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Laser satellite communication technologies are promising next-generation communications systems, offering
higher data rates, more secure links, and cost-effective operations. One of the remaining challenges to tackle for
ensuring sufficient link availability is atmospheric turbulence. While turbulence effects on laser links can be partly
compensated for with corrective technologies and algorithms, these methods would benefit from better knowl-
edge of turbulence profiles on the communications channel, both for system design or real-time assistance during
operations. As state-of-the-art turbulence profilers are not designed to measure profiles from a laser beam on a
moving satellite, this paper proposes a line-of-sight turbulence profiling tool tailored for laser satellite communi-
cations. Speckle-based turbulence observation and reconstruction via machine learning uses surrogate learning to
build a model that can reconstruct optical turbulence profiles (C2(5)) from a single shot measurement of a speckle
pattern. In this paper, the first modeling results of this flexible approach demonstrate that eight-layer turbulence
profiles can be reconstructed from simulated single speckle images of a star with less than 10% error on the Fried

parameter.
training, and similar technologies, are reserved.
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1. INTRODUCTION

Since the 1990s, laser satellite communications (laser satcoms)
have been seen as a promising solution for next-generation
global communications systems [1,2]. Compared to classical
radio-frequency communications, the shorter wave infrared
spectrum produces narrower beams and lower free-space losses.
This offers four main advantages: higher throughput, more
secure links, optimized size, weight, and power of onboard
systems, and finally, lower operational costs due to unregulated
bandwidth usage [3].

However, laser satcom performance and availability suf-
fer from the loss-inducing effects of laser beam propagation
through the atmosphere [4]. In order of severity, these arise
from cloud coverage, acrosol and molecular attenuation, and
lastly, atmospheric turbulence. This research focuses on the
latter and measuring its effects on laser links such as beam
spread, beam wander, and scintillation. The resulting irradiance
fluctuations on the receiver contribute to link quality degrada-
tion and potential loss of signal, amounting to overall reduced
communications performance.

In order to mitigate degradations caused by turbulence,
various corrective techniques, such as adaptive optics (AO)
or higher-level coding strategies, are proposed [5]. Properly
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designing these systems and protocols requires prior knowledge
of channel quality. The latter is tightly linked to the optical tur-
bulence profile (OTP) along the line of sight, i.e., the turbulence
strength as a function of the altitude, or C2(/), between the
ground and satellite. In particular, basic AO sizing and point-
ahead capabilities are driven by the Fried parameter and the
isoplanatic angle. These integrated values of C2, corresponding,
respectively, to the coherence length and angle of the turbulent
atmosphere, are easily computable using a differential image
motion monitor (DIMM) [6].

On the other hand, a multilayer characterization of channel
turbulence is more advantageous for several reasons. First and
foremost, while the isoplanatic angle is an adequate starting
point, phase error estimation for uplink pre-compensation is
better achieved when using multilayered turbulence profiles [7].
Additionally, observing actual turbulence profiles alongside the
resulting irradiance fluctuations will provide important insight
to improve link performance estimations (e.g., bit error rates)
as a function of turbulence altitude and strength. Moreover,
collecting turbulence profiles from different satellite eleva-
tions and over urban areas could provide interesting statistical
information on turbulence in typical laser satcom conditions.
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Needless to say, while no method is yet designed specifically
for line-of-sight turbulence profiling on laser satcom links,
they are abundant for astronomy [8]. Conveniently, many of
these techniques rely on starlight wavefront sensing or speckle
patterns imaging, i.e., measuring irradiance interference pat-
terns on the pupil plane. Resulting from phase aberrations
generated when light propagates through turbulence cells of
varying refractive indices, speckle patterns carry inherent sta-
tistical information about the turbulent state of the traversed
air column. At first glance, such methods are easily applicable
to laser satcoms by switching the celestial point source from
stars to satellite laser beams, which also ensures a line-of-sight
measurement.

One of the more widely established turbulence profiling tech-
niques is that of scintillation detection and ranging (SCIDAR)
[9]. Based on the autocorrelations of a binary star speckle
pattern, SCIDAR yields high vertical resolution turbulence pro-
files. Moreover, generalized SCIDAR [10] allows profiling of the
whole atmosphere, including the ground layer. Unfortunately,
SCIDAR is inherently incompatible with laser satcoms since it
requires a double light source, whereas a laser communications
satellite can only act as a single source. Likewise, SLODAR
[11] and one of its variants, CO-SLIDAR [12], perform similar
analyses to SCIDAR using wavefront sensors but are equally
incompatible due to their use of a double source.

