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ABSTRACT

Haneda, Eri Ph.D., Purdue University, May 2011. Markov Random Field Model
Based Text Segmentation and Image Post Processing of Complex Scanned Docu-
ments. Major Professor: Charles A. Bouman.

In this dissertation, two image processing studies will be presented. The first
study is segmentation for MRC document compression using an MRF model, and
the second study is an automatic contrast enhancement scheme for a digital image
capture device.

In the first study, we developed a new document segmentation scheme for Mixed
Raster Content (MRC) standard. The Mixed Raster Content standard (ITU-T T.44)
specifies a framework for document compression which can dramatically improve the
compression/quality tradeoff as compared to traditional lossy image compression al-
gorithms. The key to MRC compression is the separation of the document into fore-
ground and background layers, represented as a binary mask. Therefore, the resulting
quality and compression ratio of a MRC document encoder is highly dependent on
the segmentation algorithm used to compute the binary mask.

In this study, we propose a novel multiscale segmentation scheme for MRC doc-
ument encoding based on the sequential application of two algorithms. The first
algorithm, cost optimized segmentation (COS), is a blockwise segmentation algo-
rithm formulated in a global cost optimization framework. The second algorithm,
connected component classification (CCC), refines the initial segmentation by classi-
fying feature vectors of connected components using an Markov random field (MRF)
model. The combined COS/CCC segmentation algorithms are then incorporated into
a multiscale framework in order to improve the segmentation accuracy of text with

varying size. In comparisons to state-of-the-art commercial MRC products and se-
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lected segmentation algorithms in the literature, we show that the new algorithm
achieves greater accuracy of text detection but with a lower false detection rate of
non-text features. We also demonstrate that the proposed segmentation algorithm
can improve the quality of decoded documents while simultaneously lowering the bit
rate.

In the second study, we developed a robust algorithm to perform automatic con-
trast enhancement. The motivation for this study is that the background of scanned
images by digital scanners sometimes appear too dark. This is particularly true for
scans of paper materials such as newspapers, magazines and phone books. In such
cases, a lighter and more uniform background color is typically preferred because it
has the advantages that the contrast of the image is more distinct, the background
noise is reduced, and the background color is more consistent across paper materials.

Our objective of this study is to snap the background color of the paper material
to display-white and the full black colorant of the printer to display black without
large color shift. In addition, we want to reduce show-through effects of thin paper
materials. Our algorithm described in this document consists of four components:
auto cropping, paper-white estimation, paper-black estimation, and linear contrast
stretch. First, the algorithm performs auto cropping of an input image to extract
the region which contains only paper. Next, paper-white color and black colorant
color are estimated using the maximum and minimum values for each RGB channel.
Finally, a linear contrast stretch is performed by snapping the estimated paper-white
and estimated black colorant to the largest and smallest encoded value to increase
the dynamic range. We show quantitative evaluation for our paper-white estimation

algorithm, and show qualitative results of overall contrast stretch.



1. SEGMENTATION FOR MRC DOCUMENT
COMPRESSION USING A MRF MODEL

1.1 Introduction

With the wide use of networked equipment such as computers, scanners, printers
and copiers, it has become more important to efficiently compress, store, and transfer
large document files. For example, a typical color document scanned at 300 dpi
requires approximately 24M bytes of storage without compression. While JPEG and
JPEG2000 are frequently used tools for natural image compression, they are not very
effective for the compression of raster scanned compound documents which typically
contain a combination of text, graphics, and natural images. This is because the use
of a fixed DCT or wavelet transformation for all content typically results in severe
ringing distortion near edges and line-art.

The mixed raster content (MRC) standard is a framework for layer-based docu-
ment compression defined in the ITU-T T.44 [1] that enables the preservation of text
detail while reducing the bitrate of encoded raster documents. The most basic MRC
approach, MRC mode 1, divides an image into three layers: a binary mask layer,
foreground layer, and background layer. The binary mask indicates the assignment
of each pixel to the foreground layer or the background layer by a “1” or “0” value,
respectively. Typically, text regions are classified as foreground while picture regions
are classified as background. Each layer is then encoded independently using an ap-
propriate encoder. For example, foreground and background layers may be encoded
using traditional photographic compression such as JPEG or JPEG2000 while the
binary mask layer may be encoded using symbol-matching based compression such
as JBIG or JBIG2. Note that different compression ratios and subsampling rates are

often used for foreground and background layers due to their different characteristics.



