
A method for blind estimation of spatially correlated noise 
characteristics 

 
Nikolay N. Ponomarenkoa, Vladimir V. Lukina, Karen O. Egiazarianb, Jaakko T. Astolab  

 
a National Aerospace University, 61070, Kharkov, Ukraine;  

b Tampere University of Technology, FIN 33101, Tampere, Finland 
 
 

ABSTRACT 

In design of many image processing methods and algorithms, it is assumed that noise is i.i.d. However, noise in real life 
images is often spatially correlated. Ignoring  this fact can lead to certain problems such as reduction of filter efficiency,  
misdetection of edges, etc. Thus, noise characteristics, namely, variance and spatial spectrum are to be estimated. This 
should be often done in a blind manner, i.e., for an image at hand and in non-interactive manner. This task is especially 
complicated if an image is textural. Thus, the goal of this paper is to design a practical approach to blind estimation of 
noise characteristics and to analyze its performance. The proposed method is based on analysis of data in blocks of 
fixed size in discrete cosine transform (DCT) domain. This allows further use of the obtained DCT spectrum for 
denoising and other purposes. This can be especially helpful for multichannel remote sensing (RS) data where 
interactive processing is problematic and sometimes even impossible.  
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1. INTRODUCTION 

Images formed by different sensors and imaging systems are often noisy1-3 and noise is one of the major factors 
restricting performance of methods used for solving final tasks these images are intended for. There can be different 
origin and nature of noise in registered images as apparatus and external noise, principle of image forming, influence of 
wave propagation medium, etc. Although in many cases it is supposed that noise is i.i.d.4,5, this is often not true in 
practice. In particular, continuous demand of providing better resolution of imaging systems and competition between 
their designers has led to system operation near resolution limits and essential correlation of noise for neighboring 
pixels of formed images. This makes the tasks of noise parameter estimation and design of efficient image processing 
(filtering, edge detection, reconstruction) methods more complicated. It becomes necessary not only to know or to pre-
estimate noise type and statistics, but also to know in advance or to pre-estimate spatial correlation properties of noise.  
 
It is not always possible to carry out such estimation in an interactive manner. One possible reason is a great number of 
images that should be processed within a limited time. Another reason could be that attraction of a human being to 
performing is impossible at all. This can happen, e.g., in the case when image processing is to be carried on-board a 
(small) satellite or a UAV with the purpose of image pre-filtering or compression6-8. Note that noise variance estimation 
in a blind manner is often required as well9,10.  
   
There are quite many known methods for blind evaluation of noise variance9. All of them are based on one or another 
way of separation of image content and noise. Some methods exploit detected image homogeneous regions and carry 
out estimation in spatial domain applying robust estimators11. Other methods perform in orthogonal transform (wavelet 
or discrete cosine transform (DCT)) domain12,13.   
 
Note that, irrespectively to a way a separation done, image content usually influences noise variance estimation in such 
a way that the estimates occur to be biased. In most of cases, the estimates are larger than the true values although there 

                                                 
 
a Correspondence to Lukin V.V.: e-mail lukin@ai.kharkov.com   tel./fax +38 057 3151186 



are also opposite situations11,14. The worst accuracy of blind estimation takes place if noise is spatially correlated and 
images under analysis are textural. This requires paying special attention just to such, most complicated, practical cases.  
 
One of perspective approaches to blind estimation of noise characteristics is data analysis in spectral domain, in 
particular, in DCT domain10,13. There are several reasons behind this. First, DCT possesses good energy compaction 
(pixel decorrelation) properties15. Due to this, information content occurs to be mainly localized in low frequency 
domain whilst high frequency coefficients mostly relate to noise. Second, due to aforementioned properties, DCT 
filtering is one of the most efficient among transform-based denoising techniques16,17. Third, DCT-based filtering can be 
easily adapted to signal-dependent nature of noise16 as well as to removal of spatially correlated noise18,19 under 
conditions that dependence of noise statistics upon local mean and spatial correlation of noise are known in advance or 
have been pre-estimated with appropriate accuracy. Note that there exist efficient methods for blind determination of 
noise type20. Then under assumption that this identification has been done correctly, we can concentrate on blind 
determination of additive noise spatial correlation. Note that spatial correlation characteristics practically do not change 
after homomorphic transformations21 that can be applied to convert signal dependent noise to an additive one.    
  
This paper addresses the task of blind evaluation of spatially correlated noise DCT spectrum. Specific feature of the 
designed approach is that differences of image similar blocks are analyzed. The paper structure is the following. In 
Section 2, the proposed approach to blind estimation of noise spatial correlation and variance is described. Then, in 
Section 3, accuracy and efficiency analysis of this approach is presented. Estimation of spatial correlation of noise for 
real life hyperspectral images formed by airborne remote sensing sensor AVIRIS is carried out. Finally, the conclusions 
follow.                             

