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The rich structure of transverse spatial modes of structured light has facilitated their extensive applications in quantum
information and optical communication. The Laguerre-Gaussian (LG) modes, which carry a well-defined orbital angular
momentum (OAM), consist of a complete orthogonal basis describing the transverse spatial modes of light. The application
of OAM in free-space optical communication is restricted due to the experimentally limited OAM numbers and the complex
OAM recognition methods. Here, we present a novel method that uses the advanced deep learning technique for LG modes
recognition. By discretizing the spatial modes of structured light, we turn the OAM state regression into classification. A
proof-of-principle experiment is also performed, showing that our method effectively categorizes OAM states with small
training samples and the accuracy exceeds 99% from three-dimensional (3D) to fifteen-dimensional (15D) space. By
assigning each category a classical information, we further apply our approach to an image transmission task, achieving a
transmission accuracy of 99.58%, which demonstrates the ability to encode large data with low OAM number. This work
opens up a new avenue for achieving high-capacity optical communication with low OAM number based on structured

light.

Keywords: orbital angular momentum, machine learning, optical communication

PACS: 03.67.—a, 42.50.Tx, 42.79.Sz

1. Introduction

The orbital angular momentum (OAM) of light, charac-
terized by its distinctive helical phase front e’?, has facili-
tated a pivotal breakthrough in the field of optics. The ad-
vent of OAM plays a crucial role in advancing the frontiers of
many fields, such as optical communication, quantum infor-
mation, and quantum computation. The OAM of light offers
advantages over the well-studied spin angular momentum, i.e.,
the polarization of light, due to the inherent high dimensional
peculiarity. For example, it has been shown that the OAM of
light can be applied to realize high-dimensional quantum com-
munication with larger alphabet and higher security.!!~%! High-
dimensional quantum entangled states can be generated with
the OAM, which show larger violation of Bell nonlocality.!”"]

In the field of telecommunications, OAM is crucial for the
development of high-capacity optical networks, especially in
the enhancement of data transmission capabilities. Its unique
ability to handle large data streams offers potential solutions to
bandwidth limitations and efficiency challenges in fiber optical
communication systems. Most importantly, as a cornerstone
of high-dimensional quantum information processing, OAM
has facilitated significant advancements in quantum comput-

TCorresponding author. E-mail: chendx @sru.edu.cn
#Corresponding author. E-mail: yangcp@hznu.edu.cn
© 2024 Chinese Physical Society and IOP Publishing Ltd

DOI: 10.1088/1674-1056/ad8553

ing and quantum encryption technology. The significance of
OAM in these aspects is becoming ever more paramount, due
to the increasing focus on higher bandwidth and denser infor-
mation density nowadays.

Previous works on the OAM of light focused on the gen-
eration and measurement of the OAM states. An OAM state
with large ¢ and a simple method to recognize the OAM state
are preferred in practical applications. However, the quan-
tum numbers ¢ of experimentally generated OAM states are
limited due to the imperfections of experimental devices. In
2016, Zeilinger’s group generated the OAM states with quan-
tum numbers up to 10010 and realized quantum entanglement
of these states.['%1 On the other hand, the existing methods for
measuring OAM states either cannot be applied in single pho-
ton level!''=14l or require complex measurement setups due
to the high-dimension nature of OAM states.[15-23] Therefore,
how to increase the channel capacity with limited OAM num-
ber is one active research area in OAM-based optical commu-
nication. Meanwhile, a flexible approach that can be adapted
to the practical situations to recognize the OAM states is im-
portant for the applications of OAM.

