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Abstract. The study conducted a comprehensive analysis of contemporary machine learning and deep learning 
methods for the classification of synthetic aperture radar (SAR) images. The primary objective was to identify 
architectures and approaches that ensure high classification accuracy while optimising computational efficiency. 
Particular emphasis was placed on addressing key challenges, including speckle noise, geometric distortions, and 
the limited availability of labelled data. The research methodology involved a systematic review of the scientific 
literature from 2015 to 2024 and an analysis of the polarisation characteristics of SAR images using the Copernicus 
Browser platform. The effectiveness of traditional machine learning methods, such as Support Vector Machines 
and Random Forest, was evaluated alongside modern deep learning architectures, including ResNet, U-Net, and 
Vision Transformer. Special attention was given to the impact of adaptive speckle noise filtering using the Lee 
filter with varying window sizes (3 × 3, 5 × 5, and 7 × 7) on classification performance. The results demonstrated that 
deep neural networks outperform traditional methods due to their ability to automatically extract hierarchical 
feature representations. ResNet achieved high classification accuracy, U-Net proved effective for segmentation, 
and Vision Transformer captured global dependencies. The optimal balance between speckle noise suppression 
and detail preservation was found when applying the Lee filter with a 5 × 5 window size. A persistent challenge 
remains the limited availability of labelled data. To address this issue, semi-supervised learning was explored, 
as it enhances feature normalisation and model performance. A promising avenue for further research is the 
utilisation of complex-valued neural networks to optimise computational costs. The findings of this study have 
practical significance for the automated classification of SAR images in environmental monitoring, agricultural 
land assessment, and remote sensing applications

Keywords: neural networks; complex-valued calculations; polarisation characteristics; radar sensing; speckle 
filtering
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INTRODUCTION
Synthetic Aperture Radar (SAR) is a crucial tool in modern 
remote sensing, providing high-quality data irrespective 
of weather conditions and lighting. Its unique properties 
make SAR imaging indispensable for applications such 
as natural disaster monitoring, military intelligence, ag-
riculture, and environmental surveillance. In particular, 
SAR enables the analysis of vegetation health and crop 
structure, the detection of water body pollution, and the 

tracking of ice sheet dynamics (Vu et al., 2021; Wang et 
al.,  2022; Villarroya-Carpio & López-Sánchez, 2023).

A primary challenge in the automatic classification 
of SAR data is speckle noise, which arises due to the 
coherent nature of radar signals (Li et al., 2024). This 
type of noise manifests as a chaotic, grainy structure 
within images, resulting from the interference of co-
herent reflected signals from multiple scatterers within 
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comprehensive analysis of contemporary ML and DL 
methods for SAR image classification, with particular 
emphasis on addressing key challenges: speckle noise, 
geometric distortions, and the scarcity of labelled data. 
The research aimed to identify architectures and ap-
proaches that achieve high classification accuracy 
while maintaining computational efficiency.

MATERIALS AND METHODS
The study employed a comprehensive approach to ana-
lysing ML and DL methods for SAR image classification. 
The research methodology was based on a systematic 
review of the scientific literature using the internation-
al databases Scopus and Web of Science. The literature 
search was conducted using the following keywords: 
“SAR image classification”, “deep learning SAR”, “ma-
chine learning synthetic aperture radar”, “SAR image 
processing”, and “neural networks SAR”. At the initial 
stage, 127 publications from the period 2015-2024 were 
selected. This timeframe was chosen due to the rapid 
advancements in DL methods and their application in 
SAR image processing, particularly since 2015, when 
the first significant results on CNN-based radar data 
classification were published. After applying inclusion 
criteria (availability of experimental results, detailed 
descriptions of model architectures, and quantitative 
performance indicators) and exclusion criteria (review 
articles, theoretical works without experimental valida-
tion, and publications lacking methodological details), 
41 relevant studies were selected for further analysis.

To analyse SAR image characteristics, data ob-
tained via the Copernicus Browser (n.d.) platform were 
utilised. SAR image visualisation and processing were 
performed using the platform’s functionalities, ena-
bling the analysis of polarisation modes and the crea-
tion of composite images. The study examined surface 
reflection characteristics in the vertical transmit, verti-
cal receive (VV) and vertical transmit, horizontal receive 
(VH) polarisation modes, allowing for an investigation 
of characteristic scattering patterns across different 
terrain types. Red-Green-Blue (RGB) composites were 
generated by combining the VV and VH channels with 
different types of gamma correction (linear and deci-
bel), providing a comprehensive representation of the 
data for analysing the textural and structural charac-
teristics of the surface.

