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The exponential growth in data traffic has driven significant research into maximizing the capacity of free-space
optical (FSO) communication systems. Orbital angular momentum (OAM) multiplexing offers a promising ap-
proach by using spatially structured beams with helical wavefronts to achieve higher data transmission rates.
However, conventional electronic convolutional-neural-network-based OAM demultiplexing schemes exhibit
substantial computational and energy efficiency limitations. In this paper, we introduce a hybrid optical-elec-
tronic Fourier phase shift neural network that implements phase-only feature extraction of the input multiplexed
OAM beams in the Fourier domain. The proposed hybrid neural network uses phase spatial frequency kernels
with the spatial light modulator to perform additive phase modulation of the Fourier-transformed input beams.
Experimental results show that the proposed phase shift neural network has 6.5 times faster training time and
three orders of magnitude higher energy efficiency compared to the designed conventional all-electronic convolu-
tional neural network with one single convolution layer. The proposed system represents an idea towards energy-

efficient, high-throughput optical neural networks for OAM-based FSO communication systems.
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1. INTRODUCTION

The rapid increase in data results in a significant rise in world-
wide network traffic, driven by bandwidth-demanding applica-
tions such as high-resolution video streaming, immersive virtual
reality, cloud computing, and Internet of Things devices. The
exponential growth in data needs has pushed conventional wire-
less communication technologies to their limitations, with
existing systems facing substantial bandwidth constraints, energy
efficiency, and latency requirements [1-4]. Free-space optical
(FSO) communication offers advantages from the visible to
near-infrared optical spectrum, offering significantly larger band-
width than radio frequency systems. FSO communication uses
light propagation in free space, avoiding physical transmission
media, enabling high-capacity data networks with immunity
to electromagnetic interference, improved security, and operation
without licensing requirements [5—8]. These characteristics make
FSO communication an appropriate option for addressing next-
generation communication demands, especially when deploying
conventional fiber-optic infrastructure faces logistical or financial
challenges.
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Among the various degrees of freedom explored for enhanc-
ing the capacity of FSO communication systems, orbital angu-
lar momentum (OAM) multiplexing was discovered as a
promising method. Since Allen ¢t al. [9] in 1992 established
that light beams carrying OAM possess helical wavefronts with
phase term exp(i/0), where / is the topological charge and @ is
the azimuthal angle, researchers have recognized the significant
potential of OAM for multiplexing applications. The inherent
orthogonality of OAM modes allows multiple data channels to
co-propagate with minimal interference, theoretically enabling
an ideally infinite number of topological charge states [10-12].
This property enables OAM multiplexing, which is particularly
useful for FSO communication since it significantly improves
data transmission capacity without increasing bandwidth
needs. Structured light carrying OAM has drawn significant
attention in communications and for various applications, in-
cluding optical manipulation [13], high-resolution imaging
[14-16], quantum information processing [17-21], and
microscopy [22-24]. Traditional approaches for OAM demul-
tiplexing have primarily depended on optical sorting
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techniques, such as interferometric methods [25], diffractive
optical elements [26], and mode sorters utilizing optical trans-
formations [27]. These methods typically rely on the direct
mapping of OAM states to spatial locations using conversion
optics that convert helical wavefronts into plane waves. While
effective under ideal circumstances, these traditional methods
still face substantial implementation challenges, such as the ne-
cessity for bulky optical setups, precise alignment with sub-
wavelength accuracy, and costly specialized optical components
[28,29].

Researchers have explored computational approaches to ad-
dress these limitations, particularly machine-learning-based im-
age recognition techniques, which offer promising alternatives
for OAM demultiplexing. These computational methods use
the unique intensity patterns among different multiplexed
OAM beams to identify and classify modes without requiring
complex optical transformations. Machine learning approaches
offer several advantages over traditional optical sorters, includ-
ing enhanced robustness to noise and distortions, adaptability
to varying channel conditions, and potential for more compact
implementation without the strict alignment requirements of
conventional systems [30]. Machine learning techniques, par-
ticularly convolutional neural networks (CNNs), have demon-
strated promising capabilities for OAM demultiplexing under
various conditions [31-36]. In standard convolutional neural
network (CNN) architectures such as AlexNet, VGGNet,
and GoogleNet, convolutional layers consume over 80% of
the total runtime [37]. This computational workload results
in substantial power consumption, thermal control challenges,
and processing latency, especially concerning high-throughput
OAM communication systems requiring real-time processing.
Furthermore, phase-based optical processing offers distinct
computational advantages over amplitude-based approaches.
While amplitude-based systems require intensity modulation
that inherently discards phase information, phase-only modu-
lation preserves the complete optical field information during
processing. This preservation becomes particularly significant
when considering the computational efficiency of Fourier
transform operations in the optical domain. As the number
of OAM modes increases to leverage the advantages of multi-
plexing, computing demands correspondingly increase, creat-
ing a fundamental bottleneck in purely electronic
implementations. These limitations highlight the need for al-
ternative computing paradigms to maintain the classification
accuracy of CNNs while significantly reducing their energy
and processing time requirements for OAM demultiplexing ap-
plications. Optical computing has arisen as a viable method to
address the computational constraints of electronic neural net-
works for OAM processing.

