
EUROGRAPHICS Workshop on Multimedia (2004)
N. Correia, J. Jorge, T. Chambel, Z. Pan (Editors)

A Training-Based Method for Reducing
Ringing Artifact in BDCT-Encoded Images

Guangyu Wang,y Tien-Tsin Wong,z and Pheng-Ann Hengx

Department of Computer Science & Engineering
The Chinese University of Hong Kong

Abstract
The quantization procedure of block-based discrete cosine transform (BDCT) compression (such as JPEG) in-
troduces annoying visual artifact. In this paper, we propose a novel training-based method to reduce the ringing
artifact in BDCT-encoded high-contrast images (images with large smooth color areas and strong edges/outlines).
Our main focus is on the removal of ringing artifact that is seldom addressed by existing methods. In the proposed
method, the contaminated image is modeled as a Markov random field (MRF). We ‘learn’ the behavior of contam-
ination by extracting massive number of artifact patterns from a training set. To organize the extracted artifact
patterns, we use the tree-structured vector quantization (TSVQ). Instead of post-filtering the input contaminated
image, we synthesizean artifact-reduced image. We show that substantial improvement (both statistical and vi-
sual) is achieved using the proposed method. Moreover, since our method is non-iterative, it can remove artifact
within a very short period of time.

1. Introduction

The block-based discrete cosine transform (BDCT) is the
core of many current image and video compression stan-
dards, such as JPEG [PM93] and MPEG [RH96]. In particu-
lar, JPEG has been a popular image standard since early 90’s.
Even though we now have wavelet-based JPEG2000, there
are still many existing images already encoded using JPEG.
Unfortunately, BDCT-based JPEG has a drawback, which is
the annoying visual artifact. Such artifact is especially ap-
parent inhigh-contrast images compressed at low bit rates.
We refer high-contrast images as the ones with large smooth
color regions and strong edges/outlines. A typical example
is cartoon image (Fig. 1(a)).

Since 1992, JPEG has been established as the interna-
tional standard for still image compression. An image is first
subdivided into blocks of 8�8 pixels and each block is trans-
formed from spatial domain to frequency domain using dis-
crete cosine transform (DCT). The DCT coefficients are then
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Figure 1: BDCT compression artifact. (a) A typical BDCT-
encoded (contaminated) high-contrast image; (b) the block-
ing artifact; (c) the ringing artifact.

quantized and run-length encoded. In principle, DCT does
not introduce artifact. It merely transforms the original im-
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age to a domain in which it can be more effectively encoded.
However, the preceding quantization of DCT coefficients is
lossy and may introduces visual artifact.

There are mainly two types of artifact, namely theblock-
ing artifact and theringing artifact. Excessive quantization
of low-frequency coefficients introduces the blocking arti-
fact, which exhibits color discontinuity at the block bound-
ary, as shown in Fig. 1(b). Excessive quantization of high-
frequency coefficients causes the ringing artifact around
strong edges [WLY02], such as outlines of cartoon char-
acter (Fig. 1(c)). Ringing artifact may spread within the
8�8 block. Most existing methods are tailored for remov-
ing blocking artifact only. In this paper, we propose a novel
method to reduce ringing artifact.

Both subjective and objective qualities of BDCT-encoded
images can be significantly improved by reducing BDCT
compression artifact. In general, existing techniques for re-
moving BDCT compression artifact can be roughly divided
into three categories: post-filtering, projection onto convex
sets (POCS), and training-based methods.

As the visual artifact in a contaminated image is usu-
ally high-frequency artifact, a straight-forward solution for
reducing such artifact is to apply low-pass filtering. Reeve
and Lim [RL84] first proposed a space-invariant low-pass
filtering method. However such filtering often causes the
loss of high-frequency details, such as edges, in the orig-
inal image. Therefore, a number of adaptive spatial filter-
ing techniques [CWQ01, KH95, LKP98, MZ95] have been
proposed to overcome this problem. Projection onto convex
sets (POCS) [Com93] is a theory widely used for artifact re-
moval [WLY02, Zak92, JKK00, PKL98, YG97, LCPH96].
This method updates the BDCT coefficients by iteratively
projecting onto several constraints, which are formulated
by a priori knowledge of contaminated images. In recent
years, training-based methods [CHS98, Qiu00] have been
proposed. These methods only process pixels at the block
boundary and do not handle ringing artifact within the block.

