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Abstract

With development of sonar technology and deep learning, sonar images have been widely used to detect underwater tar-
gets. However, the shortage of sonar data sources has become one of the biggest challenges in underwater targets detect-
ing with neural networks. For example, actual underwater experiments are complicated and high cost, and the un-known
detection targets and wreck degree, which makes it challenging on sonar object detection and recognition algorithms. In
order to solve these problems, we propose a sonar image generating method based on diffusion model combined with
ControlNet and LoRA method. The sonar-style target sample images are generated through Stable Diffusion with real
sonar images. By combining the optical targets and sonar targets, the proposed image can produce multiple sonar-style
images. Use of LoRA method with few real sonar images, which can train sonar stylized model to generate images. In
the meantime, by introducing fine-tuned ControlNet model via control wreck degree of optical image, which makes the
specific target be expanded with more diversification. The model makes the degree of damage to sonar target wreckage
controllable. The experimental results show that our method achieves features similar to those of real sonar targets and
can be used for training detection tasks.

Keywords Sonar images - Sonar-style target - Stable diffusion - ControlNet

1 Introduction

With the development of neural networks, more and more
researchers applied the technology to underwater object
detection with sonar images [1, 2].And optical imaging can
be used as a type of measurement technology and is widely
Jier Xi applied in the simulation and recognition tasks of sonar
xijier@hrbeu.edu.cn images [3, 4].Some of the research simulates sonar images
via generative adversarial networks (GAN) [5, 6]to generate
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high-resolution images. As one of the most popular meth-
ods, GAN has been applied in many fields, especially in
generative images. The network of generators is challeng-
ing to control in the training phase, and the loss function has
random fluctuation, making the model converges difficultly.
And the method requires a large amount of real data. It has
become one of the blockers in the generative sonar images.
With the limited number of real sonar images, using opti-
cal images via style transfer learning to generate sonar-like
images is one of the effective methods to simulate sonar
targets [7—10]. The data with style transfer learning can be
applied on training detection model phase. However, these
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methods still need to consider the sonar imaging mechanism
and hard to applied on target-semantic.

Some of the research via improved style transfer learning
and imaging mechanisms has addressed the issues. Bai et al.
[7] using a context external-attention network to generate
pseudo-side-scan sonar images for zero-shot classification,
with optical and acoustic images serving as content and
style inputs. A global context block merges style and con-
tent features, while an external attention block finds correla-
tions to augmentation sonar images. Xi et al. [8] proposed
an improved style transfer-based method via stain-like noise
and shadow distribution enhancement on optical images to
augment sonar image samples for zero-shot learning. Huang
et al. [11] proposed a comprehensive sample augmentation
method for side-scan sonar targets, backgrounds, textures,
resolutions, and noise using a wreck as an example. How-
ever, style transfer-based methods, it has always spent enor-
mous computer resources and time and the optical image
with sonar style has a low representative with actual sonar.

To minimize the domain gap between real-world data
and synthetic simulations, some of the research applied the
diffusion model to simulated sonar images [12, 13]. Sta-
ble diffusion [14—16]has extensive applications in various
fields, especially in the field of image generation. It is highly
improved in the field of generative sonar images. The meth-
ods with fine-tuned diffusion models generate more realistic
sonar images compared with other methods. However, these
methods still cannot simulate wreck target and improve
detection performance effectively. In our paper, we applied
fine-tuned stable diffusion as the basic method to generate
sonar images. The general process of applying stable dif-
fusion to generate sonar image is shown in the Fig. 1. The
overall idea is extracting source target 2°" features and fus-
ing these features to generate new target /%79 via adding
noising data z°"¢ and reducing noise 2?79,

Our paper introduces a fine-tuned stable diffusion com-
bined with ControlNet method and its applications in sonar
image generation with sonar features using optical image.
Our contribution lies in exploring stable diffusion and LoRA

effectiveness compared to other methods and its potential
for various applications. The generated sonar images by our
method can serve as training datasets for detection models
and detected targets in real sonar images.

