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Abstract: We present a fast and efficient simulation method of structured light free space
optics (FSO) channel effects from propagation through a turbulent atmosphere. In a system
that makes use of multiple higher order modes (structured light), turbulence causes crosstalk
between modes. This crosstalk can be described by a channel matrix, which usually requires
a complete physical simulation or an experiment. Current simulation techniques based on the
phase-screen approximation method are very computationally intensive and are limited by the
accuracy of the underlying models. In this work, we propose to circumvent these limitations
by using a data-driven approach for the decomposition matrix simulation with a conditional
generative adversarial network (CGAN) synthetic simulator.

© 2022 Optica Publishing Group under the terms of the Optica Open Access Publishing Agreement

1. Introduction

In the communication- and data-driven worlds of today, and especially tomorrow, communication
engineers are constantly looking for new ways to enhance data throughput and link capacities.
Looking into the future, free space optics (FSO) is one technology to ease the inevitable capacity
crunch. Going by the name of “fiber without the fiber” [1], this technology can be viewed as the
middle-ground between cellular networks and conventional fiber solutions, offering fiber-like
speeds without bearing the costs associated with installation and maintenance [2,3].

Numerous modulation formats and multiplexing technologies are implemented in FSO to
push for higher data rates, such as the use of advanced modulation formats, wavelength division
multiplexing (WDM), and polarization division multiplexing (PDM). Another way to introduce
multiplexing to the FSO system is to use different spatial modes to carry independent information
streams. A popular approach is to use orbital angular momentum (OAM) modes [4,5], but
more generally, higher-order orthogonal mode sets, such as Laguerre Gaussian (LG), Hermite
Gaussian (HG), Ince Gaussian (IG), and others can be used for so-called structured light FSO
communication [6–8]. There has also been some work in using structured light to increase the
resilience of a link as opposed to data rate, called modal diversity [9–11].

Structured light is very susceptible to atmospheric conditions such as turbulence. Turbulence-
induced aberrations arise from the random fluctuations of the refractive index along the propagation
path [12]. In terms of structured light, these aberrations cause inter-modal crosstalk and mode
dependent loss (i.e., fading) - both of which are generally harmful to FSO communications
relying on spatial mode multiplexing. On the other hand, in modal diversity systems, the specific
characterization of these effects is crucial. The effect of turbulence on higher-order modes is
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a complicated topic and is still the subject of much research and is not yet fully understood or
modeled [13,14].

Nevertheless, there has been a plethora of research to assess the effect of turbulence on
optical beams in general. One approach to study scintillation on a light beam on the receiver
after propagating through turbulent atmosphere is via stochastic models, such as log-normal,
Gamma-Gamma, and Málaga [15]. However, while such modeling approaches are well developed
for Gaussian (i.e., plane and spherical wave-front) beams [5], stochastic models for higher-order
optical modes are in their infancy, with only OAM having been relatively well studied [16–20].

An alternative to stochastic modeling is either experimental work or physical channel sim-
ulations. Starting from the works of Tatarskii [21], Chernov [22], Rytov [23], and others,
numerical models of atmospheric turbulence based on the Kolmogorov theory were developed
and formulated for any light field propagating through the air. Unfortunately, these relatively
simple models can diverge from reality. Consequently, more complicated numerical turbulence
models and simulation approaches have been developed [24].

Typically, a Monte Carlo approach is used, where a numerical simulation of beam propagation
through random turbulence realizations is repeated a large number of times. This method is
practically applicable and gives much information on the performance of the modeled FSO
channels. However, these simulations can be very computationally intensive. For example, a
typical simulation for a single beam propagation with 100 phase screens can take up to a minute
on a modern computer. Up to one thousand of these simulations are needed to obtain a channel
state matrix, depending, for instance, on the number of modes in the considered mode set. As
such, faster simulation methods would be highly beneficial.

