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A Document Image Model and Estimation

Algorithm for Optimized JPEG Decompression

Tak-Shing Wong, Charles A. Bouman, llya Pollak, and Zhigang Fa

Abstract

The JPEG standard is one of the most prevalent image congmesshemes in use today. While JPEG
was designed for use with natural images, it is also widelgdufor the encoding of raster documents.
Unfortunately, JPEG's characteristic blocking and ringartifacts can severely degrade the quality of text
and graphics in complex documents.

We propose a JPEG decompression algorithm which is designpduce substantially higher quality
images from the same standard JPEG encodings. The methdd Wprincorporating a document image
model into the decoding process which accounts for the wateety of content in modern complex color
documents. The method works by rst segmenting the JPEGdmttdocument into regions corresponding
to background, text, and picture content. The regions spmeding to text and background are then decoded
usingmaximum a posteriolfMAP) estimation. Most importantly, the MAP reconstructiof the text regions
uses a model which accounts for the spatial characteristiest and graphics. Our experimental comparisons
to the baseline JPEG decoding as well as to three other degedhemes, demonstrate that our method

substantially improves the quality of decoded images, b@ghally and as measured by PSNR.

. INTRODUCTION

Baseline JPEG [1], [2] is still perhaps the most widely usedydsnage compression algorithm. It has
a simple structure, and ef cient hardware and software imgletations of JPEG are widely available.
Although JPEG was rst developed for natural image compressiopractice, it is also commonly used for
encoding document images. However, document images ethdndine JPEG algorithm exhibit undesirable
blocking and ringing artifacts [3]. In particular, ringirggtifacts signi cantly reduce the sharpness and clarity
of the text and graphics in the decoded image.
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In recent years, several more advanced schemes have bedopdel/for document image compression.
For examples, DjVu [4] and approaches based on the mixedrrashtent (MRC) model [5] are designed
speci cally for the compression of compound documents doirig text, graphics and natural images.
These multilayer schemes can dramatically improve on thditguend bit-rate trade-off of baseline JPEG
compression. However, the encoding processes of thesen@at/aschemes are also substantially more
complicated than the JPEG algorithm. The simplicity of the JPE@rahm allows many high performance
and memory ef cient JPEG encoders to be implemented. The existehsuch encoders facilitate the use
of JPEG in many document compression applications, espeaiaiertain rmware based systems.

Many schemes have been proposed to improve on the qualitPBGJencoded images. One approach
is to adjust the bit usage of the image blocks during encofiig[8]. In this approach, the bit rate is
adjusted in accordance to the content of the blocks so ashiewacbetter rate-distortion characteristics.
However, although this approach usually improves the PSNReflecoded image, it does not address the
JPEG artifacts directly. Images which have been compressedcahnot take advantage of these schemes.
Alternatively, another approach applies post-processiegs in the decoding process to suppress JPEG
artifacts [9]-[15]. The schemes in [9], [10] reduce blockimgifacts by methods derived from projections
onto convex sets (POCS). In [11], [12], prior knowledge of thiginal image is introduced in the decoding
process with a Markov random eld (MRF). The decoded image is floeemed by computing thenaximum
a posteriori(MAP) estimate of the original image given the JPEG compressedé. Adaptive post- ltering
techniques are suggested in [13]-[15] to reduce blockimjaarringing artifacts in the decoded image. Filter
kernels are chosen based on the amount of detail in the rerighdd of the targeted pixel to suppress JPEG
artifacts without over-blurring details. A review of pgstecessing techniques can be found in [16]. Still
another approach requires modi cations to both the encoddrthe decoder. An example is given by the
scheme in [17] which applies the local cosine transform ¢twee blocking artifacts. Despite much work that
has been done to improve the JPEG decoding quality, howevet, ahithe schemes proposed are designed
primarily for natural images rather than documents.

In this paper, we propose a JPEG decompression scheme whishasudlly improves the decoded
image quality for document images compressed by a conveitidPEG encoder. Our scheme works by
rst segmenting the image into blocks of three classes: bamkud, text, and picture. Image blocks of each
class are then decompressed by an algorithm designed saliifor that class, in order to achieve a high

guality decoded image. In particular, one important coation of our work is the introduction of a novel



text model that is used to decode the text blocks. Our textainoaptures the bimodal distribution of text
pixels by representing each pixel as a continuous combimati a foreground and background color. During
the decoding process, the foreground and background caleradaptively estimated for each block. As
demonstrated in Section VII, the text regions decoded wiih tdixt model are essentially free from ringing
artifacts even when images are compressed at a relatiwelyitorate.

The three classes of blocks used in our scheme have diffepanacteristics and they suffer differently
from JPEG artifacts. The background blocks correspond to te&gbaund of the document and smooth
regions of natural images. Due to the smoothness of the bawkd blocks, they are susceptible to the
blocking artifacts. The text blocks are comprised of the texd graphic regions of the image. These blocks
contain many sharp edges and they suffer most severely fneminging artifacts. The remaining picture
blocks consist of irregular regions of natural images. Thaffes from both ringing and blocking artifacts.
As noted in [18], the high-frequency content in these higielytured blocks makes the JPEG artifacts less
noticeable. Thus, we simply use the conventional JPEG decaddidgcode the picture blocks.

We describe the structure of our decoding scheme in Sectidfofl the luminance component, we then
present the prior models used to decode the background okut the text blocks in Section Ill, and the
MAP reconstruction algorithms in Section 1V. We introducer dilock based segmentation algorithm in
Section V. Following this, in Section VI, we extend the decgd#theme to the chrominance components
to address the low signal-to-noise ratio and low resolutommonly seen in the encoded chrominance
components. Finally in Section VII, we present the experimlergsults and compare our scheme with three

other existing JPEG decoding algorithms.

II. OVERVIEW OF THE PROPOSEDSCHEME

Under the JPEG encoding scheme, a color image is rst convesttblY C,C, color space [19], [20], and
the chrominance components are optionally subsampleér &its preprocessing, each color component is
partitioned into non-overlapping 8 blocks, and each block from the components undergoes the #teps
of forward discrete cosine transform (DCT) [21], quantiaatiand entropy encoding. For an achromatic
image, the preprocessing stage is omitted. The problem of JREGdohg is to reconstruct the original
image from the encoded DCT coef cients.

