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Abstract—The direction of arrival (DOA) estimation is a
pivotal task in the domain of underwater acoustic signal pro-
cessing. Some traditional existing methods and recently emerged
deep learning algorithms still face issues such as sensitivity to
low signal-to-noise ratio (SNR) and high model redundancy.
Moreover, the models are often regarded as black boxes, lacking
interpretability. To address the aforementioned challenges, this
paper utilizes a uniform sonar linear array, employing the array
covariance matrix as dual-channel input features. Under different
SNR conditions, a denoising autoencoder (DAE) is designed as
a pre-filter to reconstruct spatial spectrum features, enhancing
the decoupling capability of SNR features. Heatmaps are applied
to visualize and elucidate the reconstruction alignment process,
enhancing model feature interpretability. Furthermore, a convo-
lutional neural network with a channel attention mechanism is
constructed as a post processing classification model to achieve
underwater acoustic DOA estimation. The proposed dual-stage
algorithmic framework demonstrates superior accuracy with
reduced computational overhead across diverse signal scenarios.
Evaluated using simulated signals (model size: 1.59 MB), it
achieves peak accuracies of 94.95% with an Root Mean Square
Error (RMSE) of 1.603 (frequency: 200 Hz, array elements: 10).
Under real-world operating conditions with field measurement
data (model size: 2.05 MB), the model attains 99.99% accuracy
with an RMSE of 0.121, confirming its practical efficacy. We
still conducted extensive sensitivity analyses, establishing that this
performance—whether in terms of speed, size, or accuracy—is
superior to that of traditional DOA estimation algorithms and
other deep learning models, with an emphasis on interpretability.

Index Terms—Dual-stage Neural Network, DOA estimation,
Spatial Covariance Reconstruction, Adaptive Channel-attention
Selector, Heatmap Interpretability

I. INTRODUCTION

Array signal processing plays a crucial role in spatial
sensing by enabling the extraction of directional information
from multi-channel observations. As a fundamental task in this
field, DOA estimation utilizes the propagation characteristics
of acoustic waves across sensor arrays to determine the spa-
tial location of sound sources. This capability is particularly
important in underwater acoustic environments, where DOA
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Fig. 1. Compared with traditional DOA-estimation algorithms, existing
mature single-stage neural networks—thanks to their powerful nonlinear
fitting capability—greatly reduce reliance on prior knowledge, whereas dual-
stage architectures divide labor more explicitly and make decisions in a finer-
grained manner.

estimation has been extensively employed in applications such
as underwater target localization [1] and acoustic communica-
tion systems [2].

Several classical DOA estimation algorithms have been
widely investigated, such as conventional beamforming (CBF)
[3], minimum variance distortionless response (MVDR) [4],
and subspace-based methods including multiple signal classi-
fication (MUSIC) [5], ESPRIT [6], and ROOT-MUSIC [7].
CBF scans the spatial spectrum via fixed steering vectors,
whereas MVDR improves resolution by minimizing output
power subject to a distortionless constraint. Subspace methods
exploit the orthogonality between signal and noise subspaces
of the covariance matrix to achieve high-resolution estimation:
MUSIC uses spectral peak search, ESPRIT employs rotational
invariance to avoid scanning, and ROOT-MUSIC transforms
the search into a polynomial rooting problem. Although effec-
tive under ideal assumptions—high SNR, sufficient snapshots,
and accurate array modeling—these methods often degrade in



practical underwater acoustic environments. Factors such as
signal attenuation [8], severe multipath [9], and ambient noise
[10] frequently violate these assumptions, leading to notable
performance loss, especially at low SNRs.

