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Abstract: Active remote sensing and related technologies are one of the new tools recently used
to monitor complications and urban growth. This research aims to investigate the effect of spatial
filters on urban complications. The aim of this paper is to compare Lee, Frost and Average spatial
filters with Landsat 8 satellite images and radar images with HH/HV polarization to investigate and
identify urban features in the west of Urmia City. The results showed that Filterelli with the kernel
3× 3 had reduced the spike noise in Alus Palsard satellite radar images in identifying the growth
of urban tolls. Also, the results of K-means classification, the Lee filter with kernel size 3× 3 more
accurately identifies the urban features of the west of Urmia City. The kappa coefficient was 0.96%,
and the overall accuracy of this filter was 97.36%. Therefore, Lee’s spatial filter has successfully
identified the urban features of west Urmia with high accuracy. This system can be implemented in
any other field due to its generality and reliability. This system may be a step towards remote sensing
automation.
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1. Introduction

Fusing different remote sensing data types (active and passive) can improve the
performance of any spatial system [Serwa and Saleh, 2021]. The world is developing fast the
motion Toward urbanization is built mainly through updating the texture maps [Seto et al.,
2012; Sun et al., 2007]. Land use/cover maps are suitable for planning, environmental
administration, disaster management, and public education on global development status
[Qasimi et al., 2022]. The impacts of the growth of urbanization on the environment
consist of triggering possibly destructive feedback such as a massive change in climate,
water pollution, and destruction of nature by developing settlement areas [Ghanbari et al.,
2022; Mohan and Kandya, 2015; Zia et al., 2015]. Urbanization accelerates significantly,
and the number of sizable metropolises continues to grow [Hu et al., 2016]. For multiple
years remote sensing of the satellite has been used for continuous mapping and observing
various earth countenance consisting of urban objects [Isazade et al., 2022; Yang et al., 2016].
Methods and techniques are desired over manual view methods because of additional
effectiveness and accuracy, like time and spatial coverage [Isazade et al., 2022; NISAR, 2018;
Podest, 2018]. Some international spaces agencies, including India and the European place
agency the National Aeronautics and place command [Attarchi et al., 2020; Podest, 2018],
have successfully developed and designed several optical satellites to observe and measure
the features of the earth’s surface, such as Landsat and IRS series [Kraus, 2003; Li et al.,
2020; NISAR, 2018], Sentinel 2 along with artificial crevice radar (SAR) satellites so as
RISAT-1, Sentinel 1-6, MODIS Aqua, Terra. In the last few years, optical remote sensing
observations are getting outmoded, as expected by their ineffectiveness in piercing past the
dense cloudy cover [Kraus, 2003; Li et al., 2020].
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Nowadays, optical satellites are generally utilized for some schematization and moni-
toring operations. Though in some positions, it is essential for remote sensing to survey
and observe the status of the earth’s surface condition in the period of cloud cover and
terrible climate conditions [Isazade et al., 2021]. Multispectral satellite images are more
general than optical ones due to the variety of spectral resolutions and bands [Serwa and
Elbialy, 2021]. Using active sensing data perfectly performs to obtain spatial data [Serwa
and Saleh, 2021]. Monitoring surface situations using radar equipment has a different
view and provides several states for feature recognition [Alves et al., 2020; Leiva-Murillo
et al., 2013]. However, acquiring any radar images comes up with multi-dimensional issues
containing quality of the information, cost of acquisition, preprocessing of the data or
methods of correction, and enhanced distortion. This data collection becomes offender the
efficacy cited by some caused mistakes that need information processing [Betbeder et al.,
2015]. A prominent section of the processing functions underscores the drop of extended
contortion or noise from the accepted SAR images. In this issue, the European charge holds
attended to institute the Program of Copernicus, which designed a novel model mutation
toward the accessibility and availability of information to hand over different earth-seeing
services by the support of satellites and in site information down six present Copernicus
services [Kaushik and Kumar, 2020]. Lines and edges are commonly easy visages to be
isolated from a satellite image so that they can be operated for subsequent studies in the
domains of image processing, computer perspective, remote sensing, and photogrammetry
[Rasche, 2018; Seo, 2018, 2019a,b]. Zakeri et al. [2017] utilized S1 and ALOS- 2 PALSAR-2
images for land cover classification in Tehran. Utilizing the backscattering worth on S1
images for the support vector machine classification of land cover by five categories, Kappa
stood at 0.30 and the OA 45.70%. Additionally, elements that had surfaces were selected
through the PCA and plugged with the backscattering polarized satellite imagery.