Fig. 1 shows the block diagram of our approach to JPEG decodinst, e segmentation algorithm
classi es the image blocks from the luminance component ithtee classes corresponding to background,

text, and picture. Next, the color components of the JPEG inamgedecoded. For each color component,
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Fig. 1. Overview of the proposed scheme. The luminance componeised to segment the JPEG compressed image into three
classes of image blocks. The segmentation map is then used to determuiasthef each block and to select the algorithm used
to decode the block.

the segmentation map is used to determine the class of eack tntained in the color component. Each
block is then decoded with an algorithm designed to achiegebest quality for the given block class. After
decoding the color components, the chrominance comporeatmterpolated to the original resolution if
they have been subsampled. Finally, the imag& @, C; color space is transformed to the desired output
color space, usually sRGB [22].

We introduce our notation by brie y reviewing the achromalEG codec. We denote random variables
and vectors by uppercase letters, and their realizationbowgrcase letters. LeXs be a column vector
containing the 64 intensity values of tseth block. Then the DCT coef cients for this block are given by

Ys = DX, whereD is the 64 64 orthogonal D%T transformation matrix. The JPEG encoder coesput
[

Ys;i
Qi

typical JPEG decoder takes the inverse DCT of the quantizeficmods to form an8 8 block of pixels

the quantized DCT coef cients a%; = Q; round , WhereQ;j is a set of quantization step sizes. A
Xs= D 1Ys. We also us€T () to denote the quantization operation so tifat T(Ys) = T(DX ).

In our scheme, JPEG decoding is posed as an inverse problem ayesiBn framework. This inverse
problem is ill-posed because JPEG quantization is a manywot@nsform, i.e. many possible blocKs
can produce the same quantized DCT coef ciefits We regularize the decoding problem by developing a
prior model for the original image and computing the maximauosterioriprobability (MAP) estimate [23]
of the original image from the decoded DCT coef cients.

Speci cally, for a particular preprocessed color componém, conditional probability mass functibof

!Here and in the rest of the paper, we simplify notation by denoting all jpitityamass and density functions by, whenever

the random variables that they describe can be inferred from theimamfs. Whenever an ambiguity may arise, we denote the
probability mass or density function of the random varialdy py .



Ys given X is determined from the structure of the JPEG encoder as

) 1; if T(Dxs) =¥
P(ysixs) = _ N (1)
0; otherwise.

Let X be the vector concatenatings of every blocks from the color component, and I8t be the vector

of the corresponding quantized DCT coef cients. Then the phility of Y given X is given by

(
, Y _ 1. if T(Dxs) = forall's
PO = plydxe)= (Dxs) = s @)
s 0; otherwise.

This forward model simply re ects the fact that for every blogkthe quantized DCT coef cient8s = ys
can be calculated deterministically given a specic set ofepivaluesXs = Xs. If, moreover,X has the

prior probability densityp(x), the MAP estimate folX based on observing = ¥ is then given by

R =argmin  logp(yx) logp(x) :
X

Referring to (2), we see that the rst term in the function we aminimizing, logp(yjx), is either zero
or 1 . Thus, we must ensure that the rst term is zero in order to abtaiminimum. According to (2),
this is accomplished by enforcing the constraif{®x s) = s for all s. In other words, our MAP solution
must be consistent with the observed quantized coef ciehiterefore, the MAP estimate of givenY is

the solution to the constrained optimization problem
R=argmin|[ logp(x)] subjecttoT(Dxs) = s for all s: 3)
X

In practice, we solve the optimization problem (3) sepdyater the three classes of blocks. LitP,
X!, and X P be the vectors of all pixels from the background, text, anttupe blocks, respectively. The
optimization problem for each class uses a prior model spégithe class. For the text blocks, we use
a prior distributionp(x!j ) parameterized by a vector of hyperparametersind compute the joint MAP
estimate foX ! and by maximizing their joint probability densitg(x'; )= p(x!j )p( ). The optimization
sub-problems for the background and text blocks are reilspcgiven by

RP=argmin [ logp(x?)] (4)
xb

subject toT (Dx ) = ¥ for all background blocks, and

(8 ") =argmin [ logp(x'; )] (5)



subject toT (Dx s) = s for all text blockss. For the picture blocks, we simply adopt the conventional JPEG

decoding algorithm.

I1l. PRIOR MODELS FOR THELUMINANCE BLOCKS
A. Prior Model for the Luminance Background Blocks

To enforce smoothness across the boundaries of neighbbackground blocks, we model the average
intensities of the background blocks as a Gaussian Markodaa eld (GMRF) [24], [25]. We use an
eight-point neighborhood system and assume only pairwisgactions between neighboring background
blocks speci ed by the set of cliqudé,,= fr;sg:r ands are neighbor background blocksLet X © be
the vector of all pixels from the background blocks of the ilmamce component. The Gibbs distribution of

the GMREF is then given by
8 9

<

1 X h 2 .

consteXp' 52 rs( v $)°. (6)
) Bfrsg2Kum ’

p(x°) =

o P . . .
where 2 andh.s are the parameters of the distribution, angd= 6—14 ?:30 Xsi IS the average intensity of
the blocks. The parameterk,s are chosen a5 = % if r ands are horizontal or vertical neighbors, and

h.s = & if r ands are diagonal neighbors.

B. Prior Model for the Luminance Text Blocks

We choose the prior model for the text blocks of the luminacm@ponent to re ect the observation that
text blocks are typically two-color blocks, i.e. most pixallues in such a block are concentrated around
the foreground intensity and the background intensity. damh text blocks, we model its two predominant
intensities as independent random variatilgg andC,.s. To accommodate smooth transitions between the
two intensities and other variations, we model each pix¢hiwiblock s as a convex combination @;:s
and Cy.s plus additive white Gaussian noise denotedVidy;. With this model, the-th pixel in blocks is
given by

Xsi= siCust (1 si)Cos+ Wg;i; (7)

where the two gray levelsC1.s and C,.s, are mixed together by s; which plays a role similar to the
alpha channel [26] in computer graphics. The random vaisalie; are mutually independent, zero-mean
Gaussian random variables with a common variante

Let s be the vector containing the alpha values of the pixels intédx¢ blocks, and let be the

vector concatenating s for all the text blocks. Further, le€; and C, be the vectors of alC;.s and



Fig. 2. The marginal probability density function of an alpha valye, for = 12. As the alpha value controls the proportion
of the two intensitie<C1.s andCy.s present in a text pixel value, the density function's suppof0jd]. The bimodal nature of the
density function with peaks at 0 and 1 models the clustering of the text piteés aroundC;.s andCy:s.