The study of speckle noise filtering was conducted 
using the Lee filter with window sizes of 3×3, 5×5, and 
7×7. The filtering process comprised the following stag-
es: preliminary assessment of noise levels in the image, 
application of the filter with varying parameters, and 
analysis of the preservation of key structural elements. 
The evaluation of filtering effectiveness was based on 
the preservation of structural features, textural char-
acteristics, and object contour clarity under different 
filtering parameters. Particular attention was given to 
maintaining a balance between the degree of noise sup-
pression and the retention of informative image details.

a single resolution cell. The presence of speckle noise 
significantly complicates segmentation and object rec-
ognition, as it can obscure the true textural characteris-
tics of a surface. Traditional classification methods that 
rely on the amplitude characteristics of individual pix-
els often prove inadequate, as they fail to account for 
the textural and polarimetric properties of SAR images. 
This limitation necessitates the development of spe-
cialised algorithms, particularly those based on deep 
learning (DL), which are designed to accommodate the 
unique characteristics of SAR data. Studies by R. Kruk et 
al.  (2020) and S. Attioui & S. Arivazhagan (2020) have 
demonstrated the effectiveness of deep neural net-
works, such as DenseNet and Deep Belief Networks, in 
SAR image classification tasks, achieving an accuracy 
exceeding 90%. The authors highlighted the capability 
of DL models to mitigate the impact of speckle noise 
and enhance result generalisation. However, they also 
noted that the limited availability of labelled SAR data 
presents a challenge in training deep architectures 
while minimising the risk of overfitting.

A significant advancement in addressing the com-
putational complexity of traditional DL approaches is 
the use of complex-valued neural networks. According 
to B. Konishi et al.  (2021), employing complex-valued 
reservoir computing reduces training time by a factor 
of 100 and classification time by a factor of 5 compared 
to conventional convolutional neural networks (CNNs). 
This approach also provides high resolution and effi-
ciency in quantitative tasks, such as estimating surface 
topographic parameters. The issue of limited labelled 
data is partially addressed through semi-supervised 
learning. The study by Y.  Li  et al.  (2023) demonstrat-
ed that combining small labelled datasets with large 
volumes of unannotated SAR data improves feature 
normalisation and overall model performance. This 
is particularly relevant for tasks where manual anno-
tation is time-intensive, such as the classification of 
complex landscapes. A comparative analysis of CNN 
architectures (LeNet, AlexNet, and VGG) conducted by 
R. Ding (2023) reaffirmed the superiority of DL over tra-
ditional SAR image processing methods, particularly in 
high-noise environments and under geometric distor-
tions. The author observed that deep models effectively 
extract intricate spatial-textural patterns that are be-
yond the reach of classical algorithms.

Despite significant advancements in the applica-
tion of machine learning (ML) and DL for SAR image 
classification (Poplavskyi, 2024), several challenges re-
main that require further research. These include en-
hancing model robustness to noise and limited data, 
developing efficient semi-supervised and unsupervised 
learning methods, and optimising computational costs 
for practical implementation. Future research should 
focus on integrating various approaches, such as trans-
fer learning, generative models, and complex-valued 
neural networks, to maximise efficiency in SAR image 
analysis. The objective of this study was to conduct a 
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A comparative analysis of classification methods 
was performed based on the following criteria: feature 
extraction capability, noise robustness, computation-
al efficiency, and interpretability of results. The study 
examined the application of traditional ML methods, 
namely Support Vector Machines (SVM) and Random 
Forest (RF), alongside modern DL architectures, in-
cluding ResNet, U-Net, and Vision Transformer (ViT). 
For each method, the study analysed data preproc-
essing requirements, model training characteristics, 
and computational resource demands. Special atten-
tion was given to the architectural features of neural 
networks that influence their ability to process the 
distinct characteristics of SAR images. Additionally, 
the research systematised and compared SAR data 
preprocessing methods, including pixel intensity nor-
malisation techniques and data augmentation strat-
egies. This allowed for the identification of optimal 

data preparation approaches tailored to different ML 
and DL architectures while accounting for the unique 
properties of SAR images.

