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Abstract
Image noise removal is one of the image processing used to repaint the image and restore image

information aflected by a noise types. One of image problems is the noise affect in the image. To
solve this problem, a new denoising technique was proposed in order to reduced or remove the
noise effect in the images. A new proposed filter was design using the Least Square interpolation to
calculate the pixels value for pixels affected by noise. The proposed system will used to replace the
poisy image pixels by results of proposed filter under control of the neural network. The MLMVN
neural network was used in this proposed system due the ability of this neural network to
optimization and accuracy in decision making. The proposed filter was work with good results for

fully and partially noising region in images. p
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1. Introduction
Image processing is a field that continues to grow, with new applications being developed at an

ever-increasing pace. It is a fascinating and exciting area to be involved in today with application
areas ranging from the entertainment industry to the space program. One of the most interesting
aspects of this information revolution is the ability to send and receive complex data that transcends
ordinary written text. Visual information, transmitted in the form of digital images, has become a
major method of communication for the 21st century. [1]

Many techniques for noise reduction replace each pixel with some function of the pixel’s
neighborhood. Because ID features and 2D noise usually have common frequency components.
they are not separable in the frequency domain. Hence, linear filters seldom can meet goals | and 2
simultaneously. Linear filters tend either to amplify the noise a long with the 1D features, or to
smooth out the noise and blur the 1D features. To minimize the conflict between goals | and 2
above, researchers have introduced a number of adaptive noise reduction algorithms.[2

In the most applications, it is very important to remove impulse noise from image data, since the
performances of subsequent i.nage processing tasks are strictly dependent on the success of image
noise removal operation. However, this is a difficult problem in any image processing system
because the restoration filter must not distort the useful information in the image and preserve
image details and texture while removing the noise. [3]

Noise modeling in images is greatly affected by capturing instruments, data transmission media,
image quantization and discrete sources of radiation. Different algorithms are used depending on
the noise model. Most of the natural images are assumed to have additive random noise, which is
modeled as a Gaussian. [1]

Automated techniques for identification of image noise are of considerable interest, because once
the type of noise is identified from the given image, an appropriate algorithm can then be used to
de-noise it. Only a few researchers have addressed this issue to date. However, many algorithms
rroposed are pretty complicated, because their main goal is to estimate the statistical parameters of
the noise.[1]

In this paper, an image denoising system was proposed to reduce or remove three types of noise
(Gaussian noise, Salt and Pepper noise, and uniform noise) from noisy image. The denoising
operation proposed depending on the Least Square Polynomial calculations. Also, the MLMVN
neural network was used to controlling the denoising operation in order to increase the efficiency of

the denoising operation results.
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3. Image Denoising

in the past three decades, a variety of denoising methods have been deve
prncc.\sing and computer vision communities. Although see
ame property: o keep the meaningful edges and remove
existing image denoising work by their differe
representation of natural image statistics, [4]

loped in the image
mingly very different, they all share the
less meaningful ones. A categorize the
nt natural image prior models and the corresponding

Wavelets. When a natural image is decomposed into multiscale oriented subbands. To enforce the
marginal distribution to have high Kurtosis, we can simply suppress low-amplitude values while
retaining high-amplitude values, a technique known as coring. The joint distributions of wavelets
were found to be dependent. A joint coring technique is developed to infer the wavelet coefficients
in a small nmghhurhuutl across different orientation and scale subbands simultaneously. The typical
joint distribution for denoising is a Gaussian scale mixture (GSM) model. In addition, wavelet-
domain hidden Markov models have been applied to image denoising with promising results,
Although the wavelet-based method is popular and dominant in denoising, it is hard to remove the
ringing artifacts of wavelet reconstruction. In other words, wavelet-based methods tend to introduce
additional edges or structures in the denoised image.[4]

Anisotropic Diffusion. The simplest method for noise removal is Gaussian filtering. which is
cqun:alenl to solving an isotropic heat diffusion equation, a second order ligear PDE. As a result.
for high gradient pixels, ¢(x. y, t) is small and therefore gets less diffused. For low gradient pixels,
¢(x, . 1) has a higher value and these pixels get blurred with neighboring pixels. Compared to
simple Gaussian filtering, anisotropic diffusion smooths out noise while keeping edges. However, it
tends to over-blur the image and sharpen the boundary with many texture details lost.[4]

More advanced partial differential equations (PDEs) have been developed so that a specific
regularization process is designed for a given (user-defined) underlying local smoothing geometry,
preserving more texture details than the classical anisotropic diffusion methods.[4]

