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Abstract. The design innovations in the extraction of urban impervious surfaces have played a vital role 

in using Very High-Resolution Synthetic Aperture Radar technology. Advanced radar technologies are 

integrated here, with the inclusion of various statistical methodologies like Rayleigh, Nakagami and K-

distributions in integration with the Gray Level Co-occurrence Matrix, Principal Component Analysis 

and Gabor filters. For analyzing the intensity data of SAR imagery in regard to environmental 

monitoring, as well as Electronic Warfare has been used in the research. The Shapiro-Wilk test shows 

the beginning of this work; investigating the departure from normality, the material properties and 

environmental factors were viewed to have a significant effect on the variation in pixel intensities. 

Further, the analysis of data with heterogeneity based on some measures of Skewness and Kurtosis was 

performed. This research is based on design-centred approaches for reducing state noise and enhancing 

target tracking in complex scenarios by performing textural analysis using techniques such as GLCM, 

PCA and Kalman filtering. Integration optimizes VHR SAR for enhanced situational awareness and 

effective detection in an urban landscape. This therefore places a great magnitude on the influence of 

design on the modification of material properties and effective radar detection. 
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1. Introduction 

 

In contemporary Electronic Warfare (EW), achieving and maintaining operational 

superiority is critically dependent on the performance of advanced technological systems.  

Very High-Resolution Synthetic Aperture Radar (VHR SAR) imaging stands out as 

a crucial tool, offering precise imagery that enhances the ability to monitor, detect and 

analyze various targets and environments, trusted for forensic evaluation versatile for 

unauthorized built land cover, hybrid-oriented, as for SAR-VHF Unmanned Aerial 
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Vehicle frameworks (Goriachkin et al., 2022) and grounded across built environment 

landmarks (Abdulla & Abdelmonem, 2023; Madrigal, 2018); damage detection has been 

also proven in terms of both anthropic (Dong et al., 2013) and natural (Gokon et al., 2017) 

anomalies; by acknowledging Multi-Criteria Decision Analysis (MCDA) (Janalipour et 

al., 2017) and cartographic overlays (Bouziani et al., 2010), retrieved from geodatabases, 

we aim to diversify method land change techniques, whose planning is also agreed by 

authors Reba and Seto (2020).   

By deeply understanding these interactions, this applied research aims to advance 

the methodologies used in Electronic Warfare (EW), optimizing radar performance (Ruiz 

et al., 2020; Zhang et al., 2022) in urban (Softaoğlu, 2019) and natural environments 

(Yang et al., 2019), proposing a promoted Multistage process for SAR Image 

Segmentation and refinement (Ning et al., 2024).  

In accordance with the process, we begin with Segmentation Initialization, where 

input SAR images undergo initial breakdown using edge detection techniques to identify 

significant features. With this in mind, as illustrated in Figure 1, the results are rendered 

in coarse segmentation outputs, which are then refined through an iterative refinement 

process involving iterative adjustments, such as applying GLCM (Christaki et al., 2022) 

and Gabor filters to enhance texture analysis. The refined results are compared with 

ground truth data using an Error Metric, guiding further adjustments. The lower path 

incorporates a Kalman filter-based refinement process (Subrahmanyam et al., 2008), to 

further refine predictions and minimize errors. Corroborated by these results, the final 

output is a segmented image that closely matches the ground truth, suitable for detailed 

analysis and impact prediction. 

 

 

 

Figure 1. Hierarchical refinement: Multi-stage Feature Extraction for Ground Truth prediction 
 

2. Background and Context 

 

This study makes significant strides in enhancing Very High-Resolution Synthetic 

Aperture Radar (VHR SAR) for Electronic Warfare (EW) and environmental monitoring, 

with a clear focus on improving Situational Awareness (SA) in heterogeneous sites.  

To encapsulate the integration of advanced filtering techniques, all of them non-

destructive, we recognize a strong step toward refining radar image quality and target 

detection, directly contributing to heightened SA. While the background may appear 

broad, it effectively underscores the critical importance of operating in the context of 

sensitive environments, delving into the scientific lecture of surfaces of built structures, 
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enabling these advancements to improve both spatial resolution and image processing 

techniques (Esch et al., 2010), making SAR systems more reliable in detecting subtle 

changes in target characteristics (Chen et al., 2024). 

 

2.1. Problem Statement and Research Gap 

The challenge of enhancing radar performance in complex and dynamic 

environments, such as conflict zones, is critical, particularly when traditional methods fall 

short in rapidly changing and hostile settings (Odunlade & Abegunde, 2023). Critically, 

this applied research seeks to address this gap by optimizing detection and monitoring 

through advanced radar signal processing and analysis of the built environment as a track 

record of our departmental Mission at Ordine Architetti Napoli for heritage protection. 

Given the constraints imposed by the primary problem, we face the specialistic 

understanding of how built entities and technological advancement influence the 

performance of VHR SAR imaging: this gap of understanding, among Architects 

subscribers, limits the effectiveness of radar-based strategies, particularly in complex and 

off-limits environments. 

In light of this research gap in the application of SAR performance, we take into 

consideration that these techniques are well-established in EW, albeit their potential to 

optimize SAR imaging in challenging environments remains underestimated or partially 

maintained over new integrations.  

