has 16x16 constellation points. As a result, the decoding process should
be perfomed jointly since the data are encoded dn gymbols.

4-D constellation cannot be visualized a straightforward mannerThe 2D
constellations cahe replaceavith nonoverlapping 4D spheres with diameterequal to
the minimum distance between the constellation points [11]. The projection ofDhe 4
constellation onto the-P plane of each orthogonal polarization is equivalent to tBe 2

constellation of that polarization.
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3.5 Generation and Transmission of 2x Two-Dimensional

Modulation Format T Experimental Results for DP 16

QAM Signal

Modulated optical signals can be generated using +lewil drive signals obtained

from the following techniques:

"This section is compiled fro
DACs
proceethgs of Signal Processing in Photonic Communicatidak; 2016 [21].

16-QAM signal generated using-t2i t
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1 binary electrical signals and low resolution digitatanalog converters (DACSs)
[22],

1 application specific integrated circuits (ASICs) comprised dajital signal
processors (DSP) and high resolution DACs [23],

1 binary drive signals applied toultiple optical mdulators [24], or to a direct digital
drive modulator [25].

Most typically, high bandwidth linear amplifiers are used to obtain appropriate drive
signals for an electroptic modulator [22]. The various approaches exhibit titte
involving the implemeration complexity and the attributes and quality of the optical
signal.

Indium phosphide (InPhpased MactZehnder (MZ) modulators are attractive for the
electricalto-optical function because of their small size, low drive voltage, high
bandwidth, and potéial for monolithic integration withactive semiconductodevices
such as laser diodes [26]. Recently reported results on the generation -@irdegh
modulation formats wh either single polarizatioar DP InP inphase and quadrature (1Q)
modulator inclale the following:

1 a 43 Gb/s (10.75 Gbaudjingle polarization16-QAM signal (86 Gb/s with

polarization multiplexing emulation (PME)) using an arbitrary waveform generator
[27],

1 a 128 Gb/s (32 Gbaudjngle polarizatiorl6-QAM signal (256 Gb/s with PME)

using DSRbased compensation for the responsetheftransmitter components

and 64 GSal/s,-Bit DACs [28],
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1 a 183 Gb/s (3%baud)single polarizatiorl6-QAM signal (366 Gh/s with PME)
using DSPbased compensation for the responses of the transmitter congponent
and 56 GSal/s,-Bit DACs [29],
1 a 448 Gb/s (56 Gbaud) DP-TBAM signal, a 516 Gb/s (43 Gbaud) DP-@AM
signal, and a 456 Gb/s (38 Gbaud) DP-@4M signal using DShased
compensation for the responses of the transmitter components and 65.7 GSal/s, 8
bit DACs [30]
1 a 770 Gb/s (77 Gbaud) DP-82AM signal, a 672 Gb/s (84 Gbaud) DP-Q&M
signal, and a 504 Gb/s (84 Gbaud) DRPQA8M signal using DShased
compensation for the responses of the transmitter componeniel &®%h/s, &it
DACs [31].
In this sectionye experimentally demonstrate the generation and transmission of a 256
Gb/s (32 Gbaud) DP 1QAM signal using an Intbased DP IQ modulator, without the use
of transmitter DSP in order to reduce the complexity for applications that do not warrant
the use bDSP. The multievel drive signals are generated using binary signals and a 2

bit DAC for each polarization component of the signal.
Experimental Setup

Figure 3.2 shows the experimental setup for the 256 Gb/s BPAM backto-back
and transmission systeconfigurations. Detailed information on the components used in
the setup is provided in Appendi. A 1557.36 nm CW optical signal was modulated
using an InFbased DP 1Q modulator with adB bandwidth of 35 GHz and a ¥f 2.5 V

[32]. To generate the DP 1QAM signal thel and Q branches for the two orthogonal
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polarization components of the modulateere drivenby 32 Gbaud foutevel electrical
signals from the DACs followed by a feahannel linear amplifier. The DACs inputs were
four copies of a -1 pseudorandom bit sequence (PRBS) at 32 Gb/s. The bit sequences
were decorrelated relative to each other by the delays equal to multipfébité Deriod.
Each DAC converted twosingleended two-level binary data streams to two
complematary fourlevel data signals at a symbol rate of 32 Gbaud. Theléwat signals
for the inphase and quadrature components of each polarization compareat
attenuated by 6 dBand decorrelatedbefore being applied to the amplifielhe
decorrelation \as performedisingtwo phase shifters (Spectrum gkaadjustable adapters
with operational frequency range of DC to 63 Gldpplied to the iphase arms of each
polarizationwith a time delay ranging from 167 psec to 195 p$ads was done since the
outpus of each DAC were complementavyhich resultsin correlation between the-in
phase and quadrature componernite signals were amplified withe fourchannel linear
drive amplifier to generate four single ended, flmwel, 1.8 \fp signals thatvere apped
to the InP DP IQ modulator.

The 2bit DACs combingwo binary input signals and produce a féevel output signal
at the rate of 32 Gbaud. The summai®nealizedoy adjustable bit weights allowing for
adjustment of the spacing between the gengrkgeels to partially compensate for the
nonlinear (sinusoidal) response of the modulator. This architecture keeps the DAC
resolution at a minimum since the resolution corresponds to the number of bits carrying

information.
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Figure 3.3 shows eye diagns for a twdevel binary input signal, a fodevel output
signal from the DAC, a fodlevel amplified drive signal, and the recovered signal
constellation for the baeto-back configuration. The measurement setups for the second

and third cases are shown Figure 3.4.
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Experimental Results

Variable amounts of amplified spontaneous emission (ASE) noise from a broadband
source where added to the DP-QBM signal in order to measure the dependendbef
BER on theoptical signatto-noise ratio (OSNR). The DP 4BAM signal was amplified
and filtered before detection by a polarizatiamd phaseliverse coherent receiver. The
four signals from the balanced phatetectors in the coherent receiver wdigtized by
80 GSa/s ADCs using two synchronizedhttme sampling oscilloscopemnd processed
offline.

The offline signal processing was performed in a sequence of steps including: (i)
normalizationand filtering, (ii) quadraturenbalance compensati¢83], (iii) re-sampling
to two samples per symbol, (iv) chromatic dispersion compensation in the case of fiber
transmission using fixed frequency domain equalization, (v) clock recovery using the
digital square and filter technique4]3 (vi) polarizationde-multiplexing and residual
distortion compensation using adaptive equalizers which emplégB8&onstant modulus
algorithm with a convergence parameger 6 x 107 and 25 iterations for preonvergence
followed by a 65tap radius directed algorithm with a convergence pararaetet x 10°
and 35 iterations B, (vii) carrier frequency offset recovery using a spectral domain
algorithm [35], (viii) carrier phase reavery using sliding window twgtage simplified
QPSK partitioning and QPSK constellation transformation algorithi &§d (ix) symbol
decisions.The BER was obtained by direct bit error counting using rectilinear decision
boundariesThe large number afips and iterations for updating the tap weights in the
adaptive equalizer is due to thbsenceof DSP at the transmitter to apply {8ée pulse

shaping and preompensate for the nadeal transfer functions éfansmittecomponents.
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The dependence tiie BER on OSNR (noise bandwidth of 0.1 nm) for a Hadkack
systemis shownin Figure 3.5(a), and the normalized optical spectrum of the modulated
signal with a resolution bandwidth of 0.02 mnshownin Figure 3.5(b)The theoretical
BER versus OSNResultis shownfor comparison. For a BER of 2.7x1(FEC threshold
with 20% overhead @), the implementation penalty is 3.7 dB for the 32 Gbaud DP 16
QAM generated by the InPased DP IQ modulator. The implementation penalty for the
InP-based DP IQ modator is attributed to thabsenceof any DSP at the transmitter to
pre-compensate for the bandwidth limitations and frequency responses of the DACs, drive
amplifiers, and modulatoAlso, the bandwidth of the 32 Gbaud signal impacts the noise
level in thereceiver signal processing.

The performance of the 256 Gb/s DRQBAM transmission systemvas investigatey
using a recirculating loop as shown in Figure 3.2. The recirculatinghasgompriseof
four spans. Each span consisted of 75 km of standayle snoddiber (SSMF), arerbium
dopedfiber amplifier (EDFA) with a noise figure of 5 dB, and an optical bpads filter
(OBPF) with a bandwidth of 1.2 nm. The dispersion and attenuation per span were 1275
ps/nm and 15.5 dB, respectively. The OBPFs@n&ed the EDFAs in the loop from being
saturated by owbf-band ASE noise. In order to break the periodicity of the recirculating
loop, a loop synchronous polarization scrambler (LSP&) used

For differentfiber lengths, the dependence of the BER anl#tunch powefor the 256
Gb/s DP 16QAM signalsare shownin Figure 3.6(a). The optimum launch poweris
dBm. Figure 3.6(b) shows the dependence of the BEfbenlength for different launch
powers. A maximum reach of 1800 km at a BER of 2. 2¢b0the optimum launch power

is achieved
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3.6 SetPartitioning of a 4-Dimensional Cubic Constellation

Setpartitioning refers to the specific technigue of allocating bits when eqgpbodes
that have different error correcting capabilities.-Satitioning of QAM modulation as
proposed by Ungerboeckd [40], [41], is as follows:

i.  Divide adjacent symbols dfie tQAM constellation into two group3hiscan
bedoneby cl assifying the constelbitsatiimons |
the bit representation of the symbol, which lateelledbased on Gray coding.
ii.  Each group consists of half of the symbols, wlach representedith (logom -
1) bits. Each of the groups cdre dividedinto two groups that have the
maximum Euclidean distances between the constellation points.

Bit allocation by the sgpartitioningis doneat each step. Bit allocation for each group
depends on the numbers of bits equal to 061
coding[2] . For the first step, the bit 06006 or
of each symboland for the 1 step is assigned to thé& bit. Figure 3.7llustratesthe bit
allocation by separtitioning for single polarization 1QAM. At each stage of the set
partitioning for 16Q A M, 606 or 06106 corresponds ist o the

approach carbe extendedo both of the polarization tributaries, which leads to-@ 4

modulation scheme.
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The DP mQAM modulations can be viewed as two separafer®-QAM modulation
in both polarizations with the independent symbol generation and detection. For DP 16
QAM, thismeansl6 equally likely 2D symbols on each polarizan. Two independent-2
D 16:QAM constellations on two polarizations define an alphabet with 256 symbols. Using

the Ungerboeck sgtartitioning scheme in-B signal space, th2 x 2D scheme of DP 16
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QAM canresult inthree subsets of 128, 64, and 32 sylsbbhese 4D modulation formats
aredenotedsetpartitioned &P 128QAM, SP 64QAM, and SP 3AM, respectively.
These modulation formats were first proposed by Coelho and Hanik [15] by applying
Ungerboeck separtitioningto DP 16QAM. These 4D setpattitioning schemes are the
result of selecting 128, 64, and 32 states out of 256 possible states by successively
increasing the minimum Euclidean distance of the constellations. For example, SP 128
QAM format canbe derivedrom the DP 16QAM by selecting lhe even parity symbols
(128 symbols) out of 256 symbols3}4

Using setpartitioning (as a subset ofid modulation), the minimum Euclidean distance
between the constellation points increases after each stage of partitioning [15], which
results inimproving the power efficiency and the tolerance to noise at the cost of reducing
the information rate for the same symbol rate compared to the relevant-QRMm
modulation. However, employing spartitioning increase the ability to detect and correct
errors in the information bits at the receivdf]. The number of information bits pef[
symbol decreases from 8 for DP-Q&M to 7, 6, and 5, for SP 128AM, SP 64QAM,
and SP 3XDAM, respectively.Regardingimproving power efficiency in 49 SP based
moduation formats, these formats can outperform conventi@nal 2-D modulation
formats in nonlinearity limited systems where the power must be reduced to avoid
nonlinear distortions [10]. The same properyappliedto linear systems limited by
additive nose, in the sense that the improvement in power efficiency in SP based
modulation formatss achieveddue to increasing the minimum Euclidean distance of the
constellations. Agrell and Karlsson in [13] reporfgolarization switched@PSK as the

mostpower dficient modulation format in .
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Figure 3.8: Possibility ofsymbols on ¥-polarizationfor thespecific symbol on X polarization
in DP 16QAM, andSP128 QAM.

