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ABSTRACT This paper presents a unified analytical framework for filtering-penalty assessment and
receiver equalization in coherent optical links dominated by linear impairments. The formulation targets
scalar amplitude filtering, under the assumption of negligible phase and polarization effects, and jointly
accounts for cascaded optical filters, amplified spontaneous emission (ASE) noise, receiver-side transceiver
impairments, anti-aliasing filtering, and digital equalization. Closed-form post-equalization signal-to-noise
ratio (SNR) expressions are derived for the zero-forcing equalizer (ZFE), minimum mean-square error
equalizer (MMSEE), and fractionally spaced equalizer (FSE), while semi-analytical matrix formulations
are provided for the whitened finite-length equalizer (WFLE) and finite-length equalizer (FLE). The models
include the colored noise induced by distributed ASE injection and optical filtering, and are generalized to
arbitrary normalized transceiver-noise power spectral densities (PSDs). The resulting post-equalization SNR
and Q-factor metrics are suitable for optical network digital twin (ONDT) applications and for measurement-
based characterization of commercial transceivers. Time-domain simulations and experiments with two
commercial transceivers confirm the accuracy of the proposed approach and support its applicability to
filtering-aware performance estimation in coherent optical links.

INDEX TERMS Filtering penalty, mathematical modeling, metro-access network convergence, optical
network digital twin, transceiver penalty.

I. INTRODUCTION

AS THE demand for high-capacity, low-latency com-
munication continues to increase, metro and access

optical networks have become a cornerstone of modern
communication infrastructure [1]. In these systems, quality
of transmission (QoT) is predominantly affected by lin-
ear impairments, while nonlinear propagation effects are
typically less dominant because of the relatively short trans-
mission distances and moderate optical power levels [2].
Among these impairments, filtering penalties introduced by
cascaded wavelength-selective switches (WSSs) in recon-
figurable optical add-drop multiplexers (ROADMs) play a
critical role in determining end-to-end performance [3].

In parallel, significant progress has been made toward the
development of optical network digital twins (ONDTs) [4],
[5], supported by accurate fiber and amplifier descriptions

and by transparent-lightpath approximations based on the
Gaussian Model [6]. However, ONDT transmission models
still require a disaggregated, accurate, and computationally
tractable representation of filtering penalties. This need is
particularly relevant in metro-access and converged optical
networks, where cascaded filtering, receiver digital signal
processing (DSP) and equalization, transceiver noise, and
network configuration jointly affect QoT and cannot be
reliably captured by static margins alone.

A preliminary non-peer-reviewed version of part of the
analytical framework was made available in [7]. The
present manuscript provides the archival journal treat-
ment, consolidating and extending that modeling effort
with a generalized formulation, simulation analysis, and
commercial-transceiver validation. The proposed treatment
explicitly includes transceiver impairments, rather than
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limiting the analysis to optical filtering and amplified
spontaneous emission (ASE) noise. It also adopts generic
coherent-link performance metrics, such as post-equalization
signal-to-noise ratio (SNR), which are suitable for ONDT
applications and are not restricted to metrics tailored to
specific scenarios. The resulting approach is formulated to
be applicable to commercial transceivers, including cases in
which their behavior must be inferred from measurement-
based characterization.

The analysis starts from an optical-channel representation
that includes cascaded optical filters, additive noise con-
tributions from optical amplifiers and the transceiver, and
receiver-side DSP. To jointly account for filtering penal-
ties and transceiver impairments, we adopt a transceiver
description based on [8] and [9], following the measurement-
oriented approach successfully adopted in [10]. Within this
description, several equalization strategies are treated within a
unified framework, namely the zero-forcing equalizer (ZFE),
minimum mean-square error equalizer (MMSEE), fraction-
ally spaced equalizer (FSE), whitened finite-length equalizer
(WFLE), and finite-length equalizer (FLE). For these cases,
closed-form and semi-analytical expressions are derived to
quantify the post-equalization SNR and the associated filter-
ing penalties. A key generalization is that the equalization
models account for an arbitrary normalized transceiver-
noise power spectral density (PSD), rather than assuming
a fixed or white transceiver-noise spectrum. Frequency- and
time-domain representations are used to capture signal distor-
tion, noise coloring, noise enhancement, and finite-equalizer
effects.

The analytical results are assessed through time-domain
simulations and experimental validation. The time-domain
simulations use the framework and software of [11] to test
the derived expressions under realistic and complex filtering
conditions, providing insight into the behavior and limita-
tions of the different equalizers. The experimental analysis
compares theoretical predictions with measurements obtained
using accurately modeled optical filters, as in [10]. It includes
different commercial transceivers, received optical powers,
modulation formats, and transceiver-noise conditions. The
results show close agreement among theory, time-domain
simulations, and experiments, supporting the applicability
of the proposed approach to metro-access scenarios and to
ONDT transmission-model enhancement.

Overall, the proposed approach provides a unified and
tractable basis for receiver-performance assessment in the
presence of filtering impairments, transceiver impairments,
and receiver equalization. By harmonizing the treatment
of ZFE, MMSEE, FSE, WFLE, and FLE, and by allow-
ing arbitrary colored transceiver-noise PSDs within generic
coherent-link QoT metrics, it enables filtering-aware perfor-
mance estimation for commercial transceivers and supports
integration into ONDTs for disaggregated and converged
optical networks.

Notably, the most realistic equalizer models, i.e., WFLE
and FLE, provide the closest match to the reference data.

FIGURE 1. Optical channel scenario.

Their accuracy is confirmed by root-mean-square error
(RMSE) values of 0.21 dB and 0.17 dB with respect to
experimental measurements, and by an RMSE as low as
0.09 dB with respect to numerical simulations with 64 taps.

A. THE OPTICAL CHANNEL
In this work, we focus on a digital channel implemented by
a transparent lightpath, the optical channel, investigating the
combined effects of filtering, noise, transceiver impairments,
and equalization. Many fundamental and well-established
concepts from equalization theory and digital communi-
cations must be carefully adapted to the specific case of
optical communications. A schematic of a transparent light-
path established through diverse optical network segments is
depicted in Figure 1.

Our approach encompasses the evaluation of multiple
types of impairments intrinsically related to the charac-
teristics of the optical channel. Fiber propagation is a
complex phenomenon due to nonlinear effects and stochas-
tic polarization-related impairments; however, when using
state-of-the-art dual-polarization coherent optical technolo-
gies, a transparent lightpath can be well approximated as a
dual-polarization additive white Gaussian noise (DP-AWGN)
channel [6], [12], [13].

In addition to physical effects, the considered framework
is also specific in terms of the communication techniques
adopted. In general, the analysis and modeling of a trans-
parent lightpath must account for both the transmission
technique and the physics of optical propagation. Optical
communications based on transparent lightpaths lever-
age dual-polarization (DP) coherent transceiver technology,
which enables compensation of linear propagation effects,
such as chromatic dispersion and polarization rotations,
through the DSP implemented in DP coherent transceivers
(TRXs) [14], [15].

After DSP-based equalization compensates for linear prop-
agation impairments, the optical channel can be described
through an equivalent noise-accumulation model at the
receiver. Accordingly, within the adopted DP-AWGN frame-
work, the channel is modeled by jointly accounting
for receiver noise, equalization effects, and accumulated
propagation-related noise contributions.

Since coherent receivers effectively compensate for most
linear propagation impairments, the main residual quality-
of-transmission (QoT) penalties to account for are Kerr-
effect-induced nonlinear crosstalk, also known as nonlinear
interference (NLI) [16], [17], and amplified spontaneous

9406 VOLUME 7, 2026



TABLE 1. Comparison of symbol rates and BER-formula coefficients k1 and k2 for
the considered modulation formats and transceivers.

emission (ASE) noise caused by optical amplification. In
addition, optical switching at the ROADM level introduces
filtering penalties, which translate into SNR degradation
under the considered AWGN channel approximation. This
work focuses on deriving the SNR penalties induced by
filtering effects through accurate modeling of receiver noise
and the equalization method.

Under the DP-AWGN approximation, the QoT of a
transparent lightpath can be represented by its SNR. A
comprehensive definition of the QoT considered in this work
is provided in Section I-B, which follows the current one.
In the considered model, the main noise contributions are
ASE noise, transceiver noise, and NLI. ASE noise generated
by optical amplification between ROADMs is distributed
along the lightpath, whereas transceiver noise is modeled as
concentrated at the receiver side. NLI is also treated under the
DP-AWGN approximation as an equivalent noise source at
the receiver, which represents a conservative assumption. As
discussed later, the closer a noise source is to the receiver, the
larger the filtering penalty associated with that contribution.
We do not consider other impairments that can interact with
filtering penalty, like polarization-dependent loss (PDL) and
polarization-mode dispersion (PMD), because such analysis
is out of the scope of this work. For further reference, it is
worth mentioning that recent literature has begun addressing
joint modeling of filtering penalties and polarization impair-
ments, with some preliminary and promising insights [18].

System performance is evaluated in terms of the Q2
dB

factor [19], although the analytical models developed in
the following provide results in terms of SNR. This choice
reflects common practice in optical system evaluation, where
Q2

dB serves as a convenient performance indicator. The two
metrics are directly related: SNR can be mapped to the bit-
error rate (BER) through expressions that depend on the
selected modulation format, and the corresponding Q2

dB factor
can then be derived from the BER as follows:

Q =
√

2 · erfcinv(2 · BER) (1)

Q2
dB = 10 log10(Q2) (2)

Consequently, reporting results in terms of Q2
dB does not

imply a loss of generality, but rather provides an equivalent
and easily interpretable representation of system perfor-
mance.

B. TRANSCEIVER MODEL AND SNR DEFINITION
This section introduces a measurement-based methodology
for modeling TRX performance that accounts for transceiver
impairments when evaluating the filtering penalty. The focus
is on accurately modeling the SNR and its impact on the

FIGURE 2. Realistic receiver block diagram. ADC: analog-to-digital converter; BPD:
balanced photodetector; I: in-phase component; LO: local oscillator; PBS: polarization
beam splitter; Q: quadrature component; TIA: transimpedance amplifier.

FIGURE 3. Receiver block diagram abstraction. AA: anti-aliasing filter; EQ:
equalizer; OFE: optical front-end block.

BER, particularly in scenarios dominated by linear impair-
ments, such as metro networks. In this work, the experimental
validation was performed using two commercial transceivers,
referred to as Vendor A and Vendor B. The considered for-
mats include dual-polarization quadrature phase-shift keying
(DP-QPSK) and dual-polarization 16-ary quadrature ampli-
tude modulation (DP-16QAM). For each transceiver, the
three modulation-format and bit-rate combinations, the cor-
responding symbol rates, and BER factors are reported in
Table 1.

Figure 2 shows a coherent optical transceiver front-end in
which the received signal, after random polarization rotations,
is split into two orthogonal polarization branches by a polar-
ization beam splitter. Each polarization is mixed with a local
oscillator in a 90◦ optical hybrid, producing in-phase and
quadrature components that are detected by balanced pho-
todetectors. The resulting electrical currents are amplified by
transimpedance amplifiers, passed through anti-aliasing (AA)
filters, and digitized by parallel analog-to-digital converters
(ADCs) for both x- and y-polarization states. The digital
samples are then processed by the DSP stage to recover the
transmitted information. To facilitate the analysis of filtering
penalties, we adopt a simplified transceiver representation
that preserves the impact of receiver impairments and the
equalization strategy, while remaining tractable for system-
level discussion.