Acknowledging the experimental conditions, we integrate advanced textural 

methods, such as Gray Level Co-occurrence Matrix (GLCM) analysis (Soh et al., 1999) 

and Principal Component Analysis (PCA), in the pre-processing of VHR SAR imaging; 

recognizing the relevance of these methods in the scientific community, we then provide 

critical insights into various alternatives in terms of radar image contrast, which are 

essential for accurate material characterization and anomaly detection.  

By the same token, factoring in the analytical techniques used, we also investigate 

a gap in the use of modern algorithmic tools, as recently highlighted by researchers Peng 

et al. (2023), featuring a combination of Gabor (1946) and Kalman filters (Luo et al., 

2023), to improve the interpretation and accuracy of SAR imagery. 

Upon consideration, this quantitative investigation addresses the critical need for 

advanced radar technologies by bridging research gaps in material impact analysis, 

scattering parameterization, feature extraction, and computational enhancements.  

 

2.2. Limitations and analytical perspectives on the first VHR SAR dataset 

The Shapiro-Wilk test results revealed that all extracted features (Makmur et al., 

2023) for this initial test in a similar analytical industrial context, a contour-based setting 

(Ersahin et al., 2010), exhibiting significant deviations from normality, as evidenced by 

the extremely low p-values for each feature. This approach is essential for determining 

the tolerance intervals used to assess the accuracy of SAR-based measurements, 

particularly in agricultural applications where precise area measurements are critical 

(Pluto-Kossakowska & Kerdiles, 2007).  

In agreement with a grid of approximately 3000 points with a vertical spacing of 

11.68 pixels and a horizontal spacing of 13.25 pixels, we obtained for mean intensity, the 

Shapiro-Wilk statistic of 0.907 suggested a limited moderate central tendency, but the p-

value of 1.242 × 1038, confirming a substantial departure from a normal distribution; this 

deviation could be due to uneven lighting, shadows or highlights within the image, 
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causing a skewed distribution (Kuruoglu & Zerubia, 2004) of pixel intensities, i.e. despite 

the moderate Shapiro-Wilk statistic, the significant p-value indicated that the distribution 

of statistical factors (Martín-de-Nicolás et al., 2014), such as mean intensity values and 

standard deviation, are not normal also confirmed by values μ ≈ 166.55 and 𝜎 ≈ 23.12. 

Secondly, the standard deviation of pixel intensities shows a Shapiro-Wilk statistic 

of 0.967 and a p-value of 3.227 × 10-25: although the high statistic suggests that the 

distribution of standard deviation values was closer to normality compared to the mean 

intensity, the low p-value still indicates a strong deviation from normality; this suggests 

that whilst the variability in pixel intensities is somewhat consistent, there are outliers or 

non-uniform variations within the image, i.e. μ ≈ 19.46 and 𝜎 ≈ 9.69, possibly due to 

regions with significant texture or contrast changes. 

Thirdly, skewness, which measures the asymmetry of the distribution, had a 

Shapiro-Wilk statistic of 0.965 and a p-value of 2.075 × 10 -18: the high statistic suggests 

a degree of symmetry, but the extremely low p-value indicating a significant departure 

from normality, i.e. this asymmetry was likely caused by areas with drastically. The 

results for the initial pixel intensity distributions are illustrated in Figure 2 where: (a) the 

histogram reveals the distribution of mean intensity values across the dataset and the box 

plot adjacent to the histogram indicates a moderate spread in the intensity values, with an 

interquartile range (IQR) of 13.83, showing that the middle 50% of the data falls within 

this range. The skewness of -0.187 suggests a slight left skew, indicating that the data has 

a longer tail on the lower end of the intensity spectrum; (b) the IQR of 11.51 shows that 

there is significant clustering of standard deviation values within this range, reflecting a 

consistent degree of variation across the dataset; (c) the IQR of 13.74, indicates variability 

in the asymmetry of the data across different regions; (d) the variability in the peaked-

ness of the data appears to be critical for identifying areas of high-intensity concentration 

or dispersion within the radar images. 

 

  
Figure 2 (a) Mean intensity; (b) Standard Deviation; 

  
(c) Skewness; (d) Kurtosis. 

 

To this extent, Figure 3 showcases their corresponding (left) original image; (centre) 

edge detection using gradient operators; and (right) watershed segmentation into distinct 

regions, introducing an object-based approach (Hussain et al., 2013). 
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Figure 3. Multistage Image Processing for SAR Data Analysis 

 

Alternatively, Figure 4 emphasizes the selected Gabor representation of planar 

symmetry for accurate detection of structural features. 

 

 

 

Figure 4. Planar Symmetry Analysis 

 

Illustrated through evidence, Figure 5 provides valuable insights in terms of 3D 

Gabor filter responses (γ = 5.1, σ = 2, ψ = 3.1), characterized by a central peak and periodic 

oscillations. 

 

 
 

Figure 5. Characterization of Gabor filter responses, highlighting central peaks and periodic oscillations 

 

2.3. Pixel value distribution and iterative variance VHR μ-σ Image data 

A critical finding in this research is the impact of variable lighting and texture, 

further confirmed by double-bounce areas (Ferro et al., 2013), on pixel value distribution 

within images, resulting in significant non-normality. This deviation from normality is 
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quantified by a mean (μ) of approximately 14.14 and a standard deviation (σ) of 

approximately 9.17. 

