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Abstract— Forward-looking sonar is essential for underwater
perception especially in turbid waters, yet its images are often
strongly degraded by various noises, including speckle, sidelobe,
and structural noises, which severely hinder downstream tasks
such as underwater reconstruction, positioning, and navigation.
Most conventional sonar denoising methods reduce the noise
at the expense of loss of fine image features or blurred
image, while modern supervised learning methods demand
large paired datasets that are impractical to obtain in real
underwater conditions. In this paper, we propose SonarGAN,
a progressive Generative Adversarial Networks (GAN) based
framework that denoises sonar images under multi-type noises
in one go. Unlike traditional supervised methods, SonarGAN
avoids the need for costly paired datasets by combining un-
paired real and simulated images, synthetic noisy—clean pairs,
and joint refinement for comprehensive denoising. Extensive
experiments across multiple types of sonar and underwater
environments demonstrate the effectiveness of SonarGAN and
its generalization in real-world conditions. We further show that
SonarGAN provides high-quality inputs for downstream 3D
reconstruction, significantly improving both the completeness
and geometric accuracy of the reconstructed models. Our
code and dataset are available at https://github.com/
Amarantosl2/SonarGAN.

I. INTRODUCTION

Forward-looking sonar (FLS) has become an indispensable
sensing modality in underwater exploration and robotic per-
ception due to its ability to provide effective information in
environments where optical cameras fail because of turbidity,
low visibility, or insufficient lighting [1]. However, sonar im-
ages are often corrupted by diverse noise sources, including
speckle noise caused by coherent signal interference, rever-
beration from multipath reflections, sidelobe noise introduced
by imperfect beamforming [2], [3], as well as structural noise
introduced by inherent imaging mechanisms or hardware
limitations [4]. These noises reduce image contrast, blur
object boundaries, and increase the difficulty of extracting
reliable features, thereby limiting the performance of down-
stream tasks such as detection, mapping, 3D reconstruction,
and autonomous navigation.

Conventional denoising methods [5], [6] reduce some
noises but often over-smooth fine structures and struggle
to preserve edges in dynamic underwater environments.
Deep supervised learning based methods [7], [8] achieve
better performance by learning noise distributions but require
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(a) Simulation and real-world environments for sonar images collection.

(b) Denoising effects of our methods per-stage on two types of sonar.

Fig. 1: The environments for sonar data collection (a) and
denoising effects of our methods (b).

paired (noisy and denoised) sonar datasets that are expen-
sive to obtain, and generalize poorly across different sonar
types and underwater conditions [9]. In recent years, GAN-
based methods [10], [11] have shown promising results,
with CycleGAN [12] being especially attractive for sonar
images since it is able to learn from unpaired data. However,
CycleGAN often introduces artifacts and fails to remove
structural noise, leaving room for more robust solutions.

To address the challenges, we propose SonarGAN, a
progressive GAN-based framework that incrementally im-
proves noise suppression while preserving target structures.
SonarGAN consists of three stages: (1) Unpaired Preliminary
Denoising (UPD), which employs a CycleGAN to suppress
random noise using unpaired real noisy and simulated clean
images; (2) Paired Structured Suppression (PSS), which
leverages synthetic noisy-clean pairs in a pix2pix framework
to explicitly remove structural noise; and (3) Constrained
Joint Refinement (CJR), which integrates the two models for
comprehensive denoising while preserving structural details.
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A self-attention module is embedded into all generators to
capture long-range dependencies in sonar imagery.

The contributions of this paper are summarized as follows:

1) We propose a sonar image denoising framework,
SonarGAN, which avoids costly annotating and re-
moving noises in sonar images. It effectively removes
various types of noise in sonar images, and generalizes
easily and effectively over different types of sonars and
different working conditions.

2) We introduce the Visual Geometry Group (VGG)
perceptual loss and pixel supervised loss to fine-tune
the generators, effectively maintain structural integrity
and prevent the loss of critical target information in
denoised images.

