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Orbital angular momentum (OAM) has the characteristics of mutual orthogonality between modes, and has been
applied to underwater wireless optical communication (UWOC) systems to increase the channel capacity. In this work, we
propose a diffractive deep neural network (DDNN) based OAM mode recognition scheme, where the DDNN is trained to
capture the features of the intensity distribution of the OAM modes and output the corresponding azimuthal indices and
radial indices. The results show that the proposed scheme can recognize the azimuthal indices and radial indices of the
OAM modes accurately and quickly. In addition, the proposed scheme can resist weak oceanic turbulence (OT), and exhibit
excellent ability to recognize OAM modes in a strong OT environment. The DDNN-based OAM mode recognition scheme
has potential applications in UWOC systems.
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1. Introduction

Recently, the demand for underwater wireless optical
communication (UWOC) is increasing rapidly, so the com-
munication system needs to have the characteristics of large
capacity, high speed, and low delay.[1–4] UWOC has many
applications in military, civilian, and commercial, such as
submarines, underwater unmanned vehicles, and deep-sea re-
source exploration.[5–8] In 1992, Allen et al. exhibited that a
vortex beam can carry orbital angular momentum (OAM).[9]

The wavefront of the OAM beam has a helical phase and its
electric field complex amplitude contains a term of exp [iℓθ ],
where ℓ can be an arbitrary integer named topological charge
or azimuthal index, representing the number of 2π phase shifts
across the beam, and θ is the azimuthal angle. The OAM
beams of different modes are orthogonal to each other,[10–13]

which supports efficient multiplexing of OAM and provides
a new degree of freedom for expanding the capacity of the
UWOC system.[14]

In order to improve the OAM multiplexing efficiency of a
UWOC system, the detection and recognition of OAM modes
are crucial. There are some traditional methods, e.g., Rufato et
al. presented computer-generated holograms (CGH) encoding
information for beams carrying OAM;[15] Lei et al. utilized
Dammann optical vortex gratings to generate, transmit and de-
tect simultaneously independent collinear OAM channels;[16]

Stegenburgs et al. used 3D-printed microscale spiral phase
plates (SPPs) to generate OAM carrying beams.[17] These

methods require guaranteed alignment of the optical path and
are susceptible to factors such as turbulence, angular tilt, and
lateral offset. Furthermore, most of the existing OAM based
systems focus on the azimuthal index, while the radial index
p, another degree of freedom of the vortex beam, has not re-
ceived much attention. The radial index represents the number
of rings in the radial intensity distribution of a vortex beam,
which is a non-negative integer. Mazilu et al. used principal
component analysis to simultaneously measure the azimuthal
and radial indices of pure vortex light fields.[18] In 2018, Guo
et al. established a novel OAM encoding system using a series
of holograms of OAM modes with different radial indices to
achieve coaxial transmission of multiplexed beams.[19] These
methods consume experimental equipment and have low ef-
ficiency, especially in the complex underwater communica-
tion environment, which hinders the development of OAM-
based underwater communication, so high-efficiency and low-
energy solutions are needed urgently.

Now, with the gradual popularization of artificial intel-
ligence, machine learning has been applied to many fields,
including optical imaging, pattern recognition and turbulent
aberration correction, etc.[20,21] In 2020, Dedo et al. used Ger-
chberg Saxton (GS) algorithm to correct the intensity distribu-
tion of the OAM beam distorted by atmospheric turbulence,
then a convolutional neural network (CNN) was utilized to
identify the OAM mode.[22] Lu et al. proposed a CNN-based
model that utilizes the same backbone for OAM recognition
and adaptive optics without wavefront sensor.[23] Zhang et

†Corresponding author. E-mail: zhaosm@njupt.edu.cn
© 2023 Chinese Physical Society and IOP Publishing Ltd http://iopscience.iop.org/cpb http://cpb.iphy.ac.cn

044208-1

http://dx.doi.org/10.1088/1674-1056/ac935e
zhaosm@njupt.edu.cn
http://iopscience.iop.org/cpb
http://cpb.iphy.ac.cn