The block diagram of the transceiver model is provided in
Figure 3. The transceiver is represented by grouping the main
physical and digital stages into equivalent functional blocks.
The incoming signal is first processed by an equivalent
ideal optical front-end (OFE), performing optical-to-electrical
(O/E) conversion. The impairments of the realistic OFE of
Figure 2 are summarized through an aggregated receiver
noise contribution. In addition, it is assumed that transmit-
ter impairments are generally much smaller than receiver
impairments, according to [7], [10], and [20]. Therefore, all
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FIGURE 4. Back-to-back characterization of the transceivers.

the transceiver noise is assumed to be concentrated on the
receiver side.

The resulting electrical signal then passes through an
AA filter that could introduce an overall analog bandwidth
limitation before sampling. Finally, the sampled sequence
is handled by an equivalent equalization stage that models
the DSP action of the transceiver. This abstraction captures
the dominant effects of noise, electrical filtering, and digital
compensation while avoiding the complexity of the full
schematic.

As a first approximation, the equivalent transceiver noise
can be modeled as white, and the AA filter can be mod-
eled as sufficiently broad so that no additional filtering
effect is applied at the receiver stage. For some commercial
transceivers, it may be necessary to account for electrical
filtering and colored noise in the receiver model, as will
be discussed in later sections. In this section, we assess the
transceiver performance for Vendors A and B using a fitting
formula for their equivalent SNR. The result of this procedure
is provided in Figure 4.

The bit error rate is expressed as:

BER = k1 · erfc
�p

k2 · SNR
�

(3)

where k1 and k2 depend on the modulation format [16], [21]
and are reported in Table 1. The analytical models considered
in this work provide an effective post-equalization SNR,
where residual linear distortion and enhanced colored noise

are included in the equalization error variance. Therefore, the
BER mapping in (3) is used as an AWGN-equivalent approx-
imation, whose validity is assessed experimentally. Under
severe asymmetric filtering, especially for DP-16QAM, resid-
ual intersymbol interference (ISI) may cause deviations from
this approximation; this discrepancy is accounted for in the
error analysis rather than hidden by re-fitting the model.

The total system SNR is obtained using the Gaussian
channel model, which has been shown to apply to metro-
access network scenarios in [22], as the inverse sum of the
individual contributions:

SNR−1 = SNR−1
ASE + SNR−1

TRX (4)

where the ASE-related contribution is defined in terms of the
received optical power (ROP) as

SNRASE =
ROP
PASE

ˇ̌̌̌
Bw=Rs

(5)

where PASE is the total ASE-noise power injected into the
optical link. The only impairment in the optical domain
(other than filtering, which will be taken into account later
on) is ASE noise, because we neglect the fiber nonlinearity.
Moreover, we take the symbol rate as a reference bandwidth
to compute the noise power. The transceiver contribution is
further decomposed into transmitter (TX) and receiver (RX)
components:

SNR−1
TRX = SNR−1

TX + SNR−1
RX (6)

The transmitter impact is considered constant due to fixed
output power (typical values range from -10 dBm to 1 dBm),
and it is assumed to have a negligible impact compared with
that of the receiver. The receiver contribution varies with the
ROP, primarily due to photodetector noise sources including
thermal, shot, and dark current noise.

To model transceiver performance, the effective transceiver
SNRTRX is determined through simplified curve fitting based
on experimental data and the equation and procedure pro-
posed in [8] and [9]. The formula, in linear scale, follows:

SNRTRX = N ·
ROP

ROP + D
(7)

where ROP is expressed in mW and N and D are two fitting
parameters to obtain the dashed line in Figure 4. To plot
the back-to-back characterization, conversion to dB scale was
performed on ROP and SNRTRX for better visualization.

As reported in Table 1, both transceivers operate at the
same symbol rate for DP-QPSK 200G and DP-16QAM 400G
modulation formats. Since the internal noise contributions
of the device are independent of the modulation format, the
fitting parameters N and D can be assumed to be the same for
both cases and are therefore fitted simultaneously in Figure 4.
This property is particularly advantageous given the different
characteristics of the two modulation formats. In particular,
DP-QPSK is more robust and can therefore be used to char-
acterize the device under low-ROP conditions. Conversely,
DP-16QAM is more suitable at high ROP values, where DP-
QPSK yields extremely low BER levels. In such conditions,
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BER measurements with DP-QPSK become inaccurate and
tend to saturate between BER = 10−10 and BER = 10−9

since typically in commercial transceivers BER estimation
is performed only on the overhead bits. The saturation is
depicted with empty bullets in Figure 4.

The experimental setup to obtain the curves of Figure 4
was prepared by excluding external noise sources in a
back-to-back transceiver connection whose signal can be
attenuated using a variable optical attenuator (VOA). By
changing the attenuation we tested different ROP conditions,
enabling the generation of SNRTRX(ROP) curves by mapping
BER measurements to SNR values through inversion of (3)
with the proper modulation format coefficients k1,2, remem-
bering that for this characterization, SNRTRX is the only
relevant SNR contribution. The resulting curves demonstrate
monotonic SNR growth towards saturation at high ROP.

C. LITERATURE REVIEW
Bandwidth-limited channels and equalization are well estab-
lished in wireless communications [29], [30], [31] and
form the basis of the proposed models. Their appli-
cation to optical systems, however, requires adaptations.
First, the optical channel transfer function, intended as
the physical-medium response and not as a wavelength-
division-multiplexing (WDM) channel, can be accurately
characterized and modeled, as shown in Section III-A. Sec-
ond, alternating amplification and filtering in optical devices
such as ROADMs causes distributed AWGN injection along
the lightpath. Since each noise contribution undergoes differ-
ent filtering from the transmitted signal, the resulting noise
is colored and must be included in the model.

Filtering penalties in optical networks have been exper-
imentally investigated in several works. In [32], filtering-
penalty characterization and mitigation in meshed optical
networks with a large number of ROADMs were demon-
strated using optical wave shapers. Experiments in a
metro-access scenario with a single ROADM and a single
noise source were reported in [33]. The impact of optical-
filter frequency shift and bandwidth variation on the Q-factor
was analyzed through experiments and simulations in [34],
highlighting the relevance of asymmetric filtering.

Several analytical models have also been proposed. In
[23], performance degradation due to in-line optical filtering
by wavelength-routing nodes in WDM networks is modeled
using the digital communication theory of band-limited chan-
nels with linear equalization and validated experimentally
with a commercial transponder and nonlinear fiber transmis-
sion. Continuous-time equalization is also considered in [24],
where the model is validated with a single ROADM and a
single ASE noise source, including optical-filter bandwidth
variation and central-frequency shift. This work is extended
in [25] to cascaded WSSs and to a fully coherent converged
metro-access scenario, including a statistical analysis of
central-frequency misalignment.

Discrete-time approaches have been proposed in [26] and
[35]. In [26], an MMSEE equalization model based on

the discrete-time Fourier transform (DTFT) is introduced,
emphasizing the role of the relative placement of ASE noise
sources and filters, as well as the implementation-dependent
capabilities of the DSP receiver. Bandwidth variation is also
considered, and validation is performed through time-domain
simulations. In [35], a DTFT-based FSE model is adopted to
perform a statistical analysis of filtering penalties under ran-
dom WSS central-frequency and bandwidth variations. These
quantities are modeled as Gaussian random variables accord-
ing to [36]. The results show that both central-frequency
and bandwidth misalignments must be considered to obtain
conservative and reliable margins in the presence of filtering
effects.

Finite-tap equalization has been addressed through two
main approaches. In [27], noise whitening is applied
before sampling and equalization, leading to a matrix-
based semi-analytical WFLE model. Although this introduces
approximations in a finite-length framework, good predic-
tion accuracy is reported through time-domain simulations.
A second, more realistic approach avoids noise whitening
before sampling, which we refer to as FLE. A prelim-
inary matrix-based semi-analytical model was presented
in [28] and validated through time-domain simulations.
The finite-tap equalizer model without whitening filtering
was later analyzed and validated in [20], with a focus
on finite-length equalization in filtering-limited coherent
systems and on metro-access and passive-optical-network
(PON)-motivated operating regimes, adopting receiver sen-
sitivity, power penalty, required optical signal-to-noise ratio
(ROSNR) penalty, and equalizer-output SNR as the main
QoT metrics. In that work, the power spectral density (PSD)
of the transceiver is defined according to [37], resulting in a
non-generic spectral shape.

In this work, both WFLE and FLE are considered and
compared, and the limitations of the whitening assumption
are discussed. To the best of our knowledge, this comparison
is presented here for the first time. Moreover, both WFLE and
FLE are generalized to an arbitrary transceiver-noise PSD,
and the evaluation is kept suitable for ONDT development
by adopting generic performance metrics rather than PON-
specific ones. The comparison in Table 2 summarizes these
distinctions and illustrates the positioning of this work within
the existing literature on filtering-penalty modeling.

In parallel, increasing attention has been devoted to the
convergence of metro and access networks, where heteroge-
neous services, variable symbol rates, and dynamic routing
lead to highly variable filtering conditions [1], [22], [38]. In
this context, filtering penalties have been shown to strongly
interact with transceiver impairments and receiver DSP capa-
bilities [10], [25], [33]. Therefore, filtering effects cannot be
treated as static margins, but must be dynamically evaluated
as a function of network configuration, transceiver operating
point, and noise distribution.

This aspect is closely related to the development of
ONDTs. Recent advances in physical-layer digital-twin
modeling have enabled accurate representations of fiber
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TABLE 2. Comparison between the proposed framework and previous peer-reviewed works on filtering-penalty modeling and validation. X: included; ◦: partially included or
subject to restrictive assumptions;–: not addressed. AA: anti-aliasing; CD: chromatic dispersion; MIMO: multiple-input multiple-output; O/E: optical-to-electrical; OSNR: optical
signal-to-noise ratio; PDL: polarization-dependent loss; PMD: polarization-mode dispersion; MMSE: minimum mean-square error; SDM: space-division multiplexing; TRX:
transceiver.

propagation and optical amplification [5], often based on
Gaussian-channel approximations [6]. Although these frame-
works provide reliable estimates of nonlinear interference and
ASE noise, the inclusion of filtering penalties remains an
open issue. Existing ONDT models typically rely on coarse
penalties or empirical margins [39], which may limit their
accuracy in disaggregated and open optical networks, where
filtering conditions are highly variable [4], [40]. This work
addresses this gap by proposing an analytical framework
for filtering-penalty evaluation designed for integration into
digital-twin architectures. Equalization is modeled in both
continuous and discrete time and validated through simu-
lations. Multiple strategies are compared, including ZFE,
MMSEE, FSE, WFLE, and FLE.

II. MODELS
In this section, we present a comprehensive framework for
equalization models tailored to the specific requirements and
characteristics of optical communication systems discussed
in Sections I-A.

We consider both infinite- and finite-length equalizers
and introduce a unified formalism for their implementation
that encompasses the various abstractions proposed in the
literature. Beyond reviewing these models, we generalize
them to the case of arbitrary transceiver-noise PSD, with the
goal of providing a rigorous and practically relevant tool for
ONDT implementation.

