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Abstract: The application of deep learning to direction of arrival (DOA) estimation is of great significance in the field of array signal processing.
The use of deep learning for DOA estimation of vector hydrophone array usually directly inputs the covariance matrix of the signal as the signal
feature into the network, but this method has limitations such as high data requirements and high computational complexity. This paper proposes
a DOA estimation method for vector hydrophone array based on a convolutional sparse autoencoder under sparse prior conditions. This method
adds an 1.1 norm regularization term to the convolutional layer of a convolutional autoencoder to achieve sparsity constraints, and establishes
a convolutional sparse autoencoder. At the same time, a residual compensation mechanism is introduced to avoid overfitting and loss of details
during the training process. Subsequently, the columns of the signal covariance matrix of the vector hydrophone array are treated as under-sampled
noisy linear measurements of the spatial spectrum, and are input into a convolutional sparse autoencoder for feature extraction and reconstruction.
Finally, the obtained features are used as inputs for training a convolutional neural network to achieve multi-source DOA estimation.
Furthermore, to address the shortcomings of classification methods in off-grid situations, we propose a DOA regression estimation method
based on the convolutional sparse autoencoder. The simulation results show that under complex conditions such as low signal-to-noise ratio
and a small number of snapshots, the classification method proposed in this paper outperforms various deep learning algorithms and traditional
algorithms mentioned in the literature in terms of estimation performance. In addition, the proposed regression method can further improve the
DOA estimation performance in off-grid scenarios.
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. classification. The MUSIC algorithm utilizes the
0 Introduction orthogonality between the signal subspace and the noise

Direction of arrival (DOA) estimation is a core subspace to decompose the signal covariance matrix,

research direction in the field of array signal processing.
It has become a widely used technology in modern
society, and is applied in fields such as navigation,
military, aviation, and daily life ™.

Early DOA estimation algorithms primarily focused on
beamforming techniques, such as the conventional

[4]

beamforming (CBF) algorithm™. These algorithms applied

the traditional Fourier transform to spatial spectrum
estimation, but the angular resolution was limited by the
Rayleigh limit. Due to the aperture limitation of the array,
these algorithms cannot accurately distinguish targets
within the same beamwidth. Schmidt proposed the multiple

[5]

signal classification (MUSIC) algorithm™, while Roy et al.

introduced the rotational invariance technique (ESPRIT)

[6

algorithm'®’. Both are representative algorithms for subspace

enabling rapid development of DOA estimation research.
The ESPRIT algorithm estimates signal parameters by
utilizing the rotational invariance between subspaces to
obtain DOA. Many scholars have made improvements on
the basis of the two subspace classification algorithms™ .
Despite the implementation of super-resolution estimation
techniques, accurately constructing spatial spectra remains
a challenge when processing small snapshot data. In the
DOA estimation algorithm based on subspace fitting, the
maximum likelihood (ML) algorithm is representative'”,
which obtains the spatial spectrum by solving the non-linear
direction estimation likelihood function, but requires a large
amount of computation. With the development of sparse
representation technology, many researchers transformed

the DOA estimation problem into a sparse signal
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reconstruction problem and proposed various DOA
estimation methods based on sparse representation”.
However, the sparse representation class of methods also
has issues, such as the difficulty of grid discretization.
Traditional DOA estimation methods are mostly model-
driven, and model mismatch may occur under non-ideal
conditions. With the advancement of deep learning theory,
many researchers have applied deep learning to DOA
estimation""”. Compared with traditional methods , data-
driven deep learning DOA estimation methods avoid model
mismatch under non-ideal conditions. By utilizing the
powerful nonlinear modeling and automatic feature
extraction capabilities of neural networks, as well as their
adaptability to complex environments, a nonlinear
relationship between received array signals and signal
source DOA is established. Liu et al. used the real and
imaginary parts of the signal covariance matrix as input data
for DOA estimation in the network"". Papageorgiou et al.
input the real, imaginary, and phase information of the
sample covariance matrix into a 2D convolutional neural
network for feature extraction, resulting in a significant
improvement in DOA estimation performance under low

12 Ren et al. used a

signal-to-noise ratio conditions
complex-valued convolutional denoising autoencoder for
denoising and combined it with a complex-valued
convolutional neural network for DOA estimation. They
improve the estimation accuracy and generalization ability
in low signal-to-noise ratio and low snapshot scenarios"*.
Qin replaced convolutional neural networks with residual
neural networks for feature extraction, which can learn
[14]

more complex feature representations'*. Zheng et al.
proposed using the original in-phase and quadrature
components of the signal as inputs to the network, which
simplifies the process of calculating the covariance matrix'.
Due to the fact that DOA estimation is considered as a
sparse linear inverse problem and its application in
compressive sensing” ' Wu et al. regarded the DOA
estimation problem as a sparse linear inverse problem in
compressive sensing and proposed a deep inverse network
that utilized 1D convolutional layers to learn the inverse
transform from array output to DOA spectrum™”. Qin used
1D convolution to capture local features of spatial spectra
based on sparse prior, and used fully connected layers to
estimate DOA. This method is superior to DOA estimation
methods that input covariance matrices in complex

! but it does not consider the sparsity of the

environments'
incident sources and the possible overfitting phenomenon
in feature extraction.

