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Optimizing Block-Thresholding Segmentation for
Multilayer Compression of Compound Images
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Abstract—Compound document images contain graphic ortex-  In Section Il, we briefly review recent work on compound
tual content along with pictures. They are a very common form of document compression. The mixed raster content (MRC)
documents, found in magazines, brochures, web sites, etc. We foc”slmaging model will be explained along with its segmentation
our attention on the mixed raster content (MRC) multilayer ap- framework. In Section Il we introduce methods to search
proach for compound image compression. We study block thresh- e S .
0|d|ng as a mean to Segment an image for MRC. An attempt is fOI’ rate'd|st0rt|0n'eff|c|ent bIOCk Segmentatlon through bIOCk
made to optimize the block threshold in a rate-distortion sense. thresholding. In Section IV, we present a method to approximate
Also, a fast algorithm is presented to approximate the optimized the performance of the algorithms in Section Ill with lower
method. Extensive results are presented including rate-distortion computation. Experimental results are presented in Section V,

curves, segmentation masks and reconstructed images, showing d USi fthi K ted in Section VI
the performance of the proposed algorithm. and conclusions o IS WOrK are presented In section V.

Index Terms—Document compression, mixed raster content,

- Il. MIXED RASTER CONTENT FORDOCUMENT COMPRESSION
segmentatlon.

A. Document Compression Overview

|. INTRODUCTION Image compression has been very intensively studied and we
OCUMENTS : id annot possibly reference adequately all the most noteworthy al-
are now present in a wide Spectrum Ol yhms However, in terms of international standards, the no-

printing systems. From offset printers to home deskiq|o 41gorithms for binary image compression are MHL [2],
computers, documents in digital form are common place a R2 [3], JBIG [4] and the forthcoming JBIG-2 [5]. Mul-
are frequently available as bitmaps. Compound documegis,o| compression algorithm standards are JPEG [6] and the

are a;sumed .here_ as images Wh.iCh contain a mix of tegtu@ hcoming JPEG-2000 [7]. We assume that JPEG is the stan-
graphical, or pictorial contents. A single compression algorith rd image compression tool while current JPEG 2000 veri-

that simultaneously rrr:eetts; the rlqu|rerrfnts folr both text aftion model (VM) [8] is the state-of-the-art in image com-
wrag_ehcompresdsuonl asd e_err: elusive. I S a ruie, Comprr]es%g‘@ssion, when it comes to pictorial contents. Apart from stan-
algorithms are developed with a particular image type, char ards, halftones can be compressed with token-based techniques
teristic, and application in mind and no single algorithm is beﬁ

) o X descreening the halftone and encoding new halftone pat-
across all image types or applications. When compressing &8s as objects [9], [10]. Other algorithms do exist which can

It is important to preserve th? edges and shape; of characﬁgﬁdle graphic bitmaps well [11] and also algorithms that per-
accurately to faqllltate readmg.' The hqman visual ,SySte%rm well (not optimally) for both text/graphics and pictures

however, wqus dln‘ferently for typical continuous-tone 'mage?rsing nonlinear filter banks [12]. Once a region is identified
bette_r maskmg_ high frequency errors. Roughly SPeak'”g* F‘?f“can be encoded with the proper algorithm. For region iden-
requires few .b'ts per plxgl but many pixels per |ngh, Wh'l‘ﬁfication, segmentation algorithms may be employed. Exam-
pictures require many b|t§ per pixels but.fewer p|xels. p_‘HIes are the work in [13] and the algorithms used in Digipaper
inch. Document compression is frequently linked to facsimil ] and DjVu [15], [16], which are already in commercial ap-

systems, in V\,’h'(,:h large document'bnmaps aré compressfiftations. Multiresolution segmentation was applied success-
before transmission over telephone lines. There is now a fo Hﬁy in [17] for document compression, while [18] does the

on new standards to provide color facsimile services over tQe’ using an approximate bIock—baséd object location. Mul-
telephone network and the Internet [1]. tiscale clustering methods are also effective for segmentation

. When it, comes to compo_und documents diffe_rent compr 3'9]. We will present yet another segmentation algorithm based
sion algorithms may be applied to each of the regions of the dQg; i thresholding in which the thresholds are found to be
ument. This can be accomplished by segmenting the region%ﬂfcient in a rate-distortion sense

by generating multiple image layers. The multilayer model wi
be the focus of this paper. B. Mixed Raster Content Model
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Fig. 1. lllustration of MRC imaging model. The basic three-layer model can
be extended by using a sequence of maBis pairs. Less than three layers can
be used by using default colors for mask and/or foreground layers.

image from the FG/BG layers, i.e. to use the corresponding pixel
from the FG or BG layers when the mask pixel is 1 or 0, respec-
tively, in that position. Thus, the FG layer is essentially poured
through the mask plane onto the BG layer. In effect, the imaging Fig. 2. Diagram of a segmenter.
model allows for one, two, three or more layers (see Fig. 1).

