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Abstract. Ensuring high-quality images obtained using side-scan sonar is crucial for enhancing the effectiveness of 
underwater research, as distortions such as striping noise can complicate data analysis. The aim of this paper was to 
investigate the nature of striping noise, determine the correlation between image intensity and the tilt of the sonar, and 
develop a new method to improve the quality of sonar images. The study employed a statistical correction method based 
on calculating a horizontal moving average for intensity correction, as well as a machine learning model using a three-
layer neural network to predict the horizontal moving average considering the beam’s incidence angle, the sonar’s height 
above the seafloor, and the initial line intensity. Statistical methods and machine learning techniques were applied to 
correct the striping noise caused by tilting in sonar images, significantly enhancing their quality. The statistical approach, 
which uses the mean value of the horizontal sway, effectively reduced noise while preserving critical details and improving 
overall clarity. The machine learning model incorporated additional parameters, enhancing intensity prediction accuracy 
and improving adaptability to various sonar positioning conditions. Moreover, the new method accounts for varying 
environmental conditions, making it flexible and effective for real-world underwater research. These results provide 
valuable insights for improving sonar image processing methods, paving the way for more efficient underwater exploration 
and improving the accuracy of object detection on the seafloor
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Introduction
Side scan sonar, a technology widely utilised since the 1950s, 
plays a crucial role in underwater exploration, supporting 
various activities such as search and rescue missions, ba-
thymetry, and mine detection. Despite its effectiveness, 
side scan sonar images are often affected by distortions 
due to the complex underwater environment and sonar’s 
movement. Among these distortions, stripe noise arising 
from roll variations compromises image clarity, particular-
ly affecting object recognition and seafloor segmentation. 
This type of noise manifests as alternating dark and bright 
stripes across the image, complicating both manual and 
automated interpretation of sonar data. Addressing stripe 
noise is a complex task, as existing intensity normalisation 
methods often fall short in handling roll-induced arte-
facts. Roll-caused stripe noise is unpredictable and varia-
ble in length, width, and frequency due to environmental 
factors like wave patterns and seafloor profile, which are 
difficult to standardise in real-time. Therefore, there is a 

need for targeted correction methods that specifically ad-
dress roll-induced stripe noise, enhancing the utility of 
sonar imagery in underwater research and exploration.

Z. Lu et al.  (2023) investigated a method for enhanc-
ing side-scan images based on multistage image restora-
tion and fusion. The aim of the study was to improve image 
clarity by suppressing noise and correcting uneven illumi-
nation. The results showed that the proposed method sig-
nificantly improves the image quality, which contributes to 
a better analysis of the seabed. P.  Zhou  et al.  (2024) pre-
sented a multiscale fusion strategy for correcting side-scan 
images to improve contrast and reduce the impact of noise. 
The aim of the study was to improve the accuracy of object 
detection and eliminate noise in the images. The results 
proved the effectiveness of the approach for improving the 
contrast and clarity of details in sonograms.

H.  Xia  et al.  (2024) investigated an improved meth-
od for removing banding noise based on the Criminisi  
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The roll distribution in the selected missions was close 
to normal, with a mean of zero. The standard deviation of 
roll varied across missions, influenced by wave patterns 
and strength specific to each mission. This distribution al-
lowed for a robust analysis of the relationship between roll 
and intensity distortion in sonar images (Fig. 1).

algorithm. The aim was to adapt the method for specific 
noise features in side-scan images. The results showed that 
the improved method can better cope with multidirection-
al noise while maintaining the clarity of important struc-
tures. The article M. Li et al. (2022) presented an approach 
to removing banding noise in infrared images, based on the 
sparsity of gradients along the band direction and the glob-
al sparsity of noise. An Adaptive Edge-Preserving Operator 
(AEPO) was proposed, which safeguards edge details in the 
image while minimising information loss.

