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Abstract. In this work we present an efficient way to cancel the impulse
noise in images by using the Support Vector Machines (SVMs). The
suppression of impulse noise is a classic problem in nonlinear processing,
and we show that the SVMs are especially useful in this processing. In
this new approach we use the classification and the regression based on
SVMs. By using the classifier we select the noisy pixels into the images
and by using the regression we obtain a reconstruction value based on
the neighboring pixels. The results obtained are comparable and, a lot of
times, better than those from another ”state-of-art” techniques. Besides,
this new technique can be applied successfully to images with high noise
ratios while maintaining the visual quality and a low reconstruction error.

1

Introduction

Sometimes the images that we receive have an added impulse noise. This impulse
noise can be due to a noisy transmission channel or to imperfections of the sensor
with which we obtain the images so that in some points a saturation takes place.
The linear techniques are little effective in the reduction of this type of noise and
as alternative the nonlinear techniques appear. A well-known nonlinear method
is the median filter. The main disadvantage of this method is that it is applied on
all the points of the image, noisy or not, and then a blurring is produced, specially
with high rates of noise. This defect is common to other techniques dedicated
to the elimination of impulse noise. In order to avoid this problem the known
as ”Switching Scheme” techniques appear. In these algorithms the substitution
of pixels is only made in those considered as noisy. The detection of these noisy
pixels and the substitution is implemented in different ways. In [1] one of these
techniques is presented. The detection of noisy pixels is implemented by means
of the comparison with certain thresholds. The noisy pixels are replaced with a
modified median filter, that in that work is called Rank Ordered Mean (ROM)
and that does not use the noisy pixel to calculate the median.
In this work, we implement a similar scheme but the detection and the substitution of noisy pixels is made with SVMs. The pixels of the noisy images
are classified in ”noisy” and ”not noisy” using the SVMs as classifier and the
substitution values are obtained with SVMs regression. Our method provides

excellent results in ”Peak Signal to Noise Ratio” (PSNR), that measures the
reconstruction error, and in visual quality and maintenance of the edges even
for very high rates of noise.

2

SVMs classification and regression

The SVMs give a simple way to obtain good classification results with a reduced
knowledge of the problem. The principles of SVMs have been developed by
Vapnik [2] and have been presented in several works like [3].
The classification task is reduced to find a decision frontier that divide the
data into the groups that we want to separate. The simplest decision case is
when the data can be divided into two groups like in the application presented
in this work.
As a generalization of the SVMs classification the SVMs regression appears.
In this case the goal is to find a function that fits the sample data.
2.1

Bases of Support Vector Machines

In the simplest decision problem we have a number of vectors (x ∈ RN ) divided
into two sets, and we must find the optimal decision frontier to divide these
sets. This optimal election will be the one that maximizes the distance from the
frontier to the data. In the two dimensional case, the frontier will be a line, in a
multidimensional space the frontier will be an hyperplane with the form,
(w · x) + b = 0 w ∈ RN , b ∈ R.
In order to obtain w and b we must solve the next optimization problem,

 minimize τ (w) = 12 kwk2


(1)

(2)

subject to yi ((w · xi + b) ≥ 1, i = 1, . . . , l.

After the solution of the previous problem the decision function that we are
searching for has the next form where w is replaced with a linear combination
of example vectors,
l
X
f (x) =
αi yi hxi · xi + b.
(3)
i=1

The y values that appear into this expression are +1 for positive classification
training vectors and –1 for the negative training vectors. Also, the inner product
is performed between each training input and the vector that must be classified.
Thus, we need a set of training data (x,y) in order to find the classification
function. The α values are the Lagrange multipliers obtained in the minimization
process and the l value will be the number of vectors that in the training process
contribute to form the decision frontier. These vectors are those with an α value
not equal to zero and are known as support vectors.

When the data are not linearly separable this scheme can not be used directly.
To avoid this problem, the SVMs can map the input data into a high dimensional
feature space. The SVMs constructs an optimal hyperplane in a high dimensional
space and then returns to the original space transforming this hyperplane in
a non-linear decision frontier. The non-linear expression for the classification
function is given in (4) where K is the kernel that makes the non-linear mapping,
f (x) =

l
X

αi yi K(xi , x) + b.

