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In this work, we propose a deep convolutional attention neural network to realize the recognition of
acoustic vortex fields. Convolutional attention mechanisms are introduced into the network together with
the residual idea. The deep neural network is trained and then evaluated, and the performance is compared
with those of several typical convolutional neural networks, including AlexNet, GoogLeNet, and ResNet.
The results show that the improved neural network model based on the convolutional attention mechanism
proposed here has better classification performance and stronger stability. The classification accuracy of
the improved model on the whole test set reaches more than 95%, indicating that the model has a stable
classification ability. Our work helps further study the detection and recognition of acoustic vortex fields,
which will find many applications in scientific research and industry.
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I. INTRODUCTION

Acoustic waves are the only fluctuation form to prop-
agate over long distances in the ocean. With the increase
of human underwater activities, underwater acoustic com-
munication is crucial for underwater applications such
as deep-sea scientific exploration, offshore industrial con-
trol, and long-range monitoring of the marine environ-
ment. Compared to acoustic waves, electromagnetic waves
are more strongly absorbed in underwater environments,
which limits the potential applications for such waves.
Therefore, using acoustic waves to transmit information is
currently the dominant technology for underwater applica-
tions.

The recent emergence of underwater communications
based on acoustic vortex waves provides an alternative
method for data transmission. Acoustic vortex waves pos-
sess a spiral phase distribution, characterized by an inte-
ger number, named topological charge. The generation of
acoustic vortex waves has been investigated for a long time
and can be realized either by active methods, which utilize
multiple transducers to control the initial phase [1-5], or
by passive acoustic metamaterials, which adjust the phase
and amplitude distribution from artificial structures [6—17].

However, the detection and recognition of acoustic
vortex waves has only recently started. In 2014, Gao
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et al. [18] investigated the linear phase distributions of
phase-encoded acoustic vortices, and designed an eight-
acoustic-source sensor system to verify the feasibility of
precise phase control for acoustic vortices. In 2017, Shi
et al. [19] designed a system consisting of 64 acoustic
sources, which realized the phase encoding of acoustic
vortices from —4 to +4, and can detect and separate mul-
tiplexed orbital angular momenta (OAM) based on the
inner-product algorithm. Recently, passive acoustic meta-
materials [20,21] and a circular receiver array [22] were
used to detect and separate different acoustic OAM states.
In 2020, Tong et al. [23] used an acoustic metaskin insu-
lator as a waveguide to effectively transmit data based
on OAM multiplexing. Although great success has been
achieved in OAM detection, the recognition of acoustic
vortex waves remains to be explored.

In recent years, the emergence and rapid develop-
ment of machine learning and deep learning methods
have provided a new idea to solve this problem. For
example, Stankevich [24] proposed an approach to solve
multiplexed OAM sound beams using a two-layer con-
volutional neural network in 2019. In 2023, Cao et al.
[25] reported a strategy of phase-dislocation-mediated
high-dimensional fractional acoustic vortex communica-
tion based on machine learning, which demonstrates the
potential to infinitely increase the channel capacity in
acoustic-vortex communications. Although OAM detec-
tion based on the machine learning method has exhib-
ited fascinating results, it is still in its infancy. Further
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in-depth exploration is still highly required for the study of
machine-learning-based acoustic-vortex-wave recognition
and decoding.

In this paper, a deep learning approach is introduced
into conventional acoustics for the recognition of acous-
tic vortex waves. A deep learning network model based
on the convolutional attention mechanism is constructed
together with the residual idea inspired by ResNet [26].
Although only partial information of the acoustic vortex
field is used during the identification, the detection and
demodulation of acoustic vortex waves with topological
charges from —8 to +8 are successfully realized via the
deep learning model proposed here. The breakthrough of
the convolutional attention module here greatly improves
the classification accuracy, stability, and robustness of the
neural network. The deep-learning-based acoustic-vortex-
wave recognition method proposed in this paper paves a
new way for the detection and demodulation of vortex
acoustic waves, which has potential applications in both
scientific research and engineering fields.

II. EXPERIMENTAL METHOD

A. Deep learning model

The specific structure of the whole deep learning net-
work is shown schematically in Fig. 1(a). The network is
stacked by a series of basic building blocks, each of which
consists of several operation layers, including convolu-
tional (conv) layers, pooling layers, batch normalization
(BN) [27], linear rectification functions (ReLUs) [28], and
convolutional attention modules (CAMs). To avoid gra-
dient disappearance and accuracy saturation [29,30], two
types of residual modules are used within the neural net-
work, i.e., conv block and identity block, as shown in Figs.
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FIG. 1. [Illustration of acoustic-vortex-wave recognition based

on deep learning: (a) structure of the deep learning model; (b) the
convolutional (conv) block; and (c) the identity block.