J.  Guan  et al.  (2019) proposed an innovative wave-
let-based deep neural network that effectively removes 
banding noise in infrared images, taking into account its 
intrinsic characteristics and the interconnections between 
wavelet sub-bands. A directional regulariser was added to 
enhance the separation of scene details from noise, ensur-
ing more accurate image restoration. In the study by S. Sha-
obo et al. (2022), a novel radiometric correction method for 
side-scan sonar (SSS) images was proposed, incorporating 
prior knowledge of acoustic illumination and seabed char-
acteristics. The method is based on the decomposition of 
illumination and albedo components using low-rank con-
straints and anisotropic total variation (ATV). Experimen-
tal results demonstrated the effectiveness of the proposed 
approach in correcting radiometric distortions and reduc-
ing residual noise. It must be noted that little attention was 
paid in the scientific literature to roll-caused strip noise of 
sonar images with its peculiarities – sporadicity, variations 
in length, width and frequency caused by sonar beam pat-
tern and direction of vehicle in relation to waves, strong 
dependence on floor profile that is typically unknown when 
using side scan sonar. These characteristics of roll-caused 
stripe noise make the abovementioned methods hardly ap-
plicable to roll-caused stripe noise of side scan sonar imag-
es. The purpose of this paper was to investigate the nature 
of stripe noise, determine the relationship between image 
intensity and sonar roll angle, and develop a new method 
for improving the quality of sonar images.

Materials and Methods
This section provides a structured outline of the methods 
used in this study, including data selection, the analysis 
of the relationship between image intensity and sonar 
roll, and the steps in the proposed stripe noise correction 
methodology. The methodology consisted of two primary 
approaches: a statistics-based correction method and a 
machine learning-based model that builds on the results of 
the initial statistical analysis.

This study analysed more than 300 log files of sonar 
measurements obtained with the “Sonobot 5” unmanned 
surface vehicle manufactured by the German company 
“EvoLogics GmbH”. The selection criteria focused on logs 
with high roll standard deviation and a Pearson’s correla-
tion coefficient greater than 0.3 between average along-
track image intensity and roll. These criteria ensure that 
the selected data contain sufficient variability to capture 
the effects of roll on stripe noise in sonar images.

A visual inspection of the sonar images revealed a clear 
relationship between roll and stripe noise. As shown in Fig-
ure 2, negative roll angles corresponded to darker areas on 
the left side of the image, likely due to the sonar transmit-
ter’s left main lobe ensonifying regions closer to the sonar. 
Conversely, positive roll angles produced darker areas on 
the right side of the image, suggesting a mirrored pattern. 
This pattern, as illustrated in Figure  3, demonstrates the 
dependency of intensity on roll but also highlights that 
this relationship is modulated by additional factors such 
as sonar altitude and seafloor topography. Consequently, a 
straightforward intensity correction approach was deemed 
insufficient, necessitating a more comprehensive correc-
tion method.

Figure 1. Typical distribution of vehicle roll in Rad
Notes: X-axis is roll angle in Rad, Y-axis – number of observations
Source: created by the author
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Figure 2. A fragment of a striped sonar image with 
corresponding roll in Rad ×10,000 (blue line).  

Sonar vehicle movement is bottom-upd
Notes: X-axis is roll angle in Rad ×10,000, Y-axis – ping number
Source: created by the author
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The proposed methods included a statistics-based 
correction method and a machine learning-based mod-
el. The statistics-based approach involves a statistical 
analysis aimed at establishing a baseline correction by 
calculating a horizontal rolling mean, which adjusts in-
tensity variations that correlate with roll angle. The 
machine learning-based model, building on the initial 
statistical analysis, utilises a three-layer dense neural 
network to predict the horizontal rolling mean for so-
nar images. This model takes roll, altitude, and original 
line intensity as inputs and outputs a corrected horizon-
tal mean, simulating an image with zero roll influence.

