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Maximum-Likelihood Parameter Estimation for
Image Ringing-Artifact Removal
Seungjoon Yang, Yu-Hen Hu, Fellow, IEEE, Truong Q. Nguyen, Senior Member, IEEE, and
Damon L. Tull, Member, IEEE

Abstract—At low bit rates, image compression codecs based on
overlapping transforms introduce spurious oscillations known as
ringing artifacts in the vicinity of major edges. Unlike previous
works, we present a maximum-likelihood approach to the ringingartifact removal problem. Our approach employs a parameter-estimation method based on the -means algorithm with the number
of clusters determined by a cluster-separation measure. The proposed algorithm and its simplified approximation are applied to
JPEG2000 compressed images. Our results show effective and efficient removal of ringing artifacts.
Index Terms—Hierarchical clustering, image ringing-artifact,
maximum-likelihood estimation, robust filter.

I. INTRODUCTION

J

PEG introduces a blocking artifact at medium and low bitrates because of its short and nonoverlapping basis functions. Overlapping transforms such as wavelet and GenLOT [1]
are introduced to reduce or eliminate the blocking artifact, but
they have spurious oscillations in the vicinity of major edges at
low bit-rates. Such a coding artifact is called the ringing artifact, which is due to the abrupt truncation of the high frequency
wavelet coefficients.
In practice, it is desirable to obtain an image free of compression related artifacts, thus improving image quality at low
bit rates. An artifact free image can be estimated from the
compressed image by maximum a posteriori (MAP) estimation
[2]–[4]. The problem is to estimate the artifact free image
given a compressed image . In MAP estimation approaches,
the quantity being estimated, , is considered to be a random
variable whose property is modeled by a probability density,
following the Bayesian viewpoint. The MAP estimate is the
that maximizes the posterior probability that is expressed in
terms of the conditional probability and the prior probability.
For transform based codecs, the conditional probability is
modeled in the transform domain, while the prior probability
is modeled in the spatial domain. This aspect significantly
increases the computational complexity when the solution is
obtained through iterative algorithms.
In this work, we employ a maximum likelihood (ML) estimation viewpoint where the quantity being estimated, in our
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problems, is regarded as a fixed but unknown quantity. This shift
in viewpoint requires a new formulation to describe the degradation process. We assume that the image is a montage of flat surfaces. The flat surface model is fitted to the observed image by
estimating the parameters of the model. We employ the -means
algorithm [5] in conjunction with a hierarchical clustering algorithm to achieve this fit. A cluster separation measure (CSM)
[6], modified for elimination of ringing artifact, is used in the hierarchical clustering algorithm to determine the number of flat
surfaces. The model parameters are estimated by the -means
algorithm. The proposed method is simplified by using a three
cluster model whose cluster centers are initialized by a deterministic rule. The simplified version of the proposed method is a
noniterative mapping between the neighboring pixel values and
the estimate. It is particularly attractive for its good performance
and simplicity. The proposed methods are applied to remove the
ringing artifact in images compressed by JPEG2000 [7]. The results show effective and efficient elimination of ringing artifact
with improved image quality.
Section II reviews existing methods of coding-artifact removal, including MAP estimation approaches and projection
onto convex sets (POCS). Section III introduces a ML viewpoint
to the artifact removal problem and presents the -means algorithm and the hierarchical clustering algorithm required in our
approach. A simplified ML algorithm based on a three cluster
model is presented. This algorithm is termed the robust filter.
Section IV includes the result of the hierarchical clustering algorithm and the results of ringing-artifact removal on JPEG2000
compressed images. Section V concludes the paper.
II. REVIEW OF EXISTING METHODS
Transform based image compression codecs can be modeled
by
(1)
where
compressed image;
original image;
forward transform;
inverse transform;
quantization operation.
Coding artifacts introduced by image compression codecs
can be removed by MAP estimation [2], [4] or POCS [8], [9],
where the estimate of the original image before the compression is obtained given a compressed image and the codec model.
Since the quantization operation is a many-to-one mapping, the
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estimation problem is ill-posed. By using prior information on
the estimate, the ill-posed problem is avoided.