For example, a page consisting of a picture could use the bagly

000011 UUUUUUZXX XXXXXXUU
ground layer only. A page containing black-and-whitetextcoug 0 0 0 0 1 1 1 UUUUUZXZXX XXXXXUUU
use the mask layer, with the foreground and backgroundlayo 0 0 0 1 1 1 1 UUUUXXXX IXXXUUUU
defaulted to black and to white. 00001111 UUUUXXZXX XXXXUUUU

Once the original single-resolution image is decomposedird 0 0 1 1 1 1 1 UUUXXXXX XXXUyUuuuu
layers, each layer can be processed and compressed using® ¢ 111111 VUUXXXXXX ¥XXuUuvuvuuy
ferent algorithms. The image processing operations caninc/® ©0 11111 UUUX XXX X  XXXUUUUU
a resolution change or color mapping. Layers may contain 0 Orfasio 11 vugu [;3(:U vxzx XXX XF(f XUvu

ferent dimensions and have offsets associated with them. |
plane contains only a small object, the effective plane can be
made of a bounding box around the object. The reduced image
plane is then imaged onto the larger reference plane, starting
from the given offset (top, left) with given size (width, height)there is redundant data, i.e., each layer (FG or BG) may contain
This avoids representing large blank areas and improves cdirused” pixels, as the pixels in that position will be selected
pression. The compression algorithm and resolution used foiram the other layer. Those unused pixels can be replaced by
given layer would be matched to the layer's content. The cor@ny color in order to enhance compression, since they do not af-
pressed layers are then packaged in a format, such as TIFF{EBt reconstruction. This is the function of the data-filling pro-
[22] or as an ITU-T MRC [20] data stream for delivery to theessors illustrated in Fig. 2 for the case of a three-layer MRC
decoder. At the decoder, each plane is retrieved, decompress@@roach. Note that, given the filling algorithm, from Fig. 2 one
processed (which might include scaling) and the final image ¢an see that the segmenter function is to find a binary mask for
recomposed using the MRC imaging model. a given input, from which the data-filling processors can derive

MRC was originally approved for use in Group 3 colothe output layers based on the input image.
fax and is described in ITU-T Recommendation T.44. For the In this paper, we are interested in block based compression
storage, archiving and general interchange of MRC-encodeidFG and BG planes. Since blocks are compressed virtually
image data, the TIFF-FX file format has been proposed [22hdependently, it is only necessary to explain the data filling for
TIFF-FX (TIFF for Fax eXtended) represents the coded dadesingle block. In general, the method can be used to fill larger
generated by the suite of ITU recommendations for facsimilelocks or perhaps the whole image. If the mask for a particular
including single-compression methods MH, MR, MMR, JBIGblock has a mix of 1s and Os, it means that part of the block
and JPEG, as well as MRC. As IETF RFC 2301, TIFF-FX iwill be reproduced from the FG layer and part from the BG
a Proposed Internet Standard, currently undergoing interopliyer. The processor inspects the binary mask and labels the
ability testing. MRC has also been proposed as an architecturgiut gray-level pixels as either useful (U) or “don’t care” (X).
framework for JPEG 2000. MRC has been used in produdks example is shown in Fig. 3. At this point, the mask block
such as DigiPaper and DjVu, whose owners built speciisl ignored and the filling processor acts on the input gray level
segmenters for them, and also for check compression [23]. Aleck based on the pixel labels. The X-marked pixels can be
analysis of the goals of the segmentation algorithm along witeplaced by anything else since they are not going to be used
a better description of MRC can be found in [21]. for decompression. The filling algorithm we used in this paper
works as follows.

« If there are 64 X-marked pixels, the block is unused and

In MRC, multiple planes represent a single image. As a re-  we output a flat block whose pixels have the average of the
sult the amount of data to be encoded is multiplied. The reason previous input block (because of JPEG’s DC DPCM [6]).
for that is to allow the use of stock compressors without mod- < If there are no X-marked pixels, the input block is output
ifying them. Nevertheless, it comes for a price. In each layer untouched.

Fig. 3. Example mask and corresponding block pixel labels.

C. Redundancy and Data Filling
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Fig. 4. Sample blocks for the simplified experiment and the corresponding 64 K RD points. (a), (bBinitidlpixel blocks before subsampling; (c), (d) RD
plots corresponding to (a), (b). RD points obtained by block thresholding are marked.

« If there is a mix of U- and X-marked pixels, we follow atransmitted to a receiver. The length of this stream is theRate
multipass algorithm: in each pass, pixels marked “X” whachieved by the coder. At the receiver, the streamed image data
have at least one U-marked horizontal or vertical neighbi then parsed and the FG/BG layers are decompressed into
is replaced by the average of those neighbors and marl@@c)(i,j) andﬁ(FG)(i,j), while the mask layer is supposed
“U” for the next pass. The process is continued until thette be lossless encoded. The image is then recomposed as
are no X-marked pixels left in the block. . .

