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ABSTRACT
The first part of the paper an adaptive, data-driven threshold for image denoising via wavelet soft-thresholding is assessed. The
threshold is derived in a Bayesian framework and the prior used on the wavelet coefficients is the Generalized Gaussian
distribution (GGD) widely used in image processing applications. The threshold is simple and it is adaptive to each sub band
because it depends on data-driven estimates of the parameters. Simulation results shown that with this method, called
BayesShrink, achieve the state-of-the-art image denoising performance at the low computational complexity. In the second
part of the paper an intelligent image compression using neural network is proposed. The objective picture quality measures
like Signal to Noise Ratio(SNR), Mean Square Error(MSE), are used to measure the picture quality. It is shown through
performance measure that with such denoising and compression the MSE is typically within 5%.
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1. INTRODUCTION
Digital images are often degraded by noise in the acquisition and/or transmission phase. The goal of image denoising is
to recover the true/original image from such a distorted/noisy copy. Traditionally, this is achieved by linear processing
such as Wiener filtering. A vast literature has emerged recently on signal denoising using nonlinear techniques in the
setting of additive white Gaussian noise. Since the early 1990s, the wavelet theory has been well developed and widely
introduced into many fields of applications, including statistics estimation, density estimation, solution of partial
differential equations, and image compression. In 1992, Donoho and Johnstone presented a method named wavelet
shrinkage, and showed its obvious efficiency on signal denoising and inverse problem solving [1]. In this method a
discrete wavelet transform (DWT) is performed on the noisy signal first. Then with a present threshold, coefficients
with magnitude smaller than the threshold are set to zero while those with larger magnitude are kept and used to
estimate the noiseless coefficients. Finally, an inverse DWT (IDWT) reconstructs the signal from the estimated
coefficients. Later, in their subsequent paper, Donoho and Johnstone proved that wavelet shrinkage is nearly optimal
(in a minimax sense) over a wide range of function classes and error criterions and always provides an estimated
function with a smoothness not less than the original [2]. However, the universal threshold
(is the
standard deviation of the noise and length of noisy data), which was first given for wavelet shrinkage, was found
tending to set all the detail coefficients to zero, especially when N approaches infinite [3]. In fact, Donoho and
Johnstone pointed out that the universal threshold has a good mean square error (MSE) performance when the sample
size is in the tens or hundreds [1]. Since the threshold plays a key role in this appealing method, variant methods
appeared later to set an appropriate threshold [4]-[5]. Donoho and Johnstone found that in the criterion under which
the universal threshold is nearly optimal, the smoothness restriction is probably the cause for over-erasing wavelet
coefficients. Therefore, they removed the restriction and gave what is known as the Stein’s Unbiased Risk Estimate
(SURE), threshold, which minimizes SURE, an estimate of MSE risk [6]. Assuming that wavelet coefficients obey the
generalized Gaussian distribution (GGD), Chang et al. presented a new threshold,

(

is the noise variance

and
the standard deviation of noiseless coefficients in a sub band), which was claimed to often provide a better
denoising result than the SURE threshold [7] and can be unwarrantedly large due to its dependence on the number of
samples, which is more than for typical test image of size. The formulation is grounded on the empirical observation
that the wavelet coefficients in a sub band of a natural image can be summarized adequately by a generalized Gaussian
distribution(GGD). This observation is well-accepted in the image processing community (for example, see [8], [9],
[10], [11], [12]) and is used for state-of-the-art image coders in [8], [9], [12]. It follows from this observation that the
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average MSE (in a sub band) can be approximated by the corresponding Bayesian squared error risk with the GGD as
the prior applied to each in an independent and identically distributed(i.i.d) fashion. That is, a sum is approximated by
an integral. We emphasize that this is an analytical approximation and our framework is broader than assuming
wavelet coefficients are iid draws from a GGD. The goal is to find the soft-threshold that minimizes this Bayesian risk,
and we call our method BayesShrink. The proposed Bayesian risk minimization is sub band-dependent. Given the
signal being generalized Gaussian distributed and the noise being Gaussian, via numerical calculation a nearly optimal
threshold for soft-thresholding is found.