where is derived to explicitly model the severity of the degradation coming from the coding artifact. The sets that define the
above constraints are given as

A. MAP Estimation
(9)
(10)

In MAP estimation approaches, the problem of estimating the
original image , given a compressed image , is written as [2]
(2)
(3)
depends on the specifics
The conditional probability
of the codec. For a transform based image compression codec
is
modeled by (1), the conditional probability
constant

(4)

where
(5)
, all the images in the
Under this conditional probability
feasible set in (5) are equally probable. Regularization allows
us to obtain a unique, meaningful solution out of all the images
in the feasible set.
In MAP estimation approaches, the quantity that we are
estimating is considered to be a random variable, and the prior
. If the
knowledge is described by the probability density
follows the Gibbs distribution [10], then
probability
(6)
where
set of cliques that belong to a neighborhood system;
clique potential function;
differential operator that models the dependency of the
pixels in the clique.
The operator is usually chosen such that the prior distribution
models the smoothness of the image. Robust forms of potential
functions [11], [12] are used to impose weak continuity on the
solution and to allow for edges in the MAP estimate.
in (4) and the prior
Using the conditional probability
in (6), the MAP estimation problem in (3) beprobability
comes
(7)
In [2], the Huber function is used as the potential function. In [4],
a set of functions derived from the line process is used adaptively
according to the local statistics of the image.
B. POCS
In POCS approaches [8], [9], the problem of obtaining an
artifact-free image is to find an image that satisfies the following
constraints:

(8)

where the recovered image is constrained to be in the interand .
section of
is the set of feasible images, the set of all the imThe set
ages that should compress to the observed compressed image .
Knowledge regarding the estimated image is imposed by the set
. In previous work, for example [8], is explicitly designed
to counter blocking artifacts. This is possible since block locations are known a priori in block based codecs. This is not the
case in codecs based on overlapping transforms. The location of
the distortion is not fixed by the structure of the bit stream.
Contrary to the MAP estimation approaches, the quantity
being estimated is not a random variable that is described by
the probability density. In POCS, is a vector with an unknown
and .
value whose properties are described by the sets
C. Motivation for a New Approach
Both MAP estimation and POCS approaches require iterative
algorithms in finding a solution. They need extra loads of computation in addition to the usual loads of iterative algorithms.
The algorithms operate on two different domains. The enforcegiven
ment of the feasible image set given in (5) and the set
in (9) operates on the transform domain. On the other hand, the
enforcement of our prior knowledge of smoothness of image is
enforced in the spatial domain by (6) for the MAP estimation
and by (10) for POCS. Hence, each iteration involves the addition of forward and inverse transforms to switch back and forth
between two domains. This aspect increases the computational
complexity significantly.
III. PROPOSED METHOD
In MAP estimation approaches, the quantity that we are estimating is considered to be a random variable whose property
. This view point
is described by the probability density
is based on the Bayesian estimation. Another approach to the
problem is the ML estimation, where the quantity being estimated is viewed as a fixed but unknown value. ML estimation
is usually simpler than Bayesian estimation. This paper adopts
the ML estimation viewpoint, and the image is considered to
be an unknown quantity.
In many instances, the purpose of ringing-artifact removal is
to replace a rippled surface with a flat one. We assume that the
estimate is a montage of flat surfaces. In order to manage a
broad class of images, a flat surface model is applied locally to
small regions of the image.
centered at
th
We begin with a window of size
pixel. This window slides through the compressed image pixel
by pixel to pick samples . A flat surface model consists of the
number of surfaces , grayscale values of each surface , and
corresponding surface information . The grayscale values of
vector . The surface information
each surface form a
is a
size matrix with its elements taking the values in
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. The flat surface model image of size
be written as

can

(11)
where is a vector valued indicator function. The computation
of from (11) requires an estimate of and . After the flat surface model image is obtained, the center pixel of , denoted
th pixel of the ringing-artifact-free
by , is taken as the
image .
The samples taken from the compressed image are regarded
as incomplete data with the cluster information missing. We
consider a problem of estimating the parameter from the com. The ML estimation of the model parameter
plete data
can be written as
(12)
By adding the missing data to the problem, it becomes
(13)
The order of the flat surface model, i.e., the number of surface
, is another model parameter that has to be determined. First,
we introduce a parameter estimation method assuming the order
of the model is given. The determination of the order of the
model will be discussed in Section III-B.
A.