A dataset of 40,000 samples was derived from ten 
representative sonar images, where the inputs con-
sist of roll, altitude, and line intensity, and the output 
is the horizontal rolling mean. The model was trained 
using TensorFlow with the ADAM optimiser, over 800 
epochs, with a batch size of 256. The training was con-
ducted on hardware that included a GeForce RTX4070 
graphics processing unit and an Intel i-Core 7 cen-
tral processing unit, taking approximately 40 minutes, 
while inference on a 2,200×20,000 pixel image required 
about 300 milliseconds. Formula (1) describes the train-
ing stage, where d is altitude, φ is roll, Lo – line intensi-
ty of the original image and Mh – line horizontal mean:

d, ϕ, Lo = ˃Mh.                                  (1)

The formula is used to generate predictions for the 
horizontal average line intensity based on the specified 
input parameters. This allows to adjust the signal intensi-
ty in images, reducing distortion caused by roll variations 
and altitude changes.

Results and Discussion
Sonar technology operates by emitting a series of sound 
impulses that travel through water and reflect off under-
water objects and the seafloor. The intensity of these re-
flected signals is then recorded, allowing for the construc-
tion of sonar images, commonly referred to as sonograms. 
Each sonogram is created by sequentially adding lines of 
received signal intensity, resulting in a comprehensive 
visual representation of the underwater environment.

The process of sonar imaging is inherently influenced 
by various factors that can lead to geometrical and in-
tensity distortions. The complex physical laws governing 
sound reflection and propagation in water play a crucial 
role in how sonar signals behave. For example, the angle 
of incidence, the type of materials on the seafloor, and the 
acoustic properties of the water can all affect how sound 
waves are reflected back to the sonar device. The move-
ment of the sonar vehicle, including its speed and direc-
tion, can introduce further variability into the recorded 
data (Ye et al., 2019). Underwater currents also contribute 
to the challenges faced during sonar imaging. They can al-
ter the trajectory of the sound waves, leading to inconsist-
encies in the intensity of the returned signals. This vari-
ability can result in images that are less readable, making 
it difficult to accurately detect and classify objects on the 
seafloor. Both human operators and machine learning al-
gorithms face significant hurdles when attempting to in-
terpret these distorted images, as the noise and artifacts 
can obscure critical features of the underwater landscape 
(Capus et al., 2008; Al-Rawi et al., 2017).

Variations by roll do not affect image geometry di-
rectly but can cause intensity distortion caused by uneven 
ensonification of different seafloor areas due to non-uni-
formity of sonar beam pattern. Figure  4 illustrates the 
convention of Euler angles that define roll (φ) among oth-
er angles. J.E. Hughes Clarke (2004) provide a sample em-
pirically derived beam pattern of a side scan sonar (Fig. 5).

Figure 3. Average intensities of image parts depending on 
roll vs average intensity of the image

Notes: the X-axis is the slant range (negative on port side), and 
the Y-axis is the ratio between average intensity for roll angle and 
average along-tack intensity of the whole image. The number of 
records for each rounded roll angle is displayed in the legend. Roll 
angles with fewer than 30 records are considered outliers and are 
not displayed
Source: created by the author

Figure 4. The body-fixed reference frame and Euler angles
Source: Navigation messages (n.d.)
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The roll-caused intensity distortion, commonly re-
ferred to as stripe noise, can be observed as a series of alter-
nating dark and bright stripes across the image, each with 
varying length and width and a distinct periodic pattern. 
These stripes tend to widen toward the edges of the image 
and exhibit asymmetry in brightness, with darker stripes 
on one side corresponding to brighter ones on the opposite 
side. In regions of acoustic shadow, stripe noise is typically 
less visible or absent altogether. An example of roll-caused 
intensity distortion also known as stripe noise can be seen 
in Figure 6. It appears as sporadic series of alternating dark 
and bright across track stripes of various length and width 
with distinct periodic pattern.

to help identify the underlying intensity trend across the 
track while minimising random noise. The window size for 
the rolling mean was empirically determined to balance 
smoothness and data retention, ensuring that subtle sea-
floor features were not lost. Subsequently, this horizontal 
mean was averaged along-track to generate a neighbour-
hood mean, providing a contextual baseline for each line. 
The window size for this averaging process corresponds 
to the maximum periodicity of the stripe noise, approxi-
mately 20 lines or two meters on the seafloor in this da-
taset. This period closely matches the average period of 
wave-induced roll variations, making it a suitable refer-
ence for noise correction.