In contrast to DP &AM that has 16 equally likely-B symbols, in the D set
partitioning scheme once the®symbol for a specific polarization hasen choserthe
symbol for the other polarization is dependent on the symbol used for the first polarization.
As a result, the second2 symbol based on the geartitioning alphabeis restrictedo a

pre-defined subset of-B symbols among all 16 possible symHéls Figure 3.8 compares
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the possible choice of symbols on thep¥larization for the specific symbol on the X
polarization, in the DP XQAM and SP 128)AM formats. As cae seenin the SP 128

QAM format, for the specific symbolon-K o | ar i z aot,i otRtedfepeub=@t on

the Y-pol ari zation is restricted to the symbo
previous bits. This concepst studiedn thefollowing subsectiors. It shouldbe notedhat

the constellations of DP 1@AM and SP 12&8)AM are the samequtthe probabilities of

the constellation points are not the same.

3.6.1 Transceiver Architecture for SetPartitioning based QAM

Modulation Format

Using Ungerboeck sqtartitioning, 4D SP 128QAM symbolsare choserirom the
subset of even or ddparity symbols in the symbol alphabet of Geayled DP 18AM
[44]. In order to generate SP X2Z8BAM sy mbol s, an peXf@Redonoper at
seven information bits. The result is tHek8t whichis considereds a parity bit. This bit
is responsibldor the selection of the desired subset of thepsetitioning schemeThe
resultant 8 bits are mappealone of the 256 possiblel symbols However the 2D 16-
QAM symbols associatealith the second four bitare restrictedo specific symbols as the
last bit the &b i t ) i s an AXORO pr oduc tshowhinFigltee pr ev
3.9 is usedor encoding the binary data for theneratiorof SP 128QAM. In MATLAB
it can bedefinedas follows:

I.  Generate aeBruijnsequence with the desiredanmation bit length (the same
as for DP 16QAM).

ii.  Divide the bit pattern into sets of 7 consecutive bits.
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iii.  Generate an additional bit (parity bit) for each set of 7 bitsp@dryorming
AXORO)

iv.  Map the datgattern (which is now the set of 8 bits)dne of he 256 possible

4-D symbols
DP 16QAM SP 128QAM
d1 d2 d3 d4 d5 de d7 da dl dz ds d4 d5 ds d7

‘ IXORI
vy VvV VvV V Yy VvV VvV V A \

BittoSymboI‘ ( BittoSymboI‘ Bit to Symbol Bit to Symbol
Mapping J Mapping ) . Mapping I Mapping

7

IX \ 4 Qx v IYv QY \ 4 IX \ 4 QX v IYv QY v

{ N { N 4 ' { N
I/Q Modulator I/Q Modulator I/Q Modulator I/Q Modulator
X-Polarization Y -Polarization \ X-Polarization . Y -Polarization

Figure 3.9: Transmitter architectures for DP-TBAM, andSP128 QAM [41].

The same bit to symbol mapper thatusedfor DP 16 QAM canbe usedor SP 128
QAM, since the only difference is the information bits, as shiovigure3.9. In addition,
DSP at the receiveiemains the same for both modulation formats as both modulation
formats share the same reference constellation. The main modification for the SP based
modulation is the bit to symbol mapping (and symbol to bitnd@ping) algorithm. It
should be noted th#te requirements for the modification of the receiver side DSP depend
on the separtitioning scheme employed. As an example, it is not possible to perform
polarization demultiplexing using the conventional constant modulus algorithm for

polarization swichedQPSK since in eachB symbol only one polarization is chosed][4
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An additional block at the receiver side DSP for SP-Q28M is required in order to
perform the decoding. For the Gragded DP 18)AM, the signals in the two polarizations
are independently decodedile thedecoding process for SP 128AM shouldbe done
by decoding the- symbok and considering the parity hithich limits the number of 4
D symbols to 128 among all 256 possibilities.

As mentioned earlier, for SP 1-Z8AM once the 2D symbol for a specific polarization
hasbeen choserthe symbol for thetber polarizationis restrictedo a predefined subset
of 8 among all 16 possible2 symbols. Taking advantage of this specific property, once
the symbol on the >olarization is received, the squared Euclidean distances between the
received Xpolarizaton symbol and all 16 possible symbal® calculatedThe decision
on the Xpolarization signals basedon the minimum Euclidean distancehe received
symbol on ¥polarizationcontains the parity bit resultirfigpm the"XOR" operation of the
previous 7 iis, 4 of whichwere obtained fromdecisiors on the Xpolarization.For the
received symbol orY-polarization,the squarecEuclidean distanceés calculatedfor 8
possible symbols that are chosen based on the decision made fareiliedesymbol on
X-polaizationt o s at i sfy t h &hisfprdo@ddstalsmcplled 42 mininoum.

Euclidean distance detection for SP QAM formaf3.[4
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3.6.2 Performance Comparison of DP 16QAM and SP 128QAM*

By applying sefpartitioningto DP 16QAM constellations, © SP QAM formats can
be obtainedvith a small increase in transceiver complexity [6], [8%][445]. Previously
the SP 128)AM format has been shown to provide an increase in the transmission reach
for the same bit rate afhud rate compared to DP-QBAM [44], [45]. In this section, we
assess the performance of the SP-Q281 and DP 16QAM modulation formats
regardingthe achievable information rate (product of mutual information between the
transmitted and received symbséquences and the symbol rate). The comparative
performance between the SP 1Q8M and DP 16QAM formats at the same bit rate of
256 Gb/sis of primary interest, thereby allowing an assessment of the impact of the SP
coding/decoding andequisiteincreasein the symbol rate on the mutual information.

Results for the same symbol rate of 32 Gbhargdincludedor completeness.
Mutual Information

The mutual information (MDI(S;R), representshe maximumamount of information
that the channel outp& contairs about the channel inp8t For propagation over optical
fiber, memorycan be introduced by the impairments sucliil@er chromatic dispersion
and fiber nonlinearity. Howeversignal processing used to mitigate the effects of these
impairmentsremoves a large portion of the channel memory. Some additional memory

may remain, but for simplicity, we use a memoryless model to evaluateavikfinite

* This subsection is compiled from material extractiedm [23]. Copyright © 205 IEEE. Reprinted,
with permission, fromA. S. Kashi, J. C. Cartledge, A. Bakhshali, M. A. Rezania, AR&hman, M.
O6Sul livan, C. Laperl e, A. Bor owi ec ,-QAMmardt DR16 Robert
QAM modulation formats41t European Conference on Optical Communicati®ept.2015.
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discrete modulatioalphabet o B hd , themaximum achievable rate given by
MI is [46]:
"O‘ Y 5 r 5 N , ‘I I 6 s ‘l s’ F]

M O i U4 5 (3.4)

wherePs(sm) andPr(rn) are the probability mass functions (PMFs) of the channel input and
output,respectively, an@®riqrn|Sm) is the conditional PMF af given thats was sent

Since for the same information bit rates, the symbol rate and hence the spectral
occupancy forISP 128QAM is higher than DP *QAM, the comparison between two
modulation formatswas performedregarding the achievable information rate. This
provides the means to the impact of the SP coding/decoding on the mutual
informationin comparison wittihe conventionall6-QAM format.

To calculate the MI for the DP 1®@AM format, the summations in (3.4re evaluated
over the sefA for each polarization. For the SP 1@8M format, the summationare
evaluatedfor the discrete SP modulati@iphabets in 9. As an examplefigure 3.10
shows a subset of the conditional probabilities (witin) and the output probabilities for
the DP 16QAM format (Y-polarization signal). The probabilitieBs(sm), Pr(rn), and
Prigrn|sm) were evaluatetbr a transmission distance of 21k® and a launch power of 3
dBm, wherer were the received symbols afterrtsanissiorand offline processing arsl

were the transmitted symbols.
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Figure 3.10:  Conditional probabilitiesn(= m) and output probabilities for DF6-QAM.

Experimental Setup

The experimental setups shownin Figure 3.11.Detailed information on the
components used in the setup is provided in AppeAdik 2%° deBruijn binary sequence
was used to generate an SP bit sequence performing XOR opeoatseguences of seven
bits to generate the parity bit8"(bit of each symbol). The-Bit SP sequenceas then
mappedo the 4D constellation points. For tHgP 16 QAM signal, the 2 deBruijn binary
sequencavas mapped directly to symboRootraisedcosine(RRC) pulse shaping with a
roll-off factor of 0.05vas usedThe generated waveform&re loadednto the memory of
a Wavel ogic3 transceiver operating as an arbitrary optical waveform generator with four
synchronized DACs at a sampling rate of 39.4 GSa/s. The output signals from the DACs
were appliedo a DP inphase/quadrature modulator. The CW optical signal applied to the
modulator had a wavelength of 1557.36 nm and a linewidth of ~100 kHz. The ejgjrcall

was launchedhto a recirculating loop with four spans aamdlSPS Each span consisted of
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75 km of SSMF, an EDFA, and an OBPF to prevent the EDFAs from being saturated by

ASE noise.
EDFA
Wavelogic 3 I>
Transmitter AOM
A A A A ; LSPS AOM
Offline -\
Waveform
Generation EDEA
OBPF—Q-/
BBS VOA [ OBPF >
< EDFA
i < 90%
Rgaltlme Cohe_rent ¢ OBPE
Oscilloscopes Receiver 10%
Post OSA
processing

Figure 3.11:  Experimental setufeDFA: erbium doped fiber amplifier; AOM: acousbptic
modulator; OBPF: optical barghss filter;,LSPS loop synchronous polarization scrambler;
SSMF: standardinglemode fiber,BBS: broadband source; VOA: variable optigdi€nuator;
OSA: opticalspectrum analyzer.

