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Abstract: The sonar image has limitations on the physical spatial resolution due to system
configuration and underwater environment, which often leads to challenges for underwater
targets detection. Here, the deep learning method is applied to enhance the physical spatial
resolution of underwater sonar images. Specifically, the U-shaped end-to-end neural
network which contains down-sampling and up-sampling parts is proposed to improve
the physical spatial resolution limited by the array aperture. The single target and multiple
cases are considered separately. In both cases, the normalized loss on the testing sets
declines rapidly, and the predicted high-resolution images own great agreement with
the ground truth eventually. Further improvements in resolution are focused on, that is,
compressing the predicted high-resolution image to its physical spatial resolution limitation.
The results show that the trained end-to-end neural network could map high resolution
targets to the impulse responses at the same location and amplitude with an uncertain
target number. The proposed convolutional neural network approach could give a practical
alternative to improve the physical spatial resolution of underwater sonar images.

Keywords: underwater sonar imaging; physical spatial resolution; synthetic aperture sonar;
convolutional neural network

1. Introduction
Compared with electromagnetic waves, acoustic signals have the advantages of lit-

tle attenuation, long propagation distance, and high fidelity, which has been the major
transmission medium for underwater detection. Within, synthetic aperture sonar (SAS) is
a worldwide underwater imaging method, that has the advantage of high performance
and wide applicability [1–5]. Hence, SAS is applied in various fields, i.e., seafloor map-
ping, and underwater target detection. Although, the SAS achieves better performance
than the conventional sonar method such as multibeam echo sounder (MBES) or side-
scan sonar [6,7]. There are challenges that cannot be ignored, such as the complex and
changeable underwater channel, the multipath effect, and the low robustness of sonar
system calibration and post-processing algorithms, resulting in low resolution of sonar
images [8–13]. These characteristics bring great challenges to the subsequent sonar image
analysis and recognition.

Nowadays, as a powerful tool in image processing, deep learning methods are widely
studied for the improvement of sonar imaging quality, especially the super resolution of
sonar imaging [14–21]. Christensen et al. [22] proposed a plug-and-play solution for live
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streaming compressed side-scan sonar data from AUVs to the surface using low-bandwidth
acoustic modems, achieving high-quality image reconstructions with bandwidth below
1.87 kbit/s. Sung et al. [23] proposed a GAN-based method to synthesize realistic sonar
images from simulated data, enabling robust object detection for underwater tasks and ef-
fective training without sea trials. Haahr et al. [24] applies deep learning and convolutional
neural networks to segment fish in noisy, low-resolution images from a forward-looking
multibeam echosounder, using limited datasets and optimizing for deployment on low-cost
embedded platforms. The related works are not confined to single-frame image super
resolution, multi-frame image super resolution, and super resolution of underwater sonar
video. The related works mainly help enhance the spatial resolution of sonar images, that
is, by increasing the number of pixels in the sonar image to get more detailed information
about underwater targets.

Note that the resolving power of the SAS imaging system is extremely important, it is
extremely desirable to enhance the physical spatial resolution of sonar images. The physical
spatial resolution determined the resolving power of two targets in sonar imaging, which
is the foundation of underwater target detection and recognition [25]. The higher physical
spatial resolution of the target could lead to distinguish different targets easily in the sonar
map, and extract the features of each target (amplitude, coordinate, and interaction with
other targets). The enhancement of physical spatial resolution can be achieved by increasing
the signal frequency of SAS or largening the aperture of SAS, which is very expensive and
would change the current sonar detection system. Hence, it is important and practical to
improve the physical resolution in the post-processing of sonar imaging, where the deep
learning approach could manage the challenging task [26–29]. Deep learning methodolo-
gies offer a practical and effective solution for enhancing resolution in post-processing,
circumventing the necessity for costly modifications to the sonar system. Traditionally, in-
creasing resolution requires either elevating the signal frequency or expanding the aperture
size, both of which can be prohibitively expensive. By employing deep learning techniques,
improved resolution without incurring these substantial expenses can be achieved, making
it a more accessible and efficient approach for enhancing sonar imaging capabilities.

