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Abstract 

Polarimetric Synthetic Aperture Radar (PolSAR) has emerged as a powerful tool in remote sensing due to its ability to 

capture detailed scattering information under all-weather, day-and-night conditions. Understanding scattering mechanisms 

is essential for accurate interpretation of PolSAR data across various applications, including urban area classification, 

forest canopy analysis, and environmental monitoring. This review provides a comprehensive overview of key scattering 

mechanism models, focusing on the Freeman-Durden Three-Component Model, Cloude-Pottier Decomposition, and 

Yamaguchi Four-Component Model. Each model’s theoretical basis, strengths, limitations, and real-world applications 

are critically discussed. The review highlights common challenges such as ambiguity in oriented urban structures and 

volume scattering overestimation. Furthermore, the potential of integrating advanced computational techniques, including 

artificial intelligence (AI) and machine learning (ML), to improve model robustness is emphasized. This work aims to 

serve as a foundational reference for future research on enhancing scattering mechanism models in PolSAR data analysis. 
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Synthetic Aperture Radar (SAR) and Polarimetric Synthetic Aperture Radar (PolSAR) systems have become essential 

tools in the field of remote sensing, owing to their capability to acquire high-resolution images regardless of weather 

conditions or time of day. Unlike optical sensors, SAR systems utilize microwave signals, which allow them to penetrate 

clouds, vegetation canopies, and other atmospheric interferences. PolSAR, an advanced form of SAR, records the 

polarization states of both transmitted and received signals, providing detailed information about the scattering behavior 

and physical properties of surface and volumetric targets. The ability of PolSAR to capture this additional polarimetric 

information makes it particularly suitable for complex scene analysis, including land cover classification, vegetation 

monitoring, urban infrastructure mapping, and maritime surveillance. 

Recent advancements in SAR and PolSAR technologies have significantly enhanced their application potential across 

various fields. Researchers have demonstrated their effectiveness in tasks such as semantic segmentation, object detection, 

and environmental monitoring. For instance, Shi et al. (2021) introduced a novel encoder-decoder framework specifically 

designed for semantic segmentation of high-resolution SAR images from the Gaofen-3 (GF-3) sensor, contributing to 

object-level interpretation [1]. Similarly, Tu et al. (2021) applied full-polarization GF-3 imagery for synergetic 

classification of coastal wetlands, achieving higher accuracy and better temporal resolution [2]. In the context of urban 

target recognition, Garg et al. (2021) utilized deep learning models to minimize misclassification in highly vegetated and 

structurally complex urban environments [3]. Further advancements include ship detection techniques, such as the super-

pixel-based neighbourhood covariance matrix proposed by Zhang et al. (2021) and a scattering characteristic-aware 

detection network developed by Gao et al. (2023). Additionally, Geng et al. (2022) introduced a hypergraph neural network 

approach to leverage spatial and polarimetric features for improved PolSAR image classification [4], [5], [6]. 

The foundation of these applications lies in a fundamental understanding of scattering mechanisms. Scattering in SAR 

systems results from interactions between the radar signal and target surfaces, which can involve mechanisms such as 

surface scattering, double-bounce scattering, volume scattering, and more complex phenomena like helix scattering. 

Accurately decomposing and interpreting these scattering contributions is crucial for reliable image classification, target 

recognition, parameter inversion, and environmental monitoring. Studies such as Chen et al. (2021) emphasize the 

importance of multiple-bounce analysis for river water level monitoring, while DEMİRCİ et al. (2021) demonstrated the 

value of polarimetric decompositions in enhancing target discrimination [7], [8]. Applications in agriculture and forestry, 

such as plant height estimation (Wang et al., 2022) and soil moisture retrieval (Zhang et al., 2022), further highlight the 

significance of understanding scattering mechanisms [9], [10]. 

