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Abstract 

A primary objective of optical system design is to satisfy the ever-increasing 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 research presented 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 investigates the quantification of the impact of fiber nonlinearities on the spectral 

broadening denoted as the spectral edge power (SEP) (Chapter 2). The implications of intra- and 

inter-channel nonlinearities for 224 Gb/s single-channel and 256 Gb/s 9-channel dual polarization 

16-ary quadrature amplitude modulation (DP 16-QAM) systems are quantified 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 multi-dimensional modulation formats, which 

provide the capability to fine-tune the spectral efficiency (Chapter 3). The performance of the four-

dimensional set-partitioning (SP) 128-QAM is experimentally investigated. The results 

demonstrate improvements of 5.3% and 8.2% in the information rates for the 256 Gb/s SP 128-

QAM compared to the DP 16-QAM at the same bit rate and for transmission over 2100 km and 

2700 km, respectively. 

The thesis studies the estimation of the nonlinear signal-to-noise ratio (SNRnl) using artificial 

neural networks (Chapter 4). The accuracy of the estimation procedure is verified for a 34.5 Gbaud 

DP 16-QAM signal with a maximum normalized root-mean-square error of 0.37% for estimating 
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SNRnl in simulation, and less than 0.25 dB deviation from the true SNRnl for estimates obtained 

with varying fiber length and launch power in experiments. 

The research explores the identification of the shaping distribution of rate-adaptive transmission 

systems using the estimates of SNRnl and taking advantage of the unique properties of nonlinear 

interference noise (Chapter 5). 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 12.5 Gb/s, respectively. 
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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 was modulated for 

transmission through an optical fiber and a square-law photodiode detected the power. This 

combination of transmitter and receiver is called the intensity modulation and direct 

detection (IMDD) scheme. In 1980s, coherent detection was extensively studied for its 

potential benefit in increasing the unrepeated transmission distance but interests 

diminished, since 1990, due to rapid advances in high-capacity wavelength division 

multiplexed (WDM) systems, which employed the conventional IMDD scheme as well as 

the newly developed erbium doped fiber amplifier (EDFA) to compensate for the span loss 

of a link [2]. 

In 2005, 20 years after the invention of coherent receivers, improvements in 

complementary metal-oxide-semiconductor (CMOS) transistor technology, and the 
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implementation of high speed analog-to-digital converters (ADCs), digital-to-analog 

converters (DACs), and high-speed application-specific integrated circuits (ASICs) which 

are compatible with the bit rates of data transmission in fiber optic communications, 

renewed the interest in coherent technologies. Digital signal processing (DSP) for optical 

transmission systems began to be employed in research laboratories. The functionality and 

adaptability of DSP make it a key enabling technology in the development of high bit rate 

systems, where advanced algorithms are used to perform signal processing functions which 

are impractical in analog hardware [3]. 

The ever-increasing bandwidth demand was the motivation for the renewal of interest 

toward digital coherent systems, which enables the employment of spectrally efficient 

modulation formats, such as m-ary phase shift keying (PSK) and quadrature amplitude 

modulation (QAM) [4] without relying upon a rather complicated optical phase-locked 

loop by using DSP to estimate the carrier 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 

ADCs with the digital data 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 increasing the cardinality of advanced modulation formats. 

The presented research focuses on utilizing multi-level, multi-dimensional modulation 

formats with the aim of increasing capacity and employing advanced techniques for 

constellation design with the objective of increasing 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 limited by Kerr fiber nonlinearities. 

This implies the need for advance 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 nonlinearity on 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 signals in the presence 

of impairments, which enabled dramatic improvements in the working principles of optical 

transmitters and receivers and more generally in the system performance. In today’s optical 

network, DSP provides a novel solution for numerous technological challenges to fulfill 

the increasing demand for capacity. 

Figure 1.1 shows a block diagram of a coherent optical transmission system with a dual 

polarization (DP) signal. All of the research in this thesis is focused on dispersion-

unmanaged links, which consist of fiber spans and EDFAs only as shown in Figure 1.1. 
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At the transmitter, input bits after being processed by a DSP block are converted into 

four digitized waveforms corresponding to in-phase (I) and quadrature (Q) components of 

X- and Y-polarizations. To generate multi-level modulations, the I and Q branches for the 
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Figure 1.1: A generic diagram of a digital coherent transmission system. DAC: digital-to-

analog converter; PBS: polarization beam splitter; PBC: polarization beam combiner; EDFA: 

erbium doped fiber amplifier; BPD: balanced photo-detector; ADC: analog-to-digital converter. 
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two orthogonal polarization components of the four-channel optical modulator are driven 

by multi-level electrical signals from the DACs following a four-channel linear amplifier. 

After optical modulation, i.e., electrical-to-optical (E/O) up-conversion, the outputs of the 

two modulators are passed to a polarization beam combiner (PBC) to orthogonally combine 

the two polarizations. 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 be pre-compensated for 

the effects of fiber chromatic dispersion (CD), fiber nonlinearities, the frequency responses 

of the DACs and modulators, and the filtering effect of reconfigurable optical add-drop 

multiplexers (ROADMs). In addition, spectrally efficient transmission can be achieved by 

synthesising multi-level electrical signals and applying proper pulse shaping for the signal 

at the output of DACs in order to generate spectrally-efficient, multi-level modulation 

formats. 

Since the ultimate parameter of interest for the network operators is reducing the cost 

per bit-per-second.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 for a given technology node [5], which 

determines the maximum achievable symbol rate in transmitters. In this condition, DSP 

techniques such as pulse shaping are used to reduce modulated signal bandwidth and hence 

allow maximizing the symbol rate for a given sampling rate of the 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, v) pre-compensation for the response of radio frequency 

(RF) drivers and electro-optic modules, vi) pre-compensation of intra-channel nonlinear 

effects including self-phase modulation (SPM), intra-channel cross-phase modulation 

(IXPM), and intra-channel four-wave mixing (IFWM). 

At the receiver, the optical signal is coherently detected by a polarization and phase 

diverse configuration comprised of two optical hybrid front-ends with four balanced photo-

detectors (BPDs). A tunable local oscillator (LO) laser and polarization beam splitter (PBS) 

serve as local phase and polarization references, respectively. Four electrical signals from 

BPDs, i.e. I and Q components of X- and Y-polarizations, are digitalized using four high 

speed ADCs. In laboratory experiments, sample values obtained after coherent detection 

are recorded with real-time sampling oscilloscopes operating at a sampling rate greater 

than twice the highest frequency components of the signal. DSP functions are performed 

offline on the sample values. 

The receiver side DSP includes [5]: i) normalization to unity mean squared magnitude 

and filtering, ii) front end correction, iii) resampling to two samples per symbol, iv) fixed 

and adaptive equalization, v) clock recovery, vi) carrier recovery, and vii) data detection 

and de-mapping. 

Some of the transmitter and receiver functions use the same procedure, for example, 

equalization, or CD pre- or post-compensation. Other functions are specific to each. A brief 

overview of some of the DSP functions used in coherent transceivers 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 the transmitter at the expense of inter-symbol interference (ISI). The 

proper transmission filter bandwidth and channel spacing can be achieved by satisfying the 

trade-off between inter-channel (e.g. cross talk) and intra-channel (e.g. ISI) distortions [6]. 

As a result, a pulse shaping filter is appropriate, which at the same time reduces the 

signal bandwidth therefore increasing the spectral efficiency (SE) and does not introduce 

ISI. SE is defined as the information rate divided by the allocated transmission bandwidth. 

In this context, ISI free raised-cosine (RC) pulse shaping pulse shaping is frequently used. 

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

expression: 

ℎ(𝑡) = 𝑠𝑖𝑛𝑐 (
𝑡

𝑇
)
cos (

𝜋𝛽𝑡
𝑇 )

1 − (
2𝛽𝑡
𝑇 )

2 , 
(1.1) 

where T is the symbol period and β is the roll-off factor. In the frequency domain, the RC 

filter is described by: 

𝐻(𝑓) =

{
 
 
 

 
 
 𝑇,                                                    

𝑇

2
[1 + cos (

𝜋𝑇

𝛽
[|𝑓| −

1 − 𝛽

2𝑇
])] ,

0,                                                     

 

|𝑓| ≤
1 − 𝛽

2𝑇
 

(1.2) 1 − 𝛽

2𝑇
< |𝑓| ≤

1 + 𝛽

2𝑇
 

|𝑓| >
1 + 𝛽

2𝑇
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The roll-off factor (β) of the RC pulse determines its bandwidth, where β = 1 indicates 

the maximum bandwidth occupied by the filter, and β = 0 leads to the minimum bandwidth 

scenario and is known as the Nyquist pulse shape. Nyquist signaling is employed to shape 

the spectral component and reduced the optical bandwidth of the signal to the symbol rate. 

Consequently, for a given sampling rate of an ADC, the maximum achievable symbol rate 

in transmitters can be increased (by up to twofold) by applying the RC pulse shape (with β 

= 0 compared to β = 1) since the maximum frequency component of an optical signal can 

be reduced to the symbol rate. In that regard, for a given symbol rate, the minimum 

sampling rate of an ADC, depending on the roll-off factor of the RC pulse shaping, can be 

reduced by a factor of 2 by changing β from 1 to 0. Since according to the Nyquist theorem, 

the minimum sampling rate of an ADC should be greater than twice the highest frequency 

component of the signal. 

Front-end correction 

This function includes compensation for imperfections in a coherent receiver, which 

might include compensation for timing skew between the four channels due to distinct 

electrical and optical path lengths. Moreover, this step includes I-Q imbalance 

compensation, which is the loss of orthogonality between the I-Q signals due to non-ideal 

components. Compensation is done using digital methods such as Gram–Schmidt 

orthogonalization [7]. 

Resampling to 2 samples per symbol 

This step at the receiver is used to resample the digital signal from an asynchronous 

sampling rate of the ADC to two samples per symbol. Depending on the roll-off factor of 
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the pulse shaping filter the bandwidth of the detected signal is B = pR0 /2, where R0 is the 

symbol rate and p is a fraction satisfying 1 < p < 2. This implies the minimum sampling 

rate of ADC to be equal to pR0 in order to avoid the aliasing. However, in such a case, 

digital data from ADC are resampled to satisfy the two times oversampling condition (two 

samples per symbol), thereby allowing for precise signal equalization [2]. It should be 

noted that the sampling instances for two times oversampling are optimized after CD 

compensation in 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) methods are 

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 obtained. The number of taps and hence the 

computational complexity for TDE scales linearly with CD. As a result, for large values of 

CD fast Fourier transform (FFT) based FDE is frequently used to compensate chromatic 

dispersion [9]. The complexity for FFT based FDE increases with CD on a logarithmic 

scale since the number of complex multiplications per output point for an N point FFT has 

a logarithmic dependence on N. 

Clock recovery 

Due to the deviation between the sampling rates of the transmitter and receiver clocks, 

samples of received data need to be synchronous with the symbol period. Determination of 
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the timing error and re-timing are performed in this step. A common algorithm for clock 

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

Adaptive equalizer 

Adaptive equalization jointly conducts polarization de-multiplexing 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 FIR filters. For DP quadrature 

phase shift keying (QPSK), the filter coefficients can be updated using the constant 

modulus algorithm (CMA) [11]. In the case of multi-level modulation formats such as m-

ary QAM (e.g., m = 16, 32, 64), where the modulus of the constellation is not constant, 

CMA may be used for pre-convergence and then changed to a multi-modulus algorithm 

such as the decision-directed least mean square (LMS) algorithm [12]. 

Frequency offset estimation and compensation, and Carrier phase 

recovery 

Due to the difference in the frequencies of the transmitter and receiver LO lasers, the 

down-converted received signal after coherent detection exhibits a frequency offset 

corresponding to the frequency difference. Moreover, the detected signal is adversely 

affected by time varying laser phase noise due to the non-zero linewidth of transmitter and 

receiver LO lasers. As a result, carrier synchronization (i.e., carrier frequency offset and 

phase error compensation) is performed before symbol decisions are made. Frequency 

offset correction and phase error compensation techniques are very similar. A basic 

approach for both is to remove the modulation, obtain an estimate of the frequency offset 

or laser phase noise, and correct for them. Several carrier frequency estimators as well as 
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carrier phase estimators 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 modulations, by finding a 

frequency that maximizes the FFT of the mth power of the received signal (m is the number 

of constellation points) [13]. To obtain modulation free samples for OPSK signals, the 4th 

power approach can be used. A QPSK partitioned scheme for frequency offset estimation 

of 16-QAM signals is presented in [14], where the 4th power approach was applied to 

subsets of symbols which were partitioned based on their amplitude. The blind phase 

search (BPS) [15] algorithm using a feed-forward approach is a commonly used method 

for carrier phase estimation due to the capability for implementation in real time using DSP 

techniques in contrast to feedback algorithms such as the decision-directed phase-locked 

loop (DD-PLL). 

1.3 Multi-Level and Multi-Dimensional Modulation Formats 

Current coherent transmission systems implement DP m-QAM signals by 

independently modulating in-phase and quadrature carriers for each of the orthogonally 

polarized signals. This is referred to as 2 × two-dimensional (2-D) modulation. 

Alternatively, the two orthogonal polarizations can be modulated dependently by 

simultaneously modulating their in-phase and quadrature carriers. This scheme is denoted 

as four-dimensional (4-D) modulation. Set-partitioning based QAM formats are examples 

of 4-D modulation [16]. These modulations are constructed by applying the Ungerboeck 

set-partitioning scheme in 4-D signal space to the 2 × 2-D scheme of DP m-QAM, which 



 

 

Chapter 1. Introduction 

12 

causes a dependency between the symbols of one polarization on the other polarization 

[17], [18], and [19]. 

By adding another degree of freedom, the 8-D modulation can be achieved, which is 

constructed by defining constellations by two time slots and the four dimensions of an 

optical field within each time slot (employing 4-D 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 and fulfill the increasing demand for capacity. Constellation 

shaping of multi-dimensional modulation formats provides flexibility in adjusting the 

spectral efficiency based on the required optical signal-to-noise ratio (OSNR), thus 

allowing increases 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 positions of constellation points in I-Q plane and the 

probability of occurrence of symbols corresponding to each constellation point, 

constellation shaping can be addressed by three categories, geometric, probabilistic, and 

hybrid shaping. 

Probabilistically shaped (PS) constellations are uniformly spaced constellations where 

the probabilities of symbol occurrence for each constellation point are not all equal [21], 

[22], [23]. Geometric shaping (GS) employs non-equidistant spaced constellation points 

with a uniform distribution, i.e., the symbols are equally probable [24]. The combination 

of both shaping techniques, which results in non-uniform constellations and non-

equiprobable symbols, is denoted as hybrid shaping [25]. Comparing different types of 

shaping, PS offers several advantages over GS, which are highlighted in [26] and [27]. It 
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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 are on a rectangular grid, only slight changes in 

the receiver side DSP are required to detect and process the PS symbols as opposed to GS 

symbols. In this context, for GS symbols, the generation of non-equidistant spacing 

constellation points poses strong requirements on the effective number of bits (ENOB) of 

the DAC [27]. A further feature of PS is the rate adaptivity. The net data rate with arbitrary 

granularity can be adjusted by changing the symbol distribution [29], [30]. 

1.4 Optical Kerr Nonlinear Effects 

The optical Kerr effect refers to the nonlinear impairments that result from the power 

dependent refractive index of an optical fiber [31], which are an important source of signal 

degradation in digital coherent systems. This is due to the limitation that is placed on the 

maximum power that can be launched into a fiber and thus the achievable OSNR at a 

receiver. From a system requirements point of view, this limitation has implications on the 

system reach for a given modulation format and symbol rate. 

The propagation of the electrical field over a nonlinear fiber can be describe using the 

nonlinear Schrödinger equation (NLSE) [32]. In DP systems, in order to study the evolution 

of two polarization components along a fiber, the Manakov-PMD equation or coupled 

NLSE is used [31]. In order to understand and use the coupled NLSE, it is useful to 

introduce length scales known as the effective length Leff, the nonlinear length Lnl, and the 

birefringent beating length LB. 

As the field propagates along the fiber, its power decreases due to fiber attenuation. The 

quantity Leff is the effective length of interaction region of a nonlinear process [31]. 
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Accordingly, effective length is the length over which the power can be assumed constant. 

It is smaller than the fiber length L because of fiber losses and is defined as Leff = (1 – exp(-

αL)) / α. The physical meaning of the Lnl is the effective propagation distance that results 

the nonlinear phase shift of 1 radian. Due to the nonlinear refractive index, the phase shift 

scales with the optical power that is launched into the fiber, as follows [31]: 

𝜑𝑛𝑙 = 𝑃0𝛾
1−𝑒−𝛼𝐿

𝛼
= 𝑃0𝛾𝐿𝑒𝑓𝑓, (1.3) 

where P0 is the signal peak power, α is the power attenuation coefficient, and γ is the 

nonlinear coefficient. Accordingly, the nonlinear length can be defined as Lnl = (γP0)-1. 

Due to the birefringence in fiber, the mode propagation constant and hence modal 

refractive indices become slightly different for X- and Y-polarizations. This property is 

referred to as modal birefringence and it strength (Bm) is defined as the difference between 

the modal refractive indices of X- and Y-polarizations [31]. For a given value of Bm the 

two orthogonal polarization components of signal exchange their powers in a periodic 

fashion, which leads to a periodic change in the state-of-polarization (SOP) of signal during 

propagation with the period denoted as birefringent beating length. The birefringent 

beating length is the propagation distance over which the SOP of signal changes by one 

period and is defined as LB = λ / Bm. By considering that in practice the nonlinear effective 

length is much longer than the birefringent beating length, the effect of coherent coupling 

between two polarizations can be disregarded on average. As a result, the Manakov 

equations can be presented as follow [33]: 
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𝜕𝑢𝑋(𝑧, 𝑡)
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[|𝑢𝑌(𝑧, 𝑡)|

2 + |𝑢𝑋(𝑧, 𝑡)|
2 ] 𝑢𝑌(𝑧, 𝑡), 

(1.4) 

where uX/Y (z,t) is the slowly varying envelope of the electrical field of X- and Y-

polarizations, and β2 is the group velocity dispersion. Assuming that multiple WDM 

channels, denoted by s, co-propagate in the fiber, the total field can represented as follow: 

𝑢𝑋/𝑌(𝑧, 𝑡) = 𝑢𝑋 𝑌⁄ ,0(𝑧, 𝑡) + ∑ 𝑢𝑋 𝑌⁄ ,𝑠(𝑧, 𝑡)𝑒
−𝑖𝜔𝑠𝑡

𝑁

𝑠=−𝑁
𝑠≠0

, (1.5) 

where the first term in the right hand side corresponds to the field of channel of interest 

with the relative central frequency of 0, and the second term corresponds to the 

neighbouring channels with the relative frequency shift of ωs from channel of interest. 

Accordingly, the Manakov equation for the X-polarization signal in channel of interest 

becomes: 

𝜕𝑢𝑋,0(𝑧, 𝑡)

𝜕𝑧
+ 𝑖

𝛽2
2

𝜕2𝑢𝑋,0(𝑧, 𝑡)

𝜕𝑡2
+
𝛼

2
𝑢𝑋,0(𝑧, 𝑡) 

               = 𝑖
8𝛾

9
 ∑ 𝑢𝑋,𝑚(𝑧, 𝑡)[𝑢𝑋,𝑛(𝑧, 𝑡)𝑢𝑋,𝑛

∗ (𝑧, 𝑡) + 𝑢𝑌,𝑛(𝑧, 𝑡)𝑢𝑌,𝑛
∗ (𝑧, 𝑡) ]

𝑚,𝑛

 
(1.6) 

= 𝑖
8𝛾

9
 𝑢𝑋,0(𝑧, 𝑡) [|𝑢𝑋,0(𝑧, 𝑡)|

2
+ |𝑢𝑌,0(𝑧, 𝑡)|

2
] 

m = n = 0 

(a) 

+𝑖
8𝛾

9
 𝑢𝑋,0(𝑧, 𝑡) ∑ [ |𝑢𝑋,𝑛(𝑧, 𝑡)|

2
+ |𝑢𝑌,𝑛(𝑧, 𝑡)|

2
]

𝑛≠0

 
m = 0, 

n ≠ 0 

(b) 
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+𝑖
8𝛾

9
 [ 𝑢𝑋,0(𝑧, 𝑡) ∑ [ |𝑢𝑋,𝑚(𝑧, 𝑡)|

2
]

𝑚≠0

+  𝑢𝑌,0(𝑧, 𝑡) ∑ 𝑢𝑌,𝑚
∗ (𝑧, 𝑡)𝑢𝑋,𝑚(𝑧, 𝑡)

𝑚≠0

] 
n = 0, 

m ≠ 0 

(c) 

+ 𝑖
8𝛾

9
∑ 𝑢𝑋,𝑚(𝑧, 𝑡)[𝑢𝑋,𝑛(𝑧, 𝑡)𝑢𝑋,𝑚+𝑛

∗ (𝑧, 𝑡) + 𝑢𝑌,𝑛(𝑧, 𝑡)𝑢𝑌,𝑚+𝑛
∗ (𝑧, 𝑡) ]

𝑛,𝑚≠0

 m, n ≠ 0 

(d) 

The Manakov equation for the Y-polarization signal can be obtained by simply 

exchanging the subscript X and Y. The optical Kerr effects can be classified in terms of 

intra- and inter-channel nonlinearities. The former defines the nonlinear effects in a single 

wavelength channel and the latter describes the nonlinear interactions between 

neighbouring channels in WDM systems. The intra-channel effects are categorized into 

SPM, IXPM, and IFWM. Part (a) of (1.6) corresponds to the intra-channel nonlinear 

effects. The effect of the nonlinear interaction between pulses in the same wavelength 

channel (SPM, IXPM, and IFWM) can be studied by re-writing the uX,0 (z,t) as a sum over 

individual pulses. Moreover, the inter-channel effects are classified into cross-phase 

modulation (XPM) (parts (b) and (c) of (1.6)), and four-wave mixing (FWM) (part (d) of 

(1.6)). 

In general, it is not possible to find an exact solution of the NLSE analytically. Recursive 

and numerical methods such as the split step Fourier transform method [8], [31], [34], allow 

on an approximate solution of the equation by splitting the linear and nonlinear parts of the 

equation over sufficiently short segments of fiber. Alternatively, analytical approaches 

such as Volterra series transfer function [35], [36] and perturbation-based methods [33], 

[37], [38], employ modifications and simplifications of the NLSE in order to achieve 

approximate analytical solutions for the equation as well as closed-form analytical 

formulations to analyze fiber nonlinearities. 
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These techniques can also 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 advantage of error-free knowledge of the transmitted symbol sequences, or 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], 

perturbation-based compensation [33], [42], [43], [44], [45], and 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 that distinguish these approaches [48]. 

Moreover, the fiber nonlinearity-induced signal distortion can be mitigated employing 

techniques that make the signal propagation more tolerant to fiber nonlinearity. They 

include employing advanced modulation formats and performing constellation design by 

adjusting the position and probability of each constellation point to restrict high-energy 

symbols to reduce the peak-to-average power ratio and thus the nonlinear effects. The 

former referred to as geometric constellation shaping [49], [50], and the latter as 

probabilistic constellation shaping [20], [51], [52], [53], are described in section 1.3. 

