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ABSTRACT: Orbital angular momentum (OAM) becomes a new resource for wireless communication due to the different modes being
orthogonal. In OAM-based wireless communications, factors such as tilt and multipath distort the phase of the OAM beam, making the
mode difficult to detect. We propose a multi-label class-specific lightweight neural network (MCSLNN) to measure tilt and detect mode
from a single image. MCSLNN utilizes the MobileNetV2 network as the backbone feature extraction network, considering the terminal
devices with limited computing resources. To improve the performance of multi-label classification, MCSLNN employs residual class-
specific attention (CSRA) as the classification layer. Furthermore, MCSLNN employs the beam steering method to verify the correctness
of the measured tilt. The network measures the tilt angle with an accuracy of 76% and an estimation error of ±1◦ in a validation
experiment. Finally, we analyze the network’s generalization from varying heights above the ground for reflection paths. The results
indicate that MCSLNN is adaptable to diverse circumstances, thus making it suitable for 6G communication and radar applications.

1. INTRODUCTION

Orbital angular momentum (OAM) becomes a new resource
for communication following time, frequency, space, and

code type. OAM enables multiplexed mode with its orthogo-
nal and infinite eigenmodes, thereby improving the spectrum
utilization and capacity of the communication system [1]. The
University of Southern California team realized 4-way multi-
plexed OAM beam transmission, achieving a transmission rate
of 32Gbit/s [2]. The Nippon Telegraph and Telephone Pub-
lic Corporation (NTT) team studied a dual-polarization OAM-
MIMOmultiplexing system and realized the wireless transmis-
sion of 21 data streams at 201.5Gbit/s in the 28GHz band [3].
The key to realizing wireless OAM wave communication is

accurately detecting the received OAM modes. For mode de-
tection of OAM in the RF domain, modes based on single-point
method [4], phase gradient method [4–6], and dynamic mode
decomposition (DMD) method [7, 11] have been developed.
The phase gradient method detects individual OAM modes by
calculating the phase difference between two points and mea-
suring the angle [4]. The DMD method takes the azimuthal
sequence of the OAM beam as input. The method obtains the
number of cycles that in the azimuthal direction along the OAM
beam in the range of 2π, detecting single or multiple OAM
modes [7]. The development of machine learning technology
has prompted some scholars [8–10] to apply this method to the
mode detection of vortex beams in the optical field. The multi-
path effect in real transmission has not been studied in the above
literature.

* Corresponding author: Yifei Cheng (13572500112@stu.xupt.edu.cn).

Wireless OAMwave communication faces a significant chal-
lenge in that misaligned transmitting and receiving antennas
cause mode crosstalk. The crosstalk will turn a single mode
into a superposition of several modes. Certain researchers have
proposedmethods to addressmisalignment, including spectrum
iteration [12] and beam steering [13, 14]. Among these meth-
ods, beam steering method is a relatively established approach.
Moreover, tilt measurement is a necessary prerequisite to uti-
lize the method. Subsequently, Gao et al. [15] noted that the
phase profile of a titled OAM beam can indicate the inclination
between the transmitter and receiver. Accordingly, they intro-
duced an image processing technique for measuring the inclina-
tion of the OAM beam. Recently, Sun et al. proposed a recur-
rent neural network (RNN) model for measuring the inclination
information of OAM beams inspired by the amplitude profile’s
sequential features after tilt [16]. The tilt measurement meth-
ods most study unidirectional tilt, while the tilts in the com-
pound angular direction are common in actual communication.
In addition, complex calculations can impede the application of
previous measurement methods on terminal devices with lim-
ited computing resources.
In this letter, we propose a multi-label class-specific

lightweight neural network (MCSLNN) that aims to reduce
the limitations of the above methods. This paper establishes
a two-dimensional inclination detection model as the tilt of
compound angles is common in the actual environment, as
shown in Fig. 1. Then, the backbone part of MCSLNN obtains
feature tensor by training phase profiles containing tilt and
mode information. MCSLNN can capture distinct spaces
occupied by varying classes after passing the feature tensor
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FIGURE 1. Flowchart for two-dimensional inclination detection.

through class-specific residual attention (CSRA) [17]. Next,
we measure the tilt of a tilted multiplexed OAM beam at
the experiment. Finally, we test network’s generalization for
reflection paths at different heights above the ground.