2 Related work

This work aims to generate high-fidelity and geometry-con-
sistent sonar images from optical images to augment train-
ing data for both side-scan sonar (SSS) and forward-looking
sonar (FLS) tasks. Existing studies on sonar data augmen-
tation can be broadly categorized into physics-based simu-
lation, GAN-based generation, and recent diffusion-based
methods.

2.1 Sonarimage synthesis and data augmentation

Physics-based sonar simulators and synthetic datasets [2]
generate sonar-like images by modeling acoustic propaga-
tion and seabed scattering. While these approaches provide
physically meaningful images, they often fail to reproduce
the complex appearance and structural variability of real
sonar targets, and they require expensive parameter tuning
and scene modeling.

GAN-based and Style transfer methods [4-8, 10, 11]
have been widely used to map optical or simulated images
to sonar-like appearances. These methods focus on learning
appearance-level transformations, but they often suffer from
structure distortion, mode collapse, and limited controllabil-
ity, which makes them unsuitable for generating task-ori-
ented training data for detection and classification.

Recently, zero-shot and diffusion-based sonar genera-
tion methods [12] have shown improved visual realism.
However, existing diffusion-based approaches mainly target
image-level style synthesis and lack explicit mechanisms to
preserve target geometry or enable controllable cross-modal
mapping from optical to sonar domains.

Fig. 1 Applying diffusion to generate
Sonar image
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2.2 Cross-modal image translation for sonar

In many practical scenarios, optical images provide accu-
rate geometry and clear object boundaries, whereas sonar
images encode acoustic reflectivity and shadow patterns.
Most prior sonar translation methods perform appearance-
level style transfer based method [4, 7, 8, 10, 11] without
explicit geometric constraints, which leads to misalignment
between the generated sonar image and the original object
structure. Such misalignment limits the usability of gener-
ated samples for downstream detection and recognition
tasks.

2.3 Diffusion models with controllable adaptation

Diffusion models [14, 15] provide a powerful generative
framework by iteratively denoising random noise to syn-
thesize images. Compared with GANSs, diffusion models
exhibit better stability and diversity. However, fine-tuning
large diffusion models for domain-specific tasks is compu-
tationally expensive and often requires large-scale labeled
data.

Low-rank adaptation (LoRA) [17] enables efficient fine-
tuning of diffusion models with limited data, while Control-
Net introduces structural constraints to guide the generation
process. In this work, we integrate LoR A and ControlNet into
a unified diffusion-based framework to achieve controllable
optical-to-sonar translation for both SSS and FLS images.
Unlike prior sonar generation methods, our approach explic-
itly preserves object geometry while adapting sonar-specific
appearance, enabling the generation of task-consistent train-
ing samples for detection and classification.

As summarized in Table 1, existing sonar augmentation
methods are either limited to appearance-level translation or
lack geometric consistency, which restricts their applicabil-
ity to detection and classification tasks. Our method enables
geometry-preserving optical-to-sonar generation for both
SSS and FLS, making it directly usable for downstream
detection and classification, as will be detailed in the fol-
lowing sections.

Table 1 COMPARISON OF SONAR DATA AUGMENTATION
METHODS

Method Optical—Sonar Geometry SSS FLS
Control

Physics-based X v v limited

(2]

GAN-based v X v v

[4-7]

Style transfer v weak v v

[8, 11]

Diffusion [12] X weak v limited

Ours v v v v

3 Method

3.1 Overall idea of stable diffusion for generate
sonar image

To meet the data requirements of detection model on sonar
target detection tasks, the generated sonar images model
should have the characters of similar feature distribution
compare with real data, more data diversity than real data,
generating synthetic data for rare classes to avoid the class
imbalance problem, and the generated image with human
visual perception.

