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Abstract—The signal-to-noise ratio (SNR) measured on the
received symbol constellation, accounting for both amplified
spontaneous emission (ASE) noise and Kerr-induced nonlinear in-
terference (NLI), is a key metric for system design and optimiza-
tion. Consequently, separating these noise contributions enables
the optimization of optical networks for more efficient and lower-
margin transmissions. However, recent methods for nonlinear
SNR estimation, such as artificial neural networks and statistical
noise manipulation, require extensive knowledge of transmission
parameters or large training datasets. In this work, an alternative
approach, which requires minimal information about the system
configuration, is described and validated through simulations
and experiments. It exploits a linear least squares (LLS)-based
longitudinal power monitoring (LPM) algorithm that can be
implemented in standard coherent receivers, combined with
analytical expressions based on closed-form NLI models (e.g., the
GN model). In addition, the practical implementation challenges
of using hard-decided symbols to generate reference signals for
LLS-based LPM in NLI estimation are explored.

Index Terms—Optical Performance Monitoring, Longitudinal
Power Monitoring, Nonlinear Penalty Estimation.

I. INTRODUCTION

THE increasing demand for higher capacity and greater
flexibility in modern optical communication networks

presents significant challenges for network operation and man-
agement. As traffic patterns become more dynamic, the ability
to adjust optical paths and switch wavelengths efficiently
is essential. Additionally, low-margin operation and optimal
allocation of network resources are key concerns for network
designers. To address these challenges, telemetry data obtained
from coherent transceivers plays a critical role in network
monitoring and optimization.

Coherent transceivers already provide valuable telemetry
information through their digital signal processing (DSP)
modules [1]. Among the available telemetry metrics, the
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constellation signal-to-noise ratio (SNR) is particularly im-
portant, since it directly determines bit error ratio (BER) and
generalized mutual information (GMI) [2]. After propagation
over a coherent optical link, the SNR (in linear units) can be
expressed as [3]:

SNR = (SNR−1
TRX +OSNR−1 + SNR−1

NL)
−1 (1)

where SNRTRX accounts for transceiver noise, OSNR for
ASE noise and SNRNL for Kerr-induced NLI; the OSNR is
computed on a reference bandwidth equal to the symbol rate.
Isolating the above three noise components is essential for
network optimization, as the optimal optical transmit power
per span depends on the relative power of ASE and NLI noise
[3]. While transceiver noise can be characterized via factory
calibration, separating ASE and NLI contributions remains
challenging.

Various methods have been proposed to separate NLI power.
Some methods leverage the non-Gaussian nature of NLI [4]
to extract its power from carrier phase recovery (CPR) algo-
rithms or time-domain correlations in received constellation
diagrams [5]–[7]. However, these techniques require ideal
conditions and prior link knowledge. Others methods introduce
frequency-domain notches to facilitate noise separation [8],
needing transmitter modifications and calibration. Machine
learning approaches analyze constellation distortions [9]–[11]
or SNR fluctuations [12] but lack physical interpretability and
require extensive training.

Recently, digital longitudinal monitoring (DLM) has
emerged as a promising alternative, using receiver DSP data
for power profile and link parameter estimation [13], [14].
DLM has been successfully applied to estimate power pro-
files, CD maps, amplifier gain spectra, optical filters’ impulse
responses [15] and PDL [16]. A major advantage of DLM
is that it relies solely on information already available in
receiver DSP, making it well-suited for integration into coher-



Fig. 1. Schematic of the simulation setup and DSP used to validate the proposed method.

ent transceivers [17]. One specific DLM method, LLS-based
longitudinal power monitoring (LPM) [18], can accurately
track optical power evolution. When combined with simplified
NLI models like the GN model [3], LPM enables precise NLI
estimation. By combining NLI estimates with transceiver cal-
ibration data and overall SNR measurements, the three noise
components—transceiver noise, ASE noise, and NLI—can be
effectively segregated.