In this paper, we aim at removing ringing artifact
in BDCT-encoded high-contrast images. We propose a
training-based method whichsynthesizes the image with less
artifact, rather than post-filters the BDCT-encoded image. A
training set is first prepared to providepriori knowledge that
assists us to reduce BDCT compression artifact. The train-
ing set consists of pairs of original images (images before
compression and without any artifact) and BDCT-encoded
images (contaminated images). We model the artifact as a
Markovian random field. To do so, we extract a set ofartifact
patterns from the training set. These massive artifact patterns
are looked up during the synthesis. To manage and query
such mass of patterns efficiently, we organize them using the
tree-structured vector quantization (TSVQ). As the ringing
artifact usually appears near the strong edges (Fig. 1), we di-
vide the input contaminated image into edge and non-edge
regions. For the edge region, we synthesize each pixel value
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�q

contaminated

Figure 2: The basic idea.

by querying the TSVQ with its neighborhood as a search
key. For the non-edge region where the ringing artifact is
not apparent, we simply copy the pixel values from the input
image.

The rest of this paper is organized as follows. Section 2
explains the rationale and basic idea of our method. Sec-
tion 3 describes the details of our proposed training-based
method. Section 4 evaluates the proposed method. Finally,
conclusions are drawn in Section 5.

2. Contamination as Markov Random Field

To reduce the visual artifact due to BDCT-encoding,we need
to understand its source. During BDCT-encoding, a 8�8
block of pixel values,f �u�v�, are transformed to frequency
domain by the discrete cosine transform. Each DCT coeffi-
cient is then quantized according to a fine-tuned quantization
table in JPEG standard. DCT itself does not introduce error,
but the preceding quantization does.

During DCT, the block of pixel values are transformed in
a deterministic manner. Moreover, since DCT coefficients
are quantized by a predefined quantization table in JPEG
standard, the introduced error is also deterministic. In this
sense, given the same input image and compression ratio,
the same visual artifact will be obtained.

After inverse discrete cosine transform (IDCT), a quan-
tization error in one DCT coefficient may affect every
pixel in the 8�8 block. In other words, once a pixel is
error-contaminated, its local neighborhood is very likely to
be contaminated as well. This observation suggests us to
model thecontaminated image as Markov Random Field
(MRF) [Li95]. MRF is the 2D expansionof Markov Random
Chain. It has been widely used in image processing and anal-
ysis. In MRF, the probability that a pixel takes certain value
is determined by the values of its local neighbors. This local
property is known as Markovianity. As contaminated image
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is subdivided into blocks of 8�8 pixels and each block is
encoded independently, the visual artifact must also be lo-
calized. Hence it conforms to the spirit of MRF.

Our method is different from traditional MRF techniques
which are usually iterative. Instead, our work is inspired by
the previous work in texture synthesis [WL00, EF01]. Efros
et al. [EL99] first modeled the sample input texture as MRF
and synthesized larger texture seamlessly. The key idea is
to synthesize a pixel value ˆq by looking up the pixel value
p̂ in the sample texture with ˆp’s neighborhood matches ˆq’s
neighborhood. Hertzmannet al. [HJO�01] extended the idea
to a training-based technique for non-photorealistic render-
ing. Mese [MV01] proposed a Look Up Table (LUT) based
method for inverse halftoning of images. Recently, Free-
man [FJP02] proposed another training-based method for
super-resolution. All these methods are based on MRF.

