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Abstract. A novel method is proposed for post-processingof JPEG-encoded im-
ages, in order to reduce coding artifacts and enhance visual qualit y. Our method
simply re-applies JPEG to the shifted versions of the already-compressed image,
and forms an average.This approach, despite its simplicit y, o®ersbetter performance
than other known methods, including those basedon nonlinear ¯ltering, POCS, and
redundant wavelets.
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1. In tro duction

Block transform coding of images,via the Discrete Cosine Transform
(DCT), has proved to be a simple yet e®ective method of image com-
pression.Di®erent implementations of this method havefound widespread
acceptancevia international standards for image and video compres-
sion, such as JPEG and MPEG standards.

The basicapproach for block-transform compressionis fairly simple.
The encoding processconsistsof dividing the image into blocks, typi-
cally of size8 £ 8. A block transform, typically the DCT, is applied to
theseblocks, and the transform coe±cients are individually quantized
(scalar quantization). To e±ciently represent the resulting data, certain
losslesscompressionoperations are performed on the quantized data,
typically consistingof a zig-zagscanof coe±cients and entropy coding.
A simpli¯ed diagram of this overall processis shown in Figure 1.

The block encoding process,while simple and e±cient, also intro-
ducesa number of undesirableartifacts into the image;the most notable
are blocking artifacts (discontinuities at the block boundaries) and
ringing artifacts (oscillations due to the Gibbs phenomenon). These
artifacts becomemore pronouncedwith increasingcompressionratio.

A signi¯cant body of work has evolved to addressthe enhancement
of DCT-compressedimages.The problem of JPEG imageenhancement,
in particular, is of great interest due to the fact that the number of
JPEG encoded images is currently in the millions, and will continue
to rise for at least the next few years, well beyond the impending
intro duction of JPEG 2000. A prime example of this proliferation is
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Figure 1. The JPEG encoding system

on the Internet, wherenumerousweb pagesuseJPEG encoded images.
Another exampleare the imagesproduced by digital cameras.

In this paper we present a novel postprocessingtechnique for the
reduction of compressionartifacts in JPEG-encoded images.This ap-
proach is a signi¯cant departure from the previous signal processing
methods, in that it does not speci¯cally look at the discontinuities at
block boundaries,neither doesit makedirect useof smoothnesscriteria.
It usesthe JPEG processitself to reduce the compressionartifacts of
the JPEG-encoded image. This approach is very easy to implement
and, despite its simplicit y, has highly competitiv e performance.

2. Background

Past work on the enhancement of JPEG-encoded images has largely
focused on enforcing various smoothness criteria on the compressed
image. The model for smoothness or continuit y of the image can be
deterministic or stochastic, and the enforcement of the model can vary,
from regularization-based optimization to projection on convex sets
(POCS) to adaptive and space-varying ¯lters.

The earliest attempts in enhancing block-encoded images involved
space-invariant ¯ltering [1]. It was quickly discovered, however, that
space-invariant ¯lters are generally not very e®ective for this applica-
tion; they either do not remove enoughof the artifacts, or oversmooth
the image.

Space-varying ¯lters provide a more °exible framework for the re-
duction of compressionartifacts. An early example of the application
of space-varying operations to block-encoded imagesappeared in [2].
Space varying methods usually involve a classi¯cation step. For ex-
ample, Kuo and Hsieh [3] classify image blocks according to hight
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or low AC activit y, and apply the enhancement processonly on the
active blocks. The algorithm in [3] involves edge detection, and the
space-varying ¯lter is designedsuch that it doesnot smooth the edges.

In a di®erent space-varying approach, Chou et al. [4] and Xiong et
al. [5] classify the block boundaries according to the local activit y in
the image: If the discontinuit y at a block boundary is small compared
to the local energy in the image, then it is likely that the discontinuit y
is entirely due to quantization, therefore a strong ¯ltering operation is
performed on it. However, very large discontinuities at block bound-
aries are lesslikely to be due to quantization alone, therefore a milder
smoothing operation is performedon them, sothat the imageedgesare
preserved.