Rolling mean was chosen over interpolation and other 
smoothing techniques due to its computational efficiency 
and ease of implementation. Empirical analysis confirmed 
that this approach effectively reduces the noise without 
compromising the critical details of the image.

Figure 7 shows the process of image correction using 
the rolling mean method. Figure  7(a) shows the original 
image, which contains striped noise caused by variations 
in the roll of the sonar instrument. Figure 7(b) shows the 
correction map obtained by dividing the horizontal average 
by the average of the neighbouring lines. In the correction 
map, red indicates higher values and blue indicates lower 
values. This map fits the stripe noise well, although it does 
not directly account for roll variation. Figure 7(c) shows the 
result of the image correction, where the correction map is 
applied to the original image.

Figure 5. Empirically derived beam pseudo-pattern of a 
side scan sonar

Source: J.E. Hughes Clarke (2004)

Figure 6. An example of stripe noise on a sonogram. Sonar 
vehicle movement bottom-up

Source: created by the author

The main cause of stripe noise in the provided exam-
ples is the influence of wave motion on the keel-mounted 
sonar, which induces variations in roll that affect seafloor 
ensonification due to non-uniformity of the beam pat-
tern and the resulting image intensity. In general terms, 
the objective of roll-caused stripe noise correction is to 
restore the intensity profile of each scanned line as if it 
were captured at a zero roll angle. However, in certain ex-
treme cases, valuable seafloor information can be entirely 
obscured by overly dark or bright sections, making full res-
toration impractical.

Correction based on rolling mean
To address this, a statistical-based approach to stripe noise 
correction was initially implemented. For each horizontal 
line in the image, a horizontal rolling mean was calculated 

Figure 7. The process of stripe noise correction in sonar 
images using the moving average method

Notes: a) a piece of original image with stripe noise; b) correction 
map based on rolling mean (red colour corresponds to higher 
values, blue colour – to lower ones); c) correction result
Source: created by the author
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Through the process of image correction, the stripe 
noise is reduced and the image becomes clearer. A correc-
tion map is obtained by dividing the horizontal mean by 
neighbourhood mean (Fig. 7(b)). As it can be seen from the 
figure, the correction map corresponds well to stripe noise, 
although does not take roll variations into account directly. 
Then correction procedure for every horizontal line can be 
implemented as in Formula (2):

Lc=Lo-Mh+Mh×Ci,                                (2)

where Lc – corrected horizontal line of the image; Lo – orig-
inal line; Mh – calculated horizontal mean for the line; Ci – 
corresponding line of the correction map.

The rolling mean method is simple, computational-
ly effective, and easy in implementation, but it is based 
solely on image information. Whereas intensity of the 
image pixel depends, among others, on the following pa-
rameters: slant range, floor profile, floor sediment type, 
incidence angle, roll, sonar beam pattern and sonar alti-
tude (Al-Rawi, 2016; Chang et al., 2020). Failure to take 
account for these factors can lead to overcompensation 
in some areas, loss of acoustic shadows and periodic sea-
floor patterns, wrong compensation of the areas with 
high floor gradient.

Correction using neural 
network inference
To enhance the correction process by incorporating ad-
ditional parameters, such as roll and altitude, a machine 
learning-based method is introduced. Machine learning 
techniques are increasingly applied to sonar image pro-
cessing, including tasks such as object detection, fea-
ture extraction, classification, and seafloor segmentation 
(Chen et al., 2017; Li et al., 2024). However, due to the rela-
tively high cost and limited availability of sonar data, these 
methods lag behind traditional optical computer vision 
techniques. Most current research focuses on improving 
object depiction and seafloor clarity, yet few studies have 
specifically targeted stripe noise correction (Steiniger  et 
al., 2022; Sivachandra & Kumudham, 2024).

The proposed machine learning model aims to pre-
dict the intensity dependence by approximating the roll-
ing mean of image intensity based on variables including 
roll, slant range, altitude, and floor profile. This approach 
avoids the need for complex mathematical models, such as 
Lambertian reflections, by training the model to infer these 
relationships from available data. This setup is especially 
useful in sonar applications where obtaining ground-truth 
images is costly and often infeasible.