In this context, we propose a machine learning (ML) based modeling approach for the
propagation of structured light beams. ML algorithms, in general, are proving to be an invaluable
tool for modern research. They are typically applied in classification, data generation, and
optimization problems. ML algorithms have also been shown to speed up certain simulations of
complex physical systems significantly [25–27]. Of particular interest are generative adversarial
networks (GANs). GANs are ML-based frameworks that learn to generate new data with the
same statistics as their training sets. GANs gained in popularity after their invention for use
in generative problems [28]. Typical GAN use cases involve fake image generation [29,30],
text-to-image conversion [31], semantic image segmentation [32] and computational resolution
enhancement [33].

Here, we demonstrate that conditional generative adversarial networks (CGANs) [28,34] can
be used to replicate the results of intensive Monte Carlo simulations for turbulence channel state
matrix modeling in real time. Stated differently, we do not generate beam intensity profiles as
might be visible on a camera: we directly produce the “distilled” information of the decomposition
matrix, avoiding several computationally intensive steps. The proposed approach is in principle
model-less and therefore solves the problem of matching simulation with the experiment. This
CGAN modeling approach allows for a tremendous speedup (at least four orders of magnitude)
in data generation time once the model has been initially trained.

2. Background

From Maxwell’s equations, electromagnetic fields in free space, such as laser beams, can be
described by the Helmholtz equation. In the case of scalar fields with a uniform polarization, we
can treat the electric field as a scalar field, U, a solution to the scalar Helmholtz equation. In
general, we ignore the temporal component of the fields as we are only interested in their spatial
characteristics. Naturally, we can solve for these scalar fields in different coordinate systems,
which results in different higher-order modal bases. The electric field of a so-called LG beam,
with an azimuthal index ℓ and a radial index p, is a solution in a cylindrical coordinate system
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(r, ϕ, z), and is given by
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where Lℓ
p(·) are the Laguerre polynomials. The field of an HG beam with indices (m, n) in

Cartesian, (x, y, z) coordinates is given as
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where Hm(·) and Hn(·) are the Hermite polynomials. In Eqs. (1) and (2), E0 are normalisation
constants, and k = 2π/λ with λ is the wavelength. w0 is the beam waist, and w(z) is the beam size
at a the distance z. q(z) = z − iz0 is the complex beam parameter and z0 = πw2

0/λ is the Rayleigh
length. As mentioned in the introduction, modes from the LG and HG mode families experience
inter-modal crosstalk when they propagate through turbulence [14]. Since there is currently
no unified analytical theory on the distribution or the moments of crosstalk coefficients in the
different mode sets (besides for OAM as mentioned previously), the standard approach is through
direct system simulations or experiments. For systems that are designed around the phenomena
of structured light spatial diversity (i.e., modal diversity), or mode division multiplexing, it is
crucial for performance estimation to have datasets of channel and crosstalk coefficient states
in different turbulence regimes. Whereas experimental data is often preferable for trials, in
design, simulation data is crucial as it provides finer control over the link parameters and rapid
turnaround times (although “rapid” is often dependent on available computational power).

In order to find these various channel and crosstalk coefficients in the context of structured
light, we use a technique known as modal decomposition. Any unknown field, U(s), can be
written in terms of an orthonormal basis, Ψn(s) (LG or HG basis for example), as follows [35,36]

U(s) =
∞∑︂

n=1
cnΨn(s) =

∞∑︂
n=1

|cn |eiφnΨn(s), (3)

with complex weights cn = |cn |eiφn where |cn |
2 is the power in mode Ψn(s) and ϕn is the

inter-modal phase, satisfying
∑︁∞

n=1 |cn |
2 = 1. In typical communication systems, the inter-modal

phase is not required, simplifying the modal decomposition requirements. Equation (3) can
be ideally thought of as the sum of several multiplexed modes, each of which is a separate
communication channel. The unknown modal coefficients, cn, which carry the mode content
information, can be found by the inner product

cn = ⟨Ψn |U⟩ =

∫
Ψ

∗
n(s)U(s)ds, (4)

where we have exploited the ortho-normality of the basis, namely

⟨Ψn |Ψm⟩ =

∫
Ψ

∗
n(s)Ψm(s)ds = δnm =

{︄
0 n ≠ m
1 n = m

. (5)