We propose a method for DOA estimation of vector

hydrophone arrays using 1D convolutional sparse

(CSAE)

simulation results show that our proposed classification

autoencoder under sparse prior. The
method outperforms convolutional neural network
(CNN) algorithms, CM-CNN algorithms, and
traditional algorithms such as MUSIC, CBF, and OMP
in DOA estimation under low signal-to-noise ratio and a
small number of snapshots. The proposed regression
method overcomes the limitations of classification
methods in off-grid scenarios, and the DOA estimation
performance of the regression method is better than that

of classification methods in off-grid scenarios.
1 Signal model

1.1 Vector hydrophone array signal model

Suppose that there are M elements in the vector
hydrophone array, and the adjacent-element spacing is
d. There are K far-field narrowband signal sources
s.(2), the angle of incidence is 8,0 =[0,,0,,+-+,0x].
Fig. 1 shows the signal reception model of a uniform
linear array (ULA) of vector hydrophones when only
the horizontal azimuth is considered.

Velocity sensor

Signal source
Sound pressure sensor

d
Fig.1 ULA signal reception model for vector hydrophone

In Fig. 1, v,, v, is the component of the vibration
velocity vector v(z) along the x axis and y axis. At time
¢, the sound pressure scalar p(7) and the vibration
velocity vector () are related as

v(1)=[ & cosf+ pesind ] p(1), (1)
where £, 9 are unit vectors of orthogonal coordinates.
The connection between sound pressure p(¢) and v,, v,
is expressed as

p(e)=s(1),
v, (1)=p(t)cos?, ()
v, ()= p(r)sind.

Thus, the output yielded by one vector hydrophone is

2()=[p(t),0,(2),0,(1)] =
[s(z),s(¢)cos@,s(t)sind "=
s(z)[1,cosd, sind ]". 3)
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Considering the vector hydrophone array received
signal model, if the first element is regarded as the
reference element, the output x,, ()€ C**" of the m-th

element at time 71s
K

x,,,(l)zz

k=1

a,(0:)[1, costy, sind,]"s,(£)+mn,(1),

4)
where a,, (6,)=exp (—j2rd (m — 1)(cosd,)/2); A is the
5,(2) indicates the A-th received
signal; n,, (¢)€ C** ' stands for the received noise of the

signal wavelength;

m-~th array element.
The vector hydrophone array output X (7)is

X(1)=A(0)S(t)+ N(1), (5)

where X (2)=[x,(2),x,(2), -+, 2 (2)]"€CM""; S(2)

=[5,(2),5,(t), 5+ ,5:(2)]"EC5*" is called the source

vector; N(2)=[n,(2),n,(¢), - ,ny()]" € C™ s the

array-received noise vector; A(0)€ C* " is the signal

steering matrix defined by

A(ﬁ):[a(el)®u1,a(62)®u2,'“,a(61<)®u1<],(6)
where X denotes the Kronecker product; wu,=
[1,COS€/\.,Sin(9k:|T; /321,2,"-,K; (6}.) [al(ﬁ,()

a,(0,)
exp (—j2rnd (M

vau(0,)1"=11, exp(—j2rnd(cosb,)/A),
— 1)) (cos c%)//l)f.

1.2 Vector hydrophone array sparse signal
model

Let f=[—uuw>—Pu00,Pu " P ]’ be the
discrete set of directions obtained by sampling the
incident signal, with a total of L grids, where ¢, denotes
the sampling step, L > K. The real source 8 is contained
in f. The output matrix X (#) of the vector hydrophone
array can be reformulated in an over-complete manner
and represented as

X(1)= 2 al$)Qu)s,(t)+n(t)=
ACF)S(1)+N(2), (7)
where A(f)=
[a(¢)@ui,alp,)Dus, -+ al¢ )Qu, J€CM "is the
spatial ~ over-complete  dictionary  set.  S(z)=
W,=[(a(¢)Qu)(al$)Qu,) ey, (

Arrange the columns R sequentially from left to right
to obtain a new (3M )* X 1 dimensional column vector

2z, thatis

z=[z;;;zy]=vec(R)=Wy+os'e, (12)
where W=[W; W,;--; W, ]€ C*™" " vec(+) denotes
the straightening of the matrix by columns; e=
_ew]eR(:afoL [.._

[e;e,; - ;-++;+] denotes the vertical

[51(2),5,(2), -,

the received sparse signal. If ¢, = @,, then5,(7)=1s,(¢);

5. (2)] € C"" ' represents the vector of

otherwise, itis 0.