FRAME & FOE. As an alternative to measuring marginal or joint distributions on wavelet
coefficients. a complete prior model over the whole image can be learnt from marginal
distributions. Thus, it is natural to use a Bayesian inference for denoising or restoration. [4]

Bilateral Filtering. An alternative way of adapting Gaussian filtering to preserve edges is bilateral
filtering. where both space and range distances are taken into account. Fast bilateral filtering
algorithm was also used. Bilateral filtering has been widely adopted as a simple algorithm for

denoising. e.g., video denoising. However, it cannot handle speckle noise and it also has the
tendency of over smoothing and edge sharpening.[4]

Nonlocal Methods. If both the scene and camera are static, we can simply take multiple pictures
and use the mean to remove the noise. This method is impractical for a single image, but a temporal
mean can be computed from a spatial mean—as long as there are enough similar patterns in the
single image. We can find the similar patterns to a query patch and take the mean or other statistics
to estimate the true pixel value, e.g.[4]

Nonlocal methods are an cxciting innovation and work well for texture-like images containing
many repeated patterns. However, compared to other denoising algorithms that have O(n")
complexity where n is the image width, these algorithms have O(n*) time complexity, which is
prohibitive for real-world applications.[4]

Conditional Random Fields. Recently, conditional random fields (CRFs) have been a promising
mode| for statistical inference. Without an explicit prior model on the signal, CRFs are flexible at
modeling short and long range constraints and statistics. Since the noisy input and the clean image
are well aligned at image features, CRFs, in particular Gaussian conditional random fields (GCRFs)
can be well applied to image denoising.[4]

3. Image Noise Estimation

Image-dependent noise can be estimated from multiple or a single image. stimation from multiple
images is an over-constrained problem. Estimation from a single image, however, is an under-
constrained problem and further assumptions have to be made for the noise. In the image denoising
literature, noise is often assumed to be additive white Gaussian nois¢ (AWGN). A widely used
estimation method is based on mean absolute deviation. The noise level is estimated from the
gradient of smooth or small textured regions, and the signal-dependent noise level is estimated for
cach intensity interval. The literature researchers proposed three methods to estimate noise levels
based on training samples and the statistics (Laplacian) of natural images. A generalized
expectation maximization algorithm is proposed to estimate the spectral features of a noise source
corrupting an observed image. [4]
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Estimation of the standard deviation is done by considering only regions in the window for each
pixel having the frequent label. The mean and variance are found for all the regions for each pixel
and then standard deviation is calculated. For the additive noise, the average of the square root of
the variance identified for each of the homogeneous region in the noisy image gives you the
estimate of the standard deviation of the additive noise affecting the image. For the multiplicative
noise. the variance increases with an increase in mean value in a parabolic manner. So the standard
deviation is estimated a little different. The standard deviation is found for cach of the
homogeneous region and it is divided by the corresponding mean of the homogeneous region to get
a corresponding value. This corresponding value is got for all the homogeneous regions present in
the noisy image. The average-of all the values thus got constitutes the estimated standard deviation
of the multiplicative noise. [1]

Techniques for noise estimation followed by noise reduction have been proposed, but they tend to
be heuristic. For example, a sct of statistics of film grain noise are used to estimate and remove the
noise produced from scanning the photographic element under uniform exposures. A signal-
dependent noise is estimated from the smooth regions of the image by segmenting the image
gradient with an adaptive threshold. The estimated signal-dependent noise is applied to the whole
image for noise reduction. This work was further extended by associating a default film-related
noise model to the image based on its source identification tag. The noise model is then adjusted
using the image statistics. In certain commercially available image enhancement software, such as
Neat ImageTM 1, the noise level can be semi automatically estimated by specifying featureless areas
to profile noise. Neat Image TM also provides calibration tools to estimate the amount of noise for a
specific camera and camera setting; pre-calibrated noise profiles for various cameras are also
available to directly denoise images. [4]

4. The Least Squares Estimation Method [5]

The method of least squares is a standard approach to the approximate solution of over determined
systems, i.e. sets of equations in which there are more equations than unknowns. "Least squares"
means that the overall solution minimizes the sum of the squares of the errors made in solving every
single equation.

The most important application is in data fitting. The best fit in the least-squares sense minimizes
the sum of squared residuals, a residual being the difference between an observed value and the
fitted value provided by a model.