In this work, the enhancement of the physical spatial resolution of synthetic aperture
sonar images through the application of deep learning techniques is our focus. Firstly, a
pervasive SAR imaging model is proposed to analyze the parameters affecting the spatial
resolution. The end-to-end convolutional neural networks are designed and applied to
achieve spatial resolution improvement due to the limited aperture. Besides, the spatial
resolution of the targets is further compressed to its limitation (the theoretical impulse
response function) in two cases. The paper is organized as follows: the theory and model
are given in Section 2. The results and discussion of single and multiple target cases are
displayed in Section 3. The conclusion goes in Section 4.

2. Theory and Model
2.1. Synthetic Aperture Sonar Imaging Model

Firstly, a typical underwater SAS imaging model is given in Figure 1. In the imaging
model, the sonar source emits acoustic waves to the target, and the arrays receive the echo
waves reflected by the underwater target. Besides, the obtained reflected signal waves are
processed by the imaging algorithm, and the acoustic imaging of the underwater target
is outputted.

Here, the physical spatial resolution of the underwater target in the final acoustic
imaging is the primary focus of this study. The emitting process is affected by several
important parameters, which could be concluded by:
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Hst(S f , As, Pst), (1)

where, S f is the frequency of the emitting signal, As is the amplitude of the emitting signal,
and Pst is the path that acoustic waves travel from the source to the target. Similarly, the
receiving process is concluded by:

Hta(S f , Dt, Pta), (2)

where, S f is the frequency of the emitting signal, Dt is the target features (i.e., size, shape,
and material) that impact the echo waves, Pta is the path that acoustic waves travel from
the target to the array. The final acoustic imaging and the physical spatial resolution of the
underwater target are determined by:

F(Hst, Hta, Lx, Ly, Na), (3)

where, Hst and Hta are the emitting and receiving process. Lx and Ly are the aperture of the
array in x and y direction. Na is the number of elements in the array. The F(•) is the imaging
algorithm. The Hst and Hta mainly influence the reflected signal wave, and the frequency
of the signal waves is a great factor that influences the physical spatial resolution of the
underwater target. In addition, the aperture of the array is another significant parameter
that affects the final resolution. A larger aperture would lead to high-resolution and a
smaller spot. The Na mainly affects the amplitude and signal-to-noise ratio of the target
imaging, which is another essential aspect to reveal the performance of the imaging system.

In this work, the delay and sum (DAS) algorithm is used to image the underwater
target with the reflected signal waves received by the sonar array. The DAS is a kind of
coherent superposition method in synthetic aperture. Based on the relationship between
travel distance and wave velocity, the coherent superposition of the whole elements is
calculated on every pixel in the imaging area, where the reconstruction process of pixel i
could be expressed as:

I(x, z) =
n

∑
i=1

Si(ti), (4)

where, Si(•) is the pretreated signal wave received by each array element. ti are the
corresponding time taken from transmission to reception. The data preprocessing includes
filtering and pulse compression. ti are calculated by the travel distance and wave velocity.
The final acoustic image is obtained by calculating all the pixels in the imaging area through
Equation (4).
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Figure 1. The typical synthetic aperture sonar imaging model.

2.2. The End-to-End Neural Networks

The deep learning method is applied to improve the physical spatial resolution of
underwater targets in the final acoustic imaging. Here, a U-shaped convolutional neural
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network is employed for the purpose of achieving super-resolution. The construction of
the crafted end-to-end neural network is shown in Figure 2.
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Figure 2. The construction of the end-to-end neural network.

The end-to-end neural network consists of two parts: the down-sampling part and the
up-sampling part. The input low-resolution images are encoded into feature vectors by
three down-sampling layers, then the feature vectors are extended to the high-resolution
through three up-sampling layers. Various features extracted by each down-sampling
layer are copied and cropped to the corresponding up-sampling layer to maintain prior
knowledge of input imaging and accelerate convergence speed.

The down-sampling layer contains two convolution blocks and a 2D max pooling layer.
The convolution block is composed of a 2D convolution layer, a batch normalized layer, and
a ReLU activation function. The three down-sampling layers are utilized to extract features
from the initial images characterized by low physical spatial resolution. Subsequently,
these extracted features are reshaped into vectors for further analysis. Meanwhile, the
up-sampling layer contains a 2D transposed convolution layer and a concatenating layer.
The concatenating layer copied and cropped the features extracted by the corresponding
down-sampling layer. The 2D transposed convolution layers gradually transform the
feature vectors into high-resolution imaging.