Recent deep learning methods for DOA estimation re-
duce the need for prior knowledge and show strong gen-
eralization across various environments. They achieve ro-
bust performance in low-SNR conditions using advanced
architectures such as convolutional networks and attention
mechanisms [11]–[14]. However, these methods often have
high computational complexity, limited interpretability, and
face challenges in real-time deployment. In low-SNR sce-
narios, non-orthogonality between signal and noise subspaces
causes severe feature entanglement and structural distortion,
degrading the reliability of learned representations. There-
fore, effective representation learning strategies are needed
to decouple informative features from noise and preserve the
intrinsic data structure. Unsupervised representation learning
models, especially autoencoders and their variants [15], offer a
promising solution. By learning compact latent representations
through encoder–decoder architectures, they enable accurate
data reconstruction and robust feature extraction for down-
stream tasks [16], [17]. Owing to their theoretical grounding
and architectural flexibility, autoencoders provide an efficient
and interpretable framework for feature compression and re-
construction without explicit supervision.

Motivated by the challenges of feature entanglement, struc-
tural distortion, and limited interpretability in low-SNR DOA
estimation, we propose a lightweight dual-stage deep learn-
ing framework for robust and real-time DOA estimation
across varying SNR conditions. Unlike mainstream single-
stage networks that deepen blocks—increasing parameters
and computations—our design first decouples and recon-
structs features from the array covariance matrix, then per-
forms attention-weighted classification. By explicitly address-
ing representation decoupling and reconstruction, the proposed
method mitigates noise-induced feature degradation while
maintaining low computational complexity. Detailed differ-
ences are illustrated in Fig. 1.

The principal contributions of this work can be summarized
as follows: (1) A principled decomposition of the complex-
valued covariance matrix into a dual-channel real-valued rep-
resentation is proposed, enabling deep learning models to effi-
ciently process complex acoustic data. (2) A novel lightweight
dual-stage feature-decoupled classification network, termed
LFD-ACSNet, is designed by integrating a DAE with a chan-
nel attention mechanism to achieve efficient and robust DOA
estimation. (3) The proposed framework adopts a two-stage
architecture, where the upstream Feature-Decoupling (FD)
stage employs a CNN-based DAE to reconstruct the decou-
pled signal covariance matrix, and the downstream Adaptive
Channel Selector (ACS) stage utilizes a channel-attention-
weighted CNN (CACNN) to perform high-accuracy DOA
estimation. (4) Extensive evaluations on simulated datasets
are conducted to validate the robustness and effectiveness of
the proposed LFD-ACSNet, and for the first time, heat-map-

based visualizations are employed to provide an interpretable
analysis of the learned feature representations in this field.

II. RELATED WORK

A. Unsupervised Representation Learning

In recent years, autoencoders (AEs) and their variants have
been increasingly adopted in array signal processing for noise
suppression and latent feature extraction. Recent research
has shifted from time–frequency compression to modeling
the covariance structure of array observations. For example,
Papageorgiou et al. [18] employed a DAE to recover reliable
Hermitian covariance matrices from highly corrupted samples,
reducing the performance degradation of covariance-based
DOA estimators in low-SNR regimes. Chen et al. [19] com-
bined a DAE with a deep neural network (DNN), where the
DAE enhances the noisy received signals and the DNN maps
the denoised features to a fine angular grid, achieving robust
DOA estimation under low SNR and array imperfections. Ali
et al. [20] extended AE-based covariance reconstruction to
underwater acoustics using a convolutional autoencoder (CAE)
to suppress noise and multipath effects. For sparse arrays,
Guo et al. [21] introduced a deep convolutional autoencoder
(DCAE) to reconstruct the sparse-array covariance matrix
into its uniform linear array equivalent, increasing degrees of
freedom, followed by conventional estimators such as MUSIC.
They also proposed a DCNN-based direct-mapping method for
high-accuracy DOA estimation. Despite these advances, most
existing AE-based approaches tightly couple feature enhance-
ment with estimation, limiting interpretability and task-specific
flexibility.