To overcome the binary source issue, one could point to
single star SCIDAR (SSS) [13,14]. Using the same principle as
SCIDAR, SSS employs a time-series of single star speckle pat-
tern images to profile whole atmospheric turbulence. Similarly,
SCO-SLIDAR [15] and AC-SLODAR [16], the single-star
versions of SLODAR, provide single source OTP estimations.
However, while the single source is convenient for laser sat-
coms, using a speckle pattern time series in the low Earth orbit
(LEO) satellite scenario puts more stringent requirements on
the detection frame rates and workable wind speeds. Due to
the high angular speeds of typical LEO laser satellites, the air
column measured by the emanating laser beam will not be the
same at two consecutive instances. This results in limitations
of the turbulence profiling range by the detector capabilities, as
detailed in Section 2.B.

Despite suffering equally from time-separated measure-
ments, this overview would be incomplete without a mention
of scintillation-based methods. These include the Shack—
Hartmann image motion monitor (SHIMM) [17], a modified
version of the DIMM, which provides an OTP with a four-
layer vertical resolution based on scintillation measurements,
i.e., measures of the total irradiance fluctuations at the receiver.
Similarly, the multi-aperture scintillation sensor (MASS) [18]
produces six-layer OTPs. However, even when combined with
the DIMM [19,20], these techniques provide relatively poor
altitude resolutions, especially near the ground layer, where
turbulence is often the strongest. A different scintillation-based
method, the ring-image next-generation turbulence sensor, or
RINGSS [21], produces an eight-layer OTP using defocused
ring images of a star, with better low-altitude resolution and
greater flexibility.

Beyond their initial strengths and shortcomings, however, all
the aforementioned techniques require either multiple sources
or multiple measurements. While technically still feasible, the
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latter techniques could be limiting for LEO laser satellites. In
light of this, the purpose of this paper is to introduce a novel
optical turbulence profiling technique tailored to laser satellite
communications. STORM, or speckle-based turbulence obser-
vation and reconstruction via machine learning, aims to remedy
the technological gap by using machine learning (ML) to deter-
mine turbulence profiles from single shot speckle patterns of a
single source. This single-source-single-shot approach bypasses
detector limitations as well as some physical limitations arising
from wind speeds and turbulence regimes. While pending field
tests, the STORM concept, development, and first simulation
results are described in this paper.

For the sake of clarity, the general concept of this technique
is explained in Section 2. Section 3 elaborates on the method
for developing the first STORM model: the dataset generation
and the machine learning model design. Finally, the results of
the model training and subsequent discussions are addressed in
Section 4 before concluding in Section 5.

2. STORM CONCEPT
The novelty of STORM is threefold. First of all, though appli-

cable to astronomy, this technology is primarily targeted at
laser satellite communications. Second, STORM is a single
shot profiler from a single source, a combination of traits not
yet explored by the state of the art. Third, thanks to the use of
surrogate learning, the STORM machine learning model is a
flexible post-processing method that can easily be generalized
to different use cases. This section serves to highlight these
innovative aspects by explaining the STORM system, why it is
advantageous, and how the theory aligns.

A. System Overview

The STORM technology encompasses two elements: the hard-
ware, consisting of an imaging instrument, and the software,
consisting of an image-processing technique that outputs a
turbulence profile. Just like in SCIDAR, the instrument is a pix-
elated detector positioned in the pupil plane to collect a speckle
pattern from the light source after atmospheric propagation.
Unlike SCIDAR or SSS, however, STORM’s post-processing
produces a full turbulence profile from a single speckle image of
a single source without needing a binary source or a time-series
measurement. This is achieved by employing a neural network
trained to extricate turbulence profiles from the information
encoded in speckle patterns. An explicative diagram of the full
technology is depicted in Fig. 1.

It is worth mentioning that although ML-based turbulence
reconstruction solutions have been implemented in prior stud-
ies [22-24], they have sought to reconstruct local turbulence
profiles or single integrated parameters from meteorological or
AO inputs on a given site rather than produce a generalized tool
to reconstruct a full profile from a single shot measurement on
any site.

It should also be noted that for the purpose of demonstrating
the STORM concept, the case study presented in this paper
is that of a single star observation at a 550 nm wavelength.
Hopefully, it will become clear to the reader that this same
procedure (shown in Fig. 4) can easily be applied to any point
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Fig. 1.

STORM concept: the speckle pattern is imaged on a ground station during a satellite laser communications pass; by feeding this single

image to the pretrained STORM ML model, the atmospheric turbulence profile can be reconstructed in output.

source, such as that of a satellite laser, by modifying the appro-
priate parameters in the development procedure and hardware.
Furthermore, this work is only intended to validate the STORM
technique via simulation results. Experimental results to val-
idate the STORM instrument and the full technology will be
addressed in future work.