The limited availability and high cost of obtain-
ing ground truth data present significant challenges for 
most machine learning approaches in sonar applications. 
Consequently, directly training models using pairs of dis-
torted and corrected images is often impossible. These 
algorithms possess the capability to approximate the 
dependencies of intensity based on various parameters, 

which can be leveraged to address this issue effectively. 
The proposed method involves using a neural network 
to model the complex relationship between the intensity 
rolling mean and variables such as roll, slant range, alti-
tude, and floor profile, without relying on intricate math-
ematical models like the Lambertian law.

Due to the limited availability and high cost of ob-
taining ground truth data, most machine learning ap-
proaches in sonar applications face significant chal-
lenges. This approach allows for more flexible modelling 
of intensity dependencies, accommodating the unique 
characteristics of sonar data.

To correct stripe noise, the subsequent inference stage 
(3), where Mc is the inferred horizontal mean, predicts the 
horizontal rolling mean for the lines with the same inputs, 
except for roll, which is set to zero radians. This formula 
is derived from (1), providing a baseline adjustment in the 
absence of roll effects (3):

d, 0, Lo = ˃Mc.                                  (3)

Then, based on this correction, the following formula 
is applied (4):

Ic=Io-Mh+Mc,                                     (4)

where Ic – corrected image; Io – original image; Mh – hori-
zontal mean; Mc – correction value.

Correction map is constructed as a difference between 
the inferred rolling mean and original rolling mean. After 
that correction map is subtracted from the original image 
thus correcting the roll-caused variation (4). For the ex-
periment, a simple three-layer dense neural network was 
used. It took roll, altitude, original line intensity as input 
and horizontal rolling mean as output. The training set of 
40,000 samples was generated from ten sonar images. The 
inference stage is aimed at predicting the horizontal mean 
with zero roll.

Figure 8 illustrates the effectiveness of the neural net-
work in capturing the relationship between roll and mean 
intensity, as evidenced by the corrected images. Panel (a) 
displays the original image with pronounced stripe noise, 
while panel (b) presents the correction map generated 
through inference. The correction map indicates higher 
values in red and lower values in blue, highlighting areas 
where the neural network has identified the need for ad-
justment. The resulting corrected image is shown in pan-
el (c), demonstrating noticeable improvements in clarity.

Despite the success in modelling this dependency, in-
stances of overcompensation and excessive smoothing of 
the image were observed with the application of the inferred 
correction map. This phenomenon suggests that while the 
model effectively learned certain aspects of the intensity 
relationship, it may not have fully accounted for all com-
plexities inherent in sonar imagery. Such overcompensa-
tion can obscure fine details and alter important features of 
the seabed, potentially complicating subsequent analysis.
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To address these issues, incorporation of additional 
features into the training process is proposed. For instance, 
including derivatives of intensity values, various angles, 
and their mean values, as well as information from adjacent 
image lines, could enhance the model’s capacity to capture 
more nuanced relationships. Further experimentation with 
neural network architecture, including adjustments to lay-
er configurations and activation functions, may also yield 
better results. These refinements will be the focus of fu-
ture research, with the aim of improving the model’s ro-
bustness and accuracy in correcting stripe noise, ultimate-
ly leading to enhanced sonar image quality and reliability 
in underwater exploration.

The discourse surrounding 
the correction of roll-caused stripe noise
The findings of this study resonate with the studies of 
other researchers in the field, highlighting a shared com-
mitment to improving sonar image quality through vari-
ous correction methodologies. For instance, Y.-C. Chang et 
al.  (2020) focused on processing side-scan images to cor-
rect brightness variation and fill gaps, aiming to eliminate 
problems associated with uneven illumination during 
seabed scanning. They developed a technique that im-
proves image quality, resulting in a more homogeneous 
representation of the seabed. Their results demonstrated 
that this method effectively reduces luminance distortions 
and increases the convenience of further image analysis. 
Previous studies have also investigated various approaches 
to noise reduction, including advanced filtering techniques 
and optimisation algorithms specifically designed for so-
nar data. Research has highlighted the potential of deep 
learning models to improve object detection and seafloor 
classification, underscoring the importance of leveraging 
multiple methodologies to address the challenges posed by 
sonar imagery. These collective efforts emphasise the sig-
nificance of a multi-faceted approach to improving sonar 
data processing, suggesting that continued collaboration 
and innovation in this field are essential for advancing un-
derwater exploration and analysis.