This non-normal distribution is further evidenced by the kurtosis, which measures 

the peakedness of the distribution. The Shapiro-Wilk test produced a statistic of 0.951 

and a p-value of 7.365 × 10-30 indicating a significant deviation from normality. High 

kurtosis values suggest the presence of outliers or extreme values, likely resulting from 

sharp edges, noise or distinct features within the image, leading to pronounced peaks in 

the intensity distribution. The mean (μ) was approximately 24.23 and the standard 

deviation (σ) was approximately 11.45. 

In the context of iterative analysis for the X-band (Dabiri et al., 2015), the variation 

curve of variance and contrast with iteration shows that the horizontal Gabor metric 

values for local variance and contrast fluctuate over time. The central blue box in the 

visual representation delineates the non-layered region, which was used to compute the 

average variance. As displayed in Figure 6, the Dense Grid Overlay highlights the related 

pointedness, serving as an initial parameter of stability and changes in image properties 

during processing. 
 

 

 

Figure 6. Non-layered and layered regions of detected peaks for iterative variance analysis 

 

By the same token, Figure 7, supports the obtained Radargram obtained through 

horizontal Gabor enhancement, which superimposes the correlation on the hypothesis of 

interpolated radar echo data. 
 

 

Figure 7. Correlation analysis of Gabor filter parameters with VHR SAR data for improved  

image feature extraction 
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Consistent with the correlation, we observe that the logarithmic and linear 

representations of local variance in the non-layered region provide complementary views.  

While the logarithmic scale in Figure 8 (a) is useful for monitoring small changes, 

suggesting a steady and gradual decrease across iterations, emphasizing convergence 

towards homogeneity in the region. This indicates that as iterations progress, the changes 

in variance become less significant, pointing to a stabilization of texture features. In 

contrast, the linear scale in Figure 8 (b) offers a clearer interpretation of how variance is 

reduced significantly early on. Together, these perspectives can help optimize the 

iterative process by balancing early-stage rapid changes with late-stage fine-tuning. 

 

 
 

Figure 8 (a) Logaritmic local variance of non-layered region; (b) Local variance of non-layered region 

 

Regarding the layered region, Figure 9 (a) illustrates the observated trend of a 

gradual and steady decrease in contrast across iterations, highlighting the ongoing process 

of smoothing and the progressive reduction of intensity differences between adjacent 

pixels, leading to a more homogeneous appearance. In contrast, Figure 9 (b) emphasizes 

the significant initial reduction in contrast, suggesting that the majority of the smoothing 

effect occurs early in the process.  
 

 
 

Figure 9 (a) Logarithmic contrast of with-layers layered regions;  

(b) Contrast of with-layer layered regions. 

 

2.4. Parameterization of Gabor Filters Across Diverse Operational Scenarios 

Parallel to the Gabor enhancement, we priorly examined its correlation and a 

defined set of parameters, under various operational conditions. The focus was on several 

critical parameters, such as gamma (γ), sigma (σ), psi (ψ), theta (θ) and lambda (λ), which 

influence the behaviour of Gabor filters in analyzing radar imagery. These parameters, 

along with the Rayleigh (Gomes et al., 2019) sigma (σ), mu-sigma (Nμ), omega (Nω), 

shape parameter (νκ) and the second moment (μζ2), provide insights into the statistical 
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properties of detected peaks in the radar data. Table 1 reports how each row corresponds 

to a specific radar optical scenario, ranging from Critical and High Risk to more routine 

conditions like Recon and Observation. 
 

Table 1. Parameterization of Gabor filters and Recon values corresponding to detected peaks 

 

Radargram  γ σ ψ θ λ 
Rayleigh 

𝝈 
𝑵𝝁  𝑵𝝎 𝒗𝑲 𝝁𝝃𝟐  

Critical  1.00 5.00 0.90 1.20 16.00 180.35 0.040 0.035 64.53 - 

High Risk  0.80 5.00 1.00 0.80 18.00 180.31 0.040 - 70.58 - 

Moderate  0.80 2.50 1.10 1.50 14.00 180.29 0.040 0.00036 70.03 - 

Low Risk  1.00 4.00 0.50 1.50 20.00 180.31 0.040 - 70.58 - 

Surveillance  0.70 4.00 1.30 0.90 12.00 171.00 0.041 4.98 58.97 - 

Monitoring  1.50 6.00 0.90 1.10 12.00 124.07 0.043 17.23 47.74 - 

Observation  1.10 5.00 1.50 1.30 10.00 75.70 0.040 - - - 

Patrol  0.60 4.00 2.00 1.20 10.00 37.53 0.061 75.97 1.00 1.00 

Recon  0.50 3.00 0.78 1.57 10.00 37.53 0.081 24.50 0.30 0.21 

Watch  1.30 4.00 2.00 0.70 12.00 17.92 0.081 24.50 0.30 0.21 

Guard  1.30 4.00 2.00 0.70 12.00 15.19 - - - - 

Check  0.90 4.00 1.80 1.40 14.00 7.40 - - - - 

Scan  1.10 2.00 1.50 1.40 8.00 68.78 0.050 37.17 0.78 0.58 

Track  0.70 3.00 2.20 0.90 20.00 0.00 - - - - 

Sweep  1.20 3.00 1.80 1.00 20.00 27.20 0.067 25.54 0.38 0.26 

 