Early applications of OAM in optical communica-
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tion aimed to increase channel capacity through OAM
multiplexing.**-2l The OAM multiplexing technique treats
OAM as one more degree of freedom in addition to other de-
grees of photons. Therefore, higher capacity could be achieved
by exhausting available degrees of freedom of photons. How-
ever, only a subset of OAM states was used and the rich struc-
ture of the spatial modes was not fully harnessed. In recent
years, the development of machine learning (ML) has pro-
moted a new frontier in the research of photonic OAM. The en-
hanced capabilities of ML in data analysis and feature recogni-
tion open up novel avenues in the exploration for OAM beams,
particularly in the recognition of OAM. Research in this field
can be classified into two categories, classification and regres-
sion of photons’ OAMs. Classification of photons’ OAMs
predicts the OAM values from a given list, while the regres-
sion of photons’ OAMs predicts the OAM spectrum of an un-
known state. In other words, classification of OAM states re-
solves the discretized OAM spectrum recognition task;?’-2%1
while regression of OAM states resolves the continuous OAM
spectrum recognition task which requires more samples for
training, 30321

There are various application of ML in OAM-based opti-
cal communication. For example, the ML technique has been
applied in free-space optical communication to correct the de-
formation of the optical modes caused by turbulences.*3-37]
Also, the ML technique has assisted the recognition of frac-
tional optical vortex modes, 38*!1 which opens a new way for
high-capacity optical communication. In spite of the super-
high resolution of fractional optical vortex modes (98% ac-
curacy with OAM interval of 0.018381), the fractional optical
vortex modes are not ideal in practical application since they
quickly diffract due to the phase discontinuity. Moreover, the
distortion of the fractional optical vortex modes in the gener-
ating process would affect the accuracy apparently.

In this work, we apply the ML technique in the OAM state
recognition for high-capacity optical communication. We dis-
cretize transverse spatial modes of structured light into indi-
vidual partitions. Then we use the ML technique to effectively
classify the OAM states. In this way, we turn the OAM state
regression into classification, thus reducing the requirement of
training samples. For the OAM states in each partition, we
assign them a classical information. In other words, quantum
information is approximately represented by classical infor-
mation. We further apply our method to an image transmis-
sion task, demonstrating the ability to encode large data with
low OAM number.

The key idea of this work is the discretization of the
state space of light’s spatial modes, which has not been re-
ported before. We further apply this idea to enhance the ca-
pacity of optical communication, which is different from the

4244

existing ways. ! | The spatial modes of light are fully har-

nessed by considering the azimuthal and radial indexes of LG
modes, which transmit stably in free space. In addition, since
the OAM states in each partition represent the same informa-
tion, our method allows for imperfection of OAM states in
the generating process. Our method aims to overcome the
challenges associated with the experimental realization of the
OAM states, particularly the limitations on the orders of the
OAM states.

2. Methods

2.1. Dimension of the transverse spatial modes of struc-
tured light

The transverse structure of paraxial beams propagating in
free space can be described by different classes of orthonormal
sets. The Hermite—Gaussian (HG) modes and the Laguerre—
Gaussian (LG) modes are two widely-studied classes used to
describe the transverse structure of a light beam. It was shown
that the LG modes and the HG modes could be transformed

through unitary operations*>)
N
LGy =Y i*b(n,m,k)HGy_ix, (1
k=0
where
b(n,m,k)
(N—k)k\ 21 ¢ . .
= (M,m, gl =0 1+ =0, @)

and N = n+ m is the order of the optical mode. Here, the ra-
dial index p and the azimuthal index (i.e., the OAM number) ¢
of LG modes are p = min(n,m) and £ = n —m, respectively. In
this paper, we use the notation LG, ,, to denote LG modes in
accordance with the HG modes for order N = n+ m, while we
use the notation LG(¢, p) to explicitly denote the LG modes
with OAM values ¢ and radial number p.

One can see from Eq. (1) that an LG beam can be decom-
posed into superposition of N + 1 HG beams with the same
order, and vice versa. Therefore, one could define the dimen-
sion of a subspace of the transverse mode D = N + 1. In a sub-
space of dimension D, the LG modes and the HG modes could
be transformed through unitary operations. For example, the
LG(¢, p) modes LG(2,0), LG(—2,0), and LG(0,1) constitute a
set of basis in a three-dimensional (3D) subspace, while the
HG(m,n) modes HG(1,1), HG(2,0), and HG(0,2) constitute
another set of basis.

