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ABSTRACT: 
 
In recent years, remote sensing images have been used for many different applications that require visual analysis and interpretation. 
In this paper, reducing/removing noise is the basic approach, as it causes loss of information and therefore affects the accuracy of the 
analyses. Within the scope of the study, two different test areas of land cover/use were applied to examine the effects of noise on 
optical satellite images. In this context, Landsat 8 and Sentinel 2 satellites were used to study the effects of denoising methods on 
different spatial resolutions. Due to the lack of raw images of the selected satellites, two different types of noise (i.e. Gaussian and 
Stripe) were added to the images. In this context, four different denoising methods were compared by using conventional filter 
techniques commonly used in the spatial domain, while also different methods that used different threshold values in the frequency 
domain. The first approach is Median, Block Matching and 3D Filtering methods in the spatial domain, applications that depend mainly 
on the neighborhood relationship of pixels in the image. The second approach is wavelet-based Contourlet and Curvelet methods in 
the frequency domain. The quality analysis of denoised images were evaluated as qualitative (statistical methods Peak Signal to Noise 
Ratio, Mean Square Error, standard deviation, min/max value), and quantitative. Finally, Curvelet hard thresholding transform was the 
selected method as the best algorithm after quality analysis additionally, the method also effectively preserves edges in homogeneous 
test area and other fine details in the heterogeneous test area. 
 
 

1. INTRODUCTION 

Nowadays, remote sensing has become an effective technique for 
monitoring and extracting information about Earth features from 
a distance. In addition, this developing technology contributes 
much more to new scientific studies for humanity by providing a 
high level of detailed information and accuracy. However, 
despite the rapid technological development, there are still 
limitations in the image acquisition and transfer steps, so some 
image distortions may occur. 
 
Pre-processing, which is the first step in the analysis of satellite 
images used in different applications, is a very important step and 
must be done carefully. In other words, some distortions need to 
be corrected before applying analysis and post-processing 
techniques to improve image quality. In general, pre-processing 
techniques include radiometric correction (for distortions caused 
by sensor characteristics and differences in illumination 
conditions), atmospheric correction (for distortions caused by 
atmospheric interactions with particles such as clouds and 
aerosols in the atmosphere), and geometric correction (for 
distortions caused by altitude, sensor, or earth variations, etc.). 
 
One of the main radiometric errors caused by sensor is “noise” 
and needs to be reduced as it causes poor image quality, loss of 
information, and low accuracy analysis. Noises are often seen as 
systematic (i.e. striping/banding) and random (i.e. Gaussian). For 
example, drop lines during scanning, gaps in the scan forward 
and backward, and calibration changes between sensor systems 
in multi-sensor detectors are the main causes of band striping 
(Tsai and Chen, 2008). Also, noise depends on the high-
frequency content of the image; therefore, there must be a 
balance between reducing and suppressing noise in an image as 
much as possible without losing too much information. 

Denoising has always been a critical issue in image processing; 
therefore, various approaches developed depending on the 
statistical properties of noise (i.e. low frequency and high 
frequency) are classified as techniques used in the spatial and 
frequency domains. In the spatial domain, operations are based 
on the brightness value of the pixel (i.e. grey value) and the 
neighbor relations, while in the frequency domain, operations 
depend on the frequency and temporal change information of the 
values defined in the time and spatial domain (Ruikar and Dove, 
2011).  
 
In the literature review of the methods used in noise removal (i.e. 
denoising), it was seen that the techniques were most commonly 
developed not for satellite images, but rather by using test images 
such as "Lena", "Barbara". Due to this mentioned shortcoming, 
optical remote sensing data (Sentinel 2 and Landsat 8) were used 
to test the denoising performances in two different test areas in 
this study. For this purpose, four different methods were applied 
in two different and tested and the best one was selected by 
comparing their image quality performance.  
 
For this purpose, four different methods (Median Filtering, Block 
Matching and 3D Filtering (BM3D), Curvelet Transform, 
Wavelet-based Contourlet Transform) were applied and tested in 
two different domains (frequency and spatial), then the image 
quality performance measures were compared and most 
appropriate one for each domain was selected. 
 