The calculation of Eq. (5) may be achieved experimentally using a lens to execute an optical
Fourier transform, F . Accordingly, we apply the convolution theorem (using k as an auxiliary



Research Article Vol. 30, No. 5 / 28 Feb 2022 / Optics Express 7241

variable)
F {f (s)g(s)} = F(k) ∗ G(k) =

∫
F(k)G(s − k)dk, (6)

to the product of the incoming field modulated with a transmission function (for example, a
computer generated hologram), Tn(s), that is the conjugate of the basis function, namely,

W0(s) = Tn(s)U(s) = Ψ∗
n(s)U(s), (7)

to find the new field at the focal plane of a Fourier transforming lens as

Wf (s) = A0 F {W0(s)} = A0

∫
Ψ

∗
n(k)U(s − k)dk, (8)

here A0 = exp(i4πf /λ)/(iλf ), where f is the focal length of the lens and λ the wavelength of the
light. If we set s = 0, which experimentally is the on-axis intensity in the Fourier plane, then
Eq. (8) becomes

Wf (0) = A0

∫
Ψ

∗
n(k)U(k)dk, (9)

which is the desired inner product of Eq. (4). Therefore we can find our modal weightings from
an intensity measurement of the on-axis light

|Wf (0)|2 = |A0 |
2 |⟨Ψn |U⟩|2 = |cn |

2. (10)

2.1. Atmospheric turbulence and simulation

Optical atmospheric turbulence is the result of random, spatially varying fluctuations in air
temperature and pressure, which cause optical aberrations. The Kolmogorov model is used to
relate these fluctuations to variations of the refractive index of the atmosphere. When a laser beam
propagates through these random cells of air, it is aberrated, leading to wavefront distortions and
also intensity fluctuations [12]. Here we will briefly introduce the parameters used in this work
and how they relate to each other before explaining how turbulence can be accurately simulated.

There are two boundary values, which specify the scale of these cells: the inner scale, l0,
which is on the order of millimeters, and the outer scale, L0, which is on the order of meters.
Intuitively, L0 can be estimated as twice the height above the ground of the link.

A convenient approach to modeling atmospheric turbulence is by using the power spectral
density of the refractive index fluctuations. The Kolmogorov spectrum, which is a simple model
that assumes the inner scale is zero and the outer scale is infinity, is given by

Φ
K
n (κ) = 0.033C2

nκ
−11/3, (11)

where C2
n is the refractive index structure parameter, and κ is a spatial frequency coordinate. In

this work, we use the modified von-Kárman spectrum, described below. It is often convenient
to model the effect of turbulence with statistics, and so the Fried parameter, r0 (also called
atmospheric coherence length), is a measure of the turbulence strength, which takes into account
the length of propagation. As a rule of thumb, smaller r0 lengths result in stronger turbulence.
For a plane wave (approximately a collimated Gaussian beam) in unspecified turbulence, r0 is
given by

r0 =

(︃
0.423k2

∫ L

0
C2

n(z
′)dz′

)︃−3/5

, (12)

where k = 2π/λ is the wave-number, and the propagation distance is incorporated by the integral
over path length L.
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Of practical interest, the scintillation index, SI, is a common parameter used to indicate
the strength of turbulence. It is useful where knowledge of the intensity, I, in the absence of
turbulence is unknown, which is typically the case in non-lab environments, where

SI =
⟨I2⟩ − ⟨I⟩2

⟨I⟩2 =
⟨I2⟩

⟨I⟩2 − 1. (13)

In this work, we label all of our results by SI for convenience. Intuitively, a low SI represents
weak turbulence, and as the SI becomes larger, the turbulence is stronger.