In the domain of sonar image processing, this end-to-end neural network effectively
tackles the dual challenges of low resolution and intrinsic noise characteristic of such
imagery. It significantly improves both the quality and interpretability of these images,
demonstrating exceptional efficacy in underwater target detection and classification tasks.
Leveraging an end-to-end training paradigm, the network autonomously learns the map-
ping from raw sonar images to their high-resolution versions, thereby eliminating the need
for manual feature engineering and enhancing the system’s robustness and generalizability.
This approach not only streamlines the processing pipeline but also ensures more reliable
and adaptable performance in diverse underwater environments.

In the training phase, the end-to-end neural network learns the mapping function Mθ

from a large amount of labeled data (yi, xi), i = 1, . . . , n by solving:

I(x, z) =
n

∑
i=1

Si(ti), (5)

where, Mθ is the mapping function of the neural network defined by a set of weights
and biases θ ∈ Θ. N is the number of training samples. yi are the input low-resolution
images and xi are the corresponding high physical spatial resolution images. We focus
on enhancing the resolution reduction due to the limited aperture, i.e., the Lx and Ly in
Equation (3).
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2.3. The Construction of Simulated Dataset

Simulations are conducted to generate the data sets used for network training and
testing. Linear frequency modulation signal waves with 70 kHz–100 kHz are emitted with
the sonar source. The sonar source and array are set on the water surface, and the target
is located underwater 20 m. Targets in the simulations are the corresponding consistent
point target in each direction. The rounded receiving sonar array contains 256 elements.
The radius of the array is set to 1.4 m to generate the low physical spatial resolution images.
Besides, we expand the radius of the array to 4.2 m to simulate the case of high physical
spatial resolution images achieved by a large aperture, which is illustrated in Figure 3.
Hence, the labeled samples are realized, which corresponds to the reduction of physical
resolution due to the limited aperture in practice.
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We consider the case of a single target firstly, that is, there is only one target in the
imaging area. The end-to-end neural network attempts to enhance the physical spatial
resolution of the target in the sonar images. Specifically, the trained network would learn
the projection from the limited aperture, low-resolution to large aperture, high-resolution.
1000 simulations are realized to generate the data sets, in which 800 samples are used in
the training phase and 200 samples are applied in testing. The training set is independent
of the testing set, that is, there is no iterative sample in two data sets. Figure 4 gives a clear
look at the samples. Due to the aperture size, we can see the reduction of physical spatial
resolution in Figure 4a, which demonstrates in larger target size and sidelobe.

The samples are pre-processed before being fed into the neural network. The prepro-
cessing includes data normalization, logarithmic processing, and random order disruption.
Usually, these steps could speed up the convergence of the network and optimize general-
ization performance.

In the training phase, the batch size is set to 20, and the network is trained for
100 epochs. The root mean square prop optimizer with a learning rate of 5 × 10−4, the
momentum of 0.9, and weight decay of 1 × 10−8 is used to train the end-to-end network.
The weights and biases of the proposed network are updated by the propagation of root
mean square errors between the predicted high-resolution imaging and the ground truth.

In this study, all computational algorithms were implemented and executed utilizing
MATLAB R2023a, operating within the Windows 11 environment.



J. Mar. Sci. Eng. 2025, 13, 134 6 of 12
J. Mar. Sci. Eng. 2025, 13, x FOR PEER REVIEW  6  of  13 
 

 

 

Figure 4. The (a) low-resolution samples and (b) corresponding high-resolution samples. 

The samples are pre-processed before being fed into the neural network. The prepro-

cessing includes data normalization, logarithmic processing, and random order disrup-

tion. Usually, these steps could speed up the convergence of the network and optimize 

generalization performance. 

In the training phase, the batch size is set to 20, and the network is trained for 100 

epochs. The root mean square prop optimizer with a learning rate of 5 × 10−4, the momen-

tum of 0.9, and weight decay of 1 × 10−8  is used  to  train  the end-to-end network. The 

weights and biases of the proposed network are updated by the propagation of root mean 

square errors between the predicted high-resolution imaging and the ground truth. 

