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Abstract— In this paper, we consider how a complex-valued 

neural network, the multilayer neural network with multi-valued 
neurons (MLMVN), can be efficiently used for impulse noise 
filtering. It is shown that MLMVN with only a single hidden 
layer of neurons can restore an image corrupted by random-
valued impulse noise while carefully preserving edges and 
boundaries. MLMVN processes overlapping patches, which to a 
noisy image should be broken down. A network shall be trained 
using a robust learning set created from patches randomly 
picked up from many images. Then, the trained network should 
be used for actual filtering. Final intensities in pixels of a 
resulting image are obtained by averaging the intensities over all 
overlapping patches. This approach becomes highly efficient for 
images corrupted by random impulse noise with a low corruption 
rate of 5-10%. It makes it possible to preserve the smallest image 
details very carefully and avoid the smoothing of edges. MLMVN 
outperforms sophisticated filters with detectors of impulse noise 
for a lower corruption rate and shows comparable results for a 
higher corruption rate.  
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I. INTRODUCTION 

Complex-valued neural networks (CVNN) demonstrate 
their high efficiency when solving various problems of pattern 
recognition, classification, and prediction. Their flexibility, 
generalization capability, and their higher functionality in 
comparison with their real-valued counterparts, are well known 
and are crucial when it is necessary to deal with highly 
nonlinear input/output mappings. A comprehensive review of 
these important features of CVNNs is given, for instance, in 
[1]-[3]. 

As it was already pointed out above, CVNNs reveal their 
high efficiency and superiority in solving real-world problems 
in a variety of significant areas. For example, forecasting of 
wind profiles [4] and productivity of oil wells [4], detection of 
landmines [6], analysis of EEG and signals decoding in brain-
computer interfaces [5], and medical imaging [7]. 

In this paper, we consider how a complex-valued neural 
network, the multilayer neural network with multi-valued 
neurons (MLMVN), can be efficiently used for impulse noise 
filtering. Intelligent image filtering has attracted researches 
ever since neural networks and fuzzy techniques became 
commonly and widely used tools in the 1980s. During a long 
period of time, intelligent filtering was mostly applied by using 
a feedforward neural network with a single hidden layer and a 
single output neuron. In such a case, a neural network performs 
as a low pass filter. Therefore, a feedforward network with a 
single hidden layer is de-facto a low pass filter. However, this 

approach was essentially reduced to the intelligent 
“replication” of classical spatial domain filters. It was based on 
the processing of a 3x3 or 5x5 local window around a pixel of 
interest and creation of a single output that is a filtered 
intensity value in the pixel of interest. This approach was more 
experimental rather than useful because it was not capable of 
outperforming traditional spatial domain filters. 

Impulse noise filtering is a very specific kind of filtering. 
Unlike additive noise, which distorts image intensities by 
adding noisy additive components, impulse noise completely 
substitute original intensities. It is important to note that while 
any additive or even multiplicative noise corrupts an entire 
image, impulse noise corrupts only some of its pixels. A level 
of this corruption is characterized by the corruption rate – a 
percentage of pixels corrupted by impulses. For a long period 
of time, a classical median filter was considered the best tool 
for impulse noise removal. In fact, this filter is as powerful as it 
is simple. It can efficiently smooth impulses. However, a great 
disadvantage is while impulse noise does not corrupt an entire 
image, median filter is applied to all pixels of an image and 
thereby smoothing not only impulses, but everything else as 
well. This results in the heavy loss of image sharpness due to 
the smoothing of edges, boundaries and all small details. 
Because of this, there became a very high demand for the 
design of impulse detectors. A possibility to detect impulses 
prior to the use of median filter (or any other filter), makes it 
possible to apply filtering only to those specific pixels, which 
were marked as noisy, and thereby not affecting pixels which 
were detected clear. Many various detectors were designed. 
We can address the reader, for example to [9]-[14]. 

Intelligent tools were also used for impulse noise filtering 
because of their ability to solve pattern recognition problems 
and thus recognize, or detect, noisy pixels. We should mention, 
for instance approaches presented in [15]-[17]. 