2. WAVELET SHRINKAGE
Consider the following additive noise model in time domain:
x(i) = s(i) + e(i) -----------------------------------------(1)
Where the signal s is corrupted by the zero-mean white Gaussian noise process e ~ N (0, ),resulting in x, i.e., noisy
signal. Throughout this text, A(i) is often used to stand for the i th element for a given sequence A . By the linearity of
wavelet transformation, there is a regression model in the wavelet domain:
=
+
---------------------------------- (2)
Where
is the wavelet transform of x, while
and
are those corresponding to s and n. The elements of
will be termed as data coefficients (noisy coefficients), signal coefficients (noiseless coefficients), and
noise coefficients respectively. The term denoised coefficients is used to refer to the estimate of the noiseless coefficient
from the corresponding noisy coefficient .When the transformation is orthogonal, which is only the case considered
here, the noise in each wavelet sub band remains a zero-mean white Gaussian process with variance consistent with
that in the time domain. Given a threshold T , two popular thresholding rules in wavelet shrinkage called hard
thresholding and soft thresholding which correspond to the strategies “kill or keep” and “kill or “shrink” respectively
can be expressed by two different functions upon the noisy coefficients of which the values are denoised coefficients.
=
(
-----------------------------------(3)
I(

)
=

(

I(

----------------------------------(4)
)(

- )

Herein, I (.) denotes the identification function. In a wavelet shrinkage scheme, no modification is performed on the sub
band at the coarsest scale due to belief that the coefficients there are in have high enough signal–to-noise ratios (SNR).
To choose between the two thresholding rules, Bruce and Gao took a profound research and gave several important
instructions. For a given threshold , soft thresholding has smaller variance, however higher bias than hard thresholding
especially for very large wavelet coefficients. If the coefficients distribute densely close to the threshold, hard
thresholding will show large variance and bias. For soft thresholding, smaller error often happens when the coefficient
is close to zero. In general, soft thresholding chosen for smoothness while hard thresholding for lower error. The softthresholding rule is chosen over hard thresholding for several reasons. First, soft thresholding has been shown to
achieve near optimal minimax rate over a large range of
Besov spaces. Second, for the generalized Gaussian prior assumed in this work, the optimal soft-thresholding estimator
yields a smaller risk than the optimal hard-thresholding estimator .Lastly, in practice, the soft thresholding method
yields more visually pleasant images over hard-threshold because the later is discontinuous and yields abrupt artifacts
in the recovered images, especially when the noise energy is significant. Statistical image modeling in the waveletdomain has applications in image compression, estimation, and segmentation. It can be roughly categorized into three
groups: the interscale models, the intrascale models and the hybrid inter–and intrascale models [13] - [15]. In the
statistical Bayesian literature, many works have concentrated on deriving the best threshold (or shrinkage factor) based
on priors such as the Laplacian and a mixture of Gaussians ([16],[17]). With an integral approximation to the pixelwise MSE distortion measure as discussed earlier, the formulation here is also Bayesian for finding the best softthresholding rule under the generalized Gaussian prior. The GGD has been used in many sub band or wavelet-based
image processing applications [16], [18]. In [16], it was observed that a GGD with the shape parameter ranging from
0.5 to 1 can adequately describe the wavelet coefficients of a large set of natural images.

3. ADAPTIVE THRESHOLD FOR BAYES SHRINK
The GGD is
GG
=C
-<x<,
>0,
α

exp{ [α
>0. Where

│x│ }------(5)

=
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and C

=
du is the gamma function. The parameter
is the standard deviation and is the shape parameter.
For a given set of parameters, the objective is to find a soft-threshold T which minimizes the Bayes risk.