Least squares problems fall into two categories: linear least squares and nonlinear least squares,
depending on whether or not the residuals are linear in all unknowns. The linear least-squares
problem occurs in statistical regression analysis; it has a closed-form solution. The non-linear
problem has no closed solution and is usually solved by iterative refinement; at each iteration the
system is approximated by a linear one, thus the core calculation is similar in both cases.

The least-squares method was first described by Carl Friedrich Gauss around 1794. Least squares
correspond to the maximum likelihood criterion if the experimental errors have a normal
distribution and can also be derived as a method of moments estimator.

The objective consists of adjusting the parameters of a model function to best fit a data set. A

simple data set consists of n points (data pairs) (.2 i). i =1, .., n, where i is an independent
variable and /i is a dependent variable whose value is found by observation, The model function
has the form f(x,B), where the m adjustable parameters are held in the vector 3. The goal is to find
the parameter values for the model which "best" fits the data. The least squares method finds its

optimum when the sum, S, of squared residuals
S=%"r2
- (1)

is @ minimum. A residual is defined as the difference between the value predicted by the model and
the actual value of the dependent variable

ri = f(xi,) - yi. )

An example of a model is that of the straight line. Denoting the intercept as By and the slope as B,
the model function is given by /(- 8) = Ju+ 310 A data point may consist of more than one
independent variable. For an example, when fitting a plane to a set of height measurements, the
plane is a function of two independent variables, x and z, say. In the most general case there may be
one or more independent variables and one or more dependent variables at each data point. The
minimum of the sum of squares is found by setting the gradient to zero. Since the model contains m
parameters there are m gradient equations.
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The gradient equations apply 1o all least squares problems, E i ire
particular expressions for the model and its partial df:rp SO0 DR er vt e
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A gencralization to approximation of a data set s the a roximation of g “other
functions, usually an orthogonal set: PP a function by a sum of oth

f(z) = fa(z) = @101(Z) + azda(z) + - . . 4 an@n(Z). ..(5)
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with the set of functions {*’J ( /} an orthonormal set over the interval of interest, say [a, b]. The

-t (a; t .
COGf!LCIlLIlIS U/} are selected to make the magnitude of the difference ||f — f n ||* as small as
possible.

5. Multilayer Neural Network Based On Multi-Valued Neurons [6]

A multilayer neural network based on multi-valued neurons (MLMVN) has been introduced,
investigated and developed. This network consists of multi-valued neurops (MVN). That is a
neuron with complex-valued weights and an activation function, defined as a function of the
argument of a weighted sum. This activation function was proposed in 1971 in the pioneer paper of
N. Aizenberg et al. The multi-valued neuron was introduced based on the principles of multiple-
valued threshold logic over the field of complex numbers formulated.

The most important properties of MVN are: the complex-valued weights, inputs and output lying on
the unit circle, and the activation function, which maps the complex plane into the unit circle. It is
important that MVN learning is reduced to the movement along the unit circle. The MVN learning
algorithm is based on a simple lincar error correction rule and it does not require differentiability of
the activation function.

Different applications of MVN have been considered during recent years, e.g.: MVN as a basic
neuron in the cellular neural networks, as the basic neuron of the neural-based associative
memories, as the basic neuron in a variety of pattern recognition systems, and as a basic neuron of
the MLMVN. .

The MLMVN outperforms a classical multilayer feedforward network and different kernel-based
networks in the terms of learning speed, network complexity, and classification/prediction rate
tested for such popular benchmarks problems as the parity n, the two spirals, the sonar, and the
Mackey-Glass time series prediction. These properties of MLMVN show that it is more flexible and
adapts faster in comparison with other solutions.

6. Multilayer Neural Network Based On Multi-Valued Neurons[6)

A continuous-valued MVN has been introduced in [6]. It performs a mapping between n inputs and
a single output using n+1 complex-valued weights

F(X1 2o X0 ) = P(Wo + W X1+ oot Wn Xn ) s oeene(6)

where X = x, ,...,x, is a vector of complex-valued inputs (a pattern vector) and W = wo ,W; , ...W, is
a weighting vector. P is the activation function of the neuron:
P(z) =exp(i (arg 7)) =e"** = —.