The over-complete representation of the array output
for the multiple snapshots condition corresponding to
Eq. (7) is given by

X=A(f)S+N, (8)
where S =[S(#,),S(2,),+,S(ty) 1€ C-*Vis the signal
waveform matrix under the multiple snapshots condition;
N=[n,(t,),n, (), my (2,)]"€CM ¥ is the
Gaussian white noise under the multiple snapshots
condition, and the positions of non-zero elements in the
signal waveform vector S(z,)at different time instants are
all associated with the direction @ of the incident signal.

When the signals are independent of each other, the

value of the signal covariance matrix R ; is obtained by
RA:E[ﬁﬁ“]:diag[m,-",m], ©)

where if ¢, = 0,, there is 5,= E [ s5,( t) ]; otherwise,
7:= 0. The results show that the spatial distribution power
. ]"ER"' of the signal has the

same sparse structure as the signal waveform matrix S in the

spectrum =[5y,

spatial domain. Therefore, reconstructing Sis equivalent
to reconstructing the spatial spectrum 5. The reduction in
the dimension of the optimization objective
(CH*N—>R""") is beneficial for reducing the difficulty of
reconstruction.

The covariance matrix R of the array output is
R=E[XX"]|=

2 ¢/ ®u, (d’/)@u/)“ﬁ/_" 0'213;\/1:

=1

ACFIRA(f )+ 0" L. (10)
So the m-th column vector of R is
Z/II:RelII —
L
Z( al( ¢/ )® u )(al (f)/ )® u )H77/6m + 0213;\/13,,, -
=1
W,.n+ c’e,, (11)

where e, 1s a vector of dimension 3M X 1; the m-th
elementis 1, and the rest are 0, and

a(¢1‘ )® u )(a(¢1 )® u )H

splice of the matrix or vector in parentheses; z is the

e, :Ie C'SMX L.

covariance vector.

Egs. (11) and (12) show that the covariance vector z
can be considered as a linear observation of the spatial
power spectrum #, and W is the observation matrix.

In practice, the array output’ s covariance matrix is

usually estimated using a limited set of T observations
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with the expression
« 1t
R=—> X)X ()" 13
T,Z; ()X (2) (13)

Affected by the limited observation snapshots, there
is a certain error between the estimated value R of the
array output covariance matrix and the theoretical
value R.

R=R+ AR, (14)
where AR is the covariance estimation error matrix. The
corresponding covariance vector estimation £ is

z= Vec(é)z vec(R)+ vec(AR )=z + Az =
Wy + c'et+ Ax= Wy + &, (15)
where 2€ C*™" ! Az=vec(AR) is the estimation
error of the covariance vector, which is obtained by
straightening the estimation error AR of the covariance
matrix column by column; £ =¢"e + Az represents the
disturbance term plus the estimation error.

On this basis, the task of retrieving the spatial
spectrum 5 from a linear measure 2 is essentially a sparse
linear inverse problem due to the sparse nature of  and
the linear relationship between z and . The key to
solving this problem is to utilize the sparsity of 3 to get a
more accurate 7 as possible from the limited
measurement data 2. To realize the inverse mapping
from 2 to g, the observation matrix W is utilized to

obtain the spectral proxy £ = W "z

2 Autoencoder and convolutional

autoencoder

Autoencoder (AE) ™' is constructed using fully
connected layers, and it is an unsupervised learning
model mainly used for dimensionality reduction or
feature learning of data. The AE maps the input data to
the hidden layer using an encoder part and then decodes
the output of the hidden layer using a decoder, thus
completing the data reconstruction. Fig. 2 illustrates the
structure of the AE.

From the structure diagram of the AE, assuming an
input signal p, the encoder of the AE first encodes this
input signal p. The input data is then mapped to the
hidden layer via the encoder part, and this process can be
denoted as

h:‘gl(W1p+b1), (16)

where s, (+) is the activation function; W, is the weight
matrix that connects the hidden layer to the output layer,
and b, is the bias vector of the hidden layer. Then the
decoder part of AE decodes the output £ of the hidden

layer, and the decoding process is denoted as
g=s5,(W.h+b,), 17)

where s, (¢) is the activation function; W, is the weight
matrix for the decoder part connecting the hidden layer to
the output layer, while &, represents the bias vector. The

final output vector g is of the same size as the input vector p.