In the 1970s-early 2000s, most efforts of the image 
processing community in the impulse noise filtering area were 
focused on the filtering of highly corrupted images. However, 
it became clear that while it is possible to remove noise even 
from heavily corrupted images (50-90% corruption rate), the 
quality of such filtering is low because an image loses its 
sharpness and all small details become smoothed and mostly 
indistinguishable. It is important to mention that a special 
interest was paid to the case of images corrupted by impulse 
noise with a low corruption rate. On the one hand, this case is 
of special interest because an accurate detection of impulses in 
such images makes it possible to remove noise without 
smoothing an image, its edges and boundaries. On the other 
hand, modern equipment used in image acquisition does not 
produce a heavy impulse noise. This makes the case of lower 
corruption rate a subject of a special attention. With this regard, 

978-1-7281-6926-2/20/$31.00 ©2020 IEEE



it is possible to distinguish, for example filters presented in 
[13] and [14], which are especially efficient for filtering of 
noise with a corruption rate 5-20%. 

A very powerful BM3D filter was proposed in [18]. 
Although this filter is extremely efficient (and perhaps even the 
best) for filtering additive and multiplicative noise, it is not 
able to filter impulse noise. BM3D filtering is based on the 
processing in the frequency domain where impulse noise is 
generally indistinguishable. 

However, the invention of BM3D filter inspired new 
interesting developments in intelligent image filtering. In the 
series of publications [19]-[21], it was proposed to use a 
multilayer perceptron (MLP) with a few hidden layers to filter 
images in the following wat. A noisy image should be broken 
down in overlapping patches, then each patch should be 
processed using MLP and a resulting image should be 
produced by averaging the results over all overlapping patches. 
To train MLP composed of, as it was mentioned, a few (3-4) 
hidden layers and an output layer containing the number of 
neurons equal to the number of pixels in a patch, a learning set 
should contain noisy patches as inputs and clear patches as 
desired outputs. The results of this approach were very good, 
MLP was able to approach and even somewhere outperform 
BM3D filter for filtering additive Gaussian noise. 

In [22], it was suggested to use MLMVN for filtering 
additive Gaussian noise. In that work, the same approach to 
process overlapping patches as the one employed in [19]-[21], 
was used. However, superiority of MLMVN in its learning and 
generalization capability when compared to MLP made it 
possible to use a network with a single hidden layer. The 
results were very attractive. Filtering of additive noise using 
MLMVN either was a little bit more efficient than using 
BM3D filter or comparable to it (depending on corresponding 
images). 

In this work, we use the same approach, which was 
suggested in [22], to filter additive Gaussian noise. We will 
further develop it and use it to filter random-valued impulse 
noise. It will be shown that MLMVN is as highly efficient for 
removal of impulse noise as it is efficient for removal of 
additive noise. It will also be shown that this approach is 
especially efficient for images with lower corruption rate. We 
will see that MLMVN outperforms highly efficient filters, 
which are based on noise detection. It is possible to preserve 
edges, boundaries and small details in an image more 
accurately using the approach which is presented in this paper. 

 
II. SOME KEYNOTES ON MLMVN 

 
MLMVN (multilayer neural network with multi-valued 

neurons (MVN)) is a complex-valued neural network with a 
classical feedforward organization, but based on multi-valued 
neurons operating with complex-valued input/output mappings, 
complex-valued weights and a complex-valued activation 
function. 

After it was introduced in [23], MLMVN and its learning 
algorithm were comprehensively presented in [24]. Theoretical 
foundations behind MVN, this neural network, and its 
derivative-free backpropagation learning algorithm based on 
the generalization of the classical F. Rozenblat’s error-

correction learning rule are presented and discussed in detail in 
[3].  