Osgouei et al. [2019] used enhanced image classification to map the land cover for
Istanbul, acquired from sentinel 2A data, employing SVM. The normalized deference
tillage index was utilized to determine built-up elements as the domain of a three-band
synthesized image, comprising the vermilion-edging-based normalized dissimilarity vege-
tation index and the corrected, normalized distinction water index. Camargo et al. [2019]
and Lapini et al. [2020] employed SAR imagery for Brazil’s equatorial savannah land cover
classes and the Mediterranean region’s forest classes.

Previous studies also offered MLP, RBF and Support vector machine (SVM) as the
exact arranger. Also, the decision tree exhibited a refined version for observing specific
land cover categories (e.g., vegetation). Deep learning classifiers are proven perfect [Serwa,
2020]. Li et al. [2020], Mun et al. [2019], and Routray et al. [2020] focused instead on filtering
out the performance and worth keeping of an image. Speckle noise can bring down the
modality of the image. Due to this reasoning, the assessment has carried a position among
untroubled and filtered imagery. The spot degradation is accomplished at the damage by
protection data.

Established at this, an equivalent extent has been given to estimating the speckle
filtering and filtering efficiency and retinue in detail. Wei and Blaschke [2018] created a
collation between supervised classification, object-based, and pixel-based unsupervised
category, and the object-based process is recommended for the category of increased-
solution images. Abdollahi et al. [2017] illustrated the road extraction, acquired by SVM,
level set method and Otsu’s algorithm with Comprehensiveness and feasible Correctness.
However, it is limited to images with only a spatial resolution of 0.21 m. Dai et al. [2020]
defined path exploitation acquired utilizing Preprocessing, smoothing, segmentation, and
eventually and eventually flexible path factor acquiring per a specific histogram MLSOH is
intended to extract the road and its orientation by Correctness of 99.54%, with a Totality
97.73%. However, it is not reasonable for the extensive shadow area, and the image is
regularly essential to be enhanced. Shi et al. [2019] extracted constructions using artefact
features well-found in building measures, figures, tissue, paint, shade, and roof textile.
In common, the broadly utilized methodology for remote sensing feature detection is
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classification-based. Building extraction is done by separating its elements and applying
classification techniques like Support vector machine or RF.

Isazade et al. [2021], spectral indices and constructed and non-constructed urban
features and their comparison with surface temperature using Landsat satellite images for
the city of Tehran were evaluated. Their results showed that VbSWIR_BI and IBI indices
have the highest accuracy compared to other indices. With the increase in construction,
the temperature has risen in the central and northern parts of the Tehran metropolitan.
Ghorbanian et al. [2020] demonstrated the acceptable granular noise decrease to dissolve
the difficulty relevant to the SAR data used for the broad application areas. A comparative
analysis of filters is highlighted to figure out the performance of the filters and the ability
to extract edges, lines, and points. Dass and Yadav [2020] Examined Radarset-2 images for
the speckle containment with the Lee, Lee-sigma, Frost and Gamma-map. In common, the
median & mean filters are also contained Alves et al. [2020], Liu et al. [2019], all filters are
evaluated and show that some filters perform well in reducing the effect of granular noise
and conserving the details of the edge.

The study aims to compare different filters’ performance on AlosPalsar satellite bands
for noise reduction and feature extraction in urban environments, focusing on the northwest
region of Urmia City, Iran. Specifically, the Lee, Gamma-Map, Frost, and Average filters
will be compared using K-means classification to identify the filter that provides the closest
results to surface phenomena. Additionally, the study seeks to investigate the impact of
the HV band’s polarization properties and sensitivity on urban feature evaluation and
resolution. Moreover, the research aims to determine the suitability of the SSI index for
estimating noise-free gray levels. Overall, the study aims to contribute to improving remote
sensing automation and monitoring of earth changes in sensitive areas such as natural
resources, the environment, and agriculture.

