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 A B S T R A C T

Detecting anomalies and estimating system parameters are crucial for maintaining service quality in gridless 
Elastic Optical Networks (EONs). The absence of fixed Channel Spacing (ChSp) and the need for flexible 
resource allocation make anomaly detection and parameter estimation particularly challenging, especially when 
ChSp is close to or smaller than the Channel Bandwidth (ChBw). In this work, we propose a deep learning (DL)-
based optical performance monitoring tool built upon a common neural architecture that can be parametrically 
configured for either classification or regression, depending on the target monitoring task. When configured in 
classification mode, the model detects anomalies, such as excessive noise levels and spectral overlap, whereas 
in regression mode, it provides an accurate estimate of ChSp or OSNR. This task-oriented configurability 
allows the same architectural framework to be applied across multiple monitoring functions without requiring 
fundamentally different model designs. We experimentally validated our method in 3 × 16- and 3 × 32-GBd 
16-Quadrature-Amplitude-Modulation (QAM) Nyquist Wavelength-Division Multiplexing (WDM) systems. Our 
tool achieved approximately 98% and 89% accuracy in binary spectral-overlap classification for 16- and 32-GBd 
cases, respectively. ChSp estimation errors were limited to 0.3 GHz (16-GBd) and 0.9 GHz (32-GBd). Detection 
of low- and high-OSNR levels achieved approximately 96% and 81%–85% accuracy for 16-GBd and all the 
32-GBd scenarios, respectively. Estimation errors less than 0.5 dB for the 16-GBd scenario and 0.8–1.6 dB 
for all the 32-GBd scenarios were achieved. These results demonstrate the robustness and versatility of the 
proposed OPM framework, which operates exclusively at the symbol level, thereby avoiding access to higher-
rate signal samples or modifications to the Digital Signal Processing (DSP) chain of conventional coherent 
receivers, making it well-suited for future dynamic gridless optical transmission systems.
1. Introduction

The exponential growth in data traffic and the increasing demand 
for high-speed connectivity have driven the evolution of Elastic Op-
tical Networks (EONs), where dynamic resource allocation and grid-
less spectrum management are crucial for meeting future bandwidth 
requirements [1]. The spectral flexibility in EONs based on wavelength-
division multiplexing (WDM) is enabled by reconfigurable optical add-
drop multiplexers (ROADMs) that dynamically allocate optical chan-
nels [2]. However, the dynamic and gridless nature of EONs introduces 
significant challenges for optical performance monitoring (OPM), par-
ticularly regarding channel spacing (ChSp) and optical signal-to-noise 
ratio (OSNR) [3,4]. On one hand, future gridless networks must esti-
mate the spectral separation between adjacent channels at transit nodes 
to determine optimal channel placement and the required spectral 
width for the ‘‘adding’’ and ‘‘dropping’’ processes. This presents a 
challenge, as each channel may occupy a different channel bandwidth 
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(ChBw) depending on its symbol rate and roll-off factor. On the other 
hand, in gridless scenarios with reduced or absent guard bands, where 
ChSp is close to or even lower than the ChBw, estimating OSNR 
becomes particularly challenging due to the difficulty of isolating the 
noise floor from the signal [3,5,6].

While EONs greatly enhance spectral efficiency through flexible 
channel allocation, their performance is fundamentally constrained by 
two interrelated physical-layer impairments: inter-channel interference 
(ICI) and OSNR degradation. Previous experimental studies have shown 
that linear ICI can severely degrade system performance, with Bit Error 
Rate (BER) strongly dependent on both OSNR and ChSp, including 
scenarios with spectral overlap [7]. These results highlight that ICI is 
not merely a secondary impairment, but a dominant factor that must 
be accurately quantified under gridless operation. Simultaneously, the 
reduction in ChSp diminishes the effective OSNR margin, as Ampli-
fied Spontaneous Emission (ASE) noise accumulates across adjacent 
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Fig. 1. Spectrum diagrams of three configurations, each depicting three optical channels with different spectral separations and OSNR values. Some channels are 
affected by linear ICI, while others remain unaffected. The IQ constellation diagrams indicate that all three configurations yield similar EVM values.
channels [8]. Traditional monitoring systems struggle to isolate these 
effects; OSNR measurements (e.g., via spectral analysis) often mis-
interpret linear ICI as additional noise, while ICI detection methods 
typically rely on knowledge of neighboring channel parameters [9]. 
This interdependence results in a diagnostic blind spot within networks, 
where neither impairment can be accurately assessed without prior 
knowledge of the other.

For instance, as illustrated in Fig.  1, the received symbols in the In-
Phase/Quadrature (IQ) constellation diagrams exhibit significant visual 
similarity across different combinations of ChSp and OSNR levels. For 
example, a configuration with guard bands (no spectral overlap) and 
low OSNR can produce a constellation diagram nearly indistinguishable 
from one with narrow spectral overlap and high OSNR, as both scenar-
ios result in comparable % Error Vector Magnitude (% EVM) values. 
This ambiguity poses a critical challenge for traditional OPM methods, 
as it complicates the accurate discrimination between noise-dominated 
and interference-dominated impairments. In addition to linear ICI and 
ASE noise, fiber nonlinearities, such as those induced by the Kerr 
effect, may further distort the received signal, particularly at higher 
launch powers. These effects introduce additional phase and amplitude 
perturbations, increasing the complexity of performance monitoring 
in practical systems. Also, given the considerable computational cost 
of temporal waveform analysis and Fourier transformations, this un-
derscores the necessity of OPM at the symbol level. Consequently, 
conventional approaches based on optical spectrum analyzers (OSAs) or 
simple % EVM metrics fail to provide reliable OSNR or ChSp estimates 
in dynamic gridless networks.

Recent studies [1–4,10,11] have used machine learning (ML) tech-
niques, including deep learning (DL) architectures, to estimate OSNR at 
specific ChSp conditions [1,2,10]. Furthermore, in [3,11], the authors 
introduced DL-based methods to estimate ChSp in gridless networks, 
although at a fixed OSNR value.