Intuitively speaking, the basic idea of our method is to
learn the relationship between the original error-free (A)
and the error-contaminated image (A�) from a training set
(Fig. 2). The training set contains pairs of the original and
contaminated images. Having learned this knowledge, we
synthesize an artifact-reduced image (B) instead of post-filter
the artifact in the contaminated image (B�). The synthesis is
performed in a pixel-by-pixel manner. When synthesizing
a pixel q̂ in imageB based on the contaminated imageB �,
the corresponding local neighborhoodωq in B� is used for
searching within the training set. When the best matching
block ω is found in the contaminated imageA�, its corre-
sponding center pixel ˆp in the original imageA is copied
to the synthesized imageB. This process is applied to ev-
ery pixel in the edge region where the ringing artifact usu-
ally appears. Since we learn how artifact is introduced in
the examples from the training set, we called our method a
training-based artifact-removal algorithm.

3. Our Training-Based Method

3.1. Formation of Artifact Vectors

The first step is to setup a training set. We use several pairs
of original images and their corresponding BDCT-encoded
images (contaminated images) to form the training set. One
way to obtain the training set is to randomly select images
from any image library. However, a huge number of images
are needed in order to acquire sufficient amount of artifact
patterns.

Instead, we generate the training set to tailor for our pur-
pose. As ringing artifact appears near sharp edges, we pre-
pare the training set by generating images containing two ba-
sic shapes,circle andcorner (Fig. 3). Although a circle looks
simple, it captures most edge information. Almost any curve
can be formed by connecting pieces of circular edges. The
corner type images are mainly used to tackle sharp chang-
ing outlines like the star shape. Multiple instances of these

two basic images are generated, each with different intensity,
background intensity and line width.

...

...
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...

...

... ...
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...

Figure 3: Our training set.

The most computational expensive part of our method is
the searching of matching neighborhood. Naively searching
the best matching block in the training set is impractical,
especially when the size of the training set is large. Our ap-
proach is to extract numbers ofartifact patterns from the
training set and we only search within these artifact patterns.
An artifact pattern is a square block of pixels (neighbor-
hood),ω in the contaminated imageA�. Each artifact pattern
implies a corresponding center pixel value ˆp in the original
counterpartA (Fig. 2). Since the artifact pattern is reordered
and stored in a vector form, we usually called it an artifact
vector. From now on, we shall use the two terms, artifact
pattern and artifact vector, interchangeably.

Selecting an appropriate size of artifact vector (the size of
neighborhood) is a trade-off between the computational cost
and the accuracy. Larger neighborhood in general provides
more local information and hence returns better result, but
the computation is more expensive. Since 8�8 blocks are
used in BDCT, the size of neighborhood should not exceed
8�8. From our experience, a 5�5 neighborhood provides
adequate local information and tractable computation. Since
the ringing artifact mainly appears at region with strong
edges, we only need to extract distinct artifact patterns from
edge region. This can drastically reduce the number of dis-
tinct artifact patterns. Therefore, the first step is to identify
the edge region. The identification process is shown in Fig. 4.
We first apply an edge detection to thecontaminated images
(Fig. 4(a)) in the training set and edge pixels are marked
(Fig. 4(b)). The reason we did not apply the edge detec-
tion to the original image is because the original image is
not available during artifact removal. Next, we check each
non-overlapping 8�8 block in the BDCT-encoded image to
see if it contains any edge pixel. If so, the corresponding
8�8 block in theoriginal image is tagged asedge block
(Fig. 4(c)).

For each pixel ˆp in the edge block of theoriginal image,
we look up its corresponding 5�5 neighborhoodω in the
contaminated counterpart (Figure 5). This neighborhood is
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Figure 4: Extraction of artifact vectors.
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Figure 5: Formation of artifact vectors.

then linearized to form the artifact vector. If the artifact vec-
tor is distinct, it is stored together with ˆp. We sayω implies
p̂, and denoted as

ω � p̂ �

Note that onlyω is searched and matched during synthe-
sis. The implied pixel value ˆp is the data to retrieve. During
the extraction of artifact vectors, the pixels near the image
boundary may not be able to form artifact vectors due to the
clipping by the image boundary.

