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Abstract: Dense Wavelength Division Multiplexing (DWDM) networks are pivotal in modern
optical communications, facilitating high data capacity by transmitting multiple wavelengths along
a single optical fiber. Ensuring optimal network performance and reliability requires close
monitoring of crucial signal characteristics such as signal-to-noise ratio (SNR), chromatic dispersion,
nonlinear effects, and modulation types. However, traditional monitoring approaches often
demand sophisticated and costly equipment, limiting their scalability. This paper proposes an
innovative machine learning (ML)-based solution for enhanced signal monitoring and anomaly
detection within DWDM networks. Utilizing K-means clustering for data categorization and feature
extraction, alongside Support Vector Machine (SVM) for effective signal classification and anomaly
detection, this approach provides scalable real-time monitoring while minimizing dependency on
complex hardware. Additionally, this ML-driven framework allows for proactive network
management, offering dynamic adaptability to network fluctuations. Our study emphasizes the
promise of machine learning in optical network monitoring, paving the way for intelligent, self-
optimizing systems that can support evolving communication demands and maintain superior
service quality.

Keywords: Dense Wavelength Division Multiplexing (DWDM); optical fiber; machine learning;
support vector machine; monitoring

1. Introduction

Optical technologies provide terabit transmission rates, which is especially important for
broadband access and large-scale data services in 5G/6G networks [1]. Optical cables are less
susceptible to electromagnetic interference and signal degradation, which ensures high reliability and
stability of communication. Optical networks are characterized by low latency, energy efficiency and
communication stability, which is critical for modern real-time applications [2-6]. For the efficient
operation of such networks, it is necessary to monitor various optical signal characteristics, such as
signal-to-noise ratio (SNR), chromatic dispersion and nonlinear effects. These parameters are critical
to ensure the quality and reliability of data transmission [7-9].

According to [10-12], monitoring of DWDM networks includes specialized hardware devices
such as optical spectrum analyzers and optical time domain reflectometers. These devices are highly
accurate, but have a number of limitations related to scalability, real-time monitoring capability, and
cost effectiveness [13]. Such monitoring also often requires human intervention, which can be both
labor-intensive and prone to human error. Moreover, as networks scale, the cost of equipment and
the complexity of managing and analyzing data from multiple monitoring points become
problematic [14,15].

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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Traditional monitoring methods are resource and time consuming, making them less effective
at high data rates and a variety of modulation formats compared to Al-based methods [16-18].
Machine learning methods have increasingly been applied in combination with various monitoring
methods. Several works have provided comprehensive reviews and studies on the application of
machine learning methods in optical networks [19-22].

In [23] demonstrates the significant potential of integrating Al-based modeling and monitoring
techniques, allowing EON to dynamically allocate resources, optimizing bandwidth usage and
adapting to changing traffic demands. This flexibility significantly improves network efficiency and
performance.

Al-based automation helps adapt operational management to changing network conditions and
user requirements, minimizing manual errors associated with the human factor [24]. Al algorithms
can analyze network data in real time and optimize routing, predict network loads and, based on
these forecasts, dynamically change traffic routes to minimize delays and prevent congestion [25].
This helps ensure quality of service and optimally use network resources, including frequency
allocation, bandwidth management and load balancing [26-28]. Al can analyze optical link status
data and predict possible failures [29]. Machine learning methods can identify anomalies and trends
that may precede failures, which allows for prompt decisions to prevent failures and minimize
downtime [30].

Integrating Al algorithms with optical technologies helps reduce operational costs by
automating network management and reducing the need for expensive monitoring equipment, and
enables predictive maintenance, which reduces the need for manual intervention and maintenance
costs. The publication aims to explore machine learning methods based on K-means clustering for
data categorization and feature extraction, as well as support vector machine (SVM) for optical signal
classification and anomaly detection, as well as machine learning-based modulation format
determination in DWDM networks. Integrating Al into optical networks and improving machine
learning algorithms for optical network management will increase the capacity of 5G.

2. Methodologies

DWDM technology offers significant advantages for increasing the capacity of optical networks
to several Tbit/s at constant transmission distances of several thousand kilometers.

Optical Performance Monitoring (OPM) will be one of the key elements providing connection
setup/management, troubleshooting, protection/restoration and path management capabilities for
continuous network operation, which will be a key feature of next generation networks.

Currently, signal quality is usually characterized by DWDM power levels, spectrally
interpolated optical signal-to-noise ratio (OSNR) and channel wavelength. On the other hand, new
OPM technologies and strategies provide internal solutions for OSNR, signal quality measurement,
fault localization and detection. The data rate in the network is affected by the channel width,
network loading and channel quality, i.e. what radio conditions the subscriber is in.