Sonar image is an acoustic-based image, using the
acoustic-based data as diffusion model input, the generated
data has similar acoustic-based data distribution. The sonar
image detection task needs a large amount of diverse data as
training data to improve generalization ability of the detec-
tion model. Diffusion can generate images with different
backgrounds, angles, lighting, and environments. Such of
diversity expands the sonar data, its makes object recogni-
tion models from various perspectives and under changing
conditions. Diffusion model restores complex structures and
features from Gaussian noise when generating images grad-
ually. The model not only extract features from the data but
also the generated image must maintain semantic similarity
with real target images in a low-dimensional feature space,
ensuring that the generated data is structurally similar to real
images. Another, in the sonar object detection tasks, part of
classes of data may be scarce or need detect certain specific
targets, such as wreck. Images generated by LoRA based on
diffusion model can be used to synthesize samples for these
classes, addressing the data imbalance issue and enhanc-
ing the model’s ability to recognize specific targets. Since
this method is based on a Stable Diffusion-based generation
framework, image synthesis is performed by first extract-
ing original image features and then recombining these fea-
tures to form new target images. As a result, the generated
sonar images demonstrate cross-sonar-type generality and
are applicable to both Side-Scan Sonar (SSS) and Forward-
Looking Sonar (FLS).

3.2 Our methods

Generally, our research goal is to overcome the limited
amount of real sonar data and the lack of clear, detailed fea-
tures in the sonar images generated by existing methods.
Due to the less real sonar image, the target’s background
also has less diversity. To control the generated target with
special sonar features and reduce fine-tuning costs, we pro-
pose a generative sonar image framework based on LoRA
and stable diffusion model that combined ControlNet
method which using optical images and wreck function as
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Fig. 2 Overall process of the proposed
method
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input. The overall framework to generate sonar image of the
proposed method is illustrated in Figure 2.

As described in Figure 2, our method using two types
of models to generate sonar image. The first model is the
stylized stable diffusion which using real sonar image as
training dataset. In training phase, we using LoRA as the
Parameter-Efficient Fine-Tuning method for rising training
effective. The second is the ControlNet model to control the
shapes and features. We propose a wreck function 7, (p)
to control the degree of wreck for the optical images which
used for control input. The stylized stable diffusion com-
bined ControlNet can generate the sonar image with dif-
ference wreck and shapes. The general validation methods
via FID, SSIM and LPIPS [18-20] to validate the generated
images. The survey by sonar targets researchers (The survey
is not present in the process).

3.3 Sonar image generated by LoRA and stable
diffusion

In this paper, we applied stable diffusion model as the
core method. Stable diffusion is the state-of-the-art field
of generating images using deep learning methods. The
method contains forward (Encoder) and reverse (Decoder)

@ Springer
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processes. The general process for our experiments is shown
in Figure 3.

During the forward process, Gaussian noise is pro-
gressively added to the original image. Over T times, the
steps of adding noise to the original image transformed the
image into Gaussian noise with a standard normal distribu-
tion. The original data is assumed to satisfy the distribu-
tion zp ~ q(xo). As the number of steps increases, the noise
also increases in image i, o, - ¢, - - ,Z7. Each noise
on the moment of step, is only related to the previous status
step,_,. Therefore, the forward process can be treated as
a Markov process [21]. oy = 1 — B, is the weight of noise
intensity. /3; is ranged from 0.0001 to 0.002 in [14, 15]. We
use the same parameters in our paper. The number of steps
increases, and the noises become larger than that in the pre-
vious status. The status x; can be presents as below:

Ty = w1 + V1 — gz (1)

The 21,29, --,~ N(0,I) follows Gaussian distribution.
Given z;_1,r¢ should follow a normal distribution. The
resulting ¢(x) can be presents as below:
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=N (z4; Vogwi—1, (1 — ay)l),
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Essentially, the reverse denoising process is generating
images step by step from a standard normal distribution
through decoder. With a parameterized model py (e.g. a
neural network) to approximate ¢ (2;_1|z;) which fol-
lows Gaussian distribution[16]. Choose pg to be Gaussian,
and parameterize mean py (z¢,t) and covariance matrix
> ¢ (x4, ). The reverse process can be presents as below:

T

H ﬂﬁt 1|$t 3)

po(Xo:1)

Pz | @) :N(xt—l;ue (w4, 1), Xg (21, 1))

And the loss function as below [22]:

£(0) =E [Jleo () - ] )

€p 1s a neural network designed to predict the diffusion
noise €. When using Stable Diffusion model to find opti-
mized parameters, a large amount of fine-tuning and data
processing is required, leading to increased computational
costs and manual work. LoRA is widely used in conjunction
with Stable Diffusion [22] for customized image generation.
And the method has highly reduced the cost of computer
cost and training time.