1.5 Optical Performance Monitoring 

With optical networks evolving towards higher capacity, accurate and optimized 

network design and management is crucial in order to guarantee the required quality 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 the signal quality or 

estimation of various channel impairments across the network [54]. The monitored results 

are then passed to a higher networking layer for lightpath establishment. In this context, 

detecting the sources of performance degradation (e.g., identifying the 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 signal distortion 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 accommodating different link conditions and channel loadings are key requirements 

for OPM techniques. Machine learning (ML) based OPM techniques have gained 

significant attention, driven by their ability to monitor multiple channel impairments, 

which is a key requirement for next generation optical networks [57]. 

Moreover, for flexible, dynamic, and heterogeneous optical networks, the capability to 

dynamically provision optical routes, channel bandwidths, modulation formats, and bit 

rates has increased in importance. By learning the characteristics of a system from the 

statistical properties of observed data, ML-based techniques yield generalized estimators, 

which enable automatized network self-configuration and fast decision-making, while 

deterministic approaches result in impractical computational loads [58]. 

In the context of optical performance monitoring and estimation, artificial neural 

networks (ANNs) are considered as a proper ML tools due to the ability to model multi-

dimensional nonlinear relationships and learn the complex mapping between extracted 
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features from the signal sample values and optical fiber channel parameters [59], [60] (such 

as OSNR, PMD, polarization-dependent loss, baud rate, and CD). In order to demonstrate 

the applications of ANNs in optical networks, we first describe the basic concept of ANNs. 

1.5.1 Artificial Neural Networks, Concept and Applications 

ANNs 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 connections. The output of each unit is calculated by applying an 

activation function to a weighted sum of its input and a bias associated with the unit. 

Activation functions are chosen in a way that ensures the entire network of units can 

represent a nonlinear function. Activation functions depend on the nature of the data and 

the assumed distribution of the target outputs [61], and are typically 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 functions has an important role on the final 

performance of an ANN [63]. The most commonly used nonlinear activation functions for 

hidden layer neurons are the sigmoid and hyperbolic tangent. 

A block diagram for a two-layer feed-forward ANN is shown in Figure 1.2. The feed-

forward architecture ensures the forward flow of information through the network where 

the output of each neuron is calculated based on a network basis function. This type of 

network also known as multi-layer perceptron. 
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Combining all stages, the overall network function can represented as follows [62]: 

𝑦𝑘(𝑥, 𝑤) = 𝝈(  ∑𝑤𝑘𝑗
(2) 

𝑀

𝑗=1

 𝒉(  ∑𝑤𝑗𝑖
(1)𝑥𝑖 + 𝑤𝑗0

(1)

𝐷

𝑖=1

  ) +𝑤𝑘0
(2)

  ), 
(1.7) 

   𝑎𝑗     
        

  𝑧𝑗    
      

 𝑎𝑘   

where xi are input variables, yk are the network outputs, and aj and ak are known as 

activations, the former corresponding to hidden and latter corresponding to output units. 

𝑤𝑑𝑠
(𝐿)

 is the weight associated to each neuron and 𝑤𝑑0
(𝐿)

 is the shifting bias. Accordingly, the 

Figure 1.2: The two layer ANN block diagram. The bias terms in (1.7), are absorbed into the set 

of weight parameters by defining additional variables with subscripts '0' with the values equal to 

1 for each layer in the network, except the output layer. 
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subscripts are used to identify the source ('s', second index) and the destination ('d', first 

index), and superscripts represent the index of the layer. Each intermediate layer between 

the input and output layers is denoted as a hidden layer. The number of hidden neurons is 

chosen based on the nonlinearity of the function and number of inputs and outputs or 

dimensionality of the model [60]. In that regard, variables zn are the hidden variables 

corresponding to the hidden units. Finally, h(.) and σ(.) are the activation functions. 

Thus, the neural network model is a nonlinear mapping of a set of input variables {xi} 

to a set of output variables {yk} [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 (weights and biases) that minimize a sum-of-squares error function. 

Considering a training set comprised of input vectors {xn} and corresponding target output 

{tn} the sum-of-squares error function can be represented as follow: 

𝐸(𝑤) =
1

2
∑∑‖𝑦𝑘(𝑥𝑛, 𝑤) − 𝑡𝑘𝑛‖

2

𝐾

𝑘=1

,

𝑁

𝑛=1

 
(1.8) 

where yk(xn,w) is the kth ANN output for input xn and tkn is the kth element of tn. 

In this context, training algorithms employ an iterative procedure to find the optimal 

solution to the error function minimization with adjustments to the weights being made in 

a sequence of steps [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 backpropagation technique and gradient decent optimization are 

examples for the evaluation of the derivative of the error function and weight adjustments, 
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respectively. When the training phase is completed, the neural network is optimized to the 

training data, and can be used to estimate the target output from unseen sets of 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 same trend as the 

quantity that ANN is going to estimate with changes to the system configuration. 

Alternatively, the input to the ANN could be the entire data set (or a part of data set without 

any pre-processing). In this case, feature extraction is performed by the ANN using more 

hidden layers (deep learning [64], [65]). In addition, the 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 ANNs in optical 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. 

Application Input Features Estimated Output Ref. 

OPM 

Parameters derived from: 

• Eye diagram and amplitude 

histogram 

• Asynchronous amplitude 

histogram 

• Asynchronous constellation 

diagram 

• Empirical moments of 

asynchronously sampled signal 

amplitude 

• CD 

• PMD 

• OSNR 

[66] 

[67] 

[68] 

[69] 

• Asynchronously sampled raw data • OSNR [64] 

• Parameters derived from eye 

diagram 
• OSNR 

[70] 

[71] 

• Horizontal and vertical polarized 

I/Q samples from ADC 

• OSNR 

• Modulation format 

• Symbol rate 

[65] 

• Launch power 

• EDFA gain 

• EDFA input and output power 

• EDFA noise figure 

• OSNR [72] 

Optical amplifiers 

control 
• EDFA input and output powers 

• EDFA operating 

point 

i.e., noise figure and 

gain flatness 

[73] 

[74] 

Modulation format 

recognition/identification 

• Asynchronous amplitude 

histogram 
• Modulation format 

[70] 

[75] 

[76] 

[77] 

Quality of transmission 

(QoT) estimation 

• Lightpath route and length 

• Number of traversed EDFAs 

• Channel wavelength 

• Channel loadings 

• Launch power settings 

• Q-factor 

[78] 

[79] 

[80] 

• Source and destination nodes 

• Data rate 

• Link occupation of an inter-

domain lightpath 

• Modulation format 

• Path length 

• BER [81] 
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1.6 Contributions 

The research presented in this thesis has been published in the following journal and 

conference papers. 

Table 1.1: ANN application in optical networks. (continued) 

Application Input Features Estimated Output Ref. 

Nonlinearity mitigation 

• Sampled received signal sequences 

(Coherent detection) 
• Equalized symbols [82] 

• Received subcarrier symbols 

(Coherent detection) 
• Equalized symbols [83] 

• Sampled received signal sequences 

(Direct detection) 

• Equalized symbols 

with reduced inter-

symbol interference 

[84] 

[85] 

[86] 

Traffic prediction and 

virtual topology 

(re)design 

• Traffic monitoring data 

• Available links 

• Available transponders in the 

routers 

• Predicted end-to-end 

traffic 
[87] 

• Traffic monitoring data in intra 

data center (DC) network. 

• Predicted intra-DC 

traffic 
[88] 

Failure management 

• Statistical characteristics of the 

monitored BER 

• Set of failures 

causes packet loss 
[89] 

• Optical power levels 

• Amplifier gain 

• Shelf temperature 

• Current draw 

• Internal optical power 

• Detected fault across 

various network 

nodes 

[90] 

Flow classification 

• Source/destination IP addresses 

• Source/destination ports 

• Transport layer protocol 

• Packet sizes 

• A set of intra-flow timings within 

the first 40 packets of a flow 

• Classified flow for 

DC 
[91] 

Connection 

establishment 

• Data from routing and wavelength 

assignment algorithm 

(Input dimension reduction using 

principal component analysis) 

• Connection blocking 

probability 
[92] 
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1.6.1 Journal Publications 

[J1] A. S. Kashi, A. I. Abd El-Rahman, J. C. Cartledge, S. A. Etemad, “Extending a 

nonlinear SNR estimator to include shaping distribution identification for probabilistically 

shaped 64-QAM signals,” J. Lightw. Technol., 2019, submitted. 

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

C. Laperle, and M. O’Sullivan, “Nonlinear signal-to-noise ratio estimation in coherent 

optical fiber transmission systems using artificial neural networks,” J. Lightw. Technol., 

vol. 36, no. 23, pp. 5424–5431, Dec. 2018. 

[J3] A. S. Kashi, J. C. Cartledge, Y. Gao, A. Rezania, M. O’Sullivan, C. Laperle, A. 

Borowiec, and K. Roberts, “High resolution characterization of spectral broadening due to 

fiber nonlinearities,” IEEE Photon. Technol. Lett., vol. 28, no. 12, 2375–2378, Nov. 2016. 

1.6.2 Conference Publications 

[C1] A. S. Kashi, Q. Zhuge, J. C. Cartledge, A. Borowiec, D. Charlton, C. Laperle, and 

M. O’Sullivan, “Artificial neural networks for fiber nonlinear noise estimation,” in Asia 

Commun. Photon. Conf., Guangzhou, Guangdong China, 2017, Su1B.6. (Invited Paper) 

[C2] A. S. Kashi, Q. Zhuge, J. C. Cartledge, A. Borowiec, D. Charlton, C. Laperle, and 

M. O’Sullivan, “Fiber nonlinear noise-to-signal ratio monitoring using artificial neural 

networks,” in Eur. Conf. Opt. Commun., Gothenburg, Sweden, 2017, M.2.F.2. 

[C3] A. S. Kashi, J. C. Cartledge, M. A. Rezania, C. Paquet, J.-P. Fortier, and I. Woods, 

“Performance of a 32 Gbaud DP 16-QAM signal generated using 2-bit DACs and an InP 

DP IQ modulator,” in Signal Process. Photon. Commun., Vancouver Canada, 2016, 

SpW3F.3. 
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[C4] A. S. Kashi, J. C. Cartledge, M. A. Rezania, A. Bakhshali, M. O’Sullivan, C. 

Laperle, A. Borowiec, and K. Roberts, “High resolution characterization of the spectral 

broadening due to inter-channel fiber nonlinearities,” in Eur. Conf. Opt. Commun., 

Dusseldorf, Germany, 2016, W.4.P1.SC5.53. 

[C5] A. S. Kashi, J. C. Cartledge, A. Bakhshali, M. A. Rezania, A. El-Rahman, M. 

O’Sullivan, C. Laperle, A. Borowiec, and K. Roberts, “Information rates for the SP 128-

QAM and DP 16-QAM modulation formats,” in Eur. Conf. Opt. Commun., Valencia, 

Spain, 2015, Mo.3.6.6. 

1.6.3 Original Contributions 

• A novel technique for measurement and quantification of the intra- and inter-

channel nonlinearity-induced spectral broadening is described and experimentally 

demonstrated using balanced heterodyne detection and a gated microwave spectrum 

analyzer. While the spectrum can be determined by processing the digitalized 

sample values obtained by the receiver, the proposed technique allows for accurate 

measurement of subtle changes in the spectrum for each polarization component of 

DP signals without being adversely affected by the limited sampling rate and 

quantization error of the ADC in the receiver. The spectral broadening is quantified 

in terms of spectral edge power for polarization resolved spectra of a 224 Gb/s DP 

16-QAM signal and for 256 Gb/s DP 16-QAM signals in a 9-channel system with 

37.5 GHz channel spacing. Experimental demonstrations reveal that the launch 

powers that minimize the bit error ratio and spectral edge power coincide. The 

experimental results published in [C4] and [J3], are discussed in Chapter 2. 
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• Generation and transmission of a 32 Gbaud DP 16-QAM modulation format, in the 

context 2 × 2-D modulation formats, is experimentally demonstrated using an 

Indium phosphide (InP)-based DP IQ modulator. This architecture realizes a 

compact, high capacity, DSP free transmitter and the requisite four-level drive 

signals are generated utilizing 2-bit DACs. A 3.7 dB implementation penalty from 

the theoretical limit is obtained at a BER of 2.7×10-2 (before FEC decoding) and a 

maximum reach of 1800 km is achieved. The experimental results published in [C3] 

are discussed in Chapter 3. In the context of 4-D modulation formats, a transmitter 

architecture and decoding scheme for the generation and transmission of an SP 128-

QAM signal is studied and demonstrated in simulation and experiment in Chapter 

3. Comparison in terms of information rates between DP 16-QAM and SP 128-

QAM is performed at the same bit rate and symbol rate. Experimental results reveal 

increases in the information rate of 5.3% and 8.2% for the 256 Gb/s SP 128-QAM 

compared to the DP 16-QAM at the same bit rate for transmission over 2100 km 

and 2700 km, respectively. The experimental and simulation results published in 

[C5] are discussed in more detail in Chapter 3. 

• A method for estimating the nonlinear SNR ratio using artificial neural networks is 

presented. The ANN is trained with the fiber nonlinearity induced amplitude noise 

covariance and phase noise correlation extracted from received symbols. The data 

used for training are simulation results for a 34.5 Gbaud DP 16-QAM 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 experimental data with estimation errors of less than 0.25 dB. The 

experimental results published in [C1], [C2], and [J2] are discussed in Chapter 4. 

• A technique is presented that employs an artificial neural network for identifying 

the shaping distribution for rate-adaptive DP PS 64-QAM 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 on the nonlinear SNR of a 

system. The procedure for shaping distribution identification using a trained ANN 

is non-iterative, which is beneficial for elastic optical networks for which the 

modulation formats and shaping distributions dynamically change. A continuum of 

distributions is not needed for near-optimum performance, hence the practical case 

of seven distributions with bit rates ranging from 200 Gb/s to 300 Gb/s is 

considered. The signal processing, up to the point of identification, is agnostic to 

the shaping distribution. The accuracy of identification is demonstrated for 

simulation data with the success rates greater than 96% for five shaping 

distributions corresponding to a bit rate granularity of 25 Gb/s and with somewhat 

lower success rate of 79% for five shaping distributions corresponding to a bit rate 

granularity of 12.5 Gb/s. The results submitted for publication in [J1] are discussed 

in detail in Chapter 5. 

1.7 Thesis Overview 

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

CHAPTER BRIEF DESCRIPTION RESULTS 

Chapter 2 

• Characterizing the impact of fiber nonlinearity 

Investigation and measurement of the spectral broadening 

due to the intra- and inter-channel fiber nonlinearity using 

balanced heterodyne detection and a gated microwave 

spectrum analyzer. 

Experiment 

Chapter 3 

• Transmission in the presence of fiber nonlinearity 

Generation and transmission of 32 Gbaud DP 16-QAM 

using an InP-based DP IQ modulator and 2-bit DACs, in a 

DSP free transmitter architecture. 

Generation and transmission of SP 128-QAM with the same 

bit rate (256 Gbit/s) and symbol rate (32 Gbaud) with DP 

16-QAM, and performance comparison in terms of 

information rate. 

Simulation 

Experiment 

Chapter 4 

• Impact of fiber nonlinearities on OSNR 

Estimation of the nonlinear SNR using machine learning 

techniques (ANN and regression). 

Assessing the estimation performance by simulation and 

experiment for 32 Gbaud DP-16QAM. 

Simulation 

Experiment 

Chapter 5 

• Shaping distribution identification in the presence of 

fiber nonlinearities 

Extending the nonlinear SNR estimator presented in 

Chapter 4 to include shaping distribution identification for 

DP PS 64-QAM signals. 

Validation of the estimation performance and identification 

accuracy in the simulation for DP PS 64-QAM with seven 

different shaping distributions with the information bit rates 

ranging from 200 Gbit/s to 300 Gbit/s. 

Simulation 

Chapter 6 Conclusion and future works ———— 

 



 

 

Chapter 1. Introduction 

30 

References 

[1] K. Kikuchi, “Coherent optical communications: historical perspectives and future 

directions,” in High Spectral Density Optical Communication Technologies, vol. 6, 

M. Nakazawa, K. Kikuchi, and T. Miyazaki, Eds. Berlin, Heidelberg: Springer 

Berlin Heidelberg, 2010, pp. 11–49. 

[2] K. Kikuchi, “Fundamental of coherent optical fiber communications,” J. Lightw. 

Technol., vol. 34, no. 1, pp. 157–179, Jan. 2016. 

[3] E. Ip, P. Ji, E. Mateo, Y.-K. Huang, L. Xu, D. Qian, N. Bai, and T. Wang, “100G 

and beyond transmission technologies for evolving optical networks and relevant 

physical-layer issues,” Proc. IEEE, vol. 100, no. 5, pp. 1065–1078, May 2012. 

[4] S. Tsukamoto, K. Katoh, and K. Kikuchi, “Coherent demodulation of optical 

multilevel phase-shift-keying signals using homodyne detection and digital signal 

processing,” IEEE Photon. Technol. Lett., vol. 18, no. 10, pp. 1131–1133, May 

2006. 

[5] C. Laperle and M. O’Sullivan, “Advances in high-speed DACs, ADCs, and DSP 

for optical coherent transceivers,” J. Lightw. Technol., vol. 32, no. 4, pp. 629–643, 

Feb 2014. 

[6] J. Wang, C. Xie, and Z. Pan, “Generation of spectrally efficient Nyquist-WDM 

QPSK signals using DSP techniques at transmitter,” in Opt. Fiber Commun. Conf., 

Los Angeles, CA, USA, 2012, OM3H.5. 

[7] I. Fatadin, S. J. Savory, and D. Ives, “Compensation of quadrature imbalance in an 

optical QPSK coherent receiver,” IEEE Photon. Technol. Lett., vol. 20, no. 20, pp. 

1733–1735, Oct. 2008. 

[8] E. Ip and J. M. Kahn, “Compensation of dispersion and nonlinear impairments 

using digital backpropagation,” J. Lightw. Technol., vol. 26, no. 20, pp. 3416–3425, 

Oct. 2008. 

[9] B. Spinnler, “Recent advances on polarization multiplexing,” in Dig. IEEE/LEOS 

Summer Topical Meetings, Acapulco, Mexico, 2008, TuD2.3. 

[10] M. Oerder and H. Meyr, “Digital filter and square timing recovery,” IEEE Trans. 

Commun., vol. 36, no. 5, pp. 605–612, May 1988. 

[11] D. N. Godard, “Self-recovering equalization and carrier tracking in two-

dimensional data communication systems,” IEEE Trans. Commun., vol. Com-28, 

no. 11, pp. 1867–1875, Nov. 1980. 

[12] S. J. Savory, “Digital filters for coherent optical receivers,” Opt. Express, vol. 16, 

no. 2, pp. 804–17, Jan. 2008. 

[13] M. Morelli and U. Mangali, “Feedforward frequency estimation for PSK: A 

tutorial review,” Eur. Trans. Commun., vol. 9, no. 2, pp. 103–116, Sept. 1998. 

[14] I. Fatadin and S. J. Savory “Compensation of frequency offset for 16-QAM optical 

coherent systems using QPSK partitioning,” IEEE Photon. Technol. Lett., vol. 23, 

no. 17, pp. 1246–1248, Sept. 2011. 



 

 

Chapter 1. Introduction 

31 

[15] T. Pfau, S. Homann, and R. Noe, “Hardware efficient coherent digital receiver 

concept with feedforward carrier recovery for M-QAM constellations,” J. Lightw. 

Technol., vol. 27, no. 8, pp. 989–999, Apr. 2009. 

[16] L. D. Coelho and N. Hanik, “Global optimization of fiber-optic communication 

systems using four-dimensional modulation formats,” in Eur. Conf. Opt. Commun., 

Geneva, Switzerland, 2011, Mo.2.B.4. 

[17] G. Ungerboeck, “Trellis-coded modulation with redundant signal sets part II: 

State of the art,” IEEE Commun. Mag., vol. 25, no. 2, pp. 12–21, Feb. 1987. 

[18] G. Ungerboeck, “Channel coding with multilevel/phase signals,” IEEE Trans. 

Inform. Theory, vol. IT-28, no. 1, pp. 55–67, Jan. 1982. 

[19] G. Ungerboeck, “Trellis-codded modulation with redundant signal sets part I: 

Introduction,” IEEE Commun. Mag., vol. 25, no. 2, pp. 5–11, Feb. 1987. 

[20] A. D. Shiner, M. Reimer, A. Borowiec, S. Oveis Gharan, J. Gaudette, P. Mehta, 

D. Charlton, K. Roberts, and M. O’Sullivan, “Demonstration of an 8-dimensional 

modulation format with reduced inter-channel nonlinearities in a polarization 

multiplexed coherent system,” Opt. Express, vol. 22, no. 17, pp. 20366–20374, 

Aug. 2014. 

[21] A. Ghazisaeidi, I. Fernandez de Jauregui Ruiz, R. Rios-Müller, L. Schmalen, P. 

Tran, P. Brindel, A. C. Meseguer, Q. Hu, F. Buchali, G. Charlet, and J. Renaudier, 

“Advanced C+L-band transoceanic transmission systems based on probabilistically 

shaped PDM-64QAM,” J. Lightw. Technol., vol. 35, no. 7, pp. 1291–1299, Apr. 

2017. 

[22] C. Pan and F. R. Kschischang, “Probabilistic 16-QAM shaping in WDM 

systems,” J. Lightw. Technol., vol. 34, no. 18, pp. 4285–4292, Sept. 2016. 

[23] M. P. Yankov, F. Da Ros, E. P. da Silva, S. Forchhammer, K. J. Larsen, L. K. 

Oxenløwe, M. Galili, and D. Zibar, “Constellation shaping for WDM systems using 

256QAM/1024QAM with probabilistic optimization,” J. Lightw. Technol., vol. 34, 

no. 22, pp. 5146–5156, Nov. 2016. 

[24] S. Zhang and F. Yaman, “Constellation design with geometric and probabilistic 

shaping,” Opt. Commun., vol. 409, pp. 7–12, Feb. 2018. 

[25] F. Jardel, T. A. Eriksson, F. Buchali, W. Idler, A. Ghazisaeidi, C. Méasson, and 
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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 self-phase modulation (SPM), cross-phase 

modulation (XPM), and four-wave mixing (FWM) [1]. Consequently, the transmission 

distance is limited by intra- and inter-channel nonlinear signal distortions [1], and possibly 

by the spectral overlap of the modulated optical signals in spectrally efficient dense 

wavelength division multiplexed (DWDM) systems due to the nonlinearity-induced 

spectral broadening [2], [3]. 
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The spectrum of the modulated optical signal used in a coherent optical fiber 

transmission system can be determined by processing the digitized sample values obtained 

by the receiver. However, the sampling rate and quantization error of the analog-to-digital 

converters (ADCs) affect the ability to accurately measure subtle changes in the spectrum. 

