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ABSTRACT 
  
The perceived quality of compressed images is severely 
degraded especially when the bit rate becomes very low. 
The traditional postprocess methods will lose their effect 
in dealing with the DWT-based compressed image at very 
low bit rate because they do not consider the blurring 
effect in quantization process. In this paper, we propose a 
new model for the postprocess by incorporating a blur 
kernel into it, which is used to deblur. Median filter is 
used to detect and penalize the quantization noise. Under 
Bayesian analysis, MAP estimation is given. Alternate 
iteration method is proposed to solve this problem. 
Numerical experiments show that the subjective perceived 
quality as well as objective evaluation is improved.  

  

1. INTRODUCTION 
  
Postprocessing algorithms can be classified into two 
categories according to the transform used in compression: 
BDCT and DWT. The most noticeable artifacts for 
BDCT-based images or videos are the blocking artifacts. 
A lot of works have been done to deal with removal of the 
blocking artifacts [1]~[4]. For the DWT-based 
compressed image, ringing artifacts appears as small 
ripples around the edge when the bit rate becomes low. 
There are also some researches dealing with the 
postprocess on this kind of images [5]~[7]. But this area is 
not active compared with the area on the research of 
removal blocking artifacts. 

From the technique viewpoint used to process the 
images, the postprocessing algorithms can be classified 
into two categories: image enhancement and image 
restoration. For algorithms based on image enhancement, 
the goal is to improve the perceived quality subjectively. 
For the image restoration approach, the postprocessing is 
viewed as an image recovery problem. Some classical 
image restoration techniques, including constrained least 
squares (CLS)[1], projection onto convex sets (POCS) 

[2][3], and maximum a posteriori (MAP) [4] restoration 
have been used to alleviate compression artifacts.   

In this paper, we propose a new algorithm that 
postprocesses DWT-based compressed image at very low 
bit rate using the restoration technique. The motivation is 
that almost all the algorithms used on BDCT-based 
compressed images cannot be applied directly to the 
DWT-based compressed image because the boundary 
positions used as prior knowledge in the BDCT-based 
compressed images do not exist for DWT-based 
compressed images. And some other existent algorithms 
using either image restoration [4] or image enhancement 
[5] techniques on DWT-based compressed images have 
little effect when the compression bit rate is very low due 
to all of them do not consider the blurring effect in 
quantization process.    
   

2. POSTPROCESSING MODEL 
  
A typical image degradation model for wavelet-based 
image compression system has the form QWxQWy 11 −−= , 
where y represents the degraded image, x  original image, 
W  wavelet transform, Q  quantization, 1−Q  inverse 
quantization and 1−W  inverse wavelet transform 
respectively. Thomas P. O’Rourke [4] uses this model and 
gives the MAP estimation directly. Because the 
conditional probability )( xyPr

 is a constant, under the 
MAP estimation, the optimization is only on the prior 
knowledge )(xPr . But only using this kind of prior is too 
week to deal with the postprocessing task especially when 
the bit rate is very low. From figure 1.a), we can see that 
the degraded image suffers from severe quantization noise 
as well as annoying blurring. For the purpose of removing 
quantization noise at the same time debluring, we present 
a new model for postprocessing    

ξ+= Dxy ,                             (1) 
where D  represents blur kernel and ξ  quantization noise 
respectively. Here we regard that the original image is 
firstly blurred by D  and then quantization noise is added 
before the degraded image y is obtained.     

0-7803-8554-3/04/$20.00 ©2004 IEEE. 1811



 3. MAP ESTIMATION 
  
Using the model  (1) to postprocess the compressed image, 
a MAP estimation technique is proposed. The estimation 
of D  and x  is given by 
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where ),( yDxPr
 is the posteriori distribution which is a 

measure of how likely the D  and x  result in y . Using 
Bayes rule, (2) becomes  
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where the PDF )(yPr  of the observed image is a constant 
which will be omitted in optimization. Considering that 
the blur kernel is only related with the compression 
process, or precisely related with the bit rate, we can 
regard that D  and x  are independent: )()( xPDxP rr = . So 
(3) can be simplified as 
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3.1. Image Priors 
  
Commonly, a useful model for the image prior is based on 
the stationary Gaussian zero-mean probability density 
function 
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where xR  is the covariance matrix of image x . When 

CCR T
x α ′=−1 , (5) becomes 
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where Z  is a normalized constant and α′  is a positive 
unknown parameter that controls the smoothness of the 
image. C  represents a highpass filter. From the analysis 
of section 2, we know that only using this kind of 
smoothness constraint is not enough for the postprocess 
task. Other smoothness constraint dealing with 
quantization noise must be considered which will play the 
role of suppressing the ringing effects. Here we use the 
2D median filter and incorporate it into the PDF (6)   
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)(xMed represent the median filtering process and 
2)(xMidx −  is used to punish the quantization noise. α′  

and β ′  control the influence of the two norms.  
   