When we modify one of the parameters W € R%*< in sta-
ble diffusion model, the LoRA model focus on the degree of
change AW € R¥? W + AW as the changed parameters
to presents the model. In the fine-tuning phase of LoRA, the
model only needs to add one weight « € [0, 1] to generate
the images. The parameter can be presented as W + aAW.
For efficient parameters in the fine-tuning phase, represent-
ing the variation of parameters with less information AW,
W can be split by two matrixes with low rank[17]. It can be
presented as below:

AW = BA, AeR™ BeR¥™ r<d (5)

In our practice, LoRA significantly reduces the number of
optimizable parameters while the training memory con-
sumption is reduced to 1/4 of the basic diffusion model,
and the convergence speed during sonar image training is
accelerated by approximately 10 times (from 48 h to 4 h
approximately).

3.4 Sonarimage generation based on ControlNet

Inspired by the work from Yang et al. [12] proposed the
mask-based method to guided image generation, but the tar-
get diversity still has limitation when training sonar detec-
tion model in deep learning. Although the Stable Diffusion
model can generate multiple sonar images from original
sonar images, the lack of original sonar data limits the diver-
sity of the generated sonar images. And some of control
generate image method has been proposed which has sig-
nificantly improved the field of control generative images
[23-25]. To solve the issue, we applied fine-tuned Control-
Net with wreck control on stable diffusion model to gener-
ate sonar images by using optical images as the condition.
The general process is shown in Figure 4.

"E" and "D" denote the encoder and decoder of the
Stable Diffusion. Based on the Eq.(4), for the conditional
image generation noise prediction network as follows [26]:

€o (1, t) = D (€ (1) ,Cp (1) , Fo () (6)

Cy denotes the ControlNet, Fy denotes the condition
embedding network. In this paper, we not only use origi-
nal sonar image target as generation model input, but also
control the degree of wreck on optical image target as the
dataset to makes the expended targets diversity. Our method
using original image as input dataset {p;, j € m}. Using
the existing segmentation method in python get the targets
{Pm, j € m}. m which denotes the m'" image. We define
the function of H,, (p), i € [0,1] to control the degree of
wreck on target. ;1 denotes the degree of wreck target, e.g.
(=0 denotes without wreck target, u=1 denotes no target

Fig.4 General process of sonar image genera-
tion by stable diffusion and ControlNet
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Fig.5 Ablation study on airplane wreckage Wreck d =02 =04 =06 =08
control with different values of p, where P sy “ ) K H '

larger p produces more severe wreckage
while preserving the object structure
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Fig. 6 Different target processor to generate
images

a) Image Depth

Fig. 7 Example of generated SSS and FLS
target images

generated on image). Our proposed method which adapts
the noise prediction network from Eq.(6) as follow:

g (x¢,t) =D (E (z¢),Co (x4, Hp (5)) 5 Fo (€)) @)
The stylized stable diffusion model only acts on style of
sonar image and the degree of wreck deepened on param-
eter of p. The impact of parameter of ;2 on sonar feature of
wreckage is shown in Figure 5 which presents an ablation
study on the wreckage control parameter p. By gradually
increasing p, the amount of visible wreckage on the gener-
ated sonar images increases monotonically while preserving
the underlying object geometry.

Due to the stochastic nature of diffusion-based gen-
eration, shadow patterns are not explicitly constrained by
ControlNet and may exhibit variability. Therefore, a semi-
automatic quality control step is adopted, where physically
implausible samples (e.g., inconsistent shadow directions

@ Springer
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b) FLS image of ship

or unrealistic cast shadows) are manually removed before
being used for downstream training.