RESULTS AND DISCUSSION
SAR images possess distinct properties that differ-
entiate them from optical remote sensing data. A key 
characteristic is signal polarisation, which can be rep-
resented in four configurations: horizontal transmit, 
horizontal receive (HH); horizontal transmit, vertical 
receive (HV); VV and VH, as illustrated in Figure 1. The 
coherence of SAR signals, which defines the degree of 
phase alignment between reflected waves, is a critical 
parameter for interferometric applications. High coher-
ence facilitates precise measurements of surface dis-
placement, structural changes, and topographic varia-
tions, making it essential for applications such as InSAR 
(Interferometric Synthetic Aperture Radar).

Figure 1. Demonstration of SAR image characteristics
Notes: a – RGB composite of different polarisation channels, emphasising structural features of the relief; b – VH polarisation 
with decibel gamma correction; c – VH polarisation with linear gamma correction; d – VV polarisation with decibel gamma 
correction; e – VV polarisation with linear gamma correction
Source: compiled by the author based on Copernicus Browser (n.d.)

A distinctive feature of SAR images is the pres-
ence of speckle noise, a form of multiplicative noise 
that arises due to the coherent nature of radar ra-
diation. Speckle noise significantly degrades image 
quality and complicates subsequent processing (Liu et 
al. ,  2022; Imad  et al. ,  2024). Unlike optical imaging 

systems, SAR images contain phase information, ne-
cessitating specialised interpretation techniques. Ad-
ditionally, the intensity of the reflected signal in SAR 
images is influenced by the dielectric properties and 
surface roughness, resulting in unique scattering pat-
terns for different terrain types.
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The primary challenges in applying ML methods to 
SAR data stem from these specific characteristics. The 
presence of speckle noise necessitates preprocessing 
using specialised filters, such as the Frost and Lee 
filters, which aim to suppress noise while preserving 
essential structural elements of the image. The effec-
tiveness of these filters directly impacts the accuracy 
of subsequent classification, as excessive filtering can 
lead to the loss of critical textural characteristics. Ge-
ometric distortions, including foreshortening and lay-
over, occur due to the side-looking nature of SAR sys-
tems and variations in terrain elevation. These effects 
can lead to misinterpretation of spatial relationships, 
complicating the classification process. Correcting 
such distortions requires precise terrain information 
and accurate imaging parameters, which are not al-
ways available, posing additional challenges for SAR 
image analysis.

The analysis of Figure 1 highlights key differences 
between polarisation modes and SAR data processing 
methods. VH polarisation (Fig. 1b, 1c) exhibits notable 
sensitivity to objects with double-reflection scattering, 
whereas VV polarisation (Fig.  1d, 1e) responds more 
effectively to vertical structures. The RGB composite 
(Fig.  1a) provides a comprehensive representation of 
these characteristics, facilitating data interpretation 
and enhancing feature distinction. A major challenge 
in SAR image classification remains the limited availa-
bility of labelled datasets. Public SAR image databases, 
such as AIRSAR and Sentinel-1, often lack a sufficient 
number of annotated examples for the effective train-
ing of deep neural networks. This limitation drives the 
development of data-limited learning approaches and 
augmentation techniques (Xue & Zhang, 2020; Hoch-
stuhl  et al. ,  2023). The use of generative models to 
synthesise additional training examples is a promising 
approach; however, it requires careful validation to en-
sure the realism and reliability of the generated data.

Traditional ML methods, such as SVM, RF, and 
k-Nearest Neighbours (k-NN), are frequently used for 
SAR image classification due to their structural sim-
plicity and high interpretability (Zengguo et al., 2021). 
These algorithms rely on pre-extraction of specific  

features from images, which are then utilised for model 
training. However, the effectiveness of these approach-
es is constrained by the complexity of SAR data, par-
ticularly the presence of speckle noise, texture heter-
ogeneity, and variations in surface characteristics. The 
Support Vector Machine (SVM) method identifies the 
optimal hyperplane for class separation in a multidi-
mensional feature space. The use of kernel functions 
(e.g., radial basis functions) enables the handling of 
nonlinear dependencies, which is particularly impor-
tant for the analysis of SAR texture data (Gavrylenko 
& Chelfk,  2023). However, this method requires care-
ful parameter tuning, which can be challenging when 
working with noisy data (Huang, 2024).