In this context, this work proposes a configurable DL-based optical 
performance monitoring methodology built upon a common feature 
extraction and processing pipeline. By leveraging 2D histogram repre-
sentations of IQ constellations, the approach enables the discrimination 
between linear ICI and ASE noise, even under spectral overlap condi-
tions. The same methodological framework is systematically applied to 
2 
different monitoring tasks, including anomaly detection and the esti-
mation of OSNR and ChSp, across different symbol rates and operating 
regimes. As an extension of our preliminary conference work [12], 
which focused exclusively on OSNR estimation under constrained sce-
narios, this work expands the methodology to additional monitor-
ing tasks, including ChSp estimation and anomaly detection, along 
with a more comprehensive experimental validation. In contrast to 
existing approaches, which are typically limited to single-task estima-
tion under fixed conditions and often neglect spectral overlap effects, 
the proposed framework is evaluated under more realistic gridless 
scenarios, including sub-Nyquist channel spacing and varying system 
configurations. This enables a more consistent and robust assessment 
of optical performance monitoring while maintaining a symbol-level 
implementation that avoids modifications to the DSP chain. A detailed 
comparison with representative methods from the literature is provided 
in Table  1, highlighting differences in monitoring scope, feature repre-
sentation, dataset diversity, and performance metrics, as well as the 
corresponding advantages and limitations of each approach.

The remainder of this article is organized as follows: Section 2 
describes the experimental setup and the data generation process. 
Subsequently, Section 3 describes the development of the monitoring 
tool, from data preprocessing to the DL strategies that enable the 
estimation and detection of anomalies in two gridless Nyquist-WDM 
systems with 16- and 32-GBd 16-QAM. Section 4 presents the results 
of the DL-based monitoring tool along with a discussion on deployment 
feasibility. Finally, Section 5 outlines the conclusions of this work and 
discusses future research directions.

2. Experimental setup

The dataset used to demonstrate the functionality of the proposed 
tool was derived from two experimental setups, ES1 and ES2, as de-
tailed in Ref. [7]. Both setups employ a gridless Nyquist-WDM system 
using 16-QAM modulation with baud rates of 16-GBd for ES1 and 32-
GBd for ES2. Each setup incorporates three tunable laser configurations, 
with linewidths of 100 kHz for ES1 and 25 kHz for ES2, enabling 
adjustment of the spectral separation between the channels. Laser mod-
ulation is achieved through dual-polarization IQ modulators, which are 
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Table 1
Architectural comparison of representative ML-based approaches for OPM.
 Ref. ML Archi-

tecture & core 
function

Feature repre-
sentation

Dataset 
size & trans-
mission Profile

Perfor-
mance levels

Pros Cons  

 Thrane et al. 
(2017) [4]

SVM (Classification) 
& Shallow NN 
(Regression) for 
Modulation Format 
Identification (MFI) 
& OSNR

1D Features 
(Mean/Variance 
extracted from Eye 
Diagrams)

Tested on specific 
32-GBd QAM. Fixed 
channel spacing 
assumed. OSNR: 
4–30 dB

MFI Acc: 94%. 
OSNR Error: 0.2 dB 
(only within a 
specific 4–17 dB 
range)

Fast execution due to 
very simple, 
low-dimensional 
features. Excellent 
estimation within 
constrained OSNR 
bands

Discards all phase info. 
Cannot distinguish 
between CD, PMD, and 
severe linear ICI. Fails 
catastrophically at 
OSNR extremes due to 
feature blending 
(1.2 dB)

 

 Wan et al. 
(2019) [2]

Multi-Task Learning 
ANN (MTL-ANN) for 
joint OSNR & MFI

1D Amplitude 
Histograms (AH)

Evaluated on 
discrete OSNR 
ranges. Fixed grid, 
no overlapping 
channel 
characterization

OSNR MSE: 
0.12 dB. MFI Acc: 
100% (on simple 
formats)

Reduces computation 
time by >40% via 
shared hidden layers 
for multiple tasks

1D Histograms 
obliterate 
phase-quadrature 
covariance, failing 
completely to capture 
the spatial 
asymmetrical 
deformations of linear 
ICI

 

 Locatelli et al. 
(2021) [11]

Curve Fitting + ML 
Regression for filter 
bandwidth & central 
frequency shift 
estimation (ingress 
node) and ASE 
noise estimation 
(egress node)

Optical spectrum 
magnitude from 
low-cost Optical 
Channel Monitors 
(OCMs)

Sim. (16 cases) + 
Exp. (7 cases); 
DWDM/flex-grid; 
filter 6 dB BW: 
36.5–38.5GHz; freq. 
shift: ±2GHz; 
VOA-emulated ASE 
noise

Filter freq. shift 
MAE: <0.63GHz 
(sim.)/<1GHz 
(exp.); filter 6 dB 
BW MAE: <1GHz 
(exp.); ASE noise 
MSE: 0.014 (exp.)

Dual ingress/egress 
monitoring with 
low-cost OCMs. 
Achieves 84% and 75% 
relative accuracy gain 
for freq. shift and BW 
vs. datasheet values. 
Applicable to 
disaggregated networks

Spectral-domain input 
only - no symbol-level 
IQ analysis. No MFI or 
direct OSNR waveform 
estimation. Egress ASE 
relative error remains 
high (78%–91%). 
Limited filter parameter 
space

 

 Saif et al. (2022) 
[1]

SVR for OSNR & 
Cromatic Dispersion 
(CD) estimation

2D-IQH (compressed 
via 2D-DFT/DCT 
transforms)

Exp. 7 × 20-GBd 
DP-QPS system, 
with OSNR in the 
range of 12–24, 
with a step of 2 dB

OSNR 𝑅2> 0.98. CD 
𝑅2> 0.97

Superior dimensionality 
reduction reduces 
computational 
complexity at the 
receiver

Emulated chromatic 
dispersion. 
Experimentally 
validated only for 
QPSK. No extreme 
negative guard band 
(overlap) analysis. Only 
20-GBd

 

 Hraghi et al. 
(2023) [3]

Feed-Forward 
Neural Network 
(FFNN) for channel 
spacing estimation

1D projections of IQ 
histograms onto 
diagonal/horizontal 
axes

Limited OSNR 
ranges (17 to 19 dB 
in the experimental 
setup), focused 
exclusively on 
spacing. 3 × 52-GBd 
16-QAM

Spacing RMSE: 
0.32 GHz 
(sim.)/1.26 GHz 
(exp.)