 
2. PROPOSED APPROACH DESCRIPTION  

 
The proposed method of blind estimation of color noise spectrum (BECNS) exploits two inherent properties of images. 
The first property is self-similarity used in image fractal compression22, filtering23, and other applications24. This 
property appears itself in the fact that for many image regions (blocks) it is quite probable to find other fragments of the 
same image that differ only a little with respect to a given block. A simplest way to find similarity between blocks A 
and B of a considered image is to analyze MSE between them  

  MSE(A, B) = 
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where M and N denote horizontal and vertical side size of the blocks used. Then it is possible to suppose that for a 
given image there are such combinations of blocks A and B that MSE(A, B) for them differs from variance of noise σ2 
less than by variances of these blocks σA

2 (for block A) and σB
2 (for block B), respectively. Probability of this event 

increases if block similarity is larger and it is smaller if the image is noise-like. Then, it is possible to expect that 
estimation of noise variance by analyzing differences between the blocks A and B could be more accurate that by 
analyzing pixel values for these blocks.  
 
The second property of real life images is that the discrete cosine transform (DCT) being applied to rather small size 
blocks is able to decorrelate data well. Remained correlation of DCT spectral coefficients is quite small, almost 
negligible. This property is used13 for removal of locally active blocks of images by analysis of low-frequency DCT 
coefficients. For remained blocks, mainly high frequency DCT coefficients are analyzed and processed in order to 
evaluate noise variance. Due to small correlation between low and high-frequency coefficients, practically unbiased 
estimates of noise variance for i.i.d. noise are obtained. Note that we assume that spatial correlation of noise is the same 
for entire image.  
 
Briefly, the proposed method consists in the following. All DCT coefficients of a given block of size 8x8 pixels are 
divided into two parts (halves) each containing 32 coefficients. Using the first part, some number of blocks A and B 
pairs that provide minimal MSE(A, B) are found. Then, using a robust method the differences A-B are analyzed to 
obtain an estimate of noise variance by processing for each DCT coefficient the second part of coefficients. Then, 
halves of DCT coefficients are changed, search of similar blocks is carried out again, and estimates of noise variance for 
the first part of DCT coefficients are obtained. To provide the method’s robustness for the case of spatially correlated 



noise, blocks A and B for which similarity is checked should be displaced with respect to each other by some minimal 
distance r i.e. by larger enough distance. 
Let us describe this method more in details. It has the following peculiarities. 

1. The base block size is selected; below we use 8x8 pixel blocks since this size is convenient for accelerating 
search of similar blocks without losing efficiency and accuracy of the method; besides, this size of blocks is used in 
image filtering10,17,25; meanwhile, considering of other block sizes (8x16, 16x8, 16x16) can be interesting especially for 
processing high-resolution images. 

 2. A random mask δ that has the values either 0 or 1 is generated (this mask separates DCT coefficients into two 
halves) The value 1 refers to a DCT coefficient in the first half and vice versa. 

3. For each image block A (position of the scanning window of size 8x8 pixels), its similarity with respect to all 
blocks B in the neighborhood of A is analyzed where distance R(A, B) is larger than r1 and smaller than r2. The 
distance R(A, B) is defined as max(AX-BX, AY-BY) where AX, AY and BX, BY are coordinates (indices) X and Y of 
left upper corners of blocks A and B. The recommended values r1 and r2 are r1=3 and r2=10. Increasing of r1 leads to 
increased immunity of the method to the presence of spatially correlated noise, whereas an increasing of r2 leads to 
increased time of image analysis and better accuracy of obtained results. Similarity of the blocks A and B is calculated 
in the DCT domain according to (1) with taking into account the mask δ: 

MSED(A, B) = 
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where AD and BD are DCT matrices (coefficient sets) for blocks A and B.  
 4. The array D is used for storing K results of DCT(A-B) that correspond to minimal found values MSED(A, 
B). The recommended value K for images of size 512x512 pixels is K=1025.  

5. As the result of carrying out the steps 1…4 for each pair of indices of DCT coefficients one obtains K values 
of these coefficients. The coefficients for which δ is equal to 1 are the results of searching the minimal values ??. Thus, 
it is impossible to use them for estimation of noise parameters. Other coefficients for which δ is equal to 0 in ideal case 
(for absolutely similar blocks) relate to noise component. In practice, considerable part of these coefficients may 
correspond to information content. This can lead to heavier tails of coefficient distribution. Thus, it is desirable to apply 
robust approaches to estimating σij

2 for each coefficient with δij=0. One way to do this is to apply the estimate  

   2 2ˆ (1.483 { (1) , (2) ,..., ( ) }) / 2ij ij ij ijmed D D D K  , 

where 1.483 is the correcting factor. It is also possible to evaluate tail heaviness for the considered distributions that 
characterizes confidence of the obtained estimates. The estimate can be considered confident if  

Tr/})K(D,...,)1(Dmax{})K(D,...,)1(D{med ijijijij  . 

The recommended value of Tr is Tr=6. 

6. After performing the steps 1…5, one has the estimates 2
iĵ  for one half of DCT coefficients of the block. 

Then, the mask δ is inverted (δnew = 1 - δ) and the steps 1…5 are repeated one more time; as the result, the estimates 
2
iĵ  are obtained for all other coefficients of the block. 