Typically, the foreground layer is more aggressively compressed than the background
layer because the foreground layer requires lower color and spatial resolution. Fig-

ure 1.1 shows an example of layers in an MRC mode 1 document.

ABCDEF ABCDEF
12345 12345
= + +
Original Image Foreground Background Binary mask

JPEGZOOi JPEGZO% JBIGi

MRC document

Fig. 1.1. Illustration of Mixed Raster Content (MRC) document com-
pression standard mode 1 structure. An image is divided into three
layers: a binary mask layer, foreground layer, and background layer.
The binary mask indicates the assignment of each pixel to the fore-
ground layer or the background layer by a “1” (black) or “0” (white),
respectively. Typically, text regions are classified as foreground while
picture regions are classified as background. Each layer is then en-
coded independently using an appropriate encoder.

Perhaps the most critical step in MRC encoding is the segmentation step, which
creates a binary mask that separates text and line-graphics from natural image and
background regions in the document. Segmentation influences both the quality and
bitrate of an MRC document. For example, if a text component is not properly
detected by the binary mask layer, the text edges will be blurred by the background
layer encoder. Alternatively, if non-text is erroneously detected as text, this error can
also cause distortion through the introduction of false edge artifacts and the excessive
smoothing of regions assigned to the foreground layer. Furthermore, erroneously
detected text can also increase the bit rate required for symbol-based compression
methods such as JBIG2. This is because erroneously detected and unstructured non-

text symbols are not be efficiently represented by JBIG2 symbol dictionaries.



Many segmentation algorithms have been proposed for accurate text extraction,
typically with the application of optical character recognition (OCR) in mind. One
of the most popular top-down approaches to document segmentation is the X-Y cut
algorithm [2] which works by detecting white space using horizontal and vertical
projections. The run length smearing algorithm (RLSA) [3,4] is a bottom-up approach
which basically uses region growing of characters to detect text regions, and the
Docstrum algorithm proposed in [5] is another bottom-up method which uses k-
nearest neighbor clustering of connected components. Chen et. al recently developed
a multi-plane based segmentation method by incorporating a thresholding method [6].
A summary of the algorithms for page segmentation can be found in [7-11].

Perhaps the most traditional approach to document binarization is Otsu’s method
[12] which thresholds pixels in an effort to divide the document’s histogram into
objects and background. There are many modified versions of Otsu’s method [6,13].
While Otsu uses a global thresholding approach, Niblack [14] and Sauvola [15] use a
local thresholding approach. Kapur’s method [16] uses entropy information for the
global thresholding, and Tsai [17] uses a moment preserving approach. A comparison
of the algorithms for text segmentation can be found in [18].

In order to improve text extraction accuracy, some text segmentation approaches
also use character properties such as size, stroke width, directions, and run-length
histogram [19-21]. Other segmentation approaches for document coding have used
rate-distortion minimization as a criteria for document binarization [22,23].

Many recent approaches to text segmentation have been based on statistical mod-
els. One of the best commercial text segmentation algorithms, which is incorporated
in the DjVu document encoder, uses a hidden Markov model (HMM) [24,25]. The
DjVu software package is perhaps the most popular MRC-based commercial document
encoder. Although there are other MRC-based encoders such as LuraDocument [26],
we have found DjVu to be the most accurate and robust algorithm available for doc-
ument compression. However, as a commercial package, the full details of the DjVu

algorithm are not available. The use of Markov random field (MRF) models, which is



more generalized statistical framework, have also been explored for image segmenta-
tion in the past [27]. Zheng et al. [28] used an MRF model to exploit the contextual
document information for noise removal. Similarly, Kumar [29] et al. used an MRF
model to refine the initial segmentation generated by the wavelet analysis. J. G. Kuk
et al. and Cao et al. also developed a MAP-MRF text segmentation framework which
incorporates their proposed prior model [30, 31].

Recently, a conditional random field (CRF) model, originally proposed by Laf-
ferty [32], has attracted interest as an improved model for segmentation. The CRF
model differs from the traditional MRF models in that it directly models the poste-
rior distribution of labels given observations. For this reason, in the CRF approach
the interactions between labels are a function of both labels and observations. The
CRF model has been applied to different types of labeling problems including block-
wise segmentation of manmade structures [33], natural image segmentation [34], and
pixelwise text segmentation [35].

Perhaps one of the greatest challenges in document segmentation for MRC is
the correct assignment of segmented regions to foreground and background [36]. A
frequently used approach is to assign lighter colors to background and darker colors
to the foreground [22,37]. However, this assumption is not valid for light colored
text on a dark background. Another challenge is detecting text of different size
simultaneously. We frequently encounter size limitation issues for text segmentation.
Segmentation is further complicated when the background is graded or noisy. These
features are often contained in flyers, magazines, and newspapers.