Alternatively, the spectrum can be measured using optical spectrum analyzers (OSAs) 

based on a variety of techniques. Conventional grating-based OSAs have a wide tuning 

range, high dynamic range, and minimum resolution bandwidths (RBWs) ranging from 

1.25 GHz to 7.50 GHz [4]. High resolution OSAs based on spectral filtering and 

amplification of the measured optical signal by means of stimulated Brillouin scattering 

(SBS) allow an RBW of 10 MHz [5]. The RBW can be reduced to 3 MHz by using 

polarization pulling assisted (PPA)-SBS, and to 30 kHz by using PPA-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 re-modulation technique [7]. Perhaps the best known method with ultra-high 

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 signal to the electrical domain and taking advantage 

of a high resolution microwave spectrum analyzer (MSA) allows for accurate measurement 

of the spectrum for each polarization component of dual polarization (DP) signals in 

coherent optical fiber transmission systems. 
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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 Appendix A. The state-of-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 variable optical attenuator (VOA) in order to provide a constant 

input power to the balanced photo-detector (BPD) and linear microwave amplifier. The 

frequency responses of the BPD and microwave amplifier were therefore common for 

different measurements. 

 

The modulated optical signal can be written as: 

𝐸𝑚(𝑡) = 𝐴𝑚(𝑡) 𝑒𝑥𝑝(𝑖𝜔𝑚𝑡 + 𝜃𝑛(𝑡)), (2.1) 

where Am (t) is the complex amplitude, ωm is the radian carrier frequency, and θn (t) is the 

carrier phase noise. Similarly, the LO signal at the heterodyne receiver is given by: 

𝐸𝐿𝑂(𝑡) = 𝐴𝐿𝑂  𝑒𝑥𝑝(𝑖𝜔𝐿𝑂𝑡 + 𝜃𝐿𝑂(𝑡)), (2.2) 

Figure 2.1: Heterodyne detection setup. PC: polarization controller; PM: polarimeter; VOA: 

variable optical attenuator; BPD: balanced photo-detector; MSA: microwave spectrum analyzer. 
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where ALO is the amplitude, ωLO is the radian carrier frequency, and θLO (t) is the phase 

noise. 

The photocurrent at the output of an ideal BPD is: 

𝐼(𝑡) = 𝑅 [ 𝐸𝑚(𝑡) 𝐸𝐿𝑂(𝑡)
∗  +  𝐸𝑚(𝑡)

∗ 𝐸𝐿𝑂(𝑡) ], (2.3) 

where R denotes the responsivity of the photo-detector and * denotes conjugation. 

Assuming that the LO signal is described by the well-known Lorentzian linewidth function, 

the power spectral density measured by the MSA is SE (ω − |ωm − ωLO|) where [12]: 

𝑆𝐸(𝜔)  = 𝑅 [𝑆𝑚(𝜔) ⨂ 𝑆𝐿𝑂(𝜔)] = 𝑅 [𝑆𝑚(𝜔) ⨂ [ 
𝛾 𝜋⁄

𝛾2  +  𝜔2
]], (2.4) 

Sm (ω) and SLO (ω) are the power spectral densities of the low-pass equivalents of the 

modulated optical signal Em (t) and LO signal ELO (t), respectively, γ ̸ π is the LO laser 

linewidth, and ⊗ denotes convolution. The measured spectrum SE (ω − |ωm − ωLO|) differs 

from the spectrum of Em(t), denoted Sm (ω), due to the effect of the Lorentzian spectrum 

SLO (ω). 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 chapter is the 

change in Sm (ω) due to fiber nonlinearities as measured by the change in SE (ω). 

The frequency responses of the opto-electronic and electronic components in the 

heterodyne detection setup affect the accuracy of the measured result. Thus, the small-

signal responses of the components were measured and de-embedded from the final 

measured spectra. To reduce the impact of additive noise, independent measurements were 

averaged. The small-signal S21 response of the BPD obtained using a vector network 

analyzer (VNA) is shown in Figure 2.2. 
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Results were obtained using the optical-to-electrical technique for measuring the 

frequency response of a photo-detector employing a modulator with known frequency 

response. The VNA (Anritsu 37397C 40 MHz - 65 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 S21 response of the characterized modulator was de-embedded from the 

measured results. Once the response of the modulator was removed, the S21 parameter 

displayed the ratio of the output electrical signal to the input optical modulated signal. The 

BPD, the average measured spectra were also corrected for the overall frequency response 

 

Figure 2.2: Magnitude response of the normalized S21 parameter of the BPD. 
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of the microwave amplifier, as measured 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, balanced heterodyne detection and a gated MSA (RBW of 300 kHz) are 

used to precisely measure polarization resolved spectra for a 224 Gb/s DP 16-ary 

quadrature amplitude modulation (16-QAM) signal. The spectral broadening due to intra-

channel fiber nonlinearities is quantified by the spectral edge power (SEP) without and 

with perturbation-based pre-compensation for the signal distortion caused by the Kerr 

effect [14]. For both cases, it is shown that the launch power that minimizes the pre-forward 

error correction (pre-FEC) 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., 

spectral broadening and spectral noise floor). 

2.3.1 Single Channel Experimental Setup 

The experimental setup is shown in Figure 2.3. Detailed information on the components 

used in the setup is provided in Appendix A. A 220 deBruijn bit sequence was mapped to 

Gray-coded symbols to generate a 112 Gb/s 16-QAM signal. The pre-compensation for the 

                                                 

* This section is compiled from material extracted from [13]. Copyright © 2016 IEEE. Reprinted, with 

permission, from A. S. Kashi, J. C. Cartledge, Y. Gao, M. A. Rezania, M. O’Sullivan, C. Laperle, A. 

Borowiec, and K. Roberts, High resolution characterization of the spectral broadening due to fiber 

nonlinearities, IEEE Photonics Technology Letters, Nov. 2016. 
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effects of fiber nonlinearities was implemented using calculated SPM, intra-channel XPM, 

and intra-channel FWM based on a first-order perturbation analysis of the Manakov 

equation and applied to the symbol sequence. The specific implementation follows 

reference [14]. 

The symbol values were encoded onto root-raised-cosine (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 the 224 Gb/s DP 16-QAM 

signal were loaded into the programmable memory of a Ciena WaveLogic3 transceiver 

with four synchronized digital-to-analog converters (DACs) with a sampling rate of 39.4 

GSa/s. The signal sample values were pre-compensated channel-by-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 amplifiers, and 

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 applied to a DP in-phase/quadrature modulator. The modulated optical signal was 

launched into a recirculating loop with four spans, each consisting of 75 km of standard 

single mode fiber (SSMF), an erbium doped fiber amplifier (EDFA) with a noise figure of 

5 dB, and an optical band-pass 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 prevented 

the EDFAs in the loop from being saturated by out-of-band ASE noise. A loop synchronous 

polarization scrambler (LSPS) used for the BER measurements was bypassed for the 

polarization resolved spectral measurements. 
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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 × 2 coupler and detected by a Finisar 

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 SOP of the LO signal 

with each of the polarization components of the received signal, RRC pulse shapes with 

roll-off factors of 0.04 and 0.4 were used for the X- and Y-polarization components, 

respectively. The different roll-off factors were used solely for the purpose of being able 

to distinguish the two signals and determine the settings of the polarization controller. The 

Figure 2.3: Experimental setup. DAC: digital-to-analog converter; EDFA: erbium doped fiber 

amplifier; AOM: acousto-optic modulator; OBPF: optical band-pass filter; LSPS: loop 

synchronous polarization scrambler; SSMF: standard single-mode fiber; MSA: microwave 

spectrum analyzer. 
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settings of the polarization controller in this step were then used to separately detect the X- 

and Y-polarization components of the 224 Gb/s DP 16-QAM signal with RRC pulse 

shaping with a roll-off factor of 0.05. The roll-off factor for RRC pulse shape determines 

the spectral occupancy of the modulated signal, which must satisfy the Nyquist sampling 

theorem, which states that the sampling rate of 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 signal must be less than the channel spacing. To be consistent with the 

WDM experiment, which will be discussed in Section 2.4, a roll-off factor of 0.05 was 

used for the RRC pulse shaping for all of the experiments reported in this Chapter. The 

spectral broadening after propagation over 2100 km was characterized at different launch 

powers without and with pre-compensation for fiber nonlinearities.  

The received spectrum after propagation over the recirculating loop was measured by 

an Agilent PXA signal analyzer (frequency range of 3 Hz to 50 GHz) using a gating signal. 

The average measured spectra based on 10 sweeps were corrected for the overall frequency 

response of the BPD, microwave amplifier, and MSA. For BER measurements of the 224 

Gb/s DP 16-QAM signal with RRC pulse shaping (roll-off factor of 0.05), the received 

signal was detected by a polarization- and phase-diverse coherent receiver with 32 GHz 

bandwidth. The local oscillator laser had a nominal linewidth of 100 kHz. The four signals 

from the balanced photo-detectors in the coherent receiver were digitized by 80 GSa/s 

ADCs using two synchronized real-time sampling oscilloscopes (33 GHz bandwidth) and 

processed offline. 

The offline signal processing included: (i) matched filtering for a RRC pulse shape, (ii) 

quadrature imbalance compensation [15], (iii) re-sampling to two samples per symbol, (iv) 
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chromatic dispersion compensation in the case of fiber transmission using fixed frequency 

domain equalization, (v) clock recovery using the digital square and filter technique [16], 

(vi) polarization de-multiplexing and residual distortion compensation using adaptive 

equalizers which employs constant modulus algorithm for pre-convergence followed by a 

radius directed algorithm [17], (vii) carrier frequency offset recovery using a spectral 

domain algorithm [18], (viii) carrier phase recovery using a sliding window two-stage 

simplified QPSK partitioning and QPSK constellation transformation algorithm [19], and 

(ix) symbol decisions. The BER was obtained by direct bit error counting using rectilinear 

decision boundaries. 

2.3.2 Experimental Results 

The measured spectra for each polarization component of the 224 Gb/s DP 16-QAM 

signal for the diagnostic case of two different pulse shapes are shown in Figure 2.4. Results 

obtained with an RBW of 1 MHz and a video bandwidth (VBW) of 300 kHz* are shown 

for a back-to-back (BTB) system and transmission over 2100 km of SSMF at a launch 

power of 1 dBm. A VBW of 300 kHz was used for all measurements. The measured spectra 

for different launch powers were normalized by integrating the results over the 

corresponding signal bandwidth to obtain the total power. Increases in the integration 

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 X-polarization component. The measured 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, 

2nd ed. Edison, NJ: SciTech Publishing, 2014. 
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are in agreement with calculated results, indicate a precise measurement of each 

polarization component of the DP signal. 

 

Measurement of the modulated signal spectrum with high resolution allows the 

implications of intra-channel fiber nonlinearities to be investigated, and the optimum 

launch power (onset of spectral broadening) to be determined. Using an RBW of 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 shown in Figure 2.5. The pulse shape for each 

polarization component was RRC with a roll-off factor of 0.05. To better distinguish the 

spectra, those corresponding to launch powers of -2 dBm, -4 dBm, and 6 dBm are offset 

by 3 dB, 6 dB and 9 dB from the BTB case, respectively. A direct comparison without and 

 

Figure 2.4: Normalized, measured spectra for the 224 Gb/s DP 16-QAM signal, X- and Y-

polarization components (RRC pulse shape roll-off factor of 0.04 and 0.4, respectively), RBW = 

1 MHz, VBW = 300 kHz. 
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with the LSPS (non-polarization resolved case) revealed no difference in the spectra. The 

spectral broadening due to intra-channel nonlinearities is evident from a comparison of the 

results for launch powers of 6 dBm and -2 dBm at both the high and low frequency edges 

of the spectra. The measured power below 10 GHz is larger than that above 39 GHz. This 

is attributed to the residual baseband component of the detected signal at the low frequency 

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

frequency edge is used for the detailed characterization of the spectral broadening. 

 

In order to quantify the effect of fiber nonlinearities on the spectral broadening, Figure 

2.6 shows a measurement of the high frequency edge of the spectrum using an RBW of 

300 kHz. The spectrum corresponding to a launch power of -4 dBm differs from that of the 

 

Figure 2.5: Normalized, measured spectra for the 224 Gb/s DP 16-QAM signal, X-polarization 

component, RRC pulse shape roll-off factor of 0.05, RBW = 1 MHz, VBW = 300 kHz. 
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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 quantified by measuring the high frequency edge of spectra with an RBW of 300 kHz. 

The total power in the interval [38.6 GHz, 39.4 GHz], as indicated by the dashed lines in 

Figure 2.6, was obtained by integration. This interval was selected by considering the 

center frequency of the heterodyne spectrum and the roll-off factor 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 noise relative to the BTB spectrum. 

 

 

Figure 2.6: Normalized, measured spectra for the 224 Gb/s DP 16-QAM signal, X-polarization 

component, RRC pulse shape roll-off factor of 0.05, RBW = 300 kHz, VBW = 300 kHz. 
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Figure 2.7 shows results for the BER and SEP for the 224 Gb/s DP 16-QAM signal after 

transmission over 2100 km of SSMF without and with pre-compensation for intra-channel 

fiber nonlinearities. The pre-compensation increased the peak-to-average power ratio of 

the optical signal by only 0.12 dB for a launch power of 0 dBm. As expected, pre-

compensation leads to an increase in the optimum launch power and a decrease in the BER. 

The nonlinear compensation becomes less effective for large launch powers as higher-order 

perturbation terms are required to accurately capture the signal distortion. In the nonlinear 

region, the SEP is lower for the pre-compensated signal compared to the uncompensated 

signal due to the reduced spectral broadening, but the amount of distortion (nonlinearity-

induced spectral broadening) that can be tolerated is about the same for both cases. This 

 

Figure 2.7: Dependence of the BER and SEP on launch power for a fiber length of 2100 km. 
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indicates that the nonlinearity pre-compensation 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 both cases, the launch power that yields the minimum BER also 

yields the minimum SEP when the effects of both nonlinearities and ASE noise are 

considered. 

Figure 2.8 compares measured spectra for the signal without and with pre-compensation 

for intra-channel 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 pre-compensated. 

 

 

Figure 2.8: Normalized, measured spectra for the 256 Gb/s DP 16-QAM signal, single channel 

and center channel in 9-channel transmission, RBW = 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 gated MSA are used to precisely 

measure spectra with a resolution bandwidth of 300 kHz for a 256 Gb/s DP 16-QAM signal 

in a 9-channel system with a channel spacing of 37.5 GHz. The spectral broadening due to 

inter-channel fiber nonlinearities is quantified by the spectral edge power. For the 9-

channel system, it is shown that 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 broadening and spectral noise floor). For the 9-channel 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 setup is shown in Figure 2.9 for 9-channel transmission. Detailed 

information on the components used in the setup is provided in Appendix A. A 219 deBruijn 

binary sequence was mapped to symbols to generate the 256 Gb/s DP 16-QAM signals 

with a symbol rate of 32 Gbaud. For the measured channel (center channel in the 9-channel 

experiment), the waveforms were loaded into the programmable memory of a Ciena 

                                                 

* This section is compiled from material extracted from a manuscript titled “High resolution characterization 

of the spectral broadening due to inter-channel fiber nonlinearities”, which appeared in the proceedings of 

the 42th European Conference on Optical Communication, Sept. 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 DP in-phase/quadrature 

modulator. The CW optical signal applied to the modulator had a wavelength of 1550.12 

nm and a linewidth of ~100 kHz. The neighbouring channels were separately generated 

using a second WaveLogic3 transceiver with 8 CW input optical signals. RRC pulse 

shaping with a roll-off factor of 0.05 was performed offline using digital pulse shaping by 

convolving symbol sequences with a 64-tap impulse response with an oversampling rate 

of 1.23 samples per symbol. The modulated optical signals were launched into 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 amplifiers in the loop 

from being saturated by out-of-band ASE noise. 

After propagation over 1500 km of SSMF, the received signal was amplified and 

filtered. In the heterodyne receiver, the modulated signal was combined with an LO signal 

(wavelength of 1549.94 nm) using a 2 × 2 coupler and detected by a balanced photo-

detector (bandwidth of 45 GHz). The down-converted spectrum of the received signal was 

amplified by a microwave amplifier operating in its linear region and its spectrum was 

measured by an Agilent PXA signal analyzer (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 synchronized real-time sampling 

oscilloscopes operating at a sampling 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 performance were characterized for different per 

channel launch powers. The average measured spectra based on 20 sweeps were corrected 

for the overall frequency response of the BPD, microwave amplifier, and MSA, and 

normalized to the same total power. 

 

2.4.2 Experimental Results 

Spectral measurements of a 256 Gb/s DP 16-QAM signal (single channel) made with a 

conventional grating-based OSA and with the MSA in the heterodyne setup are shown in 

Figure 2.9: WDM Experimental setup. DAC: digital-to-analog converter; EDFA: erbium doped 

fiber amplifier; AOM: acousto-optic modulator; GE: gain equalizer; OBPF: optical band-pass 

filter; LSPS: loop synchronous polarization scrambler; SSMF: standard single-mode fiber; MSA: 

microwave spectrum analyzer; OSA: optical spectrum analyzer. 
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Figure 2.10. The results are for transmission over 1500 km of SSMF at a launch power of 

5 dBm. The RBWs were set to 1 MHz for the MSA and 12.5 GHz for the OSA (minimum 

setting). The results clearly indicate the MSA was able to better resolve the spectrum 

including the subtle changes at both the high and low frequency edges, which correspond 

to the nonlinearity-induced spectral broadening. 

 

Measurement of the modulated signal spectrum with high resolution allows the 

implications of inter-channel fiber nonlinearities in the 9-channel system to be investigated. 

Using a resolution bandwidth of 1 MHz, the spectra for a BTB system and transmission 

over 1500 km of SSMF at launch powers of -1 dBm and 6 dBm are shown in Figure 2.11. 

To better distinguish the spectra, those corresponding to launch powers of -1 dBm and 6 

 

Figure 2.10: Normalized, measured spectra for the 256 Gb/s DP 16-QAM signal at the launch 

power of 5 dBm. 
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dBm are offset by 3 dB and 6 dB from the BTB case, respectively. The spectral broadening 

due to intra- and inter-channel fiber nonlinearities is evident from a comparison of the 

results for launch powers of 6 dBm and -1 dBm at both the high and low frequency edges 

of the spectra. Due to the finite common mode rejection ratio of the balanced receiver, 

which results in a residual baseband component of the detected signal at the low frequency 

edge of the spectrum, the spectral broadening is more clearly seen at the high frequency 

edge. 

 

In order to quantify the effect of the fiber nonlinearities on the spectral broadening, 

measurement of the high frequency edge of the spectrum using a resolution bandwidth of 

300 kHz for the 9-channel system is shown in Figure 2.12. The result for a launch power 

 

Figure 2.11: Normalized, measured spectra for the 256 Gb/s DP 16-QAM signal, center 

channel in 9-channel transmission, RBW = 1 MHz, VBW = 300 kHz. 
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of -4 dBm differs from the spectrum corresponding to the BTB case due to the change in 

the optical signal-to-noise ratio (OSNR) as seen above 39 GHz. Alternatively, the spectrum 

corresponding to a launch power of 6 dBm is broadened compared to the BTB case due to 

intra- and inter-channel nonlinearities. 

 

Figure 2.13 compares measured spectra for the 256 Gb/s DP 16-QAM signal after 

transmission over 1500 km of SSMF for single channel and 9-channel transmission at a 

launch power of 6 dBm per channel. Both spectra were normalized relative to their 

corresponding BTB spectra. The results clearly indicate the increase in the spectral 

broadening due to inter-channel fiber nonlinearities. The spectral broadening was 

quantified by calculating the total power of the measured spectra at the high frequency 

 

Figure 2.12: Normalized, measured spectra for the 256 Gb/s DP 16-QAM signal, center 

channel in 9-channel transmission, RBW = 300 kHz, VBW = 300 kHz. 
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edge of a spectrum with a resolution bandwidth of 300 kHz. The total power in the interval 

[38 GHz, 39 GHz], as indicated by the dashed lines in Figures 2.12 and 2.13, was obtained 

by integration. This interval was selected by considering the center frequency of the 

heterodyne spectrum and the roll-off factor of the RRC pulse shape. The SEP was 

calculated by normalizing the total power in this interval to the total power of the BTB 

spectrum. 

 

Figure 2.14 shows results for the BER and SEP for the center channel in the 9-channel 

256 Gb/s DP 16-QAM system after transmission over 1500 km of SSMF. Results for single 

channel transmission are included for comparison. As expected, inter-channel distortion in 

the 9-channel system leads to a decrease in the optimum launch power and an increase in 

 

Figure 2.13: Normalized, measured spectra for the 256 Gb/s DP 16-QAM signal, single 

channel and center channel in 9-channel transmission, RBW = 300 kHz, VBW = 300 kHz. 
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the BER. The SEP for the 9-channel system is larger than that for the single channel case. 

Due to the intra- and inter-channel nonlinearities in the 9-channel system, the increase in 

the SEP is larger in the nonlinear region compared to the single channel system. For both 

systems, the launch power that yields the minimum BER also yields the minimum SEP as 

the effects of both nonlinearities and ASE noise are considered in both quantities. 

According to the presented results, the SEP can be used as a metric to determine the 

optimum launch power. However, additional experimental results for different system 

configurations (such as number of WDM channel, fiber length, etc.) are required to further 

verify the accuracy of SEP for determining the optimum operation point. 

 

 

Figure 2.14: Dependence of the BER and SEP on launch power for a fiber length of 1500 km. 
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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 to intra- and inter-channel fiber 

nonlinearities. The spectral broadening was quantified in terms of spectral edge power, 

which serves as a useful metric for capturing the effects of both fiber nonlinearities and 

amplified spontaneous emission noise. 

The intra-channel nonlinearity-induced spectral broadening was captured and quantified 

in terms of SEP for polarization resolved spectra of a 224 Gb/s DP 16-QAM signal. It was 

shown that without and with perturbation-based pre-compensation for the signal distortion 

due to the Kerr effect, the launch powers that minimize the bit error ratio and spectral edge 

power coincide. The characterization technique was used to quantify the implication of 

inter-channel nonlinearities in terms of SEP for 256 Gb/s DP 16-QAM signals in a 9-

channel system with 37.5 GHz channel spacing. 

The technique is also applicable to encoding schemes such as set-partitioning based m-

ary QAM for which the symbol sequences corresponding to the X- and Y-polarization 

components of the signal have distinct properties. 
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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 (SE). SE is defined as the information 

rate divided by the required transmission bandwidth. Using the four physical dimensions 

of an optical carrier and increasing the modulation order cardinality (employing multi-level 

modulation formats) in each polarization is the most powerful solution to meet the ever-

growing capacity demand and to enhance the SE of optical fiber systems [1], [2]. 

Moreover, future optical networks will rely on elastic optical networking (EON) [3] and 

software-defined networking (SDN) [4] in order to be able to utilize the available 

bandwidth wisely based on traffic demands by adjusting the SE [5]. In this context, 

programmable modulation formats provided a fine granularity in the trade-off between 
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capacity and reach which results in a flexible system that is able to fine-tune the SE to 

match the required transmission distance. 