At the receiver, sample values obtained after coherent detecti@recordevith two
synchronized redime sampling oscilloscopes operating at a sampling rate of 80 GSa/s
and processed offline in the sequence of steps that were mentioned earlier. These steps
include normalization and matched filtering, quadrature imbalance cosapen, re
sampling to two samples per symbol, chromatic dispersion compensation, clock recovery,
polarization demultiplexing and residual distortion compensation using adaptive
equalizers, carrier frequency and phase offset recovery, decoding and siguis@ns.

The adaptive equalizers employed an-tdd constant modulus algorithm with a
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convergence parameter= 3 x 107 and 11 iterations for preonvergence followed by a
13-tap radius directed algorithm with a convergence paranseter2 x 10°® and 1L
iterations.

The processing of the received SP -128M andDP 16QAM signals onlydiffers in
the decoding stag&.he decoding process for ti8P 128QAM signal was performed
jointly for the 4D modulated signal. fe Euclidean distances between a receXed
polarization symbol and all 16 possible symbetye calculatedThe decision for the X
polarization signalvas basedn the 2D minimum Euclidean distance. The Euclidean
distances for a received-polarization symbolwere calculatedor the eight possille
symbols thatresultedfrom the decision for the -¥olarization signal. For the BER
calculation, the parity bitvas removedThe DP 16QAM signal was decodeds two

independent-® modulated signals.
Experimental Resultsi Information Rate

The dependence of the BER on OSNR (noise bandwidth of 0.1 nm) was measured
addingvariable amounts of ASE noise from a broadband source to the &ig@aback
to-back system. The results are shoiunFigure 3.12 for the three cases of interest.
Theordical resultsare shownfor comparison. For 8ER of 107, the implementation
penalties are 2.2 dB for 32 Gbaud DRQAM, 2 dB for SP 128)AM at the same symbol
rate as DP 1:®AM, and 2.05 dB for SP 12QAM at the same bit rate as DP-Q&\M

equal to 224 G/s.
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—O— —@— 256 Gb/s, 32 GBaud DP 16-QAM
—O0— —— 256 Gb/s, 36.57 GBaud SP 128-QAN
—O— —@— 224 Gb/s, 32 GBaud SP 128-QAM

BER

12 14 16 18 20 22 24 26 28 30
OSNR (dB)/0.1 nm

Figure 3.12 BER versus OSNR for a bat&back configuration. Solid symbols denote
experimental results and open symbols denote simulation results.

The corresponding information rateghich are calculated using (3.4), are shawn
Figure 3.13. Theoretical results for each case were obtained using numerical simulations.
For OSNR values of interest at a bit rate of &8s the SP 12&8)AM format outpeforms
the DP 16QAM format. Compared to the DP I®AM format, the information rate for the
SP 128QAM format is increased by 15@&b/sfor an OSNR of 17.1 dB, which corresponds

to the SP 12&AM format with aBER of 102
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Figure 3.13: Information rate versus OSNR for a baokback configuration (legend is the
same as Figure 3.12). Solid symbdénote experimental results and open symbols denc
simulation results.
For afiber length of 2100 km, the dependencies of the BER and information rate on the
launch poweare showrn Figure 3.14. The optimum launch powers for all three formats
are similar. However, for the same bit rate, the SP-Q281 format provides an

information rae that is 13.45b/s(5.3%) higher than that for the DP-{HAM format at the

optimum launch power.

94



Chapter3. Multi-Dimensional Modulation Formats

—O— —8— 256 Ghls, 32 GBaud DP 16-QAM
0.04r| —0— —=— 256 Gbrs, 36.57 GBaud SP 128-QANbL ¢
—O——— 224 Gb/s, 32 GBaud SP 128-QAM w
— 1250 &
0.03 =
1240 &
e
| ] o
M 0.02 230 ¢
1220 &
e
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[
1200 —
0

3 =2 1 0 1 2 3
Optical Launch Power (dBm)

Figure 3.14:. BER and information rateersudaunch power for a fiber length of 2100 krr
Solid symbolsdenote experimental results and open symbols deiratdationresults

The dependencies of the BER and information rate at the optimum launch power on the
fiber length for each formadre shownn Figure 3.15. For th&8P 128QAM format (256
Gb/s), the information ratier aBER of 102, which corresponds to tliier length of 2700
km, is 242.3Gb/s This corresponds t8.2% increase compared to thidormationrate of
DP 16QAM at the samdiber length (224Ghb/g.
It should be oted that although the comparisons between SPQE& and DP 16
QAM were performed at the same information bit ratke,symbol rate and hence the

spectral occupancy for SP XZ8AM is higher than DP 1QAM.

95



Chapter3. Multi-Dimensional Modulation Formats

—260
250
1240
1230
1220
1210
200

BER

10°} —8—O— 256 Gb/s, 32 GBaud DP 16-QAM
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600 1200 1800 2400 3000 3600
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Figure 3.15. BER and information rate at optimum perannel launch power versus fibe
length.Solid symbols denote experimental results and open symbols dématationresults

Information Rate (Gb/s)

Figure 3.16 shows experimental atietoretical resudt for the information rate as a
function of perchannel launch power for the three modulation formats fibeelength is
2100 km. The theoretical resultgere obtainedy combining the perturbation approach
[47] to determine the change in the transmitsgghal due tdfiber nonlinearities with
optical noise loading. This approximate model accurately captures the dependence of the
performance oReysystem parameters such as the pulse shape, modulation format, launch
power, andiber properties (length, snuation, dispersion, and nonlinearity). A detailed
description of the model grovidedin Chapter 5For SP 128QAM format (224 Gb/s and
256 Gb/s), good agreement is obtained between the experimental and theoretical results for
the information rate whieas for DP 18JAM, a difference is observed. This difference
could be attributed to the higher sensitivity of DRQAM (compared to SP 12Q@AM)
to imperfectios of the transmitter or receiver whieverenot included in the approximate
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model. Further inv&igationwould berequired to investigate the origin of this difference

and its effect on DP @AM compared to SP 12Q@AM.

—O—@— 256 Gb/s, 32 GBaud DP 16-QAM | |
—O—@— 256 Gb/s, 36.57 GBaud SP 128-QAM
@ 260+ | —<O—@— 224 Gb/s, 32 GBaud SP 128-QAM| .
S
e
@ 250
©
O 240t
c
0
= 230
£
S 220t
£
210¢

3 2 1 0 1 2 3
Optical Launch Power (dBm)

Figure 3.16:  Information rateversudaunch power for a fiber length of 2100 km. Solid
symbols denote experimental results and open symbols denote theoretical results

3.7 Summary

In the context of 2-D modulation formats hie use of an InlBased DP 1Q modulator
for generation and transmissiaf 32 Gbaud DP 1AM has been experimentally
demonstrated using-l&it DACs to generate theequisitefour-level drive signals. In the
backto-back experiment and at a BER of 2.7%18 3.7 dB implementation penalty from
the theoretical limits achievedThe maximum reach of 1800 kshachievedor the DSP
free transmitter. This architecture realizes a compact,-¢aghacity transmitter with a

relatively simple implementation.
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In the context of 4 modulation formats, the performance of the SP-Q28/1 and DP
16-QAM modulation formats with the same bit rate and symbol ratbdws comparenh
terms of thenformation rate. For a bit rate of 28d/s the SP 128 AM format provides
increases in the information rate of 5.3% and 8.2% compared to the-QRNIGormat

for transmission over 2100 km and 2700 km, respectively.
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Chapter 4

Nonlinear Signalto-Noise Ratio
Estimation Using Artificial Neural

Networks

4.1 Overview

Fulfilling the predicted increase in global IP traffic involves increasing both the capacity
and achievable transmission distance of optical fiber transmission systems [1], [2]. As the
bit rate increases, the system performance becomes less tolerantngrhigsaon
impairments with the capacity ultimately limited Kgrr fiber nonlinearities. With optical
networks evolving towards higher capacity, advanced techniques are neeteddéting
and characterizing systems, predicting performance, and estimamgus critical

parameters [3]in addition future optical networks will be dynamic and heterogeneous,
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accommodating various modulation formats and bit rates [4]. Thus, the need to
continuously monitor channel impairments has increasedportance.

For long-haul optical fiber transmission, the link accumuladgtical noise consists of
linear and nonlinear contributions. Most coherent optical transmission systems operate in
the weakly nonlinear regime to obtain the best performance in thedfadetveen the
effects of amplified spontaneous emission (ASE) noise and fiber nonlinearities [5]. The net
electrical signato-noise ratio ENRe) for such systemis determinedy ASE noise from
inline optical amplifiers $NRsg, implementation or internal transceiver noiS&NRx)

[6], and optical Kerr nonlinear nois&NRi). Increasing the transmitted signal power
linearlyincreases the delivered optical sigt@hoise raib (OSNR). However, the power
dependent nonlinear noise also increases and ultimately degrades the system performance,
thereby imposing a limit on the transmitted signal power and achievable OSNR.

Separate estimates of the linear and nonlinear opticak nmievide a means of
estimating the operating regime of a link and using that information for network
optimization and capacity estimation and maximization. The capability to accurately
estimate signal distortion including linear and nonlinear noise hasad application to
nonlinear compensation [7] as well as capacity or maximal reach prediction. Furthermore,
detecting the sources of performance degradation (e.g., identifying the OSNR degradation
of a wavelength path) is valuable for network contrad asnanagement, particularly for
routing decisions and the fast provisioning of optical routes or channel spectra [8].
However, it is challenging to distinguish between the linear and nonlinear noise
contributions in the time domain. Direct estimation & @SNR in the frequency domain

by calculating the noise power from an interpolation ofaftlhand noise measurements
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in between optical channels, beconrepractical when the channel spacing approaches
the signal symbol rate for high spectral efficienég a result, techniques to reliably
estimate the linear and nonlinear optical noise are needed [9].

In this chapter, we investigate a method to build a generalized model for
estimating/monitoring the nonlinear sigtialnoise ratio. We propose to use atifiaial
neural network (ANN), which is trained with specific features that are representative of the
SNRi. The accuracy of the estimation is demonstrated in the simulation and validated for

experimental data.

4.2 Machine Learning Based Nonlinear Noise Estimion”

Powerful statistical signal processing methods from machine learning (ML), in the
supervised learning category, can be used for nonlinearGaossian systems to build
probabilistic models of impairments based on observed data [10]. These modbé&s can
appliedto a variety of applications such as impairment estimation and compensation.
Supervised learning techniques include linear/nonlinear regression, support vector
machines, decision trees, and ANN [11].

In the context of the material discussedhis chapter, OSNR monitoring techniques
canbe dividedinto four categories:

1. Non-ML aided without considering nonlinearity: Existing noaML aided OSNR

monitoring techniques for coherent detection systémehide methods based on the

* This section iscompiled from material @sactedf r om an i nvited manuscript
net wor ks for fiber nonlinear theo proseedings sot theAsia i on 0,
Communicatios and Photonic€onferenceNov. 2017 [9].
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received signal SNRtilizing statistical moments [12] and error vector magnitude of a fully
equalized signal [13]In addition the OSNR can be estimated using -eelfialized
complementary training sequences [14]. In [15], estimation of the ASE noise power, and
hence the OSR, has been carried out by measuring the optical power at the central
frequency of a subcarrier ad an offset frequency #between subcarriers utilizing an
optical banepass filter. Alternatively, ASE noise power can be estimated using the
properties bthe incoherent noise entering a delay line interferometer and measuring
optical power at the constructive and deconstructive output ports [16].