-Means Algorithm

One way to solve the problem with missing data is the expectation maximization (EM) algorithm that consists of the following two steps:
E-Step
M-Step
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Note that, in the E-Step of the -means algorithm, we determine
the most probable surface configuration. Clustering algorithms
based on the -means algorithm have been used in image segmentation [13]–[16]. We adopt the -means algorithm for its
simplicity and good approximation of the EM algorithm [14].
B. Cluster Validation
This section addresses the determination of the order of the
flat surface model. Removal of the ringing artifact depends on
the order of the model. For example, Fig. 1 shows degradation
by the ringing artifact on a synthetic image. In order to restore
a ringing-artifact-free image, the number of surfaces in the flat
surface model has to be chosen correctly as two. As the window
slides through the image to pick up the samples , the statistics
of samples may change. Hence, the number of surfaces may
also change and must be determined from the samples .
The cluster validation is the problem of finding the number
of clusters in cluster analysis, or the number of surfaces in our
problem. Partitional clustering methods require input from the
user to determine the number of clusters. Hierarchical clustering
and determethods produce nested partitions of one to
mine the number of clusters through a criterion of merit [17].
1) A Hierarchical -Cluster Model: One of the criteria of
merit is to use the cluster separation measure (CSM) [6]. Similarity between two clusters is defined by
(18)
is the variance of the samples in the cluster.
is
where
an intuitive measure of similarity. When the distance between
the clusters increases while the variances remain the same, similarity decreases. When the variances decrease while the distance
remains the same, similarity decreases. For a given number of
, the average CSM is
clusters

(14)
(19)

(15)

In E-Step of the EM algorithm, we take expectation of the
log-likelihood function with respect to the missing data . There
is a probability related to the surface information . The decision
on the surface configuration is through the probability, where a
particular configuration of is given with a corresponding probability. Hence, it is a soft decision on the surface information. In
practice, taking the expectation over all possible surface information is not applicable because of the huge number of possible surface configurations. If we replace the soft decision with
the hard decision based on which configuration is most probable, there is no need for taking the expectation. Since the expected value is going to be dominated by the most probable surface configuration, the replacement of the decision provides a
good approximation. This approximation of the EM algorithm
is called the -means algorithm [5]. The approximation of the
EM steps in the -means algorithm are
E-Step

(16)

M-Step

(17)

The number of the cluster is determined by
(20)
CSM is suitable for our problem of ringing-artifact removal
because it uses the distance between the clusters. A ringing-artifact-free image can be obtained by prohibiting surfaces with
similar grayscales. Hence, we should prohibit surfaces with centers that are near to each other. To achieve this, the similarity in
(18) is modified to
(21)
The function

is given by
if
otherwise

(22)

where is a positive parameter and is a small positive constant
less than . The use of the function makes the clusters whose
center distances are less than equally similar to each other.
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Fig. 1. Degradation by the ringing artifact, an example with a synthetic test images. (a) Original image. (b) Compressed image. (c) Histogram of original image.
(d) Histogram of compressed image.

With being a small number, the number of clusters with
clusters close together is less likely to be chosen as the order of
the flat surface model . The function is a variant of Vapnik’s
-insensitive function [18].
The first way to solve the problem in (13) is to use the
-means algorithm, with the number of surfaces determined by
the hierarchical clustering method. The algorithm is summarized by the following.
STEP 1:
Run

k

-means algorithm with

L

clus-

ters.
Measure the maximum similarity between every two cluster pairs.
R[k ]

=

max

Rk;l ;

for

k

= 1; . . . ; L

Take the average.
CSM[L] = avek=f1;...;Lg R[k ]

Merge two clusters with largest
}

R[k ]

.