1(b) and 1(c), respectively. The input and output dimen-
sions of the conv block are not necessarily the same, so
it cannot be connected in series continuously. The role of
the conv block is to change the representation dimension
of input features. On the other hand, the identity block has
the same input-output dimension and can be connected in
series to deepen the network. In this way, the entire residual
block can output high-dimensional features and provide a
better representation based on the input features.

The BN is used to normalize the output features from the
convolutional layers to permit the selection of a larger ini-
tial learning rate and efficient tuning of hyperparameters.
The formulas for BN are given below [27]:
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Here up and o3 are the expectation and standard deviation
of a batch of input data, respectively; and y and 8 are the
parameters to be learned, involving the propagation of the
entire neural network.

Besides, the rectified linear unit (ReLU) [28], a com-
monly used activation function in deep learning, is defined
as follows:

S (x) = max(0,x), 2

where x is the input value. The output of the ReLU function
is equal to the input if the input is positive; otherwise, the
output is zero. Compared with some complex activation
functions, ReLU is very simple to compute, which helps
improve the training and inference speed of the model.

The detailed parameters of the model are as follows. The
first layer is the input layer, where the input image size
is 224 x 224 x 3. A convolutional layer is then used with
the kernel size of 7 x 7, a stride of 2, and a padding of 3.
The number of output channels is 64. Batch normalization
and ReLU activation function are performed, followed by
a maximum pooling layer with the kernel size of 3 x 3, a
stride of 2, and a padding of 1. Eight residual blocks con-
sisting of a channel attention module and a spatial attention
module follow. Each residual block consists of two con-
volutional layers with the kernel size of 3 x 3, a stride of
1, and a padding of 1. The extracted features go through
a global average pooling layer and are finally mapped to
the 17 labels of the classification through a fully connected
layer.
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FIG. 2. [Illustration of the convolutional attention module.

B. Convolutional attention mechanism module

Specifically, the convolutional attention modules are
introduced and inserted after the second convolutional
layer within the residual blocks [see Figs. 1(b) and 1(c)].
The attention mechanism in deep learning is a method
of modeling the human visual and cognitive system that
allows neural networks to focus on relevant parts of
the input data as they are processed. The benefit of
introducing the attention mechanism is that the neural
network can automatically learn and selectively focus
on the important information in the input data, which
could then improve the performance and generalization of
our model.

In this work, the convolutional attention module is
composed of the channel attention mechanism and the
spatial attention mechanism, as shown in Fig. 2. The tradi-
tional attention mechanism based on convolutional neural
networks mainly focuses on the analysis of the chan-
nel domain, which considers only the interaction between
the channels of the feature map. However, CAM focuses
on both the channel domain and the space domain by
introducing two analysis dimensions of spatial and chan-
nel attention. Specifically, spatial attention makes the
neural network pay more attention to the pixel regions
in the image that play a decisive role in classification
while ignoring irrelevant regions, while channel atten-
tion is used to deal with the allocation relationship of
the feature map channels. CAM allocates attention to
both dimensions at the same time, which enhances the
effect of the attention mechanism on the performance of
the model.

The overall flowchart of CAM is shown in Fig. 2. The
input feature map F first passes through the channel atten-
tion mechanism. The output feature M, is multiplied by
the input feature maps F' and then sent to the spatial atten-
tion mechanism, where the normalized spatial weights are
multiplied by the input feature maps of the spatial atten-
tion mechanism to obtain the final weighted feature maps.

The main formulas are as follows:

F'=M.(F)®F,

F'=M{F)QF'. @
Here F € RO is the input feature, where ® denotes
element-by-element multiplication, C is the channel
weight, H and J¥ are the height and width of the input fea-
ture, respectively; and M, and M, represent the operations
of attention extraction on the channel dimension and the
spatial dimension, respectively. The expression for M. is
as follows:

M, = o[MLP(AvgPool(F)) + MLP(MaxPool(F))]
=0 [ (woFip)) + w1 (0(Fi)] )

where o represents the sigmoid function, and the weights
wo and w; of the multilayer perceptron (MLP) are shared.
The main process of the channel attention module is to
compress the spatial dimension of the input feature map-
ping first to get a one-dimensional vector to operate later.
The spatial dimension compression of the input features
is performed using average pooling and maximum pool-
ing, respectively, to obtain a total of two one-dimensional
vectors, which has the advantage that the average pool-
ing efficiently learns the target object, while the maximum
pooling gathers another important cue about the features
of the unique object to infer the attention in terms of the
channel. After obtaining the two one-dimensional vectors,
they are placed into a shared network, which is composed
of a hidden layer and the MLP, and after applying the
shared network to the vectors, the output feature vectors
are merged using element-by-element summation.
In addition, M, is expressed as