 7. The values of estimates 2
iĵ  that are not confident can be replaced by the minimal confident estimate of the 

nearest coefficients of the matrix. If the total number of non-confident estimates is too large, e.g., 50%, then the 
decision that the considered method is not worth applying for estimation of noise parameters for a given image can be 
undertaken. 
 

After completing the described algorithm operation, one obtains the matrix of estimates 2
iĵ  of size 8x8, i.e., noise 

variance separately for each DCT coefficient. It is possible to use it for, e.g., automatic setting frequency dependent 
thresholds in filtering of images based on DCT10,18. In non-reference estimation of image visual quality, this matrix can 
be used with weights obtained in accordance with contrast sensitivity function26. 
 

3. EFFICIENCY ANALYSIS FOR THE PROPOSED METHOD  
 
Let us compare efficiency of the proposed method BECNS to the following techniques: the method RDCT13 that 
analyzes and estimates noise variance in DCT domain and is one of the best for i.i.d. noise14, the method AIQRF27 



(windows size is 7) which is one of the best methods of noise variance blind estimation is spatial domain, the method 
PGE28 used for noise variance blind estimation in wavelet domain, the method SE029 which is one of the simplest 
methods based on shifted differences.  
 
We have considered six test grey-scale images in our study. They are the standard test images Baboon, Barbara, and 
Lena as well as the image Bikes from Kodak test image database. All of them have the size 512x512 pixels are 
available at http://ponomarenko.info/testset1.zip. The fifth noise-free test image is a constant level (large homogeneous) 
image further referred as to Homog. These images considerably differ by their content. This allows studying and 
comparing the influence of image content on the designed method accuracy. The final test image we have used, Grass, 
has practically no image homogeneous blocks and is highly textural. It is an example of the most complex practical 
situation.  
 
These 8-bit images have been corrupted by additive zero mean Gaussian noise with two values of variance, 25 and 100. 
Three types of noise have been considered: white (i.i.d.), low frequency (spatially correlated) and high-frequency. The 
spatially correlated noise (denote it as SCin) has been simulated by generating a 2D zero mean white Gaussian noise 
(denote it as Sin) with variance equal to and its filtering by linear Gaussian filter with the scanning window 7x7 pixels 
and parameter sigma equal to 1 (function fspecial('gaussian',7,1) of Matlab). High-frequency noise (SHin) was easily 
simulated by subtracting: SHin = Sin – SCin. All samples of the obtained 2D arrays SCin and SHin have been multiplied 
by corresponding correcting factors to provide required variance of simulated spatially correlated (SC) and high-
frequency (SH) noise.  

 
3.1. Estimation of additive white noise parameters 

 
Although the designed method is mainly intended on estimation of spatially correlated noise parameters, it should 
perform reasonably well for i.i.d. noise as well. Thus, it is desirable to have some indicator of that noise is i.i.d. or 
colored (spatially correlated) or high-frequency. To solve this task, we propose the following simple algorithm. Let us 

use the obtained matrix 2
iĵ  and calculate for it the following two parameters denoted as σ1

2 and σ2
2. The parameter σ1

2 

is calculated by averaging all elements of this matrix excluding 2
11̂  that corresponds to DC. Another parameter, σ2

2, is 

calculated by averaging only 16 high-frequency elements that belong to 4x4 submatrix in a lower right corner.  Then, if 
σ1

2<ασ2
2 (α<1) and σ1

2>γσ2
2 (γ>1), it can be considered that noise is not i.i.d. (colored noise - CN). Otherwise, noise is 

i.i.d. and σ2
2 can be accepted as an estimate of its variance. In general, there is a need to carry out more thorough 

statistical analysis what should be parameters α and γ. In our simulations, we used α=0.95 and γ=2.5.    The situation 
σ1

2>2.5σ2
2 relates to detection of spatially correlated noise whilst σ1

2<0.95σ2
2 corresponds to detection of high-

frequency noise. 
 

Table 1. Estimates 2̂  for Gaussian i.i.d. noise  
Image σ2 PGE SE0 AIQRF RDCT BECNS

25 144.6 185.7 59.8 35.0 32.8 
Baboon 

100 209.86 317.6 150.0 110.4 100.4 
25 111.3 53.9 33.1 28.7 27.4 

Barbara 
100 164.7 158.3 111.0 102.9 96.6 
25 104.2 89.0 38.2 26.0 25.2 

Bikes 
100 155.5 215.4 127.0 99.9 104.6 
25 502.7 686.9 1630 26.4 23.8 

Grass 
100 581.5 831.1 1690 113.2 118.8 
25 24.9 27.5 23.9 25.1 24.5 

Homog 
100 99.9 109.9 95.6 100.0 90.8 
25 32.1 39.6 33.6 29.2 26.8 

Lena 
100 111.5 133.0 111.0 104.2 104.2 

 
Table 1 presents results for the compared methods in the case of estimating variance of i.i.d. Gaussian noise. In all 12 
considered cases (six images and two values of noise variance), the method BECNS has correctly identified noise as 



i.i.d. The method BECNS produces slightly biased estimation for the image Homog, but the bias of this method is the 
smallest for other test images among the considered methods. The data in Table 1 clearly show how great can be the 
influence of image content on noise variance estimates obtained in a blind manner. Note that this influence is the largest 
for texture images as Bikes, Baboon and, especially, Grass. Only the method RDCT produces reasonably good 
estimates for these three images.  
   