The dual polarization (DP) multi-level modulation format is a key enabling technology 

employed in long-haul transmission systems with bit rates of 100 Gb/s and beyond (per-

channel) [6] that effectively exploit four and higher dimensional signal spaces to achieve 

more degrees of freedom (DOF) to increase SE. Utilizing all DOF available for encoding 

information, DP m-ary quadrature amplitude modulation (m-QAM) (where 'm' is the 

number of the constellation points), achieves the best spectral and power efficiency 

amongst all easy-to-generate modulation formats [7]. DP m-QAM conveys data by means 

of modulating both the amplitude and phase of a carrier and encodes log2(m) bits per 

symbol in each polarization. As a result, SE can be improved by increasing 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 to conventional dual-polarized systems, an alternative approach 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 two-dimensional (2-D) constellations on each polarization, optimized four-

dimensional (4-D) constellations allow an increase in the SE and provide flexibility to 

adjust the capacity for the distance to be covered. 4-D modulation formats are able to adjust 

the SE with finer granularity compared to conventional 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, generation and transmission of a DP 16-QAM 
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signal is demonstrated in an experiment and the performance is shown for variable fiber 

lengths and launch powers. The Ungerboeck set-partitioning (SP) scheme for generating 

4-D modulation formats are defined. Transceiver architecture for a selected 4-D 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 polarization systems. In the context of 

material covered in this chapter, the point of view is chosen that illustrates the four-

dimensional properties of the electromagnetic wave. The electromagnetic wave has two 

quadrature components in two orthogonal polarization tributaries, and as mentioned earlier, 

has four DOF. As a result, the electric field of an optical wave can be written as the 

complex-valued vector [10], [11]: 

�⃗� = (
𝐸𝑥,𝑟 + 𝑖𝐸𝑥,𝑖
𝐸𝑥,𝑟 + 𝑖𝐸𝑥,𝑖

) = (
|𝐸𝑥| exp(𝑖𝜑𝑥)

|𝐸𝑦| exp(𝑖𝜑𝑦)
), (3.1) 

where x and y account for the polarization components, and r and i denote the real and 

imaginary parts of the field. Alternatively, the signal can be expressed as a real-valued 4-

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

𝑠 =

(

 

𝐸𝑥,𝑟
𝐸𝑥,𝑖
𝐸𝑦,𝑟
𝐸𝑦,𝑖)

 =

(

 
 

|𝐸𝑥| cos(𝜑𝑥)

|𝐸𝑥| sin(𝜑𝑥)

|𝐸𝑦| cos(𝜑𝑦)

|𝐸𝑦| sin(𝜑𝑦))

 
 
. (3.2) 

The transmitted optical power is 𝑃 = ‖𝑠 ‖2 = 𝐸𝑥,𝑟
2 + 𝐸𝑥,𝑖

2 + 𝐸𝑦,𝑟
2 + 𝐸𝑦,𝑖

2 . This notation 

illustrates four degrees of freedom for DP systems by separating two orthogonal 
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dimensions, which are the in-phase and quadrature components 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 finding the m-ary 

modulation format with the highest SE and the least average power required to 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 necessarily lead to high power efficiency. 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 energy Es (or energy per bit Eb = Es 

/ log2(m)) and the minimum Euclidean distance between the constellation points. The 

expression for PE is as follows [12]: 

𝑃𝐸 =
𝑑𝑚𝑖𝑛
2  𝑙𝑜𝑔2(𝑚)

4𝐸𝑠
. (3.3) 

It is clear that the power efficiency can be optimized by maximizing dmin, the minimum 

Euclidean distance between the constellation points for a given Eb, or alternatively, dmin 
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can be kept constant, and the average squared distance of the constellation from the origin 

(which is equal to Es) can be minimized. Such optimization is necessary for long-haul 

coherent systems since fiber nonlinear effects represent a significant limitation towards 

increasing system capacity. 

Generally, the problem of finding the arrangement of m constellation points to minimize 

the average squared distance from the origin in n-dimensions, is equivalent to find the 

densest packing of m n-dimensional spheres (according to the sphere packing problem) 

[13]. In order to find the most power efficient modulation format, the densest packing of 

m n-dimensional spheres for different values of m and n needs to be determined. This means 

optimizing PE by changing both Eb and dmin. The performance of n-dimensional, m-level 

modulation formats is well characterized by the SE and PE [14]. For a large value of m 

which results in high SE, the optimum constellation structure (regarding the PE), is the 

lattice structure shaped by the spherical boundary [14]. This structure in 4-D is called the 

D4 lattice structure. The improvement in the power efficiency for the spherical D4 comes 

at the price of practical implementation complexity. In this context, the trade-off between 

PE and complexity results in the D4 lattice bounded by a 4-D cube. This structure is referred 

to as the set-partitioning structure [15]. 

Several 4-D 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 Gbaud (112 Gb/s) 

polarization switched-QPSK have been experimentally investigated in single channel 

transmission over up to 12500 km ultra large effective area fiber [16]. It was shown that 

polarization switched-QPSK offers not only better sensitivity (1 dB improvement at BER 

equal to 10-3), but also higher transmission reach due to the better tolerance against intra-
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channel nonlinear effects, compared to DP QPSK at the same bit rate. polarization 

switched-QPSK is constructed by applying the Ungerboeck set-partitioning scheme 

(described in section 3.4) to DP QPSK and selecting 8 out of 16 4-D symbols. This can be 

realized by assuming QPSK symbols are transmitted in either of two polarizations each 

symbol period as opposed to transmitting QPSK symbols in both polarizations 

simultaneously in conventional DP QPSK [10]. 

In addition to set-partitioning based modulation formats such as polarization switched-

QPSK, other types of 4-D modulation formats such as polarization shift keying QPSK 

(PolSK-QPSK) [17] and PolSK-QAM [18] have also been reported. The 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 (purely X- and Y-polarization) without 

changing the minimum Euclidean distance or average power. More generally, SE is 

increased due to increasing the symbol alphabet without degrading the sensitivity [18]. In 

[17], 28 Gbaud (126 Gb/s) 6-ary PolSK-QPSK was experimentally demonstrated in 

wavelength division multiplexing (WDM) transmission over up to 4800 km of standard 

single mode fiber. 

The time domain hybrid QAM technique [8], [19], [20] provides flexible modulation 

formats which for a fixed channel bit rate allows tuning of the SE to match the allowed 

channel bandwidth and meet the required transmission reach. 4-D realization of these 

formats can be achieved by considering different modulation formats for the different 

polarizations as well as for adjacent symbols in the time domain. 

All of these 4-D modulation formats provide better granularity regarding SE, 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 PolSK-QAM, the conventional transmitter that is used for 

generating QAM modulation needs to be changed, or hardware modification is needed in 

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

3.4 2×Two-Dimensional and Four-Dimensional Modulation 

Formats 

Figure 3.1 illustrates the conventional DP system where each polarization is considered 

as an independent signal. In this context, two separate 2-D 16-QAM signals are generated 

in the transmitter. In the receiver, the detection and demodulation are performed jointly up 

until the polarization signals are separated. Subsequently, the decoding is performed 

independently for each polarization. Alternatively, DP 16-QAM modulation can also be 

viewed as a four-dimensional modulation as depicted in Figure 3.1. The resulting 4-D 

modulation format has 16×16 constellation points. As a result, the decoding process should 

be performed jointly since the data are encoded on 4-D symbols. 

4-D constellation cannot be visualized in a straightforward manner. The 2-D 

constellations can be replaced with non-overlapping 4-D spheres with a diameter equal to 

the minimum distance between the constellation points [11]. The projection of the 4-D 

constellation onto the 2-D plane of each orthogonal polarization is equivalent to the 2-D 

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

Modulation Format – Experimental Results for DP 16-

QAM Signal* 

Modulated optical signals can be generated using multi-level drive signals obtained 

from the following techniques: 

                                                 

* This section is compiled from material extracted from manuscript titled “Performance of a 32 Gbaud DP 

16-QAM signal generated using 2-bit DACs and an InP DP IQ modulator”, which appeared in the 

proceedings of Signal Processing in Photonic Communications, July 2016 [21]. 

Figure 3.1: Dual polarization system viewed as two independent 2-D streams and a single 4-D 

stream. DAC: digital-to-analog converter; PBS: polarization beam splitter; PBC: polarization 

beam combiner. 
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• binary electrical signals and low resolution digital-to-analog converters (DACs) 

[22], 

• application specific integrated circuits (ASICs) comprised of digital signal 

processors (DSP) and high resolution DACs [23], 

• binary drive signals applied to multiple optical modulators [24], or to a direct digital 

drive modulator [25]. 

Most typically, high bandwidth linear amplifiers are used to obtain appropriate drive 

signals for an electro-optic modulator [22]. The various approaches exhibit trade-offs 

involving the implementation complexity and the attributes and quality of the optical 

signal. 

Indium phosphide (InP)-based Mach-Zehnder (MZ) modulators are attractive for the 

electrical-to-optical function because of their small size, low drive voltage, high 

bandwidth, and potential for monolithic integration with active semiconductor devices 

such as laser diodes [26]. Recently reported results on the generation of high-order 

modulation formats with either single polarization or DP InP in-phase and quadrature (IQ) 

modulator include the following: 

• a 43 Gb/s (10.75 Gbaud) single polarization 16-QAM signal (86 Gb/s with 

polarization multiplexing emulation (PME)) using an arbitrary waveform generator 

[27], 

• a 128 Gb/s (32 Gbaud) single polarization 16-QAM signal (256 Gb/s with PME) 

using DSP-based compensation for the responses of the transmitter components 

and 64 GSa/s, 7-bit DACs [28], 
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• a 183 Gb/s (32 Gbaud) single polarization 16-QAM signal (366 Gb/s with PME) 

using DSP-based compensation for the responses of the transmitter components 

and 56 GSa/s, 8-bit DACs [29], 

• a 448 Gb/s (56 Gbaud) DP 16-QAM signal, a 516 Gb/s (43 Gbaud) DP 64-QAM 

signal, and a 456 Gb/s (38 Gbaud) DP 64-QAM signal using DSP-based 

compensation for the responses of the transmitter components and 65.7 GSa/s, 8-

bit DACs [30], 

• a 770 Gb/s (77 Gbaud) DP 32-QAM signal, a 672 Gb/s (84 Gbaud) DP 16-QAM 

signal, and a 504 Gb/s (84 Gbaud) DP 8-QAM signal using DSP-based 

compensation for the responses of the transmitter components and 84 GSa/s, 8-bit 

DACs [31]. 

In this section, we experimentally demonstrate the generation and transmission of a 256 

Gb/s (32 Gbaud) DP 16-QAM signal using an InP-based DP IQ modulator, without the use 

of transmitter DSP in order to reduce the complexity for applications that do not warrant 

the use of DSP. The multi-level 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 DP 16-QAM back-to-back 

and transmission system configurations. Detailed information on the components used in 

the setup is provided in Appendix A. A 1557.36 nm CW optical signal was modulated 

using an InP-based DP IQ modulator with a 3-dB bandwidth of 35 GHz and a Vπ of 2.5 V 

[32]. To generate the DP 16-QAM signal, the I and Q branches for the two orthogonal 



Chapter 1 

 

Chapter 3. Multi-Dimensional Modulation Formats 

73 

polarization components of the modulator were driven by 32 Gbaud four-level electrical 

signals from the DACs followed by a four-channel linear amplifier. The DACs inputs were 

four copies of a 215-1 pseudorandom bit sequence (PRBS) at 32 Gb/s. The bit sequences 

were decorrelated relative to each other by the delays equal to multiples of 213 bits period. 

Each DAC converted two single-ended, two-level binary data streams to two 

complementary four-level data signals at a symbol rate of 32 Gbaud. The four-level signals 

for the in-phase and quadrature components of each polarization component were 

attenuated by 6 dB and decorrelated before being applied to the amplifier. The 

decorrelation was performed using two phase shifters (Spectrum phase adjustable adapters 

with operational frequency range of DC to 63 GHz) applied to the in-phase arms of each 

polarization with a time delay ranging from 167 psec to 195 psec. This was done since the 

outputs of each DAC were complementary, which results in correlation between the in-

phase and quadrature components. The signals were amplified with the four-channel linear 

drive amplifier to generate four single ended, four-level, 1.8 Vpp signals that were applied 

to the InP DP IQ modulator. 

The 2-bit DACs combine two binary input signals and produce a four-level output signal 

at the rate of 32 Gbaud. The summation is realized by adjustable bit weights allowing for 

adjustment of the spacing between the generated levels 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 diagrams for a two-level binary input signal, a four-level output 

signal from the DAC, a four-level amplified drive signal, and the recovered signal 

constellation for the back-to-back configuration. The measurement setups for the second 

and third cases are shown in Figure 3.4. 

I
X
 

Figure 3.2: Experimental setup. BPG: bit pattern generator; DAC: digital-to-analog 

converter; LO: local oscillator; PBS: polarization beam splitter; PBC: polarization beam 

combiner; EDFA: erbium doped fiber amplifier; AOM: acousto-optic modulator; OBPF: 

optical band-pass filter; LSPS: loop synchronous polarization scrambler; SSMF: standard 

single-mode fiber; BBS: broadband source; VOA: variable optical attenuator; OSA: optical 

spectrum analyzer. 
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(a) (b) 

 

 

(c) (d) 

Figure 3.3: (a) Two-level input to the DAC, (b) four-level output of the DAC, (c) four-level 

output of the amplifier, (d) back-to-back constellation. 
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(a) 

 

(b) 

Figure 3.4: Experimental setup for measuring the four-level output signal from (a) DAC, (b) 

drive amplifier. 
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Experimental Results 

Variable amounts of amplified spontaneous emission (ASE) noise from a broadband 

source where added to the DP 16-QAM signal in order to measure the dependence of the 

BER on the optical signal-to-noise ratio (OSNR). The DP 16-QAM signal was amplified 

and filtered before detection by a polarization- and phase-diverse coherent receiver. The 

four signals from the balanced photo-detectors in the coherent receiver were digitized by 

80 GSa/s ADCs using two synchronized real-time sampling oscilloscopes and processed 

offline. 

The offline signal processing was performed in a sequence of steps including: (i) 

normalization and filtering, (ii) quadrature imbalance compensation [33], (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 technique [34], (vi) polarization de-multiplexing and residual 

distortion compensation using adaptive equalizers which employ 35-tap constant modulus 

algorithm with a convergence parameter μ = 6 × 10-7 and 25 iterations for pre-convergence 

followed by a 65-tap radius directed algorithm with a convergence parameter μ = 2 × 10-6 

and 35 iterations [35], (vii) carrier frequency offset recovery using a spectral domain 

algorithm [36], (viii) carrier phase recovery using sliding window two-stage simplified 

QPSK partitioning and QPSK constellation transformation algorithm [37], and (ix) symbol 

decisions. The BER was obtained by direct bit error counting using rectilinear decision 

boundaries. The large number of taps and iterations for updating the tap weights in the 

adaptive equalizer is due to the absence of DSP at the transmitter to apply ISI-free pulse 

shaping and pre-compensate for the non-ideal transfer functions of transmitter components. 
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The dependence of the BER on OSNR (noise bandwidth of 0.1 nm) for a back-to-back 

system is shown in Figure 3.5(a), and the normalized optical spectrum of the modulated 

signal with a resolution bandwidth of 0.02 nm is shown in Figure 3.5(b). The theoretical 

BER versus OSNR result is shown for comparison. For a BER of 2.7×10-2 (FEC threshold 

with 20% overhead [38]), the implementation penalty is 3.7 dB for the 32 Gbaud DP 16-

QAM generated by the InP-based DP IQ modulator. The implementation penalty for the 

InP-based DP IQ modulator is attributed to the absence of any DSP at the transmitter to 

pre-compensate for the bandwidth limitations and frequency responses of the DACs, drive 

amplifiers, and modulator. Also, the bandwidth of the 32 Gbaud signal impacts the noise 

level in the receiver signal processing. 

The performance of the 256 Gb/s DP 16-QAM transmission system was investigated by 

using a recirculating loop as shown in Figure 3.2. The recirculating loop was comprised of 

four spans. Each span consisted of 75 km of standard single mode fiber (SSMF), an erbium 

doped fiber amplifier (EDFA) with a noise figure of 5 dB, and an optical band-pass 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 prevented the EDFAs in the loop from being 

saturated by out-of-band ASE noise. In order to break the periodicity of the recirculating 

loop, a loop synchronous polarization scrambler (LSPS) was used. 

For different fiber lengths, the dependence of the BER on the launch power for the 256 

Gb/s DP 16-QAM signals are shown in Figure 3.6(a). The optimum launch power is -1 

dBm. Figure 3.6(b) shows the dependence of the BER on fiber length for different launch 

powers. A maximum reach of 1800 km at a BER of 2.7×10-2 for the optimum launch power 

is achieved. 
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(a) 

 

(b) 

Figure 3.5: 32 Gbaud DP 16-QAM, (a) BER versus OSNR in 0.1 nm noise bandwidth for a 

back-to-back configuration, (b) normalized optical spectrum. 
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(a) 

 

(b) 

Figure 3.6: 32 Gbaud DP 16-QAM, (a) BER versus launch power, (b) BER versus transmission 

distance. 
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3.6 Set-Partitioning of a 4-Dimensional Cubic Constellation 

Set-partitioning refers to the specific technique of allocating bits when applying codes 

that have different error correcting capabilities. Set-partitioning of QAM modulation as 

proposed by Ungerboeck [39], [40], [41], is as follows: 

i. Divide adjacent symbols of the m-QAM constellation into two groups. This can 

be done by classifying the constellations based on the number of “one bits” in 

the bit representation of the symbol, which are labelled based on Gray coding. 

ii. Each group consists of half of the symbols, which are represented with (log2m - 

1) bits. Each of the groups can be divided into two groups that have the 

maximum Euclidean distances between the constellation points. 

Bit allocation by the set-partitioning is done at each step. Bit allocation for each group 

depends on the numbers of bits equal to ‘1’ in the bit representation of the symbol by Gray 

coding [42]. For the first step, the bit ‘0’ or ‘1’ is assigned to the least significant bit (LSB) 

of each symbol, and for the nth step is assigned to the nth bit. Figure 3.7 illustrates the bit 

allocation by set-partitioning for single polarization 16-QAM. At each stage of the set-

partitioning for 16-QAM, ‘0’ or ‘1’ corresponds to the allocated bit by this method. This 

approach can be extended to both of the polarization tributaries, which leads to a 4-D 

modulation scheme. 
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The DP m-QAM modulations can be viewed as two separate 2-D m-QAM modulation 

in both polarizations with the independent symbol generation and detection. For DP 16-

QAM, this means 16 equally likely 2-D symbols on each polarization. Two independent 2-

D 16-QAM constellations on two polarizations define an alphabet with 256 symbols. Using 

the Ungerboeck set-partitioning scheme in 4-D signal space, the 2 × 2-D scheme of DP 16-
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Figure 3.7: Bit allocation for set-partitioning based 16-QAM. 
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QAM can result in three subsets of 128, 64, and 32 symbols. These 4-D modulation formats 

are denoted set-partitioned (SP) 128-QAM, SP 64-QAM, and SP 32-QAM, respectively. 

These modulation formats were first proposed by Coelho and Hanik [15] by applying 

Ungerboeck set-partitioning to DP 16-QAM. These 4-D set-partitioning 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 can be derived from the DP 16-QAM by selecting the even parity symbols 

(128 symbols) out of 256 symbols [43]. 

Using set-partitioning (as a subset of 4-D modulation), the minimum Euclidean distance 

between the constellation points increases after each stage of partitioning [15], which 

results in improving 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 DP m-QAM 

modulation. However, employing set-partitioning increase the ability to detect and correct 

errors in the information bits at the receiver [40]. The number of information bits per 4-D 

symbol decreases from 8 for DP 16-QAM to 7, 6, and 5, for SP 128-QAM, SP 64-QAM, 

and SP 32-QAM, respectively. Regarding improving power efficiency in 4-D SP based 

modulation formats, these formats can outperform conventional 2 × 2-D modulation 

formats in nonlinearity limited systems where the power must be reduced to avoid 

nonlinear distortions [10]. The same property is applied to linear systems limited by 

additive noise, in the sense that the improvement in power efficiency in SP based 

modulation formats is achieved due to increasing the minimum Euclidean distance of the 

constellations. Agrell and Karlsson in [13] reported polarization switched-QPSK as the 

most power efficient modulation format in 4-D. 
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In contrast to DP 16-QAM that has 16 equally likely 2-D symbols, in the 4-D set-

partitioning scheme once the 2-D symbol for a specific polarization has been chosen, the 

symbol for the other polarization is dependent on the symbol used for the first polarization. 

As a result, the second 2-D symbol based on the set-partitioning alphabet is restricted to a 

pre-defined subset of 2-D symbols among all 16 possible symbols [6]. Figure 3.8 compares 

I 

Q 

DP 16-QAM 

X-polarization 

I 

Q Y-polarization 

1010 

0111 0011 1011 1111 

0110 0010 1010 1110 

0100 0000 1000 1100 

0101 0001 1001 1101 

I 

Q 

SP 128-QAM 

X-polarization 

I 

Q Y-polarization 

1010 

0011 1111 

0110 1010 

0000 1100 

0101 1001 

Figure 3.8: Possibility of symbols on Y-polarization for the specific symbol on X-polarization 

in DP 16-QAM, and SP 128-QAM. 
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the possible choice of symbols on the Y-polarization for the specific symbol on the X-

polarization, in the DP 16-QAM and SP 128-QAM formats. As can be seen, in the SP 128-

QAM format, for the specific symbol on X-polarization “1010”, the pre-defined subset on 

the Y-polarization is restricted to the symbols that satisfy the “XOR” operation on the 

previous bits. This concept is studied in the following sub-sections. It should be noted that 

the constellations of DP 16-QAM and SP 128-QAM are the same, but the probabilities of 

the constellation points are not the same. 

3.6.1 Transceiver Architecture for Set-Partitioning based QAM 

Modulation Format 

Using Ungerboeck set-partitioning, 4-D SP 128-QAM symbols are chosen from the 

subset of even or odd parity symbols in the symbol alphabet of Gray-coded DP 16-QAM 

[44]. In order to generate SP 128-QAM symbols, an “XOR” operation is performed on 

seven information bits. The result is the 8th bit which is considered as a parity bit. This bit 

is responsible for the selection of the desired subset of the set-partitioning scheme. The 

resultant 8 bits are mapped to one of the 256 possible 4-D symbols. However, the 2-D 16-

QAM symbols associated with the second four bits are restricted to specific symbols as the 

last bit (the 8th bit) is an “XOR” product of the previous bits. The scheme shown in Figure 

3.9 is used for encoding the binary data for the generation of SP 128-QAM. In MATLAB 

it can be defined as follows: 

i. Generate a deBruijn sequence with the desired information bit length (the same 

as for DP 16-QAM). 

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 bits (by performing 

“XOR”). 

iv. Map the data pattern (which is now the set of 8 bits) to one of the 256 possible 

4-D symbols. 