The 4f optical system is based on Fourier optics and enables
convolution computing operations in the frequency domain by
taking advantage of the intrinsic parallelism of light propaga-
tion [38,39]. In this 4f system, convolution between an input
image and a kernel is realized by performing pixel-wise multi-
plication of their Fourier transforms in the Fourier domain,
followed by an inverse Fourier transform. Chen [40] demon-
strated an early implementation of optical matrix multiplica-
tion using a 4f system with computer-generated holographic
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masks at the Fourier plane. Modern implementations have ad-
vanced by replacing static holograms with programmable dig-
ital micromirror devices (DMDs), allowing for reconfigurable
operations. These hybrid optical-electronic neural networks
leverage optical processing for computationally intensive con-
volution operations while maintaining electronic processing for
non-linear functions and weight updates. While the amplitude-
based hybrid approaches represent significant progress, the in-
herent nature of OAM beams suggests that phase-only filtering
methods may offer superior performance for OAM demulti-
plexing applications, where OAM beams fundamentally encode
information in their helical phase structures, characterized by
the exp(i/6) phase factor that defines their topological charge.
Fan ez al. [41] explored complex-valued modulation methods
for optical neural networks using a super-pixel approach with
liquid-crystal-on-silicon = spatial light modulators (LCOS-
SLMs), demonstrating that phase information contributes to
classification performance. A comprehensive investigation of
phase-only filtering neural networks specifically optimized
for OAM demultiplexing remains limited, creating a significant
research opportunity at the intersection of optical computing
and structured light processing,.

In this study, we propose a hybrid Fourier optics phase shift
neural network (PSNN) that implements phase-only feature
extraction for OAM-coded signals demultiplexing in FSO com-
munication systems. Unlike amplitude-based convolution ap-
proaches that process intensity information, the proposed
system exploits the inherent phase structure of OAM beams
using phase-only spatial frequency kernels with SLM through
additive phase modulation in the Fourier domain. This ap-
proach aligns with the fundamental physics of OAM beams,
where information is encoded in the helical phase factor
exp(i/0), potentially enabling more efficient optical computa-
tion. The proposed hybrid optical-electronic system performs
optical computing through phase manipulation in the Fourier
plane of a 4f optical system, followed by the rest of the elec-
tronic processing for training and recognition/demultiplexing.
By performing convolutional feature extraction optically in the
Fourier plane with programmable phase-only kernels, PSNN
achieves low-power, phase-sensitive parallel processing. It also
maintains the reconfigurability, the nonlinearity, and the adap-
tive training capabilities for electronic back-ends. This integra-
tion in two domains helps bridge the gaps in energy efficiency,
adaptability, and scalability that neither all-electronic nor all-

optical methods can fully solve on their own.

2. RESULTS AND DISCUSSION

A. Experimental Implementation

The proposed feature extraction of the OAM-coded bit string
using a hybrid optical-electronic PSNN is depicted in Fig. 1. A
fiber-coupled Fabry—Perot laser diode with 1550 nm wave-
length is used as the beam source. The output beam is colli-
mated and expanded to a diameter of 1.5 mm using a zoom
fiber collimator and a beam expander to ensure enough cover-
age of the SLM active area. The beam passes through a linear
polarizer, which is caged onto the beam splitter mount, ori-
ented to maximize the phase modulation efficiency of the
SLM. The expanded Gaussian-like beam is incident on the first
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Schematic diagram of orbital angular momentum (OAM) demultiplexing using Fourier optics phase shift neural network (PSNN) and

image reconstruction using OAM shift keying (OAM-SK). The collimated Gaussian-like beam is converted into the LG mode via phase modulation
using the spatial light modulator (SLM). Combined fork dislocation patterns are uploaded to generate the multiplexed OAM beams as bit-string
signals. The Fourier lens performs the natural Fourier transform of the input OAM-coded signal according to the Huygens—Fresnel principle. The
pre-trained phase spatial frequency kernels realize the feature extraction by the phase modulation with the input beam. The modulated beam is
captured by the camera as electronic data to complete the rest of the neural network training electronically. Testing image is encoded and transferred
using OAM-SK; the trained neural network model is used for OAM-coded signal recognition/demultiplexing and reconstruction. FC: fiber coupler;
BE: beam expander; BS: beam splitter; LP: linear polarizer; SLM: spatial light modulator.

SLM (SLM1), which is programmed with computer-generated
combined fork phase grating patterns designed to generate mul-
tiplexed OAM beams with predefined topological charges. For
our 4-bit OAM-SK modulation scheme, we use four OAM
modes with topological charges / = -4, 3, 5, and 7 to ensure
sufficient separation between charge values and to implement
appropriate Gouy phase differences, resulting in more distin-
guishable intensity patterns while minimizing potential inter-
mode crosstalk that commonly occurs between adjacent
topological charge values. It is important to note that this
specific mode selection represents one optimized configuration
for our demonstration. While our camera detection system can
capture individual OAM modes within the range of |/| < 10
before beam expansion exceeds the sensor area, not all combi-
nations within this range produce distinguishable multiplexed
patterns. The interference between OAM modes generates
intensity patterns determined primarily by mode spacing
(|4, = £,]) rather than absolute topological charge values, creat-
ing classification ambiguities when multiple combinations
share identical spacing (see Visualization 1). Therefore, success-
ful implementation requires careful pre-selection of OAM
modes that generate unique interference patterns across all 16
possible combinations, as achieved with our chosen set of
/= -4, 3, 5, and 7. Four multiplexed OAM modes create a
dataset with 16 classes, each representing a 4-bit signal ranging
from [0000] to [1111].

The SLM1 is fine-tipped/tilted to reflect the desired
first diffraction order vertically back to the original path.

The additional gradient phase term k,x ensures angular separa-
tion of diffraction orders, and with £, = 700 rad/mm, the first-
order beam is separated by ~2.6 cm at the detection plane
(f = 150 mm). This large separation naturally isolates the de-
sired order without requiring a 4f filtering system. The generated
OAM-coded bit string then propagates through a biconvex
Fourier lens with the focal length f = 150 mm, performing op-
tical Fourier transformation of the input. At the back focal plane
of the Fourier lens, the second SLM (SLM2) is placed and up-
loaded with 16 pre-trained phase spatial frequency kernels, real-
izing the feature extraction of the input Fourier-transformed
OAM-coded bit strings. After being phase modulated by
SLM2, the output is reflected through the Fourier lens, complet-
ing the inverse Fourier transform that converts the frequency-do-
main modulated information back to the spatial domain. A beam
splitter then directs the modulated beam to the camera that cap-
tures the featured extracted intensity patterns as input for elec-
tronic processing, which includes a max-pooling layer (4 x 4)
followed by two fully connected layers with 256 neurons (using
RelU activation) and a classification layer with 16 neurons cor-
responding to our 16 OAM-coded bit strings.