2. STUDY AREA & DATA USED 

2.1 Study Area 

Istanbul is the most important city in Turkey with rapid 
urbanization in the northwest of Turkey, which connects the 
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Black Sea to the Mediterranean Sea via the Sea of Marmara. The 
reason why the two study areas were chosen in Istanbul is that it 
has very complex heterogeneous areas such as agricultural areas, 
artificial surfaces, and homogeneous areas such as forest areas 
and water areas. In this context, the homogeneous test area was 
chosen in the Çatalca region, which includes predominantly 
forested areas and where the land cover/use does not change 
much, and the heterogeneous test area with different land 
cover/use classes around Alibeyköy (Figure 1).    
 

 
 
Figure 1. Satellite image of two test areas in Istanbul – Çatalca 
(white box) and Alibeyköy (red box) (©2020, Google Earth). 

 
2.2 Data Used 

For denoising analysis, the selected methods were applied on 
Landsat 8/OLI and Sentinel-2B/MSI satellites images dated July 
1, 2020. The same acquisition date of the two satellites makes 
this study even more remarkable as it will make a significant 
contribution to the evaluation of the effects of different spatial 
resolutions on the performance of denoising techniques. 
 
Landsat 8 carries OLI (Operational Land Imager), and Sentinel 2 
carries Multispectral Instrument (MSI). The characteristics of the 
two satellite bands are given in Table 1. For this study, the blue 
(B2), green (B3) and red (B4) bands of both satellites were used. 
Besides, panchromatic (PAN – B8) band of the Landsat 8 satellite 
was used.  
 

 
 

Table 1. Landsat-8 and Sentinel-2 spectral band properties. 
 

3. METHODOLOGY 

Image errors, for example that cause distortion or unwanted data, 
are known as noise. For satellite images, the most common ones 
are stripe and random (i.e. Gaussian) noises. Besides, denoising 
images that have been distorted by Gaussian noise is a typical 
signal processing issue (Ruikar and Dove, 2011; Luisier et al., 
2007).  Since the Level-0 (raw) images of the dataset used in this 
study could not be accessed, two common noise types were added 
to the satellite images using Eq. (1). 

 
                                  𝑌௡ =  𝑋௡ +  𝑏௡                     (1) 
 
where;     Yn = Noisy data 
 Xn = Original satellite image 
 bn = Noise (Gaussian or stripe) 
 
Denoising for satellite images is a more complex and variable 
process as the noise affecting the image may be diverse for 
different land use/cover. In addition, in low and high spatial 
frequency areas (i.e. forest and urban) in satellite images, low-
frequency noise is more difficult to distinguish as it usually has a 
similar structure (i.e. grey value) to the original data in the images 
(Vijay and Devi, 2012). For this reason, methods are generally 
developed to remove low-frequency noise. 
 
To evaluate the performance of the denoising process, four 
different methods were applied in two different domains (i.e. 
spatial and frequency) to the selected test areas in both satellite 
images. These methods are Median (using different kernel sizes 
(i.e. 3x3 and 5x5)) and BM3D (using different noise standard 
deviation parameters (i.e. σ= 0.2, 0.4)) algorithms in the spatial 
domain and Curvelet (using different threshold (i.e. hard and 
soft)) and wavelet-based Contourlet transforms in the frequency 
domain. 
 
The processing steps applied to determine the denoising 
performance are given in Figure 2.  
 

 
 

Figure 2. Flow chart used for the study. 
 
The methods are used in the study are briefly explained in the 
following sub-sections. 
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3.1 Denoising algorithms in the spatial domain 
 
In general, the filtering methods used in the spatial domain are 
based on the use of statistical parameters of the image (min, max, 
median, etc.) and minimize low-frequency noise while 
preserving important features (i.e. fine details, edges) in the 
image (Yu et al., 2009). 
 
3.1.1 Median filter:  Median filter is a method based on the 
statistical properties of the image. The output of Median filter is 
a median value of all values in the kernel; after filtering, the 
center pixel value is changed with the median value (Ahmed et 
al., 2015). Since it is not affected by the lowest or highest pixel 
value, the Median filter is suitable for denoising; however, the 
image loses edge sharpness and becomes soft (Sunar et al., 2017). 
 
3.1.2 BM3D: The BM3D algorithm is based on block matching, 
a collaborative filter (i.e. Wiener), and thresholding (i.e. hard 
threshold) (Dabov et al., 2007). The processing step begins with 
grouping the pixels depends on their similarity and filtering is 
done on each group of blocks. Following the filtering process, 
Wiener filtering is performed, and then with the inverse 
transform, a denoised image is obtained. Besides, the BM3D 
algorithm protects sharpness, homogeneous areas, and edges in 
practice (Lebrun, 2012). 
 