MLMVN has a number of advantages over MLP. It has 
superior learning and generalization capabilities, as well as the 
ability to solve challenging applied problems better than MLP 
and somewhat even more efficiently than, for example, using 
SVM. These superiorities are confirmed by a number of 
successful applications. Some of them are, for example 
prediction of oil production [5], forecasting of the railway 
equipment reliability [25], restoration of blurred images [26], 
system identification and fault tolerance design [27], 
prediction of soil moisture [28], EEG analysis and brain-
computer interfaces (interpretation of signals) [7], filtering of 
additive Gaussian noise from images [22].  

All of these advantages and successful applications of 
MLMVN follow from the properties of MVN. This neuron 
was initially introduced as "an element of multiple-valued 
threshold logic" by N.N.Aizenberg et al. in 1973 [29]. MVN – 
multi-valued neuron as a term was suggested in [30]. MVN 
inputs can be arbitrary complex numbers, but its outputs are 
located on the unit circle. An activation function of MVN 
depends only on the argument of its weighted sum. A k-valued 
discrete activation function of MVN is  

2( )  if 2 arg  2 ( 1) ,j i j / k
kP z = e ,   j / k z  j + / kπε π π= ≤ <  

where 0 1 1 n nz w w x ... w x= + + + is a weighted sum of inputs 

1  nx , ..., x with the weights 0 1  nw ,w , ...,w , and 2 /i k
k e πε = .  

A continuous activation function of MVN is as follows 
( ) ( ) / | |iArg zP z e z z= = . 

Hidden neurons in MLMVN always employ a continuous 
activation function, while output neurons may have either a 
continuous or discrete activation function, depending on what 
kind of output should be produced. 

In [33], a batch learning algorithm for MLMVN was 
suggested. This algorithm performs adjustments of the weights 
for the entire learning set instead of separately for each 
learning sample where the error occurred. This means that 
actual outputs shall be found for the entire learning set using 
current weights, and then the errors shall be calculated. To find 
adjustments, which shall be added to the weights to correct 
them, an overdetermined system of linear algebraic equations 
for these adjustments shall be solved. In [34], this algorithm 
was further developed for a network with more than one 
hidden layer and also employing soft margins [35]. In this 
paper, we will use a batch learning algorithm as it was 
presented in [34]. This batch learning algorithm makes it 
possible to speed up a learning process, to use a big network 
containing thousands of hidden neurons, and to work with 
learning sets containing tens of thousands of learning samples. 

 
III.  FILTERING USING MLMVN 

 
In this work, we will adapt an approach, which was used 

earlier for additive noise filtering. 
As it was mentioned above, to remove impulse noise 

efficiently, it is very important to correct intensities only in the 
pixels corrupted by noise and not touching the ones which are 
noise-free. However, instead of the use of any noise detection 
as the first stage of filtering, we would like to detect impulses 



indirectly – that is we want a neural network to make a 
decision whether a certain pixel is noisy or not, and correct its 
intensity accordingly. At the same time, if a pixel is not noisy, 
its intensity should not be changed or at least such a change 
should be negligible. We would like to achieve this in the 
following way. A neural network should process not a single 
pixel based on the information from its neighborhood, but 
simultaneously all pixels from a central m x m area taken from 
an n x n patch (thus m n< ). This means that a network shall 
take an n x n patch as its input and produce an m x m patch as 
its output (see Fig. 1 where this process is shown). 

 

Fig. 1 A process of the n x n patch to m x m patch filtering 
 

To train a network how to filter impulses, while preserving 
intensities in all pixels not affected by noise, it is necessary to 
create a robust learning set. A network should be able to learn 
from this set how to create a noise-free patch from a noisy one, 
correcting intensities in noisy pixels and preserving them in 
noise-less pixels. This should be utilized through taking a clear 
image, corrupting it by impulse noise and then by randomly 
picking noisy patches from a corrupted image as input learning 
samples and taking corresponding patches from a clear image 
as desired outputs. This process is shown in Fig. 2. 

 

Fig. 2 Learning concept: a network should learn how to transform 
corrupted patches into clear patches  

 
To create a robust learning set, many images should be taken 
and input/output patches should be randomly picked from all of 
them (see Fig. 3). 