Within the scope of OAM recognition research, most ex-
isting studies primarily set the radial index p to zero. While
this simplification eases analysis, it overlooks the complex-
ity arising from the combination of radial and azimuthal in-
dexes. Here, we consider the complete spatial modes of struc-
tured light by taking account for the index p. By harness-
ing the complex spatial modes of structured light, we obtain a
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higher dimension of the transverse modes than only utilizing
the OAM index .

2.2. Discretization of the state space

A quantum state in an N-dimensional quantum space can
be represented by a state vector of N elements. In quantum
information, a d-state quantum system (d > 2) is called a qu-
dit, while a 2-state quantum system is called a qubit. For a
qubit, an arbitrary pure quantum state can be represented by a
point on the surface of the Bloch sphere. Here, we divide the
spherical surface into several regions, each of which contains
many states. We assign each region with a classical state, i.e.,
all the states in the region represent the same classical infor-
mation. In other words, a qubit is approximated to n classical
bits, with 2" being the number of the partitions of the spherical
surface.

Si

b .
Each region represents
a classical state

Sa Ss

1)
Fig. 1. Discretization of the Bloch sphere. The polar angle and the
azimuthal angle are uniformly divided, thus the surface of the Bloch
sphere is partitioned into several regions. Each region is endowed with
a classical state.

A geometrical representation of such process is shown in
Fig. 1. A general qubit state has the form

16) = cos 210) +-sin & ¢ 9[1), 3

where 6 and ¢ are the polar angle and the azimuthal angle of
the sphere. For example, we divide 8 and ¢ into 8 regions,
respectively. The spherical surface is thus discretized into 64
regions. Therefore, a qubit is approximated to 6 classical bits.

o
=

Conv+MP

B

Conv+BTNK*3

For a higher dimensional quantum space, one can follow the
same procedure to discretize the space into several regions.

The proposed discretization process in this work turns the
OAM states regression into OAM states classification. Note
that when the partitions of 8 and ¢ go to infinity, the problem
becomes dividing OAM states into infinite categories, which
is equivalent to OAM state regression.

2.3. Deep learning model

We develop an OAM-recognition neural network us-
ing deep learning technique shown in Fig. 2, which is piv-
otal for managing intricate tasks like image recognition and
classification.38401 Our study primarily concentrates on an
enhanced version of a distinguished member of the residual
network (ResNet) family,*”! the ResNet50. This version in-
tegrates the concept of residual blocks and skips connections,
effectively tackling the issue of vanishing gradients often en-
countered during complex image training. Each residual block
comprises a sequence of convolutional layers, particularly the
BottleneckBlock units.[*8] These units start with a 1 x 1 con-
volution to reduce data dimensions, followed by a 3 x 3 con-
volution for a comprehensive feature extraction, and conclude
with another 1 X 1 convolution to restore the data dimensions.
Moreover, our discretization model adopts the CrossEntropy-
Loss function, which combines log softmax and negative log-
likelihood loss to accurately compute gradients. We have im-
plemented the ReduceLROnPlateau scheduler for dynamic ad-
justment of the learning rate, adapting it based on trends in
validation loss to mitigate overfitting risks. Additionally, our
model incorporates data augmentation and dropout techniques
to enhance its generalization across various OAM states.

Regarding the model’s architecture, we have devised a
novel two-stage structure specifically tailored for the system-
atic processing of optical OAM information. In the initial
stage, the model conducts a broad categorization of funda-
mental layers, distinguishing between various OAM cate-
gories presented in optical images. The subsequent stage
involves a detailed sub-classification based on the primary
layer’s categorization, focusing on subtle variations in phase

Conv+BTNK*2

Conv+BTNK*5

Conv+BTNK*2

Fig. 2. Neural network model for OAM-recognition. The model architecture is based on an enhanced version of ResNet50. It includes
convolutional layers (Conv) for feature extraction, batch normalization (BTNK) for stable training, max pooling (MP) for spatial reduction,
fully connected layers (FC) for complex pattern learning, and softmax activation (SF) for multi-class classification.
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weights within optical images. By leveraging the inher-
ent advantages of existing datasets, our model divides the
OAM-recognition classification task into two stages, effec-
tively overcoming challenges commonly associated with com-
plex and high-dimensional datasets. This approach achieves
rapid and high-precision classification while also partially re-

ducing computational costs.