The aim of the algorithm is to replace the unused parts of &(i»4) = m(i, )L (i, §) + (1 = m(i, ) LPD, 5). (1)
block with data that will produce a smooth block based on the ) L o
existing data conveyed by the U-marked pixels. Other methods! N€ distortion incurred by the compression is
may be used as well with the same goal, however, this simple o 2
method has been shown to give reasonable results for JPEG- D= Z (@@, 7) = (1,9))" @)
coded planes. *

) o In the case of block-based segmentation for block-based

D. Notation, Restrictions, and Problem Statement compression, the image is for simplicity divided into blocks

The image z(i,j) is segmented generating the maskf 8 x 8 pixels. For thenth 8 x 8 input pixel blockz,, (4, j),
m(i, 7). The data filling processors generate the image laygte segmenter generates a binary mask btagk, j) with the
LB (4, 5) andLES) (4, j). The FG/BG planes are processedsame dimensions. The data-filling processor generates the layer
compressed and combined into a single stream of bits whichbiecks LS (¢,5) and Lﬁ,,BG)(z‘,j). The FG/BG blocks are
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compressed and decompressei%c) (4, 4) andﬁﬁlBG)(i,j), However, complexity will increase exponentially and we will
from which the block can be reconstructed as leave such an extension to another opportunity. A further restric-
tion is to preclude the scaling of the layers so that each®
input block generates equally sized layer blocks.
N P NT (F@ s _ i WTF (BG) s s As we discussed, the mask and input blocks define the other
Enl6,9) = mn (8 9) Ln™" 0 3) (1= ma(l ) Ln™0 0 ). layers (for a fixed filling algorithms and without spatial scaling).
@) our goal is to find the best mappings, j) tom(¢, ) which will
optimize compression in a rate-distortion (RD) sense. We start
by breaking the problem (image) into blocks and finding the
best mapping:,,(i, ) to m, (¢, ). Then, for each input block,
there are2®* possible mask blocks. In order to simplify the
D, = Z (2 (i, 5) — 2nli,5))°. (4) search algorithm we also impose restrictions on the quantizer
ij table [6] used to JPEG compress each block. Not only we use
_ ) _ the same quantizer tab¢i, 5) for both FG and BG planes, but
In this paper, the rate achieved for the block is not computed Qi 3150 use a scaled version of JPEGesaulttableqy(i, j) as

The distortion for this block is

estimated as q(i,7) = Qqu(4, 7). This simplification allows us to control rate
and distortion as a function of a single variatjas opposed to
R,=RE + RM + RE (5) 128 of them. Optimization of tables is possible but would be

largely expensive and shadow the segmentation process. In re-
whereRE, R} andRE are the estimated rates for compressinglity, in an efficientimplementation, one might scale one or both
L%BG)(i,j), mp (4, 5) andLﬁLFG)(i,j), respectively. The reasonof the FG/BG planes and use differept We avoided this sce-
for estimating as opposed to computing the actual ratesniario intentionally to simplify our analysis. Despite all the sim-
twofold. First, for the mask layer block, it is very difficult (if plifications and limitations of the proposed approach we will
not impossible) to accurately determine the amount of bishow that one can still achieve excellent compression perfor-
a single block will generate. Binary coders generally relgnance.
on run-lengths, or line-by-line differential positions, or even
object properties. Hence, the contribution of a single block to
the overall rate is not direct. In this paper, to circumvent this I1l. OPTIMIZED BLOCK THRESHOLDING
apparent deadlock, we estimate the mask rate by counting the
number of horizontal transitions, to which we apply a fixed For a given image=(¢, j)}, using a particular coding quan-
average penalty (e.g., 7 bits per transition). So, for a block witizer @., & andD will depend on{=(¢, j)}, Q. and on the mask
N, transitions {m(t,5)}. The mask is found separately, so far, through seg-
mentation methods that are independent from the given com-
Rﬁl — N, * penalty g) Pression schemes. Here, we want to optimize the segmentation
in an RD sense and, therefore, it is assumed a quartdizéor

Second, even though?® andR¥ can be precisely computed forthe design phase, and an operating pdinte control the RD
coders such as JPEG, it is conceivable that all the compresti@geoff. Hence{m(i, j)} is a function of, Qq and{x(i, j)}.
data may be further subject to entropy coders, which can signifi-

cantly change the overall rate in high compression cases. In tAis Thresholding

paper’s experiments, the compressed layer files are collecte

using the Unix programar  andgzip . Thus, the bit-stream is %\s the FG/BG planes will be encoded by blocks, we want to

subject to Lempel-Ziv compression. Even thougk= %, D,,, find eaf:h bloqk masknn(z,jh). ;he S|mplesft ?Odfl fEr a c?m- .
the rate is only approximated, i.&8 ~ %, R poynd image is based on the histogram of the bloc pixels. Pic-
. ro . torial, background and text-edge areas should have histograms