The innovation of this paper lies in its application and evaluation of different spatial
filters, specifically Lee, Frost, and Average filters, for monitoring urban complications using
active remote sensing technologies. The paper focuses on comparing the effectiveness of
these filters in identifying and characterizing urban features in the west of Urmia City
using Landsat 8 satellite images and radar images with HH/HV polarization.

2. Study Area

Urmia locates in the central part of the province of West Azerbaijan, covering an
area of about 5227 km2 (Figure 1). It is the most populous city in the province, with a
relative share of 31.28%. The study area shares borders with Turkey in the west, Lake
Urmia in the east, the cities of Naqadeh, Mahabad, and Oshnavieh in the south, and Salmas
in the north. According to the 2016 census, it has 736,224 inhabitants [Fazel et al., 2017].
According to environmental considerations, the Urmia Basin’s cities are vital in agricultural
and industrial activities. There are 43 urban centers and 520 villages with about 7.3 million
canteens, 9 to 10% of the total population. [Fazel et al., 2017; Nouri et al., 2017; Shokati and
Feizizadeh, 2018].

3. Data and Methodology
3.1. Data

AlosPalsar radar images ( HH and HV) sensors for the research area are used with a
rare angle of 34.3 degrees. The second data used in this study is Landsat 8 bands (Blue, Near
infrared, and Mid-infrared bands) for 2020 west Urmia City. Specifications of AlosPalsar
Landsat 8 images are presented in Tables 1 and 2.

3.2. Geometric Correction and Calibration

In order to apply the geometric corrections for the radar images of the west Urmia
City, the Snap 5.3 software was used. Then its pixel size was changed to 30 meters and
the color image (HH-HV-HH/HV) RGB After generating the comment, the polarimetric
images (HV) and (HH) are subject to geometric correction.The results showed that spectral
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Figure 1. Study area west Urmia City.

Table 1. Profile of AlosPalsar radar images (https://www.eorc.jaxa.jp/ALOS/en/alos/sensor/palsar_
e.htm)

Mode Fine ScanSAR
Polarimetric

(Experimental mode)

Center Frequency 1270 MHz (L-band)

Chirp Bandwidth 28 MHz 14 MHz 14 MHz, 28 MHz 14 MHz

Polarization HH or VV HH+HV or VV+VH HH or VV HH+HV+VH+VV

Incident angle 8 to 60° 8 to 60° 18 to 43° 8 to 30°

Range Resolution 7 to 44 m 14 to 88 m
100 m

(multi look)
24 to 89 m

Observation Swath 40 to 70 km 40 to 70 km 250 to 350 km 20 to 65 km

Bit Length 5 bits 5 bits 5 bits 3 or 5 bits

Data rate 240 Mbps 240 Mbps 120 Mbps, 240 Mbps 240 Mbps

NE sigma zero
< −23 dB (Swath Width 70 km)

< −25 dB (Swath Width 60 km)
< −25 dB < −29 dB

S/A
> 16 dB (Swath Width 70 km)

> 21 dB (Swath Width 60 km)
> 21 dB > 19 dB

Radiometric accuracy scene: 1 dB / orbit: 1.5 dB

noise was observed in both produced images. The replay values of the HH/HV sensor
polarizations are presented in Table 3. Methodology for identifying urban landscapes using
radar and land images (Figure 2).
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Table 2. Landsat satellite bands 8 OLI sensors (http://mehdigis.blogfa.com/post/266)

Spectral Bands Wavelength in µm Resolution in m

Coastal / Aerosol 0.433–0.453 30

Blue 0.450–0.515 30

Green 0.525–0.600 30

Red 0.630–0.680 30

Near Infrared 0.845–0.885 30

Short Wavelength Infrared 1.560–1.660 30

Short Wavelength Infrared 2.100–2.300 30

Panchromatic 0.500–0.680 15

Cirrus 1.360–1.390 30
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Figure 2. Workflow of the methodology.