2. METHODOLOGY

2.1. Misalignment Transmission Model
One of the main methods of generating wireless OAM beams
is the uniform circular array (UCA) with dipoles as array el-
ements [18]. UCA controls phase through a phase shifter to
produce multi-mode OAM beams. UCA can generate wireless
OAM beams with modes between−N /2 andN /2 by feedingN
array elements arranged at equal intervals with currents of equal
amplitude and phase difference of 2πl/N . Then, the electric
field of UCA at any observation point P (r, θ, φ) in the space
under the spherical coordinate system is expressed as [19]:

E(r, θ, φ) = An
e−ikr

r

N∑
n=1

eikQ(x̂,ŷ,̂z)T ·rneilφn . (1)

where l represents the mode of the OAM beam;
φn = 2π(n − 1/N) (n = 1, 2, ..., N) refers to the az-
imuth angle of the location of the UCA array element;
Q = (sin θ cosφ, sin θ sinφ, cos θ) represents the location of
the observation point; k = 2π/λ denotes the wave number;
and An denotes the amplitude excitation of the nth antenna
array element.

(a) (b)

FIGURE 2. (a) Model of the horizontally inclined UCA array element.
(b) Model of the vertically inclined UCA array element.

Set the tilted x′y′z′ coordinate system to rotate θx angle
counterclockwise along theX-axis in the positive direction and
rotate θy angle counterclockwise along the Y -axis to return to
the original coordinate axis. Thus, the model for UCA mis-
alignment is established, as illustrated in Fig. 2.
The position vector rn of the tilted nth antenna element in

the original coordinate system is transformed into:

rn = (x̂, ŷ, ẑ) (X′(θx)Y′(θy)Pn) . (2)

where Pn = Ra(cosφn, sinφn, 0)
T represents the position of

the nth array element in the tilted coordinate system. Ra rep-
resents the radius of the transmitter array.

X′(θx) =

 cos(θx) 0 sin(θx)
0 1 0

− sin(θx) 0 cos(θx)

 , (3)

Y′(θy) =

 1 0 0

0 cos(θy) sin(θy)
0 − sin(θy) cos(θy)

 . (4)

whereX′(θx) is a rotational matrix that rotates along theX-axis
by an angle of θx, and Y′(θy) is a rotational matrix that rotates
along the Y -axis by an angle of θy .
Multi-modeOAM is a linear superposition of different modal

OAM beams [20]. Substituting (2), (3), and (4) into (1), the
electric field of the tilted multi-mode OAM beam expresses as:

El =
∑
l

An
e−ikr

r

N∑
n=1

exp [ikQ (X′(θx)Y′(θy)Pn) + ilφn] (5)

Then, Fig. 3(a) displays the phase profile in three composite
angle situations based on (5).
At present, the mirror reflection model, depicted in Fig. 4,

is the focus of research on multipath effects in wireless OAM
beam communication systems. In the diagram, h represents the
vertical distance between UCA and the ground.
According to the mirror theory [21], the OAM beam on the

reflection path can be considered as the opposite mode OAM
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(a)

(b)

FIGURE 3. Profiles of multi-mode beams at different composite angles
with a transmission distance of 200λ. (a) Phase profile of multi-mode
OAM beams with l = ±1 and l = ±2. (b) Phase profile of multi-mode
OAM beams with l = ±1 and l = ±2 at an antenna height h of 20λ
above the ground.

FIGURE 4. Transmission model of two-path UCA under misalignment.

FIGURE 5. Structure of the proposed MCSLNN model.

beam emitted by the mirror transmitter UCA. Meanwhile, the
rotational angles are mirrored as well, with the mirrored UCA
having θrefx = −θx and θrefy = −θy . Thus, we can derive the
electric field expression of themulti-modeOAMbeam in a two-
path environment as

Etwo = El + E−l. (6)

Fig. 3(b) displays the phase profile in different composite angle
situations based on (6).

2.2. MCSLNN Structure

In this work, the MCSLNN structure can measure the tilt and
detect the mode simultaneously, as shown in Fig. 5. We con-
sider phase data as the image, where the position of the phase
singularity displays tilt information, and the phase structure re-
flects mode information. The labels for mode classification and
tilt classification in the misalignment model are not mutually

exclusive; therefore, we treat them as a multi-label image clas-
sification problem. Multi-label classification can reduce the re-
quired amount of training data by enabling an image to contain
both inclination and mode information.
The MCSLNN structure employs the MobileNetV2 [22] as

the backbone network. MobileNetV2 is a lightweight convo-
lutional neural network developed by the Google team. Mo-
bileNetV2 boasts a 20% reduction in parameters compared to
its predecessor, MobileNetV1, while surpassing its accuracy.
Like V1, V2 employs depth-separable convolutions to slim
down the network. The computational workload comparison
between deep separable convolution and regular convolution
can be illustrated by (7).