Fig. 3 A learning set created from M images 
 

To ensure that a network is well trained, it is important to 
use a wide variety of images – various scenes from different 
areas and containing multiple edges within. The latter is 
especially important to train a network to differentiate pixels 
belonging to edges from the ones corrupted by impulses. 

A learning process may continue until a certain targeted 
value of the root mean square error (RMSE) has been reached. 
This targeted value shall be determined by a desirable goal of 
reaching a certain value of RMSE or PSNR (peak signal to 
noise ratio) during filtering. 

We employed a batch learning algorithm for MLMVN 
presented in [33] to train a neural network. This algorithm 
converges faster than a standard serial algorithm and makes it 
possible to use a learning set containing thousands and even 
tens of thousands of learning samples in conjunction with a 
network containing thousands of hidden neurons. 

After a neural network is trained, it should be used to 
remove noise from images, which did not participate in the 
learning process. An image to be filtered shall be split into 
overlapped n x n patches taken with a minimal offset (that is, 
it should be equal to 1) starting from the origin located in the 
top-left corner. Every single patch has to be filtered using a 
neural network. This process is shown in Fig. 4. 

 

Fig. 4 Learning concept: a network should learn how to transform 
corrupted patches into clear patches 

 
To correctly process the first and last rows and columns of 

a noisy image and adjacent areas ( / 2n  rows and columns 
adjacent to image boundaries accordingly), the image should 



be extended by mirroring these areas. After all patches are 
processed, we will have as many estimations ( ),ig x y  for a 

corrected intensity in the pixel whose coordinates are ( ),x y as 

the number xyS of appearances of this pixel in the 

corresponding overlapped patches. To find a final estimation 

( ),g x y for the filtering result in the pixel ( ),x y , we shall 

average estimations ( ),ig x y of this output intensity over all 

overlapping patches ( 1, ..., xyi S= ) 

( ) ( )
1

, , /
xyS

i xy
i

g x y g x y S
=

= . 

This process is also illustrated in Fig. 4. 
Since MLMVN works with complex-valued inputs and 

creates complex-valued outputs, we need to transform integer 
input intensities into complex-valued inputs of the network 
and transform complex-valued outputs of the network to the 
integer output intensities, accordingly. We used here the same 
procedure, which was used many times in earlier works. We 
set 288k =  in the discrete MVN activation function and used 
this value to transform integer intensities into complex-valued 
ones. The use of 256k =  may lead to occasional creation of 
impulses in a resulting image because “white” (0) and “black” 
(255) would be “neighbors” on the unit circle. Thus if the 
actual intensity { }0,1,..., 255j ∈ a MLMVN input is 2 /288i je π . 

Since output neurons of MLMVN employed here have a 
discrete activation function, each one of them creates an 
output 2 /288i je π  where { }0,1,..., 288j ∈ . To be sure that all 

resulting intensities r do not exceed 255, the following 
adjustment to them is made if necessary: 

255 272 255,

272 288 0.

j r

j r

< < → =
≤ < → =

 

In all experiments presented in this paper, we used 
MLMVN with a single hidden layer containing H neurons. If 
n x n is the size of an input patch and m x m is the size of an 
output patch, then MLMVN has 2n  inputs, H hidden neurons 

in a single hidden layer and 2m  output neurons creating the 
same amount of outputs. 

 
IV. SIMULATION RESULTS 

 
Our goal was to train MLMVN with a single hidden layer 

to filter impulse noise as described above. After MLMVN was 
trained we used it to filter impulse noise from 10 images, 
which did not participate in the training process. The results 
were compared to the ones obtained using highly efficient 
filters with noise detectors – differential rank impulse detector 
[13] and threshold Boolean filter with noise detecting Boolean 
functions [14]. We compared the results in terms of the 
filtering quality evaluated based on peak signal to noise ratio 
(PSNR) and root mean square error (RMSE). We also 
evaluated quality based on the ability to preserve image edges 
from smoothing. To test the approach presented above and 
find the most appropriate input and output patch sizes and H 

(the number of hidden neurons), we have done a number of 
experiments. 