3) We conducted extensive comparison experiments on
both simulated and real datasets collected from differ-
ent types of sonars, demonstrating the superior perfor-
mance of the proposed SonarGAN method. The results
demonstrate the superior performance of SonarGAN in
both qualitative visual enhancement and quantitative
improvement of downstream 3D reconstruction accu-
racy.

The remainder of this paper is organized as follows.
Related works about sonar image denoising are summarized
in Section II. Section III explains the proposed SonarGAN
in detail, followed by the experiments in Section IV. The
conclusion and future works are given in Section V.

II. RELATED WORKS
A. Classical Sonar Denoising

Early sonar denoising focused on speckle noise, us-
ing classical filters (Lee, Kuan, Frost) based on a mul-
tiplicative speckle model, which often blurred fine struc-
tures [13]. Adaptive schemes with variation-based thresholds
improved edge preservation [14]. Later, generic methods
such as wavelets [15], non-local means [16], and BM3D [17]
achieved stronger denoising with better detail retention.
However, these conventional approaches remain inadequate
for suppressing sonar-specific structural noise in FLS images,
including stripe and fixed-point artifacts.

B. Learning-based Sonar Denoising

With the development of deep learning, convolutional
neural networks (CNNs) have been widely used in sonar
image denoising. Ji et al. proposed a self-supervised method
based on Noise2Void, which can effectively remove Gaussian
and speckle noise [18]; Si et al. proposed WTCRNet, which
combines wavelet transform and contrastive regularization
for forward-looking sonar denoising [19]. In addition, blind
denoising baselines such as SCUNet, which combines CNNs
and Transformers, have also been explored [20]. Recently,
Vishwakarma proposed a denoising and inpainting method
based on convolutional sparse representation, which effec-
tively preserves edges and textures [7].

Generative adversarial networks (GANs) have shown great
potential in sonar denoising. Typically, unpaired frame-
works including UIDNet [21], UNIT [22], CUT [23], Still-

GAN [24], and DRGAN [25] have been proposed to enhance
the effectiveness of image denoising. In sonar scenarios,
Zhao et al. proposed NCD-GAN, which achieves unpaired
denoising through simultaneous contrastive learning [8];
Lin et al. used conditional GANs to generate masks from
FLS images to filter noise [26]; STGAN combined GAN
with Transformers for speckle noise suppression [27]. These
methods outperform traditional ones in complex noise envi-
ronments, but still face risks of unstable training and mode
collapse.

In recent years, diffusion models have been widely ex-
plored for sonar image denoising. Following the seminal
work of Ho et al. on DDPM [28], subsequent studies applied
diffusion models to sonar super-resolution and denoising,
demonstrating notable improvements on real datasets [29],
[30]. However, their high inference cost limits practical real-
time deployment.

III. METHOD

This section details the proposed SonarGAN, which adopts
a three-stage progressive training strategy for denoising (Fig.
2). We first briefly review CycleGAN [12] and pix2pix [11],
used in the first two stages. SonarGAN then performs ini-
tial random-noise suppression via the unpaired UPD stage,
followed by sonar-specific structural noise extraction in the
paired PSS stage. Finally, the CJR stage integrates the pre-
trained models within a CycleGAN framework to jointly
optimize denoising while preserving geometric details. For
visual consistency, sonar images are inverted to grayscale.

A. Brief Introduction of CycleGAN and pix2pix

1) CycleGAN: The goal of CycleGAN is to learn a bidi-
rectional mapping between a source domain X and a target
domain Y in the absence of paired training examples [12].
The fundamental framework consists of two generators and
two discriminators: the generators, G : X — Yand F : Y —
X, are responsible for the bidirectional mappings; while the
discriminators, Dy and Dy, are tasked with distinguishing
whether the input is real or not in their respective domains.
The total loss function of CycleGAN is composed of three
components: adversarial loss L,q, cycle consistency loss
Lcyc and identity loss Lig.