2. ML aided without considering nonlinearity: ML -based optical performance
monitoring (OPM) techniques have iged significant attention due to the ability to
monitor multiple channel impairments, which iskay requirement innext generation
optical networks [17]. These techniques learn the characteristic of the impairment from the
statistical properties of théeserved data and the resultant "trained" model can then be used
to estimate the impairments. Miased OSNR monitoring for direct detection systems
includes using an ANN trained with a parameter derived from dafagsynchronous and
single channel sampbn[18], [19], and principal component analysis based pattern
recognition in combination with asynchronodslay tapplots [4] and single channel
sampling [20]. For coherent detection, the techniques include a deep neural network (an
ANN with multiple hidden layers between the input and output) trained with the received
signal sample values [21] and amplitude histograms [22].

3. Non-ML aided with considering nonlinearity: Most of the OSNR estimation
techniques based on the error vector magnitude (EVNBNXBRe) rely on the distribution

of points in the constellation diagraamd therefore tend to underestimate the true OSNR
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because contributions due to nonlinear noise and implementatioran@igeludedn the

EVM. Recently, methods have been proposednbnlinearitytolerant determinations of

the OSNRby estimatingSNRi and removing its contribution from the calcula®&NRe;,

which results irBNRse(assuming the implementation noise hasn accountefr) [23],

[24]" For these methodSNRi was etimated using the amplitude noise correlation across
neighbouring symbols for each polarization, multiplied by a calibration factor. The
estimation accuracwyas improvedn [24] by considering the amplitude noise correlation
between the two polarizationgsials during the same time slot. A drawback of these
approaches is the requirement for a complex calibration process to map the resultant
amplitude noise correlation to the tr@BR; for each system configuration (e.qg., fiber type,
fiber length, number olvavelength division multiplexed (WDMghannels, and launch
power), which makes them impractical for deployed optical systems.

4. ML aided with considering nonlinearity: Recently, Ml-based OSNR estimation

using the intensity information from detected do@larization (DP) quadrature amplitude
modulation (QAM) signals haseen presenteith [25]. However, the performance of this
technique was only evaluated for the béchack case, and thus only in the presence of
ASE noise. We initially demonstrated an Méchnique employing an ANN, trained with

the amplitude noise covariance of the received symbols [26], to estimate the nonlinear
noise. Increasing the number of inputs, which means increasing the information introduced

to the ANN, results in an improvemaeafitthe estimation accuracy. In this chapter, the initial

* SNRskeis the ratio of the electrical signal power to the electrical noise power within the signal bandwidth
due to ASE noiseSNRseis related to the OSNR through the ratio of the electrical signal bandwidth to the
0.1 nm (12.5 GHz) optical refence bandwidth.
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work is extended and improved to achieve a generalized model for estii@tgising
an ANN by adding the phase noise correlation extracted from the received symidnols as
input[27].

Figure 4.1 illustrates the principle of an Miased nonlinear noise estimation technique
that is trained to estimate the target information based on the measured features. The inputs
to the ML blockare extractedrom known information in simulations, exp@ents, or
practical systems, which might include the net chromatic dispersion (CD) or the CD of
each span, link length, number of WDM channels, and launch pbwastdition the fiber
nonlinearity induced amplitude/phase noise correlations anssghlouringsymbols can
be usedas an input for nonlinear noise estimation.

For a single receiver, the nonlinear correlation together with the link pararsetees
as the inputs to the ML block, as shown in Figure 4.1(a). Increasing the number of inputs
related to the link condition enhances the performance of the ML block. Figure 4.1(b)
shows the case where thmeasuredfeatures of the system together with inline
measurementare appliedo the ML block. In this case, in addition to the available inputs
from the known information, the measured power and CD for each span can be used as
inputs. For the case where multiple channels share the same lhgtopessed data from
each receiver, such as the nonlinear correlation can be applied together as inph4 to the
block, as can be seen in Figure 4.1(c), to improve estimation accuracy. As a result, with
slight adjustments to the model, it can be adapted to dynamic optical networks with flexible
grids, dynamically reconfigurable mesh networks, betrogeneousaffic patterns.

The main advantages of Mhased nonlinear noise (and hence OSNR) estimation

techniqgues compared to analytical methods [28], [B9that the MLbased techniques
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yield generalized estimators. The resultant estimator does not require a¢tunatedge
about the system configuration (such as fiber parameters) or detailed information about the
transmitted signal and theeighbouringchannels (such as their modulation formats,

symbol rates, and pulse shaping).

Nonlinear Noise Correlatic —
Net CC — ML Nonlinear
Link Lengtt —| Block Nc_)|se
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Figure 4.1: ML-basedonlineamoise estimation block diagrams, (&)dge receiver, (b¥ingle
receiver with inline measuremeangc) multi-receivers with inline measurement
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4.3 Nonlinear Noise Estimation Using Amplitude and Phase

Noise Correlations

In this section, we investigate ML techniques, to estimate the nonlinear noise. We
demonstrate aestimatoremploying an ANN, trained with the amplitude noise covariance
[9], [26], and phase noise correlation [27] extracted from the received symbols. The ANN
Is trained, tested, and validated for 734 known igutput sets frorsimulationsfor a 34.5
Gbaud DP 6-QAM signal transmitted over a wide range of link configuratieits and
without ASE noise loadingrhe performance of the ANIS validatedin experiments, for
a 34.5 Gbaud DP 1QAM signal in an 1ichannel system for various launch powers and

transmissan distances.

4.3.1 Simulation Setup and Features Extraction

It hasbeen showhat nonlinear interference produces amplitude and phase correlation
across neighbouring symbols [23], [30]. Denotaegk(k) and se A(k) as the amplitude
noise of thek" received symbl for the X- and Y-polarization signals, respectively, the
amplitude noise covariance (ANC) acrassighbouringsymbols can be obtained from

(4.1) and used as an input metric to estinGat&.

* This section (4.3) and the next section (dadycompiled frommaterial extracted from [27]. Copyright
© 2018 IEEE. Reprinted, with permission, from A. S. Kashi, Q. Zhuge, J. C. Cartledge, S. A. Etemad, A.
Borowiec, D. Charlton, C. Lapere, and M. OO0 Sul ‘oincisa ratio esNneatioh in cokeeent s i gn a
optical fiber transmission systems using artificial neural networks, Journal of Lightwave Technology, Dec.
2018. An earlier version appeared in [26]. Copyright © 2017 IEEE. Rtegriwith permission, from A. S.
Kashi, Q. Zhuge, J. C. Cartledge, A. Borowiec, D. Charlton, C. Lgperla n d M. FDérBanlindai v a n ,
noiseto-signal ratio monitoring usg artificial neural networks43¢ European Conference on Optical
Communicatio, Sept.2017.
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(4.1)

where supersrigR andT identify the received and transmitted symbols, respectively.

In addtion, the nonlinear phase rotation induced by fiber nonlinearities has been shown
to be correlatedamong neighbouring symbols [29]. Denoting this phase noise fdt"the
received symbaohsae d(k) andae d(Kk) for the X- and Y-polarization signals, respectively,

the phase noise correlation (PNC) acrsghbouringsymbols can be obtained from (4.2).
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In order to have a sufficient number of examples of kquput pairs to train the ML
block and achieve goageneralization, simulations were performed for a 34.5 Gbaud DP
16-QAM signal with rootraisedcosine (RRC) pulse shaping with a roff factor of 0.14,
for various transmission distances, numbers of channels (with 50 GHz channel spacing),
and fiber typesASE noisewas not includedn any of the simulative cases. Table 4.1
summarizes the parameters used in the 432 simulation sets. Received symbols for each
simulation were used to calculate ANC and PNC. In the calculation of the amplitude and
phase noisghe transmitted sequence was assumed to be known. The length of the symbol

sequence and hence the size of the ANC and PNC were 2
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Table 4.1: Simulation parameters.

: NDSF & | NDSF & | ELEAF &
Fiber Type NDSF TWC ELEAF TWe ELEAF TWC
Launch Power (dBn 0.5 -2.5 -1 -1 -0.5 -2

Distance (km) 320, 400, 480, 560, 640, 720, 800, 880, 960, 1040, 1120, 120

WDM Channels 1,3,5,7,11, 21

l;l_lé)SF: NonDispersionShifted Fiber; TWC: TrueWave Classic; ELEAEnhanced Large Effective Ar
1oer.

The training data consists of known immuttput pairs achieved by performing full
system simulations. A critical step is determining input features, which allow extraction of
the desired output(s) [25]. Although the ANC and PNC are not direct measures of
nonlinearity, their features exhibit the same trendSB$ when changing the system
configuration such as fiber length, launch power, amchberof WDM channels. Figure
4.2(a) shows the truBNRi obtained from the simulation versus the number of WDM
channels and fiber length. In order to make a comparison, restdtsalso showror
cumulative summation &ANCxx andPNCxx over a multiplenumberof symbols to capture
the strength of the nonlinearitgenoted byRxx andPxx and described by:

Y pmti CojB D6 as,

3 3 (4.3)
0 prtl Coj B OO & s .

The choice of lags in (43vas based on properties of the covariance and correlation
functions, and on the results thegre achievedlhe performance has been investigated by
varying the number of lags in the calculationRe% and Pxx. The most accurate results

were achieved fothe number of lags ranging from 1 to 6 and 1 to 30 for ANC and PNC,

respectively.
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The results for the estimatésNRi using Rxx and Pxx are offset by 4 and 8 dB,
respectively, for clarity. Here we assume that the expressions in (4R)xfand Pxx are
representative oBNRi. Theyare usedor the purpose of illustratinthe variation in the
nonlinearSNRwith changes to the system configuration. The results for the estimated and
trueSNRy in Figure 4.2(a) are for the case of NDSF fiber, 5, 7, 11, and 21 WDM channels,
and transmission over different lengths of fiber. Although the figure suggests that a
multiplicative factor could be used to m&ax and Pxx to the trueSNRy, plots ofRxx and
Pxx versus the tru&NRy in Figures 4.2(b) and (c) for all 432 application case§ahle
4.1show that for a specific tru@NRi the variation oRxx andPxx for differert application
cases an exceed 4 dBIn addition each fiber type, as well as each number of WDM
channels, requires a different mapprate fromRxx andPxx to the trueSNR.. The results
of the estimate@®NR usingRxx and Pxx for each fiber typeshown in different colours)
are shifted by multiples of 4 dB from the NDSF results to be distinguislaaioleach
number of WDM channels is shown with a different symbol, as indicated in the figure
legend.

The nonlinear noise estimation can be done usivariaty of ML techniques. In this
thesis,we used an ANN to perform the estimationSMRi and remove the requirement
for mapping rules, andor the purposes otomparison and completeness, we also
implemented a multivariate polynomiagression model.