3.2. The likelihood  
   
We use Gaussian assumption for the noise ξ . It is 
straightforward to see that the likelihood is give by  
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where 
ξR  is the covariance matrix of noise ξ . If ξ  is 

modeled as a zero-mean IID Gaussian process, we have 
IR 2σξ = . Then it becomes 
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where Z  is a normalized constant too. 
  
3.3. Blur Kernel Prior 
  
There is little prior knowledge about the blur kernel prior, 
but we know that it is a lowpass filter and satisfied the 
normal lowpass filter constraint. Like the distribution in 
(6), we consider that the blur kernel is smooth too due to 
its lowpass property. So the prior is give by  
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where A  is a highpass filter and 2AD  is used to 

penalize the acute change of the kernel’s coefficients.  
  

4. SOLUTION OF MAP ESTIMATION 
  
Substituting (7), (8) and (9) into (4), we get 
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Maximizing (10) is equal to minimizing following 
equation 
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where ασα ′= 2 , βσβ ′= 2 , γσγ ′= 2 . Let  
2222 )(),( ADxMedxCxDxyDxJ γβα +−++−=

, then the above MAP estimation problem can be 
developed into a constrained optimization problem 
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where xC  is a constraint set of x  and DC  is a constraint 
set of D . 

The gradient of ),( DxJ  can be expressed as 
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where )(xMedM = . Because the gradient of )(xMed  is 
difficult to get, we can regard it as a constant 
approximately when computing the gradient of ),( DxJ . 
The minimum reaches when the gradient is equal to zero, 
then the above equations become 

MyDxICCDD TTT ββα +=++ )( , 
yxDAAxx TTT =+ )( γ .                                  

Here we use the Van Cittert [10] iteration method to solve 
them  
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where 1λ  and 2λ  are the step size of iteration. The 
iteration must be done alternatively, because when 
iterating one variation the other must be regarded as a 
determined one. The algorithm is given as following     
1) Initialize x  and D : 
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c. Project on the constraint set:  
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3)  Stop when converged, else 1+= kk  and go to 2) 

In the theory of POCS [2][3], the constraint set has the 
form { }NiFWxFxC iikikx ,2,1,)(| maxmin =∀≤≤= , where 
W  represent the wavelet transform, min

iF  and max
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represent the quantizer’s boundary at location i . The 
projection )( kC xP

x
 of kx  onto xC  can be expressed as 
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5. NUMERICAL EXPERIMENTS 
  
The proposed method is applied to image that is 
compressed using EZW [8] algorithm at 0.07 bpp. In our 
experiment, the size of D  is selected as 77× , because the 
small size of D  has little effect to debluring while large 
size introduces ring effect in the restoration. Here we 
adopt the method similar to [9] to select the regularization 
parameter α ,γ , 
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The regularization parameter β  is very sensitive to the 
selection in our experiment. This is easy to understand. 
Because that β  acts on the term ))(( xMedx − , any value 
much larger than 1 will introduce a lager term xβ , which 
will lead to unstableness in iteration. To ensure the 
robustness, we select that the value of β  will not exceed 
1.1. Here β  is selected adaptively in the iteration process, 
which means a larger value of β is selected at the 
beginning and a smaller one is used when the iteration is 
close to end. This will result in a better performance.       

 In [10], we know that small step size 1λ  and 2λ  should 
be selected to ensure the convergence. But proper scale 
between 1λ  and 2λ  is very important too because 1λ  acts 
on the iteration of x and 2λ  acts on D . Instead of the 
method in [9], here we give a different explanation of how 
to choose the proportion. Analyze (15) and change it into  

k
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k
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Its energy is almost ∑ x  times larger than )ˆ( kDxy − , 

because of the convolution with Tx .  Considering that the 
value of D  is not larger than 1 because that ∑∑ =

i j
jiD 1,

, 

the energy of )ˆ( kDxy −  is at least 255 times larger than D . 
So 2λ  must be small enough. Here we select 

.
ˆ255

1
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We compare our method with other method [6][7] and 
the results are presented in fig.1. The identified blur 
kernel after 30 times iteration is shown in fig.2. We use 
PSNR to assess the quality of image. In our experiment, 
the PSNR of compressed image is 26.29db. After the 
postprocess proposed by us, the PSNR is improved to 
27.42db, more than 1db improvement is achieved. The 
PSNR results are shown in table 1. 

1813



 
                      (a)                                              (b)                                                  (c)                                              (d)  

Fig. 1 The result:  (a) Compressed image at 0.07 bpp;  (b) Filtering method used in [7]; 
(c) Aria Nosratinia’s method in [6]; (d) the proposed method in this article  

 
Fig. 2 The identified blur kernel D  after 30 times iteration 

   
Image (a) (b) (c) (d) 

PSNR(db) 26.29 25.57 24.95 27.42 
Table 1. PSNR comparison 

   
  

6. CONCLUTION 
  
In this paper, a new compressed image postprocessing 
algorithm based on restoration theory is proposed. Under 
the Bayesian analysis, MAP estimation is given. We use 
the blur kernel to model the blurring effect in compressed 
image at the same time use median filter to detect the 
quantization noise and penalize it in the optimization 
process. Results show both the subjective perceived 
quality and objective evaluation are improved. 
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