 

The same bit to symbol mapper that is used for DP 16-QAM can be used for SP 128-

QAM, since the only difference is the information bits, as shown in Figure 3.9. In addition, 

DSP at the receiver remains 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 bit de-mapping) algorithm. It 

should be noted that the requirements for the modification of the receiver side DSP depend 

on the set-partitioning scheme employed. As an example, it is not possible to perform 

polarization de-multiplexing using the conventional constant modulus algorithm for 

polarization switched-QPSK since in each 4-D symbol only one polarization is chosen [44]. 
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Figure 3.9: Transmitter architectures for DP 16-QAM, and SP 128-QAM [41]. 
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An additional block at the receiver side DSP for SP 128-QAM is required in order to 

perform the decoding. For the Gray-coded DP 16-QAM, the signals in the two polarizations 

are independently decoded while the decoding process for SP 128-QAM should be done 

by decoding the 4-D symbols and considering the parity bit which limits the number of 4-

D symbols to 128 among all 256 possibilities. 

As mentioned earlier, for SP 128-QAM once the 2-D symbol for a specific polarization 

has been chosen, the symbol for the other polarization is restricted to a pre-defined subset 

of 8 among all 16 possible 2-D symbols. Taking advantage of this specific property, once 

the symbol on the X-polarization is received, the squared Euclidean distances between the 

received X-polarization symbol and all 16 possible symbols are calculated. The decision 

on the X-polarization signal is based on the minimum Euclidean distance. The received 

symbol on Y-polarization contains the parity bit resulting from the "XOR" operation of the 

previous 7 bits, 4 of which were obtained from decisions on the X-polarization. For the 

received symbol on Y-polarization, the squared Euclidean distance is calculated for 8 

possible symbols that are chosen based on the decision made for the received symbol on 

X-polarization to satisfy the “XOR” operation. This process is also called 4-D minimum 

Euclidean distance detection for SP QAM formats [43]. 
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3.6.2 Performance Comparison of DP 16-QAM and SP 128-QAM* 

By applying set-partitioning to DP 16-QAM constellations, 4-D SP QAM formats can 

be obtained with a small increase in transceiver complexity [6], [8], [44], [45]. Previously 

the SP 128-QAM format has been shown to provide an increase in the transmission reach 

for the same bit rate and baud rate compared to DP 16-QAM [44], [45]. In this section, we 

assess the performance of the SP 128-QAM and DP 16-QAM modulation formats 

regarding the achievable information rate (product of mutual information between the 

transmitted and received symbol sequences and the symbol rate). The comparative 

performance between the SP 128-QAM and DP 16-QAM formats at the same bit rate of 

256 Gb/s is of primary interest, thereby allowing an assessment of the impact of the SP 

coding/decoding and requisite increase in the symbol rate on the mutual information. 

Results for the same symbol rate of 32 Gbaud are included for completeness. 

Mutual Information 

The mutual information (MI), I(S;R), represents the maximum amount of information 

that the channel output R contains about the channel input S. For propagation over optical 

fiber, memory can be introduced by the impairments such as fiber chromatic dispersion 

and fiber nonlinearity. However, signal processing used to mitigate the effects of these 

impairments removes a large portion of the channel memory. Some additional memory 

may remain, but for simplicity, we use a memoryless model to evaluate MI. For a finite 

                                                 

* This sub-section is compiled from material extracted from [23]. Copyright © 2015 IEEE. Reprinted, 

with permission, from A. S. Kashi, J. C. Cartledge, A. Bakhshali, M. A. Rezania, A. El-Rahman, M. 

O’Sullivan, C. Laperle, A. Borowiec, and K. Roberts, Information rates for the SP 128-QAM and DP 16-

QAM modulation formats, 41st European Conference on Optical Communication, Sept. 2015. 
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discrete modulation alphabet  𝚨 = {𝑎1, 𝑎2, … , 𝑎𝑀}, the maximum achievable rate given by 

MI is [46]: 

𝐼(𝑆; 𝑅) = ∑ ∑ 𝑃𝑆(𝑠𝑚) 𝑃𝑅|𝑆(𝑟𝑛|𝑠𝑚) × log2 [
𝑃𝑅|𝑆(𝑟𝑛|𝑠𝑚)

𝑃𝑅(𝑟𝑛)
]

𝑟𝑛∈𝚨𝑠𝑚∈𝚨

, (3.4) 

where PS(sm) and PR(rn) are the probability mass functions (PMFs) of the channel input and 

output, respectively, and PR|S(rn|sm) is the conditional PMF of r given that s was sent. 

Since for the same information bit rates, the symbol rate and hence the spectral 

occupancy for SP 128-QAM is higher than DP 16-QAM, the comparison between two 

modulation formats was performed regarding the achievable information rate. This 

provides the means to assess the impact of the SP coding/decoding on the mutual 

information in comparison with the conventional 16-QAM format. 

To calculate the MI for the DP 16-QAM format, the summations in (3.4) are evaluated 

over the set A for each polarization. For the SP 128-QAM format, the summations are 

evaluated for the discrete SP modulation alphabets in 4-D. As an example, Figure 3.10 

shows a subset of the conditional probabilities (with n=m) and the output probabilities for 

the DP 16-QAM format (Y-polarization signal). The probabilities PS(sm), PR(rn), and 

PR|S(rn|sm) were evaluated for a transmission distance of 2100 km and a launch power of 3 

dBm, where r were the received symbols after transmission and offline processing and s 

were the transmitted symbols. 
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Experimental Setup 

The experimental setup is shown in Figure 3.11. Detailed information on the 

components used in the setup is provided in Appendix A. A 219 deBruijn binary sequence 

was used to generate an SP bit sequence performing XOR operations on sequences of seven 

bits to generate the parity bits (8th bit of each symbol). The 8-bit SP sequence was then 

mapped to the 4-D constellation points. For the DP 16-QAM signal, the 219 deBruijn binary 

sequence was mapped directly to symbols. Root-raised-cosine (RRC) pulse shaping with a 

roll-off factor of 0.05 was used. The generated waveforms were loaded into the memory of 

a WaveLogic3 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 applied to a DP in-phase/quadrature modulator. The CW optical signal applied to the 

modulator had a wavelength of 1557.36 nm and a linewidth of ~100 kHz. The optical signal 

was launched into a recirculating loop with four spans and a LSPS. Each span consisted of 
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Figure 3.10: Conditional probabilities (n = m) and output probabilities for DP 16-QAM. 
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75 km of SSMF, an EDFA, and an OBPF to prevent the EDFAs from being saturated by 

ASE noise. 

 

At the receiver, sample values obtained after coherent detection were recorded with two 

synchronized real-time 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 compensation, re-

sampling to two samples per symbol, chromatic dispersion compensation, clock recovery, 

polarization de-multiplexing and residual distortion compensation using adaptive 

equalizers, carrier frequency and phase offset recovery, decoding and symbol decisions. 

The adaptive equalizers employed an 11-tap constant modulus algorithm with a 

Figure 3.11: Experimental setup. EDFA: erbium doped fiber amplifier; AOM: acousto-optic 

modulator; OBPF: optical band-pass filter; LSPS: loop synchronous polarization scrambler; 

SSMF: standard single-mode fiber; BBS: broadband source; VOA: variable optical attenuator; 

OSA: optical spectrum analyzer. 

× 4 

75 km SSMF 

EDFA 

EDFA 

EDFA 

EDFA 

Coherent 

Receiver 

Real-time 

Oscilloscopes 

AOM 

AOM 

LSPS 

Post-

processing 

OBPF 

OBPF 

OBPF 

OSA 

90% 

10% 

BBS VOA OBPF 

Offline 

Waveform 

Generation 

WaveLogic 3 

Transmitter 



Chapter 1 

 

Chapter 3. Multi-Dimensional Modulation Formats 

92 

convergence parameter μ = 3 × 10-7 and 11 iterations for pre-convergence followed by a 

13-tap radius directed algorithm with a convergence parameter μ = 2 × 10-6 and 11 

iterations. 

The processing of the received SP 128-QAM and DP 16-QAM signals only differs in 

the decoding stage. The decoding process for the SP 128-QAM signal was performed 

jointly for the 4-D modulated signal. The Euclidean distances between a received X-

polarization symbol and all 16 possible symbols were calculated. The decision for the X-

polarization signal was based on the 2-D minimum Euclidean distance. The Euclidean 

distances for a received Y-polarization symbol were calculated for the eight possible 

symbols that resulted from the decision for the X-polarization signal. For the BER 

calculation, the parity bit was removed. The DP 16-QAM signal was decoded as two 

independent 2-D modulated signals. 

Experimental Results – Information Rate 

The dependence of the BER on OSNR (noise bandwidth of 0.1 nm) was measured by 

adding variable amounts of ASE noise from a broadband source to the signal for a back-

to-back system. The results are shown in Figure 3.12 for the three cases of interest. 

Theoretical results are shown for comparison. For a BER of 10-2, the implementation 

penalties are 2.2 dB for 32 Gbaud DP 16-QAM, 2 dB for SP 128-QAM at the same symbol 

rate as DP 16-QAM, and 2.05 dB for SP 128-QAM at the same bit rate as DP 16-QAM 

equal to 224 Gb/s. 
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The corresponding information rates, which are calculated using (3.4), are shown in 

Figure 3.13. Theoretical results for each case were obtained using numerical simulations. 

For OSNR values of interest at a bit rate of 256 Gb/s, the SP 128-QAM format outperforms 

the DP 16-QAM format. Compared to the DP 16-QAM format, the information rate for the 

SP 128-QAM format is increased by 15.4 Gb/s for an OSNR of 17.1 dB, which corresponds 

to the SP 128-QAM format with a BER of 10-2. 

 

Figure 3.12: BER versus OSNR for a back-to-back configuration. Solid symbols denote 

experimental results and open symbols denote simulation results. 
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For a fiber length of 2100 km, the dependencies of the BER and information rate on the 

launch power are shown in Figure 3.14. The optimum launch powers for all three formats 

are similar. However, for the same bit rate, the SP 128-QAM format provides an 

information rate that is 13.4 Gb/s (5.3%) higher than that for the DP 16-QAM format at the 

optimum launch power. 

 

Figure 3.13: Information rate versus OSNR for a back-to-back configuration (legend is the 

same as Figure 3.12). Solid symbols denote experimental results and open symbols denote 

simulation results. 
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The dependencies of the BER and information rate at the optimum launch power on the 

fiber length for each format are shown in Figure 3.15. For the SP 128-QAM format (256 

Gb/s), the information rate for a BER of 10-2, which corresponds to the fiber length of 2700 

km, is 242.3 Gb/s. This corresponds to 8.2% increase compared to the information rate of 

DP 16-QAM at the same fiber length (224 Gb/s). 

It should be noted that although the comparisons between SP 128-QAM and DP 16-

QAM were performed at the same information bit rates, the symbol rate and hence the 

spectral occupancy for SP 128-QAM is higher than DP 16-QAM. 

 

Figure 3.14: BER and information rate versus launch power for a fiber length of 2100 km. 

Solid symbols denote experimental results and open symbols denote simulation results. 
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Figure 3.16 shows experimental and theoretical results for the information rate as a 

function of per-channel launch power for the three modulation formats. The fiber length is 

2100 km. The theoretical results were obtained by combining the perturbation approach 

[47] to determine the change in the transmitted signal due to fiber nonlinearities with 

optical noise loading. This approximate model accurately captures the dependence of the 

performance on key system parameters such as the pulse shape, modulation format, launch 

power, and fiber properties (length, attenuation, dispersion, and nonlinearity). A detailed 

description of the model is provided in Chapter 5. For SP 128-QAM format (224 Gb/s  and 

256 Gb/s), good agreement is obtained between the experimental and theoretical results for 

the information rate whereas for DP 16-QAM, a difference is observed. This difference 

could be attributed to the higher sensitivity of DP 16-QAM (compared to SP 128-QAM) 

to imperfections of the transmitter or receiver which were not included in the approximate 

 

Figure 3.15: BER and information rate at optimum per-channel launch power versus fiber 

length. Solid symbols denote experimental results and open symbols denote simulation results. 
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model. Further investigation would be required to investigate the origin of this difference 

and its effect on DP 16-QAM compared to SP 128-QAM. 

 

3.7 Summary 

In the context of 2×2-D modulation formats, the use of an InP-based DP IQ modulator 

for generation and transmission of 32 Gbaud DP 16-QAM has been experimentally 

demonstrated using 2-bit DACs to generate the requisite four-level drive signals. In the 

back-to-back experiment and at a BER of 2.7×10-2, a 3.7 dB implementation penalty from 

the theoretical limit is achieved. The maximum reach of 1800 km is achieved for the DSP 

free transmitter. This architecture realizes a compact, high-capacity transmitter with a 

relatively simple implementation. 

 

Figure 3.16: Information rate versus launch power for a fiber length of 2100 km. Solid 

symbols denote experimental results and open symbols denote theoretical results. 
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In the context of 4-D modulation formats, the performance of the SP 128-QAM and DP 

16-QAM modulation formats with the same bit rate and symbol rate has been compared in 

terms of the information rate. For a bit rate of 256 Gb/s, the SP 128-QAM format provides 

increases in the information rate of 5.3% and 8.2% compared to the DP 16-QAM format 

for transmission over 2100 km and 2700 km, respectively.  
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Nonlinear Signal-to-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 tolerant of transmission 

impairments with the capacity ultimately limited by Kerr fiber nonlinearities. With optical 

networks evolving towards higher capacity, advanced techniques are needed for modelling 

and characterizing systems, predicting performance, and estimating various 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 increased in importance. 

For long-haul optical fiber transmission, the link accumulated optical noise consists of 

linear and nonlinear contributions. Most coherent optical transmission systems operate in 

the weakly nonlinear regime to obtain the best performance in the trade-off between the 

effects of amplified spontaneous emission (ASE) noise and fiber nonlinearities [5]. The net 

electrical signal-to-noise ratio (SNRnet) for such systems is determined by ASE noise from 

inline optical amplifiers (SNRASE), implementation or internal transceiver noise (SNRtrx) 

[6], and optical Kerr nonlinear noise (SNRnl). Increasing the transmitted signal power 

linearly increases the delivered optical signal-to-noise ratio (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 optical noise provide 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 has potential 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 control and management, 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 of the OSNR in the frequency domain 

by calculating the noise power from an interpolation of out-of-band noise measurements 
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in between optical channels, becomes impractical when the channel spacing approaches 

the signal symbol rate for high spectral efficiency. As 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 signal-to-noise ratio. We propose to use an artificial 

neural network (ANN), which is trained with specific features that are representative of the 

SNRnl. The accuracy of the estimation is demonstrated in the simulation and validated for 

experimental data. 

4.2 Machine Learning Based Nonlinear Noise Estimation* 

Powerful statistical signal processing methods from machine learning (ML), in the 

supervised learning category, can be used for nonlinear, non-Gaussian systems to build 

probabilistic models of impairments based on observed data [10]. These models can be 

applied to 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 discussed in this chapter, OSNR monitoring techniques 

can be divided into four categories: 

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

monitoring techniques for coherent detection systems include methods based on the 

                                                 

* This section is compiled from material extracted from an invited manuscript titled “Artificial neural 

networks for fiber nonlinear noise estimation”, which appeared in the proceedings of the Asia 

Communications and Photonics Conference, Nov. 2017 [9]. 



Chapter 1 

 

Chapter 4. Nonlinear Signal-to-Noise Ratio Estimation Using Artificial Neural Networks 

106 

received signal SNR utilizing statistical moments [12] and error vector magnitude of a fully 

equalized signal [13]. In addition, the OSNR can be estimated using self-equalized 

complementary training sequences [14]. In [15], estimation of the ASE noise power, and 

hence the OSNR, has been carried out by measuring the optical power at the central 

frequency of a subcarrier and at an offset frequency in-between subcarriers utilizing an 

optical band-pass filter. Alternatively, ASE noise power can be estimated using the 

properties of the 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 gained significant attention due to the ability to 

monitor multiple channel impairments, which is a key requirement in next generation 

optical networks [17]. These techniques learn the characteristic of the impairment from the 

statistical properties of the observed data and the resultant "trained" model can then be used 

to estimate the impairments. ML-based OSNR monitoring for direct detection systems 

includes using an ANN trained with a parameter derived from delay-tap asynchronous and 

single channel sampling [18], [19], and principal component analysis based pattern 

recognition in combination with asynchronous delay tap plots [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 (EVM) (or SNRnet) rely on the distribution 

of points in the constellation diagram, and therefore tend to underestimate the true OSNR 
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because contributions due to nonlinear noise and implementation noise are included in the 

EVM. Recently, methods have been proposed for nonlinearity-tolerant determinations of 

the OSNR by estimating SNRnl and removing its contribution from the calculated SNRnet, 

which results in SNRASE (assuming the implementation noise has been accounted for) [23], 

[24]* For these methods, SNRnl was estimated using the amplitude noise correlation across 

neighbouring symbols for each polarization, multiplied by a calibration factor. The 

estimation accuracy was improved in [24] by considering the amplitude noise correlation 

between the two polarization signals 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 true SNRnl for each system configuration (e.g., fiber type, 

fiber length, number of wavelength division multiplexed (WDM) channels, 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 dual polarization (DP) quadrature amplitude 

modulation (QAM) signals has been presented in [25]. However, the performance of this 

technique was only evaluated for the back-to-back case, and thus only in the presence of 

ASE noise. We initially demonstrated an ML technique 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 improvement of the estimation accuracy. In this chapter, the initial 

                                                 

* SNRASE is the ratio of the electrical signal power to the electrical noise power within the signal bandwidth 

due to ASE noise. SNRASE is related to the OSNR through the ratio of the electrical signal bandwidth to the 

0.1 nm (12.5 GHz) optical reference bandwidth. 
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work is extended and improved to achieve a generalized model for estimating SNRnl using 

an ANN by adding the phase noise correlation extracted from the received symbols as an 

input [27]. 

Figure 4.1 illustrates the principle of an ML-based nonlinear noise estimation technique 

that is trained to estimate the target information based on the measured features. The inputs 

to the ML block are extracted from known information in simulations, experiments, 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 power. In addition, the fiber 

nonlinearity induced amplitude/phase noise correlations across neighbouring symbols can 

be used as an input for nonlinear noise estimation. 

For a single receiver, the nonlinear correlation together with the link parameters serve 

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 the measured features of the system together with inline 

measurements are applied to 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 link, pre-processed data from 

each receiver, such as the nonlinear correlation can be applied together as inputs to the ML 

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, and heterogeneous traffic patterns. 

The main advantages of ML-based nonlinear noise (and hence OSNR) estimation 

techniques compared to analytical methods [28], [29], is that the ML-based techniques 
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yield generalized estimators. The resultant estimator does not require accurate knowledge 

about the system configuration (such as fiber parameters) or detailed information about the 

transmitted signal and the neighbouring channels (such as their modulation formats, 

symbol rates, and pulse shaping). 

 

Figure 4.1: ML-based nonlinear noise estimation block diagrams, (a) single receiver, (b) single 

receiver with inline measurements, (c) multi-receivers with inline measurements. 
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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 an estimator employing 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 input-output sets from simulations for a 34.5 

Gbaud DP 16-QAM signal transmitted over a wide range of link configurations with and 

without ASE noise loading. The performance of the ANN is validated in experiments, for 

a 34.5 Gbaud DP 16-QAM signal in an 11-channel system for various launch powers and 

transmission distances. 

4.3.1 Simulation Setup and Features Extraction 

It has been shown that nonlinear interference produces amplitude and phase correlation 

across neighbouring symbols [23], [30]. Denoting ∆AX(k) and ∆AY(k) as the amplitude 

noise of the kth received symbol for the X- and Y-polarization signals, respectively, the 

amplitude noise covariance (ANC) across neighbouring symbols can be obtained from 

(4.1) and used as an input metric to estimate SNRnl. 

                                                 

* This section (4.3) and the next section (4.4) are compiled from material 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. Laperle, and M. O’Sullivan, Nonlinear signal-to-noise ratio estimation in coherent 

optical fiber transmission systems using artificial neural networks, Journal of Lightwave Technology, Dec. 

2018. An earlier version appeared in [26]. Copyright © 2017 IEEE. Reprinted, with permission, from A. S. 

Kashi, Q. Zhuge, J. C. Cartledge, A. Borowiec, D. Charlton, C. Laperle, and M. O’Sullivan, Fiber nonlinear 

noise-to-signal ratio monitoring using artificial neural networks, 43rd European Conference on Optical 

Communication, Sept. 2017. 
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𝐴𝑁𝐶𝑖𝑗(𝑚) = 𝑐𝑜𝑣 (∆𝐴𝑖(𝑘), ∆𝐴𝑗(𝑘 +𝑚)) ,                      𝑖 𝑎𝑛𝑑 𝑗 ∈ {𝑋, 𝑌}. 

(4.1) 

∆𝐴𝑖/𝑗(𝑘) =  |𝐴𝑖/𝑗
𝑅 (𝑘)| −  |𝐴𝑖/𝑗

𝑇 (𝑘)|,         

where supersript R and T identify the received and transmitted symbols, respectively. 

In addition, the nonlinear phase rotation induced by fiber nonlinearities has been shown 

to be correlated among neighbouring symbols [29]. Denoting this phase noise for the kth 

received symbol as ∆θX(k) and ∆θY(k) for the X- and Y-polarization signals, respectively, 

the phase noise correlation (PNC) across neighbouring symbols can be obtained from (4.2). 

𝑃𝑁𝐶𝑖𝑗(𝑚) = 𝑐𝑜𝑟𝑟 (∆𝜃𝑖(𝑘), ∆𝜃𝑗(𝑘 + 𝑚)) ,                     𝑖 𝑎𝑛𝑑 𝑗 ∈ {𝑋, 𝑌}. 

(4.2) 

𝜃𝑖/𝑗(𝑘) =  𝑎𝑟𝑔(
(𝐴𝑖/𝑗

𝑇 (𝑘))
∗
𝐴𝑖/𝑗
𝑅 (𝑘)

|(𝐴𝑖/𝑗
𝑇 (𝑘))

∗
𝐴𝑖/𝑗
𝑅 (𝑘)|

) 

In order to have a sufficient number of examples of input-output pairs to train the ML 

block and achieve good generalization, simulations were performed for a 34.5 Gbaud DP 

16-QAM signal with root-raised-cosine (RRC) pulse shaping with a roll-off factor of 0.14, 

for various transmission distances, numbers of channels (with 50 GHz channel spacing), 

and fiber types. ASE noise was not included in 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 noise, the transmitted sequence was assumed to be known. The length of the symbol 

sequence and hence the size of the ANC and PNC were 218. 
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The training data consists of known input-output 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 trend as SNRnl when changing the system 

configuration such as fiber length, launch power, and number of WDM channels. Figure 

4.2(a) shows the true SNRnl obtained from the simulation versus the number of WDM 

channels and fiber length. In order to make a comparison, results are also shown for 

cumulative summation of ANCXX and PNCXX over a multiple number of symbols to capture 

the strength of the nonlinearity, denoted by RXX and PXX and described by: 

𝑅𝑋𝑋 = 10 log10(1  ∑ |𝐴𝑁𝐶𝑋𝑋(𝑚)|
6
𝑚=1  ⁄ ), 

𝑃𝑋𝑋 = 10 log10(1  ∑ |𝑃𝑁𝐶𝑋𝑋(𝑚)|
30
𝑚=1  ⁄ ). 