B. Attention-Based Feature Learning

Attention mechanisms, which have proven effective in deep-
learning-based image processing, have been increasingly ap-
plied to array signal processing and acoustic perception by
adaptively highlighting informative features. Recently, several
studies have introduced attention into deep learning-based
DOA estimation. Mack et al. [22] designed a signal-aware
wideband DOA network that uses attention to weight fre-
quency sub-bands and array elements, improving accuracy and
robustness under low SNR, uneven spectra, and multi-source
interference. Liu et al. [23] proposed an attention-based net-
work that focuses on array elements and feature channels
less affected by noise, enhancing performance under unknown
or non-uniform noise distributions. Wu et al. [24] developed
a gridless DOA method with a Residual Attention Network
and transfer learning, reducing off-grid errors and improving
generalization across array geometries and SNRs. In another
work, Wu et al. [25] integrated beamforming outputs with an
attention-augmented ResNet, leveraging spatial priors to boost
angular resolution and estimation precision in multi-source
low-SNR scenarios. Overall, attention allows DOA models to
selectively emphasize discriminative spatial and spectral fea-
tures, thereby strengthening robustness and estimation accu-
racy. However, existing attention-based approaches are mostly



embedded within single-stage networks and lack systematic
integration with structured feature-decoupling mechanisms.

C. Two-Stage Deep Learning Models

To improve robustness and interpretability, recent studies
have increasingly adopted two-stage or multi-stage frame-
works that decouple representation learning from task-specific
inference. Cai et al. [26] introduced a two-stage deep CNN that
learns feature extraction and direction regression separately,
significantly enhancing DOA accuracy under strong impulsive
noise. Zhang et al. [27] developed a two-stage MLP for
high-resolution DOA estimation, extracting coarse and fine
features in separate stages to improve resolving capability for
closely spaced sources. Wang et al. [28] combined spatial
whitening with normalized MUSIC in a two-stage framework
to suppress interference and improve angular accuracy for
GNSS signals under jamming. Zhang et al. [29] proposed a
hierarchical sparse Bayesian two-stage method, using coarse-
grid initialization followed by fine-grid refinement, enhancing
resolution under low-SNR and overlapping source conditions.
Despite these advances, most two-stage approaches focus on
performance gains, with limited exploration of stage-specific
roles and internal representation interpretability, restricting
practical reliability.

III. PROPOSED METHOD

A. HLA Signal Model

Consider a horizontal linear array (HLA) of M sensors with
inter-element spacing d. Under the narrow-band assumption,
the complex base-band snapshot vector X ∈ CM×P received
from K far-field sources is modeled as

X = AS+N, (1)

where A = [a(θ1), . . . , a(θK)] ∈ CM×K is the array manifold
matrix with

a(θk) =
[
1, e−j2πd cos θk/λ, . . . , e−j2π(M−1)d cos θk/λ

]T
,
(2)

λ = c/f is the wavelength, S(t) = exp (j2πft), S ∈
CK×P contains the P snapshots of the source signals, and
N ∈ CM×P is zero-mean spatially and temporally white
Gaussian noise. The sample covariance matrix of the snapshots
is computed as

R̂ =
1

P
XXH. (3)

Widely employed by CBF, MVDR, MUSIC, etc., Equation 3
serves as the standard signal model for DOA estimation. For
brevity, we write x̂ = R̂ ∈ CM×M hereafter.

B. LFD-ACSNet Model

1) FD-Stage: Unsupervised Learning-Based DAE: Inspired
by the literature [30], we designed a DAE based on a CNN
architecture to achieve the reconstruction and alignment pro-
cess of the input complex covariance matrix x̂. Due to the
fact that neural networks can only process real-valued data, we
decompose the real and imaginary parts of the complex matrix

x̂ into two separate channels of real-valued matrices as inputs,
that is: x̂ = {Re{x̂}, Im{x̂}}, where the dimensionality is
changed from CM×M to R2×M×M .