3.2. Color Processing and Luminance Remapping

So far, we haven’t mentioned how we handle the multi-
ple color channels in color images. We did not perform ar-
tifact removal inRGB color space. Instead the color im-
ages are processed inYUV color space. As JPEG utilizes
YUV color model in representing color images, processing
in YUV color space avoids the overhead of color transforma-
tion. More importantly, the luminous componentY holds the

human-sensitive visual information while chrominous com-
ponentsU andV hold the color differences which are less
sensitive to human [Wan95]. This suggests that we can treat
each component independently.

As illustrated in Fig. 6, we apply the proposed artifact-
removal algorithm on theY component only, while compo-
nentsU andV are retained.U, V components and processed
Y component are then combined. We do not touchU andV
components because the observable visual artifact is mainly
due to the quantization error inY component. This heteroge-
neous strategy reduces both memory consumption and com-
putational cost due to searching, hence it shortens the time
for artifact removal while retaining the visual quality of the
recovered images. Since we only process theY component,
the training set only containsY components of image pairs.
The size of training set is hence reduced. To further gen-
eralize the extracted artifact patterns, we normalize them.
This allows the algorithm to focus on the patterns rather
than the absolute gray values. One way to normalize the pat-
tern is to use histogram equalization. However, it is com-
putational intensive, because we have to handle half million
of artifact patterns. Instead, we apply theluminance remap-
ping [HJO�01], a linear mapping that matches the means
and variances of the luminance distributions. Ifp is the lumi-
nance of a pixel in the artifact pattern, andp� is the remapped
luminance, luminance remapping is described by:

p�µp

σp
�

p��µn

σn
� (1)

whereµp andσp are the mean luminance and the standard
deviation of the original pattern respectively;µn andσn are
the mean luminance and standard deviation of the normal-
ized pattern and predefinedas 0.5 and 0.3 respectively. These
normalized patterns are then stored. Note that this luminance
remapping is also needed during the artifact removal.

3.3. Dominant Implication

Theoretically, one artifact patternωmay not imply (be asso-
ciated with) a unique pixel value ˆp. An artifact pattern may
in fact imply a set ofk possible pixel values, each with dif-
ferent probability.

ω � f p̂1� p̂2� � � � � p̂kg and
k

∑
i�1

Prob� p̂i� � 1 �

where Prob� p̂i� is the probability of ˆpi.

The probability of each ˆpi can be obtained from the train-
ing set. During the extraction of artifact patterns, we can
record the occurrences of each possible ˆp i. The normalized
count of each ˆpi will then be its probability. This probability
distribution should be stored together with the artifact pat-
tern. During the synthesis, the pixel value should be synthe-
sized according to this probability distribution.

Interestingly, we observed a phenomenon that there is al-
ways a dominant pixel value ˆp� associated with each artifact
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Figure 6: Heterogeneous strategy for different color components. For visualization purpose, U and V components are shifted
to �0�1�.
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Figure 7: Probability of dominant pixel.

pattern. One reason is related to the deterministic properties
of DCT and quantization. Another possible reason is that
we focus on high-contrast images which usually show less
variation in pixel values. High-contrast images usually have
large smooth color regions and strong edges/outlines.

To verify our finding, we plot the probabilities of the dom-
inant pixel values of all artifact patterns from our training
set in Fig. 7. In this training set of 112 image pairs, there
are 377,520 distinct artifact patterns. The average probabil-
ity of dominant pixel value, associated with these patterns,
is 99.98%. Among these artifact patterns, 377,420 patterns
(99.97%) are associated with a unique pixel value. Only 100
patterns associate with two or more pixel values. In Fig. 7,
we sort the artifact patterns according to the probabilities of
their dominant pixel values, so that the smallest is on the left.
The non-unique dominant pixels occupy a tiny portion only.