C,.s random variables for all text blocks, respectively. We assuhat the following three objects are
mutually independent: the additive Gaussian noiseand the pairf C1; Cog. It then follows from (7) that
the conditional probability density function of the vecf of all the pixel values of the text blocks, given

C1, Co and , is given by the Gaussian density
( )

. 1 1 X
p(XtJC1;Czi )= ﬁteXp 22 KXs sCis (1 s)Cz;sk2 ; (8)
W s text block

wherel is a 64-dimensional column vector with all entries equal.to

Since s; models the proportion of the two intensiti€s.s and C,.s present inXsi, we impose that
0 si 1 with probability one. The fact that most pixel values in a tbldck tend to cluster around
the two predominant intensities is captured by modeligg with a bimodal distribution having peaks at
0 and 1. We model the components ofas independent and identically distributed random vaeghlvith

the joint probability density function

8 ( )
3 1 X
constS*P ks 31k> ; 0 g 1foralls;i
p( )= 3 cons s text block 9)
0; otherwise.

As shown in Fig. 2, the marginal density for eacly; has support ori0;1] and peaks aD and 1.
The parameter > 0 controls the sharpness of the peaks, and therefore affeetsrhoothness of the

foreground/background transition in the decoded text.



To enforce smoothness of colors in nearby blocks, we modaiapvariation of the two predominant
intensities of text blocks as two Markov random elds (MRF'@4], [25]. We use an eight-point neighbor-
hood system and assume only pairwise interactions betweighboring blocks for the MRF's. In addition,
in the case of a text blocls, neighboring to a background block, one of the two predominant intensities
of the text block is typically similar to the predominant énsity of the background block. Therefore,
the MRF's also capture the pairwise interaction of every spai fs;rg. For a background block, we
estimate its predominant intensity By obtained from the background block decoding algorithm dieed

in Section IV-A. Then, our model fo€; andC, is expressed by the Gibbs distribution

8 9
1 < 1 X =
p(c1; ) = o 5 2 (Cus  Cur)*+ (C2s  Cor) ;
fs;rg2Ky
8 9
< 1 X o . LT
exp, 52 min(jcis  “rjiic2zs M) Lo (10)
’ Cfsirg2Ky !
whereKy = fs;rg : sandr are neighboring text blocks Ky, = fs;rg : s is a text block,r is a

background blocks andr are neighbors, and (x) = min( X2 2), where is a threshold parameter,

as depicted in Fig. 3. The rst exponential function of (10) déses the pairwise interactions between

every pairf s; rg of neighboring text blocks in the clique s€t;. For each such pair, the potential function
encourages the similarity af;,,, andcy;s and the similarity ofcy,, and cs. The second exponential

function of (10) captures the pairwise interactions of gveair f s; rg of neighboring blocks such thatis

a text block and is a background block. For each such pair, the value;gfor cz2.s which is closer to,

is driven toward®, by the potential function . In the potential function, the threshold is used to avoid

excessively penalizing large intensity differences whichy arise when two neighboring blocks are from

two different text regions with distinct background andforeground intensities.

From (8), (9) and (10), the prior model for text blocks of thenlnance component is given by

1 X
logp(x';cii i ) = 5 ks sCus (1 s)eask?
w
s text block
1
+ 2 2 (cis Cur)+ (C2s  Ca2r)
CEsrg2Ky
1 X - . _
+ 5 2 (min(jeis  rjiicas ™))
Cfsirg2Ky
X
k s 21k%+ const (11)

s text block



Fig. 3. The potential function(x) = min( x?; 2), =20, of the Markov random elds used to characterize the spatial variation
of the predominant color€1.s and C,.s. The threshold parameter ensures that we avoid excessively penalizing large intensity
difference between the two corresponding predominant colors of eighhoring blocks.

IV. OPTIMIZATION FOR DECODING THELUMINANCE COMPONENT

To decode the luminance component, we need to solve the iaption problems (4) and (5) with the
speci ¢ prior models (6) for the background blocks and (1X)tfe text blocks. We use iterative optimization
algorithms to solve the two problems. For each problem, waimize the cost function iteratively through
a series of simple local updates. Each update minimizes thefoaoction with respect to one or a few
variables, while the remaining variables remain unchan@ate full iteration of the algorithm consists of
updating every variable of the cost function once. Thesatitans are repeated until the change in the cost

between two successive iterations is smaller than a pnedieted threshold.

A. Optimization for Decoding the Luminance Background Blocks

To decode the luminance background blocks, we minimidegp(x®) of (6) subject to the constraints
T(Dxs) = s for every background block. We solve this minimization problem in the frequency domain
For the vectorys containing the DCT coef cients of the block, we adopt the convention that the rst
elementys;o is the DC coef cient of the block. Then, we can express the aeiatensity of the blocls
as s = Ys:0=8, and the original cost function, logp(x), becomes
1 X

128 2
B frsg2Ku

C(yb) = hrs(Yr.o ys;o)z; (12)
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wherey® is the vector containing the DCT coef cientg of all the background blocks. We minimize the
cost function (12) subject to the transformed constraintgs) = ys for every background block.

To perform the minimization, we rst initialize/s by the quantized DCT coef cientgs for each back-
ground blocks. The algorithm then iteratively minimizes the cost funct@(y®) with respect to one variable
at a time. We rst obtain the unconstrained minimizer f@ry by setting the partial derivative of the cost
function with respect tgs.o to zero. Then, we clip the unconstrained minimizer to the tjmation range

which ys.o must fall in, and updatgs.o by

P !
!5:f ;s g2K pp hf§S Yr,0 . Qo Qo

hrs ¥s:0 7;Y's;0+ > ; (13)

ys;() C||p
r:fr,sg2Kpy

whereclip( ; [min; max]) is the clipping operator which clips the rst argument to ttege[min; max].

Because the cost function is independent of the AC coef cigtite AC coef cients remain unchanged.