For each model, we highlight its main strengths, lim-
itations, and simplifying assumptions, in order to clarify
when a given abstraction should be preferred and how the
appropriate level of complexity can be selected according
to the target application, since in many cases a simpler
model may provide sufficient accuracy without requiring a
more realistic and computationally demanding description.
Throughout the paper, (·)T denotes transpose, (·)∗ denotes
element-wise complex conjugation, and (·)† denotes the Her-
mitian transpose, i.e., the conjugate transpose.

A. OPTICAL LINK ABSTRACTION
The starting point for the analytical determination of the
filtering penalty in optical systems is the block diagram
shown in Figure 5. A general optical link is represented. We
consider dual-polarization coherent transmission and focus
on evaluating the SNR for the symbol sequence transmitted
through one of the two polarizations. This approach is
justified, since the filtering effect acts identically on both
polarizations. Therefore, when computing the total SNR as
the average of the SNR on the two polarizations, we obtain
the same result. In addition, we assume that the modulation
uses in-phase and quadrature components, as is done in
modern optical transceivers.

For each polarization, the transmitted symbols are {xk}
K−1
k=0

over K successive symbol intervals and are generated at the
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FIGURE 5. Reference optical link abstraction for the derivation of the equalization models.

symbol rate Rs. Denoting the symbol period by T = 1/Rs,
the symbol energy is

Ex = E
�
|xk |

2� (8)

Consequently, the total transmitted signal power, account-
ing for both polarizations, is computed as follows:

PTX = 2 ·
Ex

T
= 2 · Ex · Rs (9)

For derivation purposes, it is also useful to define the
per-dimension energy, namely the energy of the in-phase or
quadrature component of one polarization:

Ēx =
1
2
Ex =

PTX

4 · Rs
(10)

The xk symbols are modulated by the shaping filter ϕ(t)
(assumed to satisfy the Nyquist criterion for intersymbol-
interference-free channels and symbol-by-symbol (SBS)
detection, and with Fourier transform Φ( f ) = F[ϕ(t)]), so
we can write the modulator output.

x(t) =

K−1X
k=0

xk · ϕ(t − kT ) (11)

The modulated symbols pass through a cascade of M
optical filters described by their transfer functions Hi( f )
(i = 1, . . .,M) experiencing the injection of distributed noise
along the line, before the AA filter HAA( f ). The signal is then
sampled at ` samples per symbol (in commercial transceivers
typically ` = 2). After sampling, the signal is equalized, and
SBS detection is performed on the zk (k = 0, . . .,K−1) outputs
of the equalizer, providing the final estimates x̂k of the input
symbols.

This model incorporates some simplifying assumptions.
As anticipated in the previous section, we can assume the
absence of the NLI, because metro and access networks
are characterized by short links and low optical power [2].
Nevertheless, as proposed in [22], NLI can be conservatively
accounted for if included as a Gaussian noise source concen-
trated on the receiver side.

All the ASE noise sources are assumed to be charac-
terized by a flat PSD with a value of NASE,i (where i =

1, . . . ,M + 1) for each ASE source, at least within the signal
bandwidth. Therefore, each ASE contribution is an additive
white Gaussian-noise source when injected into the link.
The PSD of ASE noise due to optical amplification can be
computed using the well-known formula [41].

NASEi =
1
4

LiX
j=1

h f0(G j,i − 1)NF j,i (12)

where Li is the number of amplified spans located between
each pair of optical filters, h is Planck’s constant, f0 is the
central frequency of the transmitted signal, and G j,i and
NF j,i are the gain and noise figure (NF), respectively, of
each amplifier. The factor 1

4 is needed because the noise
PSD is referred to each modulation component (in-phase or
quadrature) and each polarization.

According to the transceiver model introduced in Sec-
tion I-B, and represented in Figure 3, we consider the
transceiver noise to incorporate the OFE impairments and
to be concentrated at the receiver side, with a PSD assuming
a generic shape NTRX( f ), which models the noise added for
each component and polarization axis.

NTRX( f ) = ṄTRX · S TRX( f ) (13)

where ṄTRX is the white-noise equivalent PSD value,
expressed in mW/Hz, and S TRX( f ) is the dimensionless shape
of the colored PSD, which we assume to be normalized so
that

1
Rs

Z Rs
2

−
Rs
2

S TRX( f )d f = 1 (14)

Both ṄTRX and S TRX( f ) depend on SNRTRX and on the
specific commercial transceiver under analysis. In the exper-
imental validation in Section III-C.2, we provide a heuristic
approach for selecting these parameters, while emphasizing
that the ground truth of the transceiver PSD is often unavail-
able. If the PSD of the transceiver noise is assumed to be
white, one can simply set S TRX( f ) = 1 and compute ṄTRX
as follows.

ṄTRX =
ROP

4 · Rs · SNRTRX
(15)

B. PSD AND SNR CONVENTIONS
All PSDs used in this work are two-sided baseband PSDs
referred to one real modulation dimension, i.e., one quadra-
ture of one polarization. The term baseband specifies that
the spectra are referred to the equivalent receiver-side I/Q
representation after coherent detection, rather than to the
optical passband around the carrier frequency. The PSDs are
therefore real-valued and non-negative quantities.

With this convention, the total dual-polarization signal
power is obtained by summing over two polarizations and
two quadratures. The quantity Ex = E[|xk |

2] denotes the
energy per complex symbol on one polarization, while
Ēx = Ex/2 is the energy per real modulation dimension.
The ROP denotes the total dual-polarization signal power at
the receiver reference point. Consequently, in the unfiltered
reference case:

ROP = 4 · Ēx · Rs (16)
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TABLE 3. PSD and SNR normalization conventions adopted in this work. Noise
PSDs are two-sided baseband PSDs referred to one real modulation dimension, i.e.,
one quadrature of one polarization.

FIGURE 6. Noise-whitening scheme. AGN: additive Gaussian noise; AWGN: additive
white Gaussian noise.

The same four-dimensional accounting is used for noise pow-
ers. In particular, the factor 1/4 in the ASE PSD definition
in (12) converts the total dual-polarization ASE contribution
into the two-sided PSD referred to one real modulation
dimension. Similarly, the white-noise-equivalent transceiver
PSD in (15) is obtained by referring the transceiver-noise
power to one quadrature of one polarization. All SNR- and
PSD-related quantities are summarized in Table 3.

C. NOISE WHITENING
In Figure 5, the filtering stages make the total noise PSD at
the receiver colored. In this case, a noise-whitening approach
is widely used in digital communications to simplify the
models. Exploiting the white-noise equivalent channel repre-
sentation it is possible to derive without loss of information
the ZFE, MMSEE, and FSE models with a uniform and
elegant mathematical framework. In the following sections,
we will also consider the WFLE, based on noise whiten-
ing, which is a reliable approximation already successfully
exploited in past works [7], [27].

Figure 6 illustrates how to obtain a white-noise equivalent
channel model, given the condition that the colored noise
PSD has an invertible square root [29], [30]. In this section

we derive the quantities H( f ), S tot( f ) and Ntot, which are
the white-noise equivalent channel frequency response, the
normalized colored noise PSD, and the white equivalent PSD,
respectively. The initial step involves evaluating the noise on
the receiver side, which is the sum of multiple components
colored on the basis of the number and shape of crossed
filters. Using the well-known formula to calculate the output
PSD of a random process crossing a filter, knowing the input
PSD we derive the normalized colored PSD before sampling:

S tot( f ) =

PM+1
i=1 NAS E,i

QM
n=i |Hn( f )|2|HAA( f )|2

Ntot

+
(ṄTRXS TRX( f ))|HAA( f )|2

Ntot
(17)

where
QM

n=M+1 |Hn( f )|2 = 1, the PSD of the transceiver noise
is taken from (13), and the total colored noise PSD has been
normalized by the following factor.

Ntot =

M+1X
i=1

NAS E,i + ṄTRX (18)

Since the penalty on the link is due to linear filtering, the
colored PSD expressed by (17) has an invertible square root.
Moreover, due to the normalization factor, the PSD of the
equivalent white noise source on the receiver side is Ntot.

Following the notation of [30], we introduce the white-
noise equivalent pulse response of the optical link as the
inverse Fourier transform of the white-noise equivalent chan-
nel frequency response.

h(t) = F−1[H( f )] (19)

H( f ) =
Φ( f ) ·

QM
i=1 |Hi( f )||HAA( f )|
√

S tot( f )
(20)

where the numerator in (20) has been obtained from the
cascade of the shaping filter, optical filters, and AA filter,
with Φ( f ) being the Fourier transform of the pulse response
of the shaping filter. The denominator is due to the effect of
the whitening filter according to Figure 6. The cancellation
of HAA( f ) in the whitened equivalent channel must be inter-
preted under the ideal assumptions of continuous-time noise
whitening, no aliasing, and an AA response that is common to
the signal and to all receiver-side noise contributions. Under
these assumptions, the whitened infinite-length models do
not explicitly quantify the finite-memory penalty introduced
by the electrical AA filter. This is no longer true for the
following non-whitened FLE model, where HAA( f ) enters
the sampled signal matrix and the sampled colored-noise
covariance matrices before equalization. Therefore, electrical
bandwidth limitation is physically relevant in the FLE for-
mulation, while the whitened models should be interpreted
as reference approximations.

Since the pulse energy is not necessarily normalized to
1, it is useful to introduce the normalized pulse response as
follows.

ϕh(t) ,
h(t)
||h||

(21)
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FIGURE 7. Reference block diagram for zero-forcing and minimum mean-square
error equalizers with whitened noise.

where

||h|| =

sZ ∞
−∞

h(t) · h∗(t)dt =
p
〈h(t), h(t)〉 (22)

so that the band limited channel output before noise injection
is as follows.

xh(t) =

K−1X
k=0

xk · ||h|| · ϕh(t − kT ) (23)

D. THE UNFILTERED SNR BOUND
In the optical system under study, the passband effect of the
optical filters limits the channel, causing ISI that affects the
performance in terms of SNR degradation. The maximum
SNR is obtained when the filtering effect is negligible and
therefore when the signal is not distorted. Such a situation
can occur when the band of the filters is large compared to the
signal bandwidth. When this happens, the SNR computation
is straightforward, because ASE noise is flat in the signal
bandwidth. We conclude that in this case the SNR computed
taking into account ASE noise and transceiver noise, neglect-
ing NLI, is as follows.

SNRmax =
�
SNR−1

ASE + SNR−1
TRX

�−1
= SNR (24)

where SNRTRX is given in Section I-B. Since the signal and
noise power can be computed, we can explicitly express the
SNR bound according to the notation developed for noise
whitening in Section II-C, which will be useful when deriving
most of the considered equalization models, allowing their
performance to be compared.

SNR =
ROP

PASE + PTRX
=

4 · Ēx · Rs · ||h||2

4 · Ntot · Rs
=
Ēx · ||h||2

Ntot
(25)

where we point out that bandwidth terms cancel out since
both signal and noise power are computed with respect to
the same band equal to the symbol rate.