2.5. Effect of Gabor Filters on Consistency and Spatial Distribution in  

Radargram 

The radargram of detected peaks shows a correlation value of − 0.10, indicating a 

weak negative correlation between the original features and those after the application of 

the Gabor filter. In like manner, this weak negative correlation implies that the spatial 

distribution of the features in the filtered image does not closely follow the original 

distribution: for the original features, scrutinized in Figure 10 (a), the mean was 109.00 

with a standard deviation of 79.06, which suggests a wide spread of values around the 

mean, reflecting considerable variability.  

To substantiate this statistical trend, the filtered features exhibit a significantly 

higher mean of 250.29 and a much lower standard deviation of 20.96. Correspondingly, 

this substantial increase in mean value, coupled with the reduction in variability, suggests 

that the Gabor filter enhances specific aspects of the features, pertaining to a more 

uniform distribution post-filtering. Additionally, a further comparison with its post-

processed version, compared in Figure 10 (b), attests that the original features had a mean 

of 128.49 with a standard deviation of 76.25, again indicating a broad spread around the 

mean, similar to the first dataset. Reflectively, the filtered features showed a mean of 

222.47 and a standard deviation of 25.99, reinforcing the conclusion that the filtering 

process not only enhances feature consistency but also raises the mean values. 

 



S. POLVERINO et al.: DESIGN ADVANCES IN URBAN IMPERVIOUS SURFACE EXTRACTION… 

 

 
9 

 

 

Figure 10 (a;b). Radargram of Detected Peaks: feature distributions before and after Gabor filtering 

  

2.6. Gabor Filters on Consistency and Spatial Distribution in Radargram 

Integrating the insights from the Radargram Gabor analysis with the evaluation of 

Rayleigh distribution (Greenspan, 1971) and Nakagami models, it becomes evident that 

the underlying principles of improving feature clarity and consistency are shared across 

both domains. 

Just as the Gabor filter enhances the statistical properties of radar images by 

increasing mean values and reducing variability, the Akaike Information Criterion (AIC) 

and Mean Squared Error (MSE) metrics (Zhou et al., 2009) support the hypothesis of the 

best trade-off between Goodness-of-Fit (GoF) supported by (Sagrillo et al., 2022) and 

outperforming regions with asymmetry, positive skewness and heavy tails and simplicity.  

Conveniently, the AIC-MSE model avoids overfitting by accounting k 

independently adjusted parameters, (Akaike, 1974) and using Mean Squared Error 

(MSE), (Zhou & Bovik, 2009). Additionally, (Chang et al., 2016) provided crucial 

insights into model accuracy and selection, often yielding consistent results across various 

datasets. 

The AIC-MSE model serves as a tool to assess and refine the predictive accuracy 

and efficiency of wireless communication models. By applying these metrics, much like 

the Gabor filter was used to stabilize and clarify image features, this framework enhances 

understanding by selecting the optimal model in complex environments, such as urban 

multipath channels (Shahzad et al., 2019).  

This integration is also applied in Rayleigh and Nakagami models (Liebenberg & 

James, 2023), which indicate identical MSE values of 0.455. MSE measures the average 

squared differences between observed and predicted values, indicating the predictive 

accuracy of the models. The identical MSE values imply equivalent predictive 

performance between the two models. 

The AIC values for both models were approximately -11.736, measuring the trade-

off between model fit and complexity by penalizing excessive parameters. Lower AIC 

values indicate better model efficiency, balancing fit and simplicity. The identical AIC 

values suggest that both models achieve similar efficiency in capturing data patterns while 

avoiding overfitting. 

These consistent MSE and AIC values support the conclusion that the Rayleigh and 

Nakagami fading channels, for the observed random variables (Salo et al., 2006), as also 

dually proposed by researchers Fotohabady and Fatin (2011), can be compared in terms 

of efficiency, qualifying convenience of the second, by consuming less power than 

Rayleigh channels: Nakagami behaves in a more efficient manner for wireless 

communication scenarios applied in urban multipath environments.  
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Supporting this duality, we observe that both models (Tegos et al., 2022), perform 

similarly in terms of received Signal-to-Noise Ratio (SNR), falling below a certain 

threshold γthr, according to the CDF distribution, and thus accomplish equally for this 

dataset. However, further validation with additional datasets or cross-validation 

techniques is recommended to confirm the robustness and generalizability of these 

models. Figure 11 illustrates a Box plot showing the 𝑁𝜔, 𝑣𝐾 and 𝜇𝜉2 Values related to the 

statistical distribution of key Gabor filter parameters across different risk levels. In line 

with this consistency, the comparison of both MSE and AIC is referenced in Figure 12 

for VHR SAR data analysis, with Rayleigh models yielding values of 9.29 × 109 and 

116.76, and Nakagami models yielding 5.97 × 109 and 116.55, respectively. 

 

  
Figure 11. Box Plot of Gabor Filter 

Parameters 

Figure 12. Comparison of MSE and AIC for Rayleigh.  