3.2 Denoising algorithms in the frequency domain 
 
Earlier, denoising was done in the frequency domain using linear 
methods such as the Fourier transform. However, due to the 
difficulty to handle non-linear structures, wavelet-based 
techniques that include operations such as thresholding in the 
frequency domain have been developed (Naveed et al., 2019). 
Considering their simplicity and efficiency, wavelet-based (such 
as discrete, complex, continuous wavelet transforms) algorithms 
in the frequency domain continue to be useful for denoising.  
However, methods in the frequency domain are generally more 
complex and have more time-consuming processing steps than 
the methods performed in the spatial domain. 
 
3.2.1 Curvelet transform: Curvelet is a multiscale transform 
similar to wavelet transform, with structural components ordered 
by location parameters and scale. When the transform is applied 
with different threshold values (i.e. hard and soft), it effectively 
softens the image while preserving fine details in the image 
(Nencini et. al., 2007).  
 
3.2.2 Contourlet transform: Wavelet-based Contourlet is a 
transform based on the Laplacian pyramid and directional filter 
bank that enables the creation of images to have contours with 
multi-scale and multi-direction (i.e. different scales and 
directions) (Do and Vetterli, 2006). In this way, the detail of the 
images is preserved and the sharpness of the edges is ensured 
(Altun and Allahverdi, 2007). 
 
3.3 Quality Analysis 

Quality analysis should be able to detect and measure distortions 
in the image, in order to preserve or improve image quality 
(Wang and Bovik, 2006). The first-order metrics of image quality 
analysis (e.g. standard deviation, variance) allow interpretation 
for pixels of the image (i.e. statistical behavior). In addition, 
second-order metrics (i.e. PSNR and MSE) that take into account 
the spatial relationship properties of two pixels comparative to 
each other are crucial (Rajkumar and Malathi, 2016).  
 
 

PSNR is defined as in the Eq. (2). 
 

               𝑃𝑆𝑁𝑅 = 10 𝑙𝑜𝑔ଵ଴
ெ௔௫ ௉௜௫௘௟ ௏௔௟௨௘మ

ெௌா
                            (2) 

 
4. APPLICATION & RESULTS 

4.1 Add Noise 

Since the selected satellite images are not raw (i.e. unprocessed) 
data, the two most common types of noise in applications; 
Gaussian noise with σ=10 and σ=20 were added on panchromatic 
(PAN), blue, green, red bands and stripe noise were added on 
PAN (Figure 3).  As seen, when the sigma values increase, the 
noise ratio in the image also increases. 

 

 
 

Figure 3. Example of Gaussian and stripe noise in 
homogeneous test area. (a) Landsat 8/Band 8 Panchromatic 

image, (b) Stripe noise, (c) σ=10 Gaussian noise,  
(d) σ=20 Gaussian noise. 

 
4.2 Gaussian noise denoising in the spatial domain  

As shown in Figure 4, both algorithms, tested on different 
satellites with different spatial resolutions, caused image details 
to become smoother.   
 
In the Median filter, which is the conventional method for image 
denoising in the spatial domain, the effect of kernel selection on 
noise removal was tested, and as expected, it was observed that 
the smoothing effect on images increased as the kernel size 
increased (i.e. 5x5, Figure 4(b)). It can be said that the Median 
filter with a 3x3 kernel works better and more effective in terms 
of preventing loss of information (Figure 4(a)). This effect can be 
seen visually by comparing the homogeneous areas (i.e. water) 
and heterogeneous areas (i.e. the areas outside the urban areas) in 
both satellite images.  
 
On the other hand, in BM3D method, as the sigma value 
increases, it was observed that the smoothing effect occurs more 
which causing information loss (Figure 4(d)). Due to the low 
resolution of Landsat 8 images, it was observed that some linear 
structures were significantly removed in both heterogeneous (e.g. 
buildings) and homogeneous areas (e.g. roads) (Figure 4.2(d)).  
 