E. INFINITE-LENGTH EQUALIZERS
In this section, we examine the infinite-length equalization
models, namely the ZFE, MMSEE, and FSE. For the ZFE
and MMSEE, additional assumptions and definitions are
needed because these models are based on matched-filter
theory. The optical link in Figure 7 represents the white-
noise equivalent link for ZFE and MMSEE equalization.
After matched filtering, the DSP is assumed to perform
equalization operating at a sampling rate equal to 1 sample
per symbol. The matched filtering assumption is not realistic
in optical systems. In general, the presence of a matched filter

before sampling is not necessary, since modern commercial
transceivers implement both matched filtering and equaliza-
tion in the discrete domain. This matched-filter assumption is
removed when considering the FSE, WFLE, and FLE models.

We define the deterministic autocorrelation function q(t)
as follows.

q(t) , ϕh(t) ∗ ϕ∗h(−t) =
h(t) ∗ h∗(−t)
||h||2

(26)

where the binary operator ∗ denotes convolution, whereas
the superscript (·)∗ denotes complex conjugation, as specified
above. It is useful to note that q(t) is Hermitian (q(t) = q∗(−t))
and that q(0) = 1.

Since in the considered optical system we assume that we
know the expression of each filter and each noise contribu-
tion, it is possible to rewrite Q( f ) = F[q(t)] explicitly.

Q( f ) =
|H( f )|2

||h||2
=

ˇ̌̌
Φ( f ) ·

QM
i=1 Hi( f ) · HAA( f )

ˇ̌̌2
||h||2 · S tot( f )

(27)

Once the channel model has been established, it is possible
to derive the filtering penalty model according to the chosen
equalization strategy based on the steps followed in [30]. In
the following, we provide the expression of the SNR after
equalization and the filtering penalty coefficient for all the
considered equalization strategies.

1) ZERO-FORCING EQUALIZER
The reference system for the current model is provided in
Figure 7. ZFE is the simplest and most intuitive equalizer
among the ones considered in this work. However, it is also
the worst in terms of performance, due to its noise enhance-
ment effect. Nevertheless, its model allows one to express
the filtering penalty in a disaggregated manner, based on a
cumulative metric [6], as will be clear in the following and
as shown in [10]. This feature is pivotal when including the
filtering penalty in an ONDT transmission model; therefore,
the ZFE is included in the present discussion. Moreover,
in many practical applications in which filtering and noise
are limited, the performance assessment given by the ZFE
is very accurate yet conservative, as quantitatively assessed
in the simulations in Section III-B. Based on the derivation
provided in [30], the output SNR of the ZFE, expressed as
a degradation of the unfiltered SNR, is as follows.

SNRZFE =
SNR
kZFE

(28)

The filtering penalty factor kZFE is obtained based on the
following expression.

kZFE =
1
Rs

Z Rs
2

−
Rs
2

1

Q
�

e− j 2π f
Rs

�d f (29)

where, compared with [30], we replaced the symbol period
by the inverse of the symbol rate, T = 1/Rs, expressed
the equations in terms of frequency f rather than angular
frequency ω = 2π f , and replaced the noise PSD by the
quantity previously computed in (18), namely N0/2 = Ntot.
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The term Q
�

e− j 2π f
Rs

�
is the folded spectrum of Q( f ) in (27);

it is periodic with period Rs and can be written as

Q
�

e− j 2π f
Rs

�
= Rs ·

∞X
n=−∞

Q ( f + nRs) (30)

For practical implementations, one can compute Q
�

e− j 2π f
Rs

�
based on (27) performing a periodic repetition in frequency
or numerically by undersampling in the time domain.

The disaggregation of ZFE can be performed by con-
sidering each noise source characterized by NAS E,i (i =

1, . . .,M + 1) and NTRX( f ) individually and computing the
corresponding constant ki through (29), with the other sources
injecting no noise in order to evaluate the colored PSD of
(17). The final formula for computing ki follows.

kAS E,i =
1
Rs

Z Rs
2

−
Rs
2

QM
n=i

ˇ̌̌
Hn

�
e j 2π f

Rs

�ˇ̌̌2
ˇ̌̌
Φ
�

e j 2π f
Rs

�ˇ̌̌2QM
m=1

ˇ̌̌
Hm

�
e j 2π f

Rs

�ˇ̌̌2 d f (31)

kTRX =
1
Rs

Z Rs
2

−
Rs
2

S TRX

�
e j 2π f

Rs

�
ˇ̌̌
Φ
�

e j 2π f
Rs

�ˇ̌̌2QM
m=1

ˇ̌̌
Hm

�
e j 2π f

Rs

�ˇ̌̌2 d f (32)

This closed-form disaggregated formulation is especially
valuable for ONDTs, as it allows filtering penalties to be
embedded directly into the transmission model in an inter-
pretable and scalable way, preserving the contribution of
the individual network elements and supporting impairment-
aware performance prediction.

2) MINIMUM MEAN-SQUARE ERROR EQUALIZER
The MMSEE equalizer balances ISI reduction and noise
enhancement. In this case, the reference system is the same
as ZFE, reported in Figure 7. As mentioned in Section II-E1,
it is possible to define a filtering-penalty coefficient kMMSEE
with respect to the unfiltered SNR bound.

SNRMMSEE =
SNR

kMMSEE
− 1 (33)

where the term “−1” is needed to obtain the unbiased SNR,
since the MMSEE equalizer is by definition biased [30]. The
explicit expression for kMMSEE is derived in [30]; here, we
report the final result.

kMMSEE =
1
Rs

Z Rs
2

−
Rs
2

1�
Q
�

e− j 2π f
Rs

�
+ 1

SNR

�d f (34)

where Rs is the symbol rate, Q
�

e− j 2π f
Rs

�
is computed as in the

ZFE case, and the additional positive term 1
SNR , depending

on the unfiltered bound for the SNR, is the only difference
compared to the ZFE. This term represents the ability of
the MMSEE equalizer to balance ISI reduction and noise
enhancement.

FIGURE 8. Reference block diagram for fractionally spaced and finite-length
equalization with whitened noise.

3) FRACTIONALLY SPACED EQUALIZER
The reference channel-model block diagram for this section is
provided in Figure 8. The FSE exploits the minimum mean-
square error equalization strategy, with additional features
that improve performance at a modest increase in complexity.

In this more realistic model, we eliminate the matched
filter before sampling. The DSP performs both equalization
and matched filtering in the discrete domain, according to
what happens in commercial transceivers deployed in optical
systems. In addition, the FSE increases the sampling rate by
some rational number `, (` > 1), which we assume to be an
integer. The unbiased SNR for the FSE is derived in [30],
and the final expression is as follows.

SNRMMSEE,FSE =
SNR

kMMSEE,FSE
− 1 (35)

The corresponding filtering penalty follows.

kMMSEE,FSE =
1
Rs

Z Rs
2

−
Rs
2

`ˇ̌̌ˇ̌̌
H
�

e− j 2π f
Rs

�ˇ̌̌ˇ̌̌2
+ `

SNR

d f (36)

where the parameter
ˇ̌̌ˇ̌̌

H
�

e− j 2π f
Rs

�ˇ̌̌ˇ̌̌2
accounts for the shape

of the filters and for the PSD.ˇ̌̌ˇ̌̌
H
�

e− j 2π f
Rs

�ˇ̌̌ˇ̌̌2
=
X̀
i=1

ˇ̌̌
Hi

�
e− j 2π f

Rs

�ˇ̌̌2
(37)

and it can be computed from the symbol-rate-spaced phases
Hi(D), evaluated in the unit circle. The expression of
Hi

�
e− j 2π f

Rs

�
is:

Hi

�
e− j 2π f

Rs

�
=

∞X
k=−∞

h
�

kT − (i − 1)
T
`

�
· Dk

ˇ̌̌̌
D=e− j 2π f

Rs

(38)

For practical implementation purposes, we recall that the
white-noise equivalent pulse response of the optical link h(t)
is defined in (19). Therefore, one can sample h(t) to obtain
the ` phases and then perform a Fourier transform to evaluate
Hi

�
e− j 2π f

Rs

�
.

The structure of (36) is similar to the filtering-penalty
coefficient of the MMSEE equalizer in (34). Indeed, the FSE
is also based on the minimum mean-square error criterion
and therefore can mitigate ISI while limiting noise enhance-
ment. Moreover, practical adaptive implementations of the
FSE based on the least-mean-squares (LMS) or constant-
modulus algorithm (CMA) have been shown to converge to
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MMSEE-equalizer performance [42]. In the present analy-
sis, timing-related effects are not considered; therefore, the
possible additional benefit of the FSE observed in practical
implementations, in particular its improved robustness to
sampling-phase errors [29], [30], is beyond the scope of this
discussion.

F. FINITE-LENGTH EQUALIZERS
The models analyzed previously assume infinite-length fil-
tering. In practical applications, the equalization filter is
implemented as a finite-impulse-response (FIR) filter. This
is because adaptive equalization techniques strongly exploit
FIR structures. The models proposed in this section are based
on MMSEE equalization.

1) WHITENED FINITE-LENGTH EQUALIZER
As done for the FSE case, the reference block scheme is
depicted in Figure 8. At this stage, we keep the previously
defined channel function h(t) embedding the PSD of the
colored noise, therefore, assuming whitening filtering, as
done in [7], [27], and [30].

We recall that ` > 1 is the oversampling factor. Therefore,
after sampling at t = kT − iT

`
(i = 0, . . ., ` − 1) the channel

output becomes as follows.

y
�

kT −
iT
`

�
=

∞X
m=−∞

xm · h
�

kT −
iT
`
− mT

�
+ n

�
kT −

iT
`

�
(39)

where the variance of the sampled noise, as for the FSE, is
equal to ` · Ntot.

It is possible and convenient to represent the channel using
vectors and matrices, by grouping the ` phases per symbol
period of the oversampled y(t).

yk =

∞X
m=−∞

xk−m · hm + nk (40)

where:

yk =
�
y(kT ), y

�
kT − T

`

�
, . . . y

�
kT − `−1

`
T
��T

hk =
�
h(kT ), h

�
kT − T

`

�
, . . . h

�
kT − `−1

`
T
��T

nk =
�
n(kT ), n

�
kT − T

`

�
, . . . n

�
kT − `−1

`
T
��T (41)

The analysis in this section is carried out in the time
domain, based on some assumptions needed to describe
the discretized channel in matrix form. The step-by-step
derivation is provided in [30]. Here we report the main
passages and considerations that are useful to understand the
final expression.

The channel pulse response h(t) is assumed to extend
over a finite time interval, so any nonzero value of h(t) is
considered negligible outside of this interval, which is defined
as −(` − 1)T/` ≤ t ≤ νT . Therefore, hk ≈ 0 for k < 0
and k > ν. If this does not happen, the model accuracy is
reduced due to an arbitrary truncation of the channel. In

most cases, it is possible to find the value of ν to avoid
this approximation despite the fact that the whitening filter
tends to create long temporal tails in h(t). Further discussion
on the limit of this model is provided in the next section,
which focuses on the FLE mathematical model without
the whitening filtering assumption. Moreover, a performance
comparison is carried out in Section III-B. In this work,
ν is not used as a fitting parameter nor investigated as an
additional degree of freedom, since the focus is on the impact
of filtering, distributed noise, transceiver impairments, and
equalizer tap number on the filtering penalty. In the numerical
implementation, ν is fixed equal to the number of symbols
used to generate the sampled pulse responses. This provides
a conservative truncation window for the construction of the
finite-dimensional channel matrices that follows.