B. Generation of Multiplexed OAM Beams

In this study, we use the reflective phase-only SLM uploaded
with phase-modulated fork grating patterns to convert the in-
put Gaussian-like beam to the Laguerre—Gaussian (LG) modes.
The fork dislocation patterns uploaded on the SLM are eight-
level grayscale images calculated by
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Fig. 2. Example demonstration of phase modulation and feature extraction of multiplexed orbital angular momentum (OAM) beams.
(a) Intensity (i~v) and phase (vi—x) profiles of the generated multiplexed OAM beams. These beams are generated by having a Gaussian beam
modulated by the phase fork dislocation patterns. The corresponding topological numbers (from left to right) are / = -4 (i, vi); / = -4, 7 (i, vii);
! =-4,5,7 (iii, vii); / = 3, 5, 7 (iv, ix); and / = -4, 3, 5, 7 (v, x), respectively. The ripples in the intensity and phase patterns come from the
contributions of higher radial order (» # 0) modes. The rotational feature originates from the Gouy phase term in the LG mode expression Eq. (3)
when z # 0. These simulated results show the characteristics of the practical generated multiplexed OAM beams and serve as the fundamental data
for phase spatial frequency kernels training. (b) Examples (using multiplexed OAM signal / = -4, 5, 7) of the pre-trained phase spatial frequency
kernels (i~v), which are loaded on the second spatial light modulator (SLM2), phase distribution of the multiplexed OAM-coded signals after
being phase modulated by the phase kernels (vi—x), and intensity distribution of feature-extracted output after inverse Fourier transform

(xi—xv), respectively.

I, = %[1 + cos(k.x + 10)], (1)

whose grayscale at each pixel corresponds to a phase shift be-
tween 0 and 27z. We generate the multiplexed OAM beams by
combining the fork grating patterns of 7 different topological
numbers / together: 7 = 13,7, Examples of the intensity and
phase profiles are shown in Figs. 2(a)(1)-2(a)(v) and 2(a)(vi)—
2(a)(x), respectively, where topological numbers / = -4, 3, 5,
and 7 are used to generate OAM-multiplexed beams.

C. Phase-Only Feature Extraction

Traditional feature extraction and image recognition are con-
ducted on an amplitude-only 2D image without phase infor-
mation. Unlike amplitude-only images, the light field is a vector

field consisting of amplitudes, directions, and phases. Here, we
perform the phase-only feature extraction using the pre-trained
phase spatial frequency kernels. Unlike conventional electrical
convolutional neural networks, our approach applies the
Fourier transformation and kernel feature extraction within
an optical Fourier domain process. A Fourier lens with a focal
length of f = 150 mm is used, effectively performing a
Fourier transform on the incoming light field, which is pro-
jected onto SLM2 for further processing. We place the lens
at its focal distance away from SLM1 on the beam path of
the first diffraction order and put SLM2 at the back focal plane.
Assuming the paraxial conditions and the OAM-multiplexed
light field is #; (x, y) at the SLM1 plane, the field on SLM2,
according to the Huygens—Fresnel principle [42], will be
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Fig. 3. Experimentally generated intensity profile of 4-bit orbital
angular momentum (OAM)-coded signal. (a)-(p) OAM-coded
4-bit string ranging from [0000] to [1111] where the selective
OAM modes are active, serving as the OAM shift keying (OAM-
SK) signal used for testing image encoding and transferring. A gray-
scale color bar and a scale bar of length 250 pm are drawn.
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Here (x;,y,) and (x,,y,) are the coordinates on the SLM1
plane and the focal plane, and A = 1550 nm is the wave-
length. G (k. k) = u;(x,y) ] expli2m(xck, + yk,)]dxdy is
the Fourier transform of the light field from SLMI.
Therefore, the field on SLM2 is essentially the Fourier trans-
form of #;, and the momentum spatial phase kernel feature
extraction is passively completed when the light is reflected
from SLM2. Inverse Fourier transform is done by the backerace
of light through the Fourier lens, as the feature-extracted out-
put shown in Figs. 2(b)(xi)-2(b)(xv). This phase-only feature

OOl O ¢

extraction, which is realized by optical Fourier transform and
physical phase modulation, is both time- and energy-saving
compared to the electrical computation.

Research Article

D. Neural Network System Performance

We use the combined fork dislocation phase patterns uploaded
onto the SLM to generate the multiplexed OAM beams, as in-
tensity profile shown in Fig. 3. Each multiplexed OAM pattern
represents the OAM-coded 4-bit string from [0000] to [1111],
where the selective OAM modes are active. The proposed
PSNN includes the phase modulation layer, where we realized
the feature extraction of the input OAM-coded signal in the
Fourier domain; after the inverse Fourier transform via the re-
flection from SLM2 and being directed by the beam splitter,
the transformed output is captured by the camera and collected
as the dataset used for training. For each class of 16 4-bit-string
OAM-coded signals, 500 input images are generated by SLM1
using designed fork-grating patterns for training and testing.
SLM2 sequentially uploads 16 pre-trained phase-frequency
kernels for each class, yielding 8000 outputs per class. In total,
128,000 outputs across 16 classes are used to form the training
and validation sets with a split ratio of 8:2. The dataset is
grouped in sets of 16 and pre-processed with random shuffling
and rotation to enhance the dataset variety. The neural network
training was implemented using the TensorFlow software
framework with GPU acceleration enabled on an NVIDIA
GeForce RTX 4080 graphics processing unit. The rest of
the neural network consists of a flattened layer and two fully
connected layers using the ReLU activation function and the
softmax activation function with 16 neurons. To test and ana-
lyze the proposed PSNN performance, we run the dataset train-
ing on a designed conventional all-electronic convolutional
neural network (ECNN) with one convolution layer and com-
pare the classification accuracy of PSNN with ECNN, where
we define the demultiplexing accuracy as the classification ac-
curacy of both neural networks based on OAM-coded signals’
unique intensity patterns. We run both neural networks over
50 epochs five times, and the averaged results are shown in
Fig. 4, with shaded regions representing variability across five
independent training runs. The comprehensive training results
are shown in Table 1. The ECNN model achieved a final