B. Single Shot Advantage

When evaluating the applicability of current profiling tech-
niques to laser satcoms instead, one could naturally question
if a stereo- [25] or single star SCIDAR approach would be
successful. In fact, imaging speckle patterns from two con-
secutive satellite positions could equate to a double source or a
single source separated by the satellite’s angular displacement.
However, albeit theoretically feasible, this approach is limited by
detector capabilities.

To demonstrate this, one can consider the example of a typical
LEO communications satellite with a 550 km orbit performing

Satellite elevation, azimuth and angular rate

Angular frame separations

a high elevation pass. The average angular velocity with relation
to the ground is of around vgg, = 0.5 deg/s, and reaches up to
Vgsae = 1 deg/s at culmination [see Fig. 2(a)]. As the ground
telescope tracks the satellite at the same angular rate, this means
that still turbulence features at an altitude 4 in the measured
air column move along and out of the frame by a transversal
displacement d (4, t) approximated by

b * UGSat(t) + U)(h)
Vf ’

d(h, )= (1)

where 7 ¢ is the pupil camera frame rate. Moreover, since features
are generally not still but rather displaced by wind, a conserva-
tive case is considered by supposing counter-directional wind,
w(4). In this study, the Bufton wind model is considered as the
wind profile.

While this feature displacement is not an issue in the case of a
single shot measurement (with low enough integration times),
it becomes problematic for multi-frame techniques when the

Average feature displacement
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Fig.2. (a) LEO (550 km) satellite high pass: elevation, azimuth, and angular rate. (b) Angular separation between satellite positions for consecutive
frames versus physical angular limits for stereo-SCIDAR. (c) Comparison of the turbulence feature displacement across the imaging frame for differ-
ent frame rates, at maximum satellite angular velocity, with counter-directional wind (Bufton model). The vertical line indicates the physical displace-

ment limit set by the ground telescope aperture.
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displacement surpasses that of the telescope aperture, D,,. In
other terms, when the separation between satellite positions in
consecutive frames exceeds the physical angular limitations set
for binary stars in SCIDAR, then the profiling range becomes
limited [see Fig. 2(b)]. For reference, binary stars used for
SCIDAR are typically within 3" — 10" [26]. To remedy this, a

minimum frame rate 7 ¢y, is required such that

bmax * Vgsar + w(hmax)
DVX

7 f min = > (2)
where 4 may is the desired profiling range.

In this study [Fig. 2(c)], a good camera frame rate of 1 kfps
would limit the profiling altitude range of stereo-SCIDAR to
about 22 km at peak satellite angular rates, with a minimum
frame rate requirement of 1500 fps to profile up to 35 km.
While such frame rates are not unrealistic, developing single
shot methods has the clear advantage of releasing profiling
techniques from frame rate constraints. In both cases, how-
ever, it should be noted that the satellite motion will pose an
integration time requirement if blur is to be avoided on higher
layers. Though it is unclear how much blur can be withstood,
the integration time requirement could be as low as tens of
microseconds.

C. STORM Operational Principle

While advantageous, single shot profiling must also be feasible,
which this section will attempt to demonstrate. Optical turbu-
lence is defined as a variation of the refractive index given by the
structure function D, [4] such that

D,(r, 1) = {|n(ro + 7, 1) — n(ro, H)|*) = C3%,  (3)

where # is the refractive index, 7y is any point in a statistically
homogeneous and isotropic medium, 7 is a normalized dis-
tance contained within the Kolmogorov inner and outer scales,
and Cﬁ is the refractive index structure constant, which is
more widely used as an indicator of turbulence strength. The
statistical homogeneity and isotropy are assumed to extend
horizontally and vertically over the length of the outer scale;
thus, this formula stays valid over any relevant turbulence layer.
Naturally, the propagation of light through changing
refractive indices produces beam deviations, of which the
interferences create speckles on the receiver plane, as in Fig. 3.
The size of said speckles is defined by the first Fresnel zone [4],
VAL, where A is the wavelength, and L is the propagation
distance. Moreover, as the interference itself is caused by the

a-—Weak turbulence at 1.5km
-2
(Cﬁ = 10‘17mT)
b - Weak turbulence at 7.5km
-2
(C,f = 10‘17mT)
¢ - Strong turbulence at 7.5km