We consider that N f successive `-tuples of samples of y(t)
are exploited to perform equalization. The coefficient N f is
related to the number of taps of the FLE, which can be
calculated from the product ` · N f . The final assumption is
that ` is an integer, which leads to a simpler expression for
the channel matrix. Based on the previous assumptions, the
channel model is as follows.

Yk =
�
yk, yk−1, . . . yk−N f +1

�T
=

=

26664
h0 h1 . . . hν 0 0 . . . 0
0 h0 h1 . . . hν 0 . . . 0
...

...
. . .

. . .
. . .

. . .
...

0 . . . 0 0 h0 h1 . . . hν

37775 ·

·

26666664
xk

xk−1
...
...

xk−N f−ν+1

37777775+

26664
nk

nk−1
...

nk−N f +1

37775 (42)

The (N f ·`)×(N f +ν) matrix in (42) is denoted as H, while
the data vector and the noise vector are defined, respectively,
as Xk and Nk. Then the compact form of (42) becomes:

Yk = H · Xk + Nk (43)

In addition to the noise variance information, H fully
describes the filtering penalty for finite-length equalization.
The equalizer processes the sampled output channel vector
Yk by taking the inner product of a row vector of equalizer
coefficients having dimension N f `. Therefore, the equalizer
output samples zk in Figure 5 are written as follows.

zk = w · Yk (44)

For a causal practical implementation, a channel-equalizer
system delay ∆ · T symbol periods is selected.

∆ ≈
ν+ N f

2
(45)

The exact value of ∆ has a significant impact only if N f is
very low.
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The WFLE unbiased SNR, with whitening filtering, is
obtained as follows.

SNRMMSEE,WFLE =
Ēx

σ2
MMSEE,WFLE

− 1 (46)

where the post-equalization noise variance is:

σ2
MMSEE,WFLE = Ēx − w · RYY · w† (47)

The symbol † denotes the Hermitian transpose, i.e., the
conjugate transpose.

The expression of the noise variance after the equalizer in
(47) depends on the vector of the equalizer coefficients w.

w = RxY · R−1
YY (48)

To express σ2
MMSEE,WFLE and w, it is necessary to com-

pute the correlation matrices RYY and RxY, which are the
autocorrelation matrix of the output samples and the cross-
correlation matrix of the input-output samples, respectively.
Both RYY and RxY depend on the channel matrix H and the
noise autocorrelation matrix RNN = ` · Ntot · I. The noise
autocorrelation matrix is diagonal since we consider whitened
noise.

RYY = Ēx ·HH† + RNN (49)

RxY = Ēx · [0. . .0,h†ν . . .h
†

0, 0. . .0] (50)

where RxY is an (N f · `)-dimension row vector that depends
on the choice of the delay factor ∆. Indeed, RxY can also be
written as follows.

RxY = Ēx · 1†∆ ·H
† (51)

where 1∆ is an (N f + ν)-dimensional column vector of zeros
with a one in the (∆ + 1)th position.

2) FINITE-LENGTH EQUALIZER
A more realistic FLE model can be obtained by considering
the initial link abstraction, depicted in Figure 5, whose main
features and assumptions were discussed in Section II-A. In
this case, noise whitening is not applied before sampling.
Then matched filtering and equalization are performed in
discrete domain after oversampling by a factor `.

As anticipated, the ideal noise whitening leads to an
approximation of the WFLE performance. The continuous-
time whitening filter 1/

√
S tot in (19) can have infinite pulse

response. This creates long tails in the equivalent channel
pulse response h(t). In such cases, the assumption h(t) ≈ 0 for
t ≤ −(` − 1)T/` and t ≥ νT is not valid, causing a truncation
of h(t) when building the channel matrix H defined in (42)
and (43). In addition, if no whitening is applied to the noise
before sampling, the noise autocorrelation matrix RNN in (49)
is not diagonal and must be computed based on the pulse
responses experienced by each noise source in the link.

We define the channel pulse response as follows.

h̃(t) = F−1

"
Φ( f ) ·

MY
i=1

|Hi( f )| · |HAA( f )|

#
(52)

Notably, the colored PSD is not included in the channel pulse
response expression. Each noise source is a continuous-time
signal which is sampled at `/Rs rate after the convolution
with the filters. The channel pulse response for each ASE
noise source is expressed as follows.

g̃i(t) = F−1

"
MY

n=i

|Hn( f )| · |HAA( f )|

#
i = 1, . . .,M + 1 (53)

where, as in (17), we assume
QM

n=M+1 |Hn( f )| = 1.
Regarding the transceiver noise, it is necessary to consider

the colored nature of the PSD that we are assuming, in
addition to the AA filter.

g̃TRX(t) = F−1
hp

S TRX( f ) · |HAA( f )|
i

(54)

As done in Section II-F.1 for the WFLE, it is convenient to
group the ` phases per symbol period of the pulse response
of the channel as follows.

h̃k =
�
h̃(kT ) h̃

�
kT − T

`

�
. . . h̃

�
kT − (`−1)

`
T
��T

(55)

To build finite-dimensional matrices we also consider in
this case that we collect the samples of h̃(t) and g̃i(t) accord-
ing to the factor ν in the time interval −(` − 1)T/` ≤ t ≤ νT .
As stated at the beginning of this section, the absence
of the whitening filter leads to higher accuracy than the
WFLE. Without the whitening filter, the truncation of the
time interval is expected to be much more accurate due to
the fact that h̃(t) and g̃i(t) are expected to be finite pulse
responses.

Based on the pulse response vectors defined in (55) and
the pulse responses in (53), it is possible to rewrite the
autocorrelation matrix of the output samples and the cross-
correlation matrix of the input-output samples of (49) and
(50) as follows [20].

R̃YY = ĒxeHeH† + M+1X
i=1

NAS E,ieGieG†i + ṄTRXeGTRXeG†TRX (56)

R̃xY = Ēx · [0. . .0, h̃†ν . . .h̃
†

0, 0. . .0] (57)

The products eGieG†i and eGTRXeG†TRX represent the discrete-
time covariance kernels of the filtered continuous-time
noise sources after sampling at ` samples per symbol.
The sampling-interval normalization associated with the dis-
cretization is included in the sampled pulse responses used to
build eGi and eGTRX. Therefore, no additional sampling factor
appears explicitly in (56).

In (56) eH shares structural similarities with the channel
matrix H defined in (42) and (43), being a (N f · `)× (N f + ν)
Toeplitz matrix, which can be built from h̃(t) as follows.

eH =

26664
h̃0 h̃1 . . . h̃ν 0 0 . . . 0
0 h̃0 h̃1 . . . h̃ν 0 . . . 0
...

...
. . .

. . .
. . .

. . .
...

0 . . . 0 0 h̃0 h̃1 . . . h̃ν

37775 (58)

In (56) we also defined the matrices eGi for i = 1, . . .,M +
1, which represent the channel matrix for each ASE noise
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source and are built starting from the pulse responses defined
in (53) as follows.

ġi,k, j , g̃i

�
kT − j

T
`

�
, k = 0, . . ., ν; j = 0, . . ., ` − 1eGi =26664

ġi,0,`−1 ġi,0,`−2 · · · ġi,ν,0 0 0 · · · 0
0 ġi,0,`−1 ġi,0,`−2 · · · ġi,ν,0 0 · · · 0
...

. . .
. . .

. . .
. . .

. . .

0 · · · 0 0 ġi,0,`−1 ġi,0,`−2 · · · ġi,ν,0

37775 (59)

Notably, eGi are (N f · `) × ((N f + ν + 1) · ` − 1) Toeplitz
matrices, with a quite different structure compared to eH. The
reason is that, differently from the signal that is generated at
the symbol rate, the noise terms are continuous-time sources
sampled at ` times the symbol rate after the convolution with
the pulse responses of the filters. Therefore, for the noise
sources, it is not possible to group the ` phases per symbol
period, as is done to represent the convolution between h̃(t)
and the transmitted symbols xk. Regarding the transceiver
noise, eGTRX has the same structure shown in (59), but
considering the pulse response g̃TRX(t) defined in (54) to build
it.

Finally, from (56) and (57) we write the expression for
the equalizer coefficients and the post-equalization noise
variance:

ew = R̃xY · R̃−1
YY (60)

σ2
MMSEE,FLE = Ēx −ew · R̃YY ·ew† (61)

Then the unbiased SNR for FLE without noise whitening is
obtained as follows.

SNRMMSEE,FLE =
Ēx

σ2
MMSEE,FLE

− 1 (62)

The numerical conditioning of the finite-length models
is governed by the covariance matrix used to compute the
MMSE equalizer coefficients. In the WFLE, the whitening
operation requires S tot( f ) > 0; if the colored-noise PSD
has zeros or very deep notches, 1/

√
S tot( f ) may become

ill-conditioned and may generate long temporal tails in
the equivalent pulse response h(t). The non-whitened FLE
avoids this explicit whitening step by directly assembling
the sampled colored-noise covariance in eRYY. Tight filtering
or nearly singular spectra may still increase the condition
number of the covariance matrices, although no numerical
instability was observed for the filtering conditions con-
sidered in this work and no additional regularization was
required. In the reported implementation, the equalizer coeffi-
cients are computed through explicit matrix inversion, which
was stable in all considered cases. For more severe configu-
rations, a safer implementation could solve the corresponding
linear system without explicitly forming the inverse and,
if needed, use diagonal loading, namely eRYY + λI, after
verifying that the selected λ has negligible impact on the
predicted Q2

dB.

TABLE 4. Fitting parameters for characterizing the optical filters based on the
experimental power spectrum of Figure 9. Bch: channel bandwidth; BWOTF:
optical-transfer-function bandwidth; DMX: demultiplexer; MUX: multiplexer.

III. MODEL VALIDATION
This section is devoted to the validation of the mathemat-
ical models described in Section II. First we provide the
mathematical model of the filtering devices, which has been
exploited throughout the entire validation process. Then we
show the results of the validation performed comparing
the models with time-domain simulations, and finally the
experimental results obtained replicating a realistic com-
plex optical system with cascaded elements. Considerations
are included, comparing the performance of the considered
equalization algorithms and discussing the different effects on
filtering penalty due to the interplay of ASE noise, transceiver
impairment, and bandwidth limitation.

A. OPTICAL FILTER MODEL
The proposed models are general and can embed any scalar
amplitude response of the optical filters. For validation pur-
poses, the spectral response of the optical filters was modeled
following the approach in [43], as was done in [10]. Such an
optical filter model is well-suited to accurately represent the
shape of the filtering effect when commercial ROADMs are
deployed in the optical link, and is generally preferable to the
super-Gaussian filter model. We emphasize that the adopted
filter model neglects phase and polarization effects, since it
provides only the amplitude effect of the optical filters.

The model assumes that the power spectrum of the WSS,
which operates as a bandpass optical filter, is obtained by
an aperture formed at the image plane of spatially diffracted
light. In the frequency domain, the aperture width is related to
the bandwidth Bch. The output amplitude spectrum is then the
convolution of the aperture function and the optical transfer
function of the device [43], leading to the expression:

S ( f ) =
1
2
σ
√

2π

"
erf

 
Bch
2 − f

σ
√

2

!
− erf

 
−

Bch
2 − f

σ
√

2

!#
(63)

where σ = BWOTF/(2
√

2 ln 2) depends on the bandwidth of
the optical transfer function BWOTF of the WSS.