Decoder
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Fig.2 AE structure diagram

The structure of AE limits its application scope, and
this 1s especially true when the input data is large in scale
or has a high dimension. The use of AE does not learn
the features of such data well®”. Convolutional neural
networks are excellent at processing data such as
images, so CNNs can be combined with AE by replacing
the fully connected (FC) layers of the encoder and
decoder parts of AE with convolutional, pooling, and
upsampling layers to construct a convolutional
autoencoder (CAE) " to learn signal-related features.
The structure of CAE is shown in Fig.3.

The encoder part of CAE consists of multiple
convolutional layers and pooling layers. The encoder
part learns and reduces the dimension of the
characteristics of the input data, and inputs the obtained
feature data into the decoder part of the CAE. In the
decoder part, upsampling layers are usually inserted to
recover the dimension of the feature data, and after
iteration of multiple upsampling layers and convolutional
layers, the final realization is that the input data and
output data have the same dimension.

In the CAE, assuming that there is input data x =
[xy,x5++,x, ], it undergoes convolution and max
pooling operations through the encoder to obtain the

compressed data ¢. This process can be expressed as
¢ = Max pooling (s (Wyxx + b)), (18)
where * denotes the convolution process; Max pooling is

the maximum pooling; s; () is the activation function; the
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convolution kernel weight matrix of the convolutional

bias vector of the same convolutional layer in the

layer in the encoder is denoted by W3; b; represents the encoder.
Decoder
Encoder Sttt el ettt b ~.
Il’ Input data "/ \‘\ Reconsructed data \
| i Compressed | |
! 1 1 1
I H data i i
! 1 1 1
1 ] I !
! 1 1 1
1 1 : :
i = = == = == !
i : : |
1 1 1 !
' | i i
1 - M 1 !
' Convolution Max pooling i Md)i CEZ (;c;hng H Upsampling |
% Input layer layer layer " A layer Output layer h

Fig.3 CAE structure diagram

After multiple convolutional and pooling layers, the
encoder part of the CAE compresses the input data to a
specified dimension, and then decodes the compressed
data through multiple upsampling layers to obtain the
reconstructed data r=[ry,r, -+ ,r. ]. The process can
be represented as

r=upsampling(c), (19)
where upsampling denotes the upsampling process; the
loss function is minimized by optimizing the weights W,
and bias b;. The mean squared error (MSE) is generally
adopted as the loss function in CAE, shown as

{W,,b,}=argmin Ly, (20)

1)

3 DOA estimation method for vector
hydrophone array based on CSAE-
CNN

3.1 Convolutional sparse autoencoder

the
impinging on the vector hydrophone array, and the

Considering sparsity of the signal sources

overfitting phenomenon that occurs during feature

extraction, the LL1-norm regularization term”" is added

to the convolutional layer of the CAE. Regularization
constrains the model’ s parameters by introducing an
additional penalty term into the model’ s loss function,
thereby reducing the complexity of the model. This
attains the sparsity constraint, and in the process, it
strengthens the model’ s robustness and increases its
generalization ability. The expression for the penalty
term is

I
Li,=24 EHW:'”la

i=1

(22)

=1l the 2€[0,1] the

regularization parameter, which is used for controlling

where 1s LL1-norm; 1s
the strength of the regularization; and W, denotes the
weight matrix of the i-th convolutional kernel in the
convolutional layer.

The penalty term is added to the loss function of the
CAE model to form the loss function LOSSsa: of the

CSAE.

1L , I
Lesae=Leag T L= TZ”JT/ — r/”é + A 2||Wi||l'(23)

/=1 i=1
The goal of CSAE is to optimize the parameters in the
model so that Lcyz and L, become minimum and the
CSAE model can learn more features.
The CSAE network constructed is shown in Fig.4.
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Fig. 4 CSAE structure diagram
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The encoder portion is made up of three convolutional
layers and two max pooling layers. In the three
convolutional layers, the convolution kernel has a size of
5 and a stride of 1. For the two max-pooling layers, the
convolution kernel size is 3 with a stride of 2. The
decoder portion is composed of five upsampling layers.
The convolution kernel of the first upsampling layer has
a size of 3, while the convolution kernels of the
remaining upsampling layers are of size 5. The size of the
convolution kernel of the first and third upsampling
layers has a stride of 2, and the rest of the upsampling
layers have a stride of 1. All the convolutional and
upsampling layers are subjected to the Rel.U function
and batch normalization after convolution. In addition,
two residual join sections are added to the network.