A preliminary suggestion for this type of solution was
presented in [15], with one implementation proposing the
use of estimated power profiles for split-step Fourier method
(SSFM) simulations to determine NLI power [19]. However,
this approach is computationally demanding, as it requires
re-propagation of all WDM channels, which are generally
unavailable at the receiver. Another potential method involves
using LPM to estimate link parameters necessary for analytical
NLI models (e.g., GN or EGN models). While viable, this is an
indirect estimation approach, meaning that inaccuracies in link
parameters can propagate into the NLI model, degrading per-
formance. In [20], [21] a more direct approach was proposed,
demonstrating how NLI estimation is inherently integrated
within LLS-based LPM. This method was validated across a
wide range of simulations and experimental conditions.

While LLS-based LPM requires limited receiver DSP data
to compute the power profile (specifically the received – noisy
– constellation symbols and their corresponding noise-free
transmit symbols [18]), obtaining noise-free transmit symbols
in real-time receivers is nontrivial. In [17] the authors showed
that substituting the transmit sequence with hard-decision
(HD) estimates of the received constellation introduces only a
small offset in the power profile, which can be compensated
for. The practical effects of power estimation offsets on NLI
determination using LLS-based LPM were investigated in [22]
validating the results in an experimental transmission over a
17× 65 km standard single-mode fiber (SSMF) link. The ob-
tained results demonstrate that this novel approach effectively
isolates NLI without requiring extensive prior calibration or
transmitter modifications, making it a promising candidate for
practical network monitoring and optimization.

In this paper, we review the latest proposed solutions for
NLI estimation through LLS-based LPM, also addressing the
practical implementation challenge of the use of hard-decision
symbols for the generation of the reference signals required
by the algorithm

II. NLI ESTIMATION FROM LINEAR LEAST
SQUARES-BASED LPM

The NLI estimation algorithm discussed in this work, and
schematically depicted in Fig. 1, was proposed in [21] and
resorts to LLS-based LPM [18]. It consists in estimating the
power profile evolution γ′ = 8

9γP of a WDM optical signal
A in the propagation direction and using it to reconstruct its
first-order nonlinear approximation term A1. This term carries
information on NLI and can be expressed in matrix form as
A1 ≃ Gγ′, where G is a perturbation matrix computed from
a reference version of the transmitted signal Aref [18].

The nonlinear SNR can then be computed as:

SNRNL =
1

ζ

GAref

GA1

(2)

where GAref
and GA1 are the power spectral densities (PSDs)

of Aref and A1, here assumed flat over the channel bandwidth.
The factor ζ, instead, is a correction term introduced to account
for the cross-channel interference (XCI) contribution to NLI,
since LPM includes only self-channel interference (SCI):

PNLI ≈ PSCI + PXCI = PSCI

(
1 +

PXCI

PSCI

)
= PSCI · ζ (3)

If all the parameters of the link are known, ζ can be
easily obtained by using any NLI model. For instance, if
we consider as COI the central channel of a homogeneous
WDM comb, comprising Nch channels with a symbol rate Rs

and spaced by ∆f , we can apply the straightforward closed-
form approximation provided by the GN model [23, Eq. (15)],
yielding

ζ ≈
asinh

(
π2

2 β2Leff,aR
2
sN

2Rs
∆f

ch

)
asinh

(
π2

2 β2Leff,aR2
s

) . (4)



This expression depends on the symbol rate and the frequency
spacing of the channel, as well as on the fiber’s dispersion
(β2) and attenuation (Leff,a = 1/2α, where α is the field
attenuation parameter).

Then, assuming “standard” conditions (i.e., transmission
over SMF of modern coherent optical channels), in [24, Eq.
(23)] the authors provided an even simpler approximation,
which was also adopted in [21]:

ζ ≈ 4
√
Nch . (5)

The introduced error is relatively large due to the higher level
of approximation. However, it proves effective while requir-
ing only the knowledge of a single additional transmission
parameter. When a more accurate estimation of ζ is required,
standard NLI models (assuming that the parameters are known
or can be estimated) can be used.