The better the radio conditions, the higher the transmission speeds. The mobile station (MS)
measures the channel quality and sends CQI (Channel Quality Indicator) to the base station. Using
this information, the BS selects a code modulation scheme (MCS - Modulation and Coding Scheme)
for transmission depending on the current radio conditions. The higher the code modulation scheme,
the more data (bits) can be transmitted per unit of time.

All available radio resources are divided between users who are in the network. Accordingly,
the more active users in the network, the fewer radio resources are allocated to one user depending
on their priority and current connections.

To calculate the throughput, we need to determine the modulation scheme number (MCS Index).
The modulation scheme number depends on the state of the radio channel. Modulation specifies the
modulation and coding scheme (MCS). This parameter characterizes the quality of the radio channel,
for example, you can choose the following modulations: QPSK, 16QAM, 64QAM. In LTE, this number
is usually determined by the CQI (Channel Quality Indicator) value.
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The maximum data rate is assumed for the best radio conditions. However, the table for
converting CQI to the modulation code scheme number is specified by the equipment manufacturer
and is classified information.

Thus, making a decision on the choice of modulation is an inverse problem depending on the
radio environment.

The VPIphotonics Design Suite program was used to obtain the data, the diagram in Figure 1
illustrates the transmission of a complete C-band 400G system with dual polarization 16-QAM WDM
over 3x80 km SSMF.

Transmission Loop
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Figure 1. Reference model for monitoring optical characteristics.

Figure 1 shows a 400G transmission system with full WDM C-band and dual polarization 16-
QAM over a 3x 80 km ssmf distance. The transmitted signal consists of 64 WDM channels, each with
a symbol rate of 60 Gbaud in a standard 75 GHz frequency grid. System parameters such as the
number of WDM channels, channel spacing, transmission distance can be configured using the
corresponding global parameters. The system performance is evaluated in terms of SER. The system
includes various stages of digital signal processing, which allows for effective dispersion
compensation, carrier frequency and phase recovery, and analysis of the transmitted signal quality,
ensuring reliable and high-quality communication.

After receiving the data from the model, it is imported into the machine learning system.
Support vector machines (SVM) were used for classification and regression tasks. SVM tries to find a
hyperplane that maximally separates classes in the feature space.

The decision-making algorithm using K-Means and SVM vectors consists of the following steps:

1) Importing the necessary libraries.

2) Loading csv data.

3) Transforming the data frame to a two-dimensional NumPy array, where a row corresponds
to an observation, and a column to a feature.

4) Determining the number of clusters (in the case of 16QAM, we will have 16 clusters).

5) To create cluster labels, we use K-Means clustering.

6) Creating and training an SVM model.

7) Obtaining decision boundaries.

8) Visualization.

3. Results

3.1. Data Collection

To conduct the study and collect the data, the following schematic parameters were taken for
the design shown in Figure 1:

Power dBm =0

Length = 80e3 m

Loops =3

Channell =4

Channel2 = 32
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Channel3 = 60

Channel Spacing = 75e9 Hz

Number of Channels = 64

Symbol Rate = 60e9 Baud

Number of Symbols = 16384/16

Bits Per Symbol = 4

The graphs obtained from the model blocks (Figure 1) are shown in Figures 2—4.

Figure 2 shows three graphs including the optical system analysis results for Channel 1 in the
400G DP-16QAM WDM c-band system.
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Figure 2. Optical system analysis results for channel 1 in 400G DP-16QAM WDM c-band system.

The optical signal spectrum shows the frequency distribution of the signal power for channel 1.
The horizontal axis represents frequency relative to the center frequency of 190,925 THz. The vertical
axis represents signal power in dBm. The spectrum shows that the signal occupies a specific
frequency band centered at 190,925 THz. The spectrum is relatively symmetrical, but there are
inconsistencies and noise that may reflect the influence of dispersion and other factors in the optical
fiber.

The constellation diagram (Channell Ypol) shows a significant scatter of points and emissions,
especially in the upper left corner of the diagram, indicating the presence of noise and distortion. The
I and Q axes vary from -4,34 to 4,29 and from -4,37 to 2,0, respectively, indicating the range of values
for the amplitude and phase of the signal. In the Constellation Diagram (Channell Xpol), the scatter
and outliers of the points, especially in the upper left corner of the diagram, indicate the presence of
noise and distortion. The values on the I and Q axes range from -4,56 to 4,34 and from -4,35 to 2,0,
respectively.
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Figure 3. Optical system analysis results for channel 2 in the C-band 400G DP-16QAM WDM
system.