Specifically targets the 
critical issue of linear 
inter-channel crosstalk 
in dense WDM

Computationally 
isolated (does not 
estimate OSNR). 
Experimental error is 
relatively high 
(1.26 GHz) and lacks 
robust validation under 
severe overlap. Limited 
OSNR range

 

 Our Framework Configurable CNN, 
FCNN, AE-FCNN for 
spectral overlap and 
low-OSNR detection 
(anomaly detection), 
and system 
parameters 
estimation (ChSp 
and OSNR)

2D Histograms of 
IQ Symbols 
(Gaussian filtered & 
Normalized).

Exhaustive gridless 
sweep (>80 
scenarios, >100k 
symbols each). 
Spacing: 
15–18 GHz, 
including single 
channel (16GBd) 
and 28.5–50 GHz 
(32GBd). Includes 
severe spectral 
overlap (ChSp <
ChBw). OSNR: 
14–40 dB

Spacing RMSE: 
<0.6 GHz. Overlap 
Acc: ≈98%. OSNR 
MAE: <2 dB (blind). 
R2>0.8 for all 
scenarios

Unified pipeline 
seamlessly swaps 
between classification 
and regression. Good 
blind estimation 
capability. Validated on
negative guard bands. 
Characterization across 
a wide range of ChSp 
and OSNR. It works at 
the symbol level

The method was 
experimentally 
validated using two 
spectrally adjacent, 
equally spaced 
16QAM-modulated 
channels

 

driven by four digital-to-analog converters (DACs). The DACs operate 
at sampling rates of 64 GSa/s for ES1 and 88 GSa/s for ES2, with 
electrical bandwidths of 14 GHz and 32 GHz, respectively. Both center 
and side frequency channels are generated by different DACs to produce 
uncorrelated signals.

A roll-off factor of 0.1 is used to implement Nyquist pulse shaping, 
resulting in ChBw of 17.6 GHz for the experimental setup ES1 and 
35.2 GHz for ES2. The dataset per setup includes over 80 scenarios, 
each containing more than 40k received symbols. The variable ChSp 
is incremented by 0.5 GHz, ranging from 15 to 18 GHz for ES1 and 
3 
30 to 36 GHz for ES2. This includes a ChSp of 18 GHz (in a non-
overlapping scenario) and single-channel cases for ES1, as well as a 
ChSp of 37.5 GHz (in a non-overlapping scenario) for ES2.

The experiments evaluate the impact of ICI and include both back-
to-back (B2B) and optical fiber transmission configurations, as illus-
trated in Fig.  2. ASE noise is introduced before the receiver by satu-
rating an optical amplifier, resulting in an OSNR from 14 to 40 dB. 
Transmission over 270 km of standard single-mode fiber is included 
for ES2. Erbium-doped fiber amplifiers (EDFAs) were placed after 90 
km links. The launch powers for the transmission were set to 0 dBm 
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Fig. 2. Experimental Nyquist-WDM systems.
and 9 dBm. At the receiving end, a wideband coherent receiver with 
a 40 GHz bandwidth was employed to detect the optical carriers, with 
the central carrier serving as the channel of interest.

The received signal is digitized using a real-time oscilloscope with a 
sampling rate of 80 GSa/s, with each of its four inputs (I and Q in the X 
and Y polarizations) offering a 35 GHz bandwidth. Offline digital signal 
processing is performed using MATLAB®, while the proposed DL-based 
tool is implemented in Python.

The data obtained from both experimental setups, ES1 and ES2, 
were transformed into IQ diagrams, each representing a time window 
of approximately 10k symbols. Specifically, ES2 generates three distinct 
datasets: (i) 0 km with 0 dBm, (ii) 270 km with 0 dB, and (iii) 270 km 
with 9 dBm. In contrast, ES1 produces only a single dataset from a B2B 
setup.

3. Development of the monitoring tool for detecting and estimat-
ing OSNR and chsp

The proposed monitoring tool operates on grayscale images derived 
from 2D histograms of the received IQ constellation, where the bin 
count determines both the spatial resolution of the resulting image 
and the granularity of the frequency distribution it encodes. In this 
work, a bin count of 32 is adopted for all reported experiments, as 
it represents the most favorable trade-off between feature quality and 
computational efficiency. A brief characterization of performance and 
training/inference cost across bin configurations of 16, 32, 64, and 
128 is presented in Section 4, where this design choice is further sub-
stantiated. The proposed feature representation captures the statistical 
distribution of the received symbols, which may include distortions 
arising from multiple impairments. These include linear ICI, ASE noise, 
4 
and potential nonlinear effects. However, the framework does not 
explicitly isolate these contributions, but rather learns their combined 
impact on the symbol distribution. Besides, this framework is not re-
stricted to a specific modulation format. Since it relies on statistical and 
geometric properties of the received constellations, it can be extended 
to other M-QAM formats, provided that appropriate training data is 
available. Note that 16-QAM was used in this study as a representative 
intermediate format sensitive to both noise and interference. On the 
other hand, the selection of the evaluated architectures is motivated 
by the need to analyze different levels of feature representation and 
model complexity within the context of optical performance moni-
toring. The Fully Connected Neural Network (FCNN) architecture is 
considered a baseline deep learning model operating on flattened input 
data, without explicitly exploiting spatial structure. The Autoencoder 
(AE)-FCNN is included to investigate whether compressed latent rep-
resentations can improve performance by reducing redundancy in the 
input features. In contrast, the Convolutional Neural Network (CNN) is 
specifically designed to capture spatial correlations in the 2D histogram 
images, making it particularly suitable for this task. In addition to 
deep learning models, a support vector machine (SVM) is considered 
as a classical machine learning benchmark, enabling comparison with 
non-deep-learning approaches commonly used in optical performance 
monitoring.