The adversarial loss constrains the distribution of gener-
ated images to align with that of the target domain. For the
mapping G : X — Y and its discriminator Dy, the loss
Lean(G, Dy, X,Y) is defined as:

Loan(G, Dy, X,Y) = Eyp, [log Dy (y)]
+ Eypy [log(1 — Dy (G(x)))]

The loss Loan(F, Dx,Y, X) for the mapping F' : Y — X
and its discriminator Dx can be defined similarly. And the
total adversarial loss L.q is the sum of Lgan(G, Dy, X,Y)
and ﬁGAN(F, Dx,Y,X).

The cycle consistency loss is introduced to regularize the
mapping functions and prevent them from learning arbitrary
translations. This loss enforces that a forward-and-backward
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Fig. 2: The system framework of SonarGAN. The overall training is carried out in three stages. The UPD stage and the PSS
stage are trained respectively to obtain two pre-trained denoising generators, which are fine-tuned in the CJR stage.

translation should be able to recover the original image,
thereby approximating an identity mapping:
Leye(Gy F) = Egrpy [[|1F(G(2)) — 2]
+ Eypy [IG(F () = yll1]

The identity loss encourages the generator to preserve the
input when it already belongs to the target domain. This is
particularly useful for stabilizing the color and brightness
distributions of the generated images:

Lia(G, F) = Eypy [[IG(Y) = yll]
+ Eonpx [ F(2) — 2]

The total loss function of CycleGAN is a weighted sum

of these losses:

L= Ead + >\cyc ['cyc(Gy F) + >\id Eid(G7 F) (4)

2

3)

2) Pix2pix: Pix2pix learns a mapping from source domain
X1 to target domain Y7 using paired data [11], consisting of
a generator and a conditional discriminator. The generator
translates inputs to target images, while the discriminator dis-
tinguishes real from generated pairs. Its objective combines
an adversarial loss for realism and an L1 reconstruction loss
to enforce pixel-level fidelity.

B. Unpaired Preliminary Denoising (UPD)

The goal of the UPD stage is to use the CycleGAN
framework to train a generator G 4_, 5 that can receive noisy
sonar images and generate preliminary denoising results.
Specifically, we first obtain two unpaired datasets: the noisy
sonar image set .4 collected in the real world and the noise-
free sonar image set B3 collected in a simulated environment.
Then G 4, is trained under the CycleGAN framework to
complete the mapping from domain A to domain B, as
illustrated in Fig. 3.

However, using only the CycleGAN loss here cannot
achieve ideal denoising because it is difficult to balance the

= G-z _ :
08— e —

Generator for A to B Gaop(A)
I — ﬁB—nA
i | A |-
= B

G5-.4(B) Generator for B to A

Vgg Loss

Fig. 3: The structure of UPD.

effects of adversarial loss and cycle loss. The former will
cause the model to mistakenly identify some pixels with
weak intensity as noise and remove them, as shown in Fig.
4(b); while the latter tends to preserve nearly all information
from the input, thereby hindering the removal of complex
noises, as shown in Fig. 4(c). To achieve a better balance
between effective denoising and structural fidelity, we design
a VGG loss Ly, as below:

Logs = > (101G asss(A) = dr(A)]l
leL (5)

+[161(C5-s.4(B)) = 6u(B) 1)

where ¢;(-) denotes the feature map extracted by the I-
th layer of VGGI19 [31], and L is the number of the
layers. The VGG loss measures similarity in the deep feature
space, rather than in the raw pixel space. This allows the
model to preserve high-level semantic information, such as
object edges and textures, while having more freedom to
alter pixel-level noise distributions, thereby breaking the
aforementioned dilemma, as shown in Fig. 4(d).