The RF ensemble method employs multiple deci-
sion trees, providing robustness against overfitting and 
enabling the automatic assessment of feature impor-
tance. This approach is particularly useful for SAR im-
age analysis, where key characteristics such as intensity 
and polarisation exhibit significant variation. However, 
RF is not always capable of accurately capturing com-
plex spatial dependencies, which can limit its appli-
cability in cases involving fine micropatterns (Chen et 
al.,  2024). The k-NN method classifies objects based 
on their proximity to neighbouring samples within the 
training set, making it relatively simple to implement 
(Oumarou & Rismayanti, 2024). However, k-NN is com-
putationally expensive when processing large datasets, 
and the choice of distance metric (e.g., Euclidean, Man-
hattan) has a significant impact on classification accu-
racy, especially in noisy conditions (Bhattacharjee  et 
al.,  2024). Feature extraction for SAR images is com-
monly performed using texture feature analysis, such 
as the Gray-Level Co-occurrence Matrix (GLCM), which 
estimates statistical dependencies between pixels. Ad-
ditionally, intensity statistics such as mean, variance, 
and skewness are used to characterise SAR images. 
Combining these parameters with polarimetric features 
can significantly enhance classification performance 
(Schmitt et al.,  2018; Monsalve-Tellez et al.,  2022). To 
summarise the main characteristics of traditional ML 
methods for SAR image classification, Table 1 provides 
a comparative overview.

Method Advantages Limitation Notes

SVM

Efficient class separation using 
optimal hyperplanes; possibility of 

using kernel functions for nonlinear 
problems

Sensitivity to parameters (kernel type, 
regularisation coefficient); high impact 

of speckle noise

Works well with small data 
sets

Random 
Forest

Resilience to overtraining; automatic 
assessment of feature importance; 

processing of large data sets

Insufficient ability to reproduce 
complex spatial relationships; possible 

underestimation of efficiency with 
micropatterns

Suitable for scenarios with 
high variability of features

k-Nearest 
Neighbours

Easy to implement; intuitive 
classification logic

High computational complexity with 
large data; critical impact of choice of 

distance metric; sensitivity to noise

Requires optimisation when 
working with large data sets

Table 1. Comparative analysis of traditional ML methods for SAR image classification

Source: compiled by the author
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patches and processing them as sequential data (Pan et 
al., 2022). This enables the detection of long-range rela-
tionships, which are often overlooked by CNNs, making 
transformers particularly suitable for classifying SAR 
data with complex distributed patterns (Li et al., 2023). 
Autoencoders are widely employed for noise reduction 
and data compression. Their encoder-decoder structure 
enables the reconstruction of “clean” images from com-
pressed representations, thereby minimising the im-
pact of speckle noise. This preprocessing step enhances 
the quality of input data for subsequent classification, 
particularly in cases where the noise level is high.

Different DL architectures adopt distinct approach-
es to SAR image processing, as illustrated in Figure 2. 
The upper-left section of the diagram presents the 
ResNet architecture, highlighting the principle of re-
sidual connections, which facilitate efficient gradient 
propagation through deep layers without significant 
information loss. This capability allows ResNet to ef-
fectively detect and classify intricate texture patterns 
in SAR images. The upper-right section of the diagram 
displays the U-Net architecture, characterised by its 
symmetric encoder-decoder structure connected by 
skip connections. This design enables the extraction 
of essential image features while retaining spatial de-
tails, making U-Net particularly effective for SAR image 
segmentation tasks. It is widely used for identifying 
features such as water bodies, urban areas, and forests, 
even in complex and noisy environments.

The data indicate that traditional methods pro-
vide basic accuracy in SAR image classification; how-
ever, their ability to automatically extract features 
and process complex spatiotemporal relationships is 
limited. These shortcomings have driven the transi-
tion towards DL methods, which enable the adaptive 
extraction of relevant features without the need for 
manual feature engineering. DL approaches, such as 
CNNs, transformers, and autoencoders, have become 
key tools for SAR image classification and processing 
(Liu et al. , 2017). Their ability to automatically extract 
complex features from raw data effectively overcomes 
the limitations of traditional methods, particularly 
in the presence of speckle noise and heterogeneous 
textures. Among CNN architectures, ResNet and U-Net 
demonstrate high efficiency in processing SAR data. 
ResNet employs residual blocks to facilitate the learn-
ing of deep feature representations, mitigating the is-
sue of vanishing gradients. This capability is crucial for 
detecting the complex texture patterns characteristic 
of SAR images. U-Net, with its symmetric encoder-de-
coder structure, excels in precise object segmentation, 
making it particularly effective for distinguishing fea-
tures such as forests and water bodies while preserv-
ing spatial information, even in noisy environments 
(Kanmani et al. , 2023).