Both methods have the following structure: 1) calculate the ANC and PNC for different
application cases, 2) train the model (ANMgression) on various instances the

extracted features (based on ANC and/or PNC) and link condition (CD and number of

113



Chapterd. Nonlinear Signato-Noise Ratio Estimation Using Artificial Neural Networks

WDM channels) for the known tru@NRi, and 3) use the trained model to estin&itdR

for new cases.
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Figure 4.2: (a) Estimated&NR, versus the number of WDM channels and fiber length;
EstimatedSNR; versus truesSNR, for all 432 cases from simulation using Bk and (c)Pxx.

4.3.2 Atrtificial Neural Network Based Estimation

The block diagram of the ANNs shownin Figure 4.3. The feetbrward ANN is
comprisedof one hidden layer witm hidden neuronsin inputs, and one outpufo
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distinguish between the weight matrices, biases, and neuron outputs for each layer
subscripts are used to identify the source (seauhelx) and the destination (first index),

and superscripts represent the index of the layer. The inputs consist of the net CD, number
of WDM channelsRxx and Pxx as described by (4.3), afky and Pxy as described by

(4.4).

Y phl GO ms,

. e (4.4)

0 pil Coj DO TS.

The output vectoratn) is calculated by multiplying the input vectors) py the weight
associated to each neuromi) and applying the activation functions to the sum of the
weighted inputs plus shifting bias b“n). Training, testing, and validation were carried out
using the Matlab R2017a Neural Network toolb@he logstic sigmoid andlinear

functionswere useds activation functions (or transfer functions) for the hidden and output

layers, rapectively.
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Figure 4.3: ANN block diagram.
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In the training phase, the Bayesian regularization learning algovithsnused The
algorithm updated the values of weights and biases for each layer iteratively using the
LevenbergMarquardt optimization method to minimize a linear combination of weights
and squared errors (the ernmas calculatedby subtracting the ANN output from the
desired output). The training stopped when step sizes reached a point where output
improvements became smaller than a set threshold, effectively not providing further
improvement. The number of hidden neuramas setto 6, which resulted in the lowest
normalized rooimeansquare errorNRMSE for training and testing, without introducing
overfitting. Numerous experiments were carried out to determine the set of ANN
parametes that provided the best performance.

During the training, 302 muttilimensional input vectors (70% of the application cases
in Table 4.2were randomly chosgifor the extracted features (based on ANC and/or PNC),
the net CD, and number of WDM channelsiygé with their corresponding target output
(the trueSNRi), were passed to the ANN. Timeain goal of the training is to build a
generalized mapping, which is not limited to the training data set and allows the model to
predict the correc3NRi for newdata setshat include system configurations different from
those used for the training. Once the AMMds trainedits accuracywas testedor the
remaining 30% of the cases, by applying each set of input vectors from the testing set to
the trained ANN andomparing the estimate®NRy with the trueSNRi.

In order to assess the robustness of the extracted features against ASE noise and the
performance of the estimation procedure in the presence of ASE noise, the trained ANN
was validatedor the case wherthe received signatas loadedavith ASE noise. The noise

loadingwas implementedor the same 302 system configurations thate usedor the
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training process (Table 4.1). The ASE noise powers (in dBen¢ drawrfrom a normal
distribution with a standardeviation of 3 dBm and a mean of twice the nonlinear noise
power according to [31], which showed that the ASE noise variance is twice the nonlinear
noise variance at optimum launch power. All of the simulativese performedat
optimum launch powers thatere determinedor a practical system with ASE noise and
nonlinearity.This was dondo realistically represent practical systems

In order to evaluate the contribution of the nonlinear noise correlations gxN@r
PNC) on the performance of the tradn®NN, three different sets of inpuigere considered
for training the neural network. Each set included the net CD and number of WDM
channels as inputs. For the first two cases, extracted features from ANC anddP&lC
usedindividually and for the third case, extracted features from both ANC andviRME
used Figure 4.4 shows tltdRMSEduring the training and testing phasasthe third ANN
as a function ohumberof epochs or training iterationBuring the course ofraining, the
NRMSEdecreases asumberof epochs increases. Figure 4.4 shows that rthiaing
process is aborted after 200 epochs witNRMSEof 0.26% for the training set and 0.32%
for the testing set, as the step size for ltk@enbergMarquardt optimization method

reaches its minimum limit.
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Figure 4.4: The ANN performance duringaining and testing phases.

The results of the training, testing, and validation for each of the trained ANNs
summarizedn Table 4.2. The results indicate that by employing both nonlinear noise
correlations, thd&NRMSEdecreases for the training, testing, and validation. For the third
case, training, testing, and validation in simulation exbNBMSEof less than 0.37%. Eh
improvement in the model using both correlations warrants the small increase in the
complexity of the ANN. In the next section, the trained ANNs are employed to estimate

SNRi for different experimental cases.

Table 4.2: ANN simulation performance.

TRAINING TESTING Validation

Inputs NRMSE NRMSE NRMSE

Rxx, Rxv 0.62% 0.69% 0.70%

Py, Py 0.65% 0.68% 0.68%
Ry, Rxy, Pxx, Py 0.26% 0.32% 0.37%

"CD and number of WDM channels are the inputs for albthave cases.
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4.3.3 Regression Basedstimation

For comparative purposes, we report the performance using multivariate polynomial
regression to estimateNRi. Second and third order polynomialere choserfor the
regression model. Employing higher polynomials resulted in overfitting to the training data
sets thus exhibiting very poor generalization. The regression model had the same structure
for training, testing, and validation as the ANN. For the tregpB02 multidimensional
input vectors for the extracted features, nani®ly, Pxx, Rxy, Pxy, CD, andnumberof
WDM channels, paired with their corresponding target output (theSikig), were used.

The testingvas performedor the remaining 130 caseBhe trained models based on the
second and third order polynomial®re validatedor the 302 cases, where the received
signalwas loadedwith ASE noise, with system configurations thve¢re usedor the
training process.

The performance results for thegression and ANN methodse presenteth Table
4.3. Although the simulation results for the regressiwodel show relatively small
NRMSE its accuracy and generalizatisbetter assessed using the validation results for

experimental cases.

Table 4.3: Simulation performance comparison.

TRAINING TESTING Validation

ML Method NRMSE NRMSE NRMSE

ANN 0.26% 0.32% 0.37%

2" Order Polynomial

' 0.55% 0.52% 0.63%
Regression

3" Order Polynomial
Regression

"Rxx, Rxv, Pxx, Pxy, CD, and number of WDM channels are the inputs.

0.26% 0.33% 0.39%
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4.4 Experimental Validation of Nonlinear Noise Estimation

In order to further demonstrate the validity of the estimation methakmariment was
conducted using the same system configuration as employed in the simulations:
transmission of l-=thannels over 800 km of TWC fiber using 34.5 Gbaud DiQ)AM
with RRC pulse shaping and a rolfif factor of 0.14.

The ANCs and PNCs were calcatled for each experimental case and used as inputs to
the trained estimators (ANN and regression). The transmitted sequence was assumed to be
known for the calculation of amplitude and phase noise (ANC and PNC, respectively).
However, in a practical impleemtation, symbol decisions would be used in place of known
transmitted symbols for these calculations. The length of the symbol sequence and hence
the size of the ANC and PNC for experimental cases was 229,376, as determined by the
on-chip memory of the @na WaveLogic3 transceiver, whialas usedn the experiment.

The output of the estimatevas then comparedith the true value of SNRi thatwas
calculatedby subtracting the knowBNRseandSNRx from the calculateNRet. SNRsE
was determinedrom the OSNR measured with an optical spectrum analyzer. For a
measurement trace, the ASE noise power at the carrier frequency was determined by
interpolation using oubf-band noise levels below channel 1 (1548.11 nm) and above
channel 11 (1552.12 nm), respeety. The wavelengths used for the @miftband noise
levels were carefully chosen to exclude any signal contributions (e.g., sidebands due to the
finite dimension of the pulse shaping filter and spectral broadening due to the Kerr effect).
Moreover, in deermining the OSNR, the measurement of the signal power was corrected

for the inband ASE noise poweBNRetwas obtainedrom offline processing.
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4.4.1 Experimental Setup

The experimental setup shownin Figure 4.5. Detailed information on the components
usal in thesetup is provided in Appendix.Aump and probe channels were produced by
two Ciena WaveLogic 3 transceivers each of which included four digHahalog
converters (DACs) with a sampling rate of 39.4 GSa/s and a pase/quadrature
modulator.For the probe channel, the wavelength of the CW optical signal applied to the
modulator was 1550.12 nm. The pump channels, which were distributed evenly around the
probe with a channel spacing of 50 GHz, were combined and applied to one modulator.
The modilated optical signalsiere launchednto a pointto-point transmission link that
consisted of 1Gpans of 80 km TWC fiber, each followed by an erbium doped fiber
amplifier (EDFA).The choice of fiber type used in the experiment (TWC) was based upon
the availability of the transmission setup at the time of the experid#et propagation,
the outpubf the tenth spawas amplifiedand applied to a tunable filter (TF) which passed
the probe channel to a coherent receiver. Sample values obtained after coherent detection
were recordewith a fourchannel reatime sampling oscilloscope operating at a gkamg

rate of 80 GSa/s and processed offline.
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Figure 4.5: WDM experimental setydMUX: multiplexer; EDFA: erbium doped fiber amplifie
TWC: TrueWave classicTF: tunable filter

4.4.2 Nonlinear NoiseEstimation Results UsingArtificial Neural

Network

Figures 4.6(a), (b), and (c) compare the estim&f&& using each one of the trained
ANNSs with the trueSNRy as a function of launch power after transmission over 800 km of
TWC fiber. The estimation error f@NRu is plottedon the right axis. Thealues of the
error for the first two cases are less thandB5nd less than 0.25 dB for the third case.
This is expectedince the trained ANN, which employs extracted features from both ANC
and PNC exhibits the smalld8RMSEor both training and testing comparison with the
other ANNs. It shouldoe notedthat the ANNswere not trainedor the experimental
configuratiors of fixed fiber lengthfixed numberof WDM channels, andaryinglaunch
power. Accurate results for cases that werespetificallyembodied by the training point

to the high generalization performance of the model.
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Assuming equal average transmittedveo for all WDM channelsHi), the power of
the nonlinear noise is proportionalPg§. As a result, with a 1 dB change in launch power,
SNRi should change by 2 dBlChe curvesfor true SNRy in Figure 4.6, follow this
dependence for high launch powei3to 0 dBm). However, at low poweré(to-4 dBm)
the trueSNRi deviates from this dependence as a result of additional distortion arising
from the offline processing that emulates limitations imposed by an actual implementation
of the signal processinghe use of signal processing code that does not include these
limitations yields the expected dependence for all layasters. Althoughthis distortion
Is not due to fiber nonlinearities,was capturedby the ANC and PNC calculations and
consequenthpy the estimator c8NRi, which leads to theamebehaviour as seen in the
experimental results for tri@NR.