* skl
where 2 = wi + wy Xj + .t W Xpisa wc(ig%ued sum, arg z is an argument of the complex number 2,
Arg 7 is a main value of the argument of the complex number z and |z] is its modulo,
The MVN learning is reduced to the movement along the unit circle. This movement does not
require differentiability of the activation function. Any direction along the circle always leads to the
target. The shortest way of this movement is completely dclcrmllncd by an error that is a difference
between the desired and actual outputs. The corresponding learning rule is:

0 : 5 g = i Z\p
Wy =t = B (ef — e )T =W, —ip (=08 (O

Where .7 denotes vector with the complex-conjugated elements to input DOURITI VIRIOT A5 Wy k'S
current weighting vector, W, +; is a weighting vector after correction, C; is a learning rate. A
modified learning rule is:

S
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where z is a current value of the weighted sum.
A multilayer feedforward neural network based on multi-valued neurons (MLLMVN) has been
proposed in [6]. It refers to the basic principles of the network with a feedforward dataflow through
nodes proposed by D. E. Rumelhart and J. L. McClelland, The most important is that Ehcrc is a full
connection between the consecutive layers (the outputs of neurons from the preceding layer are
connected with the corresponding inputs of neurons from the following layer). The network
contains one input layer, m-1 hidden layers and one output layer, Let us use here the following
notations. Let km 7" be a desired output of the £* neuron from the m"™ (output) layer; Y 4 be an
actual output of the ™ neuron from the »" (output) layer. Then the global error of the network
taken from the K™ neuron of the m™ (output) layer is calculated as follows:
N kT Tlm - }’.lm “0)

The square error functional for the ™ pattern X; = x; ,...,.X, is as follows:
, ¥ 2 -
E_- = Z(Oﬂm) (n ) b
¥

. (1)
where & is a global error taken from the k™ neuron of the m" (output) layer, E s is a square error
of the network for the s™ pattern, and W denotes all the weighting vectors of all the neurons of the
network. The mean square error functional for the network is defined as follows:

N
E= erE, .
N «{(12)

where N is a total number of patterns in the training set.

The backpropagation learning algorithm for the MLMVN was used; the errors of all the neurons
from the network are determined by the global errors of the network (eqn.10). Finally, the MLMVN
Izarning is based on the minimization of the error functional (eqn.12). It is fundamental that the
global error of the network consists not only of the output neurons errors, but of the local errors of
the output ncurons and hidden neurons. It means that in order to obtain the local errors for all
neurons, the global error must be shared among these neurons.

7. The Proposed Least Squares Interpolation Filter
In this section, the Least Square filter design will explain. This filter was proposed to repaint image
depend on the least square calculation method. The result from this filter will used to remove or
reduce the noise in the noisy images. The main equations of this proposed filter are develop to the
eqn.(1) and (2) applied to the suggested mask. The Leas square developed equations are:

S ;;ﬁﬁzr. = ((f(x) — yi) HM-y)))/2 -(13)
wher&M is the average pixels for the suggested mask.

The Least Squares interpolation resulted values that used to replace the selected pixels in the
original image depend on the net of neighbors pixels effect. The replacing operation will covered all
pixels on the suggested mask.

The suggested mask design to gives the best pixels effect calculation. The suggested mask size is
(5x5) pixels. Figure (1) shows an example of the design mask. The mask will apply to whole image

until denoising operation complete.

X0 [XI [X3 [X4 [X5, |
X6 | X7 | X8 [X9 [ X0
X1 | X12 [ X13 [ X14 Y X15
X16 | X17 | X18 [ X4 ' X20
/ X210 | X22 | X23 | X2A [ X25
AT /01130 [ 1334 )T 11647110 ]
T /] o iTo 120 [ 122 /129 1A | 110
FoTT o= [ o] 120 [ 132 1280410 | 120
HE T A5 140 124 [ 13g°] 111 [ 115
[ 112 s 110150120 [ )55 113 ] 115
134 | 123 | 1A [ 111 [ 1107160 [ 1404150 | 112 | 115
451100l 121147110/ 126[165[115] 118
211001 120 [ 113 ] 1137120125145 110 | 120
Fig.(1) Example of The Least Squares Interpolation Mask
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As shown in Fig.(1), the mask points to selected name
pixels will replaced by the resulted values from the |
operation will control by the MLLMVN network).

8. The Proposed Image Denoising System

Image restoration processing like denoising average noise from images is a very difficult problem 1o
resolve. In this research we describe a strategy that can be used for solving such image noise
problems. This strategy is used to evaluate the proposed filter to denoise image (explain in section
7) control by ncural,network explain in section 5 and 6. A single neural network (the discrete-
valued MLMVN) with the original backpropagation training scheme was used to identify both
smoothing operator and its parameter on a single obseryed noisy image. Where, the discrete-valued
MLMVN had such a drawback as discrete inputs which results in quantization error of pattern
vectors. The structure of the neural network used in this proposed system was explained bellow.