We input “airplane wreck” with different value of p,
there have different results. From our experience, the model
is hard to present a target when 11 > 0.8 and without contri-
bution on detection model. In the target processing stage, as
illustrated in figure 2, the input images are optical images
rather than sonar images. Various target processors can be
applied to these optical images, including depth estimation,
Canny edge detection, and other segmentation or line-based
operators. Some examples of optical target processors are
shown in figure 6. In our experiments, we primarily adopt
depth-based processors for better visual clarity and read-
ability, although we observe no significant difference in the
final recognition performance when using other optical tar-
get processors.It should be emphasized that no target extrac-
tion is performed directly on sonar images.
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Fig.8 Process of sonar target detection via Otigial Sonar Itnage

Generate Model & Image

simulate sonar style target

| Train Stable Diffusion image

000

muodel based on LoRA }

Optical |ma;u.|‘Tm.l

!

I Sonar image generation model n ConlmINet

& .i
bottle v--in-

hook  propeller
Target

image with sonar style

Semantic of optical image

Train detection mor.le]

Yolov8

L]

Background

Note: Exclude tire in this case.

We select some of examples of generated on SSS and
FLS target image as shown in Figure 7.

In the practice, the generated image supports resolution
from (64x64) to (512x512) pixels based on Stable Diffusion
version 1.5. We have selected some generated images as
shown in Appendix Figure 14. We conducted experiments
using Stable Diffusion versions 2.0, 3.0 and XL, which can
generate images with a resolution of (2048x2048) pixels.
However, since real sonar image recognition tasks do not
require such high-resolution images and it is not beneficial
for training detection models, we only use Stable Diffusion
version 1.5 for the discussion in this paper. The detail com-
pared data is shown in below session.

4 Experiments and results

To validate the effectiveness of the images generated by
our method, we using generated images as input for train-
ing detection model. And we using real sonar dataset in our
experiments [23], the experiments design process is shown
in Figure 8.

The experiment consists of three phases, includes data
preparation, model training and validation pipeline. In data
preparation: collect and preprocess the raw sonar dataset by
separating targets from backgrounds through image segmen-
tation techniques. In model training: train a LoRA-adapted
diffusion model using the isolated target data to develop a
sonar image generator. Simultaneously, implement seman-
tic segmentation on optical targets using ControlNet, then
integrate this with the sonar generator through cross-modal
fusion to synthesize sonar-style targets from optical inputs.
In validation pipeline: synthesize diverse targets and com-
bine them with background images to construct an aug-
mented training dataset. Afterwards, train a recognition

Combine simulated image with
real sonar image background

Simulated targets dataset

Detect real target

Real Sonar Image

Table 2 Comparison of sonar image generation methods in terms of
image quality and efficiency
Method

FID] SSIM{ LPIPS, Gener-

ated

Time(s)
2452 0.12 053 0.12
180.5 021 035 24
165.6 025 031 2.1
1632 023 030 29
163.5 021 029 44
1528 032 024 1.6

Improved style transfer [8]
GAN for sonar image [5]
Stable diffusion (v1.5)
Stable diffusion (v2.0)
Stable diffusion (v3.0)
Ours (fine-tuned diffusion)

model on this hybrid dataset and evaluate its performance
in identifying real sonar targets. In the end, we have survey
from sonar researchers for the generated images as refer-
ence. The parts of generated images are shown in Appen-
dix Figure 14, and the real sonar image data is shown in
Appendix Figure 15.

4.1 Evaluation generates sonarimage

Considering the sonar feature diversity and structural simi-
larity, and combining evaluation indicators of image gen-
eration, we select Fréchet inception distance (FID) [18],
learned perceptual image patch similarity (LPIPS) [19]and
structural similarity (SSIM) [20] as the mainly evaluated
methods. The FID is used to compute the distance between
the real image set and the synthetic image set in the fea-
ture space. SSIM is used for the structural similarity. LPIPS
calculates the perceptual similarity between two images.
LPIPS essentially computes the similarity between the acti-
vations of two image patches for some pre-defined network.
(Note: The lower the value of LPIPS, FID, the more simi-
lar the two images are. The SSIM value closer to 1 indi-
cates greater similarity between images, while the value of
0 means no similarity in luminance, contrast, or structure.)