The detailed architecture and comprehensive structural pa-
rameters are elaborated in Fig. 2. The noisy spectral spatial
covariance matrix x̂ ∈ RB×2×M×M , where B denotes the
batch size, after passing through the encoder, is compressed
into the latent factor feature space z ∈ RB×Q:

z = fδ(W
(En)x̂+ b(En)). (4)

Here, W (En) and b(En) represent the weight matrix and bias
terms of the encoder, respectively, and fδ denotes a series of
nonlinear activation transformations.

The decoder primarily performs the inverse operation of
the encoder, aiming to denoise and reconstruct the covariance
matrix v from the latent factor feature space z. The latent
factor feature space z with dimension Q is restored to the
reconstructed original spectral space v ∈ RB×2×M×M after
passing through the decoder:

v = hζ(W
(De)z + b(De)). (5)

Here, W (De) and b(De) represent the weight matrix and bias
terms of the decoder, respectively, and hζ denotes a series of
nonlinear activation inverse transformations.

2) ACS-Stage: Supervised Learning-Based CACNN: The
ACS-stage CACNN employs convolutional layers [31] and
channel attention modules [32], using small kernels of size
3 to preserve spatial details and enhance model discrim-
inability and generalization while reducing parameters. These
structures, termed Channel-wise Weighted Particle blocks,
are stacked four times for progressive feature extraction and
dynamic reweighting.

The decoder output v ∈ RB×2×M×M is processed by
convolutional layers into g ∈ RB×C×H×H , where C denotes
the number of convolutional channels in different layers,
and H represents the feature dimension. Channel attention
then generates weights w ∈ RB×C×1×1 via pooling and
convolution, producing o = g ⊗w to emphasize informative
channels. Here, ‘⊗’ means element-wise multiplication. This
operates similarly to residual connections [33]. Four Channel-
wise Weighted Particle blocks are stacked to progressively
extract and filter spectral-semantic features, thereby enhanc-
ing the capacity of the model to dynamically concentrate
on principal components within acoustic spatial spectra and
further suppress interference from irrelevant background noise
subspaces. After four blocks, features u ∈ RB×T×L×L are
flattened and classified via two fully connected layers and
ReLU. The output vector ŷ yields the DOA estimate θ̂ as
the argmax index.

3) Loss Function: The loss function of the proposed
method comprises two components: reconstruction error min-
imization and class probability distribution alignment. The
reconstruction loss Lr (x,v), based on mean squared error,
facilitates covariance matrix recovery in spectral space under
low SNR conditions. The distribution loss Ld (y, ŷ) employs
binary cross-entropy to minimize the discrepancy between the
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Fig. 2. Architecture of the LFD-ACSNet.

predicted and true azimuth angle probability distributions. The
loss functions for each stage are defined as follows:

Lr(x,v) =
1

n

n∑
i=1

(xi − vi)
2, (6)

Ld(y, ŷ) = − 1

n

n∑
i=1

[yi log ŷi + (1− yi) log (1− ŷi)]. (7)

In this context, x denotes the clean spectral space matrix, v
represents the spectral recovery matrix after the reconstruction
output of the DAE. y denotes the real azimuth angle label
vector, and ŷ represents the predicted azimuth angle vector.

IV. EXPERIMENTS

The experiments were conducted on a workstation with an
NVIDIA GeForce RTX 4090 GPU. Models were implemented
in PyTorch with the following hyperparameters: in the FD-
Stage, training used 40 epochs with a batch size of 128, and
a reconstruction factor Q = 4; the ACS-Stage was trained
for 200 epochs with a batch size of 2000 using the Adam
optimizer (learning rate 1e-3). All weights were initialized
from N(0, 1) and biases to zero. Results are reported using
the best model selected based on validation performance.