Beyond target recognition, scattering models are vital for analyzing urban and natural environments to support sustainable 

development and ecosystem management. For example, Maranesi et al. (2021) utilized SAR-based forest monitoring 

services for assessing green areas, while Tao et al. (2021) investigated urban carrying capacities to balance development 

with ecological sustainability [11], [12]. Other studies have focused on groundwater modeling (Semyachkov et al., 2022), 

change detection (Choi et al., 2022), and air pollution effects on urban vegetation (Dwijendra et al., 2023) [13], [14], [15]. 

Despite these advances, challenges such as orientation ambiguities in urban areas, volume scattering overestimation, and 

model generalizability persist . Therefore, the aim of this review paper is to present a comprehensive overview of 

prominent scattering mechanism models used in PolSAR data analysis. This paper critically examines the theoretical basis, 

applications, strengths, and limitations of key models—including the Freeman-Durden three-component model, Cloude-

Pottier decomposition, and Yamaguchi four-component model. Additionally, it explores recent advancements, discusses 

their applications in urban and natural settings, and highlights potential future directions, such as integrating machine 

learning techniques to improve model performance and adaptability. 

 

3. Scattering Mechanism Models 

One of the key challenges in Polarimetric Synthetic Aperture Radar (PolSAR) data analysis is accurately interpreting the 

backscattered signal by identifying the dominant scattering mechanisms responsible for the observed returns. Scattering 

mechanisms are essential for understanding the interactions between the radar signal and various surface or volume 

features. Over the years, several decomposition models have been developed to analyze these mechanisms, each providing 

a unique approach to separating and interpreting surface, double-bounce, and volume scattering components. This section 

presents an overview of widely-used scattering models, starting with the Freeman-Durden Three-Component Model. 

 

3.1 Freeman-Durden Three-Component Model 

The Freeman-Durden Three-Component Model is one of the most fundamental and widely adopted model-based 

decomposition techniques in PolSAR data analysis. Originally introduced by Freeman and Durden in 1998, this model 

decomposes the total observed scattering power into three physically interpretable scattering components: surface 

scattering, double-bounce scattering, and volume scattering. Each of these mechanisms represents specific interactions 

between the incident radar wave and ground targets—surface scattering typically occurs on smooth surfaces, double-

bounce scattering is observed in vertical structures such as urban areas or tree trunks, and volume scattering is common 

in vegetation canopies or randomly oriented scatterers. 

The model's mathematical formulation is based on representing the observed covariance matrix as a linear combination 

of the three elementary scattering mechanisms, each associated with specific scattering matrices and power contributions. 

This decomposition is non-iterative, computationally efficient, and physically meaningful, making it highly suitable for 

operational remote sensing applications, including land cover classification, forest structure analysis, and urban mapping. 

In recent years, numerous researchers have focused on enhancing the Freeman-Durden model to address its limitations 

and improve decomposition accuracy. One of the key challenges is the overestimation of volume scattering, particularly 

in urban areas with oriented buildings or anisotropic targets. Addressing this, Inderkumar et al. (2021) proposed 
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modifications  in  hybrid-polarimetric  SAR  data  decomposition  to  better  allocate  depolarized  power,  reducing  the 
misclassification of volume scattering in complex environments [16].

Similarly, Hou et al. (2021) introduced a two-stage Hybrid Compact Polarimetric (HCP) SAR decomposition approach 
that  adapts  the  Freeman-Durden  model  to  compact  polarimetric  SAR  data [17].  Their  method  identifies  dominant 
scattering mechanisms at the pixel level while maintaining the model's interpretability and enhancing its adaptability to 
HCP datasets, which are increasingly used in spaceborne SAR missions due to their reduced data volume.

To  further  address  the  limitations  of  conventional  decomposition  methods, Wang  et  al.  (2021)  developed  an  adaptive 
decomposition  framework  incorporating  a  dipole  aggregation  model [18].  This  approach  fits  the  PolSAR  data  to  an 
independent volume scattering mechanism, minimizing negative powers and enhancing adaptability across varying land 
cover  types.  Likewise,  Ramya  et  al.  (2021)  demonstrated  the  practical  application  of  coherence-based  decomposition 
using the Freeman-Durden model for scattering characterization in Uttarakhand, India, showing its effectiveness in diverse 
terrains [19].