Chin. Phys. B 32, 044208 (2023)

al. used intensity images generated in simulations and experi-
ments as input data to train a neural network to recognize the
OAM mode.[24] However, the neural network models in these
methods are all electrically actuated, which allows the light
field signal to be processed only offline. In 2018, Lin et al. de-
signed an all-optical diffractive deep neural network (DDNN)
using passive diffractive layers to realize various functions of
deep learning.[25] DDNN works by physically creating several
transmissive or reflective layers, and gives the input wave of
each sensing node on each layer, the sensing node represents
the neuron that connects to the next layer. The advantage of
DDNN over electric deep neural network is that the diffraction
layer can be solidified and fabricated to achieve the network
model task at the speed of light.[26]

In this paper, we propose a DDNN-based OAM mode
recognition scheme. We utilize the DDNN model to rapidly
and accurately recognize the azimuthal indices and radial in-
dices of OAM modes simultaneously. We select OAM modes
with different azimuthal and radial indices, and evaluate the
effects of the number of diffraction layers and different OT
strengths of the DDNN model on the recognition accuracy. We
verify the reliability of the proposed scheme and compare it
with traditional CNN-based OAM mode recognition methods
at different OT strengths.

2. Theory
2.1. DDNN-based OAM mode recognition scheme

The schematic diagram of the OAM mode recognition
scheme based on DDNN is shown in Fig. 1(a). The intensity
pattern of the OAM beam with azimuthal and radial indices is
input to the DDNN, and then passes through a series of diffrac-
tive layers. The output plane is divided into a 4×4 grid array,
where the first two rows represent the 8 different azimuthal in-
dices of the OAM mode, and the last two rows represent the 8
different radial indices. From the location of the bright spot on

the output plane, the azimuthal and radial indices of the OAM
modes can be deduced. Each sensor node on the diffraction
layer of DDNN is similar to the neuron in the neural network.
In the process of forward propagation, each sensor node on the
previous diffraction layer is fully connected to the next diffrac-
tion layer, as shown in Fig. 1(b). DDNN consists of an input
layer, an output layer and several diffraction layers. Accord-
ing to the Rayleigh–Sommerfeld diffraction theory, each sen-
sor node can be regarded as a secondary wave source,[27] and
the optical modes can be expressed as

ω
N
i (x,y,z) =

z− zi

r2

(
1
jλ

+
1

2πr

)
exp
(

j2πr
λ

)
, (1)

where N represents the Nth layer of the DDNN, i is the sensor
node located at (xi,yi,zi) of the Nth layer; r denotes the dis-
tance from the source to the ith sensor node in the Nth layer,

r =
√
(x− xi)

2 +(y− yi)
2 +(z− zi)

2, j2 = −1; and λ repre-
sents the wavelength. The secondary wave generated by the
ith sensor node can be determined by its input wave and trans-
mission coefficient tN

i (xi,yi,zi). Therefore, the output of the
ith sensor node in the Nth layer can be expressed as

sN
i (x,y,z) = ω

N
i (x,y,z)× tN

i (xi,yi,zi)

×∑k sN−1
k (xi,yi,zi), (2)

where ∑k sN−1
k (xi,yi,zi) represents the input wave superposi-

tion of all sensor nodes on the (N−1)th layer to the ith sen-
sor node on the Nth layer. The transmission coefficient con-
sists of two parts, amplitude and phase, that is, tN

i (xi,yi,zi) =

aN
i (xi,yi,zi)exp

(
jφ N

i (xi,yi,zi)
)
. The DDNN model parame-

ters are optimized by error back-propagation and stochastic
gradient descent during training. According to the parameter
variables in the transmission coefficient, the DDNN model can
be divided into three types, including phase-only modulation,
amplitude-only modulation, and hybrid modulation.
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Fig. 1. Schematic diagram of the OAM mode recognition scheme based on DDNN. (a) The prediction of OAM mode recognition based on
DDNN. (b) Fully connected structure and forward propagation between diffractive layers of DDNN.
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The Fresnel diffraction theory can be used to simplify the
propagation of light beams.[28] The frequency domain distri-
bution of the incident beam on the (N−1)th layer can be ob-
tained by Fourier transform of electric field distribution in the
spatial domain, as expressed by the following equation:

UN−1
zN−1

( fx, fy) = F
(

uN−1
zN−1

(xN−1,yN−1)
)
, (3)

where uN−1
zN−1

(xN−1,yN−1) is the electric field distribution of the
incident beam, zN−1 denotes the observation plane on the prop-
agation axis, F represents the Fourier transform. Thus, the
output of the (N−1)th diffraction layer can be expressed as

UN−1
zN−1

( fx, fy) = F [uN−1
zN−1

(xN−1,yN−1)× tN−1
zN−1

(xN−1,yN−1)]. (4)

According to the Fresnel diffraction theory, the beam propa-
gates to the Nth diffractive layer, and the electric field distribu-
tion in the spatial domain can be given as

uN
zN
(xN ,yN) = F−1

(
UN−1

zN−1
( fx, fy)×H ( fx, fy)

)
, (5)

where F−1 is the reverse Fourier transform. H ( fx, fy) =

exp [jk (zN− zN−1)]exp
[
−jπλ (zN− zN−1)

(
f 2
x + f 2

y
)]

repre-
sents the transform function, with k = 2π/λ representing the
wave number and (zN− zN−1) the separation distance between
the diffractive layers.

The OT can be simulated using several separate phase
screens produced by power spectrum inversion method, where
each phase screen is a thin sheet that adjusts the phase of
the beam.[29] The OT-induced perturbation effects can be han-
dled separately for propagation and phase perturbations by a
step-by-step approach. At each step, the phase perturbation
caused by refractive index fluctuations is achieved by multi-
plying the input field by a phase exponential function (phase
screen), and then the beam propagates in free space between
two adjacent phase screens. The phase screen is statistically
independent of the spatial statistics matched to refractive in-
dex fluctuations.[30] The refractive index fluctuation spectrum
of homogeneous and isotropic OT can be expressed as

Φot(κ) = 0.388C2
nκ
−11/3[1+2.35(κη)2/3]

× [exp(−ATδ )−2τ
−1 exp(−ATSδ )

+τ
−2 exp(−ASδ )], (6)

where C2
n is a measure of the strength of ocean fluctuations,

κ is the spatial frequency, η is the Kolmogorov microscale
(inner scale), τ is the balance parameter that means the rel-
ative strength of temperature and salinity fluctuations, which
ranges from -5 to 0. AT = 1.863× 10−2, AS = 1.9× 10−4,
ATS = 9.41× 10−3, and δ = 8.284(κη)4/3 + 12.978(κη)2.
The phase spectrum can be expressed as

Φ (κ) = 2πk2
0ZΦot (κ) , (7)

where k0 represents the wave number of the incident beam.
Z denotes the propagation distance. The phase screen can be
obtained by the Fourier transform

ϕ (x,y) = F
[
C
(

2π

N∆x

)√
Φ (κ)

]
, (8)

where F represents the Fourier transformation, C denotes an
N ×N array of complex random numbers with 0 mean and
variance 1, and ∆x is the grid spacing.

2.2. Data preparing

In this work, we select 12 kinds of OAM modes with dif-
ferent azimuthal and radial indices, including {ℓ = +1, p =

7},{ℓ = +3, p = 5},{ℓ = +3,−2, p = 7},{ℓ = +5,−6, p =

0},{ℓ = +1, p = 2,3},{ℓ = +3, p = 5,6},{ℓ = +7, p =

3},{ℓ = −6, p = 0},{ℓ = −2,−4, p = 2},{ℓ = +1,+3, p =

3},{ℓ=−4, p = 3,4},{ℓ=−8, p = 6,7}. Figure 2 shows the
intensity patterns and the corresponding ideal outputs for dif-
ferent OAM modes.