We evaluate the performance of the model using total
parameters, parameter size, average inference time (AIT),
accuracy, and RMSE. Among them, AIT indicates the in-
ference time per sample, accuracy represents the percentage
of correctly predicted positions out of all test samples, and
RMSE represents the root mean square error between the
predicted and true DOA, quantifying the average magnitude
of angular prediction deviations. Mathematically, these metrics
are defined as follows:

Accuracy =
1

n

n∑
i=1

I
(
θ̂i = θi

)
× 100%, (8)

RMSE =

√√√√ 1

n

n∑
i=1

(θ̂i − θi)2, (9)

where θ̂i and θi denote the predicted and true azimuth angles
(in degrees) for the i-th sample, respectively, n is the total
number of test samples, I(·) represents the indicator function
that equals 1 when the condition is satisfied and 0 otherwise.

A. Simulation Experiment Results

Simulated underwater acoustic data for a single target
(K = 1) are generated using a 10-element (M = 10)
array. The source frequency f = 200 Hz, sound speed
c = 1500 m/s, element spacing d = λ/2, and sampling
frequency fs = 1500 Hz (satisfying the Nyquist criterion). The
azimuth angle range is [0◦, 180◦) with 1◦ intervals, yielding
180 classification targets. For each SNR level (-10, 0, 10, 20,
30 dB), 180,540 samples are allocated and split into training,
validation, and test sets in a 7:2:1 ratio, resulting in 126,180
training, 36,180 validation, and 18,180 test samples.

1) Efficiency Metric Cross-Architecture Comparative Anal-
ysis: An ablation study is conducted to assess the denoising
effect of the FD-stage by comparing LFD-ACSNet with its
standalone ACS-stage (CACNN). As shown in the first row
of Fig. 3, on the simulated dataset under SNR levels from -
10 dB to 30 dB, LFD-ACSNet achieves accuracies of 80.73%,
95.63%, 98.73%, 99.67%, and 99.99%, respectively. These re-
sults outperform those of CACNN (79.71%, 94.03%, 96.33%,
96.89%, 98.88%) by 1.02%, 1.60%, 2.40%, 2.78%, and 1.11%,
yielding an average improvement of 1.782% (a total gain
of 8.91% across all SNR conditions). The RMSE of LFD-
ACSNet (1.603) is 0.621 lower than that of CACNN (2.224).
The consistent superiority of LFD-ACSNet is attributed to the
FD-stage encoder–decoder, which reconstructs features and
enhances generalization.

The first row of Fig. 3 also compares the results of
the proposed LFD-ACSNet with several benchmarks, in-
cluding the MUSIC algorithm, CNN [11], feedforward
neural network (FNN) [34], and single-stage networks
(ResNet18, ResNet34, ResNet50, ResNet101 [33], and
ResNeXt [35]). Among the aforementioned models, the FNN
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Fig. 3. Prediction accuracy, comprehensive average accuracy, and RMSE results under different SNRs, frequencies, and array aperture lengths. Here, the
average accuracy denotes the mean accuracy across different SNR levels. The first row represents the benchmark simulation test results, while the second,
third, and fourth rows represent the test results for sound source frequencies of 500 Hz, 1000 Hz, and an aperture length of 20 array elements, respectively.

achieved the highest average accuracy (94.43%), followed by
ResNet50 (93.39%), ResNet34 (93.17%), ResNeXt (92.88%),
ResNet101 (92.72%), and ResNet18 (92.61%), indicating that
deeper networks do not consistently improve accuracy. MU-
SIC performed poorest overall (87.68%), while CNN attained
90.69%. In contrast, LFD-ACSNet reached an average accu-
racy of 94.95%, exceeding the second-best FNN by 0.52%
and outperforming all other listed methods by 1.56–7.27%.
Notably, with the lowest RMSE of 1.603, the proposed model
exhibits minimal directional prediction deviation compared
to other methods. Even at -10 dB, where noise disrupts the
covariance matrix and degrades performance, LFD-ACSNet
maintains a higher accuracy owing to its FD-stage reconstruc-
tion and Channel-wise Weighted Particle blocks.