M, = o (f"*"[AvgPool(F); MaxPool(F)])
=0 (f 7 [F3yg: Frax)s (5)

where f* represents the convolution operation with the ker-
nel size of 7 x 7. The main process of the spatial attention
module is to first apply the average pooling and maxi-
mum pooling operations along the channel axis, which
compresses the input feature on the channel level, and
then the average pooling and maximum pooling operations
are done for the input features on the channel dimension.
Finally, two one-dimensional features are obtained, which
are spliced together by channel dimension to obtain a fea-
ture with channel number 2, after which a hidden layer
containing a single convolutional kernel is used to perform
convolutional operations on it to ensure the final feature
obtained is consistent with the input feature in terms of
spatial dimension.
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TABLE I. Experimental parameters.
Experimental parameters Values
Image size 224 x 224 x 3
Epoch number 100
Batch size 32,64, 128
Learning rate 0.00003
Weight decay 0.00005

The CAM module here can help enhance the feature
interaction between different channels and improve the fea-
ture representation. By introducing the CAM module, the
model can automatically learn the important information
in the input, and then target attention to specific features,
including both global and local information that contribute
to the task. The CAM module can improve the perfor-
mance of the network with a negligible increase in the
computational cost.

C. Data preparation and training parameters

Acoustic vortex fields with topological charges from —8
to +8 for training and testing are artificially synthesized.
Acoustic vortex phase fields are randomly cropped with
the resolution of 224 x 224. A total of 1000 random sam-
ples are generated for each topological charge (i.e., OAM
mode), giving a total of 17 000. The obtained acoustic field
images are randomly disrupted and divided into the train-
ing set, validation set, and test set in the ratio of 8:1:1.
The training set is used to train the deep neural network
model; the validation set is used to tune the network hyper-
parameters such as learning rate, weight decay, and batch
size [31]; and the test set is used to evaluate the model
performance.

The dataset is normalized for each channel of the image,
which helps the training of the model and improves the
robustness of the model regarding the input data. The loss
function adopts CrossEntropyLoss, which is a function
used to measure the gap between the model prediction and
the ground truth. The Adam optimizer is used to adjust
network parameters according to the current parameters
and gradient during the training process so that the loss
function can approach its minimum value. The details of
experimental parameters are shown in Table 1.

The experimental platform is based on the Pytorch
framework using the Python language with the details
as follows: Windows 10 operating system; Intel Core
15-13600K processor; 16 GB memory; NVIDIA GeForce
RTX 4060Ti graphics card; CUDA 11.7 platform; Python
version 3.9; and Pytorch version 1.13.1.

II1. RESULTS

We examine the loss function and the accuracy of
the model as a function of the epochs for three datasets
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FIG. 3. \Variation of (a) loss function and (b) accuracy during

the training process for three datasets: black, training set; red,
validation set; and blue, testing set.

(Fig. 3). The batch size is 64 and the convolutional atten-
tion neural network (CANN) is trained for 100 epochs.
From the results, all three loss curves in Fig. 3(a) decrease
with the epoch number, indicating that the model is learn-
ing and the fitting ability is improving. The loss functions
all converge to below 0.2 during the training process,
although the loss function is slightly higher on the training
set and slightly lower on the validation and test sets. All
three losses decrease to around 0.08 at the 100th round,
which indicates that the model has a good fit at the end
of the training, and has a better generalizability on the
validation and test sets.

The three curves in Fig. 3(b) increase with the num-
ber of training rounds, showing that the classification
performance and generalizability of the model are improv-
ing once again. In both Figs. 3(a) and 3(b), the test set
and validation set work better than the training set since
data augmentation is used during the training process to
increase the diversity and difficulty of the training set to
improve the generalizability of the model. In that case,
the accuracy on the training set may be lower than the
accuracy on the test set because the data on the test set
is not data-enhanced and is relatively easier to recognize
by the model. Another reason is that we use regularization
methods (weight decay and batch normalization) during
the training process to prevent model overfitting and thus
improve the generalizability of the model.

When the network reaches the optimal parameters,
we test the classification accuracy on several randomly
selected vortex fields, as shown in Fig. 4. From the results,
the deep learning model successfully recognizes the vortex
fields with relatively high confidence larger than 90%. We
further examine the classification accuracy for all topolog-
ical charges from —8 to +8, as shown in Fig. 5(a). The
classification accuracy of all labels is about 95%, except
for labels 2 and —2, whose accuracy is about 90%. All
other labels have a classification accuracy of more than
94%, there is no significant difference in the classification
accuracy between different labels, and label 0 has the best
classification accuracy of 100%.
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FIG. 4. Prediction on several typical vortex fields based on the convolutional attention neural network.