STEP 2: Determine the number of the cluster.

K

STEP 3: Run

k

=

f

min

L= 2;...;K

g

CSM(L)

-means algorithm with

K

clusters.

The limitation of CSM is that it requires at least two clusters. In order to make a one cluster model available, we add a
and
decision step in STEP 2. If the minimum occurs at
the distance between the centers of two clusters are smaller than
, the two clusters are merged to become one cluster. Another
limitation of the CSM is that it requires at least one sample in
each cluster. Following the method in [6], arbitrary large variance is applied to the cluster with one sample. Since the samples
are from the compressed image, there are cases when all the
samples in a cluster have the same grayscale values making its
variance zero. One cannot measure the similarity between the
clusters when both have zero variances. To avoid this case, variances of those clusters are set to one.
2) Three-Cluster Model: A Robust Filter: The second algorithm to solve the problem in (13) is developed by using a
three-cluster model with the cluster centers determined by a
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simple rule. Given the samples
tialized as

967

, the cluster centers are ini-

(23)
denotes the grayscale value of the center pixel in the
where
window. Furthermore, the number of iteration in the -means algorithm is set to one. The estimate is still an ML estimate under
approximated by the abbreviated
the probability density
-means algorithm.
is taken as the
Note that the center pixel of the window
th pixel of the ringing-artifact free image . Therefore,
which
takes is the only parameter of interest. In Section III-B-1, a hierarchical algorithm is used in order to single
out the samples that belong to the same cluster as . In the
three cluster model, we assume that the samples in that are
in grayscale values than belongs
closer to the center pixel
to the same cluster. Then the parameter of our interest becomes
a mean of the samples in that cluster. A mapping between the
th pixel of , is
samples in and the value , or the
called the robust filter. The robustness is in that the effect of
the samples outside of that cluster on the estimate is limited or
reduced.
The operation of the robust filter can be written explicitly. Let
denote the index set of pixels in centered at the
th
such that
pixel. Define the index set
(24)
For the entire image, the robust filter can be written as
(25)

where is the indicator function and
by
image. Denote the function

is over the entire
Fig. 2. Test images for hierarchical clustering algorithm, parts of the bike
image. Ringing artifact: (a) visible oscillation near edges and (b) masked by
texture—not objectionable.

(26)

We regard as a parameter of the function , and adopt a notainstead of
. The robust filter is equivalent
tion
to the ML estimation of the image with the probability
modeled by the potential function
, such that
(27)
The estimate is
(28)
where

is the conditional mean defined by
(29)

where
is the number of pixels in the set
.
The estimate is just a conditional mean of neighboring pixels.
Its computational complexity is far less than that of the algorithm with cluster model, MAP estimation-based algorithms,
or POCS-based algorithms.

IV. EXPERIMENTS AND RESULTS
In this section, we demonstrate the validity of the proposed
methods. Section IV-A explains how the hierarchical clustering
algorithm determines the order of the flat surface model with
examples. Section IV-B shows the results of the ringing-artifact
removal algorithms based on both the hierarchical clustering
and the three cluster model with JPEG2000 compressed images.
In all the experiments, we employ a Gaussian mixture model for
.
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Fig. 3. Example of hierarchical clustering algorithm with the test image (a), cluster center  for L
K
= 10.

A. Hierarchical Clustering
Fig. 2(a) is a part of the bike image, which is compressed
by JPEG2000 at 0.125 bits per pixel (bpp). This part of the
image shows visible oscillation near edges due to the ringing
artifact. The hierarchical clustering algorithm is initiated with
and equally spaced cluster centers.
should be
also alleviates
larger than the actual model order. Large
the problem involved with the initialization of the cluster centers
is set to 10.
in the -means algorithm. In the experiments,
The algorithm finds the cluster center with the given cluster
model, and measures the average CSM. The two clusters which
are most similar to each other are merged, and the algorithm
cluster model until
. Fig. 3 shows
continues with the

=

f2; . . . ; K

g are shown at the bottom of histograms.