Figures 4.7(a) and (b) compare the estim&&& using the third ANN and trusNRi
as a function of fiber length for fixed launch powers®8Bm and-4 dBm, respectively.
The estimation errors for both launch powers are less than 0.12 dB. The estimates for this
case exhibit a smaller error compared to Figure 4.6(c) since the sirawdaties used for

the training are similar to the experiment in the case of varying fiber length.
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The results foENRi can be used to obtain an estimate of the OSNR. The resultant error
for OSNR estimation will be smaller comparedite error forSNR; estimation since the
ASE noiseis normallylargerthan the nonlinear noise. The proposed method exhibits good
performance with accurate estimates for different experimental scenarios even when the

experimental cases are not the samehastraining cases, which demonstrates the high

generalization of the ANN.
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4.4.3 Nonlinear NoiseEstimation Results Using Regression

Figures 4.8(a), (b), and (c) compare the estimatedN## using the ANN,2" order
polynomial regression (REG2), aBt order polynomial regression (REG3) methods for
varying launch power and fiber length. For all cases, the ANN methaerdotms the
regression methodbince both methodwere not trainedor the case of variable launch
powers, the poor estimates3iIRi using the polynomial regression method (Figure 4.8(a))
demonstrate that this method is unable to build a generalized model. As ahesulbdel
does not yield accurate estimates for experimental data for system configuratiores ¢hat
not includedin the training. While good estimatese obtainedor large launch powers
using the second order polynomial, the estimates are poor for low launch powers.

For the case of varying fiber length at fixed launch powers3aBm and-4 dBm
(Figures 4.8(b) and (cyespectively), the estimation results for the third order regression
model exhibit better performance than the second order regression Siodelthe sets
for this experimental validation have the same fiber length and number of WDM channels
as the traning, given the results in Table IlI, it is expected that the regression model exhibit
smaller estimation error than the first validation case vattyinglaunch power. Thiarger
estimation error for regression in this case compared to the ANDeisothe fact thathe
experimental validation employs different launch powers compared to the training. The
difference in launch powers results itaggerestimation error for the regression method,
due to the poor generalizatiofihe process of optimizinghé weights and biases in the
ANN and employing the nonline&ogistic sigmoid functioras a transfer function for each
neuron leads to a generalized model and estimation accuracy that outperforms the
polynomial regression method in the simulative and expatal validation cases.
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4.5 Summary

In this chapter, a method hbsen presentefbr estimating th&SNRi using ANNs. The
fiber nonlinearity induced amplitude noise covariance and phase noise correlation
extracted from received symbols together with the net CD and number of WDM channels
havebeen useds inputs to the estimator. The generalized model achaftedtraining
the ANN with simulative cases able tqperform accurate estimation even for experimental

cases, which are not explicitly embodied by the training.
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Chapter 5

Shaping Distribution Identification
Using Artificial Neural Networks
for Rate-Adaptive Probabillistically
Shaped 64QAM Signals’

5.1 Overview

Future optical networks are envisioned to be flexible, dynamic, heterogeneous, and able
to accommodate various modulation formats and transmission bit rates. With optical
networks evolving towards higher capacity, the capability to dynamically provistmabp

routes, channel spectra, modulation formats, and bit rates has increased in importance. A

* This chapteris compiled from material extracted from manusctigiéd i E x t e nnrilimear SNR
estimator taincludeshaping distribution identification for probabilisticallyaped 64QAM si g n avhicho |,
accepted for publicatioim the Journal of Lightwave Technologypr. 2019 [1].
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key enabling feature of digital coherent receivers in such elastic optical networks is the
capability of the digital signal processing (DSP) blocks to deliyginmal performance
without prior information about the transmitted signal, thus allowing a significant reduction
in the transmission overhead [2].

In the context of dynamic optical networks, probabilistic constellation shaping enables
rateadaption for nexgeneration coherent transceivers [3]. The probability mass function
(PMF) of the constellation points and hence the constellation entropy (CE) can be adjusted
to maximize the achievable information rate for a particular sigabise ratio (SNR). In
addition, the ability to tune the PMF of the symbols enablesadsption by providing
adjustable delivered data rates with arbitrgnanularity. In that regarda common
optimized input distribution that maximizes the achievable informationigdtes slaped
input from the family of MaxwelBoltzmann (MB) distributionswhich deliver near
optimal shaping gain under a given SNR constraint [4]. Discrete quadrature amplitude
modulation (QAM) constellations can be probabilistically shafi8)) using a constan
composition distribution matcher (CCDM) [5], [6]. Recently, attention has been directed
towardlow-complexity, parallel implementations of a distribution matchér[[]].

The CCDM operation involves transforming a sequence of uniformly distributed data
bits into a sequence of shaped symbols with a desired distribution. At the receiver side, a
distribution dematcher recovers the original data bits from the shaped symbols knowing
the MB distribution. Accordingly, the ability to autonomously identify vasichaping
distributions is of interest. Since an exhaustive search for the correct shaping distribution,
even for the case of a pdetermined set of the shaping distributions, requires considerable

computation time due to the iterative framework for mjting certain parameters in the
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distribution dematcher. In that regard, blind identification of the shaping distribution
would benefit the dynamic adaptation capabilities envisioned for optical networks.

In this chapter, the impact of probabilistic shmpon the properties of the nonlinear
noise generated by weakly nonlinear transmission is used to identify the shaping
distribution of the channel input. In Chapter 4, we demonstrated a machine learning (ML)
techniqgue employing an artificial neural netw@ANN), trained with the amplitude noise
covariance [12] and phase noise correlation [13] of the received symbols, to estimate the
nonlinear signato-noise ratio $NRi). In this chapter, we extend the methodology
presented in Chapter 4 to simultaneously identify the shaping distribution by exploiting the
impact of probabilistic shaping on the properties of the nonlinear noise generated by
weakly nonlinear transmissioBy estimatingSNRy and nonlinear system coefficients
using an ANN, the shaping distribution can be blindly identified, thereby allowing the de
matcher to recover the transmitted bits. Reak information about the shaping
distribution, combined with irirmation about the quality of a signal in terms of linear and
nonlinear optical noise, is valuable for network control and management as it allows
maximizing the network capacity by optimizing the transmission rate based on the actual
link condition.

Compaed to modulation format identification techniques that rely on amplitude
histograms [2], [14], the proposed technique exploits the effect of the input shaping
distribution on the nonlinear SNR of a system. In addition, compared to the method
presented iN15] that employs an iterative expectation maximization algorithm, the
procedure for shaping distribution identification using a trained ANN isiteoative,

which is beneficial for elastic optical networks for which the modulation formats and
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shaping digibutions dynamically change. Here the objective is to simultaneously estimate
SNRi, as a performance metric of practical interest itself, and to identify the shaping
distribution. To just identify the shaping distribution, alternative methods arentgrodi

interest [15].

5.2 The Impact of Channel Input Distribution on Fiber

Nonlinearities

The shaped constellations are generated using the method presented in [16]. The PMF
for eachQAM constellation is calculated based on-aliaensiona(1-D) MB distributions
for the inphase and quadrature components. The input symbalee complex QAM
symbols that take on valuesX+ { xi, X2, ... Xm}according to the PMPx. mdenotes
the cardinality of the constellatiod Denoting a positive scalar scalifactor byy, the
constellationX is normalized to unit energy such thsits' Qs p, whereM denotes
expectation.

Thetwo-dimensional2-D) MB PMF is given by:
0 — Q¥ %h (5.1)
Q

wheres is a parameter which specifies the distributibor each value aof, a different
constellation scaling factgris calculated

The frequency domain model presented in [17] and\WE8 usedor characterizing the
properties of the nonlinear interference noise (NLIN). It allows the specific properties of

the shaped distribution to be included in tenerationof the NLIN. Thus, an accurate
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representation of modulatiadependent nonlinear efftsis obtained Assuming that all
wavelength division multiplexe@VDM) channels have the same average launch power

P« and modulation format, the NLIN variance can be expressed as [3]:
” o ... ¢8.. ¢ 8. " 8. h (5.2)

where the real coefficient8o , G4 , G4, andGe are functions of the transmitted pulse shape
and fiber parameters that represent contributions dustt® and interchannel fiber
nonlinearities. The notation in [3] has been used, which is the resultasfamging
equations in [17] and [19] to demonstrate theationship between the nonlinear
coefficients and the shaping distribution. Here, the fourfmients are referredo as the
nonlinear coefficients of the system. Shaping distribution of the channel ¥pgst

represented by the standardized mompatndps, which are defined by:

‘ Mg MLs
Met wLs ~

The appearance @i andps in (5.2) directly reflects the dependenceSNRi on the

8 (5.3)

shaping distribution. Figure 5.1(a) shows the standardized momeantsipis for different

PMFs for a dual polarization (DP) PS-@AM signal. Different shaping distributiomgere
achievedy changing in the MB PMF aslescribedy (5.1). Following [20], by adjusting

the PMFs of the symbols, seven bit rates were defined for bayate of 32 Gbaud and

a total overhead of 28%. Five of the rates yield a range from 200 Gb/s to 300 Gb/s with a
granularity of 25 Gb/s, and five of the rates yield a range from 200 Gb/s to 250 Gb/s with

a granularity of 12.5 Gb/s. The corresponding @Hsts per 2D 64-QAM symbol (single
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polarization), values of in the MB distribution, and the information bit rate of the seven

shaping distributions P, Ps, P4, P5, Ps, and B are provided in Table 5.1.

(a)
0.3 Pl 0.3 P2 0.3 P3
3 = =
S 0.2 S 0.2 = 0.2
A [ A
0.1 T T 0.1 T T 0.1
0lo® el (lo? Yol
-7-5-3-11357 -7-5-3-11357 -7-5-3-11357
Amplitude (A.U.) Amplitude (A.U.) Amplitude (A.U.)
0.3 P6 0.3 PS 0.3 P4
3 = 23
S 0.2 S 0.2 = 0.2
A~ [ A~
o2 ¢ OoT fe ot 1o
-7-5-3-11357 -7-5-3-11357 -7-5-3-11357
Amplitude (A.U.) Amplitude (A.U.) Amplitude (A.U.)
(b)

Figure 5.1: (a) Fourth and sixth order standardized momeptsatdps) for different shaping

distributions for 64QAM, and(b) the corresponding-D PMFs.
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Table 5.1: Shaping distributions adopted in the simulation

Modulation Format DP PS 640AM DP 64QAM
Shaping Distribution  P: P> Ps P4 Ps Ps Pz
CE (Bits/2D Symbo)| 4.33 4.54 4.75 4.96 5.17 5.59 6
3 in MB Distribution [10.6x10? 9.1x102 | 7.8x10? | 6.6x10? | 5.5x102 | 3.4x10? 0
Bit Rate (Gb/s) 200 | 2125 | 225 2375 | 250 275 300

The values ofus and pe corresponding to the seven distributions are shown by the
symbols in Figure 5.1faFigure 5.1(b) showse 1-D PMFs for the selected values %Hf
which were calculated using (5.8y considering that the PMF for eacib2PS 64QAM
constellation is the pduct of twol-D PMFsof 8-ary pulse amplitude modulation symbols
that represenhe inphase and quadratucemponents