We utilize LabVIEW 2012 to simulate and acquire the in-
tensity distribution images of OAM modes. The OAM beam’s
wavelength is 633 nm, and the pixel size of phase plate is
128×128. The DDNN model extracts the features of the OAM
mode intensity distribution through training and performs clas-
sification. Therefore, in the simulation, the wavelengths of
different OAM beams and the pixel size of the phase plate
do not affect the feature extraction of the OAM beam inten-
sity distribution by the DDNN model. For each class of OAM
mode, we select 6000 intensity patterns, of which 5000 inten-
sity patterns are used as the training dataset and 1000 intensity
patterns are used as the test set. The ideal output is marked
as ground truth as a label for each kind of OAM mode. In or-
der to facilitate DDNN model training, the intensity patterns
obtained from LabVIEW 2012 are resized to 128×128, con-
verted to gray scale images and normalized. Our training is
implemented with the Tensorflow framework on four NVIDIA
TITAN RTX GPUs. The distance between diffractive layers is
0.1 m, and the DDNN model is trained for 30 epochs using
the Adam optimizer[31] with a learning rate of 0.01. The error
backward propagation algorithm and Adam gradient descent
optimizer are used to train the DDNN model to ensure the con-
vergence of the model and make the model output consistent
with the ideal output (ground truth). The loss function can be
defined as

loss =
(
uo−ugt

)2
, (9)

where uo and ugt represent the actual output of DDNN and
ideal output, respectively.
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Fig. 2. The intensity patterns and corresponding ideal outputs for different OAM modes ({ℓ=+1, p = 7}, {ℓ=+3, p = 5}, {ℓ=+3,−2, p =
7}, {ℓ=+5,−6, p = 0}, {ℓ=+1, p = 2,3}, {ℓ=+3, p = 5,6}, {ℓ=+7, p = 3}, {ℓ=−6, p = 0}, {ℓ=−2,−4, p = 2}, {ℓ=+1,+3, p = 3},
{ℓ=−4, p = 3,4}, {ℓ=−8, p = 6,7}).

3. Performance evaluation
The number of diffractive layers is an important parame-

ter that affects the performance of the DDNN model. We com-
pare the effect of different diffraction layers on the recognition
accuracy of the DDNN model, as shown in Fig. 3. Within 30
epochs, with the increase of epoch, the recognition accuracy
gradually increases and tends to be stable. At the same time,
with the increase of the number of diffraction layers, the recog-
nition accuracy also improves significantly. Without the inter-
ference of OT, the recognition accuracy of the DDNN model
with five diffractive layers reaches 1.
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Fig. 3. The recognition accuracy of the DDNN model with different
diffraction layers.

We choose a DDNN model with 5 diffractive layers to
establish a mode recognition scheme for OAM beams. De-
pending on the modulation type of the DDNN, the ampli-
tude and phase planes of each diffractive layer are changed

during model training. When the DDNN model is optimal,
the difference between the output result and the ideal out-
put is the smallest, and the recognition accuracy reaches peak
value. To evaluate the impact of OT on the performance of
the DDNN-based OAM mode recognition scheme, we ana-
lyze the variation of model recognition accuracy under dif-
ferent OT strengths. We choose four levels of OT strength,
where C2

n = 1×10−15 K2 ·m-2/3 and C2
n = 1×10−12 K2 ·m-2/3

represent the weak turbulence and the strong turbulence, re-
spectively. Figure 4 shows the variation of the recognition ac-
curacy of the DDNN-based OAM mode recognition scheme
with epoch under different OT strengths. As the OT strength
increases, the recognition accuracy of the DDNN model de-
creases. In a weak turbulence environment, the recognition
accuracy of the DDNN model is less disturbed by turbulence,
and its accuracy peaks at 1 after about 15 epochs. However,
in a strong turbulence environment, the phase of the OAM
mode is greatly affected by the turbulence, and the intensity
pattern is distorted. Meanwhile, the recognition accuracy of
the DDNN model will be reduced, and the maximum value is
only 0.825.

Figure 5 shows the recognition accuracy of the DDNN-
based OAM recognition scheme under different propagation
distances in different OT strengths. As can be seen from
Fig. 5, as the link distance increases, the recognition accu-
racy of the DDNN model under different OT strengths gradu-
ally decreases. In addition, in a specific propagation distance,
as the OT strength increases, the recognition accuracy of the
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DDNN model also decreases. At the weak OT strength C2
n =

1× 10−15 K2 ·m−2/3, the recognition accuracy of the DDNN
model reaches 1 at a link distance of 20 m, but only 0.801 at
50 m. At the strong OT strength C2

n = 1× 10−12 K2 ·m−2/3,
the recognition accuracy of the DDNN model is 0.825 at a link
distance of 20 m, and only 0.514 at 50 m.
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Fig. 4. The change curve of recognition accuracy of the OAM recogni-
tion scheme based on DDNN with different OT strengths.