It is usually hard to construct a physically representative and accurate experiment in the
laboratory to simulate the propagation of structured beams through “thick” atmospheric turbulence.
Thick turbulence is defined as a non-single phase screen approximation, which is closer to reality
for long propagation distances through the atmosphere.

For the practically useful turbulence regime, a split-step Fourier method (SSFM) approach
can be utilized together with the numerical propagation between phase screens of the random
fluctuations of the refractive index of the atmosphere [12,37], described briefly as follows.

Let E0(x, y) be a transverse field in a transmitter plane. An iterative split-step propagation can
be used to obtain a disturbed field at the receiver plane as follows:

Ej+1(x, y) = F −1 [︁
F

[︁
Ej(x, y)

]︁
Ep

(︁
κx, κy

)︁ ]︁
exp[iφ(x, y)], (14)

with j = ztot/zprop, where ztot is the total propagation distance and zprop is the step propagation
distance. E(p) is the k-space spectral propagation operator to zprop, and φ(x, y) is a randomly
generated phase screen. F is a two-dimensional Fourier transform.

A key component of the SSFM algorithm is a physically representative random turbulence
phase screen. Several spectra are commonly used for the phase-screen approach, such as
Kolmogorov, Tatarskii, von-Kárman, and Hill spectrums [12]. The simulator that is used in this
study uses the modified von-Kárman spectrum given by [24]

Φn(κ, r0) = 0.023r−5/3
0 exp

(︂
−κ2/κ2m

)︂ (︂
κ2 + κ20

)︂−11/6
, (15)

where κ = (κ2x + κ
2
y )

1/2, κx and κy are the spatial frequencies, κm = 5.92/l0, and κ0 = 2π/L0,
where L0 and l0 are the turbulence outer scale and inner scale, respectively. From the spectrum
in Eq. (15), a phase-screen for a propagation step of the SSFM algorithm is generated as

φ(x, y) = Re ⎛⎜⎝F −1
⎡⎢⎢⎢⎢⎣

C
Ng∆x

⌜⃓⎷
Φn
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κ,

(︃ zprop

ztot

)︃−3/5
r0

)︄⎤⎥⎥⎥⎥⎦⎞⎟⎠ , (16)

where Re(·) is the real part operator, Ng is the number of grid points per side, ∆x is the distance
between two grid points, and C is a Ng × Ng array of random variables (N(0, 1) + iN(0, 1)), with
N being a normal distribution.

2.2. Conditional generative adversarial network models

Among the different types of neural networks and machine learning techniques, GANs (in
particular, CGANs) are usually used for the generation of high-dimensional, complex synthetic
data [28,34]. A popular use case is the generation of so-called “deep fakes”, which can take the
form of randomly generated photographs of human faces, which can be almost indiscernible
from real photographs [29].

Broadly speaking, a GAN network is actually two separate deep neural networks, which are
made to contest with each other in a game, which is the training process. In this approach, an aptly
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named “generator” network, and a separate “discriminator” network are engaged in a competition
where the generator tries to fool the discriminator into believing that its fake synthetic samples
are true. The generator network’s objective is to increase the error rate of the discriminator (i.e.,
it gets better at generating more accurate samples). The discriminator is trained to recognize
accurate samples (for example, real photographs, or in our case, simulated or measured crosstalk
matrices). Thus, in the process of learning, both networks become better at their task: the
generator produces more and more qualitative samples, whereas the discriminator gets better at
distinguishing between fake and real (i.e., physically accurate) samples, driving the adaptation
in the generator further. The seed (called the latent space) for the generator network is random
noise, and so the output samples are also random. This is useful because atmospheric turbulence
is a random process, and so every generated crosstalk matrix is random, but nevertheless with a
specific probabilistic distribution.

A CGAN enables data labeling to be used. This allows one network to be trained and used
for the generation of several different output distributions. In this work, data labels represent
the turbulence strength regimes on the optical channel, which allows us to train the network for
multiple sets of physical conditions at the same time for a particular mode set.