(c,% = 10_15m_T2)
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refractive index delta, the speckle contrast is a function of C 5
This phenomenon is visually demonstrated for a single tur-
bulence layer in Fig. 3, where one can see that higher altitude
turbulence generates larger speckles and stronger turbulence
generates deeper speckle contrasts. In practice, this means
that a speckle pattern contains sufficient spatial information
to reconstruct an OTP within an altitude range (h.x) set by
the maximum detectable speckle size, which itself is set by the
telescope aperture () such that
612
hinax = == (4)

By applying the Taylor frozen turbulence hypothesis [4],
multiple shot methods like single star SCIDAR use a similar the-
ory ina temporal domain. The cross-correlation of wind-shifted
speckle patterns gives the necessary altitude and C? information
via the width and height of the correlation peaks, respectively.
Additionally, the position of these peaks provides information
about wind speeds, which the proposed spatial analysis does
not. However, the spatial analysis has the advantage of not being
bounded by minimum or maximum wind speeds.

While the inversion problem appears straightforward for
a single turbulence layer as presented above, it becomes more
complex with a multilayer atmosphere. In order to circum-
navigate this complexity while demonstrating the feasibility
of single shot profiling, it was decided to use machine learn-
ing. Advantageously enough, this method also has the benefit
of potentially fitting a solution, which is not limited by the
strength of the turbulence regime.

3. METHOD
A. Development Process

In order to develop an adequate neural network for STORM, a
surrogate learning approach was used. This means that the ML
model was trained to mimic the output of a numerical model,
rather than that of physical results. In other words, the train-
ing data, i.e., the speckle pattern dataset, is collected through
numerical wave propagation simulations as opposed to real data.

Although large databases of speckle observations exist from
stereo-SCIDAR measurements [27], the simulation approach
was selected for adaptability to wavelength, telescope diameter,
detector resolution, and turbulence conditions. First, gener-
ating tailored training data offers the advantage of creating a
model that learns to recognize turbulence profiles of any shape
and strength. This ensures that STORM can accurately predict

Fig.3. Visual demonstration of the impact of turbulence altitude and strength on a speckle pattern received at ground level: turbulence at higher
altitudes generates larger speckles [as seen by the spot sizes between (a) and (b)] and stronger turbulence generates deeper contrasts [as seen by the color

gradients between (b) and (¢)].



9590 Vol. 64, No. 32/ 10 November 2025 / Applied Optics

any OTD, even over previously unmonitored sites such as those
of urban laser satcom ground stations. Moreover, simulating
artificial speckle patterns offers the flexibility to quickly generate
data fitted to the right ground station parameters (e.g., telescope
diameter, image resolution, wavelength), making the model
easily trainable for new sites and use cases. As such, regardless of
the wavelength used for this validation, the STORM model will
simply need to be trained from scratch on infrared speckles in
order to work for C-band laser communications.

1. First STORM Model

In this paper, a first STORM model is produced and evaluated
using the following three-step methodology: to begin with, the
speckle pattern dataset is generated using a wave propagation
simulator. Next, an ML model is built based on successful con-
volutional neural networks. Finally, this model is trained with
90% of the training dataset, and its performance is evaluated
using the remaining 10%.

2. General Implementation Process

For the general implementation of the STORM technique on a
ground station anywhere, one should follow the process shown
in Fig. 4. Minus redesigning the actual ML model, which this
research has made publicly available, the steps are the same as
those described in the previous paragraph. After training the
model on their own use case-specific datasets, a STORM user
then needs to implement adequate hardware for capturing
speckle patterns from their ground station. Once speckle pat-
terns are collected on site, they are input into the trained ML
model to reconstruct local turbulence profiles.

B. Assumptions
Throughout the development of the first STORM model, the

following assumptions were made both for the propagation
simulation and the machine learning process:
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Al Celestial sources (starlight or LEO satellite downlink laser
beams) are approximated as plane waves at the top of the
atmosphere.

The optical propagation simulation applies the von
Kérmdn spectrum within the inertial range, using an
outer scale of hundreds of meters and an inner scale of the
order of the millimeter. Underlying assumptions of local
homogeneity and isotropy apply within this range.
Turbulence profiles are bounded by typical ranges:
[10718: 10-12] m2/3).

The altitude range of theoretically measurable turbulence
is determined solely by the ground station parameters
(aperture and resolution).

The intensity of the received light is assumed sufficient
within the minimum exposure time to detect clearly
contrasted speckle patterns.

Variations in atmospheric attenuation are considered negli-
gible in relation to turbulence coherence time and length.
The effects of wind and pointing jitter on imaging single
shot speckle patterns are considered negligible (camera
integration time is short enough to avoid blur—tens of
microseconds for lasercoms, hundreds of milliseconds for
stars).