Another highly effective approach is the use of 
transformers, particularly the ViT which analyses glob-
al dependencies within an image by dividing it into 

Figure 2. DL architectures for SAR image processing
Source: compiled by the author
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The bottom section of Figure 2 illustrates the ViT 
architecture, which operates by dividing the image into 
patches that are subsequently processed by a trans-
former encoder. This approach enables ViT to analyse 
global dependencies between different elements 
within a scene, making it particularly effective for rec-
ognising long-term relationships in SAR images. This is 
especially beneficial in applications such as detecting 
large-scale structures or monitoring sequential chang-
es in time series data. Despite its significant advantag-
es, the application of ViT and other transformer-based 
models is associated with high computational costs 
and a requirement for large volumes of labelled data. 
Ongoing research focuses on leveraging transfer learn-
ing and semi-supervised learning methods to enhance 
model adaptability across different types of SAR imag-
es, thereby improving processing accuracy and classifi-
cation performance.

Hybrid approaches to SAR image processing, which 
integrate the strengths of deep neural networks with 
traditional ML methods, are becoming increasingly 
relevant due to their potential to enhance classifica-
tion accuracy and adaptability to complex patterns in 
the data. This approach enables the automatic extrac-
tion of features using convolutional neural networks 
(CNNs) while simultaneously applying classical algo-
rithms, such as SVMs, to optimise the classification 
process. In this context, CNNs efficiently extract spatial 
and textural features from raw SAR images, thereby re-
ducing reliance on manual feature engineering, which 
often depends on expert knowledge. The subsequent 
use of SVM for feature classification facilitates more 
precise class separation, particularly in datasets con-
taining high levels of speckle noise and non-uniform 
textures, both of which significantly influence analysis 
quality (Meng et al. , 2023).

The adoption of pre-trained models in trans-
fer learning presents new opportunities for adapting 
models to the specific characteristics of SAR data. This 
approach enables the transfer of knowledge acquired 
from optical image processing to SAR image analysis, 
significantly reducing computational costs and train-
ing data requirements. Optical-SAR matching demon-
strates how integrating texture features from optical 
images can enhance the vector representation of SAR 
images, leading to more precise object detection, such 
as identifying ships on radar (Wei et al. , 2021; Chu et 
al. ,  2024). Moreover, pre-trained models specifically 
adapted for SAR images often outperform those trained 
on general-purpose datasets such as ImageNet, un-
derscoring the importance of considering the unique 
properties of SAR data when developing classification 
algorithms (Zhang et al. , 2016).

This hybrid approach not only improves overall clas-
sification accuracy by adapting more effectively to com-
plex patterns but also optimises the use of limited da-
tasets. Reducing reliance on manual feature extraction 
and automating the feature learning process leads to 

more stable results, which is crucial for practical appli-
cations in remote sensing. Thus, the integration of CNNs 
with classical classification algorithms, combined with 
transfer learning, creates a powerful framework capable 
of adapting to various SAR conditions. This enhances the 
accuracy of data analysis, making it highly relevant for 
the development of modern monitoring and resource 
management systems. Preprocessing of SAR data plays 
a crucial role in enhancing the quality of satellite imag-
es for subsequent analysis and classification. It encom-
passes methods aimed at reducing noise, improving 
visual interpretation, and ensuring data consistency for 
ML applications. The key stages of this process include 
speckle filtering, pixel intensity normalisation, and data 
augmentation. Speckle noise is one of the most prev-
alent types of noise in SAR images, arising due to the 
coherent nature of the signal, which can significantly 
hinder scene interpretation. Various filtering methods 
are employed to mitigate speckle noise, with the Lee fil-
ter being one of the most widely used techniques. This 
adaptive algorithm is based on the statistical character-
istics of a pixel’s local neighbourhood, estimating the 
mean value and variance within a defined window. This 
approach enables noise suppression while preserving 
essential textural and structural features of the image.