(4.3) 

The choice of lags in (4.3) was based on properties of the covariance and correlation 

functions, and on the results that were achieved. 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. 

Table 4.1: Simulation parameters. 

Fiber Type NDSF TWC ELEAF 
NDSF & 

TWC 

NDSF & 

ELEAF 

ELEAF &  

TWC 

Launch Power (dBm) 0.5 -2.5 -1 -1 -0.5 -2 

Distance (km) 320, 400, 480, 560, 640, 720, 800, 880, 960, 1040, 1120, 1200 

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

NDSF: Non-Dispersion-Shifted Fiber; TWC: TrueWave Classic; ELEAF: Enhanced Large Effective Area 

Fiber. 
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The results for the estimated SNRnl using RXX and PXX are offset by 4 and 8 dB, 

respectively, for clarity. Here we assume that the expressions in (4.3) for RXX and PXX are 

representative of SNRnl. They are used for the purpose of illustrating the variation in the 

nonlinear SNR with changes to the system configuration. The results for the estimated and 

true SNRnl 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 map RXX and PXX to the true SNRnl, plots of RXX and 

PXX versus the true SNRnl in Figures 4.2(b) and (c) for all 432 application cases in Table 

4.1 show that for a specific true SNRnl the variation of RXX and PXX for different application 

cases can exceed 4 dB. In addition, each fiber type, as well as each number of WDM 

channels, requires a different mapping rule from RXX and PXX to the true SNRnl. The results 

of the estimated SNRnl using RXX and PXX for each fiber type (shown in different colours) 

are shifted by multiples of 4 dB from the NDSF results to be distinguishable and each 

number of WDM channels is shown with a different symbol, as indicated in the figure 

legend. 

The nonlinear noise estimation can be done using a variety of ML techniques. In this 

thesis, we used an ANN to perform the estimation of SNRnl and remove the requirement 

for mapping rules, and for the purposes of comparison and completeness, we also 

implemented a multivariate polynomial regression model. 

Both methods have the following structure: 1) calculate the ANC and PNC for different 

application cases, 2) train the model (ANN, regression) on various instances of the 

extracted features (based on ANC and/or PNC) and link condition (CD and number of 
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WDM channels) for the known true SNRnl, and 3) use the trained model to estimate SNRnl 

for new cases. 

 

4.3.2 Artificial Neural Network Based Estimation 

The block diagram of the ANN is shown in Figure 4.3. The feed-forward ANN is 

comprised of one hidden layer with n hidden neurons, m inputs, and one output. To 

  

(a) (b) 

 

 

(c) 

Figure 4.2: (a) Estimated SNRnl versus the number of WDM channels and fiber length; 

Estimated SNRnl versus true SNRnl for all 432 cases from simulation using (b) RXX and (c) PXX. 

Legends for (b) and (c) 
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distinguish between the weight matrices, biases, and neuron outputs for each layer, 

subscripts are used to identify the source (second index) and the destination (first index), 

and superscripts represent the index of the layer. The inputs consist of the net CD, number 

of WDM channels, RXX and PXX as described by (4.3), and RXY and PXY as described by 

(4.4).  

𝑅𝑋𝑌 = 10 log10(1  |𝐴𝑁𝐶𝑋𝑌(0)| ⁄ ), 

𝑃𝑋𝑌 = 10 log10(1  |𝑃𝑁𝐶𝑋𝑌(0)| ⁄ ).  
(4.4) 

The output vector (aL
n) is calculated by multiplying the input vectors (xi) by the weight 

associated to each neuron (wL
n.i) and applying the activation functions to the sum of the 

weighted inputs plus a shifting bias (bL
n). Training, testing, and validation were carried out 

using the Matlab R2017a Neural Network toolbox. The logistic sigmoid and linear 

functions were used as activation functions (or transfer functions) for the hidden and output 

layers, respectively. 

 

 

 

Figure 4.3: ANN block diagram. 

Input Layer 
Hidden Layer Output Layer 

SNR
est

nl. 
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In the training phase, the Bayesian regularization learning algorithm was used. The 

algorithm updated the values of weights and biases for each layer iteratively using the 

Levenberg-Marquardt optimization method to minimize a linear combination of weights 

and squared errors (the error was calculated by 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 neurons was set to 6, which resulted in the lowest 

normalized root-mean-square error (NRMSE) for training and testing, without introducing 

overfitting. Numerous experiments were carried out to determine the set of ANN 

parameters that provided the best performance. 

During the training, 302 multi-dimensional input vectors (70% of the application cases 

in Table 4.1 were randomly chosen) for the extracted features (based on ANC and/or PNC), 

the net CD, and number of WDM channels, paired with their corresponding target output 

(the true SNRnl), were passed to the ANN. The main 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 correct SNRnl for new data sets that include system configurations different from 

those used for the training. Once the ANN was trained, its accuracy was tested for the 

remaining 30% of the cases, by applying each set of input vectors from the testing set to 

the trained ANN and comparing the estimated SNRnl with the true SNRnl. 

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 validated for the case where the received signal was loaded with ASE noise. The noise 

loading was implemented for the same 302 system configurations that were used for the 
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training process (Table 4.1). 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 [31], which showed that the ASE noise variance is twice the nonlinear 

noise variance at optimum launch power. All of the simulations were performed at 

optimum launch powers that were determined for a practical system with ASE noise and 

nonlinearity. This was done to realistically represent practical systems. 

In order to evaluate the contribution of the nonlinear noise correlations (ANC and/or 

PNC) on the performance of the trained ANN, three different sets of inputs were 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 and PNC were 

used individually and for the third case, extracted features from both ANC and PNC were 

used. Figure 4.4 shows the NRMSE during the training and testing phases for the third ANN 

as a function of number of epochs or training iterations. During the course of training, the 

NRMSE decreases as number of epochs increases. Figure 4.4 shows that the training 

process is aborted after 200 epochs with an NRMSE of 0.26% for the training set and 0.32% 

for the testing set, as the step size for the Levenberg-Marquardt optimization method 

reaches its minimum limit. 



Chapter 1 

 

Chapter 4. Nonlinear Signal-to-Noise Ratio Estimation Using Artificial Neural Networks 

118 

 

The results of the training, testing, and validation for each of the trained ANNs are 

summarized in Table 4.2. The results indicate that by employing both nonlinear noise 

correlations, the NRMSE decreases for the training, testing, and validation. For the third 

case, training, testing, and validation in simulation exhibit NRMSE of less than 0.37%. The 

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 

SNRnl for different experimental cases. 

 

 

Figure 4.4: The ANN performance during training and testing phases. 

Table 4.2: ANN simulation performance. 

Inputs* 
TRAINING 

NRMSE 

TESTING 

NRMSE 

Validation 

NRMSE 

RXX, RXY 0.62% 0.69% 0.70% 

PXX, PXY 0.65% 0.68% 0.68% 

RXX, RXY, PXX, PXY 0.26% 0.32% 0.37% 

*CD and number of WDM channels are the inputs for all the above cases. 
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4.3.3 Regression Based Estimation 

For comparative purposes, we report the performance using multivariate polynomial 

regression to estimate SNRnl. Second and third order polynomials were chosen for 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 training, 302 multi-dimensional 

input vectors for the extracted features, namely RXX, PXX, RXY, PXY, CD, and number of 

WDM channels, paired with their corresponding target output (the true SNRnl), were used. 

The testing was performed for the remaining 130 cases. The trained models based on the 

second and third order polynomials were validated for the 302 cases, where the received 

signal was loaded with ASE noise, with system configurations that were used for the 

training process. 

The performance results for the regression and ANN methods are presented in Table 

4.3. Although the simulation results for the regression model show relatively small 

NRMSE, its accuracy and generalization is better assessed using the validation results for 

experimental cases. 

 

Table 4.3: Simulation performance comparison. 

ML Method* 
TRAINING 

NRMSE 

TESTING 

NRMSE 

Validation 

NRMSE 

ANN 0.26% 0.32% 0.37% 

2nd Order Polynomial 

Regression 
0.55% 0.52% 0.63% 

3rd Order Polynomial 
Regression 

0.26% 0.33% 0.39% 

*RXX, RXY, PXX, PXY, CD, and number of WDM channels are the inputs. 
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4.4 Experimental Validation of Nonlinear Noise Estimation 

In order to further demonstrate the validity of the estimation method, an experiment was 

conducted using the same system configuration as employed in the simulations: 

transmission of 11-channels over 800 km of TWC fiber using 34.5 Gbaud DP 16-QAM 

with RRC pulse shaping and a roll-off factor of 0.14. 

The ANCs and PNCs were calculated 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 implementation, 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 Ciena WaveLogic3 transceiver, which was used in the experiment. 

The output of the estimator was then compared with the true value of SNRnl that was 

calculated by subtracting the known SNRASE and SNRtrx from the calculated SNRnet. SNRASE 

was determined from 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 out-of-band noise levels below channel 1 (1548.11 nm) and above 

channel 11 (1552.12 nm), respectively. The wavelengths used for the out-of-band 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 determining the OSNR, the measurement of the signal power was corrected 

for the in-band ASE noise power. SNRnet was obtained from offline processing. 
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4.4.1 Experimental Setup 

The experimental setup is shown in Figure 4.5. Detailed information on the components 

used in the setup is provided in Appendix A. Pump and probe channels were produced by 

two Ciena WaveLogic 3 transceivers each of which included four digital-to-analog 

converters (DACs) with a sampling rate of 39.4 GSa/s and a DP in-phase/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 modulated optical signals were launched into a point-to-point transmission link that 

consisted of 10 spans 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 experiment. After propagation, 

the output of the tenth span was amplified and applied to a tunable filter (TF) which passed 

the probe channel to a coherent receiver. Sample values obtained after coherent detection 

were recorded with a four-channel real-time sampling oscilloscope operating at a sampling 

rate of 80 GSa/s and processed offline. 
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4.4.2 Nonlinear Noise Estimation Results Using Artificial Neural 

Network 

Figures 4.6(a), (b), and (c) compare the estimated SNRnl using each one of the trained 

ANNs with the true SNRnl as a function of launch power after transmission over 800 km of 

TWC fiber. The estimation error for SNRnl is plotted on the right axis. The values of the 

error for the first two cases are less than 0.5 dB and less than 0.25 dB for the third case. 

This is expected since the trained ANN, which employs extracted features from both ANC 

and PNC exhibits the smallest NRMSE for both training and testing in comparison with the 

other ANNs. It should be noted that the ANNs were not trained for the experimental 

configurations of fixed fiber length, fixed number of WDM channels, and varying launch 

power. Accurate results for cases that were not specifically embodied by the training point 

to the high generalization performance of the model. 

Figure 4.5: WDM experimental setup; MUX: multiplexer; EDFA: erbium doped fiber amplifier; 

TWC: TrueWave classic; TF: tunable filter. 
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Assuming equal average transmitted power for all WDM channels (Ptx), the power of 

the nonlinear noise is proportional to P3
tx. As a result, with a 1 dB change in launch power, 

SNRnl should change by 2 dB. The curves for true SNRnl in Figure 4.6, follow this 

dependence for high launch powers (-3 to 0 dBm). However, at low powers (-6 to -4 dBm) 

the true SNRnl 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 processing. The use of signal processing code that does not include these 

limitations yields the expected dependence for all launch powers. Although this distortion 

is not due to fiber nonlinearities, it was captured by the ANC and PNC calculations and 

consequently by the estimator of SNRnl, which leads to the same behaviour as seen in the 

experimental results for true SNRnl. 

Figures 4.7(a) and (b) compare the estimated SNRnl using the third ANN and true SNRnl 

as a function of fiber length for fixed launch powers of -3 dBm 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 simulative cases used for 

the training are similar to the experiment in the case of varying fiber length. 
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(a) 

 
(b) 

 
(c) 

Figure 4.6: Estimated SNRnl. Experiment with 11-channels, fiber length of 800 km, and varying 

launch powers using ANNs trained with extracted features from (a) ANC, (b) PNC, and (c) ANC 

and PNC. 
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The results for SNRnl can be used to obtain an estimate of the OSNR. The resultant error 

for OSNR estimation will be smaller compared to the error for SNRnl estimation since the 

ASE noise is normally larger than the nonlinear noise. The proposed method exhibits good 

performance with accurate estimates for different experimental scenarios even when the 

experimental cases are not the same as the training cases, which demonstrates the high 

generalization of the ANN. 

 

 
(a) 

 
(b) 

Figure 4.7: Estimated SNRnl using ANNs trained with extracted features from ANC and PNC. 

Experiment with 11-channels, varying fiber lengths, and launch powers of (a) -3 dBm and (b) -4 

dBm. 
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4.4.3 Nonlinear Noise Estimation Results Using Regression 

Figures 4.8(a), (b), and (c) compare the estimates of SNRnl using the ANN, 2nd order 

polynomial regression (REG2), and 3rd order polynomial regression (REG3) methods for 

varying launch power and fiber length. For all cases, the ANN method outperforms the 

regression method. Since both methods were not trained for the case of variable launch 

powers, the poor estimates of SNRnl using the polynomial regression method (Figure 4.8(a)) 

demonstrate that this method is unable to build a generalized model. As a result, the model 

does not yield accurate estimates for experimental data for system configurations that were 

not included in the training. While good estimates are obtained for 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 powers of -3 dBm and -4 dBm 

(Figures 4.8(b) and (c), respectively), the estimation results for the third order regression 

model exhibit better performance than the second order regression model. Since the sets 

for this experimental validation have the same fiber length and number of WDM channels 

as the training, given the results in Table III, it is expected that the regression model exhibit 

smaller estimation error than the first validation case with varying launch power. The larger 

estimation error for regression in this case compared to the ANN is due to the fact that the 

experimental validation employs different launch powers compared to the training. The 

difference in launch powers results in a larger estimation error for the regression method, 

due to the poor generalization. The process of optimizing the weights and biases in the 

ANN and employing the nonlinear logistic sigmoid function as a transfer function for each 

neuron leads to a generalized model and estimation accuracy that outperforms the 

polynomial regression method in the simulative and experimental validation cases. 
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(a) 

 
(b) 

 
(c) 

Figure 4.8: Estimated SNRnl using ANN and polynomial regression model. Experiment with 11-

channels, (a) varying launch power for a fiber length of 800 km, and varying fiber length for 

launch powers of (b) -3 dBm, (c) -4 dBm. 
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4.5 Summary 

In this chapter, a method has been presented for estimating the SNRnl 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 

have been used as inputs to the estimator. The generalized model achieved after training 

the ANN with simulative cases is able to perform accurate estimation even for experimental 

cases, which are not explicitly embodied by the training. 

  



Chapter 1 

 

Chapter 4. Nonlinear Signal-to-Noise Ratio Estimation Using Artificial Neural Networks 

129 

References 

 “Cisco visual networking index: Forecast and methodology, 2016-2021,” Cisco 

White Paper, 2017 [Online]. Available: 

https://www.cisco.com/c/en/us/solutions/collateral/service-provider/visual-

networking-index-vni/complete-white-paper-c11-481360.pdf. 

[2] K. Roberts, Q. Zhuge, I. Monga, S. Gareau, and C. Laperle, “Beyond 100 Gb/s: 

Capacity, flexibility, and network optimization,” J. Opt. Commun. Netw., vol. 9, 

no. 4, pp. C12–24, Apr. 2017. 

[3] F. N. Khan, C. Lu, and A. P. T. Lau, “Machine learning methods for optical 

communication systems,” in Advanced Photon. Congr., New Orleans, LA, USA, 

2017, SpW2F.3. 

[4] M. C. Tan, F. N. Khan, W. H. Al-Arashi, Y. Zhou, and A. P. T. Lau, “Simultaneous 

optical performance monitoring and modulation format/bit-rate identification using 

principal component analysis,” J. Opt. Commun. Netw., vol. 6, no. 5, pp. 441–448, 

May 2014. 

[5] E. Ip, P. Ji, E. Mateo, Y. K. Huang, L. Xu, D. Qian, N. Bai, and T. Wang, “100G 

and beyond transmission technologies for evolving optical networks and relevant 

physical-layer issues,” Proc. IEEE, vol. 100, no. 5, pp. 1065–1078, Mar. 2012. 

[6] M. Reimer, M. O’Sullivan, Q. Zhuge, S. Oveis Gharan, A. Borowiec, L. Berg, and 

P. Mehta, “Prospects for real-time compensation of fiber nonlinearities,” in Eur. 

Conf. Opt. Commun., Dusseldorf, Germany, 2016, Tu.3.B.1. 

[7] Y. Zhao, L. Dou, Z. Tao, T. Hoshida, and J. C. Rasmussen, “Accurate nonlinear 

model beyond nonlinear noise power estimation,” in Opto-Electron. Commun. 

Conf., Shanghai, China, 2015. 

[8] P. Jennevé, P. Ramantanis, N. Dubreuil, F. Boitier, P. Layec, and S. Bigo, 

“Measurement of optical nonlinear distortions and their uncertainties in coherent 

systems,” J. Lightw. Technol., vol. 35, no. 24, pp. 5432–5439, Dec. 2017. 

[9] A. S. Kashi, Q. Zhuge, J. C. Cartledge, A. Borowiec, D. Charlton, C. Laperle, and 

M. O’Sullivan, “Artificial neural networks for fiber nonlinear noise estimation,” in 

Asia Commun. Photon. Conf., Guangzhou, Guangdong China, 2017, Su1B.6. 

[10] D. Zibar and C. Schaffer, “Machine learning concepts in coherent optical 

communication systems,” in Advanced Photon. Commun., San Diego, CA, USA, 

2014, ST2D.1. 

[11] S. Russell and P. Norvig, Artificial Intelligence A Modern Approach, 3rd ed. 

Upper Saddle River, NJ, USA: Prentice Hall Press, 2009, pp. 693–767. 

[12] M. S. Faruk and K. Kikuchi, “Monitoring of optical signal-to-noise ratio using 

statistical moments of adaptive-equalizer output in coherent optical receivers,” in 

Opto-Electron. Commun. Conf., 2011, pp. 233–234. 

[13] R. Schmogrow, B. Nebendahl, M. Winter, A. Josten, D. Hillerkuss, S. Koenig, J. 

Meyer, M. Dreschmann, M. Huebner, C. Koos, J. Becker, W. Freude, and J. 

Leuthold, “Error vector magnitude as a performance measure for advanced 

https://www.cisco.com/c/en/us/solutions/collateral/service-provider/visual-networking-index-vni/complete-white-paper-c11-481360.pdf
https://www.cisco.com/c/en/us/solutions/collateral/service-provider/visual-networking-index-vni/complete-white-paper-c11-481360.pdf


Chapter 1 

 

Chapter 4. Nonlinear Signal-to-Noise Ratio Estimation Using Artificial Neural Networks 

130 

modulation formats,” IEEE Photon. Technol. Lett., vol. 24, no. 1, pp. 61–63, Jan. 

2012. 

[14] C. Do, A. V. Tran, C. Zhu, D. Hewitt, and E. Skafidas, “Data-aided OSNR 

estimation for QPSK and 16-QAM coherent optical system,” IEEE Photon. J., vol. 

5, no. 5, p. 6601609, Oct. 2013. 

[15] S. Oda, J. Y. Yang, Y. Akasaka, K. Sone, Y. Aoki, M. Sekiya, and J. C. 

Rasmussen, “In-band OSNR monitor using an optical bandpass filter and optical 

power measurements for superchannel signals,” in Eur. Conf. Opt. Commun., 

London, UK, 2013, P.3.12. 

[16] A. Ahsan, M. S. Wang, M. R. Chitgarha, D. C. Kilper, A. E. Willner, and K. 

Bergman, “Autonomous OSNR monitoring and cross-layer control in a mixed bit-

rate and modulation format system using pilot tones,” in Advanced Photon. 

Commun., San Diego, CA, USA, 2014, NT4C.3. 

[17] D. C. Kilper, R. Bach, D. J. Blumenthal, D. Einstein, T. Landolsi, L. Ostar, M. 

Preiss, and A. E. Willner, “Optical performance monitoring,” J. Lightw. Technol., 

vol. 22, no. 1, pp. 294–304, Jan. 2004. 

[18] J. A. Jargon, X. Wu, and A. E. Willner, “Optical performance monitoring by use 

of artificial neural networks trained with parameters derived from delay-tap 

asynchronous sampling,” in Opt. Fiber Commun. Conf., San Diego, CA, USA, 

2009, OThH1. 

[19] F. N. Khan, Y. Yu, M. C. Tan, C. Yu, A. P. T. Lau, and C. Lu, “Simultaneous 

OSNR monitoring and modulation format identification using asynchronous single 

channel sampling,” in Asia Commun. Photon. Conf., Hong Kong, Hong Kong, 

2015, AS4F.6. 

[20] F. N. Khan, Y. Yu, M. C. Tan, W. H. Al-Arashi, C. Yu, A. P. T. Lau, and C. Lu, 

“Experimental demonstration of joint OSNR monitoring and modulation format 

identification using asynchronous single channel sampling,” Opt. Express, vol. 23, 

no. 23, pp. 30337–30346, Nov. 2015. 

[21] T. Tanimura, T. Hoshida, J. C. Rasmussen, M. Suzuki, and H. Morikawa, “OSNR 

monitoring by deep neural networks trained with asynchronously sampled data,” in 

Opto-Electron. Commun. Conf., Niigata, Japan, 2016, TuB3-5. 

[22] F. N. Khan, K. Zhong, X. Zhou, W. H. Al-Arashi, C. Yu, C. Lu, and A. P. T. Lau, 

“Joint OSNR monitoring and modulation format identification in digital coherent 

receivers using deep neural networks,” Opt. Express, vol. 25, no. 15, pp. 17767–

17776, Jul. 2017. 

[23] Z. Dong, A. P. T. Lau, and C. Lu, “OSNR monitoring for QPSK and 16-QAM 

systems in presence of fiber nonlinearities for digital coherent receivers,” Opt. 

Express, vol. 20, no. 17, pp. 19520–19534, Aug. 2012. 

[24] H. G. Choi, J. H. Chang, H. Kim, and Y. C. Chung, “Nonlinearity-tolerant OSNR 

estimation technique for coherent optical systems,” in Opt. Fiber Commun. Conf., 

Los Angeles, CA, USA, 2015, W4D.2. 



Chapter 1 

 

Chapter 4. Nonlinear Signal-to-Noise Ratio Estimation Using Artificial Neural Networks 

131 

[25] J. Thrane, J. Wass, M. Piels, J. C. M. Diniz, R. Jones, and D. Zibar, “Machine 

learning techniques for optical performance monitoring from directly detected 

PDM-QAM signals,” J. Lightw. Technol., vol. 35, no. 4, pp. 868–875, Feb. 2017. 

[26] A. S. Kashi, Q. Zhuge, J. C. Cartledge, A. Borowiec, D. Charlton, C. Laperle, and 

M. O’Sullivan, “Fiber nonlinear noise-to-signal ratio monitoring using artificial 

neural networks,” in Eur. Conf. Opt. Commun., Gothenburg, Sweden, 2017, 

M.2.F.2. 