PD

PC
=

1

NK
+

1

D2
K

(7)

where PD represents the quantity of depth-separable convolu-
tional computation, PC the amount of ordinary convolutional
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computation,DK the size of the convolutional kernel, andNK

the number of channels in the output feature matrix.
In the MCSLNN structure’s feature extraction stage, the fea-

ture extractor ϕ (MobileNetV2) processes the phase profile im-
age I of the OAM beam, resulting in the feature tensor p of the
image.

p = ϕ(I; θ) ∈ Rd×h×w (8)
where d, h, and w represent the dimension, height, and width
of the feature tensor, and θ denotes the parameter in the Mo-
bileNetV2 network. The size of the input phase profile image
is 96 × 96 in this study. Therefore, the shape of the output
feature tensor p is 1280 × 3 × 3 after applying MobileNetV2
to the image. Then, the feature tensor p can be decoupled as
p1, ..., p9 (pi ∈ R1280).
Single-label classification utilizes MobileNetV2 as the back-

bone network, and classification is typically executed via a fully
connected (FC). While multi-label classification utilizes Mo-
bileNetV2 as the backbone network, using the FC leads to re-
dundancy and mediocre classification results.
The MCSLNN structure introduces the concept of class-

specific residual attention (CSRA) in the network classification
layer. CSRA can capture the unique spatial regions occupied
by various classes of objects, thus enhancing the performance
of multi-label classification [17]. The class-specific attention
score for the ith class (i ∈ R3) at the jth position (j ∈ R9) of
the feature tensor p is:

sij =
exp

(
TpTj mi

)
9∑

k=1

exp
(
TpTkmi

) , (9)

wheremi ∈ R1280 is the classifier for class i. T is the tempera-
ture that controls the sharpness of the score. The feature vector
for each class is defined as a combination of feature tensors that
are weighted by the spatial attention score sik corresponding to
class i.

ai =
9∑

k=1

sikpk. (10)

The CSRA algorithm employs global average pooling as the
primary feature vectors g and ai as the class-specific residual
feature, as shown in Fig. 4. ai is multiplied by a weight co-
efficient (λ = 0.2), and then g is added to obtain the residual
attention feature fi of the ith class:

fi = g+ λai =
9∑

k=1

(
1

9
+ λsik

)
pk. (11)

Submit all fi to the classifier to obtain the single-head score
vector yT1

.

yT1
=

(
y1, y2, · · · , yC

)
=

(
mT

1 f1,mT
2 f2, · · · ,mT

CfC
)
, (12)

whereC represents the number of multilabel categorization cat-
egories. The score vectors from the H heads are added to pro-
duce the score vector for multi-head attention, which is identi-

fied as ys.

ys =
H∑

h=1

yTi (13)

In (13), Ti represents the temperature of the ith head.
Moreover, the MCSLNN structure employs the cross-

entropy function as the model’s loss function.

3. RESULTS AND DISCUSSION

3.1. Training Results and Verification of MCSLNN Structure
This work uses MATLAB to generate phase pro-
file based on the functions in Section 2.1 with an
observation window of 50λ × 50λ. A 16-element
UCA is used to generate the mode group of lm =
[(1,−1, 2,−2), (1,−1, 3,−3), (3,−3, 7,−7), (4,−4, 5, 5), (1,
3, 5, 7), (2, 4, 6, 8), (−2, 3, 5, 7), (−1, 3, 4,−6), (1,−2, 2,−7),
(2,−2, 5,−5)] for a quadruple multiplexed OAM beam at
10GHz. The radius of the transmitting UCA is 2λ.
We vary the transmission distance from 180λ to 220λ in steps

of λ to enhance the robustness of the MCSLNN structure. The
MATLAB generates ten types of four-mode phase profiles by
changing the transverse inclination angle θx and longitudinal
inclination angle θy from 1◦ to 10◦ in steps of 1◦. The modes
l of four-mode beam are taken as lm. The dataset comprises
41,000 phase maps, with eachmap consisting of 96 by 96 pixels
and a total of 100×10×41 sheets. The ratio of validation set to
test set is 9 : 1. Training is performed in Pycharm using the Py-
torch 1.13.1 on a computer with an Inter Core i5-10400H CPU.
The batch size of training MCSLNN is 16; the initial learning
rate of Adam optimization function is 0.001; and the number of
iterations is 100.
The structure achieves a more than 95% accuracy rate in rec-

ognizing inclinations in compound angle after conducting 100
iterations, as shown in Fig. 6(a). The accuracy of multi-mode
detection has surpassed 99%, as shown in Fig. 6(b). It is ob-
vious that the proposed structure is more sensitive to global
changes than to local changes. In comparison to alternative
machine learning techniques, the precision of MCSLNN in de-
tecting mode is on par with the most optimal outcomes, though
it does not surpass 99.33%, as shown in Table 1. To verify the
robustness of MCSLNN during inclination detection, additive
Gaussian white noise is added to the test set. The accuracies
of detection by MCSLNN under different SNRs are shown in
Fig. 7. It is clear that the MCSLNN detects θx, l, and θy with
accuracies of 96.3%, 98.5%, and 93.6% respectively at an SNR
of 15 dB.
MCSLNN verifies the accuracy of the tilt measurements

using the beam steering method. The beam steering vector
wa is written as wa = [1, exp(−jW2), ..., exp(−jWN )]
at the receiver, where Wn = kRa(− cosφn sin θx +
sinφn sin θy cos θx), n = 1, ..., N . By substituting the mea-
sured values of θx = 2◦ and θy = 3◦ into wa, we could obtain
the corrected phase profile. The results are shown in Figs. 8(a)
and (b). In addition, in a noisy environment, the phase can
also be corrected using the tilt information obtained from the
inclination detection, as shown in Figs. 8(c) and (d).
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(a) (b)