As e.\'plqln In section 7, the proposed filter was design using the principles and theory of the Least
polynomial interpolation to estimate the pixels values to replace in the mask window of the filter.
For each mask window, the proposed system will use the MLMVN to test each pixel in the window
if pixel noise or not noise.

In this paper we apply MLMVN to identify noisc and its parameters, which is a key problem in
image denoising. The MLMVN network was learned to cover noise types like (Gaussian, salt &
pepper, apd uniform noise). in this proposed system, we used the continuous-valued MLMVN
(further simply MLMVN) describe in [6] to solve both the noise and its parameters identification
problems in order to overcome the disadvantages mentioned above. The modification of the
MLMVN results in significant improvement of the functionality.

In the same time, the proposed system applied the proposed Least Square filter to calculate the new
replacement pixels values. If the pixel is assigned as noise with the noise type, the proposed system
will replace the pixel by the proposed filter result. Else, the pixel will leave without replace. The
proposed filter and MLMVN network will apply to whole image. Finally, the proposed system
recomposes the resulted image and calculates the RMSE measure to check the variation between the
original image and resulted image.

The main proposed system steps are as follows:

- Apply the proposed mask on the image with windows of size 5x5 pixels (mask window) and
calculated the average for each mask image.

- Apply MLMVN neural network on the image mask.

- Begin Least Square filter calculation depends on the image masks.

- IFMLMVN decision id noise replace with result of the proposed Least Square filter.

- Calculate RMSE

Figure 2 shows the block diagram of the proposed system block:

d by x0, x1, x2, x3. ...x15. These selected
ast Square calculation. (Note: the replacing

Loading Apply the image mask and < Applying the proposed Least Square
image calculate the average value 7| filter
for each mask image

v

Save image | Calculate Replacement Applying MLMV
” RMSE =  Operation  [#+ Network

Fig. (2): The proposed system block diagram

In this proposed system, the RMSE measure was used to calculate the change amount in the noisy
image after denoising operation was applied. The RMSE can calculate from:
:‘.:'.-"- o=t Tiu ','_'—:‘;I‘ e ::

= SC=1ZCet s .

RAMSE = .
£=_ cee(14)

where X, X represent the denoised and noise images, respectively.

MLMVN Neural Network Structure 3 o
As point above the MLMVN network used in the proposed system was explain in[6].But we
provide some development on the input nodes number and the noise types due the increase the mask
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twork. In this proposed system

design properties and to increase the performance of the neural ne
there parameters,

we learned the neural network with the three types ol noise with the o i
The MLMVN has two hidden layers consisting of 10 and 25 neurons, respectively, an the outpuy

laver which consists of the same number of neurons as the number ol'cl.:lss'cs, i.e. types 'nf noise (3
types). Therefore, the structure of network is 25,10, 25, 3 (input layer, hidden layer 1, hidden layer
2,.output layer). Fach neural element of the output layer has to classify a parameter of the
corresponding type of noise, and reject the un-noised image. '

The MVN activation function (eqn. 7) for the output layer neurons has a specific form: the equal
subdomains (non-overlapping sectors) of the complex plane are reserved to classify a particular
noise and its parameters and to r¢ject un-noise image pixels.

7. Experimental Results & Discussions . _ .
In this rescarch a Least Square interpolation calculation was used with Multilayer Neural Network

Based On_Multi-Valued Neurons to denoising images with a full noise or partial noise. The
proposed filter and MLMVN network give very good results in removing the fully/partially noise
from images. Also, a good RMSE values are resulted. Fig. (3) shows some proposed_ system result-s.
The RMSE of the different samples denoising by proposed Least Square filter is compared in

Tablel.
For instance, the networks used have specific architecture with no univeréal learning algorithm,
thus each neuron was trained separately. Another disadvantage is the use of too many spectral

coeflicients as features (quarter of image size). Thus the learning process was heavy.
Table 1 RMSE Results from applies the proposed Least Square filter

|[ Sample name RMSE (for Gaussian [ RMSE ~ (for  Salt [ RMSE (for [ Size

| noise) &Pepper noise) Uniform noise)

[ S1 33.42 34.45 35.14 640x480

PZ 36.18 37.34 34.55 600x800
S3 36.12 36.39 35.19 600x800

| S4 58.89 39.10 39.21 512x 512

S5 36.13 35.95 36.85 512x512

| S6 39.10 38.87 39.54 600x800
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Sample 3(S3)-Uniform noise After denoising operation
Fig. 3 Some Test Images processed In the Proposed System.
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