As shown in Table I (M = 10), LFD-ACSNet reduces both
total parameters and parameter size by approximately 3 to
100 times compared to other mainstream one-stage networks.

With only 1.59 MB of parameters, it achieves notably higher
efficiency than the benchmark models: FNN (11.81 MB), CNN
(4.93 MB), ResNet18 (42.98 MB), ResNet34 (81.53 MB),
ResNet50 (91.07 MB), ResNet101 (163.52 MB), and ResNeXt
(89.06 MB). Furthermore, LFD-ACSNet attains an AIT of
merely 226.11 ms, significantly faster than other deep neural
networks and thus better suited for real-time applications.
Overall, combined with earlier analysis, LFD-ACSNet demon-
strates superior cost-effectiveness and comprehensive perfor-
mance in terms of both test accuracy and inference speed.

2) Beam Directivity Visualization Analysis: Here, we con-
duct a directivity visualization analysis comparing the pro-
posed algorithm with classical beamforming methods. While
high-resolution algorithms such as CBF, MVDR, MUSIC,
ESPRIT, and ROOT-MUSIC perform well under high-SNR
conditions, their resolution degrades significantly at low SNR
due to noise interference, which distorts signal features and



TABLE I
COMPARISON OF MODEL SPECIFICATIONS AND PERFORMANCE METRICS FOR SIMULATED AND REAL-WORLD ARRAY CONFIGURATIONS.

Simulated Data (M = 10) Simulated Data (M = 20) Real-world Data (M = 32)

Total Params Params Size AIT Total Params Params Size AIT Total Params Params Size AIT Accuracy RMSE

FNN [34] 3096244 11.81 MB 266.41 ms - - - 10582708 40.37 MB 337.95 ms 97.60% 0.813
CNN [11] 1231413 4.93 MB 264.43 ms - - - - - - - -

ResNet18 [33] 11265716 42.98 MB 295.74 ms 11265716 42.98 MB 356.35 ms 11265716 42.98 MB 397.57 ms 99.96% 0.113
ResNet34 [33] 21373876 81.53 MB 499.35 ms 21373876 81.53 MB 490.01 ms 21373876 81.53 MB 544.81 ms 99.97% 0.187
ResNet50 [33] 23873716 91.07 MB 580.76 ms 23873716 91.07 MB 538.12 ms 23873716 91.07 MB 618.54 ms 99.96% 0.212

ResNet101 [33] 42865844 163.52 MB 810.78 ms 42865844 163.52 MB 818.50 ms 42865844 163.52 MB 862.09 ms 99.62% 0.193
ResNeXt [35] 23345588 89.06 MB 512.98 ms 23345588 89.06 MB 515.54 ms 23345588 89.06 MB 556.25 ms 98.80% 0.513
LFD-ACSNet 416588 1.59 MB 226.11 ms 487309 1.96 MB 242.41 ms 510182 2.05 MB 262.48 ms 99.99% 0.121

Fig. 4. Beam steering spatial response at 97◦ azimuth under -10 dB SNR.

limits practical utility. Thus, we evaluate LFD-ACSNet along-
side these methods at an SNR of -10 dB. Taking the target
source at 97◦ as an example, Fig. 4 presents the spatial
spectrum results. It is observed that under low SNR conditions,
the MUSIC algorithm yields numerous spurious peaks, with
its highest peak occurring at approximately 86◦, corresponding
to an estimation error of 11◦. Both CBF and MVDR produce
relatively broad sidelobes, providing an estimated azimuth
of 99◦ with an error of 2◦. The Root-MUSIC and ESPRIT
algorithms estimate the azimuth as 109◦ and 90◦, with errors
of 12◦ and 7◦, respectively. In comparison, the proposed LFD-
ACSNet outperforms all the conventional methods in terms of
both angular resolution and estimation accuracy.