3. CGAN channel modeling methodology

Since our goal is to create a CGAN that can produce crosstalk matrices that correspond to a
physical channel, we produced training and test data using a robust simulated approach briefly
described in Sec. 2.1, and also a physical 150-m link for comparison. For the purposes of this
proof of principle demonstration, we show the accuracy of this method with both LG (OAM
specifically) and HG modes. While we believe the technique will work for any mode set, we
study OAM because of its popularity and ease of use, and HG because of the possible resilience
to turbulence and current lack of analytical crosstalk studies.

Specifically, we have limited the set of LG modes to the seven doughnut-shaped OAM modes,
where the radial index p = 0 and ℓ ∈ [−3, 3]. The chosen HG modes have (m, n) ∈ [0, 2] for
a total of nine modes. The modes in each of the sets have the same beam waist ω0, and will
therefore propagate with slightly different sizes and divergences according to the mode order,
however, this is natural, and we do not compensate for this in this work.

It should be noted that the smaller range of modes was primarily due to the practical constraints
of the experimental setup, but the proposed method is flexible and should work for any set of
modes. This further emphasizes the difficulty of reliably and accurately generating and detecting
higher-order spatial modes in real-world turbulence and our approach’s utility here.

Separate CGANs were trained for the HG and LG channels, each with 15000 samples. The
details of the experimental setup are provided in Sec. 3.1 and the simulation in Sec. 3.2. The
parameters and explanation thereof for the CGAN are provided in Sec. 3.3.

3.1. Experimental data acquisition and setup

An experiment was performed at the Wits Optical Communication Lab, located in Johannesburg,
South Africa, at an altitude of 1750 m above sea level. A 150 m free-space link was built using a
flat, four-inch mirror situated on a rooftop 75 m from the lab window with a diagram in Fig. 1.
The mirror was adjusted to reflect the beam to a large receive lens separated from the transmitter
by about 20 cm to ensure that the outgoing and incoming beam paths experienced independent
turbulence.

The setup is predominantly a standard mode generation and decomposition configuration
[36], with several modifications for long-distance propagation. The beam from a single-mode
fibre coupled 520-nm laser is expanded and reflected from a digital micro-mirror device used to
generate the required spatial mode. A green wavelength is used to ease alignment. A spatial
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Fig. 1. A schematic of the experimental mode generation and decomposition setup with a
turbulent path of 150 m. Insets show examples of the aberrated de-multiplexed beams (for
ℓ ∈ [−3, 0]) at the camera with labels corresponding to the ℓ values of each spot.

filter then selects the first-order mode, and an adjustable-focus telescope expands the beam to
reduce divergence.

A beam-reducing telescope consisting of a large diameter lens (200 mm) and an achromatic
lens is used at the receiver. The large receive aperture is important as beam clipping significantly
degrades the mode quality. The achromatic lens introduces less spherical aberration for an
off-center beam than a plano-convex lens. These considerations are essential as we wish to
minimize the effect of the setup and focus our study on the turbulence itself.

The reduced diameter beam is reflected from a liquid-crystal spatial light modulator with
multiplexed holograms to send different decomposed modes to spatially separated spots on a
camera. The crosstalk can then be measured in real-time as opposed to sequentially.

The camera records frames at 300 frames per second for bursts of ten seconds per transmitted
mode. The turbulence strength is estimated using a Gaussian mode transmitted through the
system before and after the mode measurements, where the scintillation index is measured and
averaged.

3.2. Simulated data acquisition

An accurate simulation of the optical channel was conducted with the SSFM algorithm summarised
in Sec. 2.1 but detailed in Ref. [37]. The simulation parameters are summarized in Table 1,
which were tuned in an attempt to match the experiment as closely as possible.

Table 1. SSFM Turbulence Simulation Parameters.