@ Springer
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Table 3 Evaluation indicators on difference real targets of generate sonar image

Class Ship

Airplane

Generated Image

Real Sonar Image

FID

SSIM

LPIPS

Fig. 9 Examples of colored real
and generated sonar image
Generated

images

Real sonar
images

» Airplane Generated
* Airplanc Opsical WL, = Airplanc Optical
* Airplane Real Sanar b
i ] (" W
b) U-Map feature distribution for
airplane images

) -10 [] " El »
a)t-SNE feature distribution for
airplane images

Fig. 10 Feature distribution of optical, real sonar, and generated images

Due to differing criteria for measuring image similarity, we
adapt the common scores above to evaluate the results of
our experiment on the sonar image. We compared the real
sonar images (120 images download from public internet)
with generated images using different methods, as shown
in the table 2.

Our fine-tuned stable diffusion mode got higher scores
in generated images. The average FID is 152.8, average
SSIM is 0.32 and the LPIPS is 0.24. The evaluation metrics
in table 2 were computed as an aggregate average across
all target categories, comparing the entire set of generated
data against real sonar datasets. Although the proposed dif-
fusion-based generator does not operate in real time, it is
designed as an offline data augmentation module rather than

@ Springer
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Table 4 Quantitative embedding-space analysis based on t-sne and
umap for airplane and ship categories

Category Embedding Gen—  Gen-Opti- Dispersion
Real| cal] (Gen / Real)
Airplane t-SNE 7.30 32.93 19.57/19.53
Airplane UMAP 0.79 3.54 2.07/1.79
Ship t-SNE 11.06  46.23 16.51/14.63
Ship UMAP 0.95 3.31 1.79/1.01

an online component of the detection system. Once the syn-
thetic sonar images are generated, the detection or classifi-
cation models operate on real sonar data in real time without
any additional computational overhead. With an average
generation time of 1.6s to generate per image, more than
2,000 training samples can be synthesized within one hour,
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which is sufficient to support effective model training and
domain adaptation. To refine this approach, we conducted a
per-category performance analysis and selected the optimal
values from the complete assessment results as table 3.

We also obtained an impressive score from selected gen-
erated image compared with the real Pseudo color sonar
image shown in Figure 9.

We divided the images into two categories: ships and air-
planes, and performed UMAP [27] and T-SNE [28] feature
distribution on both real and generated images. Within the
same category, we obtained very similar distributions. And
the feature distribution is shown in Figure 10.

As shown in Fig. 10, the generated images exhibit a
distribution closely aligned with real sonar images, while
optical images demonstrate a more independent distribution
pattern. And a quantitative analysis is conducted based on
figure 10. as shown in table 4.

The generated sonar samples are consistently much closer
to real sonar samples than to optical images for both air-
plane and ship categories, with Gen-Real centroid distances
of 7.30/0.79 (airplane) and 11.06/0.95 (ship) under t-SNE/
UMAP, compared to much larger Gen-Optical distances.
Moreover, the intra-class dispersion of generated sonar data
remains comparable to that of real sonar data across both
embeddings, indicating that the observed domain alignment
is robust to embedding choices and generalizes across target
categories.

4.2 Detection and classify task with generated
image

Although the proposed framework is applicable to both side-
scan sonar (SSS) and forward-looking sonar (FLS) images,
different downstream tasks are adopted for evaluation based
on their typical imaging characteristics and practical usage.
Specifically, SSS images usually capture large-area seabed
scenes where targets are weakly localized and commonly
annotated at the image or patch level, making classification
a representative evaluation task. In contrast, FLS images
focus on near-field perception with clear spatial target dis-
tributions, where object detection better reflects real-world
operational requirements. Therefore, the use of different
downstream tasks does not aim to compare task difficulty
across sonar types, but to demonstrate the generality and
practical relevance of the proposed framework.