Table 3. Sensor polarization replay values

Polarized Min Max Mean StdDev

HH 0.0005 22.5697 0.0987 0.4116

HV 0.0002 21.2345 0.0325 0.0721

4. Results and Discussion

In order to improve the range of radar images and to distribute them in a better range,
they were converted to decibels after calibration. The results showed that by applying
this algorithm on each band, the output images of west Urmia City, had better brightness,
and the phenomena that were not clear became somewhat more transparent. Calibrated
imagery by the HH and HV bands is displayed in Figures 3 and 4.
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Figure 3. (a), HH and (b), for the HV band (calibrated) west of Urmia City.

Figure 4. (a), calibrated HH band and, Sigma_0 (b), calibrated HV band Sigma 0 and db west of
Urmia City.

Figure 3, shows A of the HH band, with intensities ranging from (0.01 to 3.62%), and
Figure B of the HV band, which has intensities ranging from (0.001 to 0.157%), which
are brighter than the HH band. The donor is that image B of the HV band evaluates and
identifies urban landscapes with greater accuracy.

While Figure 4a shows the calibrated HH band Sigma 0 converted to decibels, its
values range from – (17.27% to 5.61%), and Figure 4b shows the calibrated HH band
Sigma 0 converted to decibels. Bell is converted, and its values are between (−25.94% and
−8.0%).

Therefore, it is assumed that after converting to Sigma0 and converting it to decibels,
its intensity values are distributed and stretched in such a manner that it causes better and
more precise detection of urban west of Urmia City features in the image. Additionally,
it makes it possible to detect urban features. It Improves the image using the relevant
histograms shown in Figure 5, where the distribution and elongation of the values can be
observed.

4.1. Average Filter

The Average filter is a regular averaging, which changes the central pixel’s value with
the average of the surrounding pixel’s values. This filter has an excellent ability to smooth
out noise. However, treating the moderation action the same will result in a reduction in
resolution around sharp edges. Kernel windows with sizes of 3× 3 or 5× 5 are typically
used to reduce this problem [Shanthi and Valarmathi, 2013].

Figure 6, presents the application of the average filter on the HH band with the kernel
size 3× 3× 5× 9× 9. Larger sizes are mixed, reducing the accuracy of the segregation of
urban toll assessments. In addition to reducing spectral noise, selecting a 3× 3 kernel size
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Figure 5. (a) sigma 0 calibrated HH band histogram converted to decibels, (b) and Sigma 0 calibrated
HV band histogram converted to decibels.

Figure 6. Average filter with kernel size (a) 3× 3, (b) 5× 5, (c) 9× 9, applied on HH band (Sigma 0 –
db) west of Urmia City.

also displays the existing urban west of Urmia city features in the image in smaller pixel
sizes. It makes the resolution of the features more accurate.

Figure 7, which, with expanding the kernel size of histogram values, has increased
from (0 to 12.5%), which causes the smoothing of urban west of Urmia city features in the
image Figure 8.

In previous studies, Urban features show themselves more accurately with minor
changes in the values within the specified location. Alenin and Tyo [2014] examined a
different despeckling algorithm for (SAR) data based on the shrinkage of the wavelet and
non-local concepts. LaCasse et al. [2011] conducted research that combined two methods for
constructing images based on mathematical structure. They proved that the demosaicking
method corresponds with the channel filtering technique. However, when utilizing the
implied filters in that technique, the constructed image with available objects in a higher
part of frequencies resulted in a higher-quality image.

4.2. Lee Filter

Jong-Sen-Lee established the Lee filter in 1982; the base concepts of these filters are
Gaussian dispersion. In general, the statistical distribution of the image is the output of
these filters. We acquire some statistical information such as median, Mean and Standard
Deviation. This information provides the knowledge to assess the performance of speckle
noise. The kernel size is also essential in speckle noise reduction and varies from 5 × 5
to 17× 17 in some software such as snap. The size of kernels is odd numbers [Lee, 1986].
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Figure 7. Color combination of average filter with kernel size (a) 3× 3, (b) 5× 5, (c) 9× 9, applied on
HH band (Sigma 0 – db) west of Urmia City.