In this document, we present a robust multiscale segmentation algorithm for both
detecting and segmenting text in a complex document containing background grada-
tion, varying text size, reversed contrast text, and noisy backgrounds. While consid-
erable research has been done in the area of text segmentation, our approach differs
in that it integrates a stochastic model of text structure and context into a multiscale
framework in order to best meet the requirements of MRC document compression. In

particular, our method is designed to minimize false detections of unstructured non-



text components (which can create artifacts and increase bit-rate) while accurately
segmenting true-text components of varying size and with varying backgrounds. Us-
ing this approach, our algorithm can achieve higher decoded image quality at a lower
bit-rate than generic algorithms for document segmentation. We note that a prelimi-
nary version of this approach, without the use of an MRF prior model, was presented
in the conference paper of [38], and that the source code for the method described in
this document is publicly available.

Our segmentation method is composed of two algorithms that are applied in se-
quence: the cost optimized segmentation (COS) algorithm and the connected compo-
nent classification (CCC) algorithm. The COS algorithm is a blockwise segmentation
algorithm based on cost optimization. The COS produces a binary image from a gray
level or color document; however, the resulting binary image typically contains many
false text detections. The CCC algorithm further processes the resulting binary im-
age to improve the accuracy of the segmentation. It does this by detecting non-text
components (i.e. false text detections) in a Bayesian framework which incorporates
an Markov random field (MRF) model of the component labels. One important in-
novation of our method is in the design of the MRF prior model used in the CCC
detection of text components. In particular, we design the energy terms in the MRF
distribution so that they adapt to attributes of the neighboring components’ relative
locations and appearance. By doing this, the MRF can enforce stronger dependencies
between components which are more likely to have come from related portions of the
document. Both the COS and CCC algorithms are also formulated in a multiscale
framework to improve detection accuracy for both small and large text. Our ex-
perimental results indicate that the multiscale COS/CCC algorithm achieves greater
accuracy of text detection but with a lower false detection rate of non-text, as com-
pared to state-of-the-art commercial MRC products.

The organization of this thesis is as follows. In section 1.2 and section 1.3, COS and

CCC algorithms are described. In section 1.4, the multiscale implementation for COS

thttps:/ /engineering.purdue.edu/ bouman



and CCC is described. The section 1.5 explains the MRC encoding procedure used
in this study. The section 1.6 presents experimental results, in both quantitative and
qualitative ways. The results include a comparison with other commercial products
or other popular segmentation algorithms in terms of segmentation accuracy, the
resulting bitrate of the binary mask, and computational speed. The MRC decoded
image comparison is also shown in this section. Finally, the section 1.7 describes the

summary of this research.



1.2 Cost Optimized Segmentation (COS)

The Cost Optimized Segmentation (COS) algorithm is a block based segmentation
algorithm formulated as a global cost optimization problem. The COS algorithm
is comprised of two components: blockwise segmentation and global segmentation.
The blockwise segmentation divides the input image into overlapping blocks and
produces an initial segmentation for each block. The global segmentation is then
computed from the initial segmented blocks so as to minimize a global cost function,
which is carefully designed to favor segmentations that capture text components.
The parameters of the cost function are optimized in an off-line training procedure.

A block diagram for COS is shown in Figure 1.2.

Off-line tasl

Parameter estimation df
cost functior i

___________ B
e h
1 COS } i Output binary
Input image! - - . ! segmentation
— 1 »/ Blockwise segmentatio »| Global segmentation | . — =
(cost optimization)

Fig. 1.2. The COS algorithm comprises two steps: blockwise segmen-
tation and global segmentation. The parameters of the cost function
used in the global segmentation are optimized in an off-line training
procedure.