(4)

i=1

The choice of this non-linear mapping function or kernel is very important
in the performance of the SVMs. The kernel used in our work is the radial basis
function since it offers the best results with a reduced number of support vectors.
This function has the next expression,
³
´
2
K (x, y) = exp −γ (x − y) .
(5)
The γ parameter in (5) must be chosen to reflect the degree of generalization
that is applied to the data used. Also, when the input data is not normalized,
this parameter performs a normalization task.
When some data into the sets can not be separated (due to noise for example), the SVMs can introduce slack variables (ξi ≥ 0) to relax the minimization
constraints. Then, the optimization problem takes the next form,

l
P


ξi
 minimize τ (w, ξ) = 12 kwk2 + C
i=1
(6)



subject to yi ((w · xi + b) ≥ 1 − ξi , i = 1, . . . , l.
A penalty term (C) that makes more or less important the misclassification
error in the minimization process is included.
2.2

SVMs Regression

The regression process is similar to the one of classification, but in this case the
values of y are real and represent the known values of the function on which we
make the regression. Another modification is the use of a function that measures
the required precision. The function that we use is the known as Vapnik’s εinsensitive loss function that has the next form,
|y − f (x)|ε := max {0, |y − f (x)| − ε} .

(7)

this way with the desired precision ε, one minimizes
l

X
1
kwk2 + C
|yi − f (xi )|ε .
2
i=1

(8)

This problem is similar to that in equation (6) but using as error measure
the ε-insensitive function and taking into account the fact that y values are real.
For further information about this optimization problem, [2] can be consulted.

3

Noise detection and substitution

In this work the first problem is to detect the noisy pixels. This task is treated
as a classification procedure where the pixels are classified between ”noisy” and
”not noisy”. The pixels detected as noisy must be changed. For this change we
use a regression procedure based on SVMs.
In these processes we cannot simultaneously use all the pixels of the image
due to the amount of calculations needed. Then, we must extract the information
somehow. What we do is to form a vector for each pixel, formed by itself and
by those in a window around it (except for the border). This vector will be
the classifier input when we look for noisy pixels and the regression input when
we obtain the pixel reconstruction value. The window size used in the scanning
task depends on the quality and the speed required. A big window improves the
detection of noisy pixels and the regression obtained but increases the training
and execution time. In this work the results have been obtained using a 3x3
symmetric window (Figure 1).
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Fig. 1. 3x3 Scanning window

The type of impulse noise on that we are going to work is known like
salt&pepper. In this type of noise the noisy pixels take values 0 or 255 with
equal probability. In this work the detection of noisy pixels is done for parts.
First we detect the black pixels and we turn them into white ones. Later we look
for the white pixels and replace them. This is the best option, since the detection
of white and black pixels simultaneously and its regression is problematic given
the disparity of values. Some experiments trying to make the regression with
both noises have given an increasing number of support vectors and a reduction
in the quality. This is an still open work.
In order to train the SVMs used in the detection and regression tasks we
must take some example vectors of noisy images. One possibility is to take some
pieces of real noisy images to obtain the vectors. But, we decided to make our own
noisy images with a gray scale, a size and a noise ratio controlled. This way the
training obtained is more general and it is not conditioned by the images used.
We expect that the SVMs can generalize using only these reduced examples.
In figure 2 some of these images are shown. They have a size of 32x64 and a
percentage of noise of 30% (30% of pixels are noisy). The gray scale goes from 0
to 255 with steps depending on the image size.
As we see the images for noise detection and regression are similar but with a
difference in the central edge. This difference is only because empirically spoken
the results are better using these configurations. The central edges are necessary
to simulate the edges present in the real images. The detection of black pixels is

(a)

(b)

Fig. 2. Training images. (a) Detection (b) Regression
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Fig. 3. Scheme of Regression procedure

make after training with images like those of figure 2(a) but with black pixels of
noise.
The training images are scanned and for each pixel a vector is formed. To
each one of these vectors we assign +1 when there is noise and –1 when no. After
the training process we have the α and b values and the support vectors that
forms the decision function (4).
In the regression process we use synthetic images like those of figure 2(b),
but in this case which we do is to form a vector around each pixel and to put like
value of regression the one of the original image (without noise) that occupies
the same position. In this case we exclude the central pixel since we consider it
like noisy. The process is resumed in figure 3.