The upsampling layer of the CSAE network can recover
details. But as the network layers deepen, the information
loss accumulates, causing recovery to become difficult, and
the deep network tends to fall into the problem of gradient
vanishing. To solve these problems, a residual
compensation mechanism is introduced, inspired by deep
residual learning®’. The core idea of residual connection is
to let the network learn the residuals between the inputs and
outputs instead of directly learning the mapping relationship
from inputs to outputs. This approach is capable of
efficiently mitigating the issue of gradient vanishing,
retaining feature information, and enhancing the
convergence speed of the network. In the residual
connection, the input is set to be I, which undergoes a
series of nonlinear transformations to obtain F( I ), which
is then added to the input I to obtain the final output O,

expressed by

O=F(I)+1, (24)
where O is the final output after residual concatenation.
The specific structure is shown in Fig.5.

117

Weight layer

k(1) I
3 Identity
Weight layer mapping

!

O=F(I)+1

Fig.5 Structural diagram of residual compensation mechanism

In the CSAE constructed in this paper, the first
residual connection is to store the input data as residuall.
And after the data has gone through the encoding process
and five upsampling layers, the pre-saved residuall is
added to the current feature map. This residual

connection incorporates the original information of the
input data directly into the output of the decoder, which
enables the reconstructed data to be closer to the original
input data. The second residual connection is to save the
data after two convolutions as residual2, which is added
to the current feature map after the encoding process and
three up-sampling operations. The function of this
residual connection is to re-inject the feature information
extracted by the encoder in the intermediate stage into
the decoder, which helps the decoder to better recover
the detailed features of the data. These two residual
mappings are established to transform the original direct
mapping problem into a residual mapping problem,
which can effectively alleviate the gradient vanishing
problem and retain more features.

3.2 Classification method for DOA estimation
based on Class-CSAE-CNN

The CSAE model is first trained to save the
information such as weights and bias when the LOSS is
smallest. Then the decoder part of the CSAE network is
removed and replaced with the flatten layer and four FC
layers. The Sigmoid activation function is applied after
the FC layers. The Sigmoid function is utilized to obtain
the probability of the presence of the signal source at the
current angle. The structure of the Class-CSAE-CNN
classification network designed is shown in Fig.6. After
inputting the data into the network, it first goes through
the saved trained CSAE encoder part, then goes through
the FC layer to classify the angles. This step is taken
because the CSAE network aims to reconstruct data. Its
objective is to make the reconstructed data closely
approximate the original input data, through reducing
the reconstruction error. The encoder continuously
adjusts the parameters to extract features that are more
representative of the original data, and the process also
removes some noise and redundant information.

The specific process of the DOA estimation for the
vector hydrophone array using the classification method
based on Class-CSAE-CNN proposed in this paper is as
follows.

1) Simulate and generate datasets for training CSAE
and Class-CSAE-CNN. Binarize and partition the
angles in the datasets. Input the CSAE dataset into the
CSAE network for
reconstruction, and save the trained model. Then

feature extraction and data
remove the decoder part of the CSAE network, replace
it with a flattening layer and a fully connected layer, and
add a Sigmoid function after the FC layer to form the

Class-CSAE-CNN network required for classification.
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Fig. 6 Structure diagram of Class-CSAE-CNN classification network

2) The dataset used to train Class-CSAE-CNN is
directly subjected to feature extraction using the trained
CSAE encoder model. It then passes through a flatten
layer and a FC layer, and finally the probability of the
source’ s presence at various angles is obtained through
the Sigmoid function. The binary cross-entropy (BCE)
loss function is used to train the model.

3) After the model training is completed, the test
samples are input into the trained Class-CSAE-CNN
model, and then the output probabilities of the presence of
the signal source at each angle are arranged in descending
order. If there are K sources, the labels corresponding to the
first K possibilities in the ranking are used as the prediction
results for the K sources, thus realizing the DOA estimation
of the vector hydrophone array.

In the proposed framework, the CSAE is first employed
to perform feature extraction and signal reconstruction.
Through minimizing the reconstruction error, the encoder
learns representative latent features from the input spectral
data while suppressing noise and redundant information.
These learned features provide a more robust representation
of the spatial characteristics of the received signals. The
extracted features are then fed into the CNN-based module
for DOA estimation. This two-stage architecture combines
the denoising capability of the autoencoder with the strong
nonlinear mapping ability of CNNs, enabling the network
to learn more discriminative features for accurate angle
estimation.