Furthermore, heatmaps of the spatial covariance matrix at
97◦ azimuth under -10 dB SNR are provided for detailed
visual analysis, as shown in Fig. 5. Furthermore, we em-
ploy heatmaps of the spatial covariance matrix for a more
detailed visual analysis, as shown in Fig. 5. As the noise-
free reference, Fig. 5(c) exhibits clear diagonal structures
(element self-power) in the real part and deterministic phase-
difference patterns in the imaginary part. Fig. 5(b) shows
severe noise contamination, resulting in an almost uniformly
random distribution. At this low SNR, the reconstructed input
features x̂ shown in Fig. 5(a) are closer to the clean values and
show clearer separation, successfully recovering the diagonally
dominant structure and phase consistency. This demonstrates
the algorithm’s effectiveness in suppressing noise and recon-
structing signal subspace characteristics. Such reconstruction
visualization enhances the interpretability of LFD-ACSNet,

addressing the black-box limitation common in existing al-
gorithms.

(a)

(c)

(b)

Fig. 5. (a) The reconstruction result. (b) The noisy result. (c) The noise-free
spectrum. In (a)-(c), each cell (i, j) denotes the covariance between signals
received by the i-th and j-th array elements (i, j = 0, . . . , 9), with the real
and imaginary parts representing the in-phase and quadrature components,
respectively; the colorbars indicate the corresponding magnitudes.

B. Sensitivity Analysis Experiment Results

TABLE II
TEST RESULTS WITH DIFFERENT RECONSTRUCTION FACTORS Q.

SNR (dB) -10 0 10 20 30 Average RMSE

Q=2 72.93% 95.45% 98.72% 99.65% 99.98% 93.35% 2.1439
Q=4 80.73% 95.63% 98.73% 99.67% 99.99% 94.95% 1.603
Q=8 80.36% 95.53% 98.73% 99.67% 99.98% 94.85% 1.6487

1) Differentiated Reconstruction Factors Analysis: The re-
construction factor Q influences the reconstruction capability
of the model. While increasing its dimension can improve the
learning capacity and enable the capture of more complex
abstract features [36], an excessively high dimension may
cause overfitting and degrade generalization. To identify the
optimal Q, we evaluate the model performance across different
dimensions. As shown in Table II, Q = 4 achieves the highest
average accuracy of 94.95% across all SNR levels, with an
RMSE of 1.603, consistently outperforming other settings.
This indicates that Q = 4 offers the best balance between
reconstruction fidelity and predictive performance.

2) Differentiated Frequency and Array Configuration Anal-
ysis: For narrowband signals, the frequency of different sound



sources and the number of array elements also critically
influence algorithm performance [37]. Such array-scale varia-
tions, which are independent of model architecture, may affect
different algorithms differently.

We therefore conducted comparative experiments at f =
500 Hz (fs = 2500 Hz) and f = 1000 Hz (fs = 4000 Hz) to
evaluate the robustness of the proposed model;the results are
shown in the second and third rows of Fig. 3. To avoid bias
introduced by network depth, ResNet is used as the baseline
in these comparisons.

As seen in the second and third rows of Fig. 3, LFD-ACSNet
achieves the most noticeable accuracy improvement under
low-SNR conditions (−10 dB), outperforming the second-best
model by 2.39% at 500 Hz and by 2.02% at 1000 Hz.
Strikingly, the advantage of LFD-ACSNet increases monotoni-
cally with SNR, demonstrating strong generalization. Overall,
the proposed model achieves average accuracies of 95.00%
(RMSE: 1.595) and 94.89% (RMSE: 1.659) at the two fre-
quencies, consistently surpassing other methods. These results
confirm the model’s stable performance across different source
frequencies.