(@)

1.0

Accuracy

0.4

—— ECNN Train accuracy
~=- ECNN Val accuracy
—— PSNN Train accuracy
~=- PSNN Val acouracy

0.0

(b) —— ECNN Train loss
35 —=- ECNN Val loss

—— PSNN Train loss

~—- PSNN Val loss

0 10 20 30 40 50
Epochs

0 10 20 30 40 50
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Fig. 4. Trained models’ performance for 4-bit orbital angular momentum (OAM)-coded signal recognition/demultiplexing of all electronic con-
volutional neural network (ECNN) and phase shift neural network (PSNN). (a) Training and validation accuracy curves of ECNN
(94.66% = 0.49%) and PSNN (89.01% = 1.08%). (b) Training and validation loss curves of ECNN and PSNN. The shaded area represents

the range of min-max results of five runs.
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Table 1. System Performance Comparison between the Electronic Convolutional Neural Network and the Phase Shift

Neural Network

Training Performance

Computational Efficiency

Best Val. Best Val. Final Val. FLOPs Training Time Energy Eff.
Model Acc. (%) Loss Loss (million) (s/epoch) (GOPS/W)
ECNN 94.66 £ 0.49 0.18 £0.01 0.19 £ 0.03 36.64 235.40 6.9x 107
PSNN 89.01 +1.08 0.47 + 0.04 0.54 + 0.06 112.86 36.26 1.23x 1073

validation accuracy of 94.58% = 0.77% after 50 epochs, with
the highest validation accuracy of 94.66% =+ 0.49% at epoch
49, with an average full training time of 11,770.15 s. The pro-
posed PSNN model showed a final validation accuracy of
88.37% £ 0.87% and highest validation performance of
89.01% = 1.08% at epoch 44, with an average full training
time of 1812.79 s.

Although the PSNN’s accuracy of 89.01% trails the
ECNN’s 94.66% by 5.7%, this performance gap directly re-
flects our designed choice to constrain both networks to single
convolutional layers, enabling fair comparison of the optical
versus electronic processing modalities rather than pursuing
maximum absolute performance through deeper architectures.
This accuracy difference fundamentally stems from the inher-
ent trade-offs in phase-only optical processing, where complex
weights are restricted to unit magnitude ¢, compared to the
freely tunable real-valued weights that provide greater optimi-
zation flexibility in electronic implementations. This compari-
son was structured with both networks implementing single
convolutional layers to ensure architectural parity and enable
direct evaluation of optical versus electronic processing for
the convolution operation. The ECNN was designed to avoid
multiple layers or complex architectures to maintain a fair com-
parison with what can be practically implemented in our cur-
rent optical hardware—a single Fourier transform with phase
kernel stage. While deeper electronic networks would achieve
higher accuracy, such comparisons would obscure the funda-
mental assessment of optical acceleration benefits for the com-
putationally intensive convolution operation, which constitutes
approximately 48.65% of the total computational load in our
single-layer ECNN and 84.26% in the PSNN.

Despite these constraints, the accuracy-efficiency trade-off
demonstrates clear advantages for specific application scenarios.
The 6.5-fold reduction in training time and three orders of
magnitude improvement in energy efficiency make the
PSNN particularly suitable for high-throughput applications
where power consumption and processing speed are critical
constraints. For many practical OAM communication systems,
modern forward error correction codes can effectively compen-
sate for the modest accuracy reduction while benefiting from
the substantial improvements in throughput and power
consumption.

To evaluate the robustness of our proposed PSNN under
realistic atmospheric conditions, we conducted preliminary
simulations incorporating weak turbulence effects, where we
implemented the modified von Kdrmédn atmospheric turbu-
lence model for simulating OAM-coded signal experiencing
weak atmospheric turbulence condition of D/r; = 0.1 (the

simulated turbulence-affected OAM-coded signal is demon-
strated in Visualization 2), where D represents the physical di-
mension of the SLM, and 7, is the Fried parameter. We train
the turbulence-effected OAM-coded signal for both neural net-
works. The validation results (shown in Visualization 3) dem-
onstrate that the PSNN maintains superior resilience to
turbulent conditions, with accuracy decreasing by only 1.87
percentage points (from 90.05% to 88.18%) compared to a
3.80 percentage point reduction for the ECNN (from
96.42% to 92.62%). This reduced sensitivity to turbulence-in-
duced phase distortions empirically validates our hypothesis
that phase-only processing naturally accommodates atmos-
pheric perturbations more effectively than amplitude-based
approaches.