A number of other related methods alsodepend on classi¯cation and
space-varying operations, e.g. [6, 7, 8].

Another classof postprocessorsutilize a reconstruction method known
asProjection on Convex Sets(POCS). Usageof POCS for imagerecon-
struction goes back to the work of Yula [9], and Yula and Webb [10].
This method is basedon the well-known topological property that the
nonempty intersection of a set of closedconvex sets is itself a closed
convex set. This intersection can be reached through repeatedalternate
projections onto the original sets. In the postprocessingapplication,
one convex set consistsof all original imagesthat are quantized to the
given compressedimage. The other convex sets are de¯ned to express
the smoothnessof the original image.The intersection of all thesesets,
as found by POCS, is a better approximation to the original image
than the compressedimage itself. POCS is elegant in design, but its
convergenceis critically dependent on the a-priori assumption that the
representativ e setshave nonempty intersection.

One of the earliest POCS postprocessorsfor JPEG was proposed
by Zakhor [11], 1 where the smoothnessconvex set consistsof lowpass
bandlimited images.Reeves and Eddins [12] pointed out that a non-
ideal lowpass¯lter, like the oneusedin [11], is not a projection operator
and therefore the algorithm, strictly speaking, cannot be classi¯ed as
POCS,but is rather a constrainedoptimization method. Yanget al. [15]
proposeda di®erent convex set consistingof imageswith a total discon-
tinuit y acrossblock boundaries lessthan a given threshold (Figure 2);
this work wasextendedin [16]via a spatially adaptiveconvex set.Other
work utilizing POCS for JPEG postprocessingincludes [17, 18].

Constrained optimization is the basis of another family of JPEG
postprocessors.A subset of this class is known as regularization, a

1 This work has been subject to repeated inaccurate citation, including in [12,
13, 14, 15, 16]

final.tex; 21/10/2002; 13:01; p.3



4

Figure 2. Traditional JPEG denoising concentrates on block discontinuities.

method to solve ill-p osed inverseproblems. Yang et al. [15] proposed
a regularization scheme for a constrained least squares solution to
the postprocessingproblem. The constrained least squaresapproach
arises from the desire to remain within the quantization convex set
(constraint) but at the sametime minimize the highpassenergyof the
signal (expressedas least squares). [15] used a regularization method
to solve this problem. Hong et al. [19] applied regularization methods
in the subband domain to reduceDCT artifacts in images.

Another family of postprocessorsarebasedon sophisticatedstochas-
tic modeling of the image. All post-processorsuse a priori knowledge
of the image properties. However, in the model-basedapproach, the
a priori assumptions and their intro duction into the algorithm are
more explicit. Markov Random Fields (MRF) are among the more
successfulmodels applied to image enhancement. The algorithm of
O'Rourke and Stevenson [13] applies maximum a-posteriori (MAP)
estimation under a Markov prior, while constraining the solution to the
DCT quantization hypercube. Li and Kuo [20] developed a multiscale
MAP technique, again under the MRF prior. Becauseof the iterativ e
procedurenecessaryfor the generationof Markov RandomFields, MRF
techniques have a high computational complexity.

Strictly speaking, compressiondistortion is not a random noise, in
the sensethat the additiv e distortion induced by compression,condi-
tioned on the original (input) image,is completely deterministic. Under
certain conditions, however, compressionnoiseis uncorrelated with the
quantized (output) image. Therefore, denoising techniques originally
intended for random noisesituations can sometimesbe applied to the
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enhancement of compressedimages. Among the most simple and ef-
fective denoising algorithms are those using the wavelet transform.
Gopinath et al. [21] proposed an enhancement method involving the
oversampledwavelet transform, in conjunction with a soft thresholding
motivated by the minimax arguments of Donoho [22]. Gopinath et al.
¯nd the threshold based on a MMSE estimation of the quantization
noise.Another version of oversampledwavelet denoisingwas employed
by Xiong et al. [5]. We note that the oversampled wavelet denois-
ing of Gopinath as well as that of Xiong are both variations on the
so-called translation-invariant denoising intro duced by Coifman and
Donoho [23].