3.3 Regression method for DOA estimation
based on Reg-CSAE-CNN

The DOA estimation classification approach based on
Class-CSAE-CNN requires discretizing the continuous
angular space into a finite number of grid points. This
grid limitation may cause the estimation results to be
only the values at the pre-defined grid points, resulting
in quantization errors. To handle this matter, a DOA
estimation regression approach based on Reg-CSAE-

CNN i1s put forward. This method directly outputs the
estimated DOA, bypassing the need for grid-based
discretization. Compared with classification-based DOA
estimation, regression-based estimation is more suitable
for scenarios requiring higher angular resolution. In
practical applications, the direction of arrival is a
continuous variable, and discretizing the angular space
into grids may introduce quantization errors. By adopting
the Reg-CSAE-CNN structure, the network directly
learns the nonlinear mapping between the extracted
features and the continuous DOA value, which improves
estimation accuracy and avoids the limitations caused by
predefined angular grids.

The model for the feature extraction part of this
method is the same as the classification method. The
difference is that the classification method outputs a
Sigmoid function, while the regression method outputs a

tanh activation function with the expression

expxr — exp(—x)

tanh x = (25)

expr +exp(—z)

The tanh function restricts the output to [—1,1].

Assuming that the range of incident angles is 0=

[ OwinsOmax 1, the angle corresponding to the labeling
equation is

a— 0.

Omax = Oin

where a is the current angle, and the Eq. (26) causes the

[=2X% —1, (26)

labels to be scaled down during training to [— 1,1 ]. The
main reason for designing the network in this way is to
match the model output with the range of the labels,
which in turn improves the convergence speed and
stability of the model. Fig.7 shows the network for DOA
that the Reg-CSAE-CNN

regression method. The regression method uses the

estimation employs
MSE as the loss function to measure the difference
between the predicted value and the actual value. After

completing the training of the model, the model is
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utilized for prediction, and the output obtained is in the
interval [— 1,1 ], which still needs to be converted into

Encoder

the estimated angle using the inverse transformation of
the above equation.
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Fig.7 Structure diagram of Reg-CSAE-CNN regression network

4 Simulation experiment

We compared the algorithm proposed in this paper
with the CM-CNN algorithm", CNN algorithm™”’,
MUSIC algorithm", CBF algorithm™, and OMP
algorithm™ through simulation experiments. Where the
CM-CNN algorithm denotes the use of a covariance
matrix as an input to the network. For MUSIC, CBF,
and OMP algorithms, the search step size is set to 0.1°.
The experimental platform of the thesis 1s a 64-bit
Windows 10 system running on a 3.3 GHz Intel(R)
Core (TM) i7-5820K processor and NVIDIA GeForce
GTX 1080 Ti, and the experimental software is Matlab

2022b and Py Torch.
4.1 Simulation settings

To train the proposed network, the resolution is defined
as p=1°, the spatial domain range G=[—90",90"], where
| G [=181 grid points. Thus, after the binary transformation
of DOA, the output dimension of the CNN is 181. The
number of vector hydrophone array elements is M=10, the
interval of array elements is 0.5 m, and the number of
sources is K=2. There are C{y; =16 290 chances for all
possible angle combinations. Thus, there are a total of 7 X
1 6290=114 030 training samples at S={ —20,—15,—10,
—5,0,5,10} dB. For each signal-to-noise ratio (SNR)
place, the network takes the spectral proxy 2= W "2 as its
input.

Since the neural network cannot handle complex
numbers directly, it is necessary to obtain information from
the input data 2, where Z. .,=Re(2), Z ,=Im(2),
Z...=/(2).2 ., represent the angular information of the
spectrum proxy 2. The inputs to the network are formed

from D data, and the data set is noted as Z=

[ Z..Z,,-++.Zy . The angles of each Z, in the classification
network need to be binarized. The angle corresponding to
the location label is 1, and the rest are 0. The binarized /; is
used as the network label. Therefore, the input of the

network is D:{(Zlyll)» (22,12),"'7 (Z~n,ln)}. The

dataset D undergoes division, the training set constitutes
80% of the data, whereas the validation set makes up 20 % .

The network hyperparameters are set as follows.
Train the CSAE model with a batch size of 64, a
learning rate of 0.000 1, a regularization coefficient of
0.000 1, and 100 epochs of training, using the Adam
optimizer and the MSE loss function. Train the Class-
CSAE-CNN model with a batch size of 64, an initial
learning rate of 0.001, and 100 epochs of training, with
the learning rate changing to the previous rate after every
10 epochs 0.5 times of the previous one, using the Adam
optimizer and the BCE loss function.