Advancements in optimization techniques have also contributed to refining the Freeman-Durden model. Ainsworth et al.

(2022)  presented  an  L1  regularization-based  decomposition  approach,  ensuring  non-negative  scattering  powers  by 
imposing  sparsity  constraints.  This  enhancement  not  only  improves  the  stability  of  decomposition  results  but  also 
eliminates the occurrence of physically implausible negative powers [20].

Vegetation parameter retrieval is another critical application area where the Freeman-Durden model has shown significant 
relevance. Yin et al. (2022) applied an adaptive weighted learning mechanism to PolSAR data, improving the estimation 
of  vegetation  contributions  in  soil  moisture  inversion  tasks [21]. Their  study  emphasized  the  importance  of  selecting 
appropriate decomposition descriptors to isolate vegetation effects from underlying soil signals.

In forestry applications, Hu et al. (2023) combined C-band and L-band SAR data with the Freeman-Durden decomposition 
model  to  improve  aboveground  biomass  estimation [22].  By  integrating  decomposition  features  with  non-parametric 
models and advanced feature selection techniques, their approach demonstrated enhanced accuracy in forest parameter 
retrieval, underlining the model's utility in environmental monitoring.

More recently, Wang et al. (2023) proposed an optimal polarization three-component target decomposition method based 
on  semi-definite  programming,  further  improving  decomposition  stability  and  interpretability  by  solving  optimization 
problems to allocate scattering powers optimally [18]. Additionally, Zhu et al. (2024) evaluated the relationship between 
polarization  observation  variables  from  the  Freeman-Durden  decomposition  and  forest  canopy  height,  illustrating  the 
model's effectiveness in studying biophysical forest parameters such as carbon stocks and canopy structure [23].

Overall, the Freeman-Durden Three-Component Model remains a cornerstone in SAR and PolSAR data analysis due to 
its simplicity, computational efficiency, and physical interpretability. Continuous refinements and adaptations to hybrid 
polarimetric  data,  optimization  techniques,  and  machine  learning  frameworks  have  further  expanded  its  applicability 
across diverse remote sensing tasks. However, challenges such as handling oriented urban structures, mitigating volume 
scattering overestimation, and extending the model to novel datasets necessitate ongoing research and model evolution.

3.2 Cloude-Pottier Decomposition

The  Cloude-Pottier  decomposition  is  one  of  the  most  fundamental  and  widely  utilized  eigen-based  decomposition 
techniques  in  polarimetric  SAR  (PolSAR)  analysis.  Introduced  by  Cloude  and  Pottier  in  1997,  this  model  provides  a 
statistical approach to decomposing the scattering matrix based on eigenvalue and eigenvector analysis of the coherency 
or covariance matrix. Unlike model-based decompositions (such as Freeman-Durden), which rely on predefined physical 
scattering models, the Cloude-Pottier method is data-driven and does not assume specific scattering mechanisms. Instead, 
it characterizes the scattering behavior of targets using three key parameters: Entropy (H), Alpha (α) angle, and Anisotropy

(A).

The Entropy (H) parameter measures the randomness of the scattering process, with low entropy indicating well-defined 
scattering (e.g., surface scattering) and high entropy suggesting complex or random scattering (e.g., volume scattering). 
The Alpha  angle (α) provides  information  about  the  dominant  scattering mechanism, ranging from  surface  (low α) to 
double-bounce (mid α) to volume scattering (high α). Anisotropy (A) quantifies the relative importance of the secondary 
scattering  mechanisms  when  entropy  is high.  This  decomposition  framework  is  particularly  powerful  for  classifying 
targets in natural and urban environments, as it offers a compact representation of scattering behavior while retaining 
physical interpretability.