Accuracy of noise variance evaluation can be also viewed from another point. Suppose that a blind procedure of noise 
variance evaluation is applied within the framework of automatic image filtering30. Recall that this framework presumes 
noise type identification, noise parameters’ estimation, and filter parameter setting using the identification result and 
estimates obtained at previous stages. All these operations are carried out blindly, without interactive participation of a 
user (human, operator). The filter that allows easy incorporation of knowledge (estimates) obtained at previous stages of 
the framework is a DCT-based filter16-18. There are quite many versions of this filter originally proposed in 34. Below we 
consider the version that is intended for removal of additive noise and carries out image processing in fully overlapping 
blocks (see the papers17,18,25 for details). This version provides the DCT based filter performance comparable to the best 
state-of-the-art filters17,18,25 in terms of PSNR or, equivalently, MSE.  
 
One of the main operations in DCT based filtering is threshold setting. If one needs to estimate noise variance before 
filtering, threshold is then set as ˆT  . The recommended17 β used in simulations is equal to 2.7. Therefore, we 

assume that an estimate ̂  is obtained by one of the considered methods and then it is used to set a  threshold.  The 
obtained data are presented in Table 2. The second leftmost column presented PSNRinp for original noisy images, other 
part of the table contains the values ΔPSNR = PSNRout - PSNRinp where PSNRout is  PSNR for output (filtered) images. 
The situations when ΔPSNR is larger than 0.5dB are marked by Bold.  

 
Table 2. Filtering results (PSNR, ΔPSNR, dB) for additive white Gaussian noise case  

Image σ2 PSNRinp for noisy image PGE SE0 AIQRF RDCT BECNS 
25 34.14 -3.89 -4.82 -0.41 +0.51 +0.60 

Baboon 
100 28.13 +0.52 -0.80 +1.44 +2.06 +2.18 
25 34.11 +1.71 +3.39 +4.03 +4.12 +4.14 

Barbara 
100 28.12 +5.76 +5.83 +6.25 +6.25 +6.24 
25 34.15 -0.69 -0.13 +2.13 +2.48 +2.48 

Bikes 
100 28.21 +2.99 +2.08 +3.41 +3.70 +3.67 
25 34.21 -10.36 -11.81 -15.15 +0.18 +0.19 

Grass 
100 28.21 -5.12 -6.64 -9.26 +0.47 +0.42 
25 34.13 +4.06 +3.74 +3.99 +4.17 +4.26 

Lena 
100 28.12 +7.24 +7.07 +7.24 +7.26 +7.26 

 
Analysis of data in Table 2 leads to the following conclusions. First, less accurate estimation of noise variance results in 
worse filtering efficiency. This conclusion might seem trivial, but the presented results demonstrate quantitatively how 
large can be degradation (up to –10…-15 dB for highly textural images that occur absolutely smeared after filtering). 
Thus, the methods RDCT and BECNS that produce the most accurate estimates of noise variance finally result in 
improvement of filtered image quality (in terms of ΔPSNR) in comparison to original (noisy) images for all considered 
test images and noise variance values.  
 
The second conclusion is that improvement (again in terms of ΔPSNR) is larger for images with simpler structure 
and/or if noise variance is larger. Only for the highly textural image Grass ΔPSNR is very small. Moreover, its visual 
quality characterized by metrics that take into account peculiarities of human visual system26 can even reduce after 
filtering (see data later in Table 3). This shows that filtering is expedient not for all images and noise variances. 
However, automatic discrimination of situations when it is worth or not to perform image filtering is a separate and 
complex task not considered in this paper (although an interested reader is invited to see some results in the paper).    
  
Table 3 gives more details concerning visual quality of filtered images. For this purpose, we have calculated the values 
of the metric PSNR-HVS-M26 (expressed in dB, larger value corresponds to better visual quality) which is one of the 
best in characterizing visual quality of images corrupted by blur, different types of noise and compression artifacts31. As 



in the previous case, we present PSNR-HVS-Minp determined for noisy image and Δ PSNR-HVS-Minp which is equal to 
PSNR-HVS-Mout - PSNR-HVS-Minp where PSNR-HVS-Mout is calculated for output (filtered) images.   
 