4.2 DOA estimation results

In the experiment, two signal sources were incident
into the ULA of vector hydrophones with an SNR of
— 10 dB. The direction of the first signal source @, is
uniformly distributed from —90° to 85°, with a sampling
interval of 1" and an angular interval of Ad=4.2° between
the two sources. The direction of the second signal
source @,= 0, + Af is uniformly distributed from
—85.8" 10 89.2° (not included in the learning phase) and
with 2 000 snapshots set. The estimated directions of the
method proposed in this paper are shown in Fig. 8(a).
The estimated directions of the CNN are shown in
Fig.8(b). The estimated directions of the CM-CNN are
shown in Fig. 8(c). For the proposed Class-CSAE-
CNN algorithm, the root mean square error (RMSE) in
DOA estimation i1s 0.68", the RMSE of the CNN 1s
0.95°, and the RMSE of the CM-CNN is 2.41°. The
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DOA estimation ability of the Class-CSAE-CNN
algorithm surpasses that of other algorithms.
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Fig. 8 DOA estimation results with an SNR of —10 dB, a

snapshot number of 2 000, and an angular interval of 4. 2°

4.3 Spatial spectrum estimation for coherent

sources

Since some traditional algorithms are vulnerable to
coherent signal sources in practical environments, to further
validate the algorithm’ s experimental performance

proposed in this paper, the number of snapshots in the

experiment is set to 5. The SNR is —5 dB. The incident
signal source angles are —30°, 12°, and 34", and the
frequency 1s 1 000 Hz. Fig.9 illustrates the experimental

results.
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Fig. 9 DOA estimation of various algorithms under coherent
source conditions

Table 1 displays the DOA estimation values of various
algorithms under the condition of coherent signal sources.
It can be seen that the estimation result of the Class-CSAE-
CNN algorithm is the most accurate. The incident angles of
the two signals can be precisely estimated by the CNN and
CM-CNN algorithms. The MUSIC algorithm accurately
estimates the result at point —30°, while the CBF and OMP
algorithms accurately estimate the result at point 12°. Errors
occur in the environment of other coherent signal sources.
In conclusion, the Class-CSAE-CNN algorithm performs
better in DOA estimation under coherent signal sources,
low SNR, and a few snapshots.

Table 1 DOA estimation angles for each algorithm under
coherent source conditions
Algorithm DOA,/()  DOA,/(°)  DOA,/(")
TRUE —30 12 34
Class-CSAE-CNN —30 12 34
CNNZI —30 13 34
CM-CNN!2 —29 12 34
MusIcH! —30 12.4 34.9
CBFY —30.2 12 34.9
OMP? —30.3 12 34.7

4.4 Total number of parameters for deep
learning algorithms

Parameter quantity is one of the core indicators for

measuring the computational complexity, memory
usage, and deployment cost of deep learning models.
This section verifies the advantage of the proposed
CSAE-CNN in computational complexity by comparing

the total parameter count of different deep learning DOA
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estimation algorithms. The total parameter count of each
algorithm is shown in Table 2.

By comparison, it can be seen that the total parameter
count is much smaller when the input is spectral agents
(CSAE-CNN, CNN) than when the input is covariance

matrix.

Table 2 Total number of parameters for deep learning
algorithms
Algorithm Total number of parameters/M
Class-CSAE-CNN 33.75
CNN' 33.91
CM-CNN! 338.56

4.5 Statistical performance

To explore the performance of the approach put
forward in this paper, DOA estimation is performed at
different SNRs,
performance is evaluated by analyzing the obtained
RMSE. The RMSE used in the experiment is defined by

1 & v R
RMSE= |—— =0 ) 27
S S we-ar en

where K indicates the number of signal sources; H stands
for the number of Monte Carlo experiments;
[02,05, . 0" is the true value of DOA, and
[0.01) «r 01" is the estimated value of DOA.

In this experiment, the number of snapshots is configured

numbers of snapshots, and the

as 50, and the DOAs of the two signal sources in the
directions of 9,=25.2" and 9,=28.7° are estimated , and the
SNR is set to{—20,—15,—10,—5,0,5,10,15,20 }dB. A
total of 1 000 Monte Carlo experiments are conducted at
each SNR. The algorithms are compared under the same
conditions, and the changes of the RMSE of each algorithm
with the SNR are shown in Fig.10.
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Fig. 10 RMSE under different SNR when number of snapshots
is 50
Under different SNR, the RMSE of the Class-CSAE-
CNN is basically stable and at a relatively low level,

indicating that this algorithm has remarkable robustness and
can keep high-precision estimation. However, the RMSE
of the CNN and CM-CNN shows a decreasing trend as the
SNR rises. When the SNR reaches —10 dB, the RMSE
tends to be stable. After stabilization, the RMSE of the
CNN is not much different from that of the Class-CSAE-
CNN, while the RMSE of the CM-CNN is higher than that
of the Class-CSAE-CNN. The RMSE of the MUSIC
algorithm is relatively large and stable when the SNR is
between —20dB and 10 dB. Once the SNR exceeds 10 dB,
the RMSE drops rapidly. After the SNR reaches 15dB, the
MUSIC algorithm outperforms the Class-CSAE-CNN
algorithm. The performance of the CBF is poor, and the
RMSE always remains around 100°. The RMSE of the
OMP decreases when the SNR is —10 dB, and it
outperforms the CBF algorithm in overall performance.