The reason to use MRC for compression of compound IrW{](i)ch are dense, flat, and bimodal, respectively. One simple ap-

ages is because it is a standard. As a standard it is 'ntendetﬁroach is to find the bimodal blocks and to cluster the pixels

employ standard compressors as well. JPEG 2000 [7], [8] 1as : .
L . round each of its modes. Whatever method is used to perform
not yet been finalized. JPEG [6] is the current standard for Iosg stering or test bimodality, the pixels will be divided bygome

compression of _continuous—tone m"?‘te”?".a”d we apply JPEGsc?rt of threshold. In block thresholding the mask is found as
compress nonbinary planes. For simplicity, we decided to use

MMR [3] to compress the binary plane, although any other bi-

nary coder may be applied. The reason for chosing MMR is

simply because our local block rate estimaf}’ better ap- mn(t,7) = u(ty, — zp(6,4) — 1) @)
proximates the rate produced by MMR than the rate produced

by either JBIG [4] or JBIG2 [5]. Because of the large number afheret,, is the block’s threshold and(k) is the discrete step
variables involved, we want to keep the MRC model as simple agiction (equals 1 fok > 0 and 0 otherwise). In effect, pixels
possible. Thus, we apply a combination of JPEG+MMR+JPHGelow the threshold are placed in the BG layer. Since there
to compress the FG, mask, and BG blocks (planes), respectivalg 64 pixels in a block, there are at most 64 different mean-
The extension of the concept to more than 3 planes is feasibigful threshold values, whereby setting to be less than the
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is used here as a Lagrange multiplier, and that the computation
of R,, andD,, assumed a particulé},. Both A and@, are fixed

for all image blocks. This is so, because it is well known that,
for optimality, blocks should operate at the same slope on their
RD curves [24], and because baseline JPEG does not allow for
changing quantizer tables within an image. We test@) in a
block and select the index = &, for the minimum.J,. Then,

my (4, 4) is found using (7) fot,, = p(k,).

Two examples are shown in Fig. 5, where it is shown: the
input block, RD points, the RD point for minimug,, the RD
point for a uniform mask (no segmentation), the line with slope
—1/X which defines the best point, and the resulting mask
block. One example is a two-tone block wherein segmentation
is clearly advantageous and obvious. The other example is
extracted from a picture. Note that a change in the operating
point (slope of the line) may result in completely different
segmentation.

(a)

()

(D

C. Overall Optimization: Finding the Block Slope

In the previous section, we optimized the sequefitg},
block by block, for fixed external variablesand@,. We want
now to optimize these variables. As we discussed, in order to
computeR and D, we have to decide upaB.. It is reasonable
to assumgl, = Q. = @ for a good RD estimation. In any
Fig. 5. Sample blocks (a), (b), RD plots for block thresholding (c), (d) andase, R and D are functions of both\ and@), i.e. R(\, @?) and

resulting mask blocks (e), (f). The operating slope is indicated in (c), (d) alo : ; [N
with the best RD pointl{) and the RD point for a uniform maskKY). IB()\’ Q) Given a budgety, (or [,), the goal is to minimize

min D(\,Q or min R(A,Q
darkest pixel forces the mask block to be uniform, i.e. all sam- »@ ( lro@<n, AQ ( ooz,

ples imaged from one of the layersTo verify its RD perfor- 9)
mance, we cannot search afl*2segmentations and compute

each(R.,, D,.) pair. Because of that, we experimented an 4 or, equivalently, we are interested in the lower convex hull
n, Zn) Palr. be : ' pe (LCH) for a bounded RD region. The search of the two-dimen-
blocks. To perform this experiment, tBex 8 input block was

reduced to @ x 4 one, but all the layer blocks were interpolate(i?’!oanl (2-D) space can be very expensive. However, there are

(replicated) into’8 x 8 blocks before computing an RD point.Slrnpllfylng circumstances which may redpce the search.
1 . . We make the very reasonable assumptions&eatdl /D are
Thus, there are only* possible segmentation masks. Sample

results are shown in Fig. 4 where we plot all RD points for eat;ﬂonotonlc Increasing functions of botrand1/@Q. The higher

given input block, We, then, marked the RD points in Fig. & S5 % 222 TR S8 D e e eiaht
which correspond to thresholding the reduded 4 block. It y g gnt.

is easily seen that the mask obtained using thresholding yieIU%e higher@, the coarser the quantization, thus the image in-

among the best RD points. Although we just have shown two urs more distortion and is more eaS|_Iy compressed (reducing
. o ate). We make yet another assumption. Let us start from an
amples, tens of blocks were tested showing very similar resufe.