×
×

Figure 8. Mean histogram filter with kernel size (a) 3× 3, (b) 5× 5, (c) 9× 9, applied on HH band
(Sigma 0 – db).

Figure 9, presents the application of the Lee filter on the HH band with a kernel size
3× 3× 5× 9× 9.

The image in the pixel is mixed in larger sizes, which reduces the resolution of the
features with low density.

However, almost all three selected kernel sizes can accurately distinguish high-density
urban west of Urmia City features. In the image, it should be displayed in smaller pixel
sizes, and the resolution of the effects should be made with better accuracy. In Figure 10,
the color combination of the Lee filter applied on the HH band with the kernel size 3× 3,
5×5, 9×9 confirms this result. However, the results obtained from Lee filter histograms on
the HH band with kernel size 3× 3, 5× 5, 9× 9 show Figure 11 that with increasing kernel
size, the histogram values from 0 to 12.5, also decrease to some extent. Finds that make the
image Smooth.

Therefore, it could be mentioned that the more changes in the values in the mentioned
range, the better the effects. In addition to the mentioned range of kernel size values 3× 3
and 5×5, other values are available that have unique functions in differentiating the effects.
However, these values range between from −17.5 to 10. The kernel size histogram 9× 9 has
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values ranging from −15.0 to 10. Expanding the kernel size results in a smoother image
but reduces the accuracy of detecting complications with low density.

Lee et al. [2015] used the boxcar and sigma filters as initial filters. Nevertheless,
extending the intended approach to most available filtering methods is uncomplicated.
Moreover, the spatial filters vary commonly in the way of determining the adjacent uniform
pixels [Lee et al., 1999], the scattering model-based method [Lee et al., 2006], the sigma
range [Lee et al., 2015], the scattering mechanism, and the intensity information [Wang
et al., 2016], homogeneity measurement [Lang et al., 2015], NL [Chen et al., 2011; Lang et al.,
2014], region growing [Vasile et al., 2006].

Figure 9. Lee filter with kernel size (a) 3×3, (b) 5×5, (c) 9×9, applied on the HH band (Sigma 0 –
db) west of Urmia City.

Figure 10. Combined Lee color filter with kernel size (a) 3×3, (b) 5×5, (c) 9×9, applied on HH band
(Sigma 0 – db) west of Urmia City.

4.3. Frost Filter

The Frost filter is a widely used filter with variable parameters. It uses a weighted
average on kernel pixels to soften images. The weight assigned to each pixel is a function
of the kernel adjustment coefficient, mean, variance, and center pixel distance from the
mean in the kernel gray [Frost et al., 1982].

Figure 12, indicates the application of the Frost filter on the HH band with a kernel size
3×3×5×9×9; this increases the separation accuracy of high-density features. Nevertheless,
almost all three selected kernel sizes can accurately distinguish high-density features.
However, it is impossible to separate low-density tolls, and it causes urban tolls to be mixed.
In addition to reducing separation accuracy, it also causes classification errors. In this filter,
as in the previous filter, selecting a 3× 3 kernel size causes the effects in the image to be
displayed in smaller pixel sizes and the resolution of the effects to be done more accurately,
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Figure 11. Lee filter histogram with kernel size (a) 3 × 3, (b) 5 × 5, (c) 9 × 9, applied on HH band
(Sigma0 – db).

in addition to reducing spectral noise. In Figure 13, the color combination of the Frost
filter applied on the HH band with the kernel size 3× 3, 5× 5, 9× 9 confirms this result.

However, the results obtained from the Frost filter histograms on the HH band with
The kernel size 3×3, 5×5, 9×9 show Figure 14 with increasing the kernel size, the histogram
values decrease from 0 to 12.), to some extent, which makes the image smoother. Therefore,
it can be concluded that more changes in the values in the mentioned range show better
effects on extracting urban west of Urmia City features. Also, kernel size values 3× 3 and
5× 5, other than the mentioned range, differ, with values between 17.5.