The optical signal spectrum shows the frequency distribution of the signal power for channel 2.
The horizontal axis represents frequency relative to the center frequency of 193,025 THz. The vertical
axis represents signal power in dBm. The spectrum shows that the signal occupies a specific
frequency band centered at 193,025 THz. The spectrum is relatively symmetrical, but there are
inconsistencies and noise that may reflect the influence of dispersion and other factors in the optical
fiber.
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Figure 4. Optical system analysis results for channel 3 in the C-band 400G DP-16QAM WDM
system.

The optical spectrum (Channel 3) shows that the signal occupies a specific frequency band
centered at 195,125 THz. The spectrum is relatively symmetrical, but there are inconsistencies and
noise that may reflect the influence of dispersion and other factors in the optical fiber. The
Constellation Diagram (Channel 3 Ypol) shows a significant scatter of points and emissions,
especially in the upper left corner of the diagram, indicating the presence of noise and distortion. The
I and Q axes vary from -4,17 to 4,01 and from -4,34 to 2,0, respectively, indicating the range of
amplitude and phase values of the signal.

In the Constellation Diagram (Channel3 Xpol), the scatter and outliers of the points, especially
in the upper left corner of the diagram, indicate the presence of noise and distortion. The values along
the I and Q axes vary from -4,02 to 3,97 and from -4,35 to 2,0, respectively.

Based on the data provided, the following conclusions can be made that all three channels show
significant scatter and outliers in the constellation diagrams, which indicate the presence of noise and
distortion, especially in the upper left corner. The ranges of amplitude and phase values for channels
2 and 3 are slightly smaller than for channel 1, which may indicate different transmission conditions
or system parameters. The optical spectra of all channels demonstrate certain irregularities and noise
in the corresponding frequency ranges, which can be associated with dispersion, deficiencies in the
filtering and signal amplification systems, as well as the influence of external noise.

3.2. Results of Modeling Using Machine Learning and K-Means Clustering Method

The obtained dataset for different OSNR values for modeling the radio environment, starting
with OSNR = 30 dB, is presented in Figure 5.

For K-Means clustering method Full C-band 400G DP-16QAM WDM system from Channell
Ypol and Channel3 Ypol Download the data values in csv format and run them in the phyton
programming language. The number of clusters is equal to the number of possible symbols in the
modulation (for 16QAM this is 16 clusters). Figure 6 shows the signals divided into 16 clusters for
channel 1, each of which is marked with a specific color.

Analysis of the color clusters in the 16QAM Channell diagram shows that the central areas
(purple, yellow, blue clusters) are characterized by high signal density, which indicates stable data
transmission with minimal distortion. Clusters at the edges of the diagram (blue, green, yellow-
green) have low signal density, which may indicate the presence of noise and distortion. These data
can be used to assess the quality of communication and optimize transmission parameters in
telecommunication systems. K -means, in the 16qam constellation diagram for channel 3 is shown in
Figure 7, where each cluster corresponds to one of the possible combinations of the phase and
amplitude components of the signal.
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Figure 6. 16 QAM modulation according to the constellation diagram of channel 1 cluster.

A B G D
Data Data (Selected)
I{a.u.) Qfa.u.) I{a.u.) Qa.u.)
0.40975607232 4.62906077400961  -4.72917701579851 3.8867823628793
2.47035490751 -2.92297565529339  -4.5939871613004 2.93561927505926
0.48433928180 1.04236795362144  -2.61500522863989 3.60079075777393
0.95330341148 3.96888601567336  -0.880243299264697 1.28324442947448
-4.6675771158!-2.33203233526016  -4.2436787807765 3.17440128859459
0.04861246274 1.73981776734532  -4.66430280585435 3.45726207314659
1.81795606524 2.36463727357843  -2.13264757640256 2.18541597833182
0.20940830723 -1.36473720633241 -0.858638284980327 2.64271778026038
-2.5152543626: -0.979060487834459 -3.94252027363328 3.15021367078354
-2.5918656752°4.04531188216822  -2.08016289079788 4.36462961894972
1.94962785535 -0.626178699435608 -3.54851805550837 2.8388683168473
1.83774647481 1.76512329000846  -4.18030265425937 1.06581715777255
1.26449951033 4.78400355623242  -2.88846502036865 1.41036607717332
0.58374651500 4.73221971253236  -2.92472277313523 5.5836689080601
1.27398013621 3.40835079420144  -3.63687526546332 4.93492542925746
3.54127027048 -2.62641375742712  -1.56809850363089 2.92815363305931
3.57704260541 1.02756433255546  -3.89772780510863 2.95479586449719
2.24183433584 -1.23601545752475 -4.33162318674317 4.41478294288838
-0.0123803599! -0.275975809562744 -2.79862129657544 3.0805441268678
0.45595238277 3.87646955337838  -4.98384932620196 2.02360187792179
2.35842436917 1.34313602628225  -2.6415850399793 3.6796781457063
3.16177914217 3.65323724081483  -2.87633806977891 1.74035343252213
-1.2354522401¢-2.43546699041594  -2.44992358199486 4.49237772394398
1.92778928780 0.164398892485385 -4.01126972396478 4.43140907491799
3.59838982912 -2.14846552624844  -2.27030337339286 4.88323682126751
1.49453885801 -0.800415854375237 -2.41726672682414 2.72966630480369
-0.3440282541(-0.474157050666167 -1.56342927587408 1.87655439052185
-0.3238920140¢5.01724589193761  -5.27617154538737 2.69907236815884
0.36469058707 -1.52846632907499  -4.49054268521116 3.07046821127357
e Data Points  jjucr3  Ideal P
Figure 5. Dataset fragment.
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Figure 7. 16 QAM modulation according to the constellation diagram of the channel 3 cluster.