TABLE I
EXAMPLE OF HIERARCHICAL CLUSTERING ALGORITHM WITH THE TEST IMAGE
(A), AVERAGE CSM, THE MINIMUM OCCURS AT L = 2. THEREFORE, THE
ORDER OF FLAT SURFACE MODEL K IS CHOSEN AS TWO
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Fig. 4. Example of hierarchical clustering algorithm with the test image (b), cluster center  for L
(K
= 10).

the histograms and the cluster centers with
.
Table I shows the average CSM for each cluster model. For the
case, there are clusters whose center distance is less than
. With chosen as a very small number, the average CSM tends
to infinity. The minimum of the average CSM occurs with the
two cluster model. The hierarchical clustering algorithm picks
. With
the two cluster model for the given image. Hence,
the two cluster model, the ringing around the edge will be removed.
Fig. 2(b) is another part of the bike image at 0.125 bpp. This
part of the image contains texture. The ringing artifact in this
part of the image, if there is any, is not objectionable because it
is masked by the texture. This part of image should be modeled
with a sufficiently large number of clusters so that texture is
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=

f2; . . . ; K

g are shown at the bottom of histograms

preserved. The same experiment is repeated to demonstrate the
validity of the hierarchical clustering algorithm. Fig. 4 shows
the histograms and the cluster centers, and Table II shows the
average CSM. The minimum of the average CSM occurs at
. Hence, the order of the model is set at eight.
Two examples, one for the region containing major edge and
the other for the region containing texture, show that the hierarchical clustering algorithm operates correctly and can be used
to estimate the order of our flat surface model.
B. Image Ringing-Artifact Removal
The proposed methods are applied to the ringing-artifact removal of JPEG2000 compressed images. A set of test images
consists of the Aerial2, Bike, Café, Chart, Target, Tools, and
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TABLE II
EXAMPLE OF HIERARCHICAL CLUSTERING ALGORITHM WITH THE TEST IMAGE
(B), AVERAGE CSM, THE MINIMUM OCCURS AT = 8. THEREFORE, THE
ORDER OF FLAT SURFACE MODEL
IS CHOSEN AS EIGHT

K

L

k

Fig. 6. Image post-processed by the -means algorithm and the hierarchical
clustering based method, a part of the bike image at 0.125 bpp. (a) Image. (b)
Edge map.

Fig. 5. Compressed image, a part of the bike image at 0.125 bpp. (a) Image.
(b) Edge map.

Woman images. Images are compressed at 0.125 and 0.0625
bpp, and the proposed methods are applied to remove the ringing
artifact.

Fig. 5 is a part of the bike image compressed at 0.125 bpp. The
image in Fig. 5(a) shows the ringing around the edges, and the
edge map in Fig. 5(b) shows the false edges introduced by the
ringing artifact. Fig. 6 shows the result of the proposed method
cluster model. Fig. 7 shows the result
with the hierarchical
of the robust filter. Images in Fig. 7(a) in both figures show effective removal of the ringing artifact, which is validated by the
removal of false edges in the edge maps shown in Fig. 7(b). Subjective image quality is improved greatly after the elimination
of the ringing artifact.
The visible ringing measure (VRM) [19] is an objective distortion measure for ringing artifacts. It is the average local variance calculated on a small-size window in the vicinity of major
edges. Ringing-artifact-prone regions are detected by a series
of morphological operations. First, an edge map is generated by
the sobel operator. After the edge map is cleaned by de-noising
and line–curve linking, the edge map is dilated to indicate the
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Fig. 8. Illustration of each step involved in VRM: (a) image; (b) edge map; (c)
dilated edge map; and (d) VRM mask after the actual edges are excluded. VRM
is the average local variance in the region indicated by the VRM mask.