In this study, all computational algorithms were implemented and executed utilizing 

MATLAB R2023a, operating within the Windows 11 environment. 

3. Results and Discussion 

3.1. Resolution Enhancing in the Single Target Case 

The normalized  loss curve  is plotted  in Figure 5. With  the  increase of  the  training 

epochs,  the normalized  loss on  the whole  test  set gradually declines. When  the epoch 

grows to 20, the normalized loss on the test set declines to 1 × 10−4. The normalized loss 

future reduces below 5 × 10−4 after finishing 100 epochs of training. The loss curve indicates 

that the end-to-end network is well trained and performs greatly on the entire test set. 

 

Figure 5. The loss curve of the single target case. 

Without loss of generality, we randomly select one testing sample to show the per-

formance of the network. The predicted high-resolution imaging outputted by the trained 

network  and  the  ground  truth  are  shown  in  Figure  6a,b.  One  can  see  great  visual 

Figure 4. The (a) low-resolution samples and (b) corresponding high-resolution samples.

3. Results and Discussion
3.1. Resolution Enhancing in the Single Target Case

The normalized loss curve is plotted in Figure 5. With the increase of the training
epochs, the normalized loss on the whole test set gradually declines. When the epoch grows
to 20, the normalized loss on the test set declines to 1 × 10−4. The normalized loss future
reduces below 5 × 10−4 after finishing 100 epochs of training. The loss curve indicates that
the end-to-end network is well trained and performs greatly on the entire test set.
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Without loss of generality, we randomly select one testing sample to show the perfor-
mance of the network. The predicted high-resolution imaging outputted by the trained
network and the ground truth are shown in Figure 6a,b. One can see great visual agreement
between the predicted result and the true high-resolution imaging, whether the resolution of
the target or its intensity. Compared with the inputted low-resolution imaging established
in Figure 6c, the resolution of the target in both directions is improved significantly.

The normalized maximum amplitude of Figure 6a,b in x and y directions are plotted
in Figure 7 to reveal the difference between the network predicted high-resolution imaging
and the real high-resolution imaging more clearly. Among them, x and y denote the
floating-point numerical values associated with their respective directional components.
The predicted profiles in Figure 7 are highly similar to the true ones. The tiny differences
mainly occur in the amplitude at the top of the profiles, which have little effect on the
determination of target resolution. The profiles in Figure 7 show that the network achieves
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the improvement of target resolution, while accurately preserving the position of the target,
intensity distribution, and other important information.
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An attempt is made to further enhance the resolution of the target, thereby pushing it
to its theoretical limit (the impulse function of the target). The impulse function of the target
is the impulse located at the target position and valued at 1. Usually, the impulse function
of the target is the limitation of the physical spatial resolution, which contains the ideal
target response of the imaging system. Based on the predicted high-resolution imaging,
we use the same network structure to reconstruct the mapping from the high-resolution
imaging to the impulse function of the target.

The configuration of datasets is the same as the above. 800 samples are used for
training, meanwhile, 200 samples are used for testing. Similarly, a 100-epoch training is
conducted, and the trained network performs greatly in the whole test set. A random
testing sample is selected to show the perdition results. The predicted impulse function
of the target, the ground truth of the impulse function, and the inputted high-resolution
imaging are given in Figure 8. The predicted impulse function of the target is highly
consistent with the ground truth, whether the location or amplitude of the target. The
physical spatial resolution is future enhanced to the limitation compared with the inputted
high-resolution imaging in Figure 8c.

To compare the details of Figure 8a,b, the normalized maximum amplitude at x and
y directions are displayed in Figure 9. Even in both directions, the theoretical impulse
response is only one pixel wide, and the outputted impulse function of the target is total
consistency with theoretical results in the distribution. The results could help us detect and
locate targets in case of limited aperture due to various reasons in practice.
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3.2. Resolution Enhancing in the Multiple Targets Case

Although the end-to-end network performs well in the single-target case, more com-
plex cases should be considered. We future focus on the case of multiple targets. Serval
(1–3) point targets are randomly placed in the imaging area to simulate the case of multiple
targets. The uncertain target number and the interaction between each target make it
changeling to improve the physical spatial resolution of every target one time. The configu-
ration of the training and testing set is the same as the single target case, and the proposed
neural network is trained for 100 epochs.