The final loss function for the UPD stage is a weighted
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Fig. 4: (a) The original noisy image; (b) The over-denoising
image; (c¢) The incomplete-denoising image; (d) The de-
noised image using VGG perceptual loss.

sum of the standard CycleGAN loss and the VGG loss:
['UPD = »Cad + /\cycﬁcyc + )\id»cid + )\vggﬁvgg (6)

We optimize the model with Lypp and retain the
UPD outputs, yielding preliminarily denoised images B =
Ga-p(A) that suppress random noise while preserving
coarse structures. These results, together with the pretrained
generators and discriminators, are used for joint optimization
in the third (CJR) stage.

A key design choice is using polar rather than Cartesian
sonar images. Since the PatchGAN discriminator [11] eval-
uates local patches, Cartesian representations contain many
invalid patches outside the sector (Fig. 5), which are trivially
judged as clean and can prematurely stop generator training,
degrading denoising performance.

Fig. 5: The sector area denotes the sonar detection region,
while the remaining white background indicates the invalid
region.

C. Faired Structured Suppression (PSS)

While the UPD stage effectively suppresses random noise,
it cannot handle structural noise. Such noise arises from the
sonar imaging mechanism and appears as stripe artifacts,
fixed-point clutter, or other stable patterns persisting across
frames (Fig. 6). Because these artifacts closely resemble true
targets in intensity and shape within a single image, unpaired
methods face inherent ambiguity in removing them.

To address this issue, we adopt a pix2pix framework to
train a generator Gz, that removes structural noise from
raw sonar images. We first collect pure noise images N
in empty environments containing only background and
stable structural artifacts. These are added to clean simulated
images B to form paired samples (C = B + N,B) for
supervised training (Fig. 7).

Since the input data are paired, the generator G2, can
be trained by the pix2pix framework. The loss function

(@) (b)

Fig. 6: (a) The pure noise image of the sonar BlueView P900-
130. (b) The pure noise image of the sonar Oculus M1200d.
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Fig. 7: Using pure noise and clean images, we synthesize
noisy samples and train a conditional GAN to map from the
noisy to the clean domain. The discriminator distinguishes
real noisy, clean pairs from generated ones, while the gener-
ator learns to transform noisy inputs into clean-like outputs
that fool the discriminator.

of the PSS stage Lpgs combines the standard conditional
adversarial loss with a pixel-level L1 reconstruction loss,
ensuring that the generated outputs align with the target
images in both distributional and content fidelity:

1) Adversarial Loss: The adversarial loss constrains the
generator’s output to be close to the distribution of real target
images. Its form is:

Laan(Gpap, D) = Ec sllog D(C, B)]
+ Ecflog(1 — D(C, Gp2p(C)))]-

Here, D(C,B) determines whether the input-target pair
comes from real data, while D(C,Gp2,(C)) determines
whether the input-generated pair is synthetic.

2) Reconstruction Loss: To ensure the generated image is
close to the real target in pixel space, pix2pix employs the
L1 loss as an additional constraint:

£L1(Gp2p) = EC,B[HB - Gp2p(c)||1}- (3)

Combining both components, the optimization objective
of pix2pix is:

Etotal(Gp2p> D) = EGAN (Gp2pa D) + A ACLI (Gp2p)7 (9)

where A is a weighting coefficient that balances adversarial
consistency and pixel-level accuracy.

By optimizing Lpsg, the PSS stage yields a generator
Gpop that can effectively map sonar images containing
structured artifacts into the noise-free domain. This generator

(7

20974



serves as a structural noise suppression model, which will
be integrated into the third stage (CJR) to provide a critical
structural prior for joint optimization.

D. Constrained Joint Refinement (CJR)

The UPD and PSS stages are designed for random speckle
noise and specific structural noise, respectively. Using either
one of them alone cannot guarantee both the structural
integrity of targets and the comprehensive denoising effect.
Therefore, to exploit the two stages synergistically in this
stage, the denoising generator Gpop, pretrained in the PSS
stage, is used as a fixed guidance module to refine the
generator G 4,3 obtained from the stage of UPD.