Table 3. Filtering results (PSNR-HVS-Minp, Δ PSNR-HVS-M, dB) for additive white Gaussian noise  
Image σ2 Noisy image PGE SE0 AIQRF RDCT BECNS 

25 39.68 -5.98 -7.37 -1.13 +0.06 +0.20 
Baboon 

100 31.30 -0.69 -2.51 0.46 +1.18 +1.32 
25 37.42 -0.03 +2.14 +2.96 +3.09 +3.13 

Barbara 
100 30.07 +4.18 +4.27 +4.72 +4.74 +4.73 
25 39.80 -2.61 -1.81 +1.02 +1.43 +1.45 

Bikes 
100 31.59 +1.24 +0.14 +1.70 +2.03 +1.99 
25 44.80 -14.67 -17.77 -24.85 +0.08 +0.09 

Grass 
100 34.68 -6.90 -9.78 -15.03 +0.11 +0.08 
25 36.77 +3.15 +2.78 +3.08 +3.28 +3.37 

Lena 
100 29.66 +5.37 +5.17 +5.38 +5.41 +5.41 

 
These data show that degradation of filtered image visual quality with respect to visual quality of the corresponding 
input images is observed not only for the image Grass but also for other, especially, textured images if noise variance is 
estimated not accurately enough. For the image Grass, the image visual quality reduction (in terms of Δ PSNR-HVS-M) 
can reach 15…25 dB if noise variance is estimated inaccurately as this happens for the methods PGE, SEO, and 
AIQRF. Such failures cannot be allowed in practice. Thus, some control of accuracy (reliability of an algorithm used for 
blind estimation of noise variance) should be used for a given image (images) in combination with a blind estimation 
itself. This is one more task for a future research. Some initial efforts in this direction have been already made  
recently31.  

 
3.2. Estimation of parameters for spatially correlated additive Gaussian noise 

 

Recall that the main intention of such estimation is to accurately evaluate the matrix 2
iĵ . Integrally, accuracy of 

estimation can be characterized by the parameter 
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where L=MN-1 (M and N define the block size and are both equal to 8 for the considered case), iĵ  is the estimated 

standard deviation of noise for DCT coefficient with indices i and j, σij is its true value that has been determined by 
simulations for the image Homog with multiple realizations of spatially correlated noise. For the considered methods 

that are not intended for estimating the matrix 2
iĵ , all iĵ  in (2) are supposed to be equal to ̂  of the estimate of noise 

standard deviation obtained by the corresponding method.       
   

Table 4. Estimates 2̂  for spatially correlated Gaussian noise  
Image σ2 PGE SE0 AIQRF RDCT BECNS

25 159.2 158.3 51.9 11.09 CND 
Baboon 

100 183.6 185.7 106.0 13.84  CND 
25 344.3 27.5 20.4 3.62 CND 

Barbara 
100 380.1 53.8 63.6 3.9 CND 
25 191.9 53.8 27.7 1.1 CND 

Bikes 
100 197.1 89.0 82.2 1.9 CND 
25 485.6 686.9 1610 4.3 CND 

Grass 
100 474.0 686.9 1640 11.2 CND 
25 0.5 4.4 13.1 0.2 CND 

Homog 
100 1.6 27.5 52.1 0.4 CND 
25 10.2 17.6 21.1 3.8 CND 

Lena 
100 17.8 39.6 67.8 4.6 CND 



Table 4 presents the estimates 2̂  for spatially correlated Gaussian noise obtained by different methods. It is seen that 
in this case many methods fail to produce appropriately accurate estimation not only for textural images but even for the 
simplest image Homog. Some reasons for that are thoroughly discussed in the paper11. In particular, it is shown that the 
principle put into basis of the orthogonal domain methods is not valid anymore in the case of spatially correlated noise. 
Besides, it is shown there that for the method AIQRF27 it is worth applying 7x7 pixel scanning windows (blocks) but not 
5x5. The size 5x5 (used for getting simulation data above) is a good choice for i.i.d. noise but larger blocks have to be 
used for processing images corrupted by spatially correlated noise. Note that for all considered test images and values of 
noise variance, the method BECNS has correctly identified noise as colored (abbreviation CND – color noise detected).       
 
Table 5 presents MSEs ξ of estimation spatially correlation noise 2D DCT amplitude spectrum. It is necessary to keep 
in mind that there are two sources of errors. One source is inaccurate estimation of noise variance. The second source is 
that all considered methods except BECNS do not estimate DCT amplitude spectrum. That is why, comparison is not 
absolutely fair. However, the error ξ gives imagination how large it can be. Note that for the method BECNS the error ξ 
is always considerably smaller than for any other method for the same test image and noise variance. Even for the 
textural images Baboon and Grass for which estimation of noise 2D DCT spectrum is the most complicated task the 
error ξ for BECNS is reasonably small.  