In our experiments, we used the same image dataset, which 
was used in [22] for Gaussian additive noise filtering. This 
dataset contains a number of widely used test images like 
“Airplane F16”, “Cameraman”, “Mandrill” and others along 
with about 100 images from a dataset designed and available 
in [36] and about 300 images of various scenes from the 
authors’ collection. 

To create four learning sets corresponding to four different 
corruption rates, we used 400 images. They were manually 
corrupted with random impulse noise using different 
corruption rates – 5%, 10%, 20%, and 30%. To create each 
learning set, 100 patches were picked, starting from randomly 
generated coordinates from each of 400 images, totaling an 
amount of 40,000 learning samples. 

Our test set consisted of 10 images, which we also 
manually corrupted with random impulse noise using the same 
four different corruption rates.  

MLMVN was trained using each of the four learning sets 
corresponding to our four corruption rates. 

It was found experimentally that the best filtering results 
can be obtained for 5n =  and 3m = , that is for the input 
patch size of 5 x 5 and the output patch size of 3 x 3. 

The learning process was controlled by the learning 
RMSE, which should be lowered to some certain level. The 
following results were obtained. The learning process for the 
network 2520489 (25 inputs corresponding to a 5 x 5 
input patch, 2048 hidden neurons and 9 output neurons 
corresponding to a 3 x 3 output patch) converged after 542 
iterations with RMSE 5.0584 for the learning set created from 
images corrupted with 5% noise. The learning process for the 
network 2520489 converged after 356 iterations with 
RMSE 6.196 for the learning set created from images 
corrupted with 10% noise. The learning process for the 
network 2530729 converged after 212 iterations with 
RMSE 9.2993 for the learning set created from images 
corrupted with 20% noise and after 203 iterations with RMSE 
10.8455 for the learning set created from images corrupted 
with 30% noise. The number of hidden neurons was found 
experimentally and was considered optimal if it was possible 
to lower a learning RMSE. 

Thus, our learning sessions resulted in the four sets of 
weights corresponding to the four corruption rates. We filtered 
each 5%, 10%, 20%, and 30% corrupted test images with 
these four sets of weights resulted from the learning process 
for all four sets of images. So, images with a 5% corruption 
rate were filtered with weights determined during 5% 
corruption filtering, 10% corruption filtering, 20% corruption 
filtering, and 30% corruption filtering. Same process was used 
for 10% and 20% corrupted images. The results from this 
process are presented in Table I, Table II and Table III. It 
follows from these data that filtering of images with a 5% 
corruption rate returned the highest PSNR when they were 
filtered with the weights obtained from the 10% corruption 
learning set. Filtering of images corrupted with 10% and 20% 



corrupted rates returned the highest PSNR when filtered with 
the 20% corruption weights. 

 
 

 
TABLE I 

SIMULATION RESULTS: SUMMARY OF LEARNING AND FILTERING COMPARING MLMVN WITH NOISE DETECTING FILTERS FOR 5% CORRUPTED IMAGES 

TEST IMAGES 1 2 3 4 5 6 7 8 9 10 AVERAGE 

MLMVN (WEIGHTS 

OBTAINED FROM 10% 

CORRUPTED IMAGES) 

PSNR 33.90 30.96 29.87 30.33 27.04 28.06 35.07 33.03 34.38 35.94 31.86 

RMSE 5.15 7.22 8.18 7.76 11.34 10.08 4.50 5.69 4.87 4.07 6.89 

THRESHOLD 

BOOLEAN FILTERING 

WITH NOISE 

DETECTING BOOLEAN 

FUNCTIONS [14] 

PSNR 32.71 29.04 27.75 26.81 28.85 28.03 33.19 30.21 32.66 32.06 30.13 

RMSE 5.90 9.01 10.45 11.64 9.20 10.11 5.58 7.87 5.93 6.36 8.21 

FILTER WITH 

DIFFERENTIAL RANK 

IMPULSE DETECTOR 

[13] 