Parameter Value

Operating wavelength (λ) 520 nm

Beam waist (ω) 0.025 m

Total propagation distance (ztot) 150 m

Step propagation distance (zprop) 10 m

Outer scale (L0) 10 m

Inner scale (l0) 0.01 m

Screen size (D) 0.4 m

Number of grid points per side (Ng) 256

LG pre-training turbulence strengths (r0) 0.15, 0.17, 0.19

HG simulated turbulence strengths (r0) 0.1, 0.15, 0.2, 0.25, 0.3, 0.35, 0.4, 0.5

Due to the functionality of the simulator, turbulence strength is specified using r0. In order to
compare with and attempt to match the experimental results (particularly for the LG case, which
required pre-training, detailed later), the SI for each turbulence strength was measured from
the simulation data. Given the flexibility of the simulation, we also present a case of stronger
turbulence for HG than what was possible with our LG dataset.
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In the simulation, modes were created, numerically propagated, and then a modal decomposition
was conducted at the receiver. Decomposition was conducted against all of the modes of interest.
As mentioned prior, 15000 different crosstalk matrices were generated for each different turbulence
strength, for the LG and HG modes.

3.3. CGAN training and operation

In the used CGAN architecture, various classes within a particular GAN denote different
turbulence conditions captured in the experiment. This allowed us to train channel state
generators jointly for a broad range of turbulence regimes for a particular mode set. Separate,
independent CGANs were created for the LG and HG mode sets. In the training process, slight
noise was added to the images to improve resilience against over-fitting.

A Tensorflow/Keras implementation [38] was used as a baseline and was then further modified.
A simple, fully connected design was chosen for both generator and a discriminator, and dropout
layers were introduced to avoid over-fitting. Illustrations of the generator, discriminator and
CGAN diagrams are shown in Fig. 2.

Fig. 2. An illustration of the (a) generator, (b) discriminator, and (c) CGAN diagram for a
sample of size N × N.
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For the LG mode set, initial pre-training was done using simulated data with r0 given in
Table 1 and then “fine-tuned” using the experimental data. This is because there was not enough
experimental data and not enough diversity in that data to prevent over-fitting. The experimental
data SI values are the following: (0.2190), (0.0882, 0.0619, 0.0320), (0.0318, 0.0259, 0.0230,
0.0228).

The HG dataset was purely simulated as the experimental setup was not optimised for HG modes.
The SI values equivalent to the r0 values given in Table 1 are: (r0, SI) (0.1,0.9539), (0.15,0.5084),
(0.2,0.2892), (0.25,0.1757), (0.3,0.1129), (0.35,0.0759), (0.4,0.0530), (0.5,0.0283).

The specific training details for the LG and HG CGANs are as follows. In LG case, for the
first 3000 epochs, pre-training is conducted on the larger simulated datasets with the largest used
learning rate of 0.0001. Following the pre-training, an experimentally measured dataset is used
for 3000 epochs with a learning rate of 0.0001 (for the HG dataset, this step also used simulated
data), then for 3000 epochs with a learning rate of 0.00001, and finally for 5000 (3000 for HG)
epochs with a learning rate of 0.000001. The various hyper-parameters used in the training
process are summarized in Table 2.

Table 2. CGAN Hyper-Parameters Used for Training the LG and HG Models.

Parameter Values (LG) Values (HG)

№ of epochs 3000/3000/3000/5000 3000/3000/3000

Batch size 64/64/128/256 64/128/256

Adam learning rate 0.0001/0.0001/0.00001/0.000001 0.0001/0.00001/0.000001

Adam β1 0.5 0.5

Latent layer size 1000 1000

The final training on the networks was conducted until apparent convergence according to
external metrics, including mean, variance, and energy distance between datasets, as well as
visual analysis, and will be discussed in Sec. 4. The reason for this is because the standard
training metrics, such as loss, are unreliable in the context of GANs, and so instead, an external
evaluation of the generator needs to be in place [39]. Therefore, for every 1000 epochs, 100
samples for each turbulence strength are generated by the CGAN and evaluated.