The success of the machine learning concept is transposable
between the visible (550 nm) and IR (1550 nm) domains
(albeit with a new training dataset and a newly trained
model as per the pipeline in Fig. 4). It should nonetheless
be noted that the altitude range and scintillation decrease as
the wavelength increases.

A3

A4

A5

A6

A7

A8

C. Dataset Generation

The surrogate data used to train STORM’s machine learning
model is generated via a wave propagation simulator. As input,
this simulator takes in ground station parameters and a pre-
viously generated turbulence profile. The output is a speckle
pattern that could theoretically have been produced from light
propagating through an atmosphere with the said turbulence
profile. One simulator propagation creates one datapoint: a

STORM Implementation Process
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terns; and 4 use the trained STORM model to reconstruct turbulence profiles.
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Table 1. Main Simulation Parameters and Site
Features

Parameter Value
Wavelength 550 nm
Ground level 0.1m
Maximum altitude 40 km
Negative propagation 300 m

Pointing angle Zenith
Telescope aperture 40 cm
Secondary mirror 17.6 cm (44%)
Spider vane width lcm
Propagation field size 2x2m (512 x 512 pix)
Output speckle size 0.4 x 0.4m (105 x 105 pix)
Total profiles 5064

Speckles per profile 50

Total samples 253,200

speckle pattern and its tag (the turbulence profile). The genera-
tion of 250,000 datapoints constitutes the full training dataset.
All the main simulation parameters are reported in Table 1.

1. Turbulence Profile Generation

The dataset generation process begins by defining a set of
turbulence profiles that the model will learn to reconstruct.
Making this set as complete and realistic as possible will enable
the model to accurately recognize a broader range of profiles.
For the purpose of these simulations, profiles are defined as
turbulence integrals over eight layers of the atmosphere. The
turbulence integral, J, is the integral of C, ﬁ over a given portion
of theatmosphere delimited by [41; 3]

h
J= Ca(h)dh. (5)
h1

The number and vertical distribution of the layers is a com-
promise between computational complexity and altitude
resolution. In short, the more layers, the better the turbulence
resolution, at the cost of higher computational demands and
larger training dataset requirements. Additionally, increasing
the number of layers complexifies the ML output, which, in
turn, calls for even more training data. Due to these constraints,
it was decided to define an eight-layer turbulence profile.

As atmospheric turbulence is generally weaker at higher
altitudes and stronger in the ground layer [28], a quadratic
distribution of the layers was chosen, allowing for higher vertical
resolution on the lower layers. A minimum propagation dis-
tance between layers is also respected to allow phase aberrations
to propagate sufficiently: the first Fresnel zone should be larger
than the resolution of the next layer.

The final vertical delimitations of the eight layers are as fol-
lows: (0.1 m, 300 m, 650 m, 1 km, 2 km, 5 km, 10 km, 20 km,
and 40 km).

In order to ensure a realistic and extensive set of eight-layer
turbulence profiles, upper and lower bounds of turbulence
strength were defined for each layer based on ranges from exist-
ing models [29,30]. Within these bounds, profiles were then
randomly generated and ultimately filtered to remove those
with unrealistically high Fried parameters (ro > 0.5 m) or low
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Rytov indices (612e < 1072). The Rytov index [see Eq. (9)] is an
estimate of the scintillation in weak turbulence, though it defies
this definition in stronger regimes.

The final distributions of the 5064 generated profiles can
be seen in Fig. 5. On individual layers (see Fig. 9 in blue), the
profiles show relatively logarithmically uniform distributions,
whereas the total turbulence integral follows a log-normal dis-
tribution, as does consequently the Fried parameter. According
to literature on measurement campaigns, true Fried parameter
values do indeed follow some log-normal distribution [31-34].
It can thus be supported that the turbulence profiles generated
for the dataset are realistic and cover a satisfactory spectrum of
turbulence regimes.

2. Speckle Pattern Generation

Using turbulence profiles as input, speckle patterns can be gen-
erated via the wave propagation simulator described hereafter.
A schematic overview of the simulation procedure is pictured in
Fig. 6.

Initially defined as a uniform field representing a plane
wavefront, a light source is propagated from the top of the
atmosphere using the angular spectrum method (ASM) [35,36].
At the mid-altitude of each layer, a phase screen is applied.
According to the layer repartition, the phase screens are inserted
at (30 km, 15 km, 7.5 km, 3.5 km, 1.5 km, 825 m, 475 m, and
150 m). Each phase screen consists of filtered random noise
[37] and is normalized to the turbulence strength defined by
the input profile so as to replicate the effects of propagation
through a turbulent layer of a given strength. Upon reaching
the receiver level, a field mask is inserted to replicate the effects
of the telescope spider resulting from the secondary mirror
obscuration and vanes. This field is then once again propagated
ata “negative” distance to mimic the generalized SCIDAR tech-
nique, which allows aberrations from surface layer turbulence to
develop. Finally, the intensity of the resulting field is kept as the
output speckle pattern.