III. SIMULATION RESULTS

A preliminary numerical analysis is performed over the
simple setup in Fig. 1, in which all the fundamental steps
to implement LLS-based LPM and NLI estimation are also
displayed. It consists of a WDM comb of dual-polarization
(DP)-64QAM channels, modulated at a symbol rate Rs = 128
Gbaud, and shaped by a square-root raised-cosine (SRRC)
filter (roll-off ρ = 0.1). The simulations are carried out
considering the main parameters spanning in the following
ranges: number of channels Nch ∈ {1, 5, 11, 21}, per-
channel power Pch ∈ {−2, . . . ,+5} dBm and channel spacing
∆f ∈ {150, 175, 200} GHz. The channel of interest (COI) is
the center channel. The link is composed of 10×50-km identi-
cal spans of G.652 single mode fibers (SMFs), with attenuation
αdB = 0.2 dB/km, CD coefficient β2 = −21.28 ps2/km
and nonlinearity coefficient γ = 1.3 1/W/km. Each span is
followed by an EDFA with noise figure F = 5dB to fully
compensate for the span loss. Fiber propagation is simulated
using a time-domain split-step Fourier method (SSFM) and
the received signal is processed by a standard DSP chain,
which includes resampling at 2 sample-per-symbol, CD com-
pensation, adaptive equalization and CPR. The output of the
CPR stage is finally extracted and used as input for the LLS-
based LPM and the subsequent NLI estimation algorithm. All
results are compared to those obtained with a GN-model [23]
running in parallel to the numerical simulations and used as a
reference.

All combinations of values for Nch and Pch were tested,
while keeping the channel spacing constant at ∆f = 200GHz.
The results are reported in Fig. 2(a), while an example of
the power profiles utilized in the NLI estimation algorithm
is shown in Fig.2(b), for Nch = 1. The estimation is very
accurate for the single-channel case; however, as expected, an
estimation bias appears when the number of WDM channels
increases, as displayed in Fig. 2(c).

IV. EXPERIMENTAL VALIDATION

In this section, we evaluate the algorithm’s accuracy, in-
cluding XCI-based bias correction, in an experimental setup

Fig. 2. a) Results of SNRNL estimation using (2) with ζ = 1 (circles) and
the GN-model (black dashed line) over a 10×50-km SMF link at 128 GBaud
per channel and ∆f = 200GHz for a varying number of WDM channels
Nch. b) Example of estimated power profiles in the single channel scenario.
c) Mean estimation bias with respect to nominal SNRNL computed with GN-
model.

using commercial coherent transceivers. The setup is shown
in Fig. 3(a) and detailed in [20]. A wide range of SNRNL are
explored by varying per-channel power (Pch) from 0 dBm to
+10dBm in 2 dB steps using a VOA before the BST EDFA.
For each condition, 100 profiles were estimated and used in
(2) to compute the SNRNL, with the final values averaged.

To validate the proposed method, the nonlinear SNR is also
measured experimentally. In particular, the overall SNR is re-
trieved from the real-time DSP of the commercial transceiver,
for each power level. The OSNR and the SNRTRX are
instead measured from the power spectral densities measured
by the OSA and a set of back-to-back data acquisitions,
respectively. Particularly, the procedure to estimate SNRTRX

is the one described in [25], yielding SNRTRX = 19.77 dB.
Hence, SNRNL is easily obtained from (1). The results are
reported in Fig. 3(b), where the generalized SNR (GSNR) is
GSNR = (SNR−1 − SNRTRX

−1)−1. Please note that the
OSNR tends to saturate around the value of 26 dB at high



Fig. 3. a) Experimental setup. WS: wave shaper; VOA: variable optical attenuator; BST: booster; OSA: optical spectrum analyzer; ILA: in-line amplifier;
TOF: tunable optical filter. b) Measured GSNR, OSNR and SNRNL for each tested per-channel power Pch. c) Comparison between measured (dashed
black) and estimated (blue circles) SNRNL with corresponding absolute estimation error (green squares).

power levels, due to the internal noise added by the transceiver,
the BST and pre-amplifier EDFAs.