E. Image Reconstruction

We built a 0.4 m OAM shift keying (OAM-SK) modulation
FSO communication link to encode and transfer the 8-bit gray-
scale image using our 4-bit OAM-coded string dataset, where
each pixel value of the test images is represented by two strings
for high 4-bit and low 4-bit separately. Both trained neural net-
work models, ECNN and PSNN, are used to decode and re-
construct the transferred images with different sizes, as shown
in Fig. 5. The ECNN and PSNN models were tested to recon-
struct the images five times. The averaged pixel error rate
(PER) of the ECNN reconstructed image over five times is
2.59%, 2.30%, and 0.88% for the testing image pixel sizes
200 x 200, 300 x 300, and 400 x 400, respectively; the aver-
aged PER of the PSNN reconstructed image over five times
is 3.19%, 2.77%, and 1.37% for the testing image pixel sizes
200 x 200, 300 x 300, and 400 x 400, respectively. Two
images with less pixel difference were also tested under the same
configurations; for the testing image with less pixel difference
[Fig. 6(a)], the averaged PER is 1.18%, 0.14%, 0.12%, and
3.69%, 2.75%, 1.08% [Fig. 6(c)] for the ECNN model and
PSNN model with the image sizes 200 x 200, 300 x 300, and
400 x 400, respectively; for the testing image with the lowest
pixel difference [Fig. 6(d)], the averaged PER is 0.86%, 0.69%,
0.02%, and 1.64%, 1.55%, 0.96% [Fig. 6(f)] for the ECNN
model and PSNN model with the image sizes 200 x 200,
300 x 300, and 400 x 400, respectively. These reconstructed
results, in which larger image sizes manifest superior re-
construction fidelity despite possessing more pixels susceptible
to erroneous prediction, can be attributed to several informa-
tion processing schemes. The higher information density in
smaller images necessitates each pixel to encapsulate more of
the original visual information, thereby increasing re-
construction complexity and error propensity. Furthermore,
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Fig. 5. Image reconstruction results using orbital angular momentum shift keying (OAM-SK) over a 0.4 m free-space optical communication
link. (a) Original image used for encoding. The two columns in the middle show the reconstructed images using the trained electronic convolutional
neural network (ECNN) model and the calculated pixel error rate (PER) results shown at the bottom-right corner of the color difference plots for the
testing image sizes 200 x 200 (b), (c), 300 x 300 (d), (e), and 400 x 400 (f), (g); the two columns on the right show the reconstructed images using
the trained phase shift neural network (PSNN) model and the calculated PER results with the color difference plots for the testing image sizes
200 x 200 (h), (i), 300 x 300 (j), (k), and 400 x 400 (1), (m). The color bar is normalized to [0,1] by dividing each absolute pixel difference value by
the maximum pixel difference. P.I., pixel intensity.
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Fig. 6. Image reconstruction results for testing images with less pixel difference using orbital angular momentum shift keying (OAM-SK) over a
0.4 m free-space optical communication link. (a) Original testing image with less pixel difference compared with the first testing image. (b) The
reconstructed image with the pixel size 400 x 400. (c) The pixel difference plot between the original testing image and the reconstructed image, with
the calculated pixel error rate (PER) (1.08%) shown at the bottom-right corner. (d) Original testing image with the relatively lowest pixel difference.
(¢) The reconstructed image with the pixel size 400 x 400. (f) The pixel difference plot between the original testing image and the reconstructed
image, with the calculated PER (0.96%) shown at the bottom-right corner. The color bar is normalized to [0,1] by dividing each absolute pixel
difference value by the maximum pixel difference. P.I., pixel intensity.
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larger images provide enhanced contextual information
through increased pixel jointy, facilitating more accurate value
predictions through spatial correlation advantages. Edge effects
disproportionately impact smaller images, where boundary pix-
els constitute a higher proportion of the total pixel population.
Additionally, the error propagation mechanisms appear to op-
erate non-linearly with respect to image dimensionality, sug-
gesting that reconstruction schemes from trained neural
network models benefit from the redundancy and contextual
richness inherent in higher-resolution representations.

F. Computational Efficiency

As detailed in the introduction of Section 4, the total number of
floating point operations (FLOPs) of our designed ECNN
FLOPs,y is calculated as 36,638,576 FLOPs, with the convo-
lution layer accounting for 17,825,792 FLOPs. Compared with
complex neural network architectures, which have multiple con-
volutional layers with varying kernel sizes, our ECNN is de-
signed with a single convolutional layer to align with the
practical free-space optical implementation, followed by two
dense layers. The convolutional layer accounts for approximately
48.65% of the total computational load. This validates the po-
tential benefits of implementing optical acceleration methods for
the convolutional components of neural networks. For the pro-
posed PSNN, we have the total number of FLOPs FLOPs,,, as
112,856,944 FLOPs, where the optical component in the de-
signed Fourier phase shift layer of the PSNN has 95,092,736
FLOPs, accounting for 84.26% of the total computational load.
This result addresses the computational intensity of the Fourier
transform operations, particularly the inverse FFT applied to
multiple phase masks. The optical operations are performed
in parallel through physical light propagation, enabling signifi-
cantly faster processing despite the higher FLOPs count. The
performance analysis reveals substantial improvements in
processing speed and energy efficiency with the PSNN architec-
ture. As shown in Table 1, the PSNN demonstrates a 6.5 times
reduction in training time, highlighting the parallel processing
advantage of the optical implementation. Most notably, the en-
ergy efficiency of the PSNN, measured in giga-operations per
second per watt (GOPS/W), is 1.23 x 10~ GOPS/W—approx-
imately three orders of magnitude higher than the ECNN’s ef-
ficiency of 6.9 x 10”7 GOPS/W. This improvement in energy
efficiency contributes to the inherent parallelism of optical com-
putations and the elimination of energy-intensive electronic
components for the majority of the computational operations.
This demonstrates the substantial potential of optical computa-
tion in high-throughput neural network processing, particularly
for applications involving complex phase information that elec-
tronic systems struggle to process efficiently.

The proposed PSNN offers a unique balance when com-
pared to both traditional optical methods and machine-
learning-based OAM demultiplexing techniques. Purely optical
methods such as interferometers, diffractive optical elements,
and log-polar mode sorters provide real-time, parallel separation
of modes with high fidelity under ideal conditions. The log-
polar transformer [26] (two static plates and a lens) and its
improvements [43] have reached experimental separation effi-
ciencies over 92%. However, these systems are often fixed in
hardware, sensitive to alignment, and not very flexible in
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response to changing channels or turbulence. In contrast,
the PSNN maintains optical speed but replaces fixed optics
with a learned, reconfigurable phase-only Fourier-plane kernel
on a spatial light modulator (SLM). This kernel can be updated
in software through retraining and can be taught to recognize
patterns distorted by turbulence—something that fixed sorters
cannot handle effectively. Compared to electronic or machine
learning demultiplexers, CNN-based receivers usually report
very high accuracies [44,45], but their heavy convolutional
workloads, which often account for over 90% of operations,
lead to latency and power limitations that become tighter as
the mode count increases. The PSNN shifts the main convo-
lution step to passive optical propagation through a 4f Fourier
layer, which preserves phase information that amplitude-only
optical filters lose. This approach leaves only lightweight elec-
tronic layers for classification. Together, the PSNN uniquely
fills a gap: it is more compact and resilient than conventional
optics, and it is significantly more energy-efficient and faster
than all-electronic neural networks. This positions it as a strong
candidate for scalable, high-capacicy OAM-based free-space op-
tical communication systems.