3. Results

The experimental setup is shown in Fig. 3. A coherent
beam emitting from a laser diode is coupled into a single mode
fiber. Then the beam is expanded by a 4 f lens system to fit the
size of the spatial light modulator (SLM). The SLM is loaded
with gratings which generate the desired optical fields. The re-
flected beam is filtered by an aperture to pick out the first-order
diffraction beam which is finally recorded by a CCD cam-
era. Examples of experimentally generated structured light in
a three-dimensional space are shown in Fig. 3(b).

(a) P Bs
stM_ Q ﬁ cep

ﬂ"Q PBS

OHWP
0‘90 0c

(v)

Fig. 3. (a) Sketch of the experimental setup. A coherent beam emits from
a laser diode is expanded by a 4f system. Then the SLM is loaded with
holograms to generated OAM states. Finally, a CCD camera captures the
intensity profile. (b) Examples of the generated OAM states in a 3D space
for six categories. SLM: spatial light modulator, HWP: half-wave plate,
PBS: polarizing beam splitter, BS: beam splitter, L: lens.

Laser

The recorded images are then used for training. For
a three-dimensional space, the basis states are LG(2,0),
LG(—2,0), and LG(0,1). A general quantum state in such a
space has the following form:

ly) = a|LG(2,0)) + BILG(—2,0)) +y[LG(0,1)),  (4)

where a, 3, and v are complex numbers which are normal-
ized as ||+ |B|* +|y|*> = 1. In our experiment, we focus on
the states with equal-weighted superposition, i.e., ¢ = 1/ V3,
B = el /3, y=¢e'?/\/3. Due to the degeneracy of the
intensity profile of the OAM states | & £), we confine ¢; and
¢, between 0 and . We further divide ¢; and ¢, into 30 in-
tervals. We fix ¢ = 0 and change ¢,, then fix ¢, = 0 and
change ¢@;. In this way, we obtain 60 categories for a three-
dimensional space. For each category, we generate 100 ran-
dom samples for the model training, which are segmented into

a training set (80 images) and a validation set (20 images). For
instance, for the first category with ¢; = 0 and ¢, € (0,7/30),
the samples are obtained by loading holograms which gener-
ate the state |y) with ¢, uniformly distributed between 0 and
7/30. In Fig. 3(b), the values of ¢; and ¢, for the five samples
are (0.003,0),(1.08,0),(2.11,0),(0,0.005), (0, 1.06), respec-
tively. We capture images of these states using a CCD camera
and label them based on their OAM parameters. It is worth
noting that one can extend the phase to the range [0,27], with
additional effort to break the degeneracy of the intensity pro-
file of the states | &) by taking one more picture. [*!

We first train the model using a theoretical dataset. For
the validation process, we use a test set entirely composed
of experimental data. We only achieve a relatively low val-
idation accuracy of 80% =+ 10%. Here, accuracy is defined
as the ratio of the number of correct predictions to the total
number of samples. Moreover, incorporating experimental im-
ages into the training set allows for a more accurate simulation
of actual experimental conditions. Therefore, to enhance the
model’s robustness, we gradually increase the proportion of
experimental images in the training set to 20%, 40%, 60%,
and 80%, while the validation set consistently comprises of
the experimental images only. The result is shown in Fig. 4.
This incremental integration approach leads to a continuous
improvement in accuracy, culminating in an optimal perfor-
mance of 99.33% accuracy when both training and validation
sets consist purely of the experimental data. Figures 5(a) and
5(b) show the training evolution through the epochs. The loss
and the accuracy of the validation set and the training set both
show the consistent trend across epochs. The model obtains a
relatively stable performance after about epoch 20.

100

Accuracy (%)
o N ®» ©
S o & o

[SA]
]
T

0 20 40 60 80 100
Proportion (%)

Fig. 4. Prediction accuracy versus proportion of experimental images
in the training set.