Figure  3 presents the results of speckle filtering 
in a SAR image using different Lee filter window sizes. 
Figure 3(a) displays the original SAR image, composed 
using the VV and VH channels in RGB format. A signif-
icant portion of the scene exhibits pronounced speck-
les, which obscure textural characteristics and object 
contours, making interpretation more challenging. Fig-
ure 3b illustrates the outcome of applying the Lee filter 
with a 3×3 window. While the noise level is reduced, 
high-frequency brightness fluctuations remain, which 
may affect automated classification. Figure  3c shows 
the result of filtering with a 5×5 window, demonstrat-
ing a substantial reduction in speckle noise. This im-
proves object visibility and boundary definition, while 
still retaining key textural features essential for further 
analysis. Figure 3d presents the result of filtering with 
a 7×7 window, where an even greater level of smooth-
ing is observed. However, this results in the loss of fine 
details, and certain textural features visible in previous 
stages become less distinct, potentially complicating 
detailed analysis. Thus, selecting the optimal window 
size for speckle filtering is a critical parameter that 
must be determined based on the specific application 
of SAR images. The trade-off between noise reduction 
and detail preservation should be carefully considered 
to ensure optimal classification performance.

In addition to speckle filtering, another essential 
preprocessing step is the normalisation of pixel in-
tensities, which ensures consistency between different 
datasets. This is particularly crucial for multi-tempo-
ral analysis, where intensity values may vary due to 
factors such as the time of capture, viewing angle, or 
weather conditions. Normalisation can be performed by 
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scaling intensity values to a fixed range (e.g., 0 to 1) or 
through standardisation, which adjusts values to have 
a zero mean and a standard deviation of one. These  

techniques help to reduce the influence of external fac-
tors and ensure that images are more homogeneous, 
facilitating further analysis.

Figure 3. Effect of speckle filtering using the Lee filter on SAR images
Notes: a – Original VV+VH image in RGB format containing significant speckles; b – Result of applying the Lee filter with a 
window size of 3×3 – partial noise reduction is observed while preserving details; c – Lee filter 5×5 – further noise reduction 
and improvement of object contrast; d – Lee filter 7×7 – maximum smoothing, which may lead to loss of texture characteristics
Source: compiled by the author based on Copernicus Browser (n.d.)

Another important preprocessing procedure is 
data augmentation, which enhances the performance 
of classification and DL models. Data augmentation 
techniques include rotation, scaling, and the addition 
of synthetic noise, all of which help to increase the 
number of training samples and improve the gener-
alisation ability of models. Image rotation enhances 
model robustness by making it invariant to object ori-
entation, which is particularly important for analysing 
scenes captured from different perspectives. Scaling 
enables the model to adapt to size variations in ob-
jects, a common phenomenon in SAR images due to 
differences in resolution and terrain structure. Adding 
synthetic noise is particularly effective for training 
models to be robust against varying levels of data 
noise, a characteristic feature of radar images. By in-
tegrating these preprocessing techniques, models be-
come more resilient to external distortions, ensuring 
improved classification accuracy and adaptability to 
diverse SAR imaging conditions. The preprocessing of 
SAR data is a multi-component process that encom-
passes speckle filtering, intensity normalisation, and 
data augmentation. Each of these stages plays a cru-
cial role in enhancing image quality, thereby improv-
ing the accuracy of subsequent analytical methods, 
particularly in automated classification and change 
detection. The application of appropriate processing 
techniques significantly enhances the informativeness 

of SAR images, which is critical for applications in re-
mote sensing and land surface analysis.

Training image classification models, particularly 
those designed for SAR image processing, is a complex 
task that involves selecting suitable optimisation cri-
teria and regularisation methods to improve accuracy 
and resistance to overfitting. A key aspect of this pro-
cess is the definition of the loss function, which serves 
as the primary mechanism for adjusting model param-
eters, ensuring the minimisation of discrepancies be-
tween predicted and actual class values. In multiclass 
classification problems, the most commonly used loss 
function is cross-entropy, which measures the distance 
between two probability distributions: the predicted 
distribution of the model and the actual class labels. 
Due to its ability to penalise discrepancies between 
the correct class and the predicted probability vectors, 
cross-entropy enables the optimisation of network 
parameters, thereby enhancing the model’s ability to 
accurately classify SAR images (Nillmani et al. , 2022). 
Regularisation plays a crucial role in the training of 
models, preventing overfitting by ensuring that the 
network maintains its generalisation capability rather 
than merely adapting to the training samples. One ef-
fective regularisation technique is Dropout, which ran-
domly deactivates a certain percentage of neurones 
during training. This forces the network to distribute in-
formation across multiple activation paths, enhancing  
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its robustness to minor variations in input data and im-
proving its ability to generalise to new samples.