This observation of dominant implication suggests us a
way to simplify and speed up the process. We can simply
keep the dominant pixel value ˆp� and discard all other pixel
valuesf p̂1� p̂2� � � � � p̂kg� f p̂�g. Hence, there is no need to
store the probability distribution.

3.4. Tree-structured Vector Quantization

Even though we only extract artifact patterns from theY
component of color images, there are still enormous number
of patterns from the training set. Management of such huge
number of artifact patterns is crucial to fast query, hence fast
synthesis. Naive searching among the sea of artifact patterns
is impractical. Therefore, an indexing scheme is needed to
achieve fast query. Furthermore, even though we have a lot
of extracted artifact patterns, we may not find an exact match
in some cases. In case of no exact matching, the indexing
scheme should allow us to locate the closest artifact pattern.

To solve this problem, we employ the indexing technique
called tree-structured vector quantization (TSVQ) [GG92].
TSVQ is usually used in data compression. Because of its
hierarchical tree structure, an artifact pattern can be rapidly
looked up. It also has a nice feature that allows efficient
searching of the nearest pattern when the exact match does
not exist.

The construction of TSVQ tree is as follows. Firstly, the
centroid of all artifact vectors is computed, and this centroid
represents all artifact vectors. A node holding this centroid
is formed and is assigned as the root of TSVQ tree. Then we
divide the vectors intoτc groups, whereτc is an user-defined
constant. For each group, we compute the centroid and use
it as the representative of that group. To do so, we create a
node for each centroid and connect it as a child node of the
root node. Each child node is actually the root of the subtree
representing the corresponding group. Each group (subtree)
is then recursively subdivided (branched) until one of the
stopping criteria is reached.

To subdivide the set of artifact vectors into groups, we
need a metric to measure the similarity among vectors. The
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matching of pixels near the center pixel (the pixel being syn-
thesized) is more important than that of pixels farther away.
We employ the weighted Euclidean distance function.

De�ωa�ωb� �
r

∑
i
∑

j
G�i� j��ωa�i� j��ωb�i� j��2

�

whereωa andωb are artifact patterns being compared, and
G is a 2D Gaussian kernel with higher weight at the center.

There are also two user-controllable stopping criteria: the
number of subdivided groupsτc, and the maximum tree
depthτd . If any of them is satisfied, the subdivision should
be stopped. Constantτc controls the number of groups af-
ter subdivision. That is, it controls the number of children
of each interior node. If the number of vectors in the cur-
rent group is less thanτc, the subdivision should be stopped.
Constantτd controls the maximum depth of the tree, exclud-
ing the root level. If the depth of the current group is equal to
τd , further subdivision of the current branch should be pro-
hibited.

3.5. Artifact Removal

Once the TSVQ tree is constructed, we can perform the ar-
tifact removal. The constructed TSVQ tree is actually the
priori knowledge of BDCT-encoding artifact. Given a con-
taminated color image, we apply the synthesison theY com-
ponent only as explained in Section 3.2.

edge block
identification

edge areathe contaminated
image

copy

query

Figure 8: Pixel classification.

Just like the formation of artifact vectors, given an input
contaminated image, we need to identify the edge and non-
edge blocks. The same identification method as illustrated in
Section 3.1 is used to identify edge blocks (Fig. 8). All pixels
in the non-edge blocks of the contaminated image are simply
copied to the output as illustrated on the upper path in Fig. 8.
The non-edge blocks contain no recognizable strong edge
and hence they rarely contain ringing artifact. On the other
hand, all pixels in the edge blocks have to be synthesized by
querying the TSVQ tree.