 
Table 5. MSE ξ of estimation of spatially correlated noise DCT spectrum  

Image σ2 PGE SE0 AIQRF RDCT BECNS
25 103.2 102.6 29.4 12.5 5.1 

Baboon 
100 105.9 107.1 64.4 55.3 4.4 
25 251.7 17.1 14.5 13.8 1.5 

Barbara 
100 230.3 51.47 53.5 66.6 1.5 
25 128.3 52.7 17.2 16.6 1.5 

Bikes 
100 113.5 61.2 58.9 71.8 4.0 
25 371.5 547.0 1384 13.4 9.2 

Grass 
100 296.6 455.7 1235 57.2 26.2 
25 18.1 13.4 12.7 19.4 0.1 

Homog 
100 72.9 50.5 51.2 79.3 0.7 
25 12.4 13.6 14.7 13.7 0.8 

Lena 
100 53.25 49.9 54.6 65.2 1.9 

 
Fig. 1,a graphically represents the true (σij) values for spatially correlated noise with variance σ2=100. The obtained 
estimates for the image Baboon are represented in Fig. 1,b. Although the influence of image content on these estimates 
is observed and appears itself in increased (positively biased) values of high-frequency DCT coefficients, the spectrum 
shape is estimated, in general, well enough.  
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Fig. 1. True (a) and estimated (b) parameters of spatially correlated noise for σ2=100 for the image Baboon 
 
Tables 6 and 7 present output values PSNR and PSNR-HVS-M for DCT-filter based on the obtained estimates of 
correlated noise parameters. Hard thresholding16 has been used where for each DCT coefficient frequency dependent 
thresholds have been set as Tij = 2.7 iĵ . Note that filtering of spatially correlated noise is a harder task than removal of 

i.i.d. noise. Because of this, smaller improvements are reached (compare the corresponding data in Tables 1 and 6). If 
noise variance is estimated by the methods PGE, SE0, AIQRF, RDCT and no adaptation to spatial correlation properties 
of noise is used, almost no improvement (in terms of PSNR) is observed in many cases (ΔPSNR is larger than 1 dB 
only in two cases). At the same time, for filtering based on estimation of noise DCT spectrum by BECNS ΔPSNR is 



positive for most test images especially if noise variance is equal to 100. ΔPSNR are the largest for simpler images and 
larger variances of noise. There are the following reasons behind this. First, such tendency is observed in image filtering 

in general. Second, specifically for the analyzed application, accuracy of estimating the matrix 2
iĵ  is worse for smaller 

noise variance and more complex images due to larger influence of image content. Conclusions that stem from analysis 
of data in Table 7 are the same as for data in Table 6. It is interesting to see that ΔPSNR and ΔPSNR-HVS-M for 
filtering based on RDCT estimation of noise variance are very close to 0. The reason is that the noise variance estimates 
obtained by this method are so small (see data in Table 4) that filtering effect is practically absent.                 
 

Table 6. Filtering results (PSNR, ΔPSNR, dB) for 
spatially correlated noise  

Image σ2 
Noisy 
image 

PGE SE0 AIQRF RDCT BECNS

25 34.13 -4.87 -4.85 -2.00 -0.25 -0.29 
Baboon 

100 28.17 -1.09 -1.10 -0.52 +0.01 +0.95 
25 34.10 -2.57 +0.62 +0.53 +0.10 +2.08 Barbara 
100 28.12 +1.65 +1.00 +0.99 +0.07 +3.69 
25 34.17 -3.91 -1.00 -0.33 0.00 +0.62 Bikes 
100 28.15 -0.28 +0.17 +0.19 +0.02 +1.31 
25 34.14 -10.39 -11.91 -15.08 0.00 -0.27 

Grass 
100 28.20 -5.15 -6.44 -9.32 0.00 -0.61 
25 34.15 +0.21 +0.38 +0.44 +0.07 +2.51 Lena 
100 28.13 +0.40 +0.87 +1.37 +0.09 +4.07 

Table 7. Filtering results (PSNR-HVS-M, ΔPSNR-HVS-
M, dB) for spatially correlated noise  

Image σ2 
Noisy 
image 

PGE SE0 AIQRF RDCT BECNS

25 30.93 -0.57 -0.56 +0.47 +0.16 +0.30 
Baboon 

100 23.97 +1.17 +1.18 +0.87 +0.11 +1.55 
25 30.03 +0.88 +1.37 +1.08 +0.18 +2.97 Barbara 
100 23.43 +3.70 +1.05 +1.23 +0.06 +4.35 
25 31.14 -0.47 +0.7 +0.51 +0.01 +0.90 Bikes 
100 24.06 +1.27 +0.82 +0.77 +0.02 +1.61 
25 33.14 -4.72 -7.18 -13.27 +0.01 -0.11 

Grass 
100 25.24 -0.79 -1.84 -5.98 +0.02 -0.90 
25 29.81 +0.67 +1.14 +1.33 +0.22 +3.37 Lena 
100 23.31 +0.38 +0.90 +1.51 +0.08 +4.62 

 

 
a) 

 
b) 

 
c) 

Fig. 2. Example of correlated noise suppression for the test image: a) noisy image fragment (zoomed), 
PSNRinp=28.12dB, b) filtered based on the estimate obtained by AIQRF, PSNR=29.11dB, c) filtered based on the 

estimate obtained by BECNS, PSNR=31.81dB 
 
The advantage of using the designed method BECNS is that in simple situations (the test images as Barbara, Bikes, 
Lena) filtering based on BECNS outperforms denoising based on other methods by 1..3 dB. For more complex images 
as Grass, filtering based on BECNS does not lead to increasing the output image quality whilst the use of other methods 
results in considerable degradation of processed image quality in comparison to noisy ones.  
 