[27] A. S. Kashi, Q. Zhuge, J. C. Cartledge, S. A. Etemad, A. Borowiec, D. Charlton, 

C. Laperle, and M. O’Sullivan, “Nonlinear signal-to-noise ratio estimation in 

coherent optical fiber transmission systems using artificial neural networks,” J. 

Lightw. Technol., vol. 36, no. 23, pp. 5424–5431, Dec. 2018. 

[28] A. Carena, G. Bosco, V. Curri, Y. Jiang, P. Poggiolini, and F. Forghieri, “EGN 

model for nonlinear fiber propagation,” Opt. Express, vol. 22, no. 13, pp. 16335–

16362, June 2014. 

[29] R. Dar, M. Feder, A. Mecozzi, and M. Shtaif, “Properties of nonlinear noise in 

long, dispersion-uncompensated fiber links,” Opt. Express, vol. 21, no. 22, pp. 

25685–25699, Oct. 2013. 

[30] T. Fehenberger, M. Mazur, T. A. Eriksson, M. Karlsson, and N. Hanik, 

“Experimental analysis of correlations in the nonlinear phase noise in optical fiber 

systems,” in Eur. Conf. Opt. Commun., Dusseldorf, Germany, 2016, W.1.D.4. 

[31] E. Grellier and A. Bononi, “Quality parameter for coherent transmissions with 

Gaussian-distributed nonlinear noise,” Opt. Express, vol. 19, no. 13, pp. 12781–

12788, June 2011.



 

 132 

 

 

 

Shaping Distribution Identification 

Using Artificial Neural Networks 

for Rate-Adaptive Probabilistically 

Shaped 64-QAM 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 provision optical 

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

                                                 

* This chapter is compiled from material extracted from manuscript titled “Extending a nonlinear SNR 

estimator to include shaping distribution identification for probabilistically shaped 64-QAM signals”, which 

accepted for publication in the Journal of Lightwave Technology, Apr. 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 deliver optimal 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 

rate-adaption for next generation 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 signal-to-noise ratio (SNR). In 

addition, the ability to tune the PMF of the symbols enables rate-adaption by providing 

adjustable delivered data rates with arbitrary granularity. In that regard, a common 

optimized input distribution that maximizes the achievable information rate is the shaped 

input from the family of Maxwell-Boltzmann (MB) distributions, which deliver near 

optimal shaping gain under a given SNR constraint [4]. Discrete quadrature amplitude 

modulation (QAM) constellations can be probabilistically shaped (PS) using a constant 

composition distribution matcher (CCDM) [5], [6]. Recently, attention has been directed 

toward low-complexity, parallel implementations of a distribution matcher [7]–[11]. 

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 de-matcher recovers the original data bits from the shaped symbols knowing 

the MB distribution. Accordingly, the ability to autonomously identify various shaping 

distributions is of interest. Since an exhaustive search for the correct shaping distribution, 

even for the case of a pre-determined set of the shaping distributions, requires considerable 

computation time due to the iterative framework for optimizing certain parameters in the 
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distribution de-matcher. 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 shaping on 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) 

technique employing an artificial neural network (ANN), trained with the amplitude noise 

covariance [12] and phase noise correlation [13] of the received symbols, to estimate the 

nonlinear signal-to-noise ratio (SNRnl). 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 transmission. By estimating SNRnl and nonlinear system coefficients 

using an ANN, the shaping distribution can be blindly identified, thereby allowing the de-

matcher to recover the transmitted bits. Real-time information about the shaping 

distribution, combined with information 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. 

Compared 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 in [15] that employs an iterative expectation maximization algorithm, the 

procedure for shaping distribution identification using a trained ANN is non-iterative, 

which is beneficial for elastic optical networks for which the modulation formats and 
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shaping distributions dynamically change. Here the objective is to simultaneously estimate 

SNRnl, as a performance metric of practical interest itself, and to identify the shaping 

distribution. To just identify the shaping distribution, alternative methods are certainly of 

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 each QAM constellation is calculated based on one-dimensional (1-D) MB distributions 

for the in-phase and quadrature components. The input symbols X are complex QAM 

symbols that take on values in X͂ = { x1,  x2,  . . .  , xm } according to the PMF PX. m denotes 

the cardinality of the constellation X͂. Denoting a positive scalar scaling factor by ρ, the 

constellation X is normalized to unit energy such that   𝔼[|𝜌𝐗|2] = 1, where 𝔼 denotes 

expectation. 

The two-dimensional (2-D) MB PMF is given by: 

𝑃𝑋(𝑥𝑖) =  
1

∑  𝑒−𝜐|𝑥𝑗|
2

𝑚
𝑗=1

 𝑒−𝜐|𝑥𝑖|
2
 , (5.1) 

where ν is a parameter which specifies the distribution. For each value of ν, a different 

constellation scaling factor ρ is calculated. 

The frequency domain model presented in [17] and [18] was used for characterizing the 

properties of the nonlinear interference noise (NLIN). It allows the specific properties of 

the shaped distribution to be included in the generation of the NLIN. Thus, an accurate 
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representation of modulation-dependent nonlinear effects is obtained. Assuming that all 

wavelength division multiplexed (WDM) channels have the same average launch power 

Ptx and modulation format, the NLIN variance can be expressed as [3]: 

𝜎𝑁𝐿𝐼
2  =  𝑃𝑡𝑥

3  [ 𝜒0 + (𝜇4 − 2). 𝜒4 + (𝜇4 − 2)
2. 𝜒4

′  + 𝜇6. 𝜒6 ], (5.2) 

where the real coefficients χ 0  , χ 4  , χ 4́ , and χ 6  are functions of the transmitted pulse shape 

and fiber parameters that represent contributions due to intra- and inter-channel fiber 

nonlinearities. The notation in [3] has been used, which is the result of re-arranging 

equations in [17] and [19] to demonstrate the relationship between the nonlinear 

coefficients and the shaping distribution. Here, the four coefficients are referred to as the 

nonlinear coefficients of the system. Shaping distribution of the channel input X is 

represented by the standardized moments µ4 and µ6, which are defined by: 

𝜇𝑘 =  
𝔼[|𝑿 − 𝔼[𝑿]|𝑘]

(𝔼[|𝑿 − 𝔼[𝑿]|2])
𝑘
2

 . (5.3) 

The appearance of µ4 and µ6 in (5.2) directly reflects the dependence of SNRnl on the 

shaping distribution. Figure 5.1(a) shows the standardized moments µ4 and µ6 for different 

PMFs for a dual polarization (DP) PS 64-QAM signal. Different shaping distributions were 

achieved by changing ν in the MB PMF as described by (5.1). Following [20], by adjusting 

the PMFs of the symbols, seven bit rates were defined for a symbol rate 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 CEs in bits per 2-D 64-QAM symbol (single 



  

 

Chapter 5. Shaping Distribution Identification Using Artificial Neural Networks for Rate-

Adaptive Probabilistically Shaped 64-QAM Signals 

137 

polarization), values of ν in the MB distribution, and the information bit rate of the seven 

shaping distributions P1, P2, P3, P4, P5, P6, and P7 are provided in Table 5.1. 

 

 

 

(a) 

 

(b) 

Figure 5.1: (a) Fourth and sixth order standardized moments (µ4 and µ6) for different shaping 

distributions for 64-QAM, and (b) the corresponding 1-D PMFs. 
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The values of µ4 and µ6 corresponding to the seven distributions are shown by the 

symbols in Figure 5.1(a). Figure 5.1(b) shows the 1-D PMFs for the selected values of ν, 

which were calculated using (5.1) by considering that the PMF for each 2-D PS 64-QAM 

constellation is the product of two 1-D PMFs of 8-ary pulse amplitude modulation symbols 

that represent the in-phase and quadrature components. 

The impact of the shaping distribution for DP PS 64-QAM on NLIN is illustrated in 

Figure 5.2 in terms of the dependence of SNRnl on the parameter ν in the MB distribution. 

SNRnl was calculated using (5.2) for a 32 Gbaud DP 64-QAM signal with root-raised-

cosine (RRC) pulse shape with a roll-off factor of 0.14, 11 WDM channels with 50 GHz 

channel spacing, and transmission distance of 880 km with a per-channel launch power of 

0.5 dBm. The values of the nonlinear coefficients χ 0 , χ 4 , χ 4́ ,  and χ 6  corresponding to this 

application case are given in Table 5.2 as calculated using the Matlab code provided in 

[19]. The values of µ4 and µ6 in (5.2) were calculated for different shaping distributions 

that were achieved by changing ν in (5.1) from 0 to 10. Figure 5.2 demonstrates that an 

increase in ν (stronger shaping), which corresponds to an increase in µ4 and µ6, results in a 

larger NLIN (smaller SNRnl) compared to the uniform constellation. 

Table 5.1: Shaping distributions adopted in the simulation. 

Modulation Format DP PS 64-QAM DP 64-QAM 

Shaping Distribution P1 P2 P3 P4 P5 P6 P7 

CE (Bits/2-D Symbol) 4.33 4.54 4.75 4.96 5.17 5.59 6 

ν in MB Distribution 10.6×10-2 9.1×10-2 7.8×10-2 6.6×10-2 5.5×10-2 3.4×10-2 0 

Bit Rate (Gb/s) 200 212.5 225 237.5 250 275 300 
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5.3 Nonlinear Noise Monitoring in Rate-Adaptive Systems 

Using Artificial 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]. Denoting ∆AX(k) (and ∆AY(k)) and ∆θX(k) (and ∆θY(k)) as 

the amplitude and phase noise of the kth received symbol for the X-polarization (and Y-

polarization) signal (as described in (4.1) and (4.2)), the ANC and PNC can be obtained 

from: 

 

Figure 5.2: SNRnl versus the shaping distributions. 

 

Table 5.2: Nonlinear coefficients in (5.2). 

Nonlinear Coefficient χ 0  χ 4  χ 4́  χ 6  

Value 0.90 ×104 W-2 0.35 ×104 W-2 -0.91 ×104 W-2 0.95 ×104 W-2 
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𝐴𝑁𝐶𝑖𝑗(𝑚) = 𝑐𝑜𝑣 (∆𝐴𝑖(𝑘), ∆𝐴𝑗(𝑘 +𝑚)), 

𝑃𝑁𝐶𝑖𝑗(𝑚) = 𝑐𝑜𝑟𝑟 (∆𝜃𝑖(𝑘), ∆𝜃𝑗(𝑘 + 𝑚)), 

  𝑖 𝑎𝑛𝑑 𝑗 ∈ {𝑋, 𝑌}. 

(5.4) 

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 instances of the 

extracted features (based on ANC and PNC) and link conditions (chromatic dispersion 

(CD) and number of WDM channels (nWDM)) for the known true SNRnl. Finally, the 

trained ANN was used to estimate the SNRnl in new application cases. 

5.3.1 Simulation Setup 

To obtain the examples required to train the ANN, simulations were performed for a 32 

Gbaud DP PS 64-QAM signal with RRC pulse shaping with a roll-off factor of 0.14, 

various numbers of WDM channels (with 50 GHz channel spacing), shaping distributions, 

and transmission distances over standard single mode fiber (SSMF) at a per-channel 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 

and PNC were 217. 

 

To reduce the computational load associated with full system-level, split-step Fourier 

simulations, a simplified nonlinear model was used that comprised signal generation, signal 

impairment due to intra- and inter-channel fiber nonlinearities, and simplified 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 64-QAM signal were generated using a 

CCDM. Assuming 20% forward error correction (FEC) overhead (low-density parity-

check codes) and 28% total overhead to accommodate additional protocol and framing 

overhead, target bit rates shown in Table 5.3 were obtained using the different shaping 

distributions [20], [22]. 

 

Table 5.3: Simulation parameters. 

Distance (km) 320, 400, 480, 560, 640, 720, 800, 880, 960, 1040, 1120, 1200 

WDM Channels 1, 3, 5, 7, 9, 11 

Modulation Format DP PS 64-QAM DP 64-QAM 

Bit Rate (Gb/s) 
P1 P2 P3 P4 P5 P6 P7 

200 212.5 225 237.5 250 275 300 

 

Figure 5.3: Block diagram of simplified nonlinear transmission model. 
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Self-phase modulation (SPM), intra-channel cross-phase modulation (IXPM), and intra-

channel four-wave 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 X-polarization signal (𝐴0,𝑥
𝑁𝐿 ) takes the following form: 

𝐴0,𝑥
𝑁𝐿 = (𝐴0,𝑥 + Δ𝐴𝑥)𝑒

𝑗Δ𝜙𝑥 . (5.5) 

The nonlinear phase Δϕ0,x and amplitude ΔA0,x perturbations are obtained as: 

Δ𝜙𝑥 = 𝑃0𝐼𝑚 [ ∑ (2|𝐴𝑚,𝑥|
2
+ |𝐴𝑚,𝑦|

2
)𝐶𝑚,0𝑚≠0 , 

+(|𝐴0,𝑥|
2
+ |𝐴0,𝑦|

2
)𝐶0,0] 

Δ𝐴𝑥 = 𝑃𝑜
3/2∑ (𝐴𝑛,𝑥𝐴𝑚+𝑛,𝑥

∗
𝑚 ≠0,𝑛≠0 𝐴𝑚,𝑥 +  𝐴𝑛,𝑦𝐴𝑚+𝑛,𝑦

∗ 𝐴𝑚.𝑥)𝐶𝑚,𝑛, 

(5.6) 

with P0, Am,x and Am,y, and Cm,n being the launch power, symbol sequences for the X- and 

Y-polarization signals, and nonlinear perturbation coefficients, respectively. m and n are 

time indices. Similar equations can be formulated for the Y-polarization signal and 

different time indices. For a given distance L, an arbitrary pulse shape, and assuming 

matched filtering, the normalized nonlinear coefficients are: 

𝐶𝑚,𝑛 = 𝑗
8

9
𝛾 ∫  ∫ 𝐴∗(𝑧, 𝑡)𝐴(𝑧, 𝑡 − 𝑚𝑇)𝐴(𝑧, 𝑡 − 𝑛𝑇)

∞

−∞

𝐿

0

 

𝐴∗(𝑧, 𝑡 − 𝑚𝑇 − 𝑛𝑇)𝑓(𝑧)𝑑𝑡𝑑𝑧, 

(5.7) 

where γ is the nonlinear coefficient, f(z) = exp(-α mod(z, Lspan)) is the power profile along 

the link, α is the fiber attenuation coefficient, Lspan is the span length, and A(z,t) is the 

dispersed pulse shape at distance z. 
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Inter-channel XPM was calculated based on 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 Jones vector E(t). A time-varying 

XPM matrix R(t) that depends on the number of WDM channels was then used to rotate 

the resultant waveform vector [21], [24]: 

𝑬𝒐𝒖𝒕(𝒕) = 𝑅(𝑡)𝑬𝒊𝒏(𝒕). (5.8) 

Finally, the signal was passed through a simplified DSP chain including matched 

filtering, signal normalization, clock recovery, and down sampling. Results previously 

obtained using the simplified nonlinear algorithm have been shown to be in good 

agreement with those obtained using the split-step Fourier algorithm [21], [25]. 

In addition to the normalization imposed on the input 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 alternative, constellation-independent 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 in 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 P1, P2, P3, P4, P5, P6, and P7. This encompasses the outer three rings of an ideal 

64-QAM constellation. The signal sample values were normalized such that the average 

amplitude coincided with that for an ideal 64-QAM constellation. Figure 5.4(a) shows the 

ideal reference 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 amplitude. 

Figure 5.4(c) shows the resultant scaled sample values and the reference 64-QAM 

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 64-QAM with a CE of 4.96 bits/2-D symbol 

(P4), 11 WDM channels, transmission over 880 km, and an OSNR of 27 dB (noise 

bandwidth of 0.1 nm, SNRnl = 19 dB), the constellation-independent 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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(a) 

 
(b) 

 
(c) 

Figure 5.4: Constellation diagram of (a) reference QAM symbols, (b) received symbols before 

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 simulations for 504 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 as SNRnl when changing the system configuration such as fiber 

length and number of WDM channels. In addition, the impact of constellation shaping on 

SNRnl should be captured by these features. Figure 5.5 illustrates simulation results for true 

SNRnl and for the cumulative summation of ANCXX and PNCXX, denoted by RXX and PXX 

and described by: 

𝑅𝑋𝑋 = 10 log10(1  ∑ |𝐴𝑁𝐶𝑋𝑋(𝑚)|
6
𝑚=1⁄ ),  

𝑃𝑋𝑋 = 10 log10(1  ∑ |𝑃𝑁𝐶𝑋𝑋(𝑚)|
30
𝑚=1⁄ ). 

(5.9) 

 

 

Figure 5.5: True SNRnl, RXX, and PXX versus the shaping distributions and fiber length for single 

channel transmission. 
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The results are for the application case of a single DP PS 64-QAM channel, five 

different shaping distributions (P1 to P5), and transmission over different lengths of fiber. 

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 results for RXX and PXX are 

offset by +12 and -12 dB, respectively, for clarity. RXX and PXX are representative of SNRnl, 

exhibiting similar variation with changes to the system configuration and shaping 

distribution. However, direct mapping from them to SNRnl is not possible [13]. The metrics 

RXX and PXX as described by (5.9), RXY and PXY as described by (5.10), the net CD, and the 

nWDM were used as inputs to an ANN. 

𝑅𝑋𝑌 = 10 log10(1  |𝐴𝑁𝐶𝑋𝑌(0)|⁄ ),  

𝑃𝑋𝑌 = 10 log10(1  |𝑃𝑁𝐶𝑋𝑌(0)|⁄ ). 
(5.10) 

The feed-forward 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 Network toolbox. The logistic sigmoid and linear functions were used as 

activation functions for the hidden and output layers, respectively. Several simulations 

were carried out to determine the optimal parameters for the ANN that provided the best 

performance. In the training phase, the Bayesian regularization learning algorithm updated 

the values of weights and biases for each layer iteratively [26]. The Levenberg-Marquardt 

optimization method was used to minimize a linear combination of weights and squared 

errors [26] (the error was calculated 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 application cases in Table 

5.3 paired with their corresponding target outputs (true SNRnl) were passed to the ANN. 

The main goal of the training was to construct a generalized mapping, which allows the 

model to estimate the correct SNRnl for new data sets that are distinct 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 from 400 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 comparing the estimated outputs with the true values 

of SNRnl. Figure 5.6(a) shows the normalized root-mean-square-error (NRMSE) during the 

training and testing phases as a function of number of epochs or training iterations. During 

the course of training, the NRMSE decreases as number of epochs increases and the process 

was aborted after 175 epochs with an NRMSE of 0.06% for the training data sets and 0.07% 

for the testing data sets, as the step size for the Levenberg-Marquardt optimization method 

reached its minimum 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 252 application 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 the ASE noise 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 realistically represent practical systems. 

Figure 5.6(b) shows the probability density functions of the normalized estimation errors 

for the training, testing, and validation phases. The resultant NRMSE in the validation phase 

is 0.11%, which demonstrates the negligible effect of ASE noise on the estimation 

performance by comparing NRMSE for the validation and testing phases. 

The effect of the shaping distribution on the accuracy of SNRnl estimation for each CE 

was investigated for 100 trials of the ANN. A trial is the process 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 selected based on the criteria described above. Figure 

5.6(c) shows the mean and standard deviation  (error bars indicate ) of NRMSE for the 

training, testing, and validation phases for each of the shaping distributions. The results 

indicate that NRMSE in estimating SNRnl is not affected by the shaping distribution. The 

generalized model based on the ANN is able to estimate SNRnl for rate-adaptive DP PS 64-

QAM transmission systems. 
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(a) 

 
(b) 

 
(c) 

Figure 5.6: The ANN SNRnl, (a) performance during training and testing phases, (b) histogram 

of normalized error for training, testing, and validation phases, (c) performance for each of the 

shaping distributions. 
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5.4 Shaping Distribution Identification in System Employs 

Probabilistically Shaped 64-QAM 

In this section, the estimates of SNRnl, as a performance metric of practical interest, was 

used to identify the shaping distribution. In order to identify the shaping distribution, or 

estimate the standardized moments as described by (5.2), the nonlinear coefficients χ 0 , χ 4 , 

χ 4́ ,  and χ 6 , in addition to SNRnl 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 SNRnl 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 provided 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 lowest NRMSE was 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.  

 
Figure 5.7: Proposed block diagram for the shaping distribution identification. 

ANN 

RXX 

RXY 

PXX 

PXY 

nWDM 

CD 

χ4 

SNRnl (𝑃𝑡𝑥 𝜎𝑁𝐿𝐼
2⁄ ) 

χ0 

χ 4́ 

χ6 
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The next step toward identifying the shaping distribution is to use the estimated SNRnl 

and nonlinear coefficients in order to characterize the standardized moments. Using the 

estimation results of the ANN and re-writing (5.2) based on unknown µ4 and µ6, the 

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

𝜇6𝜒6
𝑒𝑠𝑡 − (𝜇4 − 2). 𝜒4

𝑒𝑠𝑡 + (𝜇4 − 2)
2. 𝜒4

′𝑒𝑠𝑡

= [ 𝜒0
𝑒𝑠𝑡 − 1 (𝑆𝑁𝑅𝑛𝑙

𝑒𝑠𝑡 . 𝑃𝑡𝑥
2 )⁄ ]. 

(5.11) 

The average transmitted power for all WDM channels (Ptx in (5.2) and (5.11)) is 

assumed fixed and known for the system. In order to estimate standardized moments and 

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 changing ν in the MB PMF (5.1)) was calculated. Figure 5.8 illustrates the 

procedure for calculating the standardized moments for the application case of DP PS 64-

QAM with CE equal to 4.96 bits/2-D symbol (P4), 11 WDM channels, and transmission 

over 880 km of SSMF fiber. The red curve in Figure 5.8 is the true µ6 – µ4 curve calculated 

Table 5.4: ANN performance. 

Outputs 
Training 

NRMSE 

Testing 

NRMSE 

Validation 

NRMSE 

SNRnl 0.07% 0.10% 0.13% 

χ 0  0.03% 0.04% 0.05% 

χ 4  0.06% 0.10% 0.11% 

χ 4́ 0.08% 0.08% 0.08% 

χ 6  0.18% 0.17% 0.16% 
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from (5.11) using the true values of the nonlinear coefficients and SNRnl. The dashed blue 

curve is the estimated µ6 – µ4 curve obtained from (5.11) using the estimated values from 

the ANN. The estimation errors for the standardized moments are indicated by the 

horizontal and vertical distances between the intercept points of the reference curve, 

obtained by changing ν in the MB distribution (shown in black), with the true and estimated 

µ6 – µ4 curves. 

 

 

 

Figure 5.8: Procedure for standardized moment estimation for DP PS 64-QAM with CE of 4.96 

bits/2-D symbol, 11 WDM channels, and transmission over 880 km of SSMF. 