The selection of appropriate: OAM mode combinations
represents a fundamental design consideration for multi-
plexed OAM communication systems. As demonstrated in
Visualization 1, closely spaced modes such as /=7, 8, 9,
10 create overlapping pattern spaces where distinct bit strings
become indistinguishable to the classification system. This
physical constraint, arising from the interference properties
of superimposed OAM beams, necessitates optimization algo-
rithms for mode selection that maximize pattern distinguish-
ability while maintaining desired channel capacity. Future
work should explore systematic approaches for identifying
optimal mode sets under various system constraints.

However, the current study still faces limitations. The
phase-only approach introduces certain constraints on the com-
plexity of feature extraction, potentially limiting the network’s
ability to capture subtle intensity variations compared to am-
plitude-based methods. Additionally, the current implementa-
tion relies on SLMs with operation frequency limited to 60 Hz,
restricting the temporal throughput of the optical processing
stage. Further optimization of the neural network architecture
and system configuration could yield additional improvements
in both accuracy and efficiency. Specifically, implementing both
amplitude and phase modulation to realize the full complex
Fourier transform and designing parallel multiplexed signals
on SLM simultaneously for multi-output optical processing
might enhance the network’s feature extraction capabilities
without increasing energy consumption. The energy efficiency
improvements demonstrated by the proposed PSNN architec-
ture have important implications for sustainable computing in
data-intensive applications. As the volume of data transmitted
through optical communication systems grows exponentially,
the energy consumption associated with signal processing be-
comes increasingly critical. The OAM-involved hybrid neural
network architecture offers an ideal approach towards more en-
ergy-efficient FSO communication systems, contributing to the
broader goal of sustainable optical communication and com-
puting development.


https://doi.org/10.6084/m9.figshare.30213862

B128 Vol. 13, No. 12 / December 2025 / Photonics Research

Atmospheric turbulence presents a fundamental challenge for
OAM-based free-space optical communication, primarily man-
ifesting as random phase fluctuations that distort the helical
wavefront structure. However, our phase-only filtering approach
offers distinct advantages in turbulent conditions compared to
conventional amplitude-based processing. Since turbulence pre-
dominantly affects the phase component of optical fields while
often preserving relative intensity distributions, amplitude-based
systems that discard phase information lose critical data needed
for turbulence compensation. In contrast, our PSNN directly
processes and preserves this phase information, enabling the net-
work to learn characteristic turbulence-induced phase patterns as
distinguishable features rather than treating them as noise.
The PSNN architecture transforms the turbulence challenge into
a classification problem with learnable solutions. During training
with turbulence-degraded datasets, the network develops phase
kernels that capture invariant relationships between OAM
modes even under distorted conditions. Our preliminary simu-
lations provide quantitative support for this theoretical
framework. Under weak turbulence conditions, the PSNN dem-
onstrated approximately 50% less performance degradation
compared to the ECNN, maintaining 88.18% accuracy versus
92.62% for the amplitude-based system. This differential resil-
ience arises from the fundamental alignment between the
phase-only processing domain and the primary manifestation
of atmospheric turbulence as phase distortions. Building on these
inherent advantages, our future development will focus on im-
plementing advanced algorithmic turbulence compensation
techniques that leverage the computational flexibility of the neu-
ral network architecture. This software-based approach elimi-
nates the need for traditional hardware solutions such as
adaptive optics systems with probe Gaussian beams, deformable
mirrors, wavefront sensors, and complex servo control loops,
which add substantial cost, complexity, and alignment challenges
to FSO communication systems. By incorporating turbulence-
adaptive algorithms directly into the phase kernel training
process, we anticipate achieving comparable or superior
compensation performance while maintaining the simplicity
and cost-effectiveness of our passive optical implementation.
The scalability to higher-order multiplexing presents both chal-
lenges and opportunities. As the number of OAM modes in-
creases from four to NV, the classification complexity grows
exponentially (27 classes), requiring expanded phase kernel sets
and larger training datasets. However, our optical Fourier trans-
formation maintains constant processing time regardless of mode
count, whereas electronic convolution scales with O(N?) com-
plexity. This fundamental difference suggests that the efficiency
advantages of our approach will become more pronounced at
higher multiplexing orders. Our current demonstration with
16 classes shows 6.5 times faster training projects to potentially
20-fold acceleration for 256 classes (eight-mode multiplexing)
based on computational scaling analysis. Future implementa-
tions will incorporate adaptive training methodologies using syn-
thetic turbulence models with varying strength parameters to
develop robust classification strategies. The algorithmic ap-
proaches combined with the inherent phase-sensitivity of our
architecture, provide a pathway toward practical deployment
without requiring complex adaptive optics hardware.
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3. CONCLUSIONS

