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Introduction

The work is devoted to the study of a phenomenon
known as scalar optical vortices or twisted photons (ie.,
photons possessing a nonzero projection of orbital angular
momentum (OAM) onto the direction of propagation), as
well as the task of recognizing optical vortices using neural
networks.

Rapid technical progress demands increased bandwidth,
higher speed, ease of installation, and reliability of data
transmission networks. Free-space optical communication
(FSO), as a new communication technology, meets these
requirements. Information in FSO systems is ,,encoded®
and transmitted by modulating certain electromagnetic wave
parameters.

It is known that electromagnetic waves carry energy,
momentum, and angular momentum. Early works [1-3]
considered transferring the spin angular momentum of elec-
tromagnetic waves to mechanical systems. However, photon
angular momentum comprises not only spin but also an
orbital component. Individual photons and electromagnetic
wave beams corresponding to eigenvalues of the operator
projecting orbital angular momentum on the propagation
direction are called twisted beams or scalar optical vortices.
Since the OAM of an electromagnetic wave beam depends
on the phase, intensity, or polarization distribution in the
beam’s cross-section, forming an optical vortex requires
highly coherent radiation and optical systems that transform
the beam with high precision. Thus, detailed study of such

921

beams became possible only after lasers appeared. Great
interest in optical vortices arose in 1992 after the publication
by Allen et al. [4]. In this article, the authors demonstrated
that laser beams with helical wavefronts (Fig. 1) possess
definite orbital angular momentum and proposed methods
for generating and detecting such beams.

Such beams include exact and approximate solutions of
the Helmholtz equation in cylindrical coordinates: Bessel
beams, Bessel-like beams, Laguerre-Gaussian (LG) beams
[5].  All sufficiently well approximate photon fluxes in
eigenstates of the OAM operator projection / [5], where
[=0,£1,£2.... The quantity / is also known as the
topological charge or winding number [5]. Note that
the OAM projection can also be nonzero for spherical
waves or beams with specific polarization distributions [6].
However, this work focuses on recognizing superpositions
of optical vortices potentially useful in communication
systems. Therefore, primary attention will be given to
Laguerre-Gaussian beams: unlike spherical waves, they have
a definite propagation direction, and unlike true Bessel
beams, they carry finite power and can be formed in real
setups. It should be noted that Bessel-like beams [5] may
also be of interest for communication systems, but their
detailed consideration is beyond the scope of this work.

Thus, OAM eigenstates defined by different topological
charge values are mutually orthogonal. The number of
such states, like the topological charge itself, is theoreti-
cally unlimited. Thus, OAM is an additional degree of
freedom allowing increased photon information capacity.
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Several promising optical communication technologies rely
on transmitting information via optical vortices. Studies
show that optical vortices enable high data transmission
rates and can be used to enhance network -efficiency
and throughput, including in FSO systems. Research on
communication channels using OAM beams is conducted
from millimeter to optical ranges. In a communication
channel using four multiplexed OAM beam modes and
two polarizations, a transmission rate of 32Gbit/s at
28 GHz was achieved, while combining OAM multiplexing
with conventional spatial multiplexing in a millimeter-range
(28 GHz) communication line demonstrated 100 Gbit/s. In
the THz range, an experimental system was demon-
strated combining polarization-division multiplexing (PDM),
frequency-division multiplexing (FDM), and OAM, enabling
multiplexing of 8 data channels with a total data rate of
32 Gbit/s at a carrier frequency of~ 300 GHz [7]. Higher
data transmission rates have been achieved in the optical
range. For example, in [8], a data rate of 1.6 Tbit/s was
achieved over 1.1km of optical fiber. In another study [9],
using optical vortices enabled data rates up to 2.56 Tbit/s.
Developing OAM-based communication channels operating
across various frequency ranges (acoustic, radio, millimeter,
terahertz, optical) requires finding compromises between
beam divergence effects and interactions of propagating
electromagnetic radiation with the medium.