  

These findings suggest that the image contains complex characteristics related to 

shadow analysis, which are crucial for the RCS value of the first building, albeit limited 

to the asphalt-built surroundings. Factors such as varying lighting, texture and distinct 

features contribute to the non-normal distributions of these features.  

Consequently, the focus shifted to a small building used for Industrial R&D, with a 

white metal roof, as visualized in Figure 13 (a) pertaining to Mean Intensity. The 

calculations required the implementation of a Gabor filter to better capture the shadow 

patterns relative to the non-metallic main body of the industrial complex’s surface, 

referenced in Figure 13 (b) for Standard Deviation. 

 

  
Figure 13. (a) Mean Intensity (b) Standard Deviation 

 

Additionally, an overhanging building was ambiguously camouflaged by the 

shadow (c), or only partially (d), and was therefore discarded from the selection. 
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Figure 13. (c) Skewness (d) Kurtosis 

  

2.7. HH Multistage: Morphology detection and GLCM with Kalman covariance 

The analysis of HH polarization for VHR SAR datasets shows significant deviations 

in key metrics for metallic-roof buildings. Rayleigh and Nakagami distributions were 

tested, but the Rayleigh model, with a sigma of 7.37, underestimated the intensity peaks 

of the data. Nakagami and K-distributions performed better, particularly in complex 

terrains. Across multiple scenarios, including GLCM Entropy (Puetz et al., 2006) and 

PCA (Singh et al., 2011), empirical data peaked at 10-15 intensity units, but the Rayleigh 

model consistently misaligned with the observed peaks. Although Nakagami and K-

distributions executed well, they still displayed discrepancies. A detailed 3D visualization 

in Figure 14 highlights these findings, with red indicating areas of higher anomaly 

impacts.  

 

 

  

Figure 14. CDFs of VHR SAR HH Data 

 

2.8. Impact of Variability on Feature and Anomaly Detection in SAR Imaging 

The series of figures presented, with the respective comparisons in Figures 15, 16, 

17 and 18, provide a comprehensive analysis of various aspects related to VHR SAR 

imaging, particularly focusing on feature impacts, Entropy and Dissimilarity. 
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Figure 15. GLCM Entropy and Dissimilarity Figure 16. Multistage of feature impacts on 

prediction errors 
 

The most evident anomaly that emerged is the Optical ground truth cluster, 

represented in grey colour, which is related to μ-σ GLCM PCA and GLCM Entropy. 

 

  
Figure 17. Feature Impact Analysis Figure 18. Significant gains and minimal losses 

 

In support of the statistical behaviours, the estimated scale parameters for the 

images are respectively: 𝜎1 = 9.73, 𝜎2 = 5.68, 𝜎3= 6.38, 𝜎4 = 6.98. The overall 

comparison is confirmed in Figure 19. 

 

 

Figure 19. Anomaly Impact Analysis 
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2.9. Maximum Likelihood Estimation for K-Distribution and Nakagami  

Building on the earlier discussion of statistical models for radar data analysis, the 

Nakagami distribution is now examined for its flexibility and superior fit when compared 

to the Rayleigh model, particularly in handling complex data patterns. The Nakagami 

dispersal, while offering greater flexibility (Mesleh et al., 2022) with two parameters (𝜈 

and 𝛺), provides a recovering and better fit than the Rayleigh model: the shape parameter. 

𝑣𝑁 For Nakagami was computed as formulated in Equation 1. Specifically, the computed 

shape parameter value �̃�𝑁 = 0.9355 indicates that the Nakagami model is less likely to 

produce erroneous results. The parameters are defined as: 𝑣 = ln (
𝜇 ̃ξ2

𝐹
) and 𝐹 =

(∏ ξ𝑞
2𝑛 𝑠𝑚𝑝

𝑞 =1 ) 
1

𝑛 𝑠𝑚𝑝. 

follows: 𝑣𝑁 =  {

0.5000876 + 0.1648852 ν + 0.0544274 𝑣2

𝑣

8.98919 + 9.059950 𝑣 + 0.9775373 𝑣2

𝑣 (17.79728 + 11.968477) 𝑣+ 𝑣2

 ;  
if 0 < 𝑣 ≤ 0.5772

if 0.5772 < 𝑣 < 0.5772
  (…) 

 

Equation 1. Shape Parameter Calculation for the Nakagami Distribution 

 

Due to the heterogeneous scope designation of the scenarios, K-distribution, known 

for handling more complex data patterns, was estimated using Maximum Likelihood 

(ML) to determine the parameters. (�̃�𝐾, 𝜇ξ2) =

arg max
𝑣𝐾,𝜇ξ2  

{ln [𝑙𝑛𝑠𝑚𝑝
(𝑣𝐾 , 𝜇ξ2; 𝜉1, 𝜉2,⋯,𝜉𝑛𝑠𝑚𝑝

)]}. The log-likelihood function used was: 

ln [𝑙𝑛𝑠𝑚𝑝
(𝑣𝐾 , 𝜇ξ2; 𝜉1, 𝜉2,⋯,𝜉𝑛𝑠𝑚𝑝

)] =  𝑣𝐾 ∑ ln 𝜉𝑞 + ∑ ln {𝐾𝑣𝑘−1 [2 𝜉𝑞√
𝑣𝐾

𝜇ξ2
]}

𝑛𝑠𝑚𝑝

𝑞=1

𝑛𝑠𝑚𝑝

𝑞=1 +

𝑛𝑠𝑚𝑝 [𝑣𝐾 +
1

2
ln (

𝑣𝐾

𝜇ξ2
) + ln 4 − ln Γ(𝑣𝐾)]; in this effort, the results for the K-distribution 

led to: �̃�𝐾 ≈ 70.143 and 𝜇ξ2 ≈ 194.919.  