4. Validation methods

To verify that the generated data is indeed accurate, underlying PDFs of the produced samples
need to be evaluated and compared. Since PDFs of the data can not be estimated fully due to the
high complexity following high data dimensionality, we will employ several tools to assess the
quality of the GAN model performance compared to simulated and experimental data.

In all following methods, crosstalk matrix data from the experiment, simulation, and the GAN
will be assumed to be vectorized. All of this data is then combined into a set of n-dimensional
vectors to form a corresponding sample.

4.1. Moments

The first and most straightforward approach is to estimate the statistical moments of the datasets.
Even though the results of such comparison can not justify the quality of the GAN on their own,
they can nonetheless be helpful to see significant deviations between the datasets. To quantify
the differences in moments between the generated samples and a baseline, the total L1 norm of
moment differences can be computed as

ED(X) =
∑︂ (︁

∥E(X) − E(Y)∥L1

)︁
, (17)
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VarD(X) =
∑︂ (︁

∥Var(X) − Var(Y)∥L1

)︁
, (18)

where X is the CGAN-generated dataset, and Y is the baseline dataset. Here, the mean can be
obtained as

E(X) = X̄ =
1
n

(︄
n∑︂

i=1
Xi

)︄
, (19)

where Xi are the elements of the sample dataset X, with the variance given as

Var(X) = E
[︁
(X − X̄)2

]︁
. (20)

4.2. Energy distance estimation

Although it is preferable, it may not be required for practical purposes to have two identical
PDFs, as long as the samples produced by the simulator are close enough to the ground truth.
To estimate the closeness of the datasets, we can compute the squared energy distance (D2

E)
[40], which is a metric that measures the distance between the PDFs of random vector sets via
computing pairwise distances between data points, as follows

D2
E(FX , FY ) = 2E∥X − Y ∥ − E ∥X − X′∥ − E ∥Y − Y ′∥ , (21)

where X and Y are two samples, FX , FY are the corresponding underlying PDFs and D2
E(FX , FY )

is the measured squared Energy Distance between the samples PDFs. A normalized squared
energy distance is also used, and is expressed as

H(FX , FY ) =
2E∥X − Y ∥ − E ∥X − X′∥ − E ∥Y − Y ′∥

2E∥X − Y ∥
. (22)

5. Results and discussion

The training and convergence of the CGAN generator performance for the LG and HG mode sets
are shown in Figs. 3 and 4, respectively.

Focusing on the LG results initially, a noticeable jump can be seen at the point of dataset change
after the first 3000 epochs. This jump is especially noticeable on the H - normalized energy
distance graph in Fig. 3(b). This is because the experimentally acquired data was less variable
than the simulated data on a sample-to-sample basis due to the memory (i.e., correlation time) in
the turbulence channel, known as the Greenwood frequency [12], and inadvertent oversampling
of the experimental measurements. Good convergence to a level of approximately H = 0.2 can be
seen, and the convergence seems to saturate at this point.

Considering the results for the CGAN trained solely on the simulated data on the propagation
of the HG modes in Fig. 4, a better convergence of H ≤ 0.2 was achieved compared to the LG case
for the reasons mentioned above. In the simulator, each instance or turbulence is independent,
and so there is no correlation between subsequent samples.

In Figs. 3 and 4, the outlying convergence trend generally corresponds to either the strongest or
the weakest turbulence regimes encountered by the network during training. We are unsure of the
exact reason for this, but we believe that as the network is trained on several different turbulence
strengths regimes (i.e., data labels), it becomes harder for it to replicate samples that are further
from the mean across all possible regimes.

Comparing results depicted in Fig. 5(a) and Fig. 5(b), a good performance in averages can be
seen. Adequacy of the generator can be further emphasized by observing the cases of individual
samples depicted in Fig. 5(c).