To determine a beam’s OAM, various interference and
diffraction methods are typically used. For example,
interference between a plane wave and an optical vortex
produces a fringe system where one fringe branches like a
,»fork®; the structure of this branching point is determined by
the beam’s topological charge. Interference between beams
with equal-magnitude but opposite-sign topological charges
forms a characteristic multi-petaled structure. However, as
the topological charge value increases, such interference
patterns become difficult to distinguish. Using neural
networks for recognizing such structures is promising; for
instance, in studying the evolution of spatial mode structures
during propagation over 143 km through an atmospheric
channel, interference patterns from superpositions of var-
ious modes were distinguished using an artificial neural
network [10]. For practical application of optical vortices
in communication systems, it is necessary to investigate
the influence of real conditions (turbulence, noise) that
introduce signal distortions during channel transmission
on signal reception. Machine learning methods using
convolutional neural networks, exemplified by modeling
signal propagation where encoding was performed using
optical vortices in free space under simulated atmospheric
turbulence, as well as Gaussian noise, followed by demul-
tiplexing based on recognition of multiplexed OAM beam
intensities, are presented in [11]. In [12], demultiplexing
based on recognition of multiplexed OAM beam intensities
under atmospheric turbulence was implemented via a
hybrid opto-electronic neural network, employing a single
convolutional layer to perform the complete Fourier optics
convolution operation integrated with the current optical

setup, providing an advantage over neural networks with
more complex structures, since convolution remains the
primary computational component of convolutional neural
networks, with lower computational resource expenditure.

It should be noted that, according to Shannon’s theo-
rem, noise in communication systems not only determines
receiver sensitivity to weak signals but also limits the
information transmission rate. The aim of this work
is to solve the problem of recognizing superpositions of
optical vortices using neural networks for their potential
use in communications, as well as to evaluate the neural
network’s performance efficiency under noise conditions in
the receiving channel, and under variations in orientation
and spatial positioning of intensity profile images of the
superposition of two optical vortices.

Theoretical Information on Optical
Vortices

It is known [13] that the wave equation in the paraxial
approximation is a simplified form of the Helmholtz equa-
tion (1):

Au+ kPu =0, (1)

where k = w/c is the wave number, A is the Laplacian op-
erator. In the paraxial approximation, the wave propagates at
small angles relative to the propagation axis (e.g., the zaxis),
and the wave equation reduces to the following expression:
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The solution to the wave equation (2) is usually repre-
sented as an expansion in eigenmodes. Several equivalent
sets of eigenmodes exist. For describing optical vortices,
Laguerre-Gaussian solutions are used. The distribution of
the transverse component of the magnetic field’s vector
potential in Laguerre-Gaussian beams in cylindrical coor-
dinates is as follows [14]:
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where w(z) = wo[(z2 +2%)/z3]"/? is the beam radius,
wy is the minimum beamwidth, zg is the Rayleigh length,
k is the wave number, p is a non-negative integer (radial
index), [ €Z is the topological charge, L,‘,Z I(x) is the
generalized Laguerre polynomial, which can be computed
by the formula:
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Figure 1. Distribution of intensity and phase of various Laguerre-
Gaussian modes at z = 0.
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Precisely the factor exp(ilg) in (3), containing the
azimuthal phase dependence, forms the helical wavefront.
Figure 1 shows the modeled distribution of phase and
intensity of Laguerre-Gaussian beams at various values of
the topological charge / and radial index p in the plane
z =0. The modeling was performed using the Python
programming language with the NumPy [15] and Matplotlib
libraries [16].

Modulation Using OAM

A key element in developing a communication channel is
the selection of modulation methods, which are constantly
being improved. One promising method is modulation
with orbital angular momentum (OAM-SK, orbital angular
momentum-shifikeying).

In an optical communication system, each OAM mode,
corresponding to its topological charge ! can represent a
unique symbol. By assigning a specific bit sequence to each
unique value of / a signal can be transmitted that carries
information encoded using individual OAM modes. For
example:

1) I = 0 corresponds to the bit sequence ,,00%,

2) I = 1 corresponds to ,,01%,

3) I = —1 corresponds to ,,10°,

4) [ = 2 corresponds to ,,11%.

In this case, each OAM mode carries 2 bits of informa-
tion. Accordingly, the more different OAM states are used,
the more information can be encoded in each photon. For
example, using 16 OAM states, each beam can carry 4 bits
of information.

Thus, OAM-SK can provide high data transmission rates
by utilizing the unique properties of beams with non-zero
OAM and their associated topological charge value /.