Fig. 2 shows a zoomed fragment of the image Barbara before and after filtering. Denoising has been carried out using 
noise parameters estimation by the methods AIQRF and BECNS. It is seen well that DCT filter based on AIQRF 
estimate has not suppressed low frequency components of spatially correlated noise (that appears itself as residual 
grainy structure, see Fig. 2,b). At the same time, adaptation of the DCT based filter to spatial spectrum of noise by 
means of setting frequency dependent thresholds has suppressed noise sufficiently and preserved high frequency 
components of the image, in particular, contrast edges (see Fig. 2,c).  



3.3. Estimation of high-frequency noise parameters 
 

Although high-frequency noise is, in some sense, an exotic case rarely met in practice, let us analyze how the designed 
method performs in this situation. Table 8 presents the estimates of noise variance obtained by the considered methods. 
In turn, Table 9 contains the values MSE ξ. As it is seen, for the most textural images Grass and Baboon, the method 
BECNS does not identify the noise as colored. Meanwhile, the method BECNS produces quite accurate estimation of 
noise variance (see data in Tables 8 and 9). The fact that identification of noise is not perfect deals with two reasons. 
The first one is that the considered high-frequency noise does not considerably differ from i.i.d. noise (see Fig. 3). The 
second reason is the influence of image content for highly textural images.  
     
Table 8. Estimates 2̂  for high-frequency Gaussian noise  

Image 2  PGE SE0 AIQRF RDCT BECNS

25 152.9 185.7 63.5 42.7 40.4 
Baboon 

100 244.8 356.1 151.0 144.4 CND 
25 113.9 70.3 33.9 36.7 CND 

Barbara 
100 200.5 185.7 115.0 139.0 CND 
25 94.7 109.9 38.8 33.5 CND 

Bikes 
100 187.5 215.4 134.0 132.8 CND 
25 511.5 742.9 1610 28.1 29.9 

Grass 
100 594.6 861.6 1680 137.8 134.3 
25 33.0 27.5 24.6 33.6 CND 

Homog 
100 132.2 133.0 98.6 133.2 CND 
25 41.5 53.9 34.2 36.0 CND 

Lena 
100 138.9 133.0 115.0 134.9 CND 

 

Table 9. MSEs ξ of estimation of high-frequency noise 
DCT spectrum  

Image 2  PGE SE0 AIQRF RDCT BECNS

25 56.23 76.6 10.3 3.7 3.1 
Baboon

100 38.2 86.0 10.5 9.3 4.0 
25 34.0 13.0 1.9 2.4 0.9 

Barbara
100 23.2 18.9 5.4 8.4 0.8 
25 24.1 31.8 2.8 1.8 0.4 

Bikes 
100 19.4 27.9 7.6 7.4 1.4 
25 313.5 499.1 1239 1.3 1.4 

Grass 
100 215.9 385.0 974.3 8.2 7.6 
25 1.8 1.2 1.1 1.9 0.1 

Homog
100 7.3 7.4 4.6 7.5 0.3 
25 3.4 6.9 1.9 2.2 0.4 

Lena 
100 8.3 7.4 5.4 7.7 0.7 

 
Tables 10 and 11 present the values PSNR, ΔPSNR and PSNR-HVS-M, ΔPSNR ΔPSNR for filters based on blind 
estimation of noise parameters. 
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Fig. 3. 2D amplitude DCT spectrum of high-frequency noise for σ2=100: а – true spectrum, b – estimated by BECNS 
for the test image Lena 

 
Table 10. Filtering results (PSNR, ΔPSNR, dB) for high-

frequency Gaussian noise  

Image 2  
Noisy 
image  

PGE SE0 AIQRF RDCT BECNS

25 34.15 -4.14 -4.73 -0.73 +0.45 +0.58Baboon 
100 28.11 +0.39 -0.96 +1.95 +2.07 +2.55
25 34.16 +1.85 +3.27 +4.68 +4.59 +4.96Barbara 
100 28.12 +5.77 +6.00 +6.90 +6.68 +7.55
25 34.15 +0.04 -0.57 +2.89 +3.09 +3.34Bikes 
100 28.17 +3.14 +2.64 +4.14 +4.17 +4.87
25 34.19 -10.38 -12.11 -15.09 +0.32 +0.31

Grass 
100 28.21 -5.03 -6.69 -9.23 +0.67 +0.71
25 34.15 +4.21 +3.66 +4.57 +4.48 +5.08Lena 
100 28.14 +7.71 +7.77 +7.92 +7.75 +8.73

 

Table 11. Filtering results (PSNR-HVS-M, ΔPSNR-HVS-
M, dB) for high-frequency Gaussian noise  

Image 2 Noisy 
image 

PGE SE0 AIQRF RDCT BECNS

25 46,20 -12.56 -13.52 -6.74 -4.13 -3.76 
Baboon

100 36,82 -5.69 -7.96 -2.76 -2.49 -0.36 
25 42,45 -4.21 -1.99 +0.87 +0.57 +2.48Barbara