In this study, we demonstrate the effectiveness of the proposed
hybrid phase shift Fourier neural network for demultiplexing
OAM beams. By implementing phase modulation in the
Fourier domain, we realize the feature extraction of the input
multiplexed OAM-coded signals, yielding advantages in com-
putational efficiency while maintaining a demultiplexing accu-
racy of 89.01% compared to 94.66% for the ECNN model.
The proposed PSNN demonstrates substantial improvements
in both processing speed and energy efficiency. The training
time for the PSNN was 6.5 times faster than the ECNN, high-
lighting the operational advantage conferred by optical imple-
mentation of the computationally intensive Fourier transform
operations. This acceleration becomes significant when consid-
ering the processing requirements for real-time OAM-based
communication systems, where rapid demultiplexing is essen-
tial for maintaining high data throughput. The inherent
parallelism of optical processing enables the simultaneous ex-
ecution of these operations with minimal energy expenditure,
whereas conventional neural networks require energy-intensive
electronic computations. The computational analysis also ad-
dresses the advantages of the hybrid neural network, particu-
larly for applications involving phase-encoded information.
While electronic neural networks excel at amplitude-based
pattern recognition, they might face fundamental efficiency
limitations when processing phase-encoded data that must be
converted to amplitude representations. The proposed PSNN
architecture demonstrates its computational advantages that ex-
tend beyond the immediate performance metrics. While the
FLOPs count for the PSNN (112.86 million) exceeds that
of conventional amplitude-based approaches due to the FFT
operations, the optical implementation operating in the
Fourier domain fundamentally transforms these computations.
The Fourier transform operations, which constitute 84.26% of
the total computational load in the proposed PSNN, are per-
formed passively through optical propagation. This computa-
tional advantage becomes increasingly pronounced when
considering system scalability. For larger OAM mode sets and
higher data rates, the phase-based approach maintains constant
processing time regardless of the computational complexity. In
contrast, traditional electronic convolution implementations
would experience linear or superlinear increases in processing
time with system scale. This scalability characteristic positions
phase modulation optical processing as a critical enabling
technology for next-generation high-capacity optical communi-
cation systems. Preliminary simulations under weak atmos-
pheric turbulence conditions further validate the phase-only
approach, demonstrating reduced performance degradation
compared to amplitude-based processing and supporting the
theoretical advantages of operating directly in the phase domain
where turbulence effects primarily manifest.

4. METHODS/EXPERIMENT

A. OAM and Mode Multiplexing

Light beams carrying OAM are characterized by their helical
wavefront structure and are usually mathematically described
as Laguerre—Gaussian (LG) beams with the radial index
» and topological charge /. While the amplitude remains
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rotationally symmetric, a nonzero topological charge deter-
mines the number of 27 phase shifts in one rotation around
the beam axis, creating a distinctive phase singularity at the
center of the beam. In cylindrical coordinates, an LG mode
with wavevector £, can be written as [46]

[ 2 I 2
LG (r,0,2) = ﬂ(p+|1|)![w(2)] o Lﬁ(z)}

W, . 2 k2
x 0 (2 )G plaRE il (3)
o(z)

where 7, 6, and z are the radial distance, azimuthal angle, and
propagation distance, respectively. L) is the generalized
Laguerre polynomial. @(z) = wy[(2* + 2%)/23]'/?> is the
beam radius at a distance z away from the beam waist, with
@ being the radius of the beam waist and z; the Rayleigh
range. ¢,/(2) = (2p + |/| + 1) arctan(z/zg) is the Gouy
phase, which accumulates gradually as the wave propagates.
LG modes with different p or / are orthogonal to each other,
forming a complete and orthogonal basis of propagating light.
In our experiments, we generate and use the single-ringed
LG modes (LG;,) with radial index » = 0 (LG)) to produce
well-defined optical ring intensity patterns with optical
clarityn. When a collimated Gaussian beam u(r,0,2) =
U, exp(-r? /w§) exp(-ikyz) is illuminated at the center of
the SLM, the field right after reflection is

”l(”’ 0, z) =U, e—rZ /mé+i(2ﬂ],+/egz)’ (4)

where /; is the grayscale image of the fork grating pattern up-
loaded on SLM, as given in Eq. (1). Due to the periodic phase
modulation, the field can be decomposed into orthogonal com-
ponents propagating in different directions:

w(r,0,z) = Z
pn

where x = r cos 0 and

/’“U‘)/ / \/n<p+|1|> M m

N L\l\ ( ) wf 2l -k ) p=inl6 1416, (6)
oj

U ],)n/LG;/ (7, 0, z) ks thoz) (5)

The propagation term expli(nk.x + kyz)] dictates that the
beam at the #-th diffraction order is associated with the topo-
logical number 7/, and that when we monitor the beam trav-
eling at an angle ¢ = arctan(k,/k;) to the zeroth-order
direction, it possesses topological number /. The p = 0 com-
ponent has the largest coefficient as it is the mode having
the most overlap with the Gaussian beam. We thus generate
a beam mostly consisting of LG} at the first diffraction
order [47]. When multiple LG beams with different topological
charges / and the same beam waist are coaxially superimposed,
they create interference patterns with characteristic intensity
distributions. For two co-propagating LG beams with topologi-
cal charges / and /,, the complex amplitude can be expressed as

LG = LGy + LGy, (7)
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resulting in a pattern of |/, - /;| petals in the transverse inten-
sity profile. The complex field distribution of multiplexed LG
beams with unlimited integer topological charge numbers 7 at
z = 0 can be written as

LGy = LGI + LG; + LGy 4 ---+LGs.  (8)
Each set of {/;,/5,/5,...,1,} results in different character-
istic petal-like intensity distributions with unique rotation di-
rections contributed by the Gouy phase differences among the
n superimposed OAM modes, leading to the unique patterns
that are used for OAM demultiplexing through machine-
learning-based image recognition schemes. For the experiment
implementation, we uploaded the combined fork dislocation
patterns with the desired OAM modes on the SLM1 to gen-
erate multiplexed OAM beams:

1 1
Dbyt =5 =) cosl, = La0). ()

The output light then becomes
la
gy = Z Z Up,nluLG;ll"ei(nk"x_kOZ)- (10)
pnl=l
This is a multiplexed OAM beam containing components of
[y to 1y, where U, ,; is the coefficient of the LGP component
in the generated beam Although we only intend to generate the
» = 0 components, the p > 0 components still exist with rel-
atively small coefficients compared to the p = 0 components.
This causes a reduced energy efficiency, and clear side lobes,
which are absent in standard LG beams.