Fig.1 Flow chart for image Denoising Algorithm Using wavelet Transform
----------------- (6)
where = (Y),Y/X N(X, ) and X
denote the optimal threshold by
T*, T*
= arg min
------------------------(7)
Which is the function of the parameters
and
.
Referring to [7], we can obtain
------------------------------------------- (8)
This threshold is not only nearly optimal but also has an intuitive appeal. The normalized threshold is inversely
proportional to the standard deviation and proportional to the noise standard deviation. When the signal is much
stronger than the noise the normalized threshold is chosen to be small in order to preserve most of the signal and
remove some of the noise. When the noise dominates , the normalized threshold is chosen to be large to remove the
noise which has overwhelmed the signal[19].Thus, this threshold choice adapts to both the signal and noise
characteristics. Fig.1shows the flow chart for image Denoising Algorithm Using wavelet Transform.

4. ALGORITHM OF INTELLIGENT COMPRESSION
Multilayer neural network can be employed to achieve intelligent image compression [20]. The network parameters
will be adjusted using different learning rules for comparison purposes. Mainly, the input pixels will be used as target
values so that assigned mean square error can be obtained, and then the hidden layer output will be the compressed
image. Artificial Neural network have found increasing applications in image compression due to their noise
suppression and learning capabilities. A number of different neural network models, based on learning approach have
been proposed. Models can be categorized as either linear or nonlinear neural nets according to their activation
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function. The network will be trained by back propagation, using different learning algorithms. Mainly Newton’s
method, gradient descent and adaptive gradient descent learning algorithms will be used for this purpose. The neural
network structure can be illustrated in fig. 2. Three layers, one input layer, one output layer and one hidden layer, are
assigned. Both of input layer and output layer are fully connected to hidden layer. Compression is achieved by
designing the value of the number of neurons at the hidden layer, less than that of neurons at both input and output
layers. Log-sigmoid function which is given in equation1 is one of the most common functions employed in different
neural networks problems.
---------------------------------(9)
It was shown that nonlinear functions have a more capability of learning both linear and nonlinear problems than
linear ones.

Fig.2 Back Propagation Neural Network
The output

of the

neuron in the hidden layer is given by
.--------------------------- (10)

Also the output
=
Where
and

of the

neuron in the output layer is given by
.--------------------------- (11)
are the activation function of the hidden layer and the output layer respectively. The