In the case of simulations, the parameter BWOTF was set
to 11 GHz, while Bch was varied to test different filter-
ing configurations. In the case of experiments, the optical
spectrum analyzer (OSA) traces of the filter spectra were
fitted by adjusting both the Bch and the BWOTF parameters.
The fitting parameters are provided in Table 4, while the
fitted power spectra are reported in Figure 9. Equation (63)
accurately models the shapes of the four filters at the two
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FIGURE 9. Experimental characterization of the optical filters.

FIGURE 10. Reference setup for time-domain simulation with M = 10 filtering stages.

tested bandwidths and can therefore be used in the filtering
model. The same Figure 9 also reports the shape of the
cascade of the filters, which helps visualize how the overall
bandwidth shrinks when four filters are placed one after the
other.

B. SIMULATIONS
We performed the model validation through time-domain
simulations, exploiting the software validated in [11]. The
adopted simulator implements a least-mean-squares (LMS)
algorithm to estimate the received symbol sequence, allowing
the desired number of equalizer taps to be set. We compared
the post-equalization SNR provided by the simulator with the
values computed using all the models described in section II.

For validation purposes, we selected an arbitrary network
setup containing ten identical filtering elements, replicating
the filtering effect experienced by the signal when crossing
ROADMs in network nodes. As anticipated, we adopted the
optical filter model proposed in [43], according to the filter
shape of (63) setting the parameter BWOTF = 11 GHz and
tuning the parameter Bch to obtain the desired equivalent
3-dB bandwidth of the filter cascade. We emphasize that the
simulation allowed us to test the developed models on a scale
unachievable in a laboratory environment, both in terms of
number of elements and extreme filtering configurations. To
make meaningful comparisons of noise-location effects, the
noise sources can be placed before, after, or interspersed
throughout the filter chain. Figure 10 visually details the
scenario, in which the different noise sources can be enabled
or disabled as needed, and the transmitted signal is shaped
by a root-raised-cosine (RRC) pulse at a symbol rate of 64
GBd, DP-QPSK modulation, and roll-off equal to 0.15. Noise
sources are tuned so that their combined effect produces an
SNRASE of 12 dB, while the receiver is always characterized
by a 20 dBSNRTRX, with a white PSD. This choice was
made to prevent the filtering penalty from being dominated
by transceiver noise. In fact, if transceiver noise is the

main impairment, a different displacement of ASE noise
along the optical link does not lead to significantly different
performance.

For mathematical models and simulation results, perfor-
mance is assessed by evaluating the Q2

dB factor, as defined
in (2). The BER used in Q-factor evaluation is derived from
the standard BER formula for DP-QPSK modulation:

BER =
1
2

erfc

 r
SNREQ

2

!
(64)

where SNREQ is the post-equalization SNR, and is computed
from (28), (33), (35), (46), and (62) for theoretical models;
otherwise, it is provided directly by the time-domain simu-
lator.

1) MODEL VALIDATION VERSUS THE NUMBER OF TAPS
The first validation step compared the different equalizer
models with the results provided by the time-domain simu-
lator, varying the number of taps used in the LMS algorithm
and the total equivalent 3-dB bandwidth of the filtering cas-
cade. ASE noise was uniformly distributed among the noise
sources. The maximum absolute errors for all the equalization
models and simulation configurations are summarized in
Table 5.

Figure 11 illustrates that an increase in the number of
taps of the LMS algorithm allows an improvement in the
estimation of the received signals, which in turn increases
the Q2

dB factor. In particular, with 4 or 8 taps there is a
non-negligible gap between finite and infinite equalizer mod-
els, since MMSEE and FSE cannot predict the limited-tap
penalty. In contrast, increasing the LMS taps to 64 makes all
the results converge. Additionally, MMSEE and FSE always
provide the same result, as expected, since they are both
based on mean-square error. Indeed, in practical applications
using commercial transceivers, an FSE employing algorithms
such as least-mean-squares or constant-modulus adaptation
converges to MMSEE performance [42].
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TABLE 5. Summary of the filtering penalty estimation absolute errors and RMSE for validation by means of time-domain simulation for different
numbers of taps of the LMS equalizer. In the second group of columns, we considered only the cases in which the bandwidth of the cascade of the
optical filters was larger than 90% of the symbol rate.

FIGURE 11. Equalizer model comparison and validation with time-domain simulations.

Regarding the WFLE and the FLE, we observe that, with
4 taps, there is a small difference between the two models.
In particular, the WFLE is conservative with respect to
time-domain simulation, with a maximum error of 0.41 dB,
while the FLE follows the time-domain simulation results
extremely accurately, with a maximum error of 0.29 dB.
Nevertheless, when the number of taps increases, as depicted
for 8, 16 and 64 taps in Figure 11, the WFLE almost overlaps
the FLE, with a difference in the estimation error lower than
0.05 dB. One explanation to consider is that as the number
of taps increases, the scenario approaches the infinite-length-
equalizer case, in which the presence of the whitening filter
is no longer an approximation. Notably, the WFLE also
provides very reliable predictions with 8 and 16 taps, with
a maximum absolute error of 0.25 dB and 0.20 dB, where
there is a non-negligible gap between the predictions of finite-
and infinite-length equalizer models. Therefore, in addition
to the number of taps, it is also necessary to consider the
total amount of noise and the way in which the channel

pulse response is truncated. All these parameters affect the
dimensions and values of the channel matrices introduced
in Section II-F. FLE significantly outperforms MMSEE and
FSE for all the considered values of the number of taps.
FLE is also more accurate than the WFLE, but in this case
the difference between the two models becomes significant
only with 4 taps.

These results explain why the WFLE approach has been
successfully adopted in previous works, even for finite-length
equalization [27], but in general the FLE should be preferred,
being more realistic and giving the best prediction perfor-
mance, as summarized in Table 5, where we also provide the
RMSE, computed considering all the points for each model-
taps combination.

Lastly, the ZFE gives the worst performance prediction,
when the equivalent bandwidth of the filter cascade is sig-
nificantly lower than the signal symbol rate, due to strong
noise enhancement when the filters are tight. Nevertheless,
when the number of taps of the LMS algorithm is equal to
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FIGURE 12. Comparison of the Q2
dB evolution with different filter cascade

bandwidths and noise positions. FLE equalizer with 32 taps.

64, even the very light and simple ZFE gives a conservative
and good assessment of the filtering penalty down to an
equivalent filter cascade bandwidth of approximately 90% of
the symbol rate, with a maximum absolute error of 0.87 dB.
This observation is important because in a realistic scenario
the overall filtering effect is not expected to be extreme, and
commercial transceivers have a number of taps on the order
of a few tens. Therefore, even the ZFE could be a good choice
as a mathematical model, allowing fast penalty estimation
and disaggregation, as anticipated in Section II-E.1. This
result is pivotal for the development of an ONDT.

2) MODEL VALIDATION VERSUS NOISE POSITION
In the second validation test, the number of LMS taps was
set to 32, and the ASE noise was injected at different
locations: entirely at the first source in the pre-filter (PRE)
configuration, entirely at the last source in the post-filter
(POST) configuration, and uniformly across sources in the
distributed (DISTR) configuration. In this way, we explored
how the interplay of filtering effect and noise distribution
affects the system performance. In all three cases SNRASE
was kept constant and equal to 12 dB, as in the previous
validation test, and SNRTRX was again set to 20 dB.

The time-domain simulation results were compared with
the FLE mathematical model, as reported in Figure 12.
In this second test, very close agreement is also observed
between the mathematical model and the points simulated
using the LMS algorithm, with a maximum absolute error
of 0.17 dB for PRE, 0.15 dB for DISTR, and 0.14 dB for
POST. Performance also depends on the relative position of
noise and filtering elements. When noise is injected after the
filter cascade, the SNR penalty is higher because equalization
restores the signal while more strongly enhancing receiver-
side noise. Conversely, noise injected closer to the transmitter
passes through the full filter cascade, reducing equalizer-
induced enhancement. Since receiver-side noise experiences
the strongest filtering penalty, NLI can be conservatively
modeled as AWGN injected at the receiver, as anticipated

in Section I-A. As shown in Figure 12, for the considered
optical link, the minimum filter-cascade 3-dB bandwidth
differs by about 4 GHz at the forward error correction (FEC)
BER limit of 2× 10−2.

3) COMPUTATIONAL COMPLEXITY ANALYSIS
The computational complexity must be carefully
considered in order to evaluate the suitability for
ONDT implementations. Despite being much faster
than time-domain simulation, the matrix-based FLE
is the most computationally demanding among the
considered equalization models. Based on the FLE
model described in Section II-F.2, a naive dense-matrix
implementation requires the construction of the signal
covariance contribution, the assembly of the colored-
noise covariance contributions, and the solution of the
MMSE linear system. The corresponding computational
cost isO

�
(N f `)2(N f +ν) + (M+2)(N f `)2((N f +ν+1)`−1)

+(N f `)3
�

The first term is associated with the computation ofeHeH†, the second one with the M+2 colored-noise covariance
contributions eGieG†i and eGTRXeG†TRX, and the third one with
the solution of the linear system involving eRYY. Therefore,
the dependence on M arises from the covariance-assembly
stage, whereas the dense linear-system solution scales as
O((N f `)3) for fixed N f , `, and ν. If ` and ν are fixed by the
receiver sampling rate and by the selected impulse-response
truncation accuracy, respectively, the dominant FLE cost can
be compactly summarized as O(M(N f `)3). This compact
notation should be interpreted as the asymptotic scaling of
the overall dense implementation, not as an indication that
the matrix inversion itself is repeated for each noise source.
For the WFLE, the whitening assumption avoids the explicit
assembly of the colored-noise covariance matrices for all
noise sources. The corresponding dense implementation
has complexity O

�
(N f `)2(N f + ν) + (N f `)3

�
, which can be

compactly written as O((N f `)3) under the same assumptions.
The ZFE, MMSEE, and FSE models require only numerical
integration over the frequency grid and do not involve
finite-length covariance matrices. Their cost is independent
of N f and ν, and is negligible with respect to the finite-length
models for the grid sizes considered in this work.

C. EXPERIMENTS
Model validation was performed experimentally using the
setup depicted in Figure 13, which incorporates four WSSs
(two multiplexers (MUXs) and two demultiplexers (DMXs))
acting as optical filters. An optical signal was transmitted by
the two commercial transceivers characterized in Section I-B,
referred to as Vendor A and Vendor B. In the case of Vendor
A, the device was a pluggable transceiver with a simpler
architecture than the Vendor B transceiver. The transceivers
allowed measurement of the ROP and the BER of the
received signal. BER results were converted in terms of Q2

dB
factor, as anticipated in Section I-A, according to (2). For
both transceivers, the central frequency was 193.5 THz, and
the transmitted signal was shaped with an RRC pulse whose
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FIGURE 13. Experimental setup. BST: booster amplifier; OSA: optical spectrum analyzer; VOA: variable optical attenuator.

symbol rate is reported in Table 1, with roll-off factors of 0.2
for Vendor A and 0.1 for Vendor B.