As a concluding remark, the high value of �̃�𝐾 suggests that the K-distribution may 

not be the most appropriate model for the dataset, potentially due to numerical issues or 

the specific characteristics of the data. The Rayleigh distribution, on the other hand, was 

prone to producing erroneous reasoning.  

 

3. Results 

 

3.1. Case 1: Band 2 VHR SAR HH (raw - Speckle) 

The comprehensive statistical analysis of Very High-Resolution (VHR) Synthetic 

Aperture Radar (SAR) datasets, particularly focusing on HH polarization, revealed 

significant differences in key metrics. These differences are accentuated in four distinct 

cases, which are critical for assessing the scattering model of a metallic-roof building 

with specific viewing directions: Band 2 VHR SAR HH, raw and Speckle (Lee et al., 

1994), Band 2 GLCM Contrast (Speckle and iterated), Band 2 GLCM Contrast and 

GLCM Dissimilarity and Band 2 GLCM Dissimilarity and GLCM Entropy.  

By employing the Shi-Tomasi method, centroid detection acquired a significant 

number of interest points in the image, exhibiting specific statistical properties, with a 

calculated mean position (595.0685, 589.9018), variance 𝜎𝑥
2 in the x-direction ≈

 14612.22 and in the y direction (𝜎𝑦
2) ≈ 9111.462. The standard deviation x-y ratio ≈

 120.881 − 95.45398, also ranging with the highest-lowest value 4 − 1032, whilst for y, 
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1039 − 73. As shown in Figure 20, the skewness and kurtosis for the first dataset are 0.72 

and 1.15, respectivily, suggesting a slight positive skew and a relatively flat distribution.  

Remarkably, the speckle data shows higher skewness (0.99) and kurtosis (2.69), 

indicating a more pronounced positive skew and heavier tails.  

The correlation coefficient of 0.658 suggests a moderate positive correlation. For 

each frame in a sequence, slight movements were simulated by shifting the points 

according to the relationship 𝜇 − 𝜎. 
The comparative visualization of μ − σ metrics in HH polarization, continuously 

illustrated in Figure 20, shows the relationship between Band 2 amplitude and 

corresponding features such as skewness and kurtosis. The correlation coefficient R 2 = 

0.658 further highlights the moderate positive correlation, with interpolated accelerations 

of tracked points contributing to the analysis. 

 

 

Figure 20. Correlation Analysis of SAR Data with Speckle Noise 

 

The Kalman filter required is defined by the equations: the Kalman Gain (𝐾𝑘) is 

given by 𝐾𝑘 = 𝑃𝑘∣𝑘−1𝐻𝑇(𝐻𝑃𝑘∣𝑘−1 𝐻𝑇 + 𝑅)−1, the state update (�̂�𝑘∣𝑘) is given by 

�̂�𝑘∣𝑘−1 + 𝐾𝑘(𝑧𝑘 − 𝐻 �̂�𝑘∣𝑘−1) and the covariance update (𝑃𝑘∣𝑘) is given by (𝐼 −
𝐾𝑘 𝐻 𝑃𝑘∣𝑘−1).  

In this pattern augmentation context, the sorted values used as indicators for Kalman 

execution were primarily Process Variance (Q) of 1e-5 and Measurement Variance (R) 

of 1e −1. These variances were chosen to balance the process noise and measurement 

noise (Tsuchida et al., 2003). 

 

3.2. Case 2: Band 2 GLCM Entropy (Speckle – GLC) 

The error distribution and effectiveness, whilst the array of variable n has been 

iteratively rescaled, denotes the total number of data points, via Mean Squared Error 

(MSE). 
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Figure 21. Analysis of GLCM and Speckle Noise in SAR Data 
 

Whereas the discrepancies in the VHR SAR 𝜇 − 𝜎 actual color values are 

discriminated for the i-th data point, and also denote in correspondence of the predictions, 

larger values and higher dispersions, indicating error of distribution. As shown in Figure 

21, the prediction accuracy reveals significant statistical deviations, despite  

preprocessing strategies such as color normalization and GLCM skewness and kurtosis, 

(2.24 and 8.75, respectively), which suggest a highly positive skew and outline the most 

optimal output quality. 

In contrast, Speckle data shows a skewness of -0.43 and kurtosis of 4.83, indicating 

a slight negative skew and a distribution with heavier tails. The correlation coefficient of 

-0.093 suggests almost no linear relationship between the columns. Adjustment to the loss 

function guided modifications, such as incorporating RGB channel-specific loss terms, to 

refine the initial model. 
 