We further apply our model for different dimensions,
D=5,7,9, 11, 13, 15. For each case, we discretize the state
space by dividing the relative phases of the base states between
0 and 7 into 30 partitions. Therefore, for the D-dimensional
case, there are 30(D — 1) categories. The results are shown in
Figs. 5(c) and 5(d). The loss and the accuracy of the validation
set converge to stable values after about epoch 50. It is worth
noting that our approach also allows for stacked classifications

120304-4



Chin. Phys. B 33, 120304 (2024)

across different dimensions, accommodating up to 1680 dis-
tinct classifications for all seven dimensions, from D = 3 to
D = 15. The accuracies for different dimensions are 99.33%,
99.23%, 99.02%, 99.18%, 99.05%, 99.15%, and 99.25%, re-
spectively, from D = 3 to D = 15. It is evident that the accu-
racy does not depend on the dimensions. As the dimensions
grows, the accuracy maintains high. Therefore, our method
can be generalized to the case of high-dimension space.

To validate the applicability of our model, we apply the
NNW model to an image transmission task. We aim to trans-
mit a gray image of resolution 100 x 100. We utilize the OAM
states in a nine-dimensional space, thus there are 240 cate-
gories in such a space. To map the categories onto the pixel
values of the image, the pixel values of the image are nor-
malized between 0 and 239. Each pixel value corresponds to
a category associated with a specific phase interval. Experi-
mentally, for each pixel value, we randomly generate an OAM
state in the corresponding category as the information carrier.
Then the CCD camera captures the image and the image is in-
put to the model as the test data. The pixel value is decoded
by predicting which category the image belongs to. This pro-
cess is repeated 10000 times for all the pixels. The mapping
process is detailed in Fig. 6, Our model has demonstrated an
exceptional ability to accurately predict the OAM category for

186 1
AT 29 "

each pixel, achieving an accuracy of 99.58%, highlighting the
model’s robust predictive capabilities and its effectiveness in
decoding and reconstructing images from OAM-categorized
data. The reconstructed images exhibit a high degree of visual
fidelity to the originals. These results not only validate the effi-
ciency of our model but also confirm its potential for practical
applications in the field of optical communication.

100 100f
L. (a) (b)
80t —Tra-mmfg set 80}
—— Validation set I
w 60 ® 60 — Training set
8 3 — Validation set
= 40t S 40¢
<
20+ 207
Ops " " " " Ot . . . .
0 50 100 150 200 0 50 100 150 200
Epoch Epoch
1007 — D=3 100}
— D=5 (c) 7
80f D=7 80 I/
b=} % “ D=3
L —D=11 L — D=:
@60 —D=13 260 “ —_ D=5
— D=1 D=7
= 40t 5 g 401 D=9
< — D=11
20 20¢ — D=13
—D=15
= 0
0 50 100 150 200 0 50 100 150 200
Epoch Epoch

Fig. 5. The loss (a) and the accuracy (b) in each epoch for the training and
the validation sets in 3D case. The loss (c) and the accuracy (d) in each
epoch for the validation sets at different dimensions.

Conv MP Conv BL AVG FC

Two-stage model

Encode

Discretized OAM state

Decode

Fig. 6. Procedure of an image transmission task. We map each pixel value of the image to the corresponding category of OAM states, and feed

this data into our NN'W model for prediction.

4. Conclusion

We have developed a method for OAM state recognition,
by discretizing the state space of the transverse spatial modes
of structured light and specifically designing a tailored neural
network architecture. We consider the combination of the az-
imuthal and radial indexes of LG modes, which fully describe
the transverse spatial modes of structured light. As a result, the
LG modes transmit stably in free space. For the OAM states
in each category, we assign them with the same classical in-
formation. Therefore, our method is robust to the deviation in
the generating process of the spatial modes.

The constructed neural network model, based on an
enhanced ResNet50 architecture, achieves an accuracy of
99.33% to classify the OAM states for the 3D case and an
accuracy of 99.25% for the fifteen-dimensional case. The ac-

curacy maintains a high value for different dimensions. Fur-
thermore, our exploration of image transmission using this
model with low OAM number has also yielded positive out-
comes, highlighting its practical value in high-capacity opti-
cal communication applications. These advances open up new
avenues for information transmission and contribute signifi-
cantly to the field of optical communication and data encoding
technology.
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