Although, the BM3D method is common and new developed 
algorithm in image processing, especially in medical 
applications, it was observed that the method did not work well 
on the satellite images. This can be explained by the complexity 
of the images, which contain a lot of information in the form of 
features based on different spatial, frequency and spectral 
characteristics. 

a) b) 

c) d) 
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Landsat 8 Band 2 

 
(a)                      (b)                     (c)                     (d) 

Sentinel 2 Band 2 

 
(a)                      (b)                     (c)                     (d) 

(1) 
 

Landsat 8 Band 2 

 
(a)                      (b)                     (c)                      (d) 

Sentinel 2 Band 2 

 
 (a)                     (b)                     (c)                      (d) 

(2) 
 

Figure 4. Denoised images of test areas on Landsat 8 and 
Sentinel 2 images for (1) homogeneous and (2) heterogeneous 

areas; (a) Median 3x3 filter, (b) Median 5x5 filter,  
(c) σ=0.2 BM3D, (d) σ=0.4 BM3D. 

 
The statistical analysis of the denoised Landsat images is shown 
in Table 2. As higher PSNR value and lower MSE value mean 
better image quality, therefore, the use of 3x3 Median filter at 
low noise level (=10) gave better results in both satellites. Table 
2. 
 
In the spatial domain, it was concluded that the denoising results 
Median filter with a 3x3 kernel gave visually and statistically 
better results, especially in detail preservation. 
 
4.3 Gaussian noise denoising in the frequency domain  

First, in Curvelet transform, PSNR-threshold value plot was 
produced to separately select the best threshold value for soft and 
hard thresholding, and then the transformed images were 
generated after choosing the best threshold value for each.  The 
selection of the best value (i.e. 1.2) for the hard threshold and the 
transform image are given in Figure 5 as an example. 
 
Afterwards, denoising was performed with soft and hard 
thresholding value selection. The denoised images of test areas 
on Landsat 8 and Sentinel 2 images for homogeneous and 
heterogeneous areas are given in Figure 6. One of the main 
problems detected was that there were some artifacts for 
Gaussian noise in both images, but this issue was less pronounced 
with soft thresholding than with hard one. However, denoising 
has caused information loss in heterogeneous test areas, 
especially in urban areas (Figure 6.2(a)). 
 

On the other hand, in the Contourlet transform, first the transform 
image was produced with subbands (Figure 7(a)) for the images 
with Gaussian noise. It was observed that reconstructed images 
denoised with the Contourlet transform gave less smoothing 
effect than Curvelet transform. However, artifacts similar to 
those in the Curvelet transform were excessive in this 
transformation, resulting in more information loss (especially 
observed in forest areas in the heterogeneous and homogeneous 
test areas). 
 
The statistical analysis of the denoising methods in the frequency 
domain is shown in Table 3. As seen, Curvelet transform with 
hard thresholding was chosen as the best method in the frequency 
domain statistically (i.e. with its highest PSNR values). 
 

 
(a) 

 

 
(b) 

 
Table 2. Statistical analysis of denoised Sentinel 2 image in the 

spatial domain for (a) homogeneous and (b) heterogeneous 
areas. 

 

 
                              (a)                                              (b) 
 

Figure 5. Example of (a) PSNR-threshold value graph and  
(b) Curvelet transform image. 
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            Landsat 8 Band 3 

 
 (a)                       (b)                       (c) 

            Sentinel 2 Band 3 

 
(a)                       (b)                       (c) 

(1) 
 

             Landsat 8 Band 3 

 
(a)                       (b)                       (c) 

             Sentinel 2 Band 3 

 
(a)                       (b)                       (c) 

(2) 
 

Figure 6. Denoised images of test areas on Landsat 8 and 
Sentinel 2 images for (1) homogeneous and (2) heterogeneous 

areas; (a) Curvelet soft thresholding,  
(b) Curvelet hard thresholding, (c) Contourlet. 

 

 
                          (a)                                           (b) 
 

Figure 7. Example of Contourlet transform subbands for 
homogeneous area in the Band 2 image of Sentinel 2 (a) σ=10 
Gaussian noise in the subbands and (b) zoomed-in view of one 

of the subbands (small coefficients are shown in black and large 
coefficients are shown in white). 

 
(a) 

 

 
(b) 

 
Table 3. Statistical analysis of denoised Landsat 8 image in the 

spatial domain for (a) homogeneous and (b) heterogeneous 
areas. 

 
4.4 Stripe noise denoising in the spatial domain 

All denoising methods were also tested on satellite images with 
stripe noise.  
 
In the Median filter application, the kernel selection was effective 
as in the Gaussian noise. The use of a 5x5 kernel resulted in a 
smoother denoised image than a 3x3 kernel, but neither of these 
methods was able to effectively remove stripe noise (Figure 8(a) 
and Figure 8(b)). 
 