] . _operational point’s = (Ao, Qo). If we vary either@ or A,
If the results would hold for blocks af x 8 pixels (without re which variation would cause a larger RD tradeoff? We assume

ducing them), then there is a simpler way to find RD_eﬁ'C'e%atQ does. The quantizer affects the RD tradeoff directly. By

mask blocks. changingh, with @ fixed, the rate is changed only by making the

B. Finding the “Best” Threshold with All the Rest Fixed mask layer more or less active, which has only a modest impact

on D. As X increases, we noted that more portions of pictures
ielded nonuniform mask blocks as shown in the examples in
g. 6 for varying\ and@ = 1. In other words,

The questis to find the best threshold vadpién an RD sense,
from which one finds the mask using (7). In a block there are
pixels and therefore only up to 64 threshold values need to

tested. If we sort the block pixels, (i, j) into a sequencg(k), D(Py + 6x) — D(Fo) < D(Py + 6¢) — D(Py) (10)
for eacht,, = p(k), we evaluate R(Py + 6x) — R(Py) = R(Po+ 6g) — R(P)
Jx = Ry (k) + AD, (k) (8) whereéy = (AX0) andéy = (0,AQ) are the minimum

) changes in\ and @ in order to produce a change in the RD
where the index denotes measurements for tht threshold jnt,

tested. We recall that was defined as a control parameter and These assumptions imply that the mapping of the plane

1A 65th threshold value,, greater than the brightest pixel, was ignored as i()‘v Q) into the pIane(R, D) 9”'3{ warps the im.age. ir.]to the
achieves the same objective as the first. range and the topology is maintained. The mapping is illustrated
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Q A D A
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(a) > A (b) > R
Q A D A
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= A=00
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Fig. 7. Mapping(A, Q) — (R, D). Image in (a) is warped into (b) because
of the monotonicity assumptions. Becauséalomination, the mapping of the
allowable image (c) is more like the range in (d). Since variatiodg dominate
the RD tradeoff (e), the typical topology of the RD range as functiofhot?)

is as in (f). From the RD plot in (f), the LCH is obtainable by setting- 0.

from pointF, until getting to pointP, , i.e., the? axis is mapped
the LCH. In other words, one operates at the LCM i 0! This
unusual result translates in minimizing &), without regard to
D,,, in order to minimizeD for someR or, equivalently, in order

Fig. 6. Mask examples for image “compoundl”: top left, original image; toFJO minimize K for someD.

right, mask for minimum\; bottom left, same for intermediasy; bottom right: Hence, one can simplify the search and obtain an efficient
same for maximumi. operating point as follows.

in Fig. 7, where the rectangular grid bounded by extreme values

of A andQ in Fig. 7(a) is mapped (distorted and stretched) ing!gorithm |

the irregular grid in Fig. 7(b) with the same topology (mapped) Selects = Q. = Q. _ S
lines do not cross). Thus, at most two of the boundary lines & For every block, input.. (¢, j) and findz,, which minimizes
the image in(A, () are directly mapped to the LCH in the RD J = Rn .

plane. However has a limited effect on the RD point, while3) Obtain maskn., (i, j) for each block using (7).

Q dominates the RD tradeoff. A — oo, D diverges and? 4) With resulting mask layer in hand, compress FG/BG layers
approaches its minimum (conceptually 0), regardless. &s usin_g quantizer).

Q — 0, D — 0 andR diverges, again, regardlessafPositive 2) Verify overall rateR (or D).

values ofA and@, as illustrated in Fig. 7(c) are then mapped t8) If £ (or D) is not within parameters, adjugtand go to step
a region as in Fig. 7(d). Thus, one of the axes is mapped to the?-

LCH. Let(R(Fy), D(Fo)) = RD(Fy). Then, (10) is illustrated

in Fig. 7(e). To confirm our speculations, tests were ran for _ o o _ _
different compound images for different rates and we verifidg- Practical Optimization: Finding the “Design” Quantizer

the relations that we hypothesized [monotonicity and (10)]. In pye to practical reasons which we will discuss later, the oth-
Fig. 8 it is shown RD curves by varyin@ and by varyingh  enyjise logical concept of making = Q, = Q. does not work
(minimum, intermediary, and maximum values). Circles marfary well for low rates. Larg€) yields poor segmentation which
the points where) = 1. somehow compromises the performance for moderate to high
The implications of this result are that if we start from pointompression ratios. Note the erratic behavior of curves in Fig. 8
Fy in Fig. 7(f), where the solid curves are those obtained bgr lower rates. For that reason we modify the algorithm to use
varying A while the dashed lines are obtained by vary@pgit a relatively small fixed valu&), for segmentation and an ad-
is easy to see that one will “hit” the LCH by moving leftwardustableq). for changing overalRk and D.
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Fig. 8. PSNR plots for MRC and JPEG using image “compoundZ.” Rate CgriTq. 9. Comparison between Algorit_hm | (solid line) and Il (das_hed lines) for
be changed by either varyingor (2. The points for unscaled quantizer tableg "a9¢ compoundl. Curves i}, = 0.5 andQq = 0.25 are superimposed.

are marked for all curves.
small (minimum 2) while for pictures it can be up to 64, i.e.,
6C; < C <£192C;.