Numerous studies have applied and refined the Cloude-Pottier decomposition to enhance its utility in specific remote 
sensing applications. For instance, Weiß et al. (2021) utilized a dense time series of VV-polarized Sentinel-1 C-band SAR 
data to analyze wheat fields near Munich, Germany. Although their study focused on backscatter analysis, it highlights 
the  importance  of  understanding  temporal  variations  in  scattering  behavior,  which  the  Cloude-Pottier  decomposition 
effectively captures when applied to multi-temporal PolSAR datasets [24]. Similarly, Jiao et al. (2021) demonstrated the 
value of time-series SAR data for monitoring crop growth, emphasizing the relevance of polarimetric parameters, such as 
entropy and alpha angle, for tracking vegetation changes in conjunction with optical indices like NDVI [25].

In addition, the Cloude-Pottier decomposition has been enhanced through regularization techniques to address stability 
and robustness issues. Ainsworth et al. (2022) introduced an L1 regularization-based approach for model-based PolSAR 
decomposition, ensuring nonnegative power allocations and improving performance across various scattering conditions

[20].  While  primarily  applied  in  the  context  of Freeman-Durden  decomposition,  such  regularization  techniques  can 
complement eigen-based methods like Cloude-Pottier to enhance parameter retrieval accuracy.

Advanced  methods  integrating  polarimetric  interferometry  (PolInSAR)  coherence  have  also  been  explored  to  refine 
decomposition performance. Di et al. (2024) proposed incorporating repeat-pass PolInSAR coherence information into
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target  decomposition,  enhancing  algorithm  stability  across  different  temporal  baselines [26].  This  improvement  is 
particularly  relevant  in  applications  such  as  forest  height  estimation  and  land  cover  classification,  where  coherence 
information augments the interpretation of scattering mechanisms over time.

In  the  urban  context,  orientation  angle  estimation  is  crucial  to  improving  decomposition  accuracy,  especially  in 
environments with strong double-bounce or dihedral scattering from buildings. Kobayashi et al. (2024) addressed this by 
proposing a rotated dihedral model to estimate the orientation angles of urban structures, which, when combined with 
Cloude-Pottier parameters, enhances target classification and urban mapping accuracy [27].

Beyond terrestrial applications, the versatility of polarimetric decomposition has been demonstrated in other domains. For 
instance,  Qiao  et  al.  (2024)  presented  a  novel  snow  depth  retrieval  technique  based  on  polarization  decomposition, 
enhancing the DM-RVoG model by integrating decorrelation optimization [28]. This shows the broader applicability of 
polarimetric decomposition concepts, including those rooted in the Cloude-Pottier framework, to diverse environmental 
monitoring tasks.

Interestingly, studies in materials science and optics, such as Levitsky et al. (2021) and Zhang et al. (2023), while not 
directly  related  to  SAR,  highlight  similar  decomposition  principles  (e.g.,  spinodal  decomposition,  mode  distortion 
analysis)  applied  in  different  physical  contexts [9],  [29].  These  parallels  underscore  the  fundamental  nature  of 
decomposition techniques in interpreting complex systems across scientific fields.

Despite its strengths, the Cloude-Pottier decomposition faces challenges such as ambiguity in low-entropy regions and 
sensitivity to noise. Recent research focuses on integrating this model with machine learning techniques and temporal 
coherence information to overcome these limitations and improve classification robustness.

In  summary,  the  Cloude-Pottier  decomposition  remains  a  cornerstone  in  PolSAR  data  analysis,  offering  a  statistical, 
physically  meaningful framework  for  characterizing  scattering  mechanisms.  Its  adaptability  across  various  land cover 
types,  temporal  scales, and  environmental  conditions  makes  it  highly  valuable.  Continuous  improvements  through 
integration with interferometric data, regularization techniques, and orientation correction models ensure its relevance in 
modern SAR applications, including agriculture, forestry, urban mapping, and cryosphere monitoring.