3.3. Case 3: Band 2 GLCM PCA and GLCM Dissimilarity 

The GLCM-PCA correlation, presented in Figure 22, reinforces the observation of 

a highly skewed distribution. For the second component, the variance and std. dev. 2.97 

× 1032 and 1.72 × 1016, respectively, while for the other, 9.06 × 1031 and 9.52 × 1015.  
 

 

Figure 22. GLCM PCA and Dissimilarity Analysis in SAR Data 
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This refinement confirmed the Area of Interest (AOI), ensuring a smoothed estimate 

of the tracked points, while the process variance indicates the expected noise variability 

of the system, independent of the measurements. 

As previously confirmed, a higher value for the Kalman filter was considered a 

flexible and responsive alternative in evaluating target signatures in radar Optical/SAR 

modelling within dense and sparse clusters. The analysis also synthetizes the values of 

skewness and kurtosis in terms of Entropy, respectively − 0.40 and 4.26, suggesting a 

slight negative skew and significant outliers. Regarding dissimilarity, we observe a 

skewness of 1.90 and kurtosis of 4.80, indicating a pronounced positive skew and heavier 

tails; in the last instance, the correlation coefficient of 0.039 suggests no linear association 

between the datasets.  

Corroborating this confirmation of the statistical distribution of Entropy and 

dissimilarity metrics within HH polarization, we conclude that the Entropy analysis 

reveals a slight negative skew and significant outliers, while the dissimilarity metric 

exhibits a pronounced positive skew with heavier tails. The correlation coefficient, R2 = 

0.039, in fact, suggests a lack of linear association between the examined datasets, 

indicating the complexity of the relationships between the principal components. 

 

3.4. Case 4: Band 2 GLCM Dissimilarity and GLCM Entropy 

The fourth case, examined in Figure 23, iterates a GLCM Dissimilarity’s mean is 

4.31 × 1015 and Entropy’s mean is 4.10 × 1014; the median values are 3.01 × 10-1 for first 

and − 3.89 × 10-2 for the second, showing a highly skewed distribution for the latter: 

Variance and standard deviation for Dissimilarity are 1.11 × 1032 and 1.05 × 1016, 

respectively, whilst for the second, they are 8.37 × 1030 and 2.89 × 1015.  

Visually, the cluster points exhibit compactness with a slight diagonal scatter; 

nevertheless, the R-squared value indicates that the model’s predictive utility is limited.  

Hence, as confirmed in the Figure 23, the skewness and kurtosis are 1.87 and 4.11, 

respectively, suggesting a pronounced positive skew and significant outliers; for Entropy, 

a skewness of 3.69 and kurtosis of 25.31, contributing to a positive skew and very heavy 

tails.  

 

Figure 23.  Analysis of GLCM Dissimilarity and Entropy in SAR Data 
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The correlation coefficient of − 0.030 suggests almost no linear relationship 

between the Dissimilarity and Entropy while the statistical exploration of component 2 is 

focused on GLCM metrics. In this instance, the dissimilarity metric shows a pronounced 

positive skew with significant outliers, while the Entropy metric displays an even stronger 

positive skew with very heavy tails.  

To amalgamate these results, we notice that the correlation coefficient, R2 = − 0.030, 

indicates an almost negligible linear relationship between the Dissimilarity and Entropy, 

highlighting the complex nature of their interaction within the SAR dataset. 
 

3.5. Impact of feature selection on Error Prediction in VHR SAR data 

The analysis of input-driven clusters reveals significant variance among clusters in 

predicting errors, with Cluster 0 consistently showing the highest impact across all 

images. As visually outlined in Figure 24 we observe that this consistent performance of 

Cluster 0 emphasizes its critical role as the Optical ground truth. Conversely, the minimal 

impact displayed by the other clusters raises questions about their relevance in the 

predictive model, concerning Band 2 VHR SAR HH - Speckle data: the sharp decline in 

feature impact from Cluster 0 to other clusters suggests a potential over-reliance on a 

single cluster.  

In support of this over-reliance, we may be orientated to consider a suboptimal 

model performance, especially when considering the impacts of feature selection methods 

on urban impervious surface extraction using optical and SAR data; to connect these 

results to the urban surface extraction, we incorporated the most balanced and 

comprehensive multistage framework in predictive modelling as explored by Weng 

(2016). 
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Figure 24.  Multistage Feature Impact Analysis Across Clusters 

 

3.6. Prediction Error in Segmented VHR Images with Intensity Histograms 

To reinforce the Multistage impact throughout the refinements, we gather a second 

overall mosaic, having as an object the combined analysis of pixel intensity distributions 

over-prediction errors. 

The comparison between original and segmented images reveals how segmentation 

affects image properties and the prediction error histograms further elucidate the impact 

on model performance. 

Specifically, these histograms compare the pixel intensity distributions between the 

original images and the segmented images across four different cases: 

i) for Figure 25 (a), VHR SAR HH (raw - Speckle), the x-axis represents pixel 

intensity values, while the y-axis indicates their frequency, with the blue and red colours 

corresponding to the original and segmented images, respectively. The segmentation 

introduces significant shifts in intensity distribution, suggesting alterations in the image's 

structure or features, which are crucial for downstream tasks like object detection or 

classification. The corresponding Prediction Error histogram in Figure 25 (b) shows that 

segmentation leads to more pronounced red peaks in certain intensity ranges, indicating 

a concentration of pixel values.  