3.1. Image preprocessing

Fig.  3 illustrates the step-by-step process of the image preprocessing 
using a Gaussian filter. After obtaining 2D histograms with 32 values 
per bin, which clearly reveal the frequency distribution, 32 × 32-pixel 
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Fig. 3. Step-by-step of obtaining and filtering the 2D histogram from the IQ diagram of the received symbols using a Gaussian filter.
images are generated for each 2D histogram. Then, the noisy image is 
filtered using a Gaussian filter of size 𝑘 × 𝑘 according to

𝐺𝑖 = 𝛼 exp
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where 𝑘𝑠𝑖𝑧𝑒 is the kernel size, and 𝑖 = 1,… , 𝑘𝑠𝑖𝑧𝑒 − 1. It is necessary 
to specify the kernel’s width and height, which must be positive and 
odd. Additionally, the standard deviation in the 𝑋 and 𝑌  directions, 
labeled as 𝜎𝑋 and 𝜎𝑌 , respectively, must be defined. Commonly, 𝜎𝑋
and 𝜎𝑌  have the same value. 𝛼 is a scale factor. If 𝛼 is non-positive, it 
is computed from 𝑘𝑠𝑖𝑧𝑒 as
𝛼 = 0.3 (0.5 (𝑘𝑠𝑖𝑧𝑒 − 1) − 1) + 0.8.

For the Gaussian filter, the sum of all filter coefficients, defined as
𝑘𝑠𝑖𝑧𝑒−1
∑

𝑖=1
𝐺𝑖 = 1,

must be satisfied. The Gaussian blur is highly effective for removing 
Gaussian noise from an image, making it particularly useful in this 
approach as it reduces the effects of AWGN on the constellations, 
thereby emphasizing residual effects that may be characteristic of the 
ICI remaining in the image, such as the temporal correlations that occur 
when transmitting overlapping channels. In our previous work [13], we 
demonstrated that a 5 × 5-kernel works well for these datasets because 
a 3 × 3-kernel does not remove enough Gaussian noise from the image, 
and kernels larger than 5 × 5 remove too much valuable information.

After applying the Gaussian filter, the grayscale images, which 
initially ranged from 0 to 255, now exhibit varying value ranges. To 
standardize these images and ensure consistency in the dataset, we use 
a min–max scaler, as

𝑋𝑠𝑐𝑎𝑙𝑒𝑑 =
𝑋 −𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥 −𝑋𝑚𝑖𝑛
,

where 𝑋 represents the original pixel intensity, and 𝑋𝑚𝑖𝑛 and 𝑋𝑚𝑎𝑥
denote the minimum and maximum intensity values observed in the 
input image, respectively. This scaler rescales pixel values to a uniform 
range, specifically 0 to 1. The normalization process accelerates net-
work convergence because gradient-based optimization methods, such 
as stochastic gradient descent or Adam, perform more effectively within 
a small and controlled range. In this work, we have normalized each 
image in the training set to avoid leaking information to the test set 
model. In this sense, the test set is normalized based on the train set’s 
min and max values.

The final dataset used in the proposed models is described as fol-
lows: the number of images per scenario varies according to the number 
of transmitted symbols in each raw dataset: the 16-GBd B2B scenario 
comprises 729 images, the 32-GBd B2B scenario 2166 images, and 
5 
the 32-GBd transmission scenarios at 0 dBm and 9 dBm contain 1101 
and 1554 images, respectively. Data partitioning follows a stratified 
90–10 train–test split per fold, ensuring proportional class representa-
tion across folds. For binary classification of ChSp, class 0 corresponds 
to non-overlapping configurations (ChSp>ChBw) and class 1 to over-
lapping configurations (ChSp≤ChBw), where ChBw is 17.6 GHz and 
35.2 GHz for the 16-GBd and 32-GBd systems, respectively. For binary 
OSNR classification, class 0 denotes high-OSNR conditions (OSNR> 23
dB) and class 1 denotes low-OSNR conditions (OSNR≤23 dB). This 
decision threshold is configurable depending on system design criteria; 
in this work, a value of 23 dB is selected as a representative operating 
point for evaluation. In multiclass settings, each discrete value of 
ChSp or OSNR within the ranges described in Section 2 constitutes an 
independent class.

3.2. Fully connected neural network (FCNN)

An FCNN, also known as a dense neural network, is one of the 
fundamental architectures used in DL. In an FCNN, every neuron in 
a given layer is connected to all the neurons in the subsequent layer. 
This connectivity enables the network to capture complex, non-linear 
relationships between input and output features. The FCNN consists 
of an input layer that receives raw data. In this case, 32 × 32 single-
channel (grayscale) pixel images are received. These images must be 
flattened into a vector of 1024 values, where each value corresponds 
to a pixel from the original image. The network also includes hidden 
layers composed of multiple layers of neurons. Here, non-linear trans-
formations are applied using activation functions, enabling the network 
to learn intricate patterns within the data. Finally, the output layer 
produces the final prediction, which can be used for classification or 
regression, depending on the nature of the target variable.

We specifically propose an FCNN architecture and a detailed param-
eterization in Tables  2 and 3, respectively, using an input layer of 1024 
neurons, obtained by flattening a 32 × 32-pixel image. Additionally, we 
employ two hidden layers with 200 and 100 neurons, utilizing rectified 
linear unit (ReLU) activation functions. ReLU was chosen because the 
images are normalized to the range of 0 to 1, with the function defined 
as 𝑥 for 𝑥 ≥ 0 and 0 for 𝑥 < 0. The output layer of the FCNN 
varies depending on the specific task, whether it be classification or 
regression. For classification tasks, the number of neurons in the output 
layer equals the number of classes that need to be identified, such 
as different ChSp or OSNR ranges. Cross-entropy is the loss function 
used for classification, with a sigmoid activation function for binary 
classification tasks and a SoftMax activation function for multiclass 
tasks. In contrast, the output layer for regression tasks consists of 
a single neuron that employs an L1 loss function, using either no 
activation function or a linear activation function.
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Table 2
FCNN architecture and hyperparameters for classification (anomaly detection) 
and regression (estimation) tasks.
 Layer No. of neurons Activation function  
 Input 1024 –  
 Hidden layer 1 200 ReLU  
 Hidden layer 2 100 ReLU  
 Output (Classification) Number of classes Sigmoid (binary)/ 

SoftMax (multiclass)
 

 Output (Regression) 1 Linear  

Table 3
Hyperparameter selection.