3.3 Yamaguchi Four-Component Model

The Yamaguchi Four-Component Decomposition Model is a significant advancement over traditional three-component 
models, designed to provide a more comprehensive interpretation of the scattering mechanisms present in Polarimetric 
Synthetic Aperture Radar (PolSAR) data. Developed by Yamaguchi et al. in 2005, this model extends the Freeman-Durden 
decomposition  by  adding  a  helix  (or  cross-polarized)  scattering  component  to  account  for  asymmetric  and  complex 
scattering behaviors, particularly in urban environments with oriented buildings or rough surfaces [30].

The model decomposes the total backscattered signal into four physically meaningful components: surface scattering, 
double-bounce scattering, volume scattering, and helix scattering. The inclusion of the helix component distinguishes the 
Yamaguchi model from earlier approaches, enabling better characterization of targets exhibiting asymmetric scattering 
properties due to target orientation or structural complexity [31]. This is particularly beneficial when dealing with built- 
up areas, forested regions with varying canopy geometries, and complex terrain features.

Several studies have focused on improving and applying the Yamaguchi Four-Component Model across different domains. 
For instance, Kuznetsov et al. (2020) investigated scattering processes in a non-terrestrial context, analyzing the formation 
of drift-pair bursts in plasma environments [32]. Their study suggested that the trailing components of such bursts are a 
result of turbulent reflection and anisotropic scattering, highlighting the broader relevance of multi-component scattering 
analysis, akin to the principles underlying the Yamaguchi model.

In the realm of agriculture, Xie et al. (2022) validated the effectiveness of the Physically Constrained General Model- 
Based Decomposition (PCGMD) method for crop classification [33]. Their results demonstrated that while traditional 
four-component decompositions like the Yamaguchi model offer valuable insight into scattering behavior, incorporating 
additional physical constraints significantly improves classification accuracy. The study emphasized how understanding 
and precisely modeling volume and double-bounce scattering contributions are crucial for differentiating various crop 
types, especially when complex vegetation structures are involved.

In maritime applications, Gao et al. (2023) introduced the Ship-4SD decomposition model, specifically designed for ship 
detection  in  fully  polarized  SAR  images [6].  This  model  builds  upon  the  Yamaguchi  framework  by  refining  the 
decomposition process to handle scattering characteristics unique to ship structures, such as strong double-bounce and 
helix scattering signatures caused by metallic surfaces and complex ship geometries. Their results showed that the Ship- 
4SD model achieved superior precision in various datasets, demonstrating the robustness of the Yamaguchi approach when 
tailored for specific applications [34].

Forestry studies have also benefited from the Yamaguchi model. Hu et al. (2023) explored its application in improving 
forest aboveground biomass (AGB) estimation by integrating both C-band and L-band SAR data [35]. They emphasized 
the  importance  of  feature  selection  based  on  scattering  mechanisms,  leveraging  the  model’s  capability  to  distinguish 
between volume scattering from forest canopies and double-bounce effects from tree trunks and ground interactions. By 
combining decomposition parameters with non-parametric regression models, they achieved higher accuracy in estimating 
forest biomass, highlighting the Yamaguchi model's significance in ecological monitoring and carbon stock assessment. 
Moreover,  Ainsworth  et  al.  (2022)  proposed  incorporating  L1  regularization  techniques  in  model-based  PolSAR 
decomposition, which can be adapted to the Yamaguchi model framework to ensure nonnegative scattering powers and 
improve robustness against noise and model misfit [20]. This highlights ongoing efforts to address inherent challenges 
such  as  overestimation  of  certain  scattering  components,  particularly  volume  scattering,  in  urban  areas  with  oriented 
buildings.
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Despite its wide applicability, the Yamaguchi Four-Component Model is not without limitations. One key issue is the 

ambiguity in interpreting oriented urban structures, which may lead to inaccurate allocation of power between double-

bounce and helix components. Researchers continue to refine the model by incorporating orientation angle compensation 

techniques and optimization strategies to enhance its adaptability across varying terrain and target conditions. 