 
 
 
 

0

0.2

0.4

0.6

0.8

1.0

A
c
c
u
ra

c
y

20 30 40 50

Distance (m)

2

2

2

2
Cn/T-12

Cn/T-13

Cn/T-14

Cn/T-15

Fig. 5. The recognition accuracy of the OAM recognition scheme
based on DDNN under different propagation distances in different OT
strengths.

In fact, some works utilize CNN models to identify OAM
modes. We evaluate the performance of DDNN-based and
CNN-based OAM recognition schemes. Considering the in-
fluence of various aspects, we train both models for the same
number of epochs on the same computer. Figure 6 shows the
effect of different OT strengths on the recognition accuracy of
DDNN-based and CNN-based OAM recognition schemes. As
the OT strength increases, the recognition accuracy of the two
schemes decreases. In a weak OT environment, the schemes
based on DDNN and CNN models can achieve the recogni-
tion task with an accuracy of 1. However, in a strong OT envi-
ronment, the accuracy of the DDNN-based OAM recognition
scheme drops to 0.825, while the accuracy of the CNN-based
OAM recognition scheme is only 0.732. It is obvious that
OAM recognition schemes based on DDNN and CNN mod-
els can perform well under weak OT, but in strong OT, the
recognition accuracy of the former is higher than that of the
latter, which shows that the OAM recognition scheme based
on DDNN has certain anti-OT characteristics.

Figure 7 shows the effect of different OT strengths on
the calculation time of DDNN-based and CNN-based OAM
recognition schemes. We use the trained DDNN and CNN
models for classification, and record the calculation time of the
two models, while the pre-data preparation and model training
time are not recorded. It can be seen from Fig. 7 that the cal-
culation time of DDNN and CNN models does not increase
with the increase of OT strength. The calculation time of the
DDNN model is about 1.672 s, while the computation time of
the CNN model is about 4.286 s, which means that the DDNN
model is better than the CNN model in terms of time cost.
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Fig. 6. The recognition accuracy of OAM mode recognition schemes
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The loss function can be used to evaluate the difference
between the actual output and the ideal output, and can also be
used to reflect the pros and cons of the training model. Figure 8
shows the variation of training loss for DDNN and CNN mod-
els within 30 epochs. With the increase of epoch, the training
loss of both DDNN and CNN models gradually decreases and
tends to be stable. When the epoch is 25, the training loss
of the DDNN model basically reaches the minimum value of
0.047, while the training loss of the CNN model is 0.092. The
DDNN model converges faster than the CNN model, and the
training loss value is lower than the CNN model.

4. Conclusion

In summary, we have proposed a DDNN-based OAM
mode recognition scheme. The dataset includes intensity
patterns of 12 classes of OAM modes, the DDNN model
has been trained to recognize the azimuthal and radial in-
dices of different OAM modes. The results show that when
there is no OT interference, the recognition accuracy of the
DDNN model can reach 1. The proposed scheme can ac-
curately recognize the azimuthal and radial indices of OAM
modes after short-distance propagation. When the propaga-
tion distance is greater than 50 m, the recognition accuracy
will drop significantly. In addition, at the weak OT strength
C2

n = 1× 10−15 K2 ·m−2/3, the recognition accuracy of the
DDNN model can also reach 1, which means that the DDNN-
based OAM mode recognition scheme has characteristics re-
sistant to turbulence interference. At the strong OT strength
C2

n = 1× 10−12 K2 ·m−2/3, the recognition accuracy of the
DDNN model is 0.825, while the recognition accuracy of the
CNN model is only 0.732, which indicates that the robustness
of the DDNN model is better than that of the CNN model. The
calculation time of the DDNN-based OAM mode recognition
scheme is also less than that of the CNN-based OAM mode
recognition scheme. In conclusion, the proposed scheme is
combined with an all-optical passive diffractive layer to con-
struct a DDNN to recognize the modes of OAM beams. The
OAM mode recognition scheme based on DDNN can provide
help for the development of UWOC systems in the future.
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