The query process is illustrated in Fig. 9. Given a contam-
inated imageB�, we synthesize an artifact-reduced imageB
in a pixel-by-pixel manner for each pixel in edge blocks. For

contaminated image B'

query result
pattern in TSVQ

return pixel value

q
�

query pattern

r
�

counterpart in the
synthesized image

r
p
^

synthesized image B

Figure 9: Artifact removal.

each pixel being synthesized, we form a query patternωq by
re-ordering its corresponding 5�5 neighborhood in image
B�. The query vector is normalized using Equation 1 before
query. The example contaminated imageB � in Fig. 9 con-
tains only edge blocks. ImageB is initialized with a frame
of width of 2 pixels. The reason is that pixels on this frame
cannot form a 5�5 neighborhood for query. Therefore, these
pixels are simply copied from the contaminated imageB�.
This is one restriction of our current approach.

query result

query this pattern

return pixel value

q
�

1� 2� 3�

TSVQ

1p̂
2p̂ 3p̂

Figure 10: The query process.

We then query the artifact patternωq, by traversing the
TSVQ tree, as illustrated in Fig 10. Firstly, we compare the
query vectorωq with every child node of the root. The one
with the smallest weighted Euclidean distance is selected.
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The search continues to the next level of the branch until a
leaf node is encountered. Since the closest pattern should be
under this leaf node, we sequentially compare with all pat-
terns ({ω1�ω2�ω3} in this example). This sequential match-
ing process does not take much time as the number of pat-
terns inside a leaf node is very likely to be bounded by con-
stantτc. In this example,ω2 is the closest pattern. Its im-
plied pixel value ˆp2 is returned, luminance remapped (Equa-
tion 1), and copied to imageB. The synthesis continues until
the whole imageB is filled.

4. Experimental Results

To verify the proposed method, we implement it and setup a
training set. We create 112 images to setup such training set,
as shown in Fig. 3. These images are originally not contam-
inated with BDCT compression. They are then compressed
by the JPEG codec from Independent JPEG group to ob-
tain 112 contaminated images. The TSVQ tree is constructed
with τc � 9 andτd � 7, as we have found that this configura-
tion maintains a good balance between the query efficiency
and the complexity of tree.

To objectively measure the quality of synthesized images,
we use peak signal-noise ratio (PSNR) and Structural SIM-
ilarity (SSIM) [WBSS04]. PSNR is one of the most widely
used image quality assessments. However, it does not fully
capture the perceptual quality. Hence, we also measure our
results using SSIM index which is a particular implementa-
tion of the philosophy of structural similarity. Larger SSIM
value implies better image quality. The maximum SSIM
value is 1.

We test our method with 39 typical cartoon images.
The control images are the original non-contaminated im-
ages. Our method obtains an average PSNR improvement of
0.76dB and average SSIM improvement of 0.022. The aver-
age time of synthesizing each image is 0.95s.

Fig. 11 visually compares three input contaminated im-
ages with the corresponding synthesized images. Parts of
the images are blown up for comparison. The images in (a),
(d) and (g) of Figure 11 are in the resolution of 200�232,
200�256,and 200�159respectively. According to Table 1,
our method improves in terms of both PSNR and SSIM.

5. Conclusions

By modeling the contaminated image as MRF, we propose
a training-based method for reducing the ringing artifact in
contaminated high-contrast images, such as cartoon images.
Instead of post-filtering the contaminated image, we synthe-
size an artifact-reduced image. Using our method, the im-
age quality of all test cases is substantially improved, not
only subjectively but also objectively. Our method can ef-
fectively handle the ringing artifact which cannot be effec-
tively solved by previous methods. Like other training-based

methods, the size of training data affects the performance.
In general, more training samples will give better PSNR im-
provement.

One limitation of our current method is illustrated in
Fig. 12. In this example, the edge detection cannot detect
the edge in the circle of Fig. 12(c). Therefore that particular
block is tagged as non-edge block and no synthesis is per-
formed. A partial solution is to make use of multiple edge
detectors. However, no matter what kind of edge detection
filter is used, it is still possible that some edges are not de-
tected.

(a) (b) (c)

Figure 12: Some edges (in the circle of (c)) may not be iden-
tified and hence cannot be synthesized.

Currently, our method synthesizes images in a pixel-by-
pixel manner. We believe the speed can be substantially in-
creased if a patch-based approach is used. However whether
the quality of synthesized images is still preserved requires
further investigation.
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