In the case of superposition of two optical vortices,
the received signal has a specific intensity profile. For
processing such a signal in the receiving system, neural
networks can be used [10]. However, noise present in real
conditions distorts the received image. The presented work
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Figure 2.
vortices with topological charges /i and I» (I; = —I) and possible
corresponding bit sequences. Each superposition corresponds to
its class.

Intensity profiles of the superposition of two optical

considers the application of a convolutional neural network
for processing the superposition of two optical vortices and
evaluating the effectiveness of its application in the presence
of noise in the receiving channel. Convolutional neural
networks are capable of working with complex and noisy
data, which distinguishes them from traditional methods
(e.g., correlation computation) that are less reliable with
distorted data.

Neural networks can be used to classify input data.
A convolutional neural network outputs the probability of
assigning input data to each class; the class with the highest
probability is considered the model’s prediction. In our case,
each superposition of beams with topological charges /; and
I belongs to its class [ (=1, =—-1,=0,1,2...15) ie,
there are 16 classes in total (Fig. 2).

Tools Used for Simulation

To achieve the goal, Python was chosen as the main
programming language. The use of this language is justified
by its simplicity, versatility, and extensive set of libraries
that simplify development and allow solving a wide range
of tasks.
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Figure 3. Architecture of the convolutional neural network
LeNet [18]. 1 — input image, 2 — feature maps, 3 — subsampled
feature maps, 4 — fully connected neural network, 5 — neural
network output.

Modeling of optical vortices and training of the neural
network (Fig. 3) was performed using the following
libraries:

1) NumPy [15] — a library for computations in Python.
It provides support for large multidimensional arrays and
matrices, as well as a set of mathematical functions for
efficient operations on these arrays.

2) Matplotlib [16] — a Python, library for creating high-
quality static, animated, and interactive data visualizations.
It offers extensive customization options and supports a
wide range of graph types, such as line plots, histograms,
scatter plots, and heatmaps.

3) PyTorch [17] — an open-source machine learning
library. It is widely used for deep learning tasks due to its
flexibility and ease of model modification. PyTorch provides
extensive tools for tensor computations (similar to NumPy)
and GPU support.

Dataset Preparation for Neural Network
Training

In a typical convolutional neural network architecture,
the input image passes through a series of layers that
create feature maps. Feature maps are generated during
convolution with a filter (matrix) designed or trained to
detect a specific pattern in the input data (or feature map
from the previous layer). The convolutional layer uses
multiple filters, each creating its own feature map, thereby
capturing a diverse set of features from the input. The
neural network model used in this work is based on the
LeNet architecture (Fig. 3) [18]. The LeNet architecture was
originally developed for handwritten digit recognition. This
model is relatively simple and consists of two convolutional
layers, two max-pooling layers (downsampling used to
reduce the spatial size of the input volume), and three fully
connected neural network layers. The output layer of the
neural network contains 16 neurons, each corresponding to
one class.

One of the problems in training neural networks is
creating training and test datasets. Creating datasets of
real labeled data for training is an extremely labor- and
time-intensive process, so synthetic data are used for neural
network training in most cases. Entire fields of research
are devoted to creating algorithms for synthesizing training

Figure 4. Examples of data used for training and testing the
neural network.

data, identifying possible problems, and increasing the
realism of synthesized training data, for example [19,20].
Although synthetic data cannot account for all distorting
factors present in real data, expanding and modifying the set
of synthesized data by adding data constructed taking into
account individual distortion causes (noise, image rotations,
shifts, etc.) increases the realism of the training and test
samples [20].

Two large datasets were created for training: 48000
images for training and 19200 images for checking the
model’s effectiveness and reliability (test data) (Fig. 4).
To ensure that the model generalizes well to data close
to real ones and handles data variations, several data
augmentation methods were applied to the images. In
particular, additive white Gaussian noise was added to the
images. The signal-to-noise ratio (SNR) varied from —15dB
to 15dB, simulating various levels of signal distortion and
ensuring good model performance under noise conditions.
Additionally, to account for variations in orientation and
spatial positioning, the images were subjected to random
rotations and random shifts. Such additions allowed the
model to train and adapt to a wide range of possible input
data.