PSNR 33.42 29.08 27.58 28.19 28.31 27.98 33.58 30.32 33.31 33.98 30.58 

RMSE 5.44 8.96 10.66 9.93 9.79 10.17 5.34 7.77 5.51 5.10 7.87 

 
TABLE II 

SIMULATION RESULTS: SUMMARY OF LEARNING AND FILTERING COMPARING MLMVN WITH NOISE DETECTING FILTERS FOR 10% CORRUPTED IMAGES 

TEST IMAGES 1 2 3 4 5 6 7 8 9 10 AVERAGE 

MLMVN (WEIGHTS 

OBTAINED FROM 10% 

CORRUPTED IMAGES) 

PSNR 31.72 28.33 27.25 27.66 24.34 25.87 32.64 30.50 32.21 33.80 29.43 

ST. DIV. 6.62 9.77 11.06 10.56 15.48 12.98 5.95 7.61 6.25 5.21 9.15 

THRESHOLD 

BOOLEAN FILTERING 

WITH NOISE 

DETECTING BOOLEAN 

FUNCTIONS [14] 

PSNR 30.74 27.11 25.89 24.91 26.87 26.05 31.64 28.50 30.78 30.08 28.26 

ST. DIV. 7.40 11.25 12.94 14.48 11.56 12.70 6.67 9.58 7.37 7.99 10.20 

FILTER WITH 

DIFFERENTIAL RANK 

IMPULSE DETECTOR 

[13] 

PSNR 32.31 27.61 26.23 26.04 27.06 26.60 32.63 29.17 32.15 32.03 29.18 

ST. DIV. 6.17 10.62 12.44 12.72 11.31 11.92 5.96 8.87 6.29 6.38 9.27 

TABLE III 
SIMULATION RESULTS: SUMMARY OF LEARNING AND FILTERING COMPARING MLMVN WITH NOISE DETECTING FILTERS FOR 20% CORRUPTED IMAGES 

TEST IMAGES 1 2 3 4 5 6 7 8 9 10 AVERAGE 

MLMVN (WEIGHTS 

OBTAINED FROM 20% 

CORRUPTED IMAGES) 

PSNR 27.76 26.03 24.58 25.13 21.47 23.16 30.09 28.21 29.30 30.56 26.63 

ST. DIV. 10.43 12.74 15.04 14.12 21.54 17.73 7.98 9.91 8.74 7.56 12.58 

MLMVN (WEIGHTS 

OBTAINED FROM 30% 

CORRUPTED IMAGES) 

PSNR 29.20 26.19 24.81 25.00 21.90 23.67 30.46 28.21 29.67 31.06 27.02 

ST. DIV. 8.84 12.49 14.64 14.33 20.47 16.70 7.64 9.91 8.36 7.13 12.05 

THRESHOLD BOOLEAN 

FILTERING WITH NOISE 

DETECTING BOOLEAN 

FUNCTIONS [14] 

PSNR 28.58 25.34 24.16 23.46 25.07 24.20 30.21 27.03 28.65 28.23 26.49 

ST. DIV. 6.28 7.60 9.19 7.11 8.28 8.83 4.77 5.74 3.95 4.21 12.47 

FILTER WITH 

DIFFERENTIAL RANK 

IMPULSE DETECTOR 

[13] 

PSNR 30.25 26.11 24.91 24.38 25.69 25.07 31.04 27.82 30.12 29.78 27.52 

ST. DIV. 7.84 12.62 14.48 15.41 13.25 14.22 7.16 10.36 7.95 8.27 11.16 

  



Filtering of images corrupted by 30% noise was performed 
only using the weights corresponding to this corruption rate. 

These results were compared to the ones obtained using 
the filters with detectors presented in [13] and [14]. All results 
are summarized in Table I - Table III. 