The Yamaguchi Four-Component Model remains a pivotal tool in PolSAR data analysis, offering enhanced interpretability 

of complex scattering scenarios compared to earlier models. Its application spans diverse fields such as crop classification, 

forest biomass estimation, ship detection, and even plasma scattering studies, underscoring its versatility [36]. Ongoing 

advancements, including integration with machine learning techniques, regularization methods, and physically 

constrained models, continue to improve its effectiveness and broaden its applicability in both natural and urban 

environments. 

 

Table 1: Summary of key scattering mechanism models used in SAR and PolSAR data analysis. 

Model Name Main Components Advantages Limitations Key References 

Freeman-Durden 

Three-Component 

Model 

Surface, Double-

bounce, Volume 

Simple, physically 

interpretable, 

widely used 

Overestimation of 

volume scattering in 

complex targets 

Freeman & Durden 

(1998); Ramya et al. 

(2021); Inderkumar et 

al. (2021) 

Yamaguchi Four-

Component Model 

Surface, Double-

Volume,bounce,

Helix 

Better accuracy 

for urban and 

oriented 

structures 

toSensitive

angle,orientation

complex 

computation 

al.Yamaguchi et

al.(2005); Xie et

al.(2022); Gao et

(2023) 

L1 Regularization 

Model 

Optimal 

component 

selection using 

regularization 

nonEnsures -

powers,negative

torobust

scattering 

variations 

Requires tuning, 

computational cost 

Ainsworth et al. (2022) 

PCGMD Model 

(Physically 

Constrained) 

Data-driven, 

General 

Decomposition 

High accuracy in 

crop and 

vegetation 

classification 

Needs careful 

parameter selection 

Xie et al. (2022) 

Dipole Aggregation 

Model 

Surface, Volume 

with Adaptive 

Dipole Aggregation 

Reduces negative 

powers, adapts to 

different targets 

Application-

dependent, requires 

validation 

Wang et al. (2021) 

 

 

 

 

 

 

 

 

 

 

  

 

4. Applications

The versatility of Synthetic Aperture Radar (SAR) and Polarimetric SAR (PolSAR) technologies has opened up a wide 
array of practical applications across various domains, including urban area classification, forest canopy analysis, disaster 
monitoring,  agriculture,  and  environmental  management.  The  ability  of  SAR  systems  to  operate  under  all-weather 
conditions  and  provide  detailed  information  about  surface  and  volumetric  scattering  mechanisms  makes  them 
indispensable tools in modern remote sensing [37]. This section reviews key application areas of scattering mechanism 
models,  emphasizing  recent  advancements  and  their  impact  on  enhancing  classification  accuracy  and  environmental 
monitoring.

4.1 Urban Area Classification

Urban environments are characterized by complex structures, including buildings, roads, and various man-made surfaces, 
which  pose  significant  challenges  in  remote  sensing  analysis. The  unique  scattering  behavior  of  these  features,  often 
involving  strong  double-bounce  and  helix  scattering  mechanisms,  makes  SAR  data  particularly  useful  for  urban  area 
classification.

Recent  studies  have  demonstrated  the  effectiveness  of  SAR  and  PolSAR  data  in  identifying  urban  land  cover  and 
infrastructure patterns. Todar et al. (2021) examined the seasonality effect on impervious surface detection using Sentinel- 
1 SAR and Sentinel-2 optical imagery, highlighting how the integration of SAR data enhances the temporal resolution and 
robustness of urban classification models [38]. Their results showed that SAR data, particularly when fused with optical 
sensors, could reliably detect seasonal variations in urban impervious surfaces.