The measured values of SNRNL are finally compared to
those estimated by (2), as shown in Fig. 3(c). The corre-
sponding absolute estimation error is also reported. In general,
the results obtained with the proposed method are consistent
with the measured values. The absolute estimation error is
always below 0.6 dB and characterized by a root-mean-square
error (RMSE) of approximately ∼ 0.4 dB. Moreover, the
simple correction factor derived in (5) proves to be effective
in mitigating the estimation bias induced by XCI in the
considered transmission system.

V. IMPACT OF THE USE OF HARD-DECISION SYMBOLS

In this section, we investigate the performance penalty
arising from using HD symbols for LLS-based LPM. To this
purpose, we resort to the simple setup shown in Fig. 4(a).
The transmitted WDM signal consists of Nch = 11 150-
GHz-spaced DP-16QAM channels, modulated at Rs = 128
Gbaud and shaped by an SRRC filter with roll-off 0.1. The
per-channel power is set to Pch = 5dBm. The link is
composed by 4×50-km identical SMF spans, with attenuation
αdB = 0.2 dB/km, CD coefficient β2 = −21.28 ps2/km
and nonlinearity coefficient γ = 1.3 1/W/km. Each span
is followed by a noiseless EDFA to compensate for span
loss. Fiber propagation is simulated using the SSFM. Before
reception, noise loading is applied to the signal, with OSNR
varied from 10 dB to 30 dB, with step 1 dB. At the receiver,
the signal undergoes DSP processing, including CD compen-
sation, adaptive equalization, CPR and decoding. The CPR
output is extracted and used to perform LPM, with 220 input
samples and a spatial granularity equal to ∆z = 1km. A few

examples of results obtained using the HD sequence for LPM
are displayed in Fig. 4(b).

When error-free, the PPE aligns with the theoretical curve,
but as OSNR decreases (and BER increases), an offset appears,
degrading PPE accuracy. Fig. 4(c) quantifies this offset as
the power difference at the beginning of the third span (i.e.,
z = 100 km) between the PPE computed with an error-free
sequence and that computed with the HD sequence (which will
be referred to as HD-PPE). A fitting analysis revealed a linear
relation between the offset and the BER: ψ [dB] = k · BER,
with k ≃ 100 for the considered scenario and BER in linear
units. This formula enables HD-PPE correction, improving
NLI estimation accuracy.

The NLI estimation algorithm and the impact of HD-PPEs
were also tested in a more realistic and challenging exper-
imental scenario (not shown here due to space constraints)
[22]. Using an error-free reference sequence, the algorithm
achieved a mean absolute error of 0.5 dB compared to the
CFM. However, with HD sequences and high BER, accuracy
significantly degraded, increasing the mean absolute error
to 3.5 dB. Applying a BER-based correction to the HD-
PPE offset before using (2) significantly improved accuracy,
reducing the mean absolute error to 0.8 dB. The remaining
error is attributed to residual noise in the reference sequence,
which affects PPEs beyond the offset correction [22].

VI. CONCLUSIONS

In this work, we described a novel method for estimating
Kerr-induced NLI power in live coherent optical transmissions
using only receiver DSP data. Exploiting the LLS-based LPM
algorithm, it provides accurate NLI estimates and tracks WDM
channel power evolution for network optimization. We also



Fig. 4. a) Simulation setup. b) Power profiles computed starting from HD sequences for varying BER values. c) Estimation offset for varying BER values.

examined implementation penalties, focusing on errors from
using HD reference sequences in LPM. Results showed that
the offset in HD-PPEs scales with pre-FEC BER and the
accuracy of the NLI estimation can be improved applying a
BER-based correction.
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