synaptic weight connecting the

input node to the

neuron of the hidden layer. The

is the bias of the

is the
neuron

of the hidden layer. N is the number of neurons in the hidden layer and M is the number of neurons in the output
layer.Training the network is an important step to get the optimal values of weight and biases after being initialize
randomly. The training processes require a set of prototypes and targets to learn the proper network behaviour. During
training, the weights and biases of the network are iteratively adjusted to minimize the network performance function
which is the mean square error for the feed
forward networks. The mean square error is calculated as the average squared error between the inputs and targets. In
the basic back propagation training algorithm, the weights are moved in the direction of the negative gradient, which is
the direction in which the performance function decreases most rapidly.
Iteration of this algorithm can be written as:
=
. ------------------------------------(12)
Where
is a vector of current weights and biases,
. is the current gradient, and
is the learning rate.
Here all training algorithms have been developed using MATLAB. It is important to explain the steps which have been
done. For our purpose three layers feed forward neural network had been used. Input layer, hidden layer with 16
neurons, and output layer with 64 neurons. Back propagation algorithms had been employed for the training processes.
To do the training input prototypes and target values are necessary to be introduced to the network so that the idea
behind supplying target values is that this will enable us to calculate the difference between the output and target values
and then recognize the performance function which is the criteria of our training. For training the network, the
512x512 pixels barbara image had been employed.
Procedure for Image Compression
The image is split into non-overlapping sub-images. Say for example 256 x 256 bit image will be split into 4 x 4 or 8 x
8 or 16 x 16 pixels. The normalized pixel value of the sub-image will be the input to the nodes. The three-layered back
propagation learning network [21] will train each sub-image. The number of neurons in the hidden layer will be
designed for the desired compression. The number of neurons in the output layer will be the same as that in the input
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layer. The input layer and output layer are fully connected to the hidden layer. The Weights of synapses connecting
input neurons and hidden neurons and weight of synapses connecting hidden neurons and weight of synapses
connecting hidden neurons and output neurons are initialized to small random values from say –1 to +1.The output of
the input layer is evaluated using linear activation function. The input to the hidden layer is computed by multiplying
the corresponding weights of synapses. The hidden layer units evaluate the output using the sigmoidal function. The
input to the output layer is computed by multiplying the corresponding weights of synapses. The output layer neuron
evaluates the output using sigmoidal function. The Mean Square error of the difference between the network output and
the desired output is calculated. This error is back propagated and the weight synapses of output and input neurons are
adjusted. With the updated weights error is calculated again. Iterations are carried out till the error is less than the
tolerance. The compression performance is assessed in terms of Compression ratio, PSNR and execution time [22].
Steps of the algorithm
1. Divide the original image into 8x8 pixel blocks and reshape each one into 64x1 column vector.
2. Arrange the column vectors into a matrix of 64x1024.
3. Let the target matrix equal to the matrix in step 2.
4. Choose a suitable learning algorithm, and parameters to start training.
5. Simulate the network with the input matrix and the target matrix.
6. Obtain the output matrices of the hidden layer and the output layer.
7. Post-process them to obtain the compressed image, and the reconstructed image respectively.
Picture quality measures
Image quality measures (IQM) are figures of merit used for the evaluation of imaging systems or of coding/processing
techniques. Some Objective quality measures as available in literature and used in this work are presented here for
better understanding of the work ahead. Let x (m, n) denotes the samples of original image, and x’(m,n) denotes the
samples of compressed image. M and N are number of pixels in row and column directions, respectively. In this paper,
we have used MSE, PSNR, PQS, SSIM, and MD as the five objective quality measures, which are
calculated as follows. MSE and PSNR are the most common picture quality measures. Mean Square Error is given bym n
MSE  I
[ I ( x, y)  I '  x, y ]2 --------------------(13)
MN 
y 1 x 1

Peak Signal To Noise Ratio is given asPSNR=20log[255/sqrt(MSE)]----------------------- (14)

5. SIMULATION RESULTS & DISCUSSION
The grayscale images “barbara” is used as test image. Harr wavelet transform give better result at decomposition level
2. Most of the time the minimum variance 0.01 is taken for better result. To assess the performance of BayesShrink, it
is compared with hard and the soft threshold. The 1-D implementation of BayesShrink, can be obtained from the
WaveLab toolkit [23], and the 2-D extension is straightforward. The MSEs from the various methods are compared in
Table I.
Table I
Wavelet

Theshold

Noise

PSNR

MSE

Harr

Hard

Gaussian
Salt & pepper

34.7711
30.3822

0.0739
0.1602

Poisson
Speckle
Gaussian
Salt & pepper
Poisson
Speckle
Gaussian
Salt & pepper
Poisson
Speckle

39.9538
38.5009
34.5299
31.5224
37.7077
36.9704
28.1056
30.0358
43.1812
41.7077

0.0564
0.0582
0.0751
0.0955
0.0647
0.0658
0.1036
0.1699
0.0332
0.0389

Image

Barbara

Soft

Bayes soft
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Fig.3. Denoising with Bayes soft threshold where SNR is maximum (43.1812) and MSE is minimum (0.0332)

Fig.4.Performance measure of image compression with back propagation neural network

6. CONCLUSION
In this paper at first an adaptive threshold for wavelet thresholding images was proposed, based on the GGD modeling
of sub band coefficients, and simulation results showed excellent performance. It was demonstrated that spatially
adaptive thresholds greatly improves the denoising performance over uniform thresholds. That is, the threshold value
changes for each coefficient. Secondly, back propagation neural network was designed specifically for compression.
Although the setting in this paper was in the wavelet domain, the idea extended to other domains such as back
propagation neural network to achieve good compression.
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