100 34,50 +0.91 +1.30 +3.52 +2.70 +6.18
25 46,09 -6.75 -7.83 -0.45 +0.42 +3.08Bikes 

100 36,92 -2.52 -3.44 -0.33 -0.27 +3.17
25 54,25 -23.94 -27.81 -34.20 -0.09 -0.17 

Grass 
100 42,90 -14.33 -17.90 -23.14 -1.12 -1.00 
25 41,32 -0.21 -1.16 +0.51 +0.33 +2.78Lena 

100 33,82 +2.98 +3.14 +3.70 +3.09 +6.71



The filtering based on BECNS results in small image quality reduction for images Baboon and Grass according to 
PSNR-HVS-M whilst for other methods such reduction is sufficiently larger. For other test images, filtering based on 
BECNS improves image visual quality. According to criterion PSNR, filtering based on BECNS leads to positive 
ΔPSNR. Therefore, better estimation of noise parameters (variance and DCT spectrum) is expedient since it leads to 
better results than for other methods.  
 
Table 12 presents the ratios σ1

2/σ2
2  that have been obtained for different test images, noise variances and types. There is 

a certain dependence of this ratio on characteristics of noise, but it also depends upon image content. Meanwhile, the 
use of the rule σ1

2>γσ2
2 where γ is about 2.5 allows identifying spatially correlated noise. Table 13 presents probabilities 

of false identification of noise type (i.i.d. or colored) for all considered images. As it is seen, this probability is the 
largest for the test image Grass.  

 
Table 12. Ratios σ1

2/σ2
2 for BECNS 

White noise Correlated High-frequency
Image 

σ2=25 σ2=100 σ2=25 σ2=100 σ2=25 σ2=100
Baboon 1.40 1.27 5.41 13.5 1.08 0.87 
Barbara 1.08 1.07 11.4 29.0 0.89 0.80 
Bikes 1.13 1.04 21.6 79.9 0.84 0.77 
Grass 2.21 1.35 24.1 69.0 1.85 1.06 

Homog 0.98 0.95 152 336 0.76 0.78 
Lena 1.11 1.00 14.1 30.0 0.85 0.82 

 

Table 13. Probability of false decisions for BECNS, % 
White noise Correlated High-frequency

Image 
σ2=25 σ2=100 σ2=25 σ2=100 σ2=25 σ2=100

Baboon 3.2 4.8 1.6 0.0 3.2 4.8 
Barbara 4.8 4.8 1.6 0.0 3.2 7.9 
Bikes 9.5 7.9 7.9 11.1 7.9 11.1 
Grass 6.3 7.9 34.9 22.2 11.1 14.3 

Homog 0.0 0.0 0.0 0.0 0.0 0.0 
Lena 6.3 4.8 3.2 1.6 3.2 6.3 

 
4. ANALYSIS OF AVIRIS IMAGRS BY THE DESIGNED METHOD  

 
One possible application of the designed method of blind estimation of noise DCT spectrum is image processing 

for multichannel (especially hyperspectral) remote sensing. Denoising can be needed on-board or on-land7-9. Besides, 
identification of noise (i.i.d. or spatially correlated) can be useful for further compression. 
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Fig. 4. 2D DCT amplitude spectrum estimates obtained by the designed method for hyperspectral data of AVIRIS: 
image Jasper Ridge (upper row), Cuprite (middle row), Moffet Field (lower row). 

 



An example of hyperspectral remote sensing data for which both operations are required are 224-sub-band images 
formed by airborne system AVIRIS (see http://aviris.jpl.nasa.gov/). There are also other systems under design or initial 
exploitation33 for which analysis of noise characteristics is desirable33. Obviously, more accurate estimation of noise 
characteristics will lead to more efficient denoising and compression of such data.  
 
We have analyzed three standard images formed by AVIRIS (Jasper Ridge, Cuprite, and Moffett Field) and have 
estimated 2D DCT amplitude spectra for four sub-bands (with indices 12, 64, 128, and 192) for each of these three 
images. They are presented in Fig. 4. The plots for which the confidence condition given in Section 2 is not satisfied are 
in dashed frames. Analysis of these plots clearly demonstrates that noise in these images is colored, spatially correlated. 
It is also seen that the obtained spectra shapes are similar for all sub-bands and analyzed images. Only noise variance 
changes, this has been also noticed in the paper8. The fact that for quite many (3 of 12) considered images confidence 
condition is not satisfied can result from low level of self-similarity of these images. This stimulates further advancing 
of the designed method for improving its accuracy and correctness of identification.    

 

5. CONCLUSIONS AND FUTURE WORK 

This paper presents the novel method for blind estimation of noise variance and 2D spectrum in DCT domain for 
colored additive Gaussian noise. The main advantage of this method is that it produces appropriate accuracy even for 
highly textural images where homogeneous regions are practically absent. The obtained estimates can be used in DCT-
based filtering for setting frequency dependent thresholds in order to improve filtering efficiency in terms of PSNR and 
metrics that characterize visual quality of filtered images.     
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