M.S. Al-Rawi (2016) developed an intensity normalisa-
tion method specifically for side-scan sonar images, which 
targeted the elimination of brightness irregularities aris-
ing from changes in the angles of sound wave incidence. 
Their research demonstrated that these irregularities could 

significantly impact the clarity of sonar images, making it 
challenging to identify and analyse underwater features ac-
curately. By implementing their normalisation technique, 
authors found that distortion was effectively reduced, lead-
ing to enhanced object recognition capabilities in sonar 
images. This study underscored the critical importance of 
addressing intensity variations to improve the overall utili-
ty of sonar technology in underwater applications.

J. Zhao et al. (2017) introduced a radiometric correction 
method that considers the variation of sediment types on 
the seafloor, which can significantly influence how sonar 
signals are reflected back to the device. Their study provid-
ed a comprehensive model that accounted for the differ-
ent acoustic properties of various sediment types, thereby 
enhancing the accuracy and detail of the reflected signal 
intensity data. By integrating sediment characteristics into 
their correction methodology, J.  Zhao  et al.  were able to 
achieve more reliable and detailed sonar images, which are 
essential for effective seafloor mapping and analysis.

The findings of this study align with and build upon 
the results of several notable researchers in the field of 
sonar image processing. A.  Burguera & G.  Oliver  (2014) 
focused on intensity correction to mitigate uneven illumi-
nation effects, which ultimately improved image quality 
and facilitated better data analysis. Similarly, the current 
research successfully addressed stripe noise through a cor-
rection methodology that enhances image clarity, demon-
strating a parallel objective of improving the usability of 
sonar imagery for analysis.

G.  Shippey  et al.  (1994) applied a shadow correction 
method utilising histogram transformations to enhance 
the contrast and detail in side-scan sonar images. Their 
approach specifically targeted the reduction of uneven 
brightness, a common challenge that can obscure essen-
tial features and hinder effective seabed analysis. By cre-
ating more homogeneous images, their methodology not 
only improved the visibility of underwater structures but 
also facilitated more accurate object detection and clas-
sification. The results from this study resonate with the 
current findings, where the application of neural network 
techniques and rolling mean methods also aims to enhance 
overall image quality and facilitate clearer object recogni-
tion. Both approaches underscored the importance of ad-
dressing brightness inconsistencies in sonar imagery to 
achieve better analytical outcomes.

Figure 1. Neural network-based correction of stripe noise in sonar images
Notes: a) original image with stripe noise; b) correction map based on inference (red colour corresponds to higher values, blue colour – to 
lower ones); c) corrected image
Source: compiled by the author
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D.  Wilken  et al.  (2012) applied Fourier filtering in 
two-dimensional space to eliminate stripe noise in mosaics 
of side-scan images. The goal was to reduce periodic noise 
and improve the quality of the mosaic images of the sea-
floor. The results showed that Fourier filtering effectively 
eliminates bandpass noise and produces more homogene-
ous and clear images.

Y. Chen et al. (2017) developed a method for removing 
stripe noise in remote sensing images through total variation 
regularisation and group sparsity constraints. Their research 
highlighted the effectiveness of this approach in yielding 
clearer and more detailed images, reinforcing the objective 
of the present research, which focuses on removing stripe 
noise and enhancing the quality of sonar data processing.