In the above we presented a quick overview of the main approaches
to postprocessingJPEG encoded images.For the sake of brevity, some
existing algorithms were not individually mentioned, among them [14,
24, 25, 26, 27, 28, 29]. These algorithms use variants or combinations
of the techniques already mentioned in this section.

3. JPEG denoising through JPEG

3.1. Algorithm

We present a simple and powerful technique for the enhancement of
JPEG-compressedimages.Our algorithm is a dramatic departure from
the known enhancement techniques, and simply consists of applying
shifted versionsof the JPEG compressionoperator to the JPEG-compressed
image. The algorithm is summarizedbelow:

1. Shift the compressedimagesin vertical and horizontal directionsby
(i; j ).

2. Apply JPEGto shifted image.

3. Shift the result back, i.e. vertically and horizontally by (¡ i; ¡ j ).

4. Repeat for all possibleshifts in the range[¡ 3; 4] £ [¡ 3; 4]

5. Averageall images

The quantization parameter and the quantization matrix of the
JPEG, for the postprocessingpurposes,is set to the samevaluesas the
compressedimage.This should present no di±culties, sincethe header
of the original JPEG image contains all necessaryinformation. The
block diagram of our postprocessingalgorithm is shown in Figure 3.
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The dual shifting of the image in each branch of Figure 3 essentially
amounts to a net shift of the boundaries of the block encoding pro-
cess,as illustrated in Figure 4. This demonstratesa basic motivation
behind our algorithm: The JPEG encoding processis known to reduces
the high-frequency content of the image. In other words, the high-
frequency components of the image are quantized more coarsely than
lower frequencies.But at the sametime, high frequencycomponents are
intro duced at the edgesof the blocks, becausethese edgese®ectively
are not \seen" in the DCT block-spectrum of JPEG. By taking various
shifts of JPEG, the original block boundaries will be exposed to the
frequency shaping of the JPEG encoding process,thus the magnitude
of the blockinesswill be reduced.

This secondaryencoding processitself will producenewblock bound-
aries, albeit smaller than the original one. One can put these new
block boundariesat any given location, by controlling the shift of the
secondaryJPEG encoding. However, there is no reasonto prefer any
given location over another, therefore we averageall shifts so that the
secondaryblockinessis di®usedover all pixels. In fact, with this process,
almost no blocking e®ectsare visible in the ¯nal postprocessedimage.

3.2. Rela tion to Kno wn Denoising Techniques

The algorithm proposed in this paper, while in appearanceand op-
eration very di®erent from previous approaches, in fact combines two
powerful ideas from image denoising: redundant representations and
the dualit y of quantization and denoising.

Recently , wavelet expansionshave emergedas a robust and pow-
erful tool for many signal processingapplications, in particular image
denoising[22].Wavelet basesprovide e±cient representations of signals,
which is desirable in many applications, e.g. compression.However, in
other applications, such asdenoising,e±ciency of representation is not
an object. It has been known, in fact, that redundant representations
(frames) perform better than basesin denoisingapplications [30].

A simple explanation for the performance of redundant denoising
algorithms is that the inversetransform for a frame (as opposedto a
basis) is a Moore-Penrosepseudoinverse.Loosely speaking, the frame
inversetransform contains averaging, which helps reduce the e®ectof
noise. Xiong et al. [5], for example, harnessedthe power of this tech-
nique and usedredundant wavelets, along with edgeclassi¯cation and
soft thresholding nonlinearities for their enhancement algorithm.

Our method is closelyrelated to the oversampled(redundant) wavelet
denoisingtechniques.The diagram in Figure 3 shows that JPEG encod-
ing and decoding are performed successively in each branch, therefore
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Figure 5. JPEG enhancement algorithm seen from the viewpoint of redundant
expansions

the losslessparts of JPEG can be removed for our purposes,leading
to the simpli¯ed diagram of Figure 5. This diagram shows that our
JPEG enhancement algorithm can be viewed asa redundant denoising
algorithm, wherequantization plays the role of denoisingnonlinearities.