Algorithm I
1) Select@y. . . . .
2) For every block, input,, (¢, j) and find¢,, which minimizes E. On Block Rate Estimation for High Compression
J = R(t,,Qq). The optimization using a commap is not very accurate for
3) Obtain maskn,, (i, j) for each block using (7). low rates due to several reasons of practical nature. Most of them
4) With resulting mask layer in hand, compress FG/BG layef§€ tied to the imprecision in estimating the block rates. The
using scaling facto€)... dc term in JPEG is encoded as a function of the dc of the pre-
5) Verify overall rateR (or D). vious block. That forced us to use a slightly greedy approach
6) If R (or D) is not within parameters, adju&t. and go to step in which we decide the threshold for a block without looking
4. at implications it may cause to the next block. In this sense, re-

sults are not globally optimal. The same reason (interblock de-
pendency) affects largelg?! which is the largest inaccuracy of
PSNR plots are shown in Fig. 9 for the image “compoundXhe algorithm, as we discussed. By looking at a single block we
from JPEG 2000’s test setWe compare the two algorithms incannot compute how many bits are to be spent to encode it. Our
the MRC context. The solid curve represents the points obtaingighple estimate is better correlated with the one-dimensional
with Algorithm [ for differentQ). The dashed curves correspond1-D) MH algorithm, [2] although still imprecise. Also, the en-
to the Algorithm Il wherein®, is the same a for the firstal- - tropy coder used for the already compressed stream in largely in-
gorithm’s RD curve. Note the poor performance of Algorithm &fective for high rates (redundancy has already been removed).
for lower bit rates which is only able to catch up with seconfls compression increases (rate decreases), compressed JPEG
algorithm’s performance for high bit-rates. Eventually, Algoblocks become more repetitive and the entropy coder affects
rithm | becomes better than Il, but only marginally. This effeghore the overall rate, making the block rate estimates less pre-
is caused by the algorithm’s inherent imprecision. Also, for higkise. As rate decreases, the mask layer, whose compressed size
enough bit rates (low enough,), the RD curves are virtually does not change, becomes relatively more important within the
identical regardless a@y. This result was consistent with testompressed file. Therefore, inacuracies in estimakifighave
performed on other compound images. Thus, we conclude thater effect for lowR. All those facts, among others, compound
Algorithm Il is a more robust substitute for Algorithm I and anyo limit the effectiveness of Algorithm | for low bit rates.
small enougl®, should provide a “good-enough” performance.
Summarizing, the preferred Algorithm (Il) is the one where: IV. FASTER APPROXIMATION

A =0,Qqissmall (e.g.< 1), and if necessary, rate is adjusted ) o o
by changingQ.. The search in 2-D space is avoided, i.e. the The goal of this section is to present a faster and efficient tech-

mask layer can be generated with only one point in(the?) nique to obtairt,,. The largest cqmplexity @n the RD—optimized.
plane. Hence, a single RD-efficient segmentation algorithm cRRINtS comes from pre-processing and simulating compression

be made to approach or meet the LCH virtually independent%tfthe FG/BG layer blocks in order to compute an estimation of
the RD slope, i.e., independent of the actual RD targets. the overall RD point. We want to avoid those computations as

Let C; denote the complexity (in terms of operations) owvell as the block-filling operation. As we discussed, segmenta-
JPEG compressing a block. It takes abou€'3 to test one tion of bimodal blocks is essentially a method of finding a suit-
threshold. If, in averagek, thresholds need to be tested pe;1b|e threshold that would divide the block into two nearly-uni-
block, the segmenter complexity per block for Algorithm (form regions. We can modify our cost function to reflect this

is: C = 3k,C,. For predominantly binary imagés is very property. We also want to add a penalty for mask transitions.
For nonbimodal blocks, the cost should be lower for uniform

2The set of images tested in this paper is shown in Fig. 11. masks than for nonuniform ones. Once the block is thresholded
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into two sets, measures of variance or entropy should be gq
estimators of how similar the set members are. We have cho
to use the variance measure not only because the varianc
simpler to compute than the entropy, but it also serves as a gt
rate estimator. Intuitively, if a block has low variance, it shoul
be compressed well with a small distortion.
For each block, we sort its pixels p{%) just like in the RD

case. However we seek to minimize the following cost functio

J = Vee + axVra + azlVy (11)

whereq; are weighting factord/z¢ andVr are the variances Fig. 10.  Mask examples for image “compound1” and= 200. From left to
of pixels in the BG and FG layer blocka; is the number of Mght,a: = az = 1;a; = 1andaz = 5;a; =5 andaz = 1.