The images denoised with BM3D method showed that this 
method also did not gave good results in stripe noise adequately. 
It can be seen from Figure 8(c) and Figure 8(d) that both the main 
features in the images such as settlements are blurred and the 
stripe noise cannot be completely eliminated. 
 
The statistical results showed that Median filter with a 3x3 kernel 
gave better results than other three methods (with higher PSNR 
value, Table 4)).  
 
4.5 Stripe noise denoising in the frequency domain 

In contrast to the methods used in the spatial domain (especially 
the Median filter), the methods chosen in the frequency domain 
gave worse results in removing the stripe noise. 
 
In the output images obtained, various artifacts were also seen in 
both methods (Curvelet and Contourlet), as in Gaussian noise, 
and stripe noise cannot be eliminated (Figure 9). 
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According to the statistical analysis on the denoising methods 
used for the stripe noise images, the Curvelet transform with hard 
thresholding gave the best result with the highest PSNR value. 
However, stripe noise could not be eliminated by any method 
applied in the frequency domain (Table 5). 
 
Overall, the Median filter with a 3x3 kernel in the spatial domain 
and Curvelet transform with hard thresholding in the frequency 
domain were selected as the best methods for removing or 
suppressing Gaussian and stripe noises in both satellite images. 
 

 
(a)                       (b)                      (c)                      (d) 

(1) 
 

 
(a)                       (b)                      (c)                      (d) 

(2) 
 

Figure 8. Denoised images of test areas on Landsat 8 images 
with stripe noise for (1) homogeneous and (2) heterogeneous 

areas; (a) Median 3x3 filter, (b) Median 5x5 filter,  
(c) σ=0.2 BM3D, (d) σ=0.4 BM3D. 

 

 
 

Table 4. Statistical analysis of denoised Landsat 8 
panchromatic image in the spatial domain for stripe noise. 

 

 
(a)                     (b)                     (c) 

(1) 
 

 
                         (a)                    (b)                     (c) 

(2) 
 

Figure 9. Denoised images of test areas on Landsat 8 images 
with stripe noise for (1) homogeneous and (2) heterogeneous 

areas; (a) Curvelet soft thresholding,  
(b) Curvelet hard thresholding, (c) Contourlet. 

 
 

Table 5. Statistical values of denoising algorithms in the 
frequency domain for stripe noise. 

 
5. CONCLUSION 

Denoising is one of the hot research topics and has evolved 
continuously since the beginning of image processing.   Studies 
are generally on test images, but in this study, four different 
denoising methods were examined using Landsat 8 and Sentinel-
2 images and evaluated by statistical quality measures such as 
PSNR, MSE, standard deviation, and min/max values. 
 
First of all, it was found that spatial resolution generally affects 
and improves the visual quality of the denoised image. 
 
It was observed that both methods used in the spatial domain, 
namely Median and BM3D, cause data loss as the most important 
drawback. According to the quality analysis, the statistical values 
of the Median filter were found to be better than BM3D for two 
different densities of Gaussian noise in both satellite images 
(denoised image by using Median filter has 50% higher PSNR 
than BM3D in the homogeneous test area while almost 90% 
higher PSNR in the heterogeneous test area). Although the 
statistics show that the Median filter is better than BM3D, it has 
been visually observed that the noise in the images does not 
completely disappear. 
 
On the other hand, in the frequency domain, it was observed that 
the fine details of the image are preserved, but some artifacts 
occur for Gaussian noise denoising in both images. Also, 
different thresholding values increased the performance of 
Curvelet. In addition, statistical values obtained with Curvelet 
hard thresholding are better than Curvelet soft thresholding and 
Contourlet (denoised image by using Curvelet hard threshold has 
10% higher PSNR than soft threshold and Contourlet). After all, 
when all algorithms (Median, BM3D, Contourlet and Curvelet) 
were compared to each other, Curvelet hard thresholding was 
found to be better visually and statistically. 
 
For stripe noise, the performance of all algorithms was not found 
to be effective compared to Gaussian noise.  
 
As a final result, although some methods in both domains show 
higher performance than others, the methods used for denoising 
need to be tested in other test areas or with other image datasets 
in order to generalize. For this reason, as a future study, it is 
planned to evaluate their effectiveness and applicability on image 
quality by using various noise removal techniques both in 
different satellite images and in test areas. 
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