The impact of the shaping distribution for DP PS@AM on NLIN is illustrated in
Figure 5.2 in terms of the dependenc&hifRi on the parametexin the MB distribution.
SNRi was calculated using (5.2) for a 32 Gbaud DPQ@¥M signal with rootraised
cosine (RRC) pulse shape with a +off factor of 0.14, 11 WDM channels with 50 GHz

channel spacing, aricansmission distance 880 km with gperchannelaunch power of

0.5 dBm. The values of the nonlinear coefficiehitsG4, G4, andGe corresponding to this
application casare givenin Table 5.2 as calculated using the Matlab code provided in
[19]. The values ofis andps in (5.2) were calculated for different shaping distributions
that were achieved by changiagn (5.1) from 0 to 10. Figure 5.2 demonstrates that an
increase ir8 (stronger shaping), which corresponds to an incregseandys, results in a

larger NLIN (smalleiSNRi) compared to the uniform constellation.
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Figure 5.2: SNR, versus the shaping distributions.
Table 5.2: Nonlinearcoefficients in (5.2).
NonlinearCoefficient Gy G, G, Gg
Value 0.90x10* W2 | 0.35x10* W2 |-0.91x10* W2| 0.95 x10* W2

5.3 Nonlinear Noise Monitoring in Rate-Adaptive Systems

Using Atrtificial Neural Network

The nonlinearity induced amplitude noise covariance (ANC) and phase noise correlation
(PNC) across neighbouring symbols can be used as metrics to characterize the extent of
the nonlinear noise [12], [17]. Denotimg A(k) (andae A(k)) andae ¢l(k) (and ae (k) as
the amplitude and phase noise of Kereceived symbofor the X-polarization (and Y
polarization) signaf{as described in (4.1) and (4.20he ANCand PNC can be obtained

from:
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606G @& WO QYD Q a h
bGoa GEaIY—0m—10 a h (5.4)
WeE QO O

In order to estimate the nonlinear noise, we first modelled the system using a simplified
nonlinear approach. We then calculated the ANC and PNC from the received symbols for
different application cases. Next, we trained an ANN with various instanceseof th
extracted features (based on ANC and PNC) and link conditions (chromatic dispersion
(CD) and number of WDM channels (nWDM)) for the known t&MR:. Finally, the

trained ANN was used to estimate BRI in new application cases.

5.3.1 Simulation Setup

To oltain the examples required to train the ANN, simulations were performed for a 32
Gbaud DP PS 6QAM signal with RRC pulse shaping with a rolif factor of 0.14,
various numbers of WDM channels (with 50 GHz channel spacing), shaping distributions,
and trasmission distances over standard single mode fiber (SSMF) athararel launch
power of 0.5 dBm. ASE noise was not included in the simulations for training in order to
focus the learning on the constellation moments and to avoid multiple runs for each
application case with different ASE noise realizations. Table 5.3 summarizes the
parameters used in the simulation for 504 application cases. Received symbols for each
simulation were used to calculate ANC and PNC. In the calculation of the amplitude and
phase noise, the transmitted sequence was assumed known. However, in a practical

implementation, symbol decisions would be used in place of known transmitted symbols
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for these calculations. The length of the symbol sequence and hence the size of the ANC

andPNC were %'

Table 5.3: Simulation parameters.

Distance (km) 320, 400, 480, 560, 640, 720, 800, 880, 960, 1040, 1120, 120(
WDM Channels 1,3,5,7,9 11
Modulation Formay DP PS 64Q0AM DP 64QAM
) P P> Ps Py Ps Ps Py
Bit Rate (Gh/s)
200 | 2125 | 225 | 2375 | 250 275 300

To reduce the computational load associated with full syseel, splitstep Fourier
simulations, a simplified nonlinear model was used that comprised signal generation, signal
impairment due to intraand interchannel fiber nonlinearities, and simpidi DSP steps
[21]. The block diagram of the procedure is shown in Figure 5.3. Symbol sequences for the
X- and Y-polarization components of a DP PS- @AM signal were generated using a
CCDM. Assuming 20%orward error correctio{FEC) overhead(low-density parity-
checkcodes)and 28% total overhead to accommodate additioratbpol and framing
overhead, target bit rates shown in Table 5.3 were obtained using the different shaping

distributions [20], [22].

\ )
PS 64QAM Applyi
Symbol Generation| | _ Pulse |nteFr).Fc):)r/1|22ne RX
) Applying Shaping DSP

Intra-Channe NLIN

NLIN
| i —>
Link Paramete L ) 4 PS 640AM )
o Symbol Generatior

(N-Channels)

\ J/

Figure 5.3: Block diagram of simplified nonlinear transmission model
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Selfphase modulation (SPM), intchannel crosphase modulation (IXPM), and intra
channel fowwave mixing (IFWM) were calculated based on a first order perturbation
analysis of the Manakov equations and applied to the generated symbols according to an
additive-multiplicative model [21], [23]. Without loss of generality, the perturbed symbol

at time index 0 for the »polarization signald ) takes the following form

0 0Ofp 30 wQ . (5.5)
The nonlinear phaspvx and amplitudep Ax perturbations are obtained as:

3% 0 04 B ¢o | 65 0 g,

0§ O0fp Ofp (5.6)

30 0'B § 070" p0F ORO R0 g0,
with Po, Am,xandAm,, andCm,nbeing the launch power, symbol sequences for thanx
Y -polarization signals, and nonlinear perturbation coefficients, respectivelpdn are
time indices. Similar equations can be formulated for thpoMrization signal and
different time indicesFor a given distancé, an arbitrary pulse shape, and assuming
matched filtering, the normalized nonlinear coefficients are:
6 R 6 G 6 ad G Yo @ &Y

w (5.7)

0" ad AY £ YQa'QO Qa

whereais the nonlinear coefficient(z) = exptUmod(, Lspar)) is the power profile along
the link, Uis the fiber attenuation coefficieritspan is the span length, anti(z,t)is the

dispersed pulse shape at distance
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Inter-channel XPM was calculated based a frequency domain solution using a
Volterra expansion of the Manakov equations [24]. To this end, the symbol sequence was
oversampled and pulse shaped to generate the waveform Jone&{@cfotime-varying
XPM matrix R(t) that depends on theumber of WDM channels was then used to rotate

the resultant waveform vectd®1], [24]:

o< YO[R.< (5.8)

Finally, the signal was passed through a simplified DSP chain including matched
filtering, signal normalization, clockecovery, and down sampling. Results previously
obtained using the simplified nonlinear algorithm have been shown to be in good
agreement with those obtained using the sdip Fourier algorithm [21], [25].

In addition to the normalization imposed on thput signal to the ADC, the signal
processing at the receiver typically includes normalization of the signal sample values,
which requires a priori knowledge of the transmitted constellation. In order to blindly
identify the shaping distribution, an altative, constellatioindependent approach for
normalization is needed. After using the constant modulus algorithm to coarsely resolve
the X- and Y-polarization signals, a scaling factor was calculated based on the average
amplitude of the sample values a radial band extending from 0.75 to 1 times the
maximum amplitude of the sample values. The unweighted average ignored the differences
in the probabilities of occurrence for the selected sample values depending on the shaping
distributions R, P, Ps, P4, Ps, Ps,and B. This encompasses the outer three rings of an ideal
64-QAM constellation. The sighal sample values were normalized such that the average
amplitude coincided with that for an ideal@AM constellation. Figure 5.4(a) shows the

ideal referace constellation with the points used for calculating the scaling factor marked
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with red. An example of the signal sample values is shown in Figure 5.4(b) with the marked
values (red points) indicating those used for the calculation of the average deplitu
Figure 5.4(c) shows the resultant scaled sample values and the refereQ@dvi64
constellation. Although this normalization method is not as accurate as using the exact
scaling factor for a given PMF, the penalty imposed was found to be negligible. For
example, for an application case of DP PS(G¥M with a CE of 4.96 bits£D symbol

(Ps), 11 WDM channels, transmission over 880 km, and an OSNR of 27 dB (noise
bandwidth of 0.1 nmSNRI = 19 dB), the constellatiemdependent approach for
normalization resulted in an error vector magnitude of 11.50% as opposed to 11.49% using

the conventional normalization method.
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Figure 5.4: Constellation diagram of (a) reference QAM symbols, (b) received symbols t
scaling, and (c) received symbols after scaling and reference symbols.
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5.3.2 Nonlinear SNR Estimation

A critical step after performing simulationerf504 application cases is to extract the
features that are representative of the target output. The input features for the ANN should
exhibit the same behaviour 88IRi when changing the system configuration such as fiber
length and number of WDM channels. In addition, the impact of constellation shaping on
SNRi should be captured by these features. Figure 5.5 illustrates simulation results for true
SNRi and for the cmulative summation oANCxx and PNCxx, denoted byRxx and Pxx
and described by:

Y pEi CojB DOO G s,

(5.9)
0 pk i Coi B D06 & s.

40 1

., (dB)
=

SNR
b
S

10

4 55 PP 1200

Shaping Distribution Fiber Length (km)

Figure 5.5: TrueSNRy, Rxx, andPxx versus the shaping distributions and fikmrdth for single
channel transmission
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The results are for thapplication casef a single DP PS 6@AM channel, five
different shaping distributions {Ro B), and transmission over different lengths of fibe
The performance has been investigated by varying the number of lags in the calculations
of Rxx and Pxx. The most accurate results were achieved for the number of lags ranging
from 1 to 6 and 1 to 30 for ANC and PNC, respectively. The resul®xfoand Pxx are
offset by +12 and12 dB, respectively, for clarityxx andPxx are representative &NR,
exhibiting similar variation with changes to the system configuration and shaping
distribution. However, direct mapping from thenB8idR; is not posible [13]. The metrics
Rxx andPxx as described by (5.9xy andPxy as described by (5.10), the net CD, and the
NWDM were used as inputs to an ANN.

Y pul Gpj HUO msh
N o (5.10
0 ptl Coj OO TS.

The feedforward ANN was comprised of one hidden layer with 5 hidden neurons, 6
inputs, and one output. Training, testing, and validation were carried out using the Matlab
R2017a Neural Networtoolbox. Thelogistic sigmoid and linear functions were used as
activation functions for the hidden and output layers, respectively. Sesmeralations
were carried out to determitiee optimal parameters for the ANN that provided the best
performanceln the training phase the Bayesian regularization learning algorithm updated
the values of weights and biases for each layer iteratively [26]. The Levebeggardt
optimization method was used to minimize a linear combination of weights and squared
errors [26] (the error wasalculated by subtracting the ANN output from the desired
output). Training was stopped when the step sizes reached a point where output

improvements were smaller than a set threshold.
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In the training phase, the extracted features for the selected #ipplicases in Table
5.3 paired with their corresponding target outputs (8Né&) were passed to the ANN.

The main goal of the training was to construct a generalized mapping, which allows the
model to estimate the corré8NR\ for new data sets thateadistinct from the training data

sets. The training data sets were 252 application cases with the seven shaping distributions,
varying numbers of WDM channels, and half of the transmission distances indicated in
Table 5.3. The training distances were fréd® km to 1200 km with steps of 160 km.