4.2.1 Detection task on forward-looking sonar images

To further evaluate the impact of our generated image in
the sonar detection task, we used the generated images as

Table 5 Class-wise recall results on the fls detection task

Class Simulated Training Real Sample Size Class
Data (Test) Recall
(%)
Tire 200 100 91
Bottle 200 100 89
Hook 200 100 93
Propeller 200 100 90
Valve 200 100 93

Table 6 Detection performance with different sonar image simulation

method (FLS)

Method Precision Recall mAP@0.5
Detection model based on basic ~ 0.918 0.884  0.904
stable diffusion model [12]

Improved style transfer [8] 0.892 0.861  0.876
Whitening and Coloring Trans- ~ 0.871 0.842  0.855
form [31]

GAN for sonar image genera- 0.905 0.872  0.890
tion [5]

Our fine-tuned diffusion-based  0.935 0.902 0.921
method

training data to train the detection model under the Yolov8
framework [29]. The real sonar data will be used as vali-
dation data to evaluate the result. And our implemented
detection work based on real sonar dataset [23]. To repli-
cate the real experimental scenario, we using simulated tar-
get instead of real target and excludes the real sonar target
in training dataset when training detection model. In this
dataset, we selected 500 images with total number of object
classes being 5. The classes include, tire, bottle, hook, pro-
peller, valve.

Class-wise Recall = Number of True Positives

Number of Ground-Truth Objects

Table 5, class-wise recall is adopted to evaluate the detec-
tion performance of each object category, defined as the
ratio between correctly detected objects and the total num-
ber of ground-truth objects of that class. And we applied the
intersection over union (IoU > 0.5) metric [30] for each of
class.

Based on the example shown in figure. 8, all real sam-
ples of one target category (e.g., tire) are excluded from the
training process. Similarly, each category listed in Table 5
is treated as an unseen-object detection scenario, where the
detection model is trained without real samples from that
category and evaluated on real sonar images. This proto-
col evaluates the generalization ability of the proposed
image generation method under unseen-object conditions.
The result of different generation methods and detection is
shown in table 6 which reports the detection performance
of different sonar image generation methods under the same
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a) Tire b) Valve

Fig. 11 Examples of detection task on real sonar image

c) Propeller d) Bottle

Real FLS | Synthetic (Ours) Real FLS

Synthetic (Ours) Real FLS Synthetic (Ours)

Tire Valve

Propeller

Fig. 12 Qualitative comparison between real FLS images and corresponding synthetic sonar samples for the same target categories. The compari-
son highlights similarities in target geometry and texture patterns, while also illustrating differences in acoustic highlights and shadow variability

Table 7 Classification accuracy trained on generated sonar images and
tested on real SSS images

Class Generated Real Sonar Class
Images (Train) Images (Test) Accu-
racy
Ship 400 80 96.25%
Airplane 400 40 97.5%

detection architecture (YOLOVS) and evaluation protocol.
Under identical detection settings, the proposed fine-tuned
diffusion-based generation method achieves the highest
mAP value of 0.921. Specifically, In our experiments, the
training set consists of 100% synthetic sonar images, while
all the test set consists of real FLS images. In the unseen-
object setting, training set for the excluded category consists
solely of synthetic sonar images generated by our methods.
This design ensures that any detection performance on the
excluded category is solely attributed to the effectiveness
of the synthetic data generation strategy rather than real
sample leakage.

The examples of detection task based on marine debris
dataset [23] are shown in figure 11.

Figure 12 presents a comparison between real and syn-
thetic FLS samples of the same target categories. It can be
observed that the generated images exhibit a high degree of

@ Springer

consistency with real sonar data in terms of texture patterns
and shape distributions.