Similarly, Nicolau et al. (2021) assessed the capability of C-band SAR data to distinguish modified land uses in a heavily 
disturbed Amazon forest, emphasizing SAR’s utility in monitoring urban encroachment and land use changes in sensitive 
ecosystems [39].  In  agricultural  and  peri-urban  regions, Adrian  et  al.  (2021)  demonstrated  the  successful  fusion  of 
Sentinel-1 SAR and optical data for crop type mapping, showcasing the broader applicability of SAR in both rural and 
urban contexts [40].

Kraatz et al. (2021) further emphasized the importance of SAR time series analysis by comparing L-band and C-band 
SAR data  for active crop area mapping, showing high classification accuracy and temporal stability [41]. Their study 
reinforced the advantage of dense SAR time series for capturing dynamic land use patterns, essential for urban expansion 
monitoring.
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Additionally, Hu et al. (2021) proposed an approach that combines Sentinel-1 SAR and Sentinel-2 optical imagery to 

improve urban land cover classification, effectively leveraging complementary data sources to overcome the limitations 

of single-sensor systems [42]. Furthermore, Garg et al. (2021) applied advanced deep learning models for semantic 

segmentation of PolSAR data, demonstrating how machine learning algorithms can exploit polarimetric features, such as 

entropy and alpha angle, for accurate urban target classification, even in structurally complex environments [3]. 

These studies collectively highlight the potential of SAR and PolSAR technologies, particularly when integrated with 

optical data and advanced algorithms, in providing reliable and precise classification of urban areas, contributing to 

effective urban planning, infrastructure monitoring, and sustainable development. 

 

4.2 Forest Canopy Analysis 

Another prominent application of SAR and PolSAR data lies in forest canopy analysis, including the estimation of forest 

structure, canopy height, and aboveground biomass (AGB). Forest environments typically involve complex volume 

scattering mechanisms, making polarimetric decomposition models, such as Freeman-Durden and Yamaguchi, essential 

tools for accurate characterization [43]. 

Wang et al. (2021) introduced an innovative model-based PolSAR decomposition scheme incorporating a random thin 

disk model to differentiate between scattering behaviors of deciduous and coniferous forests [18]. By accounting for the 

unique scattering properties of various vegetation types, their approach enhanced the accuracy of forest structure 

interpretation. 

At a broader scale, the NASA AfriSAR Campaign conducted by Fatoyinbo et al. (2021) exemplified the integration of 

airborne SAR and LiDAR measurements to assess tropical forest structure and biomass [44]. The campaign provided 

crucial data to support current and future space missions aimed at monitoring forest ecosystems, emphasizing the value 

of multi-sensor approaches in canopy analysis. 

Santoro et al. (2021) advanced biomass retrieval methods by incorporating allometric equations into the Water Cloud 

Model, improving the estimation of forest stem volume using L-band SAR data in Sweden [45]. This highlights how 

model refinements combined with SAR data can reduce uncertainties in forest parameter retrieval. 

In boreal forests, Blomberg et al. (2021) evaluated P-band TomoSAR data for biomass estimation, demonstrating that 

suppressing ground backscatter signals enables more accurate retrieval of aboveground biomass, even with limited 

tomographic resolution [46]. Similarly, Luca et al. (2022) integrated Sentinel-1 SAR, Sentinel-2 optical data, and machine 

learning algorithms for land cover mapping in Mediterranean forests, emphasizing the correlation between polarimetric 

decomposition parameters and canopy structure [47]. 

Verhegghen et al. (2022) showcased the potential of combining Sentinel-1 SAR and Sentinel-2 optical sensors to map tree 

cover in East Africa, focusing on the integration of open-access data and tools for establishing national forest monitoring 

systems [37]. Chen et al. (2022) expanded on this by integrating LiDAR data with multi-sensor imagery to reduce 

uncertainty in object-based forest AGB estimation, particularly in heterogeneous mountainous regions. 