VRM

OF THE

TABLE III
COMPRESSED IMAGES AND THE POST-PROCESSED
IMAGES AT 0.125 BPP

VRM

OF THE

TABLE IV
COMPRESSED IMAGES AND THE POST-PROCESSED
IMAGES AT 0.0625 BPP

Fig. 7. Image post-processed by the robust filter, a part of the bike image at
0.125 bpp: (a) image and (b) edge map.

region around the major edges. Then the actual edges are excluded. Variations of grayscale values inside the detected region
are due to the oscillations introduced by the ringing artifacts.
Therefore, the average variance of the pixel values in this region
can be used to quantify the degradation. Each step involved in
VRM is shown in Fig. 8. In [19], a sequence of morphological
operations for removal of the ringing artifact is also provided.
Tables III and IV show a decrease in VRM after post-processing
the images by the proposed methods, which confirms the removal of the ringing artifact.
One of the major advantages of the robust filter is its simplicity. Its computational complexity is far less than all POCS
or MAP-based post-processing schemes. One of the measures
of complexity is processing time compared to decoding time.
Processing time of the robust filter is about the same as decoding time. The results are shown in Table V. Both decoding
time and processing time include file i/o. The program is written

in straight forward C++ and tested on a 333-MHz dual-Pentium
PC with 512 M RAM running on Windows NT 4.0.
Another issue in terms of implementation is memory usage.
Most of the iterative algorithms need an image size buffer to
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TABLE V
DECODING TIME AND PROCESSING TIME OF THE ROBUST FILTER INCLUDING FILE I/O, ON A PC WITH DUAL 333 MHZ PENTIUM PROCESSORS AND 512 MBYTE
MEMORY RUNNING WINDOWS NT 4.0

varying region is represented by a series of staircase-like
step edges. Fig. 9 shows the comparison between one of the
existing methods [23] and the robust filter. The algorithm
in [23] approximates the projection onto the feasible image
set with a nonlinear operation to reduce the computational
complexity. The image in Fig. 9(a) shows the staircase effect of
that algorithm. The edge map in Fig. 9(c) shows the false edges
introduced by the staircase effect. In other parts of the image,
the staircase effect is responsible for making post-processed
images cartoon-like or painting-like. The image and the edge
map in Fig. 9(b) and (d) show the result of the proposed robust
filter. It shows better preservation of smooth regions by the
proposed robust filter.
V. CONCLUSION

Fig. 9. Staircase effect, a part of the Bike image at 0.125 bpp (a) image
post-processed by an existing method, (b) image post-processed by the
proposed robust filter, (c) edge map of the image processed by an existing
method, and (d) edge map of the image processed by the proposed robust filter.

store the intermediate results during the iteration. In the proposed method, the estimation depends only on the samples in
a finite-size window. The algorithms can potentially be implebyte buffers for the
size sliding
mented with
window. Currently, the algorithms are implemented with
size buffers for an
image.
In some MAP estimation based approaches, prior knowledge
of smoothness is modeled by the Gibbs distribution with a
so-called redescending function [12] as a potential function.
When a redescending function is used to model , the feasible
image set should be enforced strictly [3]. Otherwise, the artifact
removal process might introduce another type of artifact
called the staircase effect due to the property of redescending
functions [20]–[22]. The staircase effect is a phenomenon in
which a graded edge is broken into pieces during the restoration
process. It is due to the fact that the redescending functions
prefer step edges to graded edges. Consequently, a smoothly

In this work, removal of the image ringing-artifact is posed
as an ML parameter-estimation problem. The ML estimation
viewpoint requires a new way to model the degraded image.
We model the probability density of the degraded image as the
one that peaks at the ringing-artifact-free flat surface. The ML
estimate is obtained for the probability density estimated by the
-means algorithm with the number of flat surfaces determined
by a criterion of merit. In contrast to the Bayesian viewpoint, the
ML formulation leads to a simple approximation of the problem.
The proposed algorithm and its simplified version are applied
to the ringing-artifact removal from JPEG2000 compressed images. The results show effective removal of the ringing artifact with significant reduction in computational effort in the
three-cluster case. The simplified algorithm has the advantage
over many post-processing algorithms because of its good performance and simplicity.
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