4

Results

In this section some results obtained with the presented technique are presented.
These results show the performance of our noise reduction scheme, some problems of this technique and a comparison with some other algorithm.
4.1

Implementation

The presented algorithm has been implemented using Visual C++ 6.0 in a computer with a Pentium IV processor (2.4 GHz) and 512 Megabytes of RAM. For
the implementation of the SVMs we use the LIBSVM library [4] written in C++.
This library have as advantage that is easy to use and tune.

Table 1. PSNR results in dB

SDROM [1]
Median 3x3
Median 5x5
SVM Median 30% training
SVM 30% training
SVM 40% training

20%
30.6
27.11
26.6
33.9
29
32.77

Albert
30% 40%
28.61 26.66
23.13 18.95
25.93 24.77
31.35 28.7
27.51 26.83
30.27 29.27

50%
24.46
15.3
22.47
26.62
25.83
27.91

20%
31.44
29.05
30
37.68
38.81
38.35

Peppers
30% 40%
29.3 26.94
23.84 18.94
28.53 26.58
33.95 28.26
36.32 34.05
36.08 34.27

50%
24.42
15.17
23.57
23.57
31.71
32.15

The SVMs noise reduction is a general framework where several implementations are possible. One possibility is to find the noisy pixels and then obtain the
reconstruction values using only the values of the noisy image, this procedure is
known as ”non recursive”. Another option is to use the previously calculated reconstruction values to find the new reconstruction values, this form is known as
”recursive” and allows a good reconstruction without apply the noise reduction
several times. In the results presented we use the recursive implementation for
all techniques except the median due to the poor results in this case.
The training process is fundamental for the performance of the SVMs algorithm and then the values used in this process must be carefully elected. The
training images used are of 32x64 with 30% and 40% of noisy pixels. The parameters that must be tuned in the SVMs are the γ of the kernel (5) and C in
the minimization of (6) or (8). In our case γ = 2 · 10−6 for noise detection and
γ = 3 · 10−5 for regression and C = 1000 in all cases. These values have been
obtained empirically.
4.2

Tests

We use for the tests eight bits gray-scaled images of 512x512 (Figure 4). The
images in this figure represent two important types of images that we can find.
Albert has some textures in the hair and in the jacket and its most important
characteristic is the white collar of the shirt. This zone is problematic since part
of the noise is white and then this zone may be detected as noisy and replaced.
The images with uniform white or black zones have this problem. The image
Peppers has only gray values and no textures, then the results in this image and
those like this must be better.
In table 1 we present a comparison between the SVMs noise reduction and
some other techniques. The data presented are the PSNR of the reconstructed
images. This measure gives (in dB) the inverse of the normalized reconstruction
error. The SDROM [1] and the median have been mentioned previously. The
median SVM is a modified median filter [5] that applies a median filter to the
pixels detected as noisy using the SVMs. Besides, we show the results of our
technique with two training noise ratios in order to see how the performance is
changed according to the training parameters.

(a)

(b)

(c)

(d)

Fig. 4. Test images. (a) Albert (b) Peppers (c) Albert 20% noise (d) Peppers 50% noise

We can see how the SVMs noise reduction gives the bests results except for
the Albert image with 20% and 30% of noise. This fact is due to an effect that
can be seen in figure 5(c). The collar of the shirt is treated as noise and then
some zones near the border have been blurred, this way the PSNR decreases.
This effect can be reduced (Figure 5(d)) if we use training images with more
noise ratio. In figures 5(a) and 5(b) we can see visual examples of how good our
algorithm is for even high noise ratios.
The only drawback of our algorithm is that it takes more time than other
techniques for the same images. For example, the median or the SDROM takes
about 1 second for our tests images (20%) while the SVMs takes 12 seconds. This
time is increased with the noise ratio and for 50% of noise can be 22 seconds.

5

Conclusions

In this work a new method of reduction of impulse noise that is very efficient
for very high rates of noise and that is even superior than other techniques
considered like standard is presented. This technique is based on the use of
Support Vector Machines in the detection of the noisy pixels and for obtaining
the values of reconstruction of these pixels.

(a)

(b)

(c)

(d)

Fig. 5. Examples of noise removal. (a) Peppers (20%) recovered with 30% noise training
(b) Peppers (50%) recovered with 30% noise training (c) Albert (20%) recovered with
30% noise training (d) Albert (20%) recovered with 40% noise training

With this work the number of applications of this new technique of learning
is extended and in addition it demonstrates that they can be used successfully
in the image processing task.
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