Another key approach is L2 regularisation, also 
known as the weight decay penalty, which introduces 
an additional term to the loss function proportional 
to the squared norms of the weight parameters. This 
technique restricts the magnitude of the weights, pre-
venting them from becoming excessively large, which 
can otherwise lead to overfitting and reduced gener-
alisation efficiency. The combined use of L2 regulari-
sation with gradient normalisation techniques helps 
to develop stable models that perform consistently on 
test datasets, even in the presence of high variability 
in SAR images (Zhong et al., 2020). Thus, the success-
ful training of SAR image classification models largely 
depends on the choice of loss functions and regularisa-
tion techniques. Cross-entropy parameter optimisation 
ensures precise adaptation of the network for recog-
nising different classes, while regularisation methods, 
particularly Dropout and L2 regularisation, help to pre-
vent overfitting and enhance the generalisation abili-
ty of models. This is particularly crucial for SAR image 
analysis in diverse application scenarios.

SAR image classification is a critically important 
research domain in remote sensing, offering unique 
capabilities for environmental monitoring, military in-
telligence, and natural resource management. Studies 
by W. Cui et al. (2020) and J. Iqbal et al. (2020) highlight 
how advancements in ML and DL technologies are cre-
ating new opportunities to enhance the accuracy and 
efficiency of SAR data classification. The findings in-
dicate that ML methods, particularly SVM and RF, are 
characterised by high training efficiency and strong in-
terpretability. These results align with the conclusions 
of R. Zhang et al. (2020), who emphasised the particular 
effectiveness of these methods in scenarios where un-
derstanding the decision-making process is essential. 
However, they also noted the limited effectiveness of 
traditional algorithms when processing the complex 
textures typically found in SAR images.

The analysis of DL methods supports the findings 
of J.F.M.R. Filho & P. Bélanger (2021) regarding the abil-
ity of DL models to enable automatic feature extrac-
tion and achieve high accuracy in the classification of 
complex data. The CNN architectures examined in this 
study demonstrated particular efficiency in processing 
SAR images, primarily due to their capacity to detect hi-
erarchical feature representations. These results align 
with the findings of Y. Wu et al. (2023), who emphasised 
that a major limitation of DL methods remains their 
high demand for large training datasets and significant 
computational resources. The study of hybrid approach-
es, which integrate ML and DL techniques, confirms the 
conclusions of S.R.  Majji  et al.  (2022) regarding their 
strong potential for enhancing SAR image classifica-
tion. In particular, their proposed hybrid architecture, 
which employs a CNN for feature extraction followed 
by an SVM for classification, produced results similar to 

those obtained in this study. This combined approach 
leverages the strengths of both methods, improving 
classification accuracy while maintaining the interpret-
ability of results. In terms of data preprocessing, the 
findings align with the study by B. Evans et al.  (2023), 
which highlights the importance of speckle filtering 
and normalisation. Experimental results confirm that 
high-quality preprocessing can significantly enhance 
classification performance, regardless of the chosen ML 
method. Additionally, the results are consistent with the 
conclusions of Z. Zeng et al.  (2022), which emphasise 
the critical role of data augmentation in improving the 
efficiency of model training.

The analysis of SAR image classification methods 
illustrates the evolution of approaches from traditional 
ML techniques to deep neural networks and hybrid ar-
chitectures. Traditional ML methods, such as SVM and RF, 
offer fast training and high interpretability but exhibit 
limitations in handling complex textures. In contrast, DL 
methods, particularly CNNs, demonstrate higher classi-
fication accuracy due to their ability to automatically 
extract hierarchical features. However, these models 
require substantial computational resources and large 
training datasets. Hybrid approaches, which integrate 
CNNs with traditional classifiers, provide an optimal 
balance between accuracy and result interpretability. 
The effectiveness of all methods is significantly influ-
enced by the quality of data preprocessing, including 
speckle filtering, normalisation, and data augmentation.