FIGURE 6. (a) Accuracy of tilt measurement. (b) Accuracy of mode detection and loss value of structure training.

FIGURE 7. The accuracy of detecting θx, l and θy by MCSLNN under
different SNR.

TABLE 1. Comparison of other methods for detecting tilt and mode.

Model Accuracy_θx Accuracy_l Accuracy_θy

[8] - 98.82% -
[9] - 99% -
[10] - 99.33% -
[17] 99.1% - -

MCSLNN 95.6% 99.3% 96.1%

3.2. Experimental Setup
We examine the practical application performance of MC-
SLNN through an experiment. The experiment utilizes a 2× 2
MIMO double helix dielectric resonator antenna (DRA) as the
transceiver antenna, as shown in Fig. 9(a). The antenna gener-
ates four-way multiplexed OAM beams with l = ±1 and l =
±3 in two different frequency bands. The working frequency
bands of the antenna are 1.78–3.02GHz and 4.01–7.73GHz.
Next, a vector network analyzer (VNA) generates the 2.9GHz
and 6.1GHz radio frequency (RF) signals. The computer con-
trols the transmitter’s mechanical arm to tilt at any angle be-
tween 1◦ and 10◦ perpendicular and parallel to the propagation
direction, with an accuracy of 1◦, as shown in Fig. 9(b). Fi-
nally, we collect the phase data of the multiplexed OAM beam
passing through the low noise amplifier andmixer [23], totaling
200 samples.
The MCSLNN structure measures the received phase data

and labels the inclination information on the phase profile.

(a) (b)

(c) (d)

FIGURE 8. (a) The measurement result is the phase profile of θx = 2◦

and θy = 3◦. (b) Corrected phase profile. (c) Phase profile of the
misalignment at 15 dB SNR. (d) Corrected phase profile at 15 dB SNR.

(a) (b)

FIGURE 9. (a) 2×2MIMO dual helix dielectric resonator antenna. (b)
Anechoic chamber measurement system.

Then, the measured angle is used to adjust the beam steering
vector for correction. The result shows that the accuracy of the
measured tilt is 76%. We study the samples with incorrect mea-
sures and find that the measured values differ by ±1◦ from the
actual values.

3.3. Structure Testing under Two-Path
To validate the generalization of the MCSLNN structure on
data sets with reflection paths, we compare MCSLNN with
the MobileNetV2-FC structure. MobileNetV2-FC is a struc-
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ture combining MobileNetV2 and FC, based on the general op-
eration of multi-label classification. Then, the MobileNetV2-
FC structure utilizes the multi-mode dataset presented in Sec-
tion 3.1 to train.
The reflection path distorts the phase structure of the di-

rect path is related to the height above the ground [21]. We
using a test set which includes reflection paths and vary-
ing heights above the ground to compare the MCSLNN with
MobileNetV2-FC. It is evident that due to the existence of
class-specific structures, the MCSLNN model performs better
than MobileNetV2-FC on test sets at different heights above
the ground. The accuracy of both structures rises as the height
above ground grows in Fig. 10. This trend is due to the center
of the reflected path moving away from the center of the direct
path as the antenna height increases above the ground.

FIGURE 10. Performance comparison of different models on test sets
at varying heights h above the ground.

4. CONCLUSION
In this study, we propose an MCSLNN structure for measuring
compound tilt and detecting modes. By training the simulated
multi-mode dataset, MCSLNN achieves accuracies of 95.9%,
96.1%, and 99.3% for measuring composite tilt and detect-
ing modes, respectively. Next, MCSLNN utilizes double helix
multiplex antennas for experiments. The experimental result
shows that the accuracy of measuring inclination reaches 76%,
and the estimation error is ±1◦. Subsequently, we compare
MCSLNN andMobileNetV2-FC to verify the generalization in
multipath cases. The results show that MCSLNN is suitable
for multiple situations. Moreover, MCSLNN is appropriate for
devices with limited computing resources due to low network
parameters, showing great potential in OAM-based communi-
cations and radar applications. In future work, we will inves-
tigate the potential for real-time detection and integration with
other communication systems, such as OAM shift keying sys-
tems.
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