The normalized loss curve of multiple targets case is plotted in Figure 10. The normal-
ized loss on the whole test set declines rapidly as the number of training epochs increases.
After 20 epochs of training, the normalized loss is already less than 1 × 10−4. The normal-
ized loss future declined to less than 1 × 10−5 after 100 epochs of training. The results
present that the end-to-end network is able to improve the physical spatial resolution of
multiple targets case.

A three targets sample is randomly picked up to take a close look at the predicted
results and the ground truth. The predicted high-resolution imaging, the ground truth of
high-resolution imaging, and the inputted low-resolution imaging in multiple targets case
are given in Figure 11. Compared with the inputted low-resolution imaging Figure 11c, The
resolution predicted target imaging is greatly enhanced in both directions while maintaining
the right target location and amplitude. Moreover, the predicted high-resolution result is
highly consistent with the theoretical high-resolution result in target number, location, and
amplitude, which demonstrates that the trained end-to-end network performs precisely in
the task of multi-target resolution enhancement.
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The normalized maximum amplitudes at the x and y direction of Figure 11a,b are
shown in Figure 12. It can be seen more clearly that the result of network prediction is
affirmed adjacent to the theoretical ones. The significant features that the coordinate and
amplitude of each target are well preserved, in which the coordinate reveals the location of
the target while the amplitude reveals the interaction with the other targets.
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Figure 12. The normalized maximum amplitude in (a) x direction and (b) y direction.

We extend our analysis to future improve the resolution of the target. Consistent with
the findings, our objective is to push the physical resolution to its utmost limit. In other
words, to transform multiple targets to the impulse responses in corresponding position
simultaneously. The end-to-end network is retrained to fit the mapping from the obtained
high-resolution imaging to the impulse response in multiple targets cases. The training
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strategy and dataset setting are the same as the above. The detailed prediction result, the
ground truth of impulse function, and the inputted high-resolution imaging are listed in
Figure 13. The predicted impulse functions for multiple targets exhibit a high degree of
similarity to the ground truth data. There was no shift in target position or decrease in
some target resolution due to the increase in the number of targets. The results show that
the proposed network could further compress the targets in high-resolution imaging to the
extreme resolution, even in the multiple targets case.
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Figure 13. (a) The predicted impulse function of the multiple targets, (b) the ground truth of impulse
function and (c) the inputted high-resolution imaging.

It can be seen from the normalized maximum amplitudes at the x and y direction
illustrated in Figure 14 that the predicted impulse function of the multiple targets differs
fractionally to the theoretical results in both amplitude and coordinate of every target,
which is consistent with the Figure 13a,b. The results demonstrated herein indicate that
the proposed network significantly enhances imaging resolution, even extending the
boundaries of the physical spatial resolution constraints inherent in underwater multi-
target imaging systems. This is of great significance for underwater target recognition and
feature extraction.
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4. Conclusions
In this work, the deep learning method is utilized to enhance the physical spatial

resolution of sonar images with underwater targets. An end-to-end neural network that
contains the down-sampling part, up-sampling part, and the skip connections to map an
inputted low-resolution imaging to an outputted high-resolution imaging. The physical
spatial resolution enhancement attributable to the limited array aperture is examined, with
two scenarios investigated: the single target case and the multiple target cases. The loss
curves indicate that the normalized loss on the testing set declines significantly in both cases
with the increase of the training epoch. After 100 epochs of training, the network could
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predict precise high-resolution imaging with an uncertain target number. An additional
effort is undertaken to reconstruct the predicted high-resolution imaging to its physical
spatial resolution target utilizing the identical network structure. The results indicate that
the network could trend the high-resolution target to its theoretical impulse response at
the same location and amplitude. In conclusion, the present end-to-end neural network
performs well in the task of improving the resolution of underwater targets in sonar images
and broadens the application of deep learning in sonar image enhancement.
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