The generator G2, is used to generate a mask that
completely removes structural noise and ensures the integrity
of the target structure in the original images. We input
the noisy original image A (Fig. 4(a)) into Gpap to get
a denoised image B, = Gpop(A), as shown in Fig. 8.
Since the brighter area in Bl comes from real echoes, which
correspond to actual regions in the scene and contain most of
the true targets, we apply the Otsu adaptive threshold method
to generate a high-precision target mask M.

v
f ]
UPD output >
& ‘i
P » /-h‘ Final output
PSS output Binary mask

Fig. 8: We perform pixel-wise comparison between the
binarized output of the PSS stage and the output of the UPD
stage, and obtain the final denoising result through training.

For the target regions in the binary mask M (where M =
1, corresponding to the black regions in Fig. 8), the generator
output should remain consistent with the noisy original image
to ensure the target structure is not damaged; for the noise
regions (where M = 0, corresponding to the white regions in
Fig. 8), the generator output should approach zero as closely
as possible to achieve noise suppression. To this end, we
design the following pixel supervised loss function:

Lps = H(l - M) © GA—)B(A)”l

10
M 6 (Gass(A) — A (10

where A represents the noisy original image, G 4—,5(.A) de-
notes the generator output image, M is the binary target mask
obtained through the Otsu method, ® indicates element-wise
multiplication, and || - [[1 represents the L1 norm.

By adding constraints on structural noise to the generator
Gpap, the generator and discriminator in the UPD stage can

be further optimized. The total loss is formulated as:

£CJR = /\gan‘CGAN + )\cycﬁcyc

(1D
+ )\idﬁid + )\Vggﬁvgg + ﬂ‘cps~

Through this design, the structural discriminative knowl-
edge embedded in the PSS model is effectively injected into
the UPD generator via the mask constraint, thereby enhanc-
ing its generalization capacity for denoising. Additionally,
due to the VGG perceptual loss, the denoised output by the
generator G 4, after joint training preserves the complete
structure of the target objects. The refined generator G 4,5
achieves collaborative suppression of both random and struc-
tural noises while maintaining pixel-level structural fidelity in
target regions, significantly improving denoising robustness
and effectiveness over the original generator G 4,3 obtained
at the stage of UPD. The workflow of this stage is illustrated
in Fig. 8.

IV. EXPERIMENTS

In this section, we conducted extensive experiments on
both synthetic datasets and real-world datasets. To com-
prehensively validate the proposed SonarGAN, we evaluate
both the statistical image quality and the performance im-
provement on the downstream 3D reconstruction task. The
proposed SonarGAN’s denoising performance was compared
with conventional methods [15], [16], [17], learning-based
methods [20] and GAN-based methods [21], [22], [23], [24],
[25]. All training and testing were performed on an Intel(R)
Xeon(R) Silver 4314 CPU @ 2.40GHz with four NVIDIA
GeForce RTX 3090 GPUs, while inference was evaluated on
a single RTX 3090 GPU. Our method achieves an average
inference speed of 20 frames per second (FPS), which fully
satisfies the real-time requirements of underwater robotic
tasks.

A. Experiments on synthetic images

Since the simulated sonar noise distribution is relatively
simple, we synthesized noise-free images collected in the
simulation environment with pure noise images by sonars
in real-world underwater scenes to provide more real-
istic experiment data. We used two simulation environ-
ments, HoloOcean [32] and DAVE Aquatic Virtual Envi-
ronment [33]. The pure noise images were obtained from
two different types of sonar, Oculus M1200d' and BlueView
P900-1302, respectively.

Fig. 9 and Table I summarize denoising results on syn-
thetic datasets using PSNR, SSIM, and LPIPS. Conventional
methods perform poorly across all datasets, while existing
deep learning approaches show dataset-specific gains but
suffer from limited generalization, over-denoising, or struc-
tural degradation. Although CycleGAN is relatively more
stable, it still fails to preserve target structures. In contrast,
our method consistently achieves the best performance, with

I The datasets were collected by ourselves in a laboratory tank and a river.