1.2.1 Blockwise segmentation

Blockwise segmentation is performed by first dividing the image into overlapping
blocks, where each block contains m x m pixels, and adjacent blocks overlap by m /2
pixels in both the horizontal and vertical directions. The blocks are denoted by O; ;

fori=1,..,M, and j = 1,.., N, where M and N are the number of the blocks in



the vertical and horizontal directions, respectively. If the height and width of the
input image is not divisible by m, the image is padded with zeros. For each block,
the color axis having the largest variance over the block is selected and stored in a
corresponding gray image block, (N)”

The pixels in each block are segmented into foreground (“1”) or background (“0”)
by the clustering method of Cheng and Bouman [23]. The clustering method classifies
each pixel in O~i’j by comparing it to a threshold ¢. This threshold is selected to
minimize the total sub-class variance. More specifically, the minimum value of the

total sub-class variance is given by

. 2 - 2
No,ij * 00,i; T Ny ox 01,5

T R T Ny Fay (1)
where Ny ; ; and Ny ; ; are number of pixels classified as 0 and 1 in O” by the threshold
t, and a&m and aii’j are the variances within each sub-group (See Figure 1.3). Note
that the sub-class variance can be calculated efficiently. First, we create a histogram
by counting the number of pixels which fall into each value between 0 and 255. For
cach threshold ¢ € [0,255], we can recursively calculate of ; ; and o7, ; from the values
calculated for the previous threshold of ¢t — 1. The threshold that minimizes the sub-
class variance is then used to produce a binary segmentation of the block denoted by

C;; € {0,1}mxm,

1.2.2 Global segmentation

The global segmentation step integrates the individual segmentations of each block
into a single consistent segmentation of the page. To do this, we allow each block to

be modified using a class assignment denoted by, s; ; € {0,1,2, 3}.



. 7 NG _

YT t ~
Group 0 [ values) Group 1 {; values)

mx m value:

Fig. 1.3. Hlustration of a blockwise segmentation. The pixels in each
block are separated into foreground (“1”) or background (“0”) by
comparing each pixel with a threshold ¢. The threshold ¢ is then
selected to minimize the total sub-class variance.

R

sij=0 = C;;=0C; (Original)

sij=1 = C?u =-C, (Reversed) (1.2)
si; =2 = C;; ={0}™™ (All background)

si; =3 = Ci;={1}™™ (All foreground)

Notice that for each block, the four possible values of s;; correspond to four
possible changes in the block’s segmentation: original, reversed, all background, or
all foreground. If the block class is “original”, then the original binary segmentation
of the block is retained. If the block class is “reversed”, then the assignment of each
pixel in the block is reversed (i.e. 1 goes to 0, or 0 goes to 1). If the block class is set
to “all background” or “all foreground”, then the pixels in the block are set to all 0’s
or all 1’s, respectively. Figure 1.4 illustrates an example of the four possible classes
where black indicates a label of “1” (foreground) and white indicates a label of “0”

(background).
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. C,
image ’

Fig. 1.4. Tllustration of class definition for each block. Four segmen-
tation result candidates are defined; original (class 0), reversed (class
1), all background (class 2), and all foreground (class 3). The final

segmentation will be one of these candidates. In this example, block
size is m = 6.

Our objective is then to select the class assignments, s, ; € {0,1,2,3}, so that the

resulting binary masks, C; ;, are consistent. We do this by minimizing the following

global cost as a function of the class assignments, S = [s; ;] for all 4, j,

M N

F1(9) =D 0 {E(sig) + MValsig, siger) + AaVa(sigy sivny) + AsVa(sig)} . (1.3)

i=1 j=1

As it is shown, the cost function contains four terms, the first term representing the
fit of the segmentation to the image pixels, and the next three terms representing
regularizing constraints on the segmentation. The values A\, Ay, and A3 are then
model parameters which can be adjusted to achieve the best segmentation quality.
The first term &£ is the square root of the total sub-class variation within a block

given the assumed segmentation. More specifically,

PYi,j lf Si,j = 0 or Si,j =1
S(SZ'J') = (14)

04,5 if Sij — 2 or Sij — 3
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where o, ; is the standard deviation of all the pixels in the block. Since 7;; must
always be less than or equal to o; ;, the term £ can always be reduced by choosing a
finer segmentation corresponding to s; ; = 0 or 1 rather than smoother segmentation
corresponding to s; ; = 2 or 3.

The terms V; and V5 regularize the segmentation by penalizing excessive spatial
variation in the segmentation. To compute the term V;, the number of segmenta-
tion mismatches between pixels in the overlapping region between block C’i,j and the
horizontally adjacent block C’i’jﬂ is counted. The term V; is then calculated as the
number of the segmentation mismatches divided by the total number of pixels in the
overlapping region. Also V4 is similarly defined for vertical mismatches. By minimiz-
ing these terms, the segmentation of each block is made consistent with neighboring
blocks.

The term V3 denotes the number of the pixels classified as foreground (i.e. “17)
in C’” divided by the total number of pixels in the block. This cost penalizes seg-
mentations that assign too many pixels to the foreground to ensure that most of the
area of image is classified as background. Therefore, this cost ensures that most of
the area of image is classified as background.