This brings us to the second main idea underlying the proposed
algorithm: the dualit y of quantization and denoising [31]. To express
this relationship and its utilization in our algorithm, we look at optimal
quantization, optimal MMSE denoising,and their relationship.

Assumethe available observations x are a summation of a Gaussian
signal s and a memorylessGaussiannoisen.

x = s + n (1)

Bayesianquadratic meanestimation requiresthat the decorrelatedcom-
ponents of the observed signal be scaledaccording to:

x̂ =
¾2

s

¾2
s + ¾2

n
x (2)

Therefore, optimal denoisingof Gaussiansignalsrequire a linear oper-
ation on the diagonalizedversion of the signal.

On the other hand, optimal quantization, again for the Gaussian
signals, is achieved via the inverse water-¯lling algorithm [32]. This
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argument, which is usedto justify transform coding, statesthat optimal
quantization is achieved via a diagonalizing transform. To achieve op-
timalit y, transform components below a certain energyare eliminated,
and others are quantized so as to produce equal error energy.

At ¯rst sight, these two approaches may seemdi®erent, but in ap-
plication they are very close. To seethis point, note that the linear
expression for the optimal denoising operator requires knowledge of
the power of the original (uncorrupted) signal and noise.But in prac-
tice, estimating thesequantities can be a rather di±cult task. One can
look at the inversewater-¯lling algorithm as an approximation of the
optimal Gaussiandenoising in many practical situations, because:

¡ For components where the signal is weaker than the noise, the
linear expression(2) is approximated by zero.This corresponds to
a coarsequantization that maps small signals to zero.

¡ For components where the signal is greater than the noise, the
denoisingfraction (2) is closeto one.This expressioncan again be
approximated by quantization, becausewhen quantized distortion
is much smaller than signal power, quantization itself is almost
equivalent to an attenuation [33].

To summarize, this algorithm e®ectively usesa redundant (frame)
expansionapproach to signal denoising, where the frame expansion is
an oversampledDCT. The denoisingnonlinearities are provided by the
scalar quantizers in JPEG.

3.3. Quantiza tion Levels

The question remains: how to set the quantization levels in the sec-
ondary (denoising) JPEG? Experiments show that the best results
are obtained when the secondary JPEG quantization is identical to
the quantization matrix in the original image. In our experiments, we
perturb ed the quantization matrix by a multiplying constant ®. We
tested values of ® both greater than and less than unit y. In all such
experiments, both at high and low bitrates, the quantization matrix
best suited for denoisingwasthe sameasthe oneusedfor compression.

From a practical point of view, this should present no di±culties,
sincethe quantization matrix is represented in the JPEG headerof the
original image, and can be extracted easily.

3.4. Image Bound aries

The shifting operation in our algorithm needsto be modi¯ed closeto
the imageboundaries.Weo®erthree solutions at the imageboundaries:
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¡ Symmetric extension

¡ Row and column replication

¡ Zero-shift replacement

The symmetric extension works as follows: when the shift requires
that part of the existing block go outside of the image boundaries,
the data is \thro wn away." When it requires data from outside the
imageboundaries,the imageis extendedsymmetrically. The symmetric
extensioncan be either odd or even at the boundary.

The replication method is similar to the symmetric extension,except
that the data shifted from outside of image boundaries is simply a
replication of the boundary row/column. Our simulation results were
obtained using this method.

The zero-shift replacement technique for a boundary block works as
follows: any shifts that can be performed without referenceto pixels
outside of image boundary are performed as usual. If in any branch in
Figure 3 a knowledgeof pixels outside the imageboundary is required,
then that branch will be replaced with the zero-shift branch. This
means that boundary blocks will receive less smoothing than other
blocks.

4. Computational Issues

At ¯rst glance the system shown in Figure 3 seemsfairly involved.
While a direct implementation of this systemis simpler than optimization-
based and model-based approaches mentioned in Section 2, it still
involves64 times JPEG compressionand decompression.