B. Optimization for Decoding the Luminance Text Blocks

In order to decode the luminance text blocks, we must mirgntie cost function of (11) subject to the
constraint thafl (Dx s) = s for every text blocks. We perform this task using iterative optimization, where
each full iteration consists of a single update of each bleckrhe update of each blockis performed
in three steps: 1) First, we minimize the cost with respech@dlpha channel, s; 2) we then minimize
with respect to the two colorgc:s; C2:s); 3) and nally we minimize with respect to the pixel valuess.
These full iterations are repeated until the desired levetarfvergence is reached. We now describe the
procedures used for each of these three required updatesparticular blocks.

The block update of s is computed by successively minimizing the cost with respecs;; at each pixel
locationi. For a particular s, we can rewrite the cost function as a quadratic function gfin the form

a Z;+ b g+ d, where

a= (CZSZVZVCls)Z : (14)
b= (Cas Cl;s)gxs;i C2s) , . (15)

If a6 0, this quadratic function has the unique unconstraineceexim at
R e 1s)

If a > 0, the quadratic function is convex and the constrained maemfor g; isS clipped to the

s;i
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interval [0; 1]. If a < O, the quadratic function is concave and the constrainedmiaeir for s is eitherO
or 1, depending on whetherg; > % or i 1=2. Inthe case whea =0, the quadratic function reduces
to a linear function of s; with slopeb, and the constrained minimizer for; is either O or 1, depending

on the sign of b. Thus, the update formula for this particulgs is

8
3 clip( &;[0;1]); ifa>0
i g step(z &) ifa<0 (17)

step( b); ifa=0
wherestep() is the unit step function.

The block update of the two colorégs; C2:s) requires the minimization of the cost function

1
22

1
2 2

w

KXs sCis (1 s)CZ;sk2 + fr(cys; C2s); (18)

r2@s

F(c1s; Cos) =

where @ss the set of the non-picture neighbor blocksspfandf (ci:s; C2:s) iS given by

(Cl;s Cl;r) + (CZ;S C2;r); if r is a text block

19
(min(jers  “rjiiC2s ™)) if r is a background block. (19)

fr(Crs;Cos) =

Unfortunatelyf (c1:s; C2:s) iS @ non-convex function dfcy:s; C2:s); however, the optimization problem can
be simpli ed by using functional substitution methods to qoute an approximate solution to the original

problem [27], [28]. Using functional substitution, we rapé thef (c1.s; C2:s) by
fr(Cus; Co;s) = ayrjCys bl;rj2 + azrjCas bz;rjzi (20)

whereby,r = cir andlby, = ¢ if 1 is a text block, andy, = b, =~ if r is a background block. The

coef cients a;,, anday,, are chosen as

(
- step( | Qg Curl); if r is a text block 21)
Hr step( j g ) step(icds A j s j);  if ris a background block
( ; ; ,
t i . +1); ifri text block
2y = step( | Gs  C2rj) if r is a text bloc (22)

step( j Qs i) step(icds  “vj j S ~j);  if ris a background block
where the primed quantitieﬁ;S andcg;s, denote the values of the colors before updating. Each steghidun

of the formstep(A  B) simply captures the inequality te&t>B .

Using this substitute function results in the quadratict dosction given by

1 1 X
F(cys; C2is) = zizkxs sCis (1 s)Co;sk? + 52 fr(cys; C2;s) - (23)
w cr2@s
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Since this cost is quadratic, the update can be computed sealform as the solution to
(Cis;C2s)  argminF(cy;s; Cois): (24)
Cl;s ;CZ;S
The block update of the pixels; requires that the cost functidxs  sCi.s (1 S)cz;sk2 be minimized
subject to the constraint that(Dxs) = ¥s. The solution to this constrained minimization problem can b

computed using the following three steps.

ys D( sCys+(1 s)C2;s) (25)
Ys;i clip VYsi: ¥sii %; Ysii + % fori=0;:::;63 (26)
xs D lys (27)

The quantity sCi.s + (1 s)Cs:2 IS rst transformed to the DCT domain in (25) . Then (26) clipesk
DCT coef cients to the respective ranges they are known to bibinv Finally in (27), these clipped DCT
coef cients are transformed back to the space domain to fdrenupdated pixelsts. Because the DCT is
orthogonal, these three steps compute the correct camstraminimizer forxs. Since we need to estimate
C1:s andcy:s in the spatial domain and enforce the forward model cordtiaithe DCT domain, each block
update must include a forward DCT and a backward DCT.

Fig. 4 gives the pseudo-code for the update iterations ofékelilocks. Since all the update formulas
reduce the cost function monotonically, convergence ofdaligerithm is ensured.

Lastly, we brie y describe the initialization of the algorith For each text blocls, we initialize the
intensity valuexs by the values¢s decoded by conventional JPEG. Fars andcz.s, we rst identify the
pixels decoded by conventional JPEG and located withinlthel6 window centered at the block and
we cluster the pixels into two groups usikgmeans clustering [29]. We then initializg.s by the smaller

of the two cluster means, and initialioa.s by the larger mean. The alpha values require no initialinatio

V. BLOCK-BASED SEGMENTATION

Our segmentation algorithm classi es each luminance blackree of three classes: background, text, and

picture. Fig. 5 shows the block diagram of the segmentatigorithm.

63

P
We rst compute the AC energy of each bloskby Es = = whereys; is thei-th quantized DCT

S5i?
coef cient of the block. IfEg is smaller than the threshold., the blocks is classi ed as a background

block.
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Update iterations for text block decoding

dof
for each text blocks f

[* update alpha valuess */

update ¢; by (17)

[* updatec;.s andcys */
for eachr 2 @s
determinefy (C1:s; C2:s) by (20)-(22)
(Cl;s; CZ;S) %rg 'I(;nin P(Cl;s ; CZ;S)
[* update pixelsxs */
Ys D( sC1;s + (1 s)CZ;s)

fori =0;:::;63
Ysi  clip(ys;i; [¥si QTi;Y's;i + %])
Xs D tys

g
g while change in cost functior threshold

Fig. 4. Pseudo-code of the update iterations for text block decoding.f@niteration consists of updating every text block once.
Each text blocks is updated in three steps which minimize the cost with respect to: 1) the afjiliasvin s; 2) the predominant
intensities €15, C2:s); and 3) the pixel intensities irs.