Since our ControlNet method is employed to constrain
target geometry rather than explicitly modeling acoustic
shadows or material-dependent scattering effects. A target-
mask-based guidance strategy is adopted to highlight spe-
cific targets (e.g., metallic objects). Currently, our proposed
ControlNet method mainly constrains target geometry,
while acoustic highlights are implicitly learned by the diffu-
sion model. Future work will incorporate explicit highlight-
aware guidance to further improve physical consistency.

4.2.2 Classification task on side-scan sonar images

To further validate the generality of the proposed sonar
image generation method, we conduct a classification task
using side-scan sonar (SSS) images. Similar to the detection
experiments, generated sonar images are used as the training
data, while real sonar images are reserved exclusively for
testing. As shown in figure 8, a classification model based
on YOLOVS is employed instead of a detection model. The
training dataset consists of 400 generated ship images and
400 generated airplane images. The testing dataset includes
80 real ship images and 40 real airplane images collected
from publicly available sources. Due to the limited number
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Fig. 13 Examples of classify task on real sonar image

Table 8 Survey of sonar image researchers

Question Is the generated sonar image helpful for your field

1. of research?

Feedback Strong Agree Normal Disagree Strong
agree disagree
100% 0 0 0 0

Question Is there a difference between the generated image

2. and the real image?

Feedback Very Similar ~ Normal Different Very
Similar different
83% 17% 0 0 0

Question Can you distinguish which images are generated

3. and which are real?

Feedback Very Hard Hard Normal Easy Very easy
83% 17% 0 0 0

Question Can the generated images be used for research

4. purposes?

Feedback Most of Parts of Normal Few No
83% 17% 0 0 0

of real sonar samples, class-wise accuracy is adopted as the

evaluation metric, defined as:

class Of accuracy = correct number of classified images

ship 1.00, g
airplane 0.00

total sum of a class

The experiment results are shown in table 7.

As shown in Table 7, 77 out of 80 real ship images and
39 out of 40 real airplane images are correctly classified,
corresponding to class-wise accuracies of 96.25% and
97.5%, respectively. All reported results satisfy a confi-
dence threshold of confidence > 0.95. Representative
classification examples are illustrated in Fig. 13. It should
be noted that the classification task is designed as a target-
focused evaluation. Only target categories are considered,
while background is excluded in order to isolate the effect
of cross-domain feature transfer. Although this two-class
setting is relatively simple, it serves as a controlled diag-
nostic task rather than a full-scale sonar scene classification
problem.

4.3 Survey on sonar image researchers

Although technical indicators can evaluate generated images
in terms of scores, in sonar imagery, where the images are

ship-0.98;
airplane 0.02 |

non-optically generated, the technical indicators have cer-
tain limitations without human perception. For this reason,
we have surveyed 6 sonar image researchers for our gener-
ated images, and the survey results are shown in Table 8.

From this survey results, we can know that the generated
sonar image by our method with positive feedback from
researchers. The generated images have minor differences
from real sonar images. (E.g., 83%, which means 83%
select the answer.)

5 Conclusions

Few samples of sonar image limited the underwater object
detection, recognition and segmentation tasks based on deep
learning methods. In this paper, our proposed sonar image
generating method via optical images and sonar images
based on stable diffusion and LoRA model can generate
multiple sonar style images and makes one object with more
various forms. The generated sonar images possess both the
diversity of optical images and the characteristics of sonar
images. The fine-tuned LoRA method with few real sonar
images, compared to existing methods, our approach allows
for the controllability of the wreckage features on specific
targets. At the same time, by applying ControlNet on opti-
cal images based on fine-tuned stable diffusion model, the
sonar image target can be expanded with more diversifica-
tion. From evaluation indicators and researchers’ views, the
generated sonar images through our method are closer to
real images. Based on the public real sonar dataset, we use
the generated image as the training dataset which can detect
the real sonar images. Through the detail comparison exper-
iment results show that our method can effectively improve
the performance of the underwater object detection model.

Appendix A

See Figure 14 and 15
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Fig. 14 Samples of generate image by our
method. Row 1-4: Airplane; Row 5-8: Ship
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Fig. 15 Samples of real sonar image from public resources
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