Hyperparameters

 Batch size 16  
 Optimizer Adam  
 Learning rate 0.001  
 Patience 30  
 Loss function Cross Entropy 

(classification)/
L1 (regression)

 

 Cross validation 10-Folds  
 Weight initialization Random  

3.3. Autoencoder for feature extraction and FCNN (AE-FCNN)

An autoencoder (AE) is an unsupervised neural network architecture 
designed to learn efficient, compressed representations of input data 
through the process of encoding and decoding. The AE consists of two 
main components: the encoder and the decoder. Firstly, the encoder 
transforms high-dimensional input data, such as 32 × 32-pixel grayscale 
images, into a lower-dimensional latent space representation, effec-
tively capturing the most relevant features while reducing redundancy. 
This latent space, often referred to as the bottleneck layer, repre-
sents a compressed version of the original data. Finally, the decoder 
then attempts to reconstruct the original input from this compressed 
representation, ensuring that the encoded features retain the critical 
information necessary for accurate reconstruction.

In this work, the autoencoder is trained to minimize reconstruction 
loss, using MAE as the loss function due to the continuous nature of 
pixel values. The architecture of AE consists of an encoder compressing 
the 1024-dimensional input into a latent space ranging from 16 to 
128, and the decoder mirrors this structure to reconstruct the input. 
After training the AE, the encoder component is isolated to serve as 
a feature extractor. The latent space representations generated by the 
encoder are then used as inputs to the FCNN described previously. This 
approach investigates whether these compressed, high-level feature 
representations contribute to improved performance in estimation and 
detection tasks compared to raw pixel data. By leveraging the AE’s 
ability to capture essential data features, we hypothesize that the 
FCNN may achieve enhanced accuracy and robustness, particularly in 
scenarios with complex patterns or noisy data.

3.4. Convolutional neural network (CNN)

A CNN is a DL architecture designed to process data with a grid-like 
structure, such as images. Unlike FCNNs, where each neuron is linked 
to all neurons in the following layer, CNNs utilize local connectivity 
through convolutional operations. CNNs are inspired by the human vi-
sual system, where neurons respond to stimuli within specific receptive 
fields. This architectural design allows the network to automatically 
learn hierarchical spatial features by applying learnable filters (kernels) 
that slide across the input data to identify local patterns. As these local 
patterns are combined in deeper layers, the network captures more 
complex and abstract representations, making CNNs particularly adept 
at tasks where the spatial relationships between pixels are critical.
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Table 4
CNN architecture and hyperparameters for classification (anomaly detection) 
and regression (estimation) tasks.
 Layer No. of filters/neurons Activation function  
 Input 32 × 32-pixel image –  
 Conv. 2D layer 1 16 ReLU  
 MaxPooling layer – –  
 Conv. 2D Layer 2 32 ReLU  
 Flatten – –  
 Hidden layer 1 200 ReLU  
 Hidden layer 2 100 ReLU  
 Output (Classification) Number of classes Sigmoid (binary)/ 

SoftMax (multiclass)
 

 Output (Regression) 1 Linear  

In this work, the implemented CNN architecture, detailed in Table 
4, comprises two convolutional layers containing 16 and 32 filters, each 
followed by a ReLU activation function. The convolutional layers apply 
filters that scan the image, enabling the capture of local features such as 
data clusters and their scattering due to ICI and ASE noise effects. The 
weights of the filters are determined by the network’s training process 
and operate hierarchically, meaning that deeper layers tend to capture 
more abstract features. Meanwhile, the pooling layers discard less 
relevant features or redundant information. This hierarchical feature 
extraction process enables the network to effectively represent both 
local and global patterns in 32 × 32-pixel grayscale images. Following 
the convolutional layers, the resulting feature maps are flattened into 
a one-dimensional vector, which is then input into the fully connected 
layers. These layers mirror the configuration of a previously described 
FCNN, consisting of two hidden layers with 200 and 100 neurons, 
respectively, employing ReLU activation functions. In addition, the 
hyperparameters of the network are the same as those of FCNN, as 
shown in Table  3.

This approach enables the network to merge the spatial features 
extracted by the convolutional layers with the dense representational 
capabilities of the fully connected layers, thus facilitating the learning 
of complex and non-linear relationships within the data. The architec-
ture aims to assess whether the convolutional layers’ capacity to extract 
spatial features can enhance performance in estimation and detection 
tasks compared to models that depend solely on raw pixel data or 
compressed representations generated by autoencoders.

4. Results and discussion

The proposed monitoring tool for estimating and detecting both 
OSNR and ChSp is based on three DL architectures: (i) FCNN, (ii) 
AE-FCNN, and (iii) CNN, as detailed in Sections 3.2, 3.3, and 3.4, 
respectively. We use accuracy, precision, recall, and F1-score metrics to 
evaluate performance in classification tasks, such as anomaly detection. 
For regression tasks involving parameter estimation, such as ChSp and 
OSNR, we use the mean absolute error (MAE) and the R-squared (𝑅2) 
metrics. Confidence intervals or standard deviation across folds were 
not reported in this work because the metrics used (accuracy and F1-
score for classification tasks, and MAE and 𝑅2 for regression tasks) 
are computed by aggregating predictions over all folds, such that the 
entire dataset serves as test data exactly once and the decision threshold 
was fixed to ensure the same class weight, providing an unbiased 
estimation.