B. Neural Network Architectures Computational
Analysis

The total number of floating point operations (FLOPs) of our
designed ECNN is calculated by

FLOPs,r = FLOPs,,, + FLOPsp1(j + FLOPS00ing

+ FLOPs,.... (11)
The FLOPs of the convolution layer FLOPs,,,,, are calcu-
lated by the summation of multiplication operations:

conv = conv,, x conv,, x by x wy xd xny,  (12)

multiply
and addition operations:
coNv,g4 = conv,, x conv

w; x(hkxwk— 1) X 1y (13)

where 4;, w;, by, and wy, are the height and width of input im-
ages and kernel, respectively. Then we have the total number of
FLOPs for the convolution layer:

FLOPs o, = convipyieply + cOnVygq- (14)

The FLOPs of the ReLU activation function layer
FLOPsg, y are calculated by

FLOPsg,y = conv,, x conv,, x 7. (15)

The FLOPs of the max pooling layer FLOPs g are
calculated by

FLOPs,qo11n; = window x (window - 1), (16)

where the “window” is the number of pooling windows,
calculated as
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p

The FLOPs of the dense layer FLOPs,,. are calculated by
the summation of the FLODPs of the first dense layer:

window =

X 1. (1 7)

FL()PSd1 = id X 7 + (iﬂr = 1) X 727, (18)
and the FLOPs of the second dense layer:
FLC)PSd2 = n xn + (”1 - 1) X 7, (19)

where 7, is the input dense neuron. The number of pooling
windows (window) equals the number of input neurons to
the dense layer (i) after the feature maps are flattened, as both
represent the total number of features after the pooling oper-
ation. For the proposed PSNN, the total number of FLOPs
FLOPs ., is calculated by

FLOPStotal = 1::LC)PSopticall + FLOPSeIectronic- (20)

The FLOPs for all optical components FLOPs,;¢,; in our
designed Fourier phase shift layer are calculated by the summa-
tion of two-dimensional fast Fourier transform (2D FFT):

FLOPsgpr = 5 x H x W x log, (H x W), (21)
where A and W are the height and width of the input, and 5 is

an empirical coefficient that accounts for the complex arith-
metic operations required in practical FFT implementations,
including the butterfly operations and complex number
multiplications, which represents a conservative estimate of
computational complexity, as the implementation efficiency
may vary depending on hardware architecture. The phase ex-
traction is

FLOPS, oiion = 11 x H x W, (22)

where the factor of 11 represents the comprehensive count of
elementary operations needed to extract the phase information
from complex Fourier data. This includes operations for
calculating the magnitude, computing the phase angle, and ad-
ditional normalization operations required for practical imple-
mentations. Phase modulation with 16 phase masks is

FLOPs,,, = H x W x 16; (23)
complex number reconstruction is
FLOPs oo = 4 x H x W x 16; (24)
and inverse 2D FFT is
FLOPsippr = 16 x 5 x H x W x log, (H x W). (25)
The total number of FLOPs in the optical component is
FLOPsp s = FLOPsgpr + FLOPs,, + FLOPs,,,
+ FLOPs,cons + FLOPs;gpr. (26)

The total number of FLOPs of electronic layers is calculated
by
FLOPSelectronic = FLOPSpooling + FLOPSRELU + FLOPSdense’
27)

following the similar calculation configuration to ECNN.
We evaluate the energy efficiency of both ECNN and

PSNN architectures in terms of operations per unit of power

consumption. For the all-electronic ECNN, the energy
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efficiency is calculated by dividing the operational throughput
by the total power consumption:

FLOPs

GOPS/WECNN - TECNN » P

, (28)
electronic

where FLOPs,,, represents the total floating point operations
per inference, Tgcnn is the processing time per epoch, and
P jectronic is the power consumption of the electronic compo-
nents (225 W). This formulation captures the end-to-end com-
putational efficiency of the electronic architecture. For the
hybrid optical-electronic PSNN, the energy efficiency calcula-
tion accounts for both optical and electronic domains:

(FLOPSOPtical/”k) X f
P optical
FLOP Selectronic
x P

GOPS/Wpsnn =

, (29)

T

where FLOPs, i, represents operations performed in the op-
tical domain, 7, is the number of phase kernels (16), /" is the
SLM refresh rate (60 Hz), Pypicq is the power consumption of
all optical components (273 W), FLOPsjcironic represents op-
erations performed electronically, 7 qjeqonic is the processing
time for electronic operation, and Pjecuonic is the power con-
sumption of the electronic component. The division of optical
FLOPs by the number of phase kernels (7;) accounts for the

electronic electronic

Fig. 7. Experimental implementation of the hybrid optical-elec-
tronic phase shift neural network (PSNN) building and image
reconstruction using orbital angular momentum shift keying
(OAM-SK) modulation over a 0.4 m free-space optical communica-
tion link. We use a Fabry—Perot laser diode with 1550 nm wavelength
as the beam source. The collimated Gaussian-like beam is converted
into the multiplexed OAM beams with desired modes using the spatial
light modulator (SLM1), serving as the bit string being trained and
used to encode the 8-bit grayscale image. The second SLM
(SLM2) is placed at the back focal plane of a Fourier lens with focal
length / = 150 mm, where the natural Fourier transform is passively
completed and the feature extraction of the input beam is realized by
phase modulation in the Fourier domain. The modulated output is
inverse Fourier transformed and recorded as the electronic dataset sent
to the electronic max-pooling layer and fully connected layers, com-
pleting the rest neural network training on computer electronically.
FC: fiber coupler; BE: beam expander; BS: beam splitter; LP: linear
polarizer. A scale bar of length 25.4 mm is drawn.
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sequential processing nature of the SLM, which applies each
phase mask individually. The optical power consumption en-
compasses the laser driver (10 W), two SLMs driven by laptops
(2x 130 W), and the camera (3 W), as the system configura-
tion demonstrated in Fig. 7. The electronic power consump-
tion represents the computational hardware required for the
non-optical portions of the neural network.
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