4.6 Performance of CSAE-CNN based regression

approach

This section focuses on discussing the performance of
the regression approach. The capability of the
classification and regression approach in the cases of on-
grid and off-grid are compared.

First, consider the on-grid situation. The experiment
is carried out under the conditions that the first signal
source’ s incident angle covers the interval from —90° to
88", and the interval between the two signal sources is
2°. The second signal source’ s incident angle covers the
interval from —88" to 90°, and the sampling intervals of
both signal sources are 1°, with an SNR of 10 dB and the
number of snapshots amounts to 200.

Fig.11 shows the experimental results. For the
classification approaches, the RMSE corresponding to
the two signal sources is almost all 0°, and the RMSE

only increases significantly to 2° at some angles.
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Fig. 11 Performance comparison of classification and regression
DOA estimation approaches for two signal sources in on-grid
situation

For the regression approach, the RMSE of the first
signal source is between [ 0°,1.5" ], and the RMSE of the
second signal source is between [ 0°,3"]. The RMSE
values corresponding to the regression approach are more
scattered, and the overall estimation accuracy is not as
stable as that of the classification approach. The outcomes
indicate that in the on-grid situation, the classification
approach based on Class-CSAE-CNN is significantly
superior to the regression approach in DOA estimation
performance.

Next, consider the off-grid situation. The experiment
is conducted under the conditions that the incident angle
of the first signal source ranges from —89.4° to 87.6°,
and the interval between the two signal sources is 2°.
The incident angle of the second signal source ranges
from —87.4° t0 89.6", and the sampling intervals of both
signal sources are 17, with an SNR of 10 dB, and the
number of snapshots amounts to 200.

Fig.12 presents the experimental results. The RMSE
of the two signal sources for the classification approach is
between[ 0.4°,2.4°].

This indicates that in the off-grid situation, the
precision of the DOA estimation of the classification
approach is considerably affected, and the error
increases. For the regression approach, the RMSE of
the two signal sources is between [0°,2.3°]. Although
there are fluctuations, at most angles, the error does not
show high values compared with the classification
approach and is relatively scattered. This shows that in
the off-grid scenario, although the regression approach
of Reg-CSAE-CNN also has estimation errors, its
stability and adaptability are relatively better than those
of the classification approach.

The experimental results show that under on-grid

Class-CSAE-CNN  classification

approach outperforms the regression method in DOA

condition, the

estimation, while under off-grid situation, the Reg-
CSAE-CNN
classification method in DOA estimation.

regression method outperforms the
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Fig. 12 Performance comparison of classification and regression
DOA estimation approaches for two signal sources in the off-grid
situation

5 Conclusions

This paper proposes a DOA estimation method for
vector hydrophone array based on sparse prior CSAE,
which includes two methods: Class-CSAE-CNN and
Reg-CSAE-CNN. The core results of the simulation
experiment show that the proposed Class-CSAE-CNN
classification method outperforms CM-CNN, CNN,
and traditional algorithms in estimation accuracy,
especially under complex conditions such as low signal-
to-noise ratio and few snapshots. The Reg-CSAE-CNN
regression method effectively breaks through grid
limitations and achieves performance improvement
compared to classification methods in off-grid scenarios.
Future research will focus on exploring the fusion path of



REN Jing, ez al. / DOA estimation of array signals based on convolutional sparse autoencoder under sparse prior

265

deep learning and traditional algorithms to estimate
DOA. Although the proposed CSAE-CNN method
demonstrates superior performance under low SNR and
small snapshot conditions, several limitations should be
The
simulated datasets for training, which may lead to a

acknowledged. proposed method relies on
performance gap when applied to real-world underwater
The

approach still depends on predefined angular grids,

acoustic  environments. classification-based

which may cause quantization errors in highly off-grid

scenarios, although the regression model partially
alleviates this issue. Future work will focus on
lightweight  model  design,  adaptive  grid-free

estimation, and robustness enhancement under array
model mismatch.
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