4.1. Anomaly detection results

We evaluated the performance of the proposed DL architectures 
compared to the classical ML method, SVM, using several metrics, 
including accuracy, precision, recall, and F1 score for classification 
tasks. We are mainly interested in analyzing precision and recall met-
rics because they provide information on the percentage of predictions 
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Fig. 4. Representation of the spectral overlap and OSNR classification problem in the spectrum of the three fiber channels, including anomaly detection issues 
(binary classification) and classification of different levels (multiclass classification).
that the tool classifies as false positives and false negatives. In our 
problem, false positives refer to scenarios in which the channels are 
not overlapping (or have a low OSNR) but are erroneously classified 
as overlapping (or having a high OSNR). On the other hand, false 
negatives are scenarios in which there is overlap (or a high level of 
OSNR), but they are incorrectly classified as having no overlap (or a 
low level of OSNR). This is important because it is necessary to know 
when the system is genuinely failing in order to make corrections or 
take preventive measures. Therefore, it is preferable to have more false 
positives (detecting a failure and taking action) than false negatives 
(overlooking damage to the system).

These metrics are consistent across the 16- and 32-GBd B2B setups 
and the 32-GBd setup involving transmission over 270 km at 0 and 
9 dBm, providing valuable insights into the models’ performance. We 
classify the dataset based on spectral separation or OSNR to evaluate 
performance, depending on the problem being addressed. The remain-
ing information is utilized as an additional feature for multimodal 
models. This means the model has an additional input, in addition to 
the image (built from constellation diagrams). Fig.  4 illustrates three 
optical channels for each in the binary and multiclass classification 
problems for ChSp and OSNR. In the binary problem, the goal is to 
detect whether there is overlap between channels or whether the OSNR 
of the channel under evaluation is low. On the other hand, in the 
multiclass problem, the range of ChSp or OSNR is divided, increasing 
the granularity of detection, e.g., high, low, and no spectral overlap.

Fig.  5 presents the anomaly detection results for the 1-6GBd B2B, 
32-GBd B2B, and 32-GBd with 270 km of fiber at 0 and 9 dBm setups 
proposed in this study. In the 16-GBd setup, all DL-based detection 
models achieved approximately 98% accuracy and F1-score in spectral 
overlap detection (binary classification), while SVM achieved around 
96% [see Figs.  5(a) and 5(b)]. These results indicate a balanced iden-
tification of true positives and a high proportion of correct positive 
predictions, even without including OSNR information as an additional 
feature. For detecting different spectral overlap ranges in the same 16-
GBd setup (multiclass classification), accuracy metrics ranged between 
61% and 75%, while F1-score exceeded 80%, demonstrating the ro-
bustness of the models in handling class imbalance [see Figs.  5(c) and
5(d)]. On the other hand, in the 32-GBd setups, which include B2B and 
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270 km of fiber at 0 and 9 dBm, performance significantly decreased 
compared to the 16-GBd setup. In binary classification, the F1-score 
was slightly higher than the accuracy, both with and without OSNR in-
formation, reaching values between 88% and 91%. However, this does 
not fully reflect the actual behavior of the phenomenon, as precision 
and recall metrics show considerable differences when the OSNR value 
is not included: recall exceeds 90%, while precision falls below 75%. 
This result indicates that DL architectures effectively identify most 
actual spectral overlap cases (true positives) but also misclassify many 
cases as overlapping when they are not (false positives). Moreover, 
for multiclass classification, performance reached approximately 50% 
when OSNR information was included, but dropped to 30% for DL 
architectures and 16% for SVM when this additional feature was not 
included. The results obtained for the 270 km transmission at 9 dBm 
show a slight improvement in performance compared to the 0 dBm 
case, even under equivalent OSNR conditions. This indicates that the 
gain is not driven by noise levels, but by the nature of the distortions 
at higher launch powers. In particular, nonlinear effects introduce 
more structured patterns in the received constellations, which are 
effectively captured by the 2D histogram representations, enhancing 
feature separability. As a result, the proposed model achieves improved 
discrimination between channel conditions, despite the coexistence of 
nonlinear impairments with linear ICI and ASE noise. It should be noted 
that the framework captures the combined impact of these impairments 
at the feature level, rather than explicitly separating their individual 
contributions

Similarly, in Fig.  6, when identifying whether the OSNR level in 
the system is high or low, all models achieved over 96% accuracy and 
F1-score values between 93% and 99% in all configurations when ChSp 
information was included. However, when the additional feature was 
not provided, performance in the 16-GBd setup remained largely unaf-
fected, whereas in the 32-GBd setups, accuracy dropped to 81%–85%, 
with similar F1-score values. Notably, the 32-GBd setup at 0 dBm was 
more affected, likely because this configuration is more sensitive to 
noise, making it difficult to distinguish between signal and noise levels 
effectively [see Fig.  6(a) and 6(b)]. Regarding detecting different noise 
levels, when ChSp information was included, results ranged from 80% 
to 90% in accuracy and F1-score. However, if the tool did not include 
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Fig. 5. Spectral overlap detection results for the four setups with four different models, including and not including OSNR information to the classifier.
this information, performance dropped below 60% in accuracy and F1-
score, falling below 50% in the 32-GBd setups when using SVM. This 
result indicates the model struggles to make accurate predictions when 
it lacks sufficient system information [see Fig.  6(c) and 6(d)]. Unlike 
the spectral overlap detection problem, the results of the proposed 
DL architectures maintain a balance between false positives and false 
negatives (equal recall and precision), indicating that they are not 
biased toward one type of error, but rather make mistakes in equal pro-
portions. It is important to note that this multiclass scenario represents 
a fine-grained classification problem under extreme spectral overlap 
conditions, where class boundaries are inherently ambiguous due to the 
similarity between impairment patterns. As such, the observed perfor-
mance reflects the intrinsic difficulty of the task rather than a limitation 
of the proposed approach. From an operational perspective, anomaly 
detection is typically addressed through coarser and more actionable 
indicators, where higher performance is achieved. Complementarily, 
the estimation of continuous parameters such as spectral separation 
and OSNR is addressed in the following subsection, where the proposed 
method demonstrates accurate predictive capability.