One such iteration produces a single training datapoint.
However, because the phase screens are generated randomly, the
same turbulence profile will result in different speckle patterns
for separate iterations. In this way, 50 speckle patterns were
generated for each of 5064 turbulence profiles, resulting in a
total of over 250,000 datapoints.

Naturally, this simulator was validated to ensure that the
propagation method accurately substitutes real data. In
particular, a scintillation analysis was used to compare the
theoretical Rytov index to the scintillation indexes reported in
[4]. Additionally, the Fried parameter was used to validate the
magnitude of phase aberrations [38]. The tip-tilt aberrations
have been assessed separately to ensure the subharmonics were
appropriately taken into account [37]. Putting aside com-
promises on vertical resolution, this verification shows that
exchanging real speckles for surrogate data to train the STORM
ML modelis a fair trade.

Generating datasets for different use cases is simply achieved
by setting the simulator parameters accordingly. To favor the
reproducibility of results, the parameters used for this specific
datasetare listed in Table 1.
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Diagram of the wave propagation simulation. The randomly generated profile is input into the model along with the simulation parame-

ters. A uniform field is then propagated through different phase screen layers from the top of the atmosphere using ASM. The final speckle pattern and

input profile constitute one datapoint.

D. Machine Learning Model

To reconstruct turbulence profiles from speckle patterns, the
STORM ML model is built and trained using the speckcn2
package [39] developed for this purpose. These models take a
speckle pattern as input and predict the values of the turbulence
integrals per predefined layer, also referred to here as the screen
tags. Training is performed by minimizing the following loss
function:

L= Z (]i,true - ]i,predicted)zy (6)

which represents the mean-squared error (MSE) between
the true and predicted screen tags. Using these predictions,
additional turbulence parameters, such as the Fried parameter

[Eq. (7)], the isoplanatic angle [Eq. (8)], and the Rytov index
[Eq. (9)], are computed according to definitions provided in
the next subsection. While these parameters could be included
directly in the loss function, their strong dependence on the
dominant screen skews the model’s predictive focus toward
narrow edge cases, resulting in worse overall performance, as
demonstrated in Section 4.B.2.

On another note, the chosen models leverage the principle
of equivariance [40], which exploits the rotational symmetry
inherent in the speckle patterns. This can be achieved through
two approaches: (1) weak equivariance: augmenting the data
with random rotations, and (2) full equivariance: using spe-
cialized models such as spherical equivariant CNNs [41,42].
Experimental results demonstrate superior performance when
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fine-tuning a prebuilt model, ResNet-50 [43], on weakly equiv-
ariant data compared to training a fully equivariant model from
scratch, which is also more computationally expensive. For this
reason, the main results presented in this paper are based on a
weakly equivariant model. Nonetheless, a comparison to a fully
equivariant one is presented in Section 4.B.1.

Aside from this, all the standard choices in defining the
machine learning pipeline are followed, including the use of
the Adam optimizer, dropout layers, and ReLU activation
functions. The final architecture and important features of the
STORM model used in this study are summarized below:

1. Training data processing methods

¢ Detector noise: white Gaussian noise was added to
the speckles to emulate detector noise and random shot
noise proportional to the square-root of the intensity.
* Equivariance: (weak) data augmentation was
achieved through random 7 /2 rotations.
2. Model design elements

* Base architecture: we utilize a pre-trained
ResNet50.

* Final block: converts ResNet outputs into screen
predictions using a sequence of: (i) a dropout layer, (ii) a
linear layer, and (iii) a hard-sigmoid activation.

* Optimizer: Adam optimizer.

* Early stopping: not used.

¢ Learning rate scheduler: not used.

* Learning rate: fixed at le-4.

3. Training parameters

¢ Trainingduration: 100 epochs.
¢ Batchsize: 32.
* Loss function: mean-squared error (MSE) loss.

The actual model is made available in specken2 [39], with
details about optional parameters and a comprehensive
explanation of the model in the documentation and YAML
configuration file. This configuration can be directly used as a
template for the specken2 model to reproduce the results of this
paper butalso to fine-tune the model for different tasks.