We further evaluated the models with a larger array config-
uration (M = 20). As illustrated in the last row of Fig. 3, a
larger array aperture improves the prediction accuracy of all
models, especially under low SNR. LFD-ACSNet reaches an
average accuracy of 98.38% (RMSE: 0.727), clearly exceeding
the second-best result of 98.05% (RMSE: 0.839). Table I
(M = 20) summarizes the computational efficiency and
complexity metrics. Despite the increased input dimension,
LFD-ACSNet maintains the best accuracy-efficiency trade-off,
achieving the smallest model size (1.96 MB) and the fastest
inference time (242.41 ms).

C. Real-world Measured Experiment Results

The actual measurement was conducted from 10:35 AM to
12:20 PM on November 4, 2020, in Jiaozhou Bay, Qingdao,
China. A HLA with M = 32 elements and an inter-element
spacing of 1 m was used as the receiving array. The array was
deployed at a depth of approximately 17 ± 3 m underwater,
where elements exhibited vertical fluctuations due to sea tides,
with adjacent element fluctuations ranging from 0 m to 1.29 m.
Four target sound sources were present, each with a bandwidth
of 500 Hz to 650 Hz and an azimuth angle of 45◦. The
sampling frequency was 6000 Hz, and the in-situ sound speed
was 1466 m/s. The available field-measured data used in
this experiment comprise frequency-domain spatial spectra
obtained through FFT, totaling 242 samples.

1) Progressive Transfer Learning Strategy: To address dis-
tribution shift, input dimension discrepancies, and real-data
scarcity, this paper proposes a progressive transfer learning
framework [38]. First, quasi-measured data aligned with real-
world distribution are generated based on acoustic environ-
mental characteristics, eliminating simulation-modality dis-
crepancies while maintaining the same volume and partition-
ing as simulated data. Subsequently, a model pre-trained on
simulated data initializes network parameters to capture prior
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Fig. 6. Flowchart of the progressive transfer learning strategy based on fine-
tuning.

knowledge of fundamental physical patterns. Fine-tuning for
10 epochs on quasi-measured data corrects distribution bias
and enables cross-domain knowledge transfer. Finally, the
framework is evaluated on an independent real-world dataset.
The overall pipeline is illustrated in Fig. 6.

Fig. 7. Comparative analysis results of beam patterns.

2) Comprehensive Performance Verification Analysis: Fol-
lowing the aforementioned learning strategy, a detailed anal-
ysis of the azimuthal directivity is conducted. The temporal
evolution of the test results at 1-second intervals is illustrated
in the subfigure of Fig. 7, allowing for precise quantification
of directional deviation patterns. Owing to environmental
interference and fluctuations in the actual SNR, the main
lobe directions of the MVDR, MUSIC, and CBF algorithms
exhibit an average deviation of approximately 2◦–3◦. In
comparison with these conventional algorithms, LFD-ACSNet
demonstrates significantly stronger robustness in localization
performance.

Comparative results with state-of-the-art one-stage deep
learning methods are summarized in Table I (M = 32). LFD-
ACSNet achieves the highest accuracy of 99.99% (RMSE:
0.121), outperforming all counterparts. Remarkably, it attains
this performance with only 2.05 MB parameters, which is
19.7–79.8× smaller than other models (40.37–163.52 MB). In
terms of inference speed, LFD-ACSNet reduces the AIT by
22.4% compared to FNN and is 1.5–3.3× faster than ResNet



variants (337.95–862.09 ms). These results validate that LFD-
ACSNet optimally balances accuracy, efficiency, and cross-
domain generalization.

V. CONCLUSION

This paper proposes LFD-ACSNet, a novel deep learn-
ing model for DOA estimation based on a dual-stage strat-
egy. It outperforms conventional algorithms such as MU-
SIC, CBF, MVDR, ESPRIT, and ROOT-MUSIC in precision
and directional accuracy, while maintaining favorable cost-
effectiveness. Additionally, the model offers enhanced inter-
pretability through feature heatmaps, alleviating the black-box
limitations common in neural networks. Experimental results
validate the efficiency of the model, speed, accuracy, and
architectural rationale.
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