Luminance blocks

i

Compute
AC energy Es

YES
ES < ac 9 *
Background
NO blocks
Text/picture blocks
Compute 2-D
feature vector
[Dsi1:Ds:2] Pre-trained Pre-trained
text model picture model
Feature vectors (GMM) (GMM)
of all blocks
SMAP J
segmentation
1
Text block

Picture blocks

Fig. 5. Block-based segmentation. The background blocks are esttiéd by AC energy thresholding. A 2-D feature vector is
then computed for each block. Two Gaussian mixture models are obt#oradsupervised training: one for the text class and one
for the picture class. With these two models, the feature vector image iseséganusing the SMAP segmentation algorithm. The
result is combined with the detected background blocks to form the rginsatation map.
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Next, we compute a two-dimensional feature vector for edabtldin order to classify the remaining blocks
into the text and picture classes. The rst feature comporgehased on the encoding length proposed in [8],
[30]. The encoding length of a block is de ned as the number tf ivi the JPEG stream used to encode the
block. Typically, the encoding lengths for text blocks avader than for non-text blocks due to the presence
of high contrast edges in the text blocks. However, the eingoength also depends on the quantization
matrix: the larger the quantization steps, the smaller theoeing length. To make the feature component
more robust to different quantization matrices, we muftifhle encoding length by a factor determined from
the quantization matrix. Suppo&g are the default luminance quantization step sizes as demddble K.1
in [2], and Q; are the quantization step sizes used to encode the lumimangeonent. We use the quantity

= P i Q Qizp i Q; Q; as a measure of the coarseness of the quantization step(lizes compared to
the default. Larger quantization step siZ@s correspond to larger values of We de ne the rst feature

component of the block by
Ds1 = encoding length of blocls; (28)

where the parameter = 0:5 is determined from training. The second feature compori@gh, measures
how close a block is to being a two-color block: the smalley,, the closer the blocls is to being a
two-color block. We take the luminance component decodedhkyconvectional JPEG decoder and use
k-means clustering to separate the pixels ih6a 16 window centered at the block into two groups. Let

1:s and 2.5 denote the two cluster means. s 6 2, the second feature component is computed by

P63

. . .2. . .2
Doy = i=o MIN " JXs;i 1:s)73 ) %s:i 2:s)
S;2 —

j 1;s 2;sj2

(29)

If 15= 25, wedeneDgs=0.

We characterize the feature vectors of the text blocks andetiof the picture blocks by two Gaussian
mixture models. We use these two Gaussian mixture models vt SMAP segmentation algorithm [31]
to segment the feature vector image. The result is combinéd twe background blocks detected by AC
thresholding to produce the nal segmentation map.

Lastly, we describe the training process which determinegptrameter in (28) and the two Gaussian
mixture models of the text and picture classes. In the tgirprocess, we use a set of training images

consisting of 54 digital and scanned images. Each image isatlgrsegmented and JPEG encoded with 9
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Luminance blocks corresponding
to the chrominance blocks

'

s any block Yes

a picture block~

Is any block
a text block?

No

s is a picture block

s is a text block

s is a background block

Fig. 6. Classi cation rule for a chrominance block in a subsampled chrante component. Each chrominance bledorresponds
to several luminance blocks which cover the same area of the imageesé flaminance blocks contain a picture block, bleck
is labeled as a picture block. Otherwise, if the luminance blocks contain dltedt, blocks is labeled as a text block. If all the
corresponding luminance blocks are background blocks, dasklabeled as a background block.

guantization matrix, we rst compute the average encodimgtles of the text blocks and the picture blocks,
denoted byu;; andv;; respectively. The parameteris then determined from the following optimization
problem:
X4 X0
A =argmin min (juj  W2+( ;v w2 (30)

WYia =1
Next, we obtain the Gaussian mixture model for the text chgsapplying the EM algorithm to the feature
vectors of the text blocks of the JPEG encoded images, usingmpkmentation in [32]. To reduce
computation, only 2% of the text blocks from each JPEG encodexhé are used to perform training.
By the same procedure, we obtain the Gaussian mixture modéié picture class using the feature vectors

of the picture blocks.

VI. DECODING OF THE CHROMINANCE COMPONENTS

In this section, we explain how to extend the luminance digpdcheme to the chrominance compo-
nents. To decode a particular chrominance component, wesagtnent the chrominance blocks into the
background, text, and picture classes based on the claisincaf the luminance blocks. If the chrominance
and luminance components have the same resolution, we éaodl chrominance block by the class of
the corresponding luminance block. However, if the chr@nioe component has been subsampled, then
each chrominance block corresponds to several luminaraxekdl In this case, we determine the class of
each chrominance block based on the classi cation of theesponding luminance blocks according to the
procedure in Fig. 6.

The background and picture blocks of the chrominance commpcare decoded using the same methods
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as are used for their luminance counterparts. However,ntinance text blocks are decoded using the
alpha channel calculated from the corresponding lumindmaeks. If the chrominance component and the
luminance component have the same resolution, the luménafpgha channel is used as the chrominance
alpha channel. However, if the chrominance component has bebsampled, then the chrominance alpha
channel is obtained by decimating the luminance alpha aamsing block averaging. The only problem
when the chrominance component has been subsampled ishthabtresponding luminance blocks may
include background blocks. For these luminance backgrduocks, we must determine the alpha channel
in order to perform the decimation. For such a luminance tyamind blockr, we can create the missing
alpha channel by comparing its average intensijtyo the average values of the two predominant intensities
of its neighboring text blocks. If'; is closer to the average value &fs, the alpha values of the pixels in
the blockr are set to 1. Otherwise, the alpha values of the backgrouradspare set to 0.

The optimization for decoding the chrominance text blockssimilar to the algorithm described in
Section IV-B except for the following changes. First, we mliie the two predominant intensities.s
andc,.s for each chrominance text blockusing their MMSE estimates

(Cis; Cis) = arg rrc1in ks  “sCis (1 "s)Cask?; (31)
1;5 ,C2:s
wherexg contains the pixel values of the block decoded by the comwealt JPEG decoder, ant}; is the
alpha channel of the block computed from the luminance affflaanel. Second, since the value of the alpha
channel is computed from the luminance component, the dtegpadating the alpha channel is skipped in
the algorithm of Fig. 4.