The accuracy of the trained ANN was tested by applying the extracted features for the
remaining 50% of the application cases as inputs (transmission distances from 320 km to
1120 km with steps of 160 km), and comipgrthe estimated outputs with the true values
of SNRu. Figure 5.6(a) shows the normalized romtansquareerror NRMSE during the
training and testing phases as a function of number of epochs or training iterations. During
the course of training, tidRMSEdecreases as number of epochs increases and the process
was aborted after 175 epochs withiNRMSEof 0.06% for the training data sets and 0.07%
for the testing data sets, as the step size fdrekienbergMarquardtoptimization method
reached its nmimum limit.

In order to assess the performance of the estimation procedure in the presence of ASE
noise, the trained ANN was validated for the case where the received signal was loaded
with ASE noise. The noise loading was implemented for the same 25@a#ipp cases
that were used for the testing phase (Table 5.3). The ASE noise powers (in dBm) were
drawn from a normal distribution with a standard deviation of 3 dBm and a mean of twice
the nonlinear noise power according to [27], which showed that $temise variance is

twice the nonlinear noise variance at optimum launch power. All of the simulations were
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performed at optimum launch powers that were determined for a practical system with ASE
noise and fiber nonlinearity. This was done to realisycedbresent practical systems.
Figure 5.6(b) shows the probability density functions of the normalized estimation errors
for the training, testing, and validation phases. The resINARMSEN the validation phase
iIs 0.11%, which demonstrates the negligileffect of ASE noise on the estimation
performance by comparirdRMSEfor the validation and testing phases.

The effect of the shaping distribution on the accuracgRi estimation for each CE
was investigated for 100 trials of the ANNA.trial is theprocess of training, testing, and
validation of the ANN.Each trial consisted of training with different initial weights and
biases. The same application cases were used for each phase (training, testing, and
validation) in each trial and were selecteddxh on the criteria described above. Figure
5.6(c) shows the mean and standard deviati@error bars indicatés) of NRMSEor the
training, testing, and validation phases for each of the shaping distributions. The results
indicate thalNRMSEin estimatingSNR is not affected by the shaping distribution. The
generalized model based on the ANN is able to esti8idi for rateadaptive DP PS 64

QAM transmission systems.
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5.4 Shaping Distribution Identification in System Employs

Probabilistically Shaped 64QAM

In this section, the estimates@INRy, as a performance metric pfactical interest, was

used to identify the shaping distributidn. order to identify the shaping distribution, or
estimate the standardized moments as described by (5.2), the nonlinear coeicients

G4, andGe, in addition tcSNRi need to be known. In the context of networks with dynamic
provisioning, prior knowledge of the nonlinear coefficients is not assumed since they are
functions of the transmitted pulse shape and fiber parameters. Consequently, the procedure
for estimating SNRn in the previous section was modified to include the nonlinear
coefficients as estimator outputs. The block diagram is shown in Figure 5.7. For each
simulation case listed in Table 5.3, the nonlinear coefficients were calculated using the
Matlab code povided in [19], and were used as target outputs during the training of the
ANN. Using the same activation functions for the hidden and output layers as used for the
previous ANN, the lowefXiIRMSEwas achieved with 8 hidden neurons. The results of the

training, testing, and validation phases for each of the outputs are summarized in Table 5.4.

Rxx —» o
—> SNRi (0 j, )
Pxx —»
—
Rxy —» %
ANN |[— &
Pxy —»
— G'4
nWDM —»
—’ G6
CD —

Figure 5.7: Proposed block diagram for the shaping distribution identification
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Table 5.4: ANN performance.

Outputs Training Testing Validation
NRMSE NRMSE NRMSE
SNRy 0.07% 0.10% 0.13%
G 0.03% 0.04% 0.05%
G, 0.06% 0.10% 0.11%
G, 0.08% 0.08% 0.08%
Ge 0.18% 0.17% 0.16%

The next step toward identifying the shaping distribution is to use the estiSidid
and nonlinear coefficients in order to characterize the standardized moments. Using the
estimation results of the ANN and-weiting (5.2) based on unknowm and s, the

possible values for the standardized moments define a point on the curve given by:

o ‘ C 8.. ‘ ¢ 8..
N (5.11
pj 'YOY& 8

The average transmitted power for all WDM channés inh (5.2) and (5.11)) is
assumed fixed and known for the system. In order to estimate standardizedtsnanaen
hence the shaping distribution, for each application case the intercept point for the resultant
curve from (5.11) and the curve shown in Figure 5.1 for different shaping distributions
(achieved by changingin the MB PMF (5.1)) was calculated. Frgu5.8 illustrates the
procedure for calculating the standardized moments for the application case of DP PS 64
QAM with CE equal to 4.96 bits/® symbol (R), 11 WDM channels, and transmission

over 880 km of SSMF fiber. The red curve in Figure 5.8 isrthegs T |14 curve calculated
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from (5.11) using the true values of the nonlinear coefficientsSiifgl. The dashed blue
curve is the estimatqas i p4 curve obtained from (5.11) using the estimated values from
the ANN. The estimation errors for the stamtiaed moments are indicated by the
horizontal and vertical distances between the intercept points of the reference curve,
obtained by changingiin the MB distribution (shown in black), with the true and estimated

Me T [4 curves.

6

- - —Estimated y - p, from(5.11)
——True p - p, from(5.11)

N

—MB - p,

i
l(}
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%]
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Figure 5.8: Procedure for standardized moment estimatio®f®rPS 64QAM with CE of 4.96
bits/2D symbol, 11 WDM channeland transmission over 880 km $EMF.
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With the shaping distributions for 88AM format being limited to seven MB PMFs,
the solution to (5.11) should only yield the specific valuegsandpe corresponding to
those distributions. The shaping distributions were identified based on the va(ues o
He) for the reference curve that were the minimum distance from the estimated values of
(M4, He).

In order to evaluate the performance of the proposed technique in identifying the
shaping distributions, three different scenarios based on differ@milgrities for the target
bit rates were defined. The ANN was trained with distinct sets of inputs for each scenario.
For the first scenario, application cases corresponding to the five shaping distributions with
bit rates ranging from 200 Gb/s to 300/&kvith 25 Gb/s granularity (PPs, Ps, Ps, P)
were used for the training, testing, and validation. The application cases with shaping
distributions corresponding to bit rates ranging from 200 Gb/s to 250 Gb/s with 12.5 Gb/s
granularity (R, P>, Ps, P4, Ps) were used for the training, testing, and validation in the
second scenario. Since the valuesof (16) corresponding to the shaping distributions
employed in the second scenario are closer to each other, the identification process is more
sensitive to estimation errors. For the third scenario, all of the shaping distributions were
considered for the training, testing, and validation of the ANN.

The training sets for all scenarios were chosen using the same procedure described in
the previog section, by selecting 50% of the application cases with the specific shaping
distributions, varying numbers of WDM channels, and transmission distances from 400 km
to 1200 km with steps of 160 km. Testing was performed on the remaining 50% of the
applicaion cases (transmission distances from 320 km to 1120 km with steps of 160 km).

The trained ANNs in each scenario were validated for the application cases where the
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received signal was loaded with ASE noise. The system configurations for the testing and
validation data sets are the same. The sizes of the training, testing, and validation data sets
were 180 for the first two scenarios, and 252 for the third scenario (five and seven shaping
distributions, respectively).

The shaping distribution identificatiacesults for the validation phases of each scenario
are summarized in Tables 5.5, 5.6, and 5.7 in terms of the success rate with 95% confidence
intervals. The results were calculated by using the validation phase of 100 trials of the
ANN. Success rates bfgher than 96% were achieved for the first scenario, indicating that
the proposed technique is able to identify the shaping distributions with high accuracy for
a bit rate granularity of 25 Gb($able 5.5). The second scenario with a bit rate granylarit
of 12.5 Gb/s resulted in success rates greater than 79% for the five closely spaced shaping
distributions (Table 5.6).

The identification performance of the third scenario, which merges the first two
scenarios, exhibits success rates of higher than év¥hd shaping distributions. o Pr.
Compared to the first and second scenarios, the overall success rates are reduced. As
expected, increasing the number of shaping distributions and hence decreasing the spacing
between the values qi4, Us), affects he identification performance since the ANN is less
tolerant to estimation errors.

Misidentification of the shaping distribution, wid affect the operation othe
distribution dematcher and~EC decoderThe exact specification of the required success
rate for any scenario would depermh the network architecture, the requirement of a

particular system, anthe procedure to handle the shaping distribution misidentification.
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Table 5.5: Confusionmatrix showing the performance of the first scenario in validation p

Actual Shaping Distribution

Identified Shaping Distribution

P: Ps Ps Ps P,
.: 0,
P ey ::+162482$0 0% | 0% | 0%
3.36% ETRELA 0.05%
Ps 1.0 800 e +0.080 O | 0%
) 00 0
| 0w | 200 N 0% | 0%
Ps 0% | 0% | 0% [EIOE 0%
P, 0% 0% 0% 0% 00%

Table 5.6: Confusion matrix showing the performance of the second scenario in validz

Actual Shaping Distribution

phase.

Identified Shaping Distribution
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Table 5.7: Confusion matrix showing the performance of the third scenario in validation

Identified Shaping Distribution

P P, Ps P4 Ps Ps P,

XWRLY 16.44% 0.15% | : ] ]
P1 W 11.0306+0.1204 O7° | 0% | 0% | 0%

20.72% 0% 1.58%

2.18% REEBYEL
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_*Dz Ps 0% 140,300 PRRE +0.4404 0% | 0% | 0%
o . on | 0.08% EERYLR 4.950%| .
S| P 9% 0% 10000 PEleNE 1280 O | 0%
E

9p]

[

=]

5

<

Ps 0% 0% 0% 0% 0% 00% [

P, 0% 0% 0% 0% 0% 0% 00%

The probability density functions for the normalized estimation errors of the
standardized moments in the validation phase of the third scenario are shown in Figure
5.9(a). The totaNRMSE in the validation phase fqu and ps are 0.60% and 1.70%,
respectively. Because the slope of the curve from the MB distribution (black curve in
Figure 5.8) is greater than odRMSEs larger forps compared tqu, i.e., larger error on
the vertical axis |{s) than horizontal axeguf) in cdculating the distance between the
intercept points of the true and estimated 4 curves with the reference curve.

Figure 5.9(b) shows the mean and standard deviati¢exrror bars indicatés) of
NRMSHEor the standardized moments in the validatioagehof the third scenario for each
of the shaping distributions. The results were calculated by using the validation phase of

100 trials of the ANN. Similar to the estimation performance foSti&i in Figure 5.6(c),
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the results shown in Figure 5.9(bdioate that in estimating the standardized moments,
NRMSEs not affected by the shaping distribution.

Using a standard coherent receiver, the proposed method is able to identify different
shaping distributions for DP PS €JAM signals. Once the shapingstfibution is

identified, the distribution denatcher is able to blindly recover the original data bits from

the shaped symbols.
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Figure 5.9: Thestandardized moments estimation, (a) normalized error distributions in
validation phasegb) performance for each of the shaping distributiornte validation phase.
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