To guarantee the necessary power budget, an additional
booster amplifier was incorporated at the beginning of the
optical link, mitigating the intrinsic loss introduced by the
WSSs. A VOA was used to tune the ROP and, consequently,
the impact of the transceiver noise through the parameter
SNRTRX.

For the experiments, the WSSs were centered around
193.5 THz, as for the transmitted signal. According to
Table 1, when the symbol rate was 31.6 GBd or 34.7 GBd,
the optical filter bandwidth was set to 50 GHz; in the other
cases, the selected optical filter bandwidth was 75 GHz. The
filter shapes are those described in Section III-A and reported
in Figure 9.

The three ASE noise sources were characterized using
an OSA and adjusted to ensure that they all provided the
same impact on the signal quality, so that the ASE noise
impairment was uniformly distributed along the optical link.
It was possible to tune the ASE sources to set the desired
total SNRASE.

The bandwidth of the WSSs could be adjusted in steps
of 12.5 GHz, which did not allow us to test many filter-
ing conditions. To achieve a tight and asymmetric filtering
condition, we shifted the central frequency of the transceiver
rather than acting on the parameters of the optical filters. This
controlled misalignment resulted in a progressive distortion
of the spectral shape of the signal and a gradual increase
in the associated penalty. The same shifts were also applied
to the transmitted signal in the mathematical model. As will
be detailed in the following, the two considered transceivers
provided different levels of control over the central-frequency
shift; therefore, for Vendor B it was possible to collect more
curves.

For both Vendor A and Vendor B, the parameter SNRTRX
was independently characterized using (7), as described in
Section I-B. For Vendor A the transceiver noise is modeled
as an AWGN source at the end of the link, with ideal AA
filtering and without any further bandwidth limitation in the
electrical domain. In the case of Vendor B, it was possible to
characterize the AA filter based on the ADC samples, but an
additional effort was needed, considering a transceiver noise
with colored PSD.

For both Vendor A and Vendor B transceivers, the exper-
imental curves are compared with the outputs of the WFLE
and FLE models. We chose them among the models discussed
in Section II because they are the most realistic ones, based

FIGURE 14. Spectrum of the signal transmitted by the Vendor A transceiver,
measured with an OSA.

on mean-square-error estimation and with a finite number
of transceiver taps. In this way, we further explore the
differences between the two models in terms of accuracy.

1) VENDOR A
In this first case, knowledge of the internal workings of
the pluggable transceiver and control options was limited
compared to the more sophisticated transceiver of Vendor
B. Consequently, we limited the theoretical assumptions to
the simpler ones, namely white transceiver noise and no
additional filtering impairments in the electrical domain. This
framework was consistent with all the modeling provided in
Section II, and the experimental validation was successful.
From the control point of view, the allowed central frequency
shifts were limited and available only with coarse step sizes.
We were able to test high filtering penalty configurations, but
with a coarse granularity.

In Figure 14 the measurement of the spectrum of the
transmitted signal for Vendor A is reported. The spectral
“horns” visible at the band edges are attributed to auxiliary
spectral components introduced by the transceiver implemen-
tation, typically associated with timing and synchronization
functions within the DSP chain. Although they do not carry
payload information, they contribute to maintaining receiver
synchronization and enabling performance monitoring. When
optical filtering strongly attenuates these edge components,
the receiver may lose the ability to correctly recover timing or
estimate performance metrics such as BER, leading to opera-
tional failure even if the central portion of the signal spectrum
remains detectable. As a consequence, the maximum range of
filtering configurations that could be experimentally investi-
gated was limited. This limitation does not make the Vendor
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FIGURE 15. Comparison of equalization models and measurements for different
numbers of taps for Vendor A, considering DP-16QAM 400G modulation with ROP
equal to -22.5 dBm and centered optical filters.

TABLE 6. Estimated RMSE between models and measurements for different
numbers of taps for Vendor A, considering DP-16QAM 400G modulation with ROP
equal to -22.5 dBm.

A validation secondary, since the accessible configurations
still include centered cascaded filtering through four WSSs
and, in most cases, asymmetric filtering with frequency shifts
equal to 6 or 7 GHz. These measurements therefore validate
the model within the operating region in which the pluggable
transceiver remains synchronized and provides reliable BER
estimates, while no claim is made for operational-failure
regimes.

First, we estimated the number of taps of the equalizer.
We chose DP-16QAM 400G modulation, which is the most
interesting from a commercial point of view, at an ROP of
-22.5 dBm. We compared WFLE and FLE with the case of
centered optical filters, computing the RMSE for different
numbers of taps. This case, which was used to calibrate the
model, was not considered in computing the errors on blind
test data, and the same approach was used in the case of
Vendor B. The calibration process is summarized in Table 6,
and Figure 15 gives a qualitative visualization of it. For
both WFLE and FLE, the estimated number of taps was 12,
which is reasonable considering the specifics of the pluggable
transceiver under test. The corresponding maximum absolute
error was 0.29 dB.

Figure 16 reports the measured Q2
dB factor as a function

of SNRASE for different modulation formats, baud rates,
and ROPs under several optical filtering configurations. For
each modulation format, three ROP values have been tested:
-17.5 dBm, -20 dBm, and -22.5 dBm. The first measurement
run, corresponding to the blue dotted curves in Figure 16, was

carried out without a significant filtering penalty, setting the
bandwidth of the optical filters to 200 GHz. Then symmetric
filtering with filters and the transmitted signal centered on
193.5 THz was assessed and is shown by the orange dotted
curves in Figure 16. After this second test, different shifts
of the central frequency of the transceiver were tried, in
order to validate the mathematical model with asymmetric
filtering conditions. The limited control of the transceiver
allowed us to test a shift close to 6 or 7 GHz for most of the
cases. For this reason, for DP-16QAM 400G modulation we
were not able to test any asymmetric filtering configuration,
but only the case in which the transceiver central frequency
was the same as that of the optical filters. The Vendor A
results should therefore be interpreted as a validation over a
restricted but still meaningful set of filtering conditions. In
particular, the centered-filter case is not penalty-free, because
the cascade of four WSSs already narrows and reshapes
the signal spectrum, while the available 6/7 GHz fre-
quency shifts provide additional asymmetric-filtering stress
for the configurations in which the transceiver remained
operational.

The penalty depends strongly on modulation format and
symbol rate. DP-QPSK shows limited degradation, con-
firming its robustness to spectral shaping and bandwidth
constraints. DP-16QAM has larger penalties, especially at
higher baud rates such as 400G, due to greater sensitivity to
filtering-induced ISI and constellation distortion. ROP also
affects performance: lower power shifts the curves down-
ward because transceiver noise increases under suboptimal
operating conditions.

Within the experimentally accessible region, a generally
good agreement is observed between the analytical models
and experimental measurements, with an overall maximum
absolute error of 0.36 dB. A detailed case-by-case error
report is provided in the error analysis in Section III-C.3,
separating calibration errors and errors on blind test data. For
this transceiver, there are no significant differences between
WFLE and FLE in terms of performance predictions, with
the FLE being slightly more accurate in most of the cases.

In 16a and 16d, saturation occurs at high SNRASE levels
and is not reproduced by the model curve, represented by
empty bullets. As anticipated in Section I-B, this happens
because at 15.5 dB of Q2

dB level, for DP-QPSK modulation,
the measured BER ranges between 10−10 and 10−9, tending
to saturate, being estimated only on the overhead bits. For
this reason, saturated DP-QPSK points were not included in
the error computation and in the error analysis.

2) VENDOR B
The transceiver under test in this second part of the experi-
mental validation was more sophisticated than the pluggable
transceiver from Vendor A, allowing testing of more filtering
configurations with finer granularity. In addition, in this case
there were no clock-recovery or synchronization issues under
severe filtering. This is confirmed by looking at the measured
spectrum of the transmitted signal, provided in Figure 17,
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FIGURE 16. Vendor A transceiver: experimental results for different ROPs and modulation formats. Comparison with WFLE and FLE mathematical models assuming 12 taps.
DP-16QAM 400G, ROP −22.5 dBm, and a frequency shift of 0 GHz were used for calibration; the other curves are part of the blind validation.

FIGURE 17. Spectrum of the signal transmitted by the Vendor B transceiver,
measured with an OSA.

where no edge spectral components are visible or required
to maintain transceiver synchronization.

FIGURE 18. Vendor B transceiver: estimated PSD of ADC samples and AA filter
tuning. The AA filter was estimated to be a sixth-order super-Gaussian filter with a
bandwidth of 69.4 GHz.

Moreover, post-ADC samples were accessible, from which
we estimated the transfer function of the AA filter. Figure 18
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shows the PSD of the ADC samples estimated using Welch’s
method [44], together with the fit obtained by multiplying
the transmitted RRC spectrum of Figure 17 by a sixth-order
super-Gaussian filter with a bandwidth of 69.4 GHz. As a
consequence, in this second case we had to account for the
electrical bandwidth limitation, which was considered as an
additional filtering stage after the injection of transceiver
noise according to Figure 3. The presence of the AA filter
does not require any modification to the models developed
in Section II, but it causes significant differences between
WFLE and FLE models. We recall that the FLE matrix
construction includes the AA filter shape, while in the case
of WFLE the transfer function of the AA filter cancels out,
leading to approximations.

In addition to the electrical bandwidth limitation, for this
second transceiver, the basic hypothesis of white transceiver
noise is not sufficient to obtain consistent results. Indeed, it
is possible to fit the back-to-back curves, as was done to
characterize the transceiver in Figure 4, exploiting the term
SNRTRX to obtain the equivalent white noise and tuning the
mathematical model to match the experimental results in
the absence of optical filtering. Nevertheless, this process
is insufficient because the model is inconsistent with the
measurements when optical filtering is applied. The amount
of ASE noise is experimentally controlled, and the optical
and electrical filtering effects are characterized in detail and
independently of SNRTRX. Therefore, the noise introduced
by the transceiver must have a colored PSD. We propose
a heuristic method tailored to commercial transceivers and
application-oriented scenarios.

Owing to the bandwidth limitation introduced by the AA
filter, equalization corrects the received signal even in the
back-to-back configuration. Therefore, the fitted SNRTRX
cannot be directly interpreted as the ratio between the
ROP and an AWGN transceiver-noise power, as in (15).
In principle, the shape S TRX( f ), the factor ṄTRX, and the
number of equalizer taps should be estimated using the FLE
model within an optimization loop. However, for back-to-
back measurements, the impact of the finite equalizer length
is limited; hence, an infinite-length model provides a reliable
approximation, consistently with the observations in [20].
Accordingly, we use the MMSEE model to iteratively opti-
mize ṄTRX and S TRX( f ) by matching the following estimategSNRTRX to the experimentally measured SNRTRX:

gSNRTRX =
ROP

ṄTRX

Z Rs
2

−
Rs
2

d f

Q
�

e− j 2π f
Rs

�
+ ṄTRXRs
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− 1 (65)
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S TRX

�
e− j 2π f

Rs

� (66)

In Figure 19, we plot the shape of the PSD S TRX( f )
as seen after the AA filter. The accuracy of the proposed

FIGURE 19. Vendor B transceiver: heuristic model of the colored PSD after the AA
filter.