horizontal transitions of the mask block (the first column of the

block uses as reference the last column of the previous m%%k: Sx, @n(i,j) andv, = Sx, z2(i,5). Then, we update
block, just like in the RD-optimized search case). For a give),, varia}lz)les as ?

threshold, a mask block,, (¢, 7) is obtained and we define two

sets Sf=sf+sp; vp=vrt+uy ng=ngtnp
Xy = {an (i f)lmali. ) = 1) A
Xy ={zn (i, )|lmn(i, ) = 0}. (12)  and recomputde, Ve and.Ji. We repeat the process until

X, is empty. We test all 65 possibilities, i.e. fraf; empty to
X, empty in order to make the algorithm symmetric. We select
t = p(k) for min, (J5) and we compute the final mask using

We definen; andn; as the number of pixels in the sat
and X, respectively, where obviously; + n, = 64. Then,

variances are computed as 7).
9 The overall computation (in terms of operations) is much
> @i, ) > @i, 5) more reasonable than the RD-optimized counterpart. The
Vi = X, ] X overall processing has a computational complexity not
ny ny superior to simply compressing the block with JPEG once, i.e.,
C =~ OJ.
Z (i, )2 Z (i, ) 2 A; for the weights, without loss of gengrality we can nor-
& & mah_zg one of them (e.gg; = 1). The cho_|ce _of weights is
Vig = — — ! (13) empirical, however there are some few guidelines that we can
s s use for our advantage. We want to place the complex graphics

and pictures in one of the planes and that can be done with

as #£ «aq. Also, variances are much larger numbers than the

which can be efficiently implemented. Since thresholds af per of transitions (given that pixels range from O to let us
sorted, as we incremeht we will be effectively moving plxe_ls say 255). Thuscs should be a very large number. In our ex-
from the setX, to the setX;. Thus, part of the computation periments, the values afs = 5 andas = 200 were effi-

does not change in each step. First we set the mask to becally for segmentation of images containing sharp contrasting

zeros effectively placing the whole block in the backgroungyiacy_on-white text. Some masks are shown in Fig. 10 for the
which is equivalent to sety to be the smallest of,.(¢,5). 5geg where; = as = 1, a; = 1 andas = 5. and the case

Then, we sek = 0 and initialize the following variables: a1 = 5andas = 1. Although all cases segment well the text,

o o the placement of picture blocks differs. It might be advantageous
Sb = Z z, (1, §);ve = Z x, (4, 5); ny = 64, for other reasons to use, = 1, s = 5 in order to place the
K Y picture along with the background, and we recommend those
sy =vy=ny =N =0. values.
We then compute V. EXPERIMENTAL RESULTS
Vi — Uy Sp 2 Vs — vy Sf 2 We now compare segmentation methods within our MRC
B¢ =0 \my FG = ny  \ny framework using the images shown in Fig. 11. The images range

from purely graphics (graphics) to purely pictorial (baby), with
where, ifn s orn, are 0, the corresponding variance is set to ®wo other mixed images with graphics (compoundl) and pic-
Next, we compute (11). As we increase the threshold to the néottial (wine) dominance. Clearly, the more graphics the higher
pixel in the sorted list, we incremeht and the mask changes sas MRC'’s advantage over a single coder such as JPEG. For an
that we need to recomput¥,. Somen,, pixels that form a set image such as “baby,” our MRC approach has the disadvan-
X, are then moved fronX, to X ;. Hence, we have to computetage of encoding the overhead of two planes and is expected
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Tear Pan,
1 was delighted to hear from you last week, FPatti and 1 had a
wonderful time during our week-long summer vacation, The wea-

ther uas excellent, and the Food uas absolutely exquisite. I

hope that. ws can repsat this next year and that you will join

us too,
Ue came back with a lot of Fantastic memories, which we would

like to share uith you through sowe snapshots that we took.

. .

Our favorite 13 this picture of us aboard the "Top Hat’, which 1
have pasted into this letter using some really neat advanced dig-
ital inaging technology on my home computer, e will ship the

rest to you on a CI-ROM soon,  Wishing you the best,

Love,

Susan

Fig. 11. Test images.

to be outperformed by JPEG. We compared the following seg-
menters:

2) its variance-based approximation;

3) segmenter from [17];

4) segmenter from [15].

We also compared the single-layer coders JPEG and JPEG 2000.

For the MRC approach, we computed RD curves by varying
Q., which are shown in Fig. 12. The distortion measure chosen
was PSNR and the plots present results in differential PSNR
compared to JPEG, i.e., how many decibels improvement would
there be if we replace JPEG by the respective coder (MRC or
JPEG 2000).