They have ten and have their unique functions in differentiating different effects.
According to the kernel size histogram 9×9, the values of which range from −15.0 to 10, the
distribution of values of the histogram in this image becomes more compact. However, this
indicates a more compact distribution of values in the histogram. It is worth mentioning
that expanding the kernel size makes the image smoother and reduces the accuracy of
detecting features with low density, making the distribution of intensity values more
compact.

In previous studies, Improved AGGD-based noise reduction is presented to enhance
the quality of the reconstructed image. Moreover, for quality enhancement, the cost of
implementation is lower than the alternative methods (improved AGGD [Golilarz et al.,
2019], HHO [Golilarz et al., 2019], and Bayes [Chang et al., 2000].

Figure 12. Frost filter with kernel size (a) 3×3, (b) 5×5, (c) 9×9, applied on HH band (Sigma 0 – db)
west of Urmia City.
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Figure 13. (a) frost filter with kernel size 3× 3, (b) 5× 5, (c) 9× 9 applied on HH band (Sigma 0 – db)
west of Urmia City.

4.4. Quantitative SSI Parameter

The quantitative SSI parameter in radar images is used to evaluate the filtering perfor-
mance. The SSI parameter is a standard for quantifying and evaluating the performance
of radar filters in which the average values of playback and standard deviation of im-
ages before and after application are used. Values less than one of these criteria indicate
that the filter performed better. The SSI quantitative parameter was used to evaluate
the performance of LEE, Average, and Frost filters, the results of which are presented in
Table 4.

Table 4. SSI index values in different filter dimensions Average, Lee, Forst

SSI Parameter Filters

0.563 Lee 3× 3

0.675 Lee 5× 5

0.896 Lee 7× 7

0.590 Frost 3× 3

0.601 Frost 5× 5

0.789 Frost 9× 9

0.683 Average 3× 3

0.630 Average 5× 5

0.785 Average 9× 9

4.5. Classification of Images by K-Means Method

According to Figure 14, four classes were extracted from the classification of K-means
on Frost, Lee and Average filters. Comparing filters with the classification results on
Landsat 8 images showed that the closest result is accurate. Above is the Lee filter with
a 3× 3 size kernel. The total accuracy obtained is (97.36%), and the kappa coefficient is
(0.96%). Between a classified land cover map and a reference or actual land map, the
producer error is related to the percentage of pixels related to the classes but classified
as other classes. On the other hand, user error is an error that is calculated based on user
accuracy and is equivalent to the percentage of pixels that do not belong to the class in
question but are considered in that classification.

5. Conclusion
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Figure 14. Classification of (a) K-means Average filter, (b) Lee filter, (c) Frost filter west of Urmia
City.

Nowadays, images with the appropriate spatial and spectral resolution are often used
to monitor the earth for various purposes, such as detecting changes, classifying land
cover, and diagnosing complications. These techniques are especially important when
data is used in sensitive areas such as the environment, natural resources, and agriculture.
Based on the outputs obtained in this study, it has been shown that the HV band has
better evaluation and resolution in an urban environment with artificial features such as
buildings and different metal structures due to its polarization properties and sensitivity
to the phenomenon in the city. In this study, different filters were applied on the images of
both AlosPalsar satellite bands to estimate the degree of noise-free gray in the northwest of
Urmia City according to the averages through the SSI index. The results include filters that
can help reduce spike noise in AlosPalsar satellite radar images, such as the Lee filter with
3× 3 kernel size.

Additionally, it is essential to note that the output from the filters may vary depending
on the bands of the AlosPalsar satellite. However, after conducting K-means classification
on Lee, Gamma-Map, Frost, and Average filters, the Lee filter with a 3 × 3 kernel size
has been identified to provide the closest results to surface phenomena. Specifically, it
produced a kappa coefficient of 0.96% and an accuracy of 97.36% in the northwest area of
Urmia. Future research could include exploring the impact of different filter parameters
on noise reduction and feature extraction accuracy in urban environments and comparing
the results of different satellite systems in monitoring earth changes in sensitive areas.
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