Additionally, Almeida et al. (2022) assessed canopy height mapping in the Atlantic Forest of Brazil by integrating 

Sentinel-1, Sentinel-2, airborne LiDAR, and machine learning techniques, demonstrating the effectiveness of a multi-

sensor, data-fusion approach [48]. More recently, Kacic et al. (2023) utilized complementary sensors, including GEDI 

LiDAR, Sentinel-1, and Sentinel-2, to generate detailed forest structure products across Germany, allowing for dynamic 

analysis of forest ecosystems [36]. 

These advancements underline the critical role of SAR and PolSAR data in enhancing forest monitoring and resource 

management. Through the integration of polarimetric decomposition models, machine learning algorithms, and multi-

sensor data fusion, researchers can achieve more accurate assessments of forest canopy structure, biomass, and overall 

ecosystem health. 

 
Figure 1: Workflow of SAR data processing for urban and forest classification. 

 

 

5. Challenges & Future Prospects 

47



     

While scattering mechanism models such as Freeman-Durden, Cloude-Pottier, and Yamaguchi have significantly 

advanced PolSAR data interpretation, several challenges persist that limit their accuracy and applicability in complex 

environments. One key limitation is the ambiguity in oriented urban structures, particularly in areas with buildings 

exhibiting varying orientation angles [43]. Traditional decomposition models often misclassify double-bounce and helix 

scattering components in such cases, leading to inaccuracies in urban land cover mapping. Additionally, a common issue 

encountered is the overestimation of volume scattering, especially in urban and forested areas where volume scattering 

contributions may overlap with surface or double-bounce scattering, reducing classification reliability [44]. 

To address these challenges, there is a growing need for model improvements that incorporate orientation compensation 

techniques, optimization-based approaches, and more adaptive parameter estimation. Moreover, the integration of 

Artificial Intelligence (AI) and Machine Learning (ML) techniques presents promising avenues for enhancing scattering 

model performance [49]. Deep learning models, when combined with physical decomposition outputs, can learn complex 

patterns and reduce misclassification, particularly in heterogeneous environments. Recent studies have already 

demonstrated the potential of AI/ML in improving target recognition, urban classification, and forest parameter retrieval 

using PolSAR data. 

Looking forward, future research should focus on developing hybrid models that blend physical scattering theories with 

data-driven learning frameworks, allowing for greater adaptability across diverse datasets and terrain types. Furthermore, 

incorporating temporal SAR datasets and multi-sensor fusion approaches will improve robustness, particularly for 

dynamic environmental monitoring. Advancements in computational techniques and cloud-based processing will also 

facilitate large-scale applications, supporting sustainable development, urban planning, and ecosystem management [50]. 

 

Conclusion 

Scattering mechanism models play a pivotal role in the interpretation of Polarimetric Synthetic Aperture Radar (PolSAR) 

data, providing insights into surface, double-bounce, volume, and helix scattering behaviors across diverse natural and 

urban environments. This review presented an overview of three widely used decomposition models—Freeman-Durden 

Three-Component Model, Cloude-Pottier Decomposition, and Yamaguchi Four-Component Model—highlighting their 

principles, strengths, and application areas. These models have proven highly effective in various fields, including urban 

area classification, forest canopy analysis, agriculture, and maritime surveillance. 

However, despite their effectiveness, challenges such as ambiguity in oriented urban structures and volume scattering 

overestimation remain. These limitations underline the need for continuous refinement of existing models, incorporating 

techniques such as orientation compensation and optimization-based approaches. Additionally, the integration of Artificial 

Intelligence (AI) and Machine Learning (ML) algorithms offers significant potential to enhance model adaptability, reduce 

misclassification, and improve overall analysis accuracy. 

Future research should focus on the development of hybrid, data-driven, and physics-based models that combine the 

strengths of conventional decomposition frameworks with advanced computational techniques. Such efforts will ensure 

more accurate and efficient utilization of PolSAR data in addressing global challenges related to urbanization, forest 

management, environmental monitoring, and sustainable development. 
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