2The open-source dataset Aracati2017 [34] was acquired in the marina of
the Yacht Club of Rio Grande, Brazil. The dataset is available at https:
//github.com/matheusbg8/aracati2017.
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TABLE I: Quantitative Comparison of Experimental Results on Synthetic Datasets

Method ‘ DAVE + M1200d ‘ DAVE + P900 ‘ HoloOcean + M1200d ‘ HoloOcean + P900
|PSNR 1 SSIM 1 LPIPS || PSNR 1 SSIM 1 LPIPS || PSNR 1 SSIM 1 LPIPS | | PSNR 1 SSIM 1 LPIPS |
BM3D [17] 19.33 0.07 0.41 15.48 0.06 0.55 20.05 0.14 0.45 15.72 0.14 0.60
NLM [16] 19.42 0.10 0.26 15.37 0.08 0.51 19.94 0.15 0.35 15.52 0.14 0.59
Wavelet [15] 18.37 0.07 0.46 14.70 0.06 0.61 19.38 0.13 0.56 15.06 0.13 0.68
DRGAN [25] 18.12 0.29 0.51 17.13 0.12 0.58 27.09 0.81 0.25 26.51 0.79 0.30
CUT [23] 27.67 0.81 0.20 18.04 0.10 0.60 14.86 0.10 0.62 9.99 0.08 0.77
UIDNET [21] 27.28 0.66 0.38 22.88 0.57 0.49 24.03 0.22 0.44 17.49 0.23 0.61
SCUNET [20] 19.44 0.10 0.29 15.28 0.08 0.59 19.95 0.16 0.37 15.41 0.14 0.64
StillGAN [24] 25.21 0.14 0.32 21.74 0.09 0.51 27.85 0.77 0.22 23.01 0.71 0.43
UNIT [22] 23.00 0.17 0.40 22.59 0.28 0.42 26.24 0.49 0.35 21.21 0.13 0.52
CycleGAN [12] | 24.65 0.39 0.29 2291 0.28 0.37 28.18 0.58 0.27 21.52 0.26 0.47
Ours 32.66 0.93 0.09 30.41 0.92 0.15 31.52 0.91 0.15 33.21 0.92 0.15
Clean Noisy BM3D NLM Wavelet DRGAN CUT UIDNet SCUNet StillGAN UNIT CycleGAN Ours
P — A !pwr P —— -~ m— i o - — —— m..,!\ - = —

DAVE+P900

DAVE+M1200d

HoloOcean+P900

HoloOcean+M1200d I 1 I }

Fig. 9: Comparison of denoising results on synthetic datasets.

robust noise suppression, accurate structure preservation, and
strong cross-dataset generalization.

B. Experiments on real sonar images

We used real-world data collected by the same two sonars
as in the synthetic dataset experiments. Since the noise and
intensity distributions of FLS do not satisfy the natural scene
statistics assumption [35] on which the commonly used no-
reference image quality assessment metrics are based, we
adopted a new evaluation metric based on the Kullback—
Leibler (KL) divergence to measure the statistical difference
between denoising residuals and pure background noise here.
The metric is defined as:

1 H W 255 Di;
Dy = S Y A 12
- szzzp(q) (12

where H and W are the height and width of the image,
Dij,p represents the probability of the b-th histogram bin at
pixel (i, 7) in the residual images (the absolute value of the
difference between the image before and after denoising),
and g;;, denotes the probability of the b-th bin at (4, 7) in
the pure noise images.

In addition, we proposed an evaluation metric based on
mean images by averaging pixel values across the residual
and pure noise datasets to obtain their respective mean im-
ages. PSNR and SSIM between these mean images were then
calculated to evaluate spatial fidelity and noise suppression
performance.