Analysis of the color clusters in the 16QAM Channel3 diagram shows that the central areas
(purple, blue, blue-green clusters) are characterized by high signal density, which indicates stable
data transmission with minimal distortion. Clusters at the edges of the graph (yellow, light green,
light yellow) have low signal density, which may indicate the presence of noise and distortion.

The 16QAM constellation diagrams for channels 1 and 3 with clusters show the distribution of
modulation signals in a two-dimensional plane. Each point in the diagram corresponds to a signal,
and the K-Means algorithm is used to divide these points into clusters. Analysis of the differences in
clustering helps to estimate the quality of data transmission and possible distortions in each channel.

Analysis of 16QAM constellations for channels 1 and 3 shows that channel 3 has more compact
and clearly separated clusters, indicating more stable and high-quality data transmission. Channel 1
shows a wide range of values and uneven distribution of clusters, indicating the presence of noise
and distortion. These differences can be used to assess and improve the quality of signal transmission
in telecommunication systems.

3.3. Results of Modeling Using Machine Learning and SVM Clustering Method

Support Vector Machines or SVM (Support Vector Machines) is a linear algorithm used for
classification and regression problems. This algorithm is widely used in practice and can solve both
linear and nonlinear problems. Support Vector Machines The essence of machine learning is simple:
the algorithm creates a line or hyperplane that divides the data into classes. Using channel 3 as an
example, a clustering diagram was constructed (Figure 8).

The SVM decision boundaries in the 16QAM Channel3 constellation diagram (Figure 8) provide
a clear separation of clusters by visualizing areas corresponding to different signals. Color coding
helps to understand which regions belong to which clusters. This analysis is useful for assessing the
communication channel characteristics and optimizing data transmission parameters in
telecommunication systems. Dark blue (cluster 1): The decision boundaries are separated by dark
blue dots in the lower left corner. This area is less dense, which may indicate some distortion.
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Figure 8. 16QAM 3-channel group diagram with SVM cluster.

Blue (Cluster 2): The decision boundaries for the blue dots in the lower right corner indicate a
region of medium signal density.

Green (Cluster 3): The decision boundaries for the green dots in the left center of the diagram
separate the stable signals in this region from the other clusters.

Yellow-green (Cluster 4): The decision boundaries for the yellow-green dots in the upper part of
the diagram indicate a region of medium signal density.

Yellow (Cluster 5): The decision boundaries for the yellow dots in the center of the diagram
separate very dense signals from neighboring clusters.

Other Clusters. The decision boundaries for the remaining clusters follow a similar logic,
separating regions of different signal density and defining areas of possible distortion or noise.

4. Conclusions

Dense Wavelength Division Multiplexing (DWDM) technology is the basis for increasing the
capacity of modern optical networks. Optical performance monitoring (OPM) is necessary to ensure
the reliability and quality of data transmission in DWDM systems. This article discussed the main
parameters monitored in DWDM networks, their monitoring methods and implementation
examples.

Key parameters such as signal power, spectral characteristics, dispersion, signal-to-noise ratio
and attenuation directly affect the quality of data transmission in optical networks. The study
examined the methods for measuring these parameters and their impact on the performance of
DWDM networks.

Optical systems were modeled on VPI Photonics. K-means clustering and support vector
machines (SVM) implemented in Python were used to analyze the data obtained using VPI Photonics.
Both methods have shown high efficiency in data analysis and anomaly detection, which helps
improve the monitoring and management of DWDM networks.

Thus, this study confirms the necessity and importance of optical performance monitoring
techniques in DWDM networks. The implementation and development of these technologies will
further improve optical communications and meet the ever-increasing demands for high-speed data
transmission. Modern OPM techniques, including the use of VPI Photonics for modeling and Python
for data analysis using k-means and SVM, ensure the reliability and efficiency of optical networks,
which are critical to supporting global telecommunications infrastructures.
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