FIGURE 20. Comparison of equalization models and measurements for different
numbers of taps for Vendor B, considering DP-16QAM 400G modulation with ROP
equal to -22.5 dBm. Central frequencies of optical filters were shifted by 5 GHz.

TABLE 7. Estimated RMSE between models and measurements for different
numbers of taps for Vendor B, considering DP-16QAM 400G modulation with ROP
equal to -22.5 dBm. Central frequencies of the optical filters were shifted by 5 GHz.

heuristic method can be further improved when the ground-
truth PSD of the transceiver noise is available, since its
shape is strongly device-dependent and may exhibit complex
and diverse spectral profiles [45]. In the present study, this
information was not available because the internal operation
of the Vendor B transceiver was not accessible.

After selecting the spectral shape S TRX( f ) and the scaling
factor ṄTRX, we estimated the number of taps by selecting
the case with ROP equal to -22.5 dBm and DP-16QAM
400G modulation, and computing the RMSE between the
measurements and the WFLE and FLE models. We chose
the case where optical filters were shifted by 5 GHz (the
maximum shift available), in which the effect of the limited
number of taps is expected to be more significant. This case
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FIGURE 21. Vendor B transceiver: experimental results for different ROPs and modulation formats. Comparison with WFLE and FLE mathematical models assuming 32 taps.
DP-16QAM 400G, ROP −22.5 dBm, and a frequency shift of 5 GHz were used for calibration; the other curves are part of the blind validation.

FIGURE 22. Experimental prediction error distribution in the case of Vendor A on
blind test data. Calibration errors and errors for saturated DP-QPSK points were not
considered.

was used for model calibration and was not used to compute
the prediction errors on blind test data. We report the results
in Table 7. Based on the FLE results, which correspond to the
most realistic model we have, we estimate that the number of
taps is 32. Figure 20 visualizes the estimation process. We
observe that for Vendor B there are significant differences
between the WFLE and FLE, confirming the conservativeness
of WFLE. This comment will be quantitatively expanded in
what follows.

Figure 21 provides a detailed visual validation of the FLE
analytical model by comparing the predicted Q2

dB values,
shown as dashed and dotted curves, with experimental mea-
surements, shown as markers. The comparison is performed
under controlled frequency offsets between the signal and the
central frequency of the optical filter cascade, for different

FIGURE 23. Experimental prediction error distribution in the case of Vendor B on
blind test data. Calibration errors were not considered.

modulation formats and ROP values. The model reproduces
the measurements with good accuracy across all the investi-
gated modulation formats and ROPs, with maximum absolute
errors of 0.53 dB for the WFLE and 0.42 dB for the FLE.
The FLE consistently outperforms the WFLE in all the
explored cases, reducing the absolute error by approximately
0.1 dB on average. The prediction errors on blind test
data are reported in the error analysis in Section III-C.3
for all the considered combinations of modulation formats,
ROPs, and optical-filtering severity. These results confirm
that modeling the transceiver noise as colored, rather than
white, is essential. Indeed, equalization reshapes the noise
spectrum, and the resulting noise enhancement depends on
the overlap between the equalizer transfer function and the
non-flat noise PSD, an effect that cannot be captured by a
white-noise approximation.
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TABLE 8. Experimental errors versus filtering severity, modulation format, and ROP in the case of
Vendor A, considering WFLE with 12 taps. Calibration errors are shown in blue. The maximum absolute
prediction error is shown in red.

TABLE 9. Experimental errors versus filtering severity, modulation format, and ROP in the case of Vendor B, considering WFLE with 32 taps. Calibration
errors are shown in blue. The maximum absolute prediction error is shown in red.

From a system perspective, the results show the combined
impact of filtering, ASE noise, transceiver noise, equalizer
limitations, and modulation sensitivity. At low SNRASE,
additive noise dominates, so filtering asymmetry has a limited
effect. As SNRASE increases, asymmetric-filtering distortion
becomes dominant, requiring a tradeoff between residual ISI
suppression and noise amplification. This leads to larger sep-
aration among offset conditions and saturation of achievable
Q2

dB. The effect is stronger for DP-16QAM and higher symbol
rates due to greater sensitivity to residual amplitude/phase
errors and reduced equalization margin from tighter spectral
occupancy. The ROP dependence follows the same consid-
erations as for Vendor A, further highlighting the interplay
between ASE and transceiver noise. Overall, the agreement

confirms that incorporating colored transceiver noise and
finite equalizer length is essential to accurately predict filter-
ing penalties for the Vendor B transceiver, supporting the use
of the proposed method for realistic metro-network system
assessments.

3) ERROR ANALYSIS
As a final step of the experimental validation, we provide
an error analysis to quantify the accuracy of the WFLE and
FLE models, to assess their conservativeness, and to clearly
separate calibration points from blind prediction points.

For each experimental point, the prediction error is defined
as

∆Q2
dB = Q2

dB,meas − Q2
dB,model (67)
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TABLE 10. Experimental errors versus filtering severity, modulation format, and ROP in the case of
Vendor A, considering FLE with 12 taps. Calibration errors are shown in blue. The maximum absolute
prediction error is shown in red.

TABLE 11. Experimental errors versus filtering severity, modulation format, and ROP in the case of Vendor B, considering FLE with 32 taps. Calibration errors
are shown in blue. The maximum absolute prediction error is shown in red.

With this definition, a positive error means that the
model underestimates the measured Q2

dB, and is
therefore conservative. Conversely, a negative error
indicates that the model overestimates the measured
performance.

The resulting error distributions are shown in Figure 22
and Figure 23 for Vendor A and Vendor B, respectively.
Calibration points are excluded from the histograms, so that
the distributions represent the predictive capability of the
calibrated models on blind test data. For Vendor A, saturated
DP-QPSK measurements, shown as empty markers in 16a
and 16d, are also excluded because the BER reported by the
transceiver saturates at very low values and does not provide a
reliable Q2

dB estimate. This exclusion rule avoids artificially
increasing the apparent model error in a region where the

limitation is due to the BER-reporting mechanism rather than
to the analytical model.

The histograms in Figure 22 show that, for Vendor A,
the errors are concentrated around zero and remain within a
narrow range. The WFLE and FLE distributions are very
similar, consistent with the fact that, for this transceiver,
receiver-side electrical filtering and transceiver-noise coloring
are not explicitly modeled because AWGN transceiver noise
is assumed; consequently, the two finite-length formulations
lead to nearly equivalent predictions. This is confirmed by the
detailed error values reported in Table 8 and Table 10, where
both the maximum absolute error and the RMSE remain
limited over the experimentally accessible combinations of
modulation format, ROP, and optical-filter frequency shift.
The largest deviations occur in the most stressed filtering
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TABLE 12. Summary and comparison of the analyzed equalization models. Nf ` = number of taps of the equalizer; M = number of optical filters in the considered optical link.
The compact complexity notation for FLE refers to the overall dense implementation. The M-dependent contribution is due to colored-noise covariance assembly, while the dense
linear-system solution scales as O((Nf `)3).

configurations, where residual implementation effects and
the AWGN-equivalent BER mapping are expected to have
a stronger impact.

For Vendor B, the error distributions in Figure 23 show
a clearer difference between WFLE and FLE. The FLE dis-
tribution is more centered and narrower, whereas the WFLE
errors are more spread and generally more conservative. This
behavior is expected because the FLE directly includes the
sampled colored-noise covariance and the AA-filter response,
while the WFLE relies on the whitening approximation.
The case used to calibrate the colored TRX-noise PSD and
the effective number of taps is not included in the blind-
error statistics. Therefore, the errors reported in Table 9
and Table 11 quantify the model prediction capability on
withheld ROPs, modulation formats, and optical-filter shifts.
The results confirm that the FLE provides the most accurate
description for Vendor B, especially when asymmetric filter-
ing and receiver bandwidth limitations make the interaction
between colored TRX noise and equalization more relevant.

Tables 8–11 provide a case-by-case view of the maxi-
mum absolute error and RMSE as a function of modulation
format, ROP, and optical-filter central-frequency shift. Cal-
ibration entries are highlighted in blue, separately from
blind-prediction entries, while the largest blind-prediction
errors are marked in red to identify the most critical configu-
rations. This representation is useful because it avoids relying
only on aggregate error metrics and shows how the prediction
accuracy evolves with filtering severity. Overall, the errors
remain small over the reliable measurement set, support-
ing the use of the proposed framework for filtering-aware
QoT estimation. At the same time, the analysis highlights
the expected limitations: strongly filtered conditions, low-
ROP operation, and high-symbol-rate DP-16QAM are the
most sensitive cases, because small uncertainties in BER,
OSNR/ASE loading, ROP, filter characterization, transceiver
characterization, or effective equalizer behavior can be ampli-
fied into larger Q2

dB deviations.

IV. CONCLUSION
This paper introduced generalized analytical models for
filtering penalties and receiver equalization in coherent opti-
cal links affected by linear impairments. Starting from
a common optical-channel representation and neglecting
phase and polarization effects, the analysis jointly con-
sidered cascaded wavelength-selective switches, distributed

amplified spontaneous emission (ASE) noise, receiver-side
transceiver impairments, anti-aliasing filtering, and digital
signal processing (DSP) equalization. The resulting for-
mulation provides generic coherent-link metrics, including
post-equalization signal-to-noise ratio (SNR), suitable for
optical network digital twin (ONDT) transmission modeling.

Closed-form expressions were derived for the zero-forcing
equalizer (ZFE), minimum mean-square error equalizer
(MMSEE), and fractionally spaced equalizer (FSE), while
the whitened finite-length equalizer (WFLE) and finite-length
equalizer (FLE) were formulated through semi-analytical
matrix models. This unified treatment clarifies the assump-
tions, accuracy, and complexity of the different equalization
approaches. In particular, the ZFE provides a simple dis-
aggregated metric for fast ONDT integration, whereas
finite-length equalizers better represent practical receiver
DSP.

A key contribution is the generalization of the equal-
ization models to arbitrary normalized transceiver-noise
power spectral densities (PSDs). This enables filtering-
penalty assessment for commercial transceivers whose noise
behavior cannot be accurately described by white-noise
assumptions or fixed spectral shapes. The approach is com-
patible with measurement-based transceiver characterization
and does not require access to proprietary implementation
details.

The proposed models were assessed through time-domain
simulations, highlighting their strengths and limitations in
terms of accuracy and complexity. Experiments with two
commercial transceivers and accurately characterized optical
filters confirm the accuracy of the proposed framework within
the operating regions where the devices provide reliable
BER estimates. The results show that filtering penalties
depend jointly on filter shape, noise distribution, transceiver
impairments, received optical power, modulation format, and
equalizer implementation.

The final comparison is summarized in Table 12, which
reports the overall RMSE together with the main accuracy
indicators. The RMSE is computed over all reliable experi-
mental points and, for simulations, over the 64-tap reference
data. The FLE provides the most accurate predictions, with
maximum absolute errors of 0.29 dB in simulations and
0.42 dB in experiments, and RMSE values of 0.09 dB
in simulations and 0.17 dB in experiments. These results
support the use of the proposed methods for filtering-aware
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QoT estimation in disaggregated metro-access and converged
optical networks.
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