E. Validation Metrics

In the interest of quantifying the performance of the trained ML
model, the output profiles are compared to the input ones via
meaningful turbulence indicators: the Fried parameter (), the
isoplanatic angle (6y), and the Rytov index (o 123). The exact inter-
pretations and definitions of these parameters can be found in
[4]. In this study, these indicators are bilaterally computed from
the true and predicted turbulence profiles using the respective
expressions below [4]

ro = (0.423/?2 sec(¢) Z]l-)ia/s, (7)

cos®>(¢)
(2.9162 [ C2(h)(h — ho)>3dh)>"

6o = @)

and

op=2.25k"/° sec“/ﬁ(;)/Cﬁ(/;)(/;—/oo)i/Gd/;, (9)
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where /£ is the wavenumber, ¢ is the pointing angle, and A is the
ground altitude. Albeit of limited accuracy for low-resolution
profiles, C| ﬁ values are derived from the turbulence integral using
the averaged value over the layer thickness.

The predominant advantage of using these parameters
as metrics becomes apparent for field tests. In fact, the Fried
parameter and isoplanatic angle are measured with a DIMM,
and the Rytov index can be approximated from the scintillation
index measured by a scintillometer. Both DIMMs and scin-
tillometers are commonly found on monitored sites, whereas
full curbulence profiles are less common. Therefore, using these
parameters as validation metrics will make field tests more
straightforward to validate.

As a validation criterion, the model is deemed reasonably
accurate if the above metrics computed for the predicted profiles
are within a target 10% error relative to those computed for the
true profiles. In fact, this value is taken such that in the case of
a laser satcom link, the incurred link budget error is minimal
(estimated around 1 dB) [38,44], though this estimate would
benefit from a complete study.

4. RESULTS AND DISCUSSION
A. STORM Model Results
Following training, the performance of the STORM ML model

was evaluated in a random subset of validation samples unused
for training. The results of one such sample are shown in Fig. 7.
In this example, the OTP predicted from the speckle pattern
on the left overlaps almost perfectly with the true profile used
to generate the speckle. Furthermore, the 49 other speckles
produced from this same profile—and also unused during
training—reveal that the predictions statistically follow the
trend of the true profile.

Looking at the larger statistics and using the aforementioned
validation metrics, overall very satisfactory results can be seen in
Fig. 8. In fact, an error inferior to 10% is clearly obtained on the
Fried parameter, isoplanatic angle, and Rytov index.

Besides these general results, some other interesting features
can be observed:

* First, the relative error on the Fried parameter and the
isoplanatic angle does not evolve proportionally to the strength
of the turbulence. This shows that the model is, at first glance,
equally accurate regardless of the turbulence strength and
speckle sizes.

¢ For the Rytov index, on the other hand, the relative error
increases with the overall turbulence strength. More specifi-
cally, the Rytov index is underestimated for lower values and
overestimated for larger values. Hence, the model is slightly
more affected by the turbulence strength when predicting
scintillation.

¢ Finally, if the distribution of the true turbulence integral
is compared to the predicted one, as in Fig. 9, the model predic-
tions follow a log-normal distribution, whereas the true values
are more uniformly distributed. In other words, the highest and
lowest turbulence strengths tend to be underestimated. This
phenomenon results from regularization to avoid overfitting
and is a typical feature in ML. Since the model attempts to
minimize loss, it will naturally avoid extremities, as they have a
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higher loss risk for strong turbulence and a lower gain for weaker
turbulence.

Opverall, profile trends are generally predicted correctly, with
more difficulties when strong outlying layers are present or
when the Rytov variance is exceptionally strong. It should be
noted that the error on the predicted Fried parameter is naturally
driven by errors in predictions of the strongest turbulence layers.
This also results in occasionally large discrepancies between
predicted and true values for weak turbulence layers. While
mitigation strategies remain to be elaborated regarding such
order-of-magnitude errors, this misestimation of weak turbu-
lence is not expected to have such a significant impact on link
performance prediction. This postulate nonetheless remains to
be studied in further detail.

Although these results are a promising indication that single
shot OTP reconstruction works, experimental campaigns will
shortly be conducted to evaluate the STORM method in the
field. In fact, as the training is performed on simulated data,
the impact of non-modeled atmospheric phenomena is yet to
be determined. In that same line of analysis, the current model
was limited to an eight-layer profile due to computational con-
straints. The sensitivity of this discretization to the precision of
the turbulence profile estimate is not investigated in this paper.

B. ML Model Trade-Offs

As expressed in Section 3, the first STORM model is a result of
multiple iterations in which several ML models were traded off.
The results of the main candidate models are presented here.

1. Fully Equivariant Models

To begin with, the weak equivariant model used as the main
STORM model is put against a fully equivariant model based on
[41,42]. It should be noted that for the fully equivariant model,
the same hyperparameters optimized for the weakly equivariant
model are applied to produce the best results. Table 2 shows how
both models compare computationally (time- and memory-
wise) when using an Nvidia v100 GPU. This shows that even if
the weakly equivariant model contains ~50 times the number of
parameters, it is still faster to run, due to its better optimization.