This suggests that segmentation may amplify certain features or smooth out 

variability, resulting in a more clustered intensity distribution; in last instance, the overall 

impact of segmentation is evident in the altered frequency of intensity values, where 

certain areas of the image are emphasized or blended differently than in the original 

image. 

 

  
Figure 25 (a) VHR SAR HH (raw – Speckle) (b) Prediction Error 
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ii) the second pair GLCM Entropy (Speckle – GLC), presented in Figure 26 (a), 

indicates that the overlap between the original and segmented histograms suggests that 

the segmentation process has preserved some of the original intensity characteristics, 

particularly around certain intensity values.  

Nonetheless, the differences in height and spread indicate that the segmentation has 

altered the distribution to some extent, potentially due to the impact of the GLCM Entropy 

with Speckle noise.  

On the other hand, the segmented image shows slightly broader peaks, indicating 

that the segmentation process may have introduced some smoothing or blending of pixel 

values, leading to less distinct intensity groupings compared to the original image. This 

could be a result of the speckle noise reduction or the segmentation algorithm itself. 

 

  
Figure 26 (a) GLCM Entropy (Speckle – GLC) (b) Prediction Error 

 

iii) related to GLCM PCA and GLCM Dissimilarity in Figure 27 (a), the histogram 

shows a significant difference in intensity distribution after segmentation, particularly in 

the lower intensity range, where the red peaks indicate a higher frequency of certain pixel 

values in the segmented image.  

This confirms that the segmentation process may have concentrated pixel values 

around specific intensities, altering the image’s structure, which is critical for tasks like 

object detection or classification.  

 

  
Figure 27 (a) GLCM Entropy (Speckle – GLC). (b) Prediction Error 

 

iv) in the fourth case, visualized in Figure 28 (a), GLCM Dissimilarity and GLCM 

Entropy, there are distinct differences between the two distributions, with the segmented 

image showing noticeable shifts in the frequency of certain intensity ranges. The 

segmentation process has altered the distribution of pixel intensities, particularly in the 

lower intensity ranges (around 40-60), where the segmented image shows higher 

frequencies compared to the original.  

This suggests that segmentation has concentrated pixel values around certain 

intensities, potentially smoothing or emphasizing particular features while most of the 
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prediction errors (b) are clustered near zero, concluding that the segmentation has 

preserved much of the original image’s predictive accuracy. 

 

  
Figure 28 (a) GLCM (Dissimilarity – Entropy) (b) Prediction Error 

 

4. Discussion 

 

The study presents professional opportunities for future investigation, comparing 

various possibilities for advancing VHR SAR applications. Developing low-cost, user-

friendly tools and expanding to diverse heritage sites can enhance accessibility and 

generalizability. Integrating machine learning, AI and real-time processing will automate 

and improve analysis. Long-term monitoring and multilateral agreements for data 

standardization can optimize global heritage protection. Interministerial collaborations 

and centralized SAR data repositories can facilitate resource sharing and enhance 

research impact. Exploring different radar frequencies and adaptive imaging techniques 

will broaden SAR capabilities. In the last instance, public-private partnerships, 

community engagement and policy-driven research can ensure sustainable heritage 

conservation and technological advancements. 

 

5. Conclusion 

 

Design is critical to advancing the capabilities in Very High-Resolution Synthetic 

Aperture Radar technology for impervious surface extraction. The design-centric 

approach of the study shows the way in which advanced statistical methods comprise 

Rayleigh, Nakagami and K-distributions integrated with Gray Level Co-occurrence 

Matrix, Principal Component Analysis and Gabor filters that are able to enhance radar 

image processing. These design methodologies create the ability to optimize SAR data in 

complex urban environments, building both detection accuracy and situational awareness. 

The application of design principles within the SAR technology offers innovative 

solutions to the challenges brought about by rapidly changing, hostile environments. 

This research effectively uses GLCM, PCA and Kalman filtering to refine the 

textural analysis and reduce noise for such scenarios where the demands cannot usually 

be met with traditional methods by employing a design-driven strategy. The design 

methodology enhances target tracking and material characterization, hence improving 

robustness and reliability in radar systems for urban monitoring and defense applications. 

Furthermore, the research is envisaging the use of design-oriented approaches that 

will encapsulate a number of environmental and material factors. In this work, Nakagami-

K-distribution models assist in the improvement of knowledge concerning the spatial 

distribution and variability of radar images in an urban multipath scenario. The focus on 

design here permits more correct interpretation of radar signals, enables better feature 

extraction and allows for the creation of new standards in environmental monitoring as 
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well as electronic warfare. These findings are poised to underscore how a design-driven 

approach in the application of VHR SAR technology is set to transform its development.  

With such advanced design methods, the gap is bridged between theoretical 

modelling and practical application, showing that in fact, design is a valid factor which 

can add significantly first to the effectiveness and secondly to the operational 

performance of the radar systems in overcoming the limitations presented by complicated 

urban and natural environments. This is an approach that not only advances technology 

in radar but also lends great enhancement to the application of wider fields in 

environmental management and defence. 
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