  

 

Chapter 5. Shaping Distribution Identification Using Artificial Neural Networks for Rate-

Adaptive Probabilistically Shaped 64-QAM Signals 

154 

With the shaping distributions for 64-QAM format being limited to seven MB PMFs, 

the solution to (5.11) should only yield the specific values of µ4 and µ6 corresponding to 

those distributions. The shaping distributions were identified based on the values of (µ4, 

µ6) for the reference curve that were the minimum distance from the estimated values of 

(µ4, µ6). 

In order to evaluate the performance of the proposed technique in identifying the 

shaping distributions, three different scenarios based on different granularities 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 Gb/s with 25 Gb/s granularity (P1, P3, P5, P6, P7) 

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 (P1, P2, P3, P4, P5) were used for the training, testing, and validation in the 

second scenario. Since the values of (µ4, µ6) 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 previous 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 

application 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 identification results 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 of higher 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/s (Table 5.5). The second scenario with a bit rate granularity 

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 77% for the shaping distributions P1 to P7. 

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 of (µ4, µ6), affects the identification performance since the ANN is less 

tolerant to estimation errors. 

Misidentification of the shaping distribution, would affect the operation of the 

distribution de-matcher and FEC decoder. The exact specification of the required success 

rate for any scenario would depend on the network architecture, the requirement of a 

particular system, and the procedure to handle the shaping distribution misidentification. 
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Table 5.5: Confusion matrix showing the performance of the first scenario in validation phase. 

  Identified Shaping Distribution  

  P1 P3 P5 P6 P7  

A
c
tu
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l 
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h
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tr
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ti
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n

 
P1 

98.72% 

±0.42% 

1.28% 

±0.42% 
0% 0% 0%  

P3 
3.36% 

±0.89% 

96.58% 

±0.92% 

0.05% 

±0.08% 
0% 0%  

P5 0% 
0.28% 

±0.21% 

99.72% 

±0.21% 
0% 0%  

P6 0% 0% 0% 100% 0%  

P7 0% 0% 0% 0% 100%  

 

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

phase. 

  Identified Shaping Distribution  

  P1 P2 P3 P4 P5  

A
ct

u
a
l 

S
h

a
p

in
g
 D
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tr
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u

ti
o
n

 

P1 
81.51% 

±0.77% 

17.66% 

±0.69% 

0.83% 

±0.26% 
0% 0%  

P2 
10.95% 

±0.84% 

79.76% 

±0.97% 

9.23% 

±0.91% 

0.07% 

±0.08% 
0%  

P3 0% 
3.14% 

±0.53% 

94.84% 

±0.81% 

2.02% 

±0.45% 
0%  

P4 0% 0% 
1.32% 

±0.43% 

98.64% 

±0.44% 

0.03% 

±0.06% 
 

P5 0% 0% 0% 
0.83% 

±0.30% 

99.17% 

±0.30% 
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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 total NRMSEs in the validation phase for µ4 and µ6 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 one, NRMSE is larger for µ6 compared to µ4, i.e., larger error on 

the vertical axis (µ6) than horizontal axes (µ4) in calculating the distance between the 

intercept points of the true and estimated µ6 – µ4 curves with the reference curve. 

Figure 5.9(b) shows the mean and standard deviation  (error bars indicate ) of 

NRMSE for the standardized moments in the validation phase of 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 for the SNRnl in Figure 5.6(c), 

Table 5.7: Confusion matrix showing the performance of the third scenario in validation phase. 

  Identified Shaping Distribution  

  P1 P2 P3 P4 P5 P6 P7  
A

c
tu

a
l 

S
h

a
p

in
g
 D

is
tr

ib
u

ti
o
n

 

P1 
83.41% 

±1.23% 

16.44% 

±1.23% 

0.15% 

±0.12% 
0% 0% 0% 0%  

P2 
20.72% 

±0.96% 

77.70% 

±0.97% 

1.58% 

±0.51% 
0% 0% 0% 0%  

P3 0% 
1.88 % 

±0.39% 

96.62% 

±0.60% 

1.50% 

±0.44% 
0% 0% 0%  

P4 0% 0% 
0.08% 

±0.09% 

94.97% 

±1.30% 

4.95% 

±1.28% 
0% 0%  

P5 0% 0% 0% 
2.18% 

±0.37% 

97.82% 

±0.37% 
0% 0%  

P6 0% 0% 0% 0% 0% 100% 0%  

P7 0% 0% 0% 0% 0% 0% 100%  

 



  

 

Chapter 5. Shaping Distribution Identification Using Artificial Neural Networks for Rate-

Adaptive Probabilistically Shaped 64-QAM Signals 

158 

the results shown in Figure 5.9(b) indicate that in estimating the standardized moments, 

NRMSE is not affected by the shaping distribution. 

Using a standard coherent receiver, the proposed method is able to identify different 

shaping distributions for DP PS 64-QAM signals. Once the shaping distribution is 

identified, the distribution de-matcher is able to blindly recover the original data bits from 

the shaped symbols. 

 

 

(a) 

 

(b) 

Figure 5.9: The standardized moments estimation, (a) normalized error distributions in the 

validation phase, (b) performance for each of the shaping distributions in the validation phase. 
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5.5 Summary 

In this chapter, a method has been presented for autonomously identifying the shaping 

distribution based on extracting the fourth and sixth order constellation moments from 

estimates of the nonlinear SNR and nonlinear coefficients for rate-adaptive DP PS 64-

QAM transmission systems. 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 have been used as inputs to the ANNs. 

The proposed technique employs estimates of the SNRnl and nonlinear coefficients of a 

system obtained from the ANN to extract the standardized constellation moments and 

hence identify the shaping distribution. The data used for training are obtained from a 

simplified Matlab simulation for a 32 Gbaud dual polarization PS 64-QAM signal 

considering seven different shaping distributions and a wide range of link configurations 

with varying fiber lengths and number of WDM channels. Using 756 input-output sets, a 

high accuracy is demonstrated for the training, testing, and validation phases for simulation 

data with a maximum NRMSE of 0.11% for estimating SNRnl. 

The accurate estimation of SNRnl for PS constellations allows the shaping distribution 

of the transmitted signal to be identified with high success rate ( 96%) for five shaping 

distributions corresponding to a bit rate granularity of 25 Gb/s and with somewhat lower 

success rate ( 79%) for five shaping distributions corresponding to a bit rate granularity 

of 12.5 Gb/s. 
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[6] G. Böcherer, “Probabilistic signal shaping for bit-metric decoding,” Proc. IEEE Int. 

Symp. Inf. Theory, Honolulu, HI, USA, pp. 431–435, 2014. 

[7] M. Pikus and W. Xu, "Bit-level probabilistically shaped coded modulation," IEEE 

Commun. Lett., vol. 21, no. 9, pp. 1929-1932, Sept. 2017. 

[8] Y. C. Gultekin, W. J. van Houtum, S. Serbetli, and F. M. Willems, “Constellation 

shaping for IEEE 802.11,” IEEE Annu. Int. Symp. Personal, Indoor, Mobile Radio 

Commun., Montreal, QC, Canada, 2017. 

[9] T. Yoshida, M. Karlsson, and E. Agrell, “Low-complexity variable-length output 

distribution matching with periodical distribution uniformalization,” Opt. Fiber 

Commun. Conf., San Diego, CA, USA, 2018, M4E.2. 

[10] P. Schulte and F. Steiner, “Divergence-optimal fixed-to-fixed length distribution 

matching with shell mapping,” IEEE Wireless Commun. Lett., DOI: 

10.1109/LWC.2018.2890595. 

[11] J. Cho, “Prefix-free code distribution matching for probabilistic constellation 

shaping,” Oct. 2018. [Online]. Available: https://arxiv.org/abs/1810.02411. 

[12] A. S. Kashi, Q. Zhuge, J. C. Cartledge, A. Borowiec, D. Charlton, C. Laperle, and 

M. O’Sullivan, “Fiber nonlinear noise-to-signal ratio monitoring using artificial 

neural networks,” in Eur. Conf. Opt. Commun., Gothenburg, Sweden, 2017, 

M.2.F.2. 

[13] A. S. Kashi, Q. Zhuge, J. C. Cartledge, S. A. Etemad, A. Borowiec, D. Charlton, 

C. Laperle, and M. O’Sullivan, “Nonlinear signal-to-noise ratio estimation in 

coherent optical fiber transmission systems using artificial neural networks,” J. 

Lightw. Technol., vol. 36, no. 23, pp. 5424–5431, Dec. 2018. 

[14] F. N. Khan, K. Zhong, X. Zhou, W. H. Al-Arashi, C. Yu, C. Lu, and A. P. T. Lau, 

"Joint OSNR monitoring and modulation format identification in digital coherent 

https://arxiv.org/abs/1810.02411


  

 

Chapter 5. Shaping Distribution Identification Using Artificial Neural Networks for Rate-

Adaptive Probabilistically Shaped 64-QAM Signals 

161 

receivers using deep neural networks,” Opt. Exp., vol. 25, no. 15, pp. 17767–17776, 

Jul. 2017. 

[15] F. Steiner, P. Schulte and G. Böcherer, "Blind decoding-metric estimation for 

probabilistic shaping via expectation maximization," Eur. Conf. Opt. Commun., 

Rome, Italy, 2018, Th1H.3. 
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Conclusion and Future Work 

6.1 Conclusion 

The primary objective of optical system design is to satisfy the ever-increasing capacity 

demand for communication services. To fulfill this target, several aspects of coherent 

transmission systems should be thoroughly explored and optimized. Furthermore, before 

an optical network can be subject to optimization, it first has to be observable. Accordingly, 

this would benefit the dynamic adaptation capabilities to provision optical routes, channel 

spectra, modulation formats, and bit rates envisioned for future optical networks. 

In this thesis, spectral and power efficient multi-dimensional modulation formats have 

been investigated. Joint optimization of a constellation over all DOFs, rather than applying 

independent modulation on each polarization, addresses the challenge of maximizing the 

spectral and power efficiency. Moreover, employing advanced modulation formats with 

the possibility of adjusting the distance between constellation points and the probability of 

symbols fulfills the requirement for flexibility to fine tune the spectral efficiency. 
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The main focus of the research presented in this thesis was the estimation and 

quantification of the impact of nonlinearities on measures of system performance beyond 

the BER, such as a measure of the spectral broadening due to the nonlinearity denoted as 

spectral edge power (SEP) and the estimation/calculation of the nonlinear signal-to-noise 

ratio denoted as SNRnl. Estimates of the nonlinear optical noise allow network control and 

management to estimate the operating regime of a link and use that information for network 

optimization and capacity estimation and maximization. Furthermore, using the estimate 

of nonlinear SNR and taking advantage of the unique properties of NLIN, the shaping 

distribution of rate-adaptive transmission systems was identified. 

In Chapter 1, modern optical fiber communications was introduced, and the challenges 

of next generation optical networks were reviewed. Then the original contributions and the 

structure of the thesis were summarized. 

In Chapter 2, the impact of intra- and inter-channel fiber nonlinearities on the spectrum 

of the received signal was experimentally investigated. The spectral broadening was 

quantified in terms of the SEP. The proposed metric can be used for capturing the effects 

of both fiber nonlinearities and amplified spontaneous emission noise. The measurement 

was done using balanced heterodyne detection and a gated microwave spectrum analyzer. 

The scenario was motivated by the idea of accurately measuring subtle changes in the 

spectrum without being affected by the quantization error of the ADCs on the digitalized 

sample values. The implications of intra- and inter-channel nonlinearity for 224 Gb/s single 

channel and 256 Gb/s 9-channel (with 37.5 GHz channel spacing ) DP 16-QAM systems 

were characterized and quantified in terms of SEP. It was shown that for cases without and 
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with perturbation-based pre-compensation for the signal distortion due to the Kerr effect, 

the same launch power minimizes both BER and SEP. 

In Chapter 3, multi-dimensional modulation formats, which provide granularity in terms 

of spectral efficiency, were studied. In this context, an experimental investigation to 

quantify the performance of SP 128-QAM in terms of the information rate was performed. 

Comparisons were also conducted between the SP 128-QAM and DP 16-QAM modulation 

formats with the same bit rate and the same symbol rate. The results showed improvements 

of 5.3% and 8.2% in the information rates for the SP 128-QAM format compared to the 

DP 16-QAM format at the same bit rate of 256 Gb/s and for transmission over 2100 km 

and 2700 km, respectively. 

In Chapter 4, a model for estimating the nonlinear noise variance was presented for the 

purpose of real-time optical performance monitoring in networks. The proposed model was 

trained for a 34.5 Gbaud DP 16-QAM signal with examples of practical system 

configurations in order to be able to estimate the desired information in test cases. 

Estimation was done using an ANN trained with the input features that represent the NLIN 

(ANC and PNC). The accuracy of the estimation was verified in simulations and 

experiments for a 34.5 Gbaud DP 16-QAM signal with system configurations that were 

distinct from the ones used for training. It was shown that the estimation accuracy of the 

generalized model obtained using ANN outperforms the polynomial regression method in 

the simulative and experimental validation cases. 

In Chapter 5, the dependence of the NLIN on the input symbol distribution was studied 

for rate-adaptive DP PS 64-QAM transmission systems. The dependence of the NLIN 

variance on the modulation format was used to estimate the shaping distribution of the 
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channel input. The proposed technique identifies the shaping distribution based on 

extracting the fourth and sixth order constellation moments from estimates of the SNRnl 

and system nonlinear coefficients from an ANN. The ANN was trained with data obtained 

from a simplified Matlab simulation for a 32 Gbaud dual polarization PS 64-QAM signal 

considering six different shaping distributions and a wide range of link configurations with 

varying fiber lengths and number of WDM channels. The shaping distribution of the 

transmitted signal was identified with the success rates of higher than 96% for five shaping 

distributions corresponding to a bit rate granularity of 25 Gb/s and greater than 79% for 

five shaping distributions corresponding to a bit rate granularity of 12.5 Gb/s. Increasing 

the number of shaping distributions to seven resulted in identification success rates greater 

than 77%. 

6.2 Future Work 

6.2.1 Experimental Validation of ANN Based Shaping Distribution 

Identification 

In the context of shaping distribution identification in rate-adaptive DP PS 64-QAM 

transmission systems, presented in Chapter 5, the next step is the experimental validation 

of the proposed method. In the simulation, the implication due to the nonlinearities was 

considered, but the other sources of distortion (such as imperfection of the transmitter and 

receiver, polarization effects) were not taken into account. As a result, the ANN was trained 

based on a condition that the only imperfection was the nonlinearities. This might lead to 

an increase in the estimation error for the experimental validation of the SNRnl and the 
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nonlinear coefficients of the system since the other sources of distortion affect the 

calculated features used as inputs to the ANN. Consequently, shaping distribution 

identification results would be affected. 

It would be beneficial to investigate the extent which the imperfection in the experiment 

affects the shaping distribution identification results and to explore possible solutions to 

increase the tolerance of the proposed estimator. One possible solution could be including 

more input features for training an ANN, which are robust to the above mentioned 

imperfections. Another possibility could be assessing the effect of different types of 

distortion, which could be deterministic (such as imperfection of the transmitter and 

receiver) or stochastic (such as polarization effects), on the estimation performance. It 

would be beneficial to differentiate between the different sources of distortion by 

characterizing the estimated output (SNRnl) or by adding a performance metric as an output 

to the ANN to quantify the effect of each type of distortion. 

6.2.2 Adaptive Nonlinearity Compensation for Probabilistically 

Shaped Constellation 

With the research moving toward development and employment of capacity achieving 

modulation schemes, such as probabilistic shaping, it is crucial to further investigate their 

performance in the nonlinear regime. This is because probabilistically shaped signals are 

more prone to the generation of the nonlinear phase noise due to their Gaussian shaped 

distribution [1], although they exhibit a shaping gain in the linear regime of operation. 

Since the Kerr fiber nonlinearity imposes the ultimate limit on capacity for optical 

communication systems, the development of digital compensation algorithms has been a 
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topic of extensive research. Taking into consideration the properties of the PS signal, a 

nonlinearity compensation technique such as perturbation based nonlinearity compensation 

[2], [3], can potentially introduce a selective and flexible compensation scheme with the 

reduced complexity compared to that for a uniform signal by applying the compensation 

to a specific set of constellation points with the highest probability. 

Using the property of the PS signal with unequal probabilities of occurrence for the 

constellation points, the nonlinearity compensation technique can be adjusted and applied 

selectively to a particular set of symbols with the specific range of probabilities selected 

based on the shaping distribution of the employed PS signal. The flexible nonlinearity 

compensation scheme will decrease the computational complexity of the nonlinearity 

compensation process and at the same time improve the performance. 
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Appendix A 

 

Detailed Specifications of the 

Components Used for Experimental 

Demonstrations 

Following is the list of equipment, components, and devices with their detail 

specifications that were used in each chapter for the experimental demonstrations. The list 

is sorted out based on the corresponding figure number that the experimental setup was 

shown. 
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Equipment/ 

Component/ 

Device 

Model Number Specification Figure 

MSA 

(microwave spectrum 

analyzer) 

Keysight N9030A 

PXA Signal Analyzer 

Frequency Range 

= 3 Hz – 50 GHz 
Figure 2.1 

Polarization Synthesizer 
Agilent N7786B 

Polarization Synthesizer 
 Figure 2.1 

Balanced Photo-

Detector 

Finisar 

BPDV2150R 
Bandwidth = 43 GHz Figure 2.1 

RF Amplifier 
SHF 804 EA (4711) 

Broadband Amplifier 

Bandwidth = 43 GHz 

Gain = 20 dB 
Figure 2.1 

AOM 

(acousto-optic 

modulator) 

Brimrose 

AMM-100-8-70-1550-

3FP/2FPnfs 

 

Figure 2.3 

Figure 2.9 

Figure 3.2 

Figure 3.11 

LSPS 

(loop synchronous 

polarization scrambler) 

Agilent N7786B 

Polarization Synthesizer 
 

Figure 2.3 

Figure 2.9 

Figure 3.2 

Figure 3.11 

EDFAs in loop 

(erbium doped fiber 

amplifier) 

Oclaro Pure Gain 2800 

Operating Wavelength Range : 

1529 nm – 1564 nm 

Gain Range : 16 dB – 28 dB 

Noise Figure = 5.5 dB 

Gain Control Mode 

Figure 2.3 

Figure 2.9 

Figure 3.2 

Figure 3.11 

OBPFs in loop 

(optical band-pass 

filter) 

OPLink 

OADMG2C25000214 
Bandwidth = 1.2 nm 

Figure 2.3 

Figure 2.9 

Figure 3.2 

Figure 3.11 

EDFA after transmitter 
Pritel 

LNHPFA-22 

Operating Wavelength Range : 

1528 nm – 1565 nm 

Maximum Output Power 

= 22 dBm 

Noise Figure < 5.0 dB 

Power Control Mode 

Figure 2.3 

Figure 2.9 

Figure 3.2 

Figure 3.11 

EDFA before receiver 

JDS Uniphase 

OAB Optical Amplifier 

OAB1558+22FA0 

MH000268 

Operating Wavelength Range : 
1528 nm – 1563 nm 

Maximum Output Power 

= 21 dBm 

Noise Figure = 5.5 dB 

Power Control Mode 

Figure 2.3 

Figure 2.9 

Figure 3.2 

Figure 3.11 

OBPF before receiver 
Waveshaper Filter 

Finisar 4000S 
Bandwidth = 0.6 nm 

Figure 2.3 

Figure 2.9 

Figure 3.2 

Figure 3.11 
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Equipment/ 

Component/ 

Device 

Model Number Specification Figure 

Coherent Receiver 

Optical Modulation 

Analyzer 

Agilent N4391A 

Optical Bandwidth = 40 GHz 

Figure 2.3 

Figure 3.2 

Figure 3.11 

Real-Time Oscilloscope 
Agilent 

DSO-X 90204A 

Bandwidth = 32 GHz 

Sampling Rate = 80 GSa/s 

Figure 2.3 

Figure 2.9 

Figure 3.2 

Figure 3.11 

OSA 

(optical spectrum 

analyzer) 

Advantest 

Q8384 

Wavelength Range :  

600 nm – 1700 nm 

Figure 2.3 

Figure 2.9 

Figure 3.2 

Figure 3.11 

Fiber 

SSMF 

Standard Single Mode 

Fiber 

Attenuation at 1550 nm 

= 0.2 dB/km 

Dispersion at 1550 nm 

= 17 ps/nm/km 

Figure 2.3 

Figure 2.9 

Figure 3.2 

Figure 3.11 

BPG 

(bit pattern generator) 

SHF 12103 A 

Dual-Band Multi-Channel 

BPG 

Data Outputs Bit Rate 

= 56 Gb/s 

Subrate Data Outputs Bit Rate 

= 28 – 32 Gb/s  

Figure 3.2 

Figure 3.4 

Signal Generator Anritsu MG3697C 
Frequency Coverage Range :  

2 GHz – 67 GHz 

Figure 3.2 

Figure 3.4 

DAC 

(digital-to-analog 

converter) 

SHF 611A 

3-Bits DAC 

Output Data Rate Range : 

1 Gbaud – 32 Gbaud 

Figure 3.2 

Figure 3.4 

4-Channel Drive 

Amplifier 

Microsemi 

OA3MMQM 

Quad Input 32 Gbaud Linear 

LiNbO3 QAM Modulator Drive 

Amplifier 

Bandwidth = 35 GHz 

Gain = 20 dB 

Figure 3.2 

Figure 3.4 

LO 

(local oscillator) 

Agilent N7711A 

Tunable Laser Source 

Linewidth < 100 KHz 

Maximum Output Power 

= 15 dBm 

Figure 3.2 

DP IQ Optical 

Modulator 

TeraXion IQ Modulator 

IQM-CAG-E21 

Operating Wavelength Range : 

1527.99 nm – 1566.72 nm 

EO Bandwidth = 35 GHz 

Figure 3.2 

BBS 

(broadband source) 

JDS Uniphase 

BBS1550+2FA10 

Operating Wavelength Range : 

1527.99 nm – 1566.72 nm 

Total Optical Power > 100 mW 

Figure 3.2 

Figure 3.11 

Wide-Bandwidth 

Oscilloscope 

Agilent 

DSA-X 86100D 
Main Frame Figure 3.4 

Remote Sampling 
Module 

Agilent 
86118A 

Bandwidth = 70 GHz Figure 3.4 
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Equipment/ 

Component/ 

Device 

Model Number Specification Figure 

Precision Timebase 

Module 

Agilent 

86107A 

Clock Input Capacity 

= 10 / 20 / 40 GHz 
Figure 3.4 

Coherent Receiver NA NA Figure 4.5 

Real-Time Oscilloscope 
Teledyne LeCroy 

LabMaster 930MZi-A 

Bandwidth = 30 GHz 

Sampling Rate = 80 GSa/s 
Figure 4.5 

EDFA 
OPTera Long Haul 1600 

Booster Amplifiers 
Gain Control Mode Figure 4.5 

Fiber 
TWC 

TrueWave Classic 

Attenuation at 1550 nm 

= 0.2 dB/km 

Dispersion at 1550 nm 

= 3 ps/nm/km 

Figure 4.5 

OSA EXFO FTB-500  Figure 4.5 

Tunable Filter NA Bandwidth = 0.3 nm Figure 4.5 
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