A direct implementation of this system has the advantage that vir-
tually no additional software or hardware is required. Existing JPEG
code and/or hardware can be applied with the addition of someshift
operators. When computational complexity becomesan issue,however,
onecan improve the speedof the algorithm by a number of very simple
modi¯cations:

¡ The simplest modi¯cation is in the branch with zero shift in Fig-
ure 3. The JPEG encoding and decoding in this branch can be re-
moved. The reason:JPEG is an idempotent operator, in the sense
that reapplication of JPEG with identical parametersto a JPEG-
compressedimagewill result in the sameJPEG-compressedimage.
Therefore the branch with zeroshift can be replacedwith an iden-
tit y operator, saving the computation of one JPEG compression
and decompression.
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¡ The secondmodi¯cation is much more signi¯cant, and involvesthe
removal of the losslessparts of JPEG (Figure 1). SinceJPEG com-
pression is directly followed by decompressionin our algorithm,
the losslessparts of JPEG play no role, and can be removed. This
includesDPCM on DC values,zig-zagscan,generationof Hu®man
tables, entropy coding, and the generation of syntax and headers.
The only parts needed are the DCT and the scalar quantiza-
tion. Scalarquantization is implemented asa truncation operation,
therefore the bulk of the computational complexity of our method
will reside in the DCT and inverse DCT. This is a signi¯cant
reduction in computational complexity.

¡ Finally, we note that not all shifts in Figure 3 are necessary. In
fact, we observed that removing half of the shifts (in a quincunx
pattern) doesnot signi¯cantly changethe output of the algorithm.
We therefore recommendit as a computational shortcut.

The operations of our algorithm depends on little else except the
DCT and IDCT, sothe complexity can be easilydetermined. The exact
number of operations neededfor this algorithm dependson the imple-
mentation chosenfor DCT and IDCT. For example, we show below a
complexity analysisof our algorithm with the 2-D DCT implementation
of Feig and Linzer [34]. This is a 8£ 8 DCT that takesadvantage of the
redundanciesin the two-dimensional lattice of the DCT to design an
implementation with 60 multiplications and 262 additions per block.
We saw above that the block with zero shift neednot be recalculated
during postprocessing.From amongthe other shifts, only one-halfneed
be computed. Therefore we need 31 DCT and IDCT operations over
the image. This givesa total of 2£ 31£ 60

64 ¼ 58 multiplications per pixel
and 2£ 31£ 262

64 ¼ 254 additions per pixel for this algorithm. To put
these numbers in perspective, the computational complexity of the
proposedalgorithm is roughly similar to the complexity reported for
the \simpli¯ed algorithm" in [16], but is substantially smaller than that
of [11].

Before leaving the subject of implementation and computation, we
note that the implementation of the proposedalgorithm involvesonly
a small engineeringe®ort (hencecost), since it needslittle beyond the
DCT and IDCT, and the transform already exists in each implemen-
tation of JPEG.
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5. Optimal MMSE Estimation

The proposed algorithm can be viewed as a linear combination of a
number of estimates of the image. To illustrate, we use the following
notation. Assumethat the original image is denotedby a vector x, the
JPEG-encoded imageby x̂ , and the denoisedimageby y . Assumethat
the successionof JPEG encoding and decoding processis represented
by the operator Q. Using the delay operator notation D , we can write:

y =
X

i;j

D (¡ i; ¡ j ) Q(D (i;j ) x̂ ) (3)

Each term in the sum represents onebranch of the systemin Figure 3.
A simple and direct extension is to replace the sum with a linear
combination:

y =
X

i;j

®i;j D (¡ i; ¡ j ) Q(D (i;j ) x̂ ) (4)

where the coe±cients ®i;j can be determined, via a training set, to
make y an optimal MMSE estimator of the original image.

We applied this technique to a training set of images,and the result-
ing coe±cients are shown in Figure 6. We seethat, with the exception
of zero shift, all shifts have almost the samecoe±cient. The zero-shift
coe±cient is signi¯cantly larger than others.