Lastly, for a subsampled chrominance component, we needtegolate the component to restore its
original resolution. We apply linear interpolation to thackground blocks and the picture blocks. For the
text blocks, we perform the interpolation by combining tleeaded chrominance component with the high
resolution luminance alpha channel. We explain this irtepon scheme in Fig. 7 for the case when the
chrominance component has been subsampled by 2 in botlcalemtid horizontal directions. For each of
the interpolated chrominance pixels, we use the correspgridminance alpha value as its alpha value, and
offset the decoded pixel valug, by the difference in alpha values; ki scaled by the range, ;.
The scheme can easily be generalized to other subsamplitgydat)sing this interpolation scheme, the

resulting text regions are sharper than they are when usiegrl interpolation.
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Fig. 7. Interpolation of chrominance text pixels when the chrominanogpooent has been subsampled by 2 in both vertical and
horizontal directions. For the text pixel at positiom;n) of the decoded chrominance component, suppose its decoded value is
Xk, its alpha value is i, and the two predominant intensities areandc,. We rst identify the corresponding luminance pixels
at positions(2m; 2n); (2m; 2n + 1) ;(2m + 1;2n), and(2m + 1;2n + 1) . Using the alpha values of these luminance pixels, we
then compute the corresponding pixels of the interpolated chrominamapor@nt byxy; = Xk +( « ki )(C2  ¢1), where

i is the estimated luminance alpha value.

VII. EXPERIMENTAL RESULTS

We now present the results of several image decoding expetainWe demonstrate that our proposed
algorithm signi cantly outperforms the conventional JPEG atting algorithm and three other existing JPEG
decoding schemes. Table | summarizes the parameter vdlosercfor the proposed algorithm. In decoding
the background blocks, the parametgrin the cost function (12) is a positive multiplicative ccerst whose
value is irrelevant in determining the minimizer. Therefdtds omitted from Table I.

To evaluate the performance of the proposed algorithm, vee @stest document images: 30 digital
images converted from soft copies, and 30 scanned imagamedtusing an Epson Expression 10000XL
scanner and descreened by [33]. Each of the 60 images costaims text and/or graphics. Since our focus
is document images, we do not consider images that are ppiglyres. Six of the 30 digital images and
11 of the 30 scanned images are purely text/graphics withictarps. None of the test images were used
for training our segmentation algorithm. We discuss and atestrate the visual quality of the decoded
images using three example images shown in Fig. 8. Both Imagedlimage 2 are digital images, and
Image 3 is a scanned image. They are all JPEG encoded2witih chrominance subsampling in both

vertical and horizontal directions. We use high compressatios to compress the images in order to show
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TABLE |
PARAMETER VALUES SELECTED FOR THE PROPOSED ALGORITHM

Parameter Value De ned in

hes 1=6 if r;s are immediate neighbor blocks Eqg. (6)
1=12 if r;s are diagonal neighbor blocks

w 5 Eq. (8)
12 Eq. (9)

c 35 Eq. (10)

ac 200 Section V

20 in Section 1I-B

the improvement in the decoded images more clearly.

We apply our segmentation algorithm, described in Sectioto\Whe JPEG encoded images. Fig. 9 shows
that the corresponding segmentation results are genaxadlyrate. It should be noted that in the smooth
regions of natural images, many image blocks are classi edbaaxkground blocks. This classi cation is
appropriate since it then allows our decoding algorithmetuce the blocking artifacts in these regions.

Fig. 10 and Fig. 11 demonstrate the improvement in text blododiag using the proposed algorithm.
Fig. 10(a) shows the luminance component of a small text negnputed from Image 1. A small region
within Fig. 10(a) is further enlarged in Fig. 10(b) to show the details. Fig. 10(c) and (d) show the region
of the JPEG encoded image decoded by the conventional JPEG dellneldecoded region contains obvious
ringing artifacts around the text. Fig. 10(e) and (f) showshme region decoded by our scheme. Compared
to Fig. 10(c) and (d), the region decoded by our scheme is gaheriree from ringing artifacts and has a
much more uniform foreground and background. In additibe, foreground and background intensities are
also faithfully recovered.

Fig. 11(a) shows the chrominance compon€ntfor the region in Fig. 10(a). The result decoded by
the conventional JPEG decoder and interpolated by pixelaadmin is shown in Fig. 11(b). The decoded
region is highly distorted due to chrominance subsampliig. 11(c) shows the region decoded by the
proposed scheme. Since the decoding is aided by the lumirgpba channel, the visual quality of the
decoded region is much higher than that decoded by the cbomahJPEG decoder. To demonstrate the
effect of interpolation of the chrominance components, Eiyd) shows the result decoded by our scheme

but interpolated by pixel replication. The text region destbdby our scheme in Fig. 11(c) is much clearer
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(a) Image 1 (b) Image 2 (c) Image 3
2550 3300 pixels, 300dpi 3193 4174 pixels, 400dpi 2336 3215 pixels, 300dpi

Fig. 8. Thumbnails of the original test images. The corresponding J&€Bded images have bit rates 0.43 bits per pixel (bpp),

0.53 bpp, and 0.32 bpp respectively. All the three images were @ssed with2 : 1 chrominance subsampling in both vertical
and horizontal directions.
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Fig. 9. Segmentation maps of (a) Image 1, (b) Image 2, and (c) IBag¢hite: background blocks; red: text blocks; blue: picture
blocks.
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@ (b)

© (d)

(e) )

Fig. 10. Luminance component of a text region of Image 1. (a), ({gidal. (c), (d) Conventional JPEG decoding. (e), (f) The
proposed scheme. (b), (d), and (f) are enlargements of a srgahref (a), (c), and (e) respectively.

@) (b)

© (d)

Fig. 11. Chrominance componer@,() of the region shown in Fig. 10. (a) Original. (b) Decoded by conveatidPEG decoding
and interpolated by pixel replication. (c) Decoded by our scheme. édpBed by our scheme but interpolated by pixel replication.
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(@) (b)

(©) (d)

(e) ()

Fig. 12. A textregion from Image 1. (a) Original. (b) Conventional GREecoding. (c) The proposed algorithm. (d) Algorithm | [11].
(e) Algorithm 11 [34]. (f) Algorithm III [3].

and sharper as compared to Fig. 11(d).

Fig. 12(c) shows the region completely decoded using ourrsehé comparison with the same region
decoded by the conventional JPEG decoder in Fig. 12(b) reviealstie proposed algorithm signi cantly
improves the quality of the decoded regions. Additionalttasfor text regions in Figs. 13(c), 14(c), and
15(c) show that the proposed algorithm consistently dezdlle text regions at high quality.