From Figs. 6(a) and 6(b), we can see that despite better convergence in H, convergence in
averages seem worse than in the LG case. This is due to the higher variability of the dataset,
which can be seen from the samples depicted in Fig. 6(c)
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Fig. 3. Training on the LG simulation and experimental dataset, CGAN metrics conversion
with epochs. (a) Energy distance, (b) normalized energy distance, (c) total L1 mean distance,
and (d) total L1 variance. Different colors represent different SI values in the order mentioned
in Section 3.3. The outlying performance (highlighted) can be noted for the strongest or the
weakest turbulence conditions. Also of particular interest is the transition from simulated
pre-training data and experimental data at 3000 epochs.

Fig. 4. (a) Energy distance, (b) normalized energy distance, (c) total L1 mean distance, and
(d) total L1 variance. Different colors represent different SI values in the order mentioned in
the Section 3.3. The outlying performance (highlighted) can be noted for the strongest or the
weakest turbulence conditions.



Research Article Vol. 30, No. 5 / 28 Feb 2022 / Optics Express 7249

Fig. 5. LG results for (a) averaged experimental measurements, (b) averaged CGAN outputs,
and (c) a selection of CGAN samples at SI=0.0259 to demonstrate the variability between
samples. Mode indices ranging from 1 to 7 correspond to LG modes with p = 0 and with ℓ
ranging from −3 to 3, respectively. Note that turbulence strength for each column is labelled
above the plots.

One noticeable feature observed in both runs is the difference in the convergence between the
energy distance (D2

E) and normalized energy distance (H). The explanation for this behavior can
be the trade-off between the average generator performance versus the sample diversity. Even
though we tried to combat the mode collapse with the Dropout layers, it still can be observed
here in the reduced H convergence.
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Fig. 6. HG results for (a) averaged simulation “measurements”, (b) averaged CGAN outputs,
and (c) a selection CGAN samples at SI = 0.0759 to demonstrate the variability between
samples. Mode indices ranging from 1 to 9 correspond to the following HG (m, n) modes:
(0,0), (0,1), (0,2), (1,0), (1,1), (1,2), (2,0), (2,1) and (2,2). Note that turbulence strengths are
labelled above the plots.

6. Conclusion and future work

The effect of turbulence on so-called structured light is complicated and is not yet fully understood.
In communications, relatively few probabilistic models have been developed for mode dependent
loss and crosstalk between various higher-order modes, limiting their potential. A solution to
understanding the wide variety of possible forms of structured light in turbulence is to use physical
simulations, or alternatively, experimentation over physical links. Unfortunately, experimentation
is not always practical, and accurate simulations are very computationally intensive and can take
a significant amount of time.

Here we present a novel, generative adversarial network-based solution to these problems
using a data-based modeling approach for the effect of turbulence on structured light beams.
Our method is able to accurately generate realistic random channel representations without any
knowledge of underlying statistical models (many of which have not yet been developed). We do
this with high computational efficiency compared to physical simulations, which can take orders
of magnitude more time.

In this work, the CGAN was designed to compute only the intensity (or amplitude) of channel
matrices of spatially structured beam decomposition, but we believe that the same methodology
could also be used to generate the inter-modal phases, which has relevance to adaptive optics, for
instance. This would require additional training data but is the subject of future research due to
the potentially complicated relationship between amplitude and phase.

We envisage an online repository where researchers with access to high-performance com-
putational resources or experimental test-beds can submit the underlying configuration data of
their trained GANs for easy access by the community. This would enable researchers to focus
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their efforts on challenges such as stochastic modeling and communications theory, for example,
rather than developing physical channel simulations or building complex experimental setups.

Some other improvements on the approach are possible with certain modifications. One way
to improve the generated sample diversity, at the cost of complexity, can be achieved using a
multi-agent diverse GAN (MAD-GAN) approach [41]. Another possible improvement on the
algorithm is investigating the different loss types in the CGAN training. Finally, the training
process in the present paper was conducted on a relatively limited amount of experimental and
simulated data as proof of principle. Using larger datasets will improve the performance of the
simulator and the accuracy of the generated samples. We hope that this work will spark follow-on
research on data-based structured light propagation modeling through turbulent media.
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