While this is a large deviation from the uniform coe±cients other-
wise used in this paper, we found that the optimal coe±cients result
in little if any additional improvement in the PSNR of the enhanced
image. This leads us to believe that, in the spaceof coe±cients, the
distortion cost function must be rather °at. We therefore recommend
the simpler uniform coe±cient set over the optimal one.

6. Exp erimen tal Results

The results are very encouraging both in terms of PSNR and visual
quality. In fact, the PSNR improvements are superior to previously
reported results known to us. Table I I comparesthe performance of
the new algorithm with someresults in the literature. The test image
is the greencomponent of the 512£ 512pixel \Lenna." For comparison
purposes,we use the three quantization tables originally intro duced
in [11], and also used in [5, 16]. These quantization tables are pre-
sented in Table I. Table I I I presents the results of the application of
our algorithm to a number of 512£ 512-pixel test images.

We observed a slightly di®erent JPEG PSNR compared to [5, 16]
(on the order of a few hundredths of a dB) which we attribute to
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Figure 6. Coe±cients for optimal combining of JPEG shifts

small di®erencesin JPEG implementation. In order to maintain fairness
despite small implementation di®erences,we report not the absolute
PSNR, but the improvement in PSNR in each case.

Figure 7 shows part of the JPEG and enhancedimage at the lower
PSNR range. Note the improvement in de-blocking, as well as perse-
veranceof edges.

7. Conclusion

In this paper we presented a novel approach to the enhancement of
JPEG encoded images. Most previous approaches involve a smooth-
nesscriterion, and in one way or another focus on the discontinuities
generated by the block-encoding process.In contrast, our algorithm
usesthe JPEG encoding itself to enhancethe JPEG-compressedimage.
This is performed through application of various shifts of JPEG to the
encoded image.The boundariesof the imagecanbetreated in a number
of ways. The computational complexity of the algorithm is smaller
than the optimization-based approaches, and can be further reduced
by removing the losslessparts of JPEG, as well as downsampling the
shifts at which it is applied. Experimental results demonstrateexcellent
performance,and a large-scalereduction of both blockinessand ringing
artifacts.
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Table I. Quantization tables used in experiments.

Q1

20 24 28 32 36 80 98 144

24 24 28 34 52 70 128 184

28 28 32 48 74 114 156 190

32 34 48 58 112 128 174 196

36 52 74 112 136 162 206 224

80 70 114 128 162 208 242 200

98 128 156 174 206 242 240 206

144 184 190 196 224 200 206 208

Q2

50 60 70 70 90 120 255 255

60 60 70 96 130 255 255 255

70 70 80 120 200 255 255 255

70 96 120 145 255 255 255 255

90 130 200 255 255 255 255 255

120 255 255 255 255 255 255 255

255 255 255 255 255 255 255 255

255 255 255 255 255 255 255 255

Q3

110 130 150 192 255 255 255 255

130 150 192 255 255 255 255 255

150 192 255 255 255 255 255 255

192 255 255 255 255 255 255 255

255 255 255 255 255 255 255 255

255 255 255 255 255 255 255 255

255 255 255 255 255 255 255 255

255 255 255 255 255 255 255 255
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Figure 7. Top: Part of JPEG encoded 512 £ 512 Lenna at 26.65 dB. Bottom:
Enhanced image through re-application of JPEG.
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Figure 8. Top: JPEG encoded 512 £ 512 Lenna at 26.65 dB. Bottom: Enhanced
image.
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Table I I. Improvements in PSNR on JPEG-encoded images via di®erent
algorithms, on image \L enna" (green component).

Improvement in PSNR

JPEG PSNR POCS [16] Wavelet [5] Adaptiv e [4] Our method

26.65 1.14 1.14 1.06 1.16

29.74 0.85 0.79 0.79 1.03

32.34 0.45 0.10 0.45 0.66

Table I I I. Improvements in PSNR, through the proposed algorithm,
on a number of test images at various bitrates.

Quantization Lenna Mandrill Stream Goldhill Barbara

Q1 0.66 0.19 0.23 0.52 1.04

Q2 1.03 0.23 0.42 0.74 0.89

Q3 1.16 0.40 0.55 0.91 1.04
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