As shown in Table II and Fig. 10, DRGAN performs well
on the Oculus M1200d dataset but degrades on the BlueView
P900 due to highly variable noise. Traditional methods
provide limited denoising; CUT distorts structures, UNIT
removes structural noise at the cost of details, CycleGAN
yields unbalanced results, and StillGAN is only partially
effective. In contrast, our method consistently achieves strong
denoising and structure preservation across both datasets,
outperforming others on multiple metrics.

Furthermore, we conducted an experiment to evaluate the
generalization ability of our proposed method. Specifically,
we directly applied the model trained on Oculus M1200d
data collected in a river to denoise the laboratory tank dataset.
Surprisingly, it can still achieve a perfect denoising effect,
as evident by comparative results in Fig. 11.

C. Evaluation on Downstream 3D Reconstruction

To assess the impact of SonarGAN on downstream percep-
tion, we evaluate 3D reconstruction performance of Differen-
tiable Space Carving (DSC) [36] using images denoised by
different methods. Due to space limitations, detailed quanti-
tative and visualization results on synthetic data are provided
in the supplementary video. This section reports reconstruc-
tion results from a real laboratory tank only. Following [36],
an H-shaped target (0.5 x 0.1 x 0.6 m) was scanned top-
down using an Oculus M1200d sonar, as illustrated in Fig.
12. Images denoised by different methods were directly fed
into the DSC framework for 3D reconstruction.

As shown in Fig. 13, ambient noise degrades reconstruc-
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TABLE II: Quantitative Comparison of Experimental Results on Real-world Datasets

Oculus M1200d

Aracati2017 (BlueView P900-130)

Method
KL Divergence | PSNR 1 SSIM 1t KL Divergence |, PSNR 1 SSIM 1t

BM3D 0.62 8.40 0.12 2.37 8.80 0.02
NLM 0.64 9.15 0.27 2.51 10.19 0.15
Wavelet 0.63 8.85 0.22 1.88 9.63 0.11
DRGAN 0.43 23.33 0.94 0.84 18.13 0.78
CUT 0.63 15.33 0.52 2.06 18.84 0.71
UIDNET 0.65 22.06 0.90 2.57 16.39 0.68
SCUNET 0.65 15.08 0.35 2.57 16.51 0.35
StillGAN 0.66 13.98 0.70 1.22 18.74 0.72
UNIT 0.56 14.66 0.55 0.91 10.75 0.29
CycleGAN 0.55 22.24 0.89 1.05 18.46 0.77
Ours 0.47 31.83 0.96 0.65 19.87 0.85

Fig. 10: Comparison of denoising results on real-world datasets.

Fig. 11: Comparison of denoising results on the laboratory tank datasets.

4

Sonar

m

Fig. 12: Sonar perspectives for imaging in the laboratory
tank [36].

tion quality in real underwater conditions. The reconstruction
using raw data exhibit floating artifacts, while the ones
using denoised data from some baselines such as UNIT
recover contours but cause geometric distortions. In contrast,
SonarGAN suppresses acoustic noise and produces recon-
structions with preserved geometry and structural integrity,
demonstrating its effectiveness as a pre-processing step for

Fig. 13: 3D reconstruction of H-shape in the tank using sonar
data denoised by different methods.

real-world 3D reconstruction.

V. CONCLUSION AND FUTURE WORK

This paper proposes SonarGAN, a GAN-based denoising
framework for FLS images. Through progressive training,
two generators are learned to sequentially remove speckle
noise and sonar-specific structural noise, and are integrated
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to achieve enhanced denoising. The method requires nei-
ther noise-free real data nor manual annotations, ensuring
strong practicality and generalization. Extensive comparative
experiments demonstrated that the denoising performance
of SonarGAN is superior to existing methods. Furthermore,
the denoised images are shown to effectively improve the
geometric accuracy of downstream 3D reconstruction tasks.
Nevertheless, SonarGAN shows a certain dependency on the
noiseless sonar domain in unpaired training, as different
forms of sonar images directly affect the quality of the
denoised results. In future work, we plan to explore more
robust approaches that remove the dependency on noiseless
sonar images.
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