We also compare our results with three existing JPEG decodijngithms: Algorithm | proposed in [11],
Algorithm Il proposed in [34], and Algorithm Il proposed ii3]. Algorithm | is a MAP reconstruction
scheme. Both Algorithm 1l and Algorithm 1l are segmentatibased decoding schemes.

Algorithm | uses a Markov random eld as the prior model for tiweole image. The scheme employs
the Huber function as the potential function of the MRF. \gsgradient descent optimization, the scheme
performs JPEG decoding by computing the MAP estimate of thgirai image given the encoded DCT
coef cients. Figs. 12(d), 13(d), 14(d), and 15(d) show theatig results for the text regions. Algorithm |
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@) (b) (©

(d) (e)

Fig. 13.  Another text region from Image 1. (a) Original. (b) ConverglodPEG decoding. (c) The proposed algorithm.
(d) Algorithm | [11]. (e) Algorithm Il [34].

signi cantly reduces the ringing artifacts in the text regso However, because the prior model was not

designed speci cally for text, the decoded regions are galyemot as sharp as those decoded by our scheme.
Also, because the color components are decoded indepéndaet chrominance components decoded by

Algorithm | are of low quality.

Algorithm Il uses the segmentation algorithm of [8] to cisgach image block as background, text or
picture. However, in principle, Algorithm Il can be used iongunction with any preprocessing segmentation
procedure that labels each block as background, text, eurpicSince our main objective is to evaluate the
decoding methods rather than the preprocessing methodsseveur segmentation maps with Algorithm II.
Algorithm 1l uses stochastic models for the DCT coef cienfstioe text blocks and of the picture blocks,
and replaces each DCT coef cient with its Bayes least-sqiastimate. The algorithm estimates the model
parameters from the encoded DCT coef cients. The conventidBG decoded background blocks are left
unchanged by Algorithm II.

The text decoding results of Algorithm I, shown in Figs. 12@9(e), 14(e), and 15(e), are only marginally



23

@ (b) (©

(d) (e)

Fig. 14. A textregion from Image 2. (a) Original. (b) Conventional GREecoding. (c) The proposed algorithm. (d) Algorithm | [11].
(e) Algorithm 11 [34].

improved over the conventional JPEG decoding. During JPEG é@mgochany of the high-frequency DCT
coef cients are quantized to zero, which is a main cause ofrithging artifacts in the decoded text blocks.
However, due to the symmetry of the Gaussian distributiassimed for the text blocks by Algorithm II,
the zero DCT coef cients are not altered at all by Algorithm Therefore, the prior model imposed by
Algorithm Il is insuf cient to effectively restore the chasteristics of the text.

Algorithm Il assumes that the image has been segmentedtigxtdlocks and picture blocks. It furthermore
assumes that the text parts have been segmented into regiohf which has a uniform background and
a uniform foreground. For each text region, Algorithm Ill trases the intensity histogram to estimate the
background color, and applies a simple thresholding scHeitwaved by morphological erosion to identify
the background pixels. The scheme then replaces the inteafsitach background pixel with the estimated
background color. Finally, if any DCT coef cient falls outgidhe original quantization interval as a result of
this processing, it is changed to the closest quantizatitoff value of its correct quantization interval. For
the picture blocks, Algorithm Il smooths out blocking &atits by applying a sigma lter to the non-edge

pixels on the boundaries of picture blocks, as identi ed byeaige detection algorithm.
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(@) (b) (©

(d) (e) ()
Fig. 15. Atextregion from Image 3. (a) Original. (b) Conventional GREecoding (c) The proposed algorithm. (d) Algorithm 1 [11].

(e) Algorithm 11 [34]. (f) Algorithm 111 [3]. For (f), only the text in redis decoded by the text decoding scheme of Algorithm 11
The portion of the document corresponding to the letter “W” is decodeulcasre by Algorithm Il

There is a dif culty that prevents a direct comparison of ougaaithm to Algorithm IIl. The dif culty
stems from the assumption that the text portions of the infey® been pre-segmented into regions with
uniform background and uniform foreground. Without suchegrsentation procedure, the scheme is not
directly applicable to images in which text regions haveyiray background and/or foreground colors, such
as our three test images. Therefore, in order to compare garitdm to Algorithm 1ll, we manually select
from Image 1 a single text region which has a uniform foregrbaolor and a uniform background color—
speci cally, the entire rectangular region with red backgrd. We then process the entire Image 1 with
Algorithm IlI: the blocks in the manually selected text regiare processed as text blocks, and the rest
of the image is processed as picture blocks. We show a poofidhe selected text region in Fig. 12(a),
and the result of decoding it with Algorithm Ill in Fig. 12(fince Algorithm Il only smoothes out the
background pixels, ringing artifacts are still strong ir ttoreground and near the background/foreground

transition areas. In addition, due to the low resolution &l signal-to-noise ratio in the chrominance
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components, the computed chrominance background masksl®waaccuracy. This leads to color bleeding
in the decoded text. In Fig. 15(f), similar results are ol#dirfior Image 3 in which we select the region
with red text on white background in the upper right portidnttte document as the only text region to

apply Algorithm 111,

@ (b) (©

() ©) ®

Fig. 16. A smooth region from Image 1. The image blocks correspgnditthe blue sky are mostly labeled as background blocks
by our segmentation algorithm, and the remaining blocks are labeled asepibieks. (a) Original. (b) Conventional JPEG decoder.
(c) The proposed algorithm. (d) Algorithm | [11]. (e) Algorithm 1l [34F) Algorithm Il [3].