For computational tractability, the cost minimization is iteratively performed on
individual rows of blocks, using a dynamic programming approach [39]. Figure 1.5
shows a diagram of the dynamic programming process for the i** row of image blocks.
Each node denotes a choice of the classes from “07, “1”7, “2” or “3” for a particular
block. Each path from the start to the end represents a possible choice of the class
combinations in the row. Each path between two nodes has a cost defined in Eq. (1.3).
Therefore, our goal is equivalent to find the optimal path from the start to the end
with the minimum cost.

Note that row-wise approach does not generally minimize the global cost function
in one pass through the image. Therefore, multiple iterations are performed from top
to bottom in order to adequately incorporate the vertical consistency term. In the

first iteration, the optimization of i row incorporates the V5 term containing only
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Prev node: 0
Total cost: xxx

Prev node: 1
Total cost: xxx

Prev node: 0
Total cost: xxx

End

Prev node: 1
Total cost: xxx

w
Pz

— Cost between neighboring blocks

Q Block class assignment

Fig. 1.5. Illustration of cost minimization by dynamic programming.
The cost minimization is iteratively performed on individual rows of
blocks, and this diagram shows the dynamic programming for the i
row. Each node denotes a choice of the classes from “07, “17, “2” or
“3” for a particular block, and each path from the start to the end
represents a possible choice of the class combinations in the row. Each
path between two nodes has a cost defined in Eq. (1.3). Therefore,
the goal is to find the optimal path from the start to the end with the
minimum cost.

the i — 1'" row. Starting from the second iteration, V5 terms for both the i — 1** row

and i 4+ 1" row are included. The optimization stops when no changes occur to any
of the block classes. This optimization is sometimes trapped in local minima, but
it does approximately minimize the cost function. Experimentally, the sequence of
updates typically converges within 20 iterations.

The cost optimization produces a set of classes for overlapping blocks. Since the

output segmentation for each pixel is ambiguous due to the block overlap, the final
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COS segmentation output is specified by the % x 3 center region of each m x m
overlapping block. (See Figure 1.6)
Overlapping Overlapping
block (A) block (B)

The class of this
region is
determined by
block (B)

The class of this
region is -~
determined by
block (A)

—~—
m

Fig. 1.6. Tllustration of global segmentation determination by select-
ing center regions. Since the output segmentation for each pixel is
ambiguous due to the block overlap, the final COS segmentation out-
put is specified by the % x % center region of each m x m overlapping
block.

The weighting coefficients Ai,\s, and A3 were found by minimizing the weighted
pixel error between segmentation results of training images and corresponding ground
truth segmentations. A ground truth segmentation was generated manually using an
image editor by creating a mask that indicates the text in the image. The weighted

error criteria which we minimized is given by

8weighted - (1 - W)Nmissed,detection + WNfalse,detection (15)

where w € [0, 1], and the terms Nyissed_detection A N faise_detection are the number of
pixels in the missed detection and false detection categories, respectively. For our
application, the missed detections are generally more serious than false detections, so

we used a value of w = 0.09 which more heavily weighted miss detections.
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Although the COS segmentation is a robust document segmentation algorithm,
we found that the COS algorithm is still incomplete in two aspects of segmentation
accuracy even if the optimized parameters are used. First, the COS algorithm is not
sensitive enough for text embedded in noisy background. Second, it often classifies
the sharp edges in picture regions as text components. The COS segmentation does
not generally show the best performance in the trade-off between missing detections
and false detections. This is probably because the COS algorithm operates blockwise,
and therefore cannot always exploit the text properties such as stroke, shape, appear-
ance, and similarity to neighboring text components. Therefore, our approach is to
adjust the weighting coefficients of the cost function in COS to be overly sensitive
for text detection, then remove the redundant detection of sharp edges using the text
connected component information described above. In the next section, we will show

how the resulting false detections can be effectively reduced.

1.3 Connected Component Classification (CCC)
1.3.1 Markov random field model

A Markov random field (MRF) is a model for a joint distribution, which is often
used when interactions occur between neighboring elements. The MRF model sim-
plifies the joint distribution by using contextual dependency of neighboring elements.