The confusion matrix for the test set is shown in
Fig. 5(b). We can find that each categorical label is most
likely to be confused with its opposite number of labels,
i.e., topological charges with opposite positive and neg-
ative signs are difficult to distinguish. This confusion
is most serious for topological charges of 2 and —2,

(a)

(b)

which have 91% and 89% correct classification rates,
respectively. In addition, we have also visualized the
extracted feature from the model with the attention mech-
anism [see Fig. 5(c)]. It can be seen that the atten-
tion mechanism can focus more clearly on the key
areas of the image, thus better capturing important
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structural information and details of acoustic vortex
fields.

We further compare the performance of our model with
that of other commonly used networks for image clas-
sification, including AlexNet [32], GoogLeNet [33], and
ResNet18 [26]. Three different batch sizes of 32, 64, and
128 are also considered to test the performance of the
four models. Other setups have all the same experimen-
tal parameters as shown in Table 1. Figure 6 shows the
comparison results of the four network models during the
dataset training process. Each model takes the optimal
weights during the 100 training epochs. From Fig. 6(a), it
can be seen that the classification accuracy of each model
achieves good results under different batch sizes, but when
the batch size is 64, the classification accuracy of the four
models is 1%—5% higher than for other batch sizes. In
addition, when the batch size is kept the same, the clas-
sification accuracy of CANN proposed in this work is
significantly better than that of the other three models.

The four models above are run eight times with a batch
size of 64 and a maximum epoch number of 100. Best
weights are saved for each run, which in turn leads to the
accuracy of eight different sets as shown in Fig. 6(b). From
the results, it can be seen that the deep learning model
proposed here is more stable than the other three mod-
els. A 1%2% fluctuation indicates the stability and the
robustness of the network.

We have further compared the results of two deep learn-
ing models without the attention mechanism (see Fig. 7).
The results show that the model with the attention mech-
anism significantly improves the classification accuracy
and stability. We compared the accuracy and loss func-
tion of the two models trained for 100 epochs. The loss
function of the model with the attention mechanism is
finally stable at around 0.08 during the training process,
which is 0.02 lower than that of the model without the
attention mechanism, which means the model with the
attention mechanism converges faster. Moreover, the accu-
racy of the model with the attention mechanism during
the training process is consistently higher than that of
the model without the attention mechanism, which again
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FIG. 7. Comparison of the models without the attention mech-

anism.

proves the advantages and improvements of using the
attention mechanism in this work.

IV. DISCUSSION

In this study, we proposed a deep learning neural net-
work based on convolutional attention mechanisms and
residue ideas, aiming to realize the recognition of nonax-
ial acoustic vortex fields. The experimental results show
that the model achieves a total classification accuracy of
more than 95% on the whole dataset, and the model has
no obvious overfitting or degradation phenomenon dur-
ing the training process, which exhibits good recognition
performance and fitting ability. In addition, the classi-
fication accuracy for different topological charges was
also compared, exhibiting strong classification ability and
stability.

The deep learning approach proposed here provides an
alternative method for the recognition and detection of
acoustic vortex waves and also helps acoustic communi-
cations based on orbital angular momenta. The results here
could be potentially used in other vortex fields, such as
electromagnetic waves with the aid of the domain adaption
approach. Although these strategies such as normaliza-
tion and data augmentation have been used in the current
model, it may not achieve high accuracy if directly applied
to experimental results. Therefore, to achieve better per-
formance, experimental data containing both intensity and
phase information could be included to further train and
fine-tune the model. In addition, the typical characteristics
of acoustic vortex fields include helical phase wavefronts
and donut-shaped sound intensity distributions.

In experiments, noise, turbulence, and disturbance from
many different sources will impact the quality of the
received signals. In addition, measured data with differ-
ent signal-to-noise ratios should be considered to esti-
mate the effect caused by noise. Hence, intensity field
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information can be included in the future together with the
phase information to further improve the performance and
the robustness of the model. This combined approach is
expected to improve the accuracy and reliability of vortex
field recognition. Furthermore, in OAM multiplexed com-
munication, hybrid vortex beams with different topological
modes can significantly enhance communication capacity.
However, this study has not yet explored this aspect. We
recognize that our current model may not achieve high
recognition accuracy when directly applied to the clas-
sification of multiplexed OAM modes. To improve per-
formance, a dataset containing multiplexed OAM modes
could be used to further train and fine-tune the model.
Additionally, employing a more complex network struc-
ture and advanced training strategies will be beneficial in
achieving this goal.
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