An analysis of these studies indicated a prevailing 
trend in the adoption of advanced correction techniques, 
whether through statistical methods, machine learning, or 
mathematical modelling, to improve the quality of sonar 
images. The integration of these methodologies reinforces 
the notion that a multi-faceted approach is essential for 
effectively addressing the challenges of sonar data process-
ing. The findings from this research not only contribute to 
the existing body of knowledge but also suggest that fur-
ther refinement and innovation in correction techniques 
will continue to play a crucial role in advancing underwater 
exploration and analysis.

Conclusions
In this study the nature of roll-caused stripe noise of so-
nar images was analysed. Clear dependency and correla-
tion between stripe noise and roll angle variation has been 
shown. Statistical rolling mean approach and a simple ap-
proach based on machine learning methods were proposed 
to compensate stripe noise on sonar images and to en-
hance image quality. The statistical analysis established a 
foundational correction technique by calculating the hori-
zontal rolling mean, which effectively mitigated random 
noise while preserving critical details of the sonar images. 
This method demonstrated its utility in reducing the visual  

impact of stripe noise, resulting in clearer images that facil-
itate better object detection and seafloor analysis. Howev-
er, recognising the limitations of the rolling mean method, 
particularly its reliance on image data alone, the introduc-
tion of a machine learning-based model marked a signif-
icant advancement. By incorporating additional parame-
ters such as roll, slant range, altitude, and floor profile, the 
neural network effectively captured the complex depend-
encies of image intensity. This approach not only enhanced 
the correction accuracy but also provided a more adapt-
able framework for addressing varying sonar conditions.

The results indicated that while both methods improve 
the quality of sonar images, the machine learning model 
offers a more robust solution by accommodating external 
factors that influence intensity. The findings contributed 
valuable insights into improving sonar image processing, 
paving the way for more effective underwater exploration 
and research. The methodologies outlined herein can serve 
as a foundation for future studies aimed at further refining 
noise correction techniques in sonar applications.

Future research in this direction will include improve-
ment of the machine learning algorithm to avoid over-
compensation of non-striped areas. Development of more 
universal algorithms and ML models that can incorporate 
additional features like difference between image lines, so-
nar type, it’s beam pattern, sediment type and others that can 
potentially lead to development of simple, fast, and univer-
sal stripe noise correction method. The benefits of machine 
learning methods are their universality, relatively simple im-
plementation, and quick inference. It makes them suitable 
for real time or bulk sonar image correction and processing.
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Анотація. Забезпечення високої якості зображень, отриманих за допомогою гідролокатора бокового огляду, 
є важливим для підвищення ефективності підводних досліджень, оскільки такі спотворення, як смуговий 
шум, можуть ускладнювати аналіз даних. Мета цієї статті – дослідити природу смугового шуму, визначити 
кореляцію між інтенсивністю зображення і крену гідролокатора, а також розробити новий метод покращення 
якості гідролокаційних зображень. У дослідженні використовується метод статистичної корекції, заснований 
на розрахунку горизонтальної ковзної середньої для корекції інтенсивності, а також модель машинного 
навчання, яка використовує тришарову нейронну мережу для прогнозування горизонтальної ковзної середньої 
з урахуванням кута падіння променя, висоти гідролокатора над дном та початкової інтенсивності лінії. У 
дослідженні було застосовано статистичні методи та методи машинного навчання для корекції смугового шуму, 
спричиненого кренуванням, на гідролокаційних зображеннях, що значно покращило їх якість. Статистичний 
підхід, що використовує середнє значення горизонтальної хитавиці, ефективно зменшив шум, зберігши при 
цьому критичні деталі і підвищивши загальну чіткість. Модель машинного навчання включала додаткові 
параметри, що підвищило точність прогнозування інтенсивності та покращило адаптивність до різних умов 
положення гідролокатора. Крім того, новий метод дозволяє враховувати змінні умови на місцевості, що робить 
його гнучким і ефективним в умовах реальних підводних досліджень. Ці результати дають цінну інформацію для 
вдосконалення методів обробки гідролокаційних зображень, прокладаючи шлях до більш ефективної підводної 
розвідки та покращення точності виявлення об'єктів на дні моря

Ключові слова: морське дно; відтінки сірого; інтенсивність; крен; корекція; машинне навчання; нейронна 
мережа
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