CONCLUSIONS
As a result of this study on ML and DL methods for 
SAR image classification, the objective of identifying 
architectures and approaches that ensure high clas-
sification accuracy while maintaining computational 
efficiency has been achieved. The study identified key 
SAR image characteristics that influence the clas-
sification process, including the presence of speckle 
noise, the specificity of polarisation characteristics 
(HH, HV, VV, VH), and geometric distortions caused by 
the side-looking nature of SAR systems. It was deter-
mined that adaptive speckle filtering using a Lee filter 
with a 5×5 window provides the optimal balance be-
tween noise reduction and the preservation of critical 
structural elements in the image.

The study confirmed the limited effectiveness of tra-
ditional ML methods in processing the complex textural 
characteristics of SAR images. In contrast, DL architec-
tures, particularly ResNet and U-Net, demonstrated sig-
nificant advantages due to their ability to automatically 
extract hierarchical feature representations. Addition-
ally, the use of complex-valued neural networks offers 
substantial optimisation of computational resources 
while maintaining high classification accuracy. The pri-
mary limitation of this study is that the analysis of SAR 
image classification methods was conducted primarily 
at a theoretical level, without the ability to practically 
validate the effectiveness of all examined architectures 
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on real datasets. The publicly available SAR image da-
tabases used in this study lacked a sufficient number of 
labelled examples to facilitate a comprehensive eval-
uation of all proposed approaches. Another limitation 
is the inability to conduct experimental studies using 
high-performance computing systems, which prevented 
a direct comparison of training and classification times 
across different neural network architectures.

Based on the results obtained, practical recom-
mendations have been formulated for the selection of 
architectures and training methods depending on the 
classification task. Specifically, for tasks involving a 
limited set of labelled data, it is recommended to uti-
lise semi-supervised learning and data augmentation 
techniques to enhance model performance. Addition-
ally, an algorithm for combining different polarisation 
channels has been proposed to improve the classifica-
tion accuracy of complex landscapes. For the further  

advancement of this field, research should focus on de-
veloping specialised architectures that account for the 
physical properties of SAR signals, enhancing adaptive 
speckle filtering algorithms, and improving transfer 
learning methods to enable the effective adaptation of 
models across different SAR datasets. Furthermore, spe-
cial attention should be given to the integration of in-
terpretability techniques in DL models to increase trust 
and transparency in automated classification systems.
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Машинне навчання та глибинне навчання для класифікації SAR-зображень
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Анотація. У дослідженні проведено комплексний аналіз сучасних методів машинного та глибинного навчання для 
класифікації радіолокаційних зображень із синтезованою апертурою. Метою роботи було визначення архітектур 
і підходів, які забезпечують високу точність класифікації при збереженні ефективності обчислювальних ресурсів. 
Основну увагу приділено вирішенню ключових викликів: спекл-шуму, геометричних спотворень та обмеженості 
розмічених даних. Методологія дослідження включала систематичний аналіз наукової літератури за 2015-
2024 роки та вивчення поляризаційних характеристик Synthetic Aperture Radar-зображень із використанням 
платформи Copernicus Browser. Було досліджено ефективність традиційних методів машинного навчання (Support 
Vector Machines, Random Forest) та сучасних архітектур глибокого навчання (ResNet, U-Net, Vision Transformer). 
Особливу увагу приділено впливу адаптивної фільтрації спекл-шуму за допомогою фільтра Lee при різних 
розмірах вікна (3×3; 5×5; 7×7) на якість класифікації. Результати показали, що глибокі нейронні мережі мають 
переваги перед традиційними методами завдяки здатності автоматично виділяти ієрархічні представлення 
ознак. ResNet забезпечує високу точність класифікації, U-Net ефективна для сегментації, а Vision Transformer 
враховує глобальні залежності. Оптимальний баланс між придушенням спекл-шуму та збереженням деталей 
досягається при використанні фільтра Lee з розміром вікна 5×5. Однією з проблем залишається обмеженість 
розмічених даних. Для її вирішення розглянуто напівконтрольоване навчання, що покращує нормалізацію ознак 
і продуктивність моделей. Перспективним напрямком є використання комплекснозначних нейронних мереж для 
оптимізації обчислювальних витрат. Результати мають практичне значення для автоматизованої класифікації 
Synthetic Aperture Radar-зображень у задачах екологічного моніторингу, оцінки стану сільськогосподарських 
угідь та дистанційного зондування

Ключові слова: нейронні мережі; комплекснозначні обчислення; поляризаційні характеристики;  
радіолокаційне зондування; спекл-фільтрація
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