Fig. 16 compares the decoding results for a region contaimagtly background blocks. In this region,
most of the image blocks corresponding to the blue sky arssictl as background, while most of the
remaining blocks corresponding to the clouds are classiggiature blocks. Fig. 16(b) shows the region
decoded by the conventional JPEG decoder. The decoded redititexbvious contouring as a result of
guantization. Algorithm I, Fig. 16(d), signi cantly reducéise blocking artifacts, but contouring in the blue
sky is still apparent. Algorithm Il uses the conventional JRdg6oded blocks for the background blocks, so
contouring in the blue sky is not improved at all. As Algonithlil applies the sigma Iter only to the block

boundary pixels, contouring is only slightly improved in Figb(f). With our scheme, Fig. 16(c), contouring
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@) (b) (©

(d) (e) )]
Fig. 17. A region from Image 3 containing mostly picture blocks. The imalgeks corresponding to the face and shoulder are

mostly labeled as picture blocks, and the remaining blocks are labelectkgrtvand blocks. (a) Original. (b) Conventional JPEG
decoder. (c) The proposed algorithm. (d) Algorithm 1 [11]. (e) Algon 1l [34]. (f) Algorithm Il [3].

and blocking artifacts are largely eliminated. The blue skyhie decoded image looks smooth and natural.
Although our scheme decodes the picture blocks with theextional JPEG decoder, JPEG artifacts in these
blocks are less revealing due to the signi cant presence gti-fiequency components in these blocks. We
should also point out that the original image in Fig. 16(agxé&mined closely, also exhibits a small amount
of blocking artifacts. This is typical in all the real worldsteimages we collected, and is likely due to the
lossy compression commonly employed by image capture egviBecause we used a high compression
ratio to JPEG encode the original image in our experiment, rurtbe decoding schemes in Fig. 16 can
accurately restore the artifacts.

Fig. 17 shows a region from Image 3 with most blocks classi edpature blocks. Among the ve
decoding schemes, Algorithm | in Fig. 17(d) has the best pedince as far as reducing blocking artifacts
is concerned. However, the smoothing due to the use of the MR¥gorithm | also causes loss of detail

in the decoded image. The problem is more pronounced in th@yhigxtured picture blocks like those
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(a) (b) (c) (d)
Fig. 18. Robustness of the proposed algorithm. (a), (b) Image pabehewtext blocks contain non-uniform background: (a)

conventional JPEG decoder, (b) the proposed algorithm. (c), (dyénpatch where our segmentation algorithm misclassi es some
of the picture blocks as text blocks: (c) conventional JPEG decodleth¢ proposed algorithm.

in the hair, moustache, and shoulder. The region decoded ¢griiim Il in Fig. 17(e) looks very similar
to that decoded by the conventional JPEG decoder in Fig. 1#{lyid. 17(f), Algorithm Il reduces the
blocking artifacts in the picture blocks without signi calutss of detail. However, the sigma Iter employed
by Algorithm Il is insuf cient to reduce the blocking artis in the dark background. The region decoded
by our scheme in Fig. 17(c) smooths out the blocking artifattdhe dark background blocks only, while
the remaining picture blocks are decoded by the converitidfhlBG decoder.

We now discuss the robustness of our algorithm with respeditious model assumptions and parameters.
First, for some text blocks, the bi-level assumption of out lrodel may be violated, as in Fig. 18 (a) and (b).
In this case, the forward model [formulated in (2) and impeed through (25)—(27)] ensures that the
decoded block is consistent with the encoded DCT coef cieBecause of this, we avoid decoding such
an image block as a two-color block. This is demonstrated in Fg(b).

Additionally, our algorithm is robust to segmentation estoFirst, misclassi cation of image blocks to
the background class does not cause signi cant artifactss iBhbecause processing of background blocks
is unlikely to introduce artifacts since only the DC coef nieof background blocks is adjusted. Moreover,
Fig. 18 (c) and (d) show that even the misclassi cation of giethlocks to the text class does not typically
result in signi cant artifacts. This is because such miscladicture blocks typically contain image details
with sharp edge transitions, so the decoded image stillrately represents the original image.

We also verify the robustness of the proposed algorithm to \thriation of the parameters. In this
experiment, we use a subset of 4 images from the 60 test im&gpeh image is JPEG encoded at 4
different bit rates, resulting to totally 16 encoded imageseach test, we vary one of the parameters in

Table | (exceph,.s) over a 10%interval and compute the average PSNR for the 16 decoded images
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TABLE 1l
MAXIMUM VARIATION IN PSNRWHEN EACH PARAMETER IS VARIED OVER
A  10%INTERVAL.

Parameter Range of values Max. variation in PSNR
w 4.5 — 5.5, increment of 0.2 0.08 dB
10.8 — 13.2, increment of 0.4 0.03 dB
c 3.0 — 4.0, increment of 0.2 0.01 dB
ac 180 — 220, increment of 10 0.00 dB
18 — 22, increment of 1 0.001 dB
45 ‘ ‘ ‘ ‘ 45
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o
N
o
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Fig. 19. Average PSNR versus average bit rate computed for 30 digiggles in (a), and another 30 scanned images in (b).

maximum variation in the average PSNR, tabulated in Tablehibws that the algorithm is not sensitive
to the choices of parameter values. Additionally, we hawnébono visually noticeable differences in the
decoded images.

Fig. 19 shows the rate-distortion curves for our algorithrd aompares them to the Algorithms | and
Il and the conventional JPEG. For a range of different comppesstios, the gure shows average peak
signal-to-noise ratio (PSNR) versus the average bit rategpoted for our test set of 30 digital images in
(a), and for the test set of 30 scanned images in (b). For thieaimages, the proposed algorithm has a
much better rate-distortion performance than the otheretl@gorithms. Based on the segmentation results
of the images encoded at the highest bit rate, 69%, 16%, af@ dfSthe image blocks are respectively
labeled as background, text, and picture. For the set ofnecthimages, the rate-distortion performance of
the proposed scheme is still better than that of the otheethtgorithms; however, the differences are less

signi cant. In these images, the text regions contain saagmoise and other distortions. The removal of
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the scanning image noise by the proposed scheme can adn@aiase the mean squared error, despite of
the improved visual quality. In the set of scanned image%,58%, and 24% of the blocks are respectively

labeled as background, blocks, and picture.

VIIl. CONCLUSIONS

We focused on the class of document images, and proposed a JRIB@irdy scheme based on image
segmentation. A major contribution of our research is onubke of a novel text model to improve the
decoding quality of the text regions. From the results preskin Section VII, images decoded by our
scheme are signi cantly improved, both visually and quatitiely, over the baseline JPEG decoding as
well as three other approaches. In particular, the textoregdecoded by our scheme are essentially free
from ringing artifacts even when images are compressed eittively low bit rate. The adaptive nature
of the text model allows the foreground color and the bacdkgdocolor to be estimated accurately without

obvious color shift. Blocking artifacts in smooth regiong also largely eliminated.
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