To further complement the evaluation in binary classification sce-
narios, ROC–AUC curves are presented for the FCNN model, as shown 
in 7(a) and 7(b). These correspond to low-OSNR detection and spectral 
overlap detection, respectively, and provide a threshold-independent 
assessment of classifier performance in terms of the trade-off between 
True Positive Rate (TPR) and False Positive Rate (FPR). The observed 
behavior is consistent with the trends indicated by the weighted F1-
score, confirming that the proposed approach achieves reliable discrim-
ination capability under both impairment conditions.

A comparative analysis of the ROC curves across operating con-
ditions reveals that the highest physical signal integrity (e.g., B2B 
operation) does not necessarily correspond to the best classification 
8 
performance. In particular, increasing the symbol rate from 16- to 32-
GBd leads to a degradation in AUC, which can be associated with 
increased inter-symbol interference and spectral overlap effects.

Interestingly, within the 32-GBd regime, the scenario with higher 
launch power (9 dBm) exhibits improved classification performance 
compared to the linear regime (0 dBm). This behavior suggests that 
nonlinear distortions may introduce additional structure in the re-
ceived signal that can be exploited by the learning model. While a 
detailed physical interpretation is beyond the scope of this work, these 
results indicate that the proposed approach is capable of capturing 
discriminative features even under nonlinear propagation conditions.

4.2. Parameter estimation results

Parameter estimation aims to measure the spectral separation be-
tween the channel under evaluation and its adjacent channels, or to 
separate the contribution of ASE noise from the signal power, excluding 
the contribution of adjacent channels. For these estimation tasks, we 
evaluated the performance of the proposed DL architectures using MAE 
and 𝑅2 metrics. Similar to anomaly detection tasks (classification), the 
metrics remain consistent across all setups. Additionally, we assessed 
the performance of models that do not have access to OSNR or ChSp 
information (depending on the specific problem). We compared them to 
models that include this information in the regressor. Fig.  8 illustrates 
the objective of estimating ChSp and OSNR in the spectrum of optical 
fiber channels. Specifically, MAE measures the estimation error in GHz 
or dB, depending on the context of the study.

Fig.  9 presents the spectral spacing estimation results for the three 
proposed DL architectures across the 16-GBd B2B, 32-GBd B2B, and 
32-GBd with 270 km of fiber at 0 and 9 dBm setups. Generally, an 
MAE below 2 GHz was achieved, with the 16-GBd setup reaching 
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Fig. 6. Low and high OSNR level-detection results for the four setups with four different models, including and not including spectral spacing information to the 
classifier.
Fig. 7. ROC–AUC curves for low-OSNR and spectral overlap detection results for the four setups with the FCNN architecture.
an MAE below 0.5 GHz, demonstrating that it is the most straight-
forward scenario to model. Furthermore, including OSNR information 
significantly improved model performance, reducing the MAE to below 
1 GHz in the 32-GBd B2B setup, compared to approximately 2 GHz 
when OSNR information was not included [see Fig.  9(a)]. In terms of 
𝑅2, only the CNN achieved values above 0.6 in the 32-GBd setups, 
whereas in the 16-GBd setup, all models reached values above 0.8. 
This suggests that the 32-GBd setups are more challenging to model 
[see Fig.  9(b)]. Additionally, the CNN outperformed the other models 
in spectral spacing estimation, achieving lower MAE values and higher 
𝑅2 scores than the rest. At the same time, FCNN obtained the worst 
results, even when the additional feature was included. On the other 
hand, SVM, as a classical ML algorithm, outperformed both FCNN and 
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AE-FCNN in most scenarios. The reasons underlying these performance 
differences across all evaluated models are discussed at the end of this
subsection.

Regarding OSNR estimation, Fig.  10 shows that CNN once again 
delivers the best performance in terms of MAE, achieving errors be-
low 0.5 dB for the 16-GBd scenario and a range of 0.8–1.6 dB for 
all the 32-GBd scenarios when ChSp information was included. SVM 
follows, demonstrating better performance in the 32-GBd setups than 
the 16-GBd setup. The maximum error obtained by the proposed DL 
architectures, including SVM, was approximately 2.5 dB when ChSp 
information was not included. CNN remains the best model for OSNR 
estimation, achieving an 𝑅2 value of approximately 0.9. Again, SVM 
outperforms FCNN and AE-FCNN, demonstrating better adaptability 
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Fig. 8. Sketch of three optical channels representing the problem of estimating the OSNR level and ChSp.
Fig. 9. Spectral overlap estimation results for the four setups with four different models, including and not including OSNR information to the regressor.
to the dataset. FCNN and AE-FCNN capture only 0.5–0.6 of the data 
variability. However, this is significantly higher than in spectral spacing 
estimation, where these models failed to capture even 0.4 of the total 
variability. This demonstrates that CNN outperforms the other mod-
els in parameter estimation when the additional feature is available. 
However, its performance is similar to that of other models when this 
information is excluded, highlighting the importance of this feature 
for reliably estimating system parameters. Across both estimation and 
anomaly detection tasks, a consistent performance ranking was ob-
served among the evaluated models. The superior performance of the 
CNN is attributed to its ability to exploit spatial correlations in the 
2D histogram representation through convolutional filters, which are 
not captured by FCNN-based models operating on flattened inputs. The 
AE-FCNN, despite its ability to reduce input redundancy through unsu-
pervised compression, introduces a bottleneck stage that may discard 
fine-grained discriminative information, particularly in scenarios where 
impairment patterns are subtle or closely spaced. Regarding SVM, its 
competitive performance relative to FCNN and AE-FCNN is consistent 
with the relatively low-dimensional and structured nature of the input 
features: the 𝜖-tube tolerance margin acts as an implicit regularization 
mechanism, providing robustness against overfitting that FCNN-based 
models partially lose due to premature early stopping. Nevertheless, 
CNN-based models provide a more flexible and extensible framework 
for capturing spatial patterns and are better suited for generalization to 
more complex monitoring scenarios.
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4.3. Deployment feasibility

The practical deployment of the proposed monitoring framework in 
elastic optical networks is facilitated by its operation at the symbol 
level. The method relies on IQ constellation data already available 
after the DSP stage in coherent receivers, thereby avoiding the need 
for modifications to the receiver architecture. The feature extraction 
process, based on 2D histograms, can be implemented as a lightweight 
preprocessing step, while the trained models can be executed as an aux-
iliary monitoring module. This module can be integrated either locally 
within the receiver hardware or at a higher network management layer.