Performance is then evaluated by examining the fully
equivariant model’s Fried parameter predictions, as shown
in Fig. 10(a). Comparing this with Fig. 8(a), it is clear that
the fully equivariant model is not as effective as the weakly
equivariant model. Given its lower accuracy and higher compu-
tational demands, this supports the decision to use the weakly
equivariant model for STORM.
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(a) Relative error of the Fried parameter as a function of its value using a fully equivariant model. The data reports worse performance than

the weakly equivariant model [Fig. 8(a)]. (b) Relative error of the Fried parameter as a function of its value using & = 0.5 that weighs the value of the
Fried parameter into the loss function. The results are slightly worse than those for @ = 0 [Fig. 8(a)], and the model is ~ three times slower.

2. Different Loss Functions

The second noteworthy model trade-off concerns the use
of tailored loss functions that include custom metrics. In
particular, instead of Eq. (6), the following loss function is
considered:

‘C = ‘x[-Ftrue(]) - -7:[)1'ed(,[):|2 + (1 - Ol) Z (]i,true - ]i,predicted)27
’ (10

where F (/) is the Fried parameter as a function of the screen
tags /,and a € [0, 1] controls the impact of the Fried loss term.
For any o > 0, the inference time increases by a factor of
~3 because the backpropagation has to go through the inte-
gral equation that defines the Fried parameter from the model
prediction. More importantly, any value of o # 0 degrades the
performance of the model, even in the prediction of F itself, as
reported in Fig. 10(b). The proposed interpretation is that since
F is dominated by max;(/;), i.e., the most turbulent screen,
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Table 2. Equivariant Model Comparison:
Computational Efficiency

Number of Model
Parameters

23,518,152

Time Per Epoch
~230s/epoch

Weak equivariance
(ResNet50)
Full equivariance (SCNN)

~290 s/epoch 510,024

the introduction of F in the loss term skews the training toward
optimizing for single screens, making the whole procedure less
stable and general. For this reason, the loss function defined by
Eq. (6) is preferred.

5. CONCLUSION

In conclusion, STORM, or speckle-based turbulence obser-
vation and reconstruction via machine learning, is a newly
proposed line-of-sight turbulence profiling technique that offers
several noteworthy features.

First, this method is specially designed for the needs of laser
satellite communications, an application not targeted by tra-
ditional astronomy techniques. In fact, while astronomical
imaging has its own accuracy needs, the STORM concept is
fueled by the need to understand the specific effects of tur-
bulence on communications performance in order to design
better mitigation systems. Hence, line-of-sight turbulence
profiling using a single laser source from LEO satellites is a basic
requirement covered by STORM.

Second, and perhaps most remarkably, STORM can accu-
rately reconstruct OTPs from single speckle images of a single
source. Whereas current methods require two sources or multi-
ple images, this paper has shown that the STORM model can
successfully reconstruct eight-layer profiles from a simulated
single star speckle pattern with an accuracy of over 90% on the
Fried parameter, isoplanatic angle, and Rytov index. In addition
to ensuring the feasibility of line-of-sight profiling while track-
ing LEO satellites, this trait relaxes some hardware requirements
concerning detector frame rates. However, reducing the num-
ber of input sources may inherently come at the cost of overall
reduced accuracy.

Finally, STORM’s surrogate learning-based development
approach grants the model a great amount of flexibility. In fact,
the use of synthetic data for training guarantees that the model
can learn to reconstruct an almost infinite range of profiles. In
other words, the model is not limited to any turbulence regime
since it fits a solution within the turbulence ranges covered by
the training dataset. This unique ability to characterize strong
turbulence can be considered an advantage over current meth-
ods, which are usually limited to weak turbulence. Furthermore,
this methodology can easily be generalized to any hardware
setup by adapting the training data to the ground station param-
eters. Lastly, although the vertical resolution for these specific
simulations was set to eight layers, models with higher vertical
resolutions could certainly be obtained, granted higher com-
putational resources. Therefore, the STORM methodology
offers a flexible approach that can produce a turbulence profile
predicting model tailored to the use case.

Research Article

In this paper, STORM’s theoretical OTP reconstruction
capabilities have been established via simulation results. Thus,
while pending field tests, it is only fair to say that STORM is a
promising technology for better understanding atmospheric
turbulence effects on laser satcom links, optimizing correc-
tive technologies, and, consequently, improving the overall
availability of laser satellite communications.
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