The PSNR difference against JPEG is extremely large for the

graphics case since MRC quickly approaches the lossless state.

The image compoundl is one of the best representatives of the
target compound images. In this case, the PSNR difference is

a staggering 12 dB over JPEG anq several decibels over JPIE'(E’ 12. PSNR difference plots compared to the PSNR achieved by JPEG
2000. The performance of the variance-based method is vesypression. Solid line at 0 is JPEG reference performance. Line patterns
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close to that of the RD-based one, except for pictorial imagee 'abeled, where: RD is Algorithm Il witf); = 1; VAR is the method in

As the i b v i ial. the | b Section IV; DJ is MRC with segmenter from [15]; C+B is MRC with segmenter
s the Image becomes purely pictorial, the losses are abouk i, (17), which is not available for image “graphics;” JP2 is JPEG 2000.

below 1 dB for the RD-based segmentation compared to JPEfSage name is noted for each plot set.
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cocrinl iuw derim o eclon eear smaiica. T var ardar it Les derwes wr sl Tewer vaekion. e v J
= m moslee. @ T Posdl s sl kel sopadalts, (i v arallel. el i Nod b sbobatsly e |

fops Tl v e remd T red g e Bl possil ] joir e thah sm cen repmd i ek geer nd e aow will

Do Faermin in b pisverr of W s i " Toe BS™, dhush | Jar Feoriie or e pislere of o s e o mai”s san |

= p el I umiry eee really et sdaesd digs s e 1na thiE [ ey e el s sderesd dig
ilal g L b e oy e e, el i i ihal i D g om ey — e, eosi sip i

g i ok CHEIE s, Rishing gous e e, b te o ovo8 CFEH o, Biahing g

Fig. 13. Reconstructed images after compression at 0.45 bpp. Left: MRC compressed, minimum rate segmentation method (PSNR is 37.49 dB). Right: JPEG
(PSNR is 25.33 dB).

We consider this small loss a very positive sign: even if by mis- VI. CONCLUSIONS
take a pictorial image is to be segmented, smart segmentation
can minimize losses. Optimized block thresholding seems to be an effective way

The other segmenters tested do not employ block-thre¢h-segment a compound document image for compression. Be-
olding as we do. The one from [17] is RD optimized for ®ause of the different curve slopes and of the practical estima-
blockwise multilevel mask which was adapted by the authotion problems at low bit-rates, block rate minimization along
for our MRC approach, by thresholding blocks in the bimodatith high-quality quantization seem to be the basis for a robust
class. It slightly outperforms our RD-optimized approach fghreshold-based segmentation method. The proposed segmenta-
low bit-rates for image compound1, while being outperformdibn method is RD-optimized in the sense of leading to points
everywhere else. That result is a combination of their efficieapproaching or meeting the LCH, given all constraints, but is
bimodal classification with our deficient segmentation for lowobust enough to be virtually independent of the RD slope and
bit-rates. The multiresolution clustering segmenter from [18f the RD targets, which are basically set after segmentation,
was designed for high resolution images and is not very precidgring the compression stage. Therefore, the segmenter can be
in identifying small text. Since it is intended for internet-basedpplied to an image independent of the layer compression set-
very-high-compression applications, this is commonly satitings, which simplifies implementation. The variance method
factory, but unfortunately yields modest PSNR performandga fast alternative, which can be used as an example where the
for our small test images within our MRC approach. BotRRD-optimized method can guide the tuning of other segmenter’s
segmentation approaches serve to illustrate the potential ggiasameters.
one can obtain by optimizing the segmenter, as we propose, foOverall, the tradeoff is reasonable: there can be improvement
a given MRC setup, instead of using a generic segmentationin the order of tens of decibels in graphics case, while only a

Apart from MRC approaches, JPEG 2000 serves as an uppertall loss in the pictorial case. This is a result of the optimiza-
bound in single-layer performance. It is unfair, though, to contion algorithm. Furthermore, it was shown a sizable improve-
pare our approach with JPEG 2000. One can also apply JPE@nt of the proposed methods over other MRC-centric seg-
2000 and JBIG2 coders to the MRC layers (as DjVu so succesenters.
fully does with similar technologies: IW44 and JB2 [15]) in- Further efforts will be concentrated on better methods to
stead of simpler and cheaper technologies such as JPEG estimate the rate achieved by compressing the layers and
MMR, which we used for tests. on allowing more flexibility to the framework (e.g., layer

A sample of reconstructed images for comparison are shosealing, different quantizers, different coders, etc.). Another
in Fig. 13. The superior quality of the MRC-coded image oveesearch direction is to expand optimized thresholding for
the JPEG-coded one is easily noticeable in both pictorial andnblock-based frameworks in order to accommodate coders
text areas. such as JPEG 2000.
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