The computational feasibility of this deployment is supported by 
the training and inference time measurements reported in Tables  5
and 6, which characterize the FCNN and CNN architectures across 
different bin sizes (16, 32, 64, and 128), evaluated on the 32-GBd 
scenarios at 0 and 9 dBm, conducted on an NVIDIA GeForce RTX 
4070 Ti GPU. Note that while a 32-bin configuration was selected 
for all experiments reported in this work, the timing results across 
different bin sizes are provided to illustrate the computational trade-
off associated with increasing input resolution. For the CNN, training 
time increases substantially with bin count, rising from approximately 
0.8 s at 16 bins to over 11 s at 128 bins per 100 epochs. For the FCNN, 
the increase is more moderate, ranging from approximately 0.6 s to 
2.4 s under the same conditions. Inference times remain below 0.013 s 
in all cases, confirming compatibility with near-real-time operation on 
standard processing units.
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Fig. 10. OSNR estimation results for the four setups with four different models, including and not including spectral spacing information to the regressor.
Table 5
Characterization of the FCNN through the number of bins for training and 
inference.
 Bins 32-GBd 0 dBm 32-GBd 9 dBm
 Training [s]/ 

100 epochs
Inference 
[s]

Training [s]/ 
100 epochs

Infer-
ence [s]

 

 16 0,5567 0,0003 0,8004 0,0003  
 32 0,5953 0,0003 0,8760 0,0004  
 64 0,8813 0,0008 1,2854 0,0011  
 128 2,4445 0,0027 3,3894 0,0040  

Table 6
Characterization of the CNN through the number of bins for training and 
inference.
 Bins 32-GBd 0 dBm 32-GBd 9 dBm
 Training [s]/ 

100 epochs
Inference 
[s]

Training [s]/ 
100 epochs

Infer-
ence [s]

 

 16 0,8463 0,0003 1,1002 0,0013  
 32 0,8236 0,0004 1,1546 0,0016  
 64 1,9397 0,0027 2,7224 0,0034  
 128 11,3134 0,0089 15,9215 0,0125  

Although the experiments are conducted using a three-channel 
Nyquist-WDM configuration, the proposed methodology is not limited 
to this setup. The monitoring framework operates on a per-channel 
basis, where feature extraction and inference depend on the local 
interference conditions rather than the total number of channels in the 
system. In dense WDM scenarios, the dominant impairments affecting 
the channel of interest arise primarily from adjacent channels, sug-
gesting that the proposed approach can generalize to higher channel 
counts without structural modifications. Regarding modulation for-
mats, the methodology relies on statistical and geometric properties 
of the received constellations and can be extended to other M-QAM 
formats through retraining with appropriate datasets. Experimental val-
idation under fully loaded systems and additional modulation formats 
constitutes a relevant direction for future work. 

5. Conclusion

We proposed and experimentally validated a DL-based OPM method 
for elastic WDM networks, addressing the tasks of anomaly detection 
and parameter estimation (OSNR and ChSp) through a task-specific 
configuration of three distinct neural network architectures, employing 
2D histogram analysis. The introduced architectures (FCNN, AE-FCNN, 
and CNN) were configured individually for classification or regression, 
depending on the target monitoring function. When operated in clas-
sification mode, the proposed models effectively identified anomalies 
associated with linear ICI and OSNR degradation due to ASE noise, 
11 
enabling detection of conditions such as spectral overlap or low OSNR. 
Conversely, when configured for regression tasks, the same archi-
tectural frameworks facilitated accurate estimation of ChSp between 
the evaluated channel and its neighboring channels, as well as the 
corresponding signal power levels. The results demonstrate that the 
proposed approach is robust against linear ICI effects and facilitate the 
differentiation between ICI and ASE noise effects while operating in a 
blind manner, without requiring prior knowledge of system parameters 
or auxiliary signaling. Although blind operation inherently incurs a 
bounded performance penalty, estimation errors remained below 2 dB 
for OSNR and 2.5 GHz for ChSp, while errors below 1 dB and 1.5 GHz 
were obtained during prior system characterization. In addition, the 
method accurately identified anomalies such as spectral overlap and 
low-OSNR events, achieving detection accuracies above 95% for the 
16-GBd scenario in both detection tasks, while for 32-GBd transmis-
sion, anomaly-detection accuracies up to 85% and 99% were obtained 
for spectral overlap and low-OSNR detection tasks, respectively. This 
reduction is mainly attributed to the increased spectral occupancy at 
higher symbol rates, which intensifies channel overlap and reduces the 
separability between linear ICI and ASE noise in the symbol domain. 
On the other hand, the presence of nonlinear effects in transmission 
scenarios is implicitly captured within the proposed feature representa-
tion, although their individual contributions are not explicitly isolated. 
Among the evaluated models, the CNN architecture exhibited greater 
reliability than FCNN-based solutions, owing to its enhanced ability 
to extract spatial features from 2D histogram images. The practicality 
of the proposed method is further supported by its blind detection 
and estimation, which are based exclusively on symbol-level infor-
mation, thereby simplifying deployment in real-world elastic optical 
networks.  The per-channel operation and format-agnostic feature rep-
resentation of the proposed framework support its scalability to denser 
and more heterogeneous network scenarios beyond the three-channel 
16-QAM configuration used for validation. The proposed framework 
can be deployed as a low-complexity monitoring module integrated into 
DSP-assisted receivers or network management systems, facilitating its 
adoption in ROADM-based elastic optical networks. The relatively low 
computational complexity of the proposed models, evidenced by infer-
ence times below 0.013 s, supports their potential implementation in 
real-time monitoring applications, although hardware-specific bench-
marking on embedded platforms is left for future work. Overall, these 
findings position the proposed monitoring framework as a flexible, 
adaptable alternative to conventional optical performance monitoring 
tools, thereby enabling enhanced automation and robustness in future 
elastic WDM systems.
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