Results

Fig. 5 shows the principle of operation of the neural
network in recognizing the superposition of optical vortices.
The input is an image of the superposition of two optical
vortices, and the output of the 16 neurons represents the
probability of belonging to one of the classes. Accordingly,
the neuron with the highest output value is considered the
model’s prediction.

Fig. 6 shows the neural network training process. The
effectiveness of the neural network is characterized by
the loss function, which determines the deviations of the
model’s predictions from the ,true” predictions. In other
words, the loss function tracks the degree of error in the
neural network’s output data. A simple example is the

Optics and Spectroscopy, 2025, Vol. 133, No. 9
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Figure 5. Neural network operation principle: / — input image;
2 — feature maps; 3 — fully connected neural network; 4 —
vectorization; 5 — selection of neuron with maximum output
value; 6 — determination of the received superposition (e.g., the
8th neuron corresponds to the superposition / = £7) based on the
selected neuron.
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Figure 6. Neural network training process. The neural network
output represents unnormalized probabilities of belonging to each
class, so the loss function is dimensionless.

quadratic loss function:

where N is the number of classes, y; is the neural
network output result, a; is the expected result. For train-
ing the neural network in PyTorch cross-entropy (Cross-
EntropyLossFunction) [14] was used as the loss function,
which is well-suited for classification tasks.

At the initial stages of training, the loss function should
gradually decrease.  This indicates that the model is
beginning to learn and adjusts its weights based on the
error. When the loss function stops changing significantly
or reaches a plateau, it may indicate that the model has
achieved a certain level of effectiveness, and further training
will not yield significant improvements. In such a case, for
example, if over 15—20epochs (an epoch is one training
cycle on the dataset) the loss function changes by no more
than a small value (e.g., 0.01), training can be stopped. In
our case, the training process took about 50 epochs.

The accuracy values of the trained model are high
both on the training dataset (Fig. 7,a), and on the test
dataset (Fig. 7, b), mainly in the range from 96.2 to 99.8%,
indicating that the neural network performs well overall
(A; = 100 x % — accuracy for class i =0, 1...15, where
M; — number of correct predictions, N; — sample size).
This suggests that the model has learned the main patterns
of the input data and generalized them.
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Figure 7. Network performance on training data (a) and test
data (b).
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Figure 8. Network performance depending on SNR. Accuracy
values were obtained by averaging 1600 realizations for each SNR
value. Dashed lines mark the SNR boundary at which network
accuracy reaches 90%.

It can be noted that the network performs worse with
input data corresponding to higher topological charge
values (classes with higher ordinal numbers). This can
be explained by the fact that at such topological charge
values, it is harder to recognize finer details in the intensity
profile, especially under noise conditions. Thus, although
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theoretically the maximum topological charge of a beam
is unlimited, in practice the maximum possible topological
charge value is determined by the noise level and the
requirements for acceptable recognition error rates in a
specific system.

Fig. 8 shows the network performance depending on
SNR. It is evident that as SNR increases, the model works
more accurately. From the graph in Fig. 8§, it can be
concluded that the neural network can operate effectively
(its accuracy above 90%) at SNR values above —13 dB.

Conclusion

This work implemented a solution to the problem of
recognizing the superposition of optical vortices using a
convolutional neural network for their potential application
in communications, and evaluated the effectiveness of this
method under noise conditions.

The neural network used, based on the LeNet architec-
ture, trained and tested on datasets of more than several tens
of thousands of vortex superposition images with added
additive white Gaussian noise, as well as subjected to
random rotations and shifts, was able to adapt to the input
data. Accuracy values were high both on the training (up to
99.8%) and test (up to 96.2%) datasets. In particular, testing
of the trained model showed that it can effectively handle
the task of recognizing optical vortex superpositions at SNR
values above —13dB. At such SNR values, recognition
accuracy is above 90%.

It should be noted that the probability of misrecognition
increases with increasing topological charge. Accordingly,
although there are no theoretical limits on the topological
charge, a practical limitation was found, determined by the
SNR level and the acceptable classification error probability
of a specific system. In a sense, this limitation follows from
Shannon’s theorem for an optical vortex communication
system: for a given noise level, it determines the information
capacity of a photon and, accordingly, the maximum
possible information transmission rate. The obtained results
can be used in further design of optical vortex-based
communication systems.
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