MLMVN trained with a learning set created from images 
corrupted by 5% noise slightly yields to filters [13] and [14] 
when it used for filtering of noise from test images. However, 
MLMVN trained with a learning set created from images 
corrupted by 10% noise outperforms both filters [13] and [14] 
in terms of PSNR and RMSE for filtering of noise from 
images corrupted with 5% noise and 10% noise. It is also very 
important that MLMVN better preserves edges in images. A 
disadvantage of noise detectors is a high level of false positive 
detection of noise when pixels belonging to sharp edges often 
can be misclassified as noisy. MLMVN preserves edges and 
small details much better than filters with noise detectors. This 
is demonstrated by examples shown in Fig. 5-16. Particularly 
we would like to draw the reader’s attention to Fig. 9-10 and 
Fig. 15-16 showing enhanced differences between an original 
image and filtered ones. When there is a stark contrast - as 
discussed with the cockpit (Fig. 5-6) where there is dark 
writing on top of a much lighter base, the network determines 
and corrects this more accurately and precisely than the 
detecting filters. The same is clearly visible from Fig. 15-16 
showing enhanced differences between another original image 
and filtered images. An original image (Fig. 11) contains 
many sharp edges and small details. They are significantly 
better preserved by MLMVN than by noise detecting filters. 

MLMVN also shows results comparable to the ones by 
edge detecting filters for noise with a 20% corruption rate. 
However, MLMVN yields to noise detecting filters (when the 
latter ones are applied iteratively) when it is dealing with a 
30% corruption rate. A very attractive idea for the future work 
is to change the learning strategy and train a network not to 
minimize its learning error, but to minimize its testing error. 
This will be a good subject for our future work and hopefully 
this will make it possible to improve MLMVN performance 
for higher corruption rates. 
 

V. DISCUSSION AND CONCLUSIONS 
 

The main result obtained in this paper – MLMVN, a 
complex-valued neural network can successfully be used to 
filter impulse noise from images. MLMVN is especially 
efficient for filtering of noise with pretty low corruption rate 
of 5%-10%. This case is more interesting from the practical 
point of view because traditional sophisticated noise detectors 
– being efficient for higher corruption rates, have a very high 
level of false positive detections of sharp edges in images 
corrupted by noise with a lower corruption rate. As a result, 
edges and small details appear smoothed in filtered images. 
Intelligent filtering using MLMVN makes it possible to 
preserve edges and small details in such images much more 
accurately. 

All software simulations were performed in Matlab. The 
corresponding Matlab functions along with the data used for 

simulations in this paper can be found at 
https://www.freewebs.com/igora/Downloads.htm right after 
publication of this paper. 
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Fig. 5. The original image “Airplane F-16” (Image 
10 in Tables I-III - was not used in the learning 
sets) 

Fig. 6. The “Airplane F-16” image from Fig. 5 
corrupted by additive impulse noise with 5% 
corruption rate. 

Fig. 7. The image from Fig. 6 filtered with 
MLMVN 2520489 trained using a learning set 
created from 10% corrupted images. PSNR=35.94  



 
Fig. 8. The image from Fig. 6 filtered using TBF 
[14]; PSNR=32.06. 

Fig. 9. The enhanced difference between the 
original image (Fig. 5) and the one filtered with 
MLMVN (Fig. 7) Image edges are well preserved. 

Fig. 10 The enhanced difference between the 
original image (Fig. 5) and the one filtered with 
TBF (Fig. 8). Many edges are smoothed because 
their pixels were misclassified by TBF as noisy 

 
Fig. 11. The original image (Image 8 in Tables I-III 
- was not used in the learning sets) 

Fig. 12. The image from Fig. 11 corrupted by 
additive impulse noise with 5% corruption rate 

Fig. 13. The image from Fig. 12 filtered with 
MLMVN 2520489 trained using a learning set 
created from 10% corrupted images. PSNR=33.03 

 
Fig. 14 The image from Fig. 12 filtered using TBF 
[14]; PSNR=32.06. 

Fig 15. The enhanced difference between the 
original image (Fig. 11) and the one filtered with 
MLMVN (Fig. 13) Image edges and small details 
are well preserved. 

Fig 16. The enhanced difference between the 
original image (Fig. 11) and the one filtered with 
TBF (Fig. 14). Many edges and small details were 
smoothed because pixels belonging to them were 
misclassified by TBF as noisy
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