More specifically, an MRF satisfies the Markov property:

p($5’$r forr# 3) = P(iUs\l"as) (1.6)

where x, represents the label of the element s, and xy, represents the labels for the set
of neighbors of element s. This model drastically simplifies the joint distribution and
MAP optimization due to the MRF-Gibbs equivalence theorem, which was established
by Hammersley and Clifford [40].
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According to the Hammersley-Clifford theorem, the joint distribution of the labels
may be expressed as a Gibbs distribution if an MRF model is assumed [41]. A Gibbs

distribution takes the following form

ple) = g oo { -0 | (1.7)

where p(z) is a joint distribution, the Z is a normalizing constant called the partition
function, and the T is a constant called the temperature which may be assumed to
be 1. The term U(x) is called the energy function, which is expressed as a sum of

clique potentials V.(z) over the set of all cliques, C.

Vi) = 3 Vile) (1)

ceC
The clique is a set of elements which neighbor each other. In an MRF model, the

neighborhood relationship must have the following properties:
e An element s is not neighboring to itself: s ¢ Js
e The neighbor relationship is mutual: s € Or <= r € 0s

The maximum size of cliques can be chosen arbitrarily; however the pairwise clique
is the most popular choice. The pairwise cliques are the lowest order constraints,
but they are widely used because of the simple form and low computation. For
pixelwise labeling problems, 4-point neighborhood or 8-point neighborhood system
on a rectangular lattice is often used for simplicity.

In MRF modeling, the design of the neighborhood system and energy function is
a primary task since these two elements fully define the model. There are two keys in
the MRF modeling for text segmentation. First, we define the neighborhood system
component-wise, as opposed to pixelwise. Most traditional segmentation algorithms
using MRF models employs pixelwise segmentation. However, we adopt an MRF
model to component-wise segmentation, which classifies each connected component

on the initial segmentation results into text or non-text. Second, our model also uses
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observation data in the energy function. Whereas most traditional energy functions
contain only contextual data (i.e. x5 and xps), we decided to use observation data to
define the relationship between neighboring components. Recently, a conditional ran-
dom field (CRF) model, originally proposed by Lafferty [32], has attracted interest as
an alternative model of MRF. The CRF model differs from the traditional MRF mod-
els in that it directly models the posterior distribution of labels given observations.
For this reason, in the CRF approach the interactions between labels are a function
of both labels and observations. The CRF model has been applied to different types
of labeling problems including blockwise segmentation of manmade structures [33],
natural image segmentation [34], and pixelwise text segmentation [35].

Text extraction can be a good application for MRF models because text usually
appears in clusters. Relative positions or similarities among neighboring text compo-
nents such as size, shape and edge depth may be described by the MRF model for text
detection. An Markov random field (MRF) is generally used in a statistical frame-
work which models the joint probability of the observed data and the corresponding
labels. Let’s y = [y1,¥2, . . . yn] denote observation data and @ = [z, 29, . .. x| denote
the corresponding labels. Then, the maximum a posteriori (MAP) estimate can be

computed as

Zyrap = argmax{log py.(y|z) + log, p(x)}. (1.9)

The first term is called data term while the second term is called the prior term
where the MRF model is applied. More detailed technical discussion about connected

component classification (CCC) algorithm will be given in the following sections.

1.3.2 Connected component classification (CCC) algorithm

The connected component classification (CCC) algorithm refines the segmenta-
tion produced by COS by removing many of the erroneously detected non-text com-
ponents. While the COS algorithm uses blockwise segmentation, CCC algorithm

uses component-wise segmentation. The CCC algorithm proceeds in three steps:
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connected component extraction, component inversion, and finally component classi-

fication. A flowchart for connected component classification is shown in Figure 1.7.

Initial segmentation

Connected component extractior

!

Component inversion

v

Feature vector calculation

v

Component classification

Off-line training task

Data model
parameter estimation

A4

Remove non-text components fro
the initial segmentation

_____________________ I

Refined segmentation

parameter estimation

nr i Classification model E

Fig. 1.7. Hlustration of flowchart of CCC algorithm.

The connected component extraction step first identifies all connected components
in the COS binary segmentation using a 4-point neighborhood. In this case, connected
components less than six pixels were ignored because they are nearly invisible at 300
dpi resolution. The component inversion step corrects text segmentation errors that
sometimes occur in COS segmentation when text is locally embedded in a highlighted
region (See Figure 1.8 (a)). Figure 1.8 (b) illustrates this type of error where text
is initially segmented as background. Notice the text “100 Years of Engineering

Excellence” is initially segmented as background due to the red surrounding region.
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In order to correct these errors, we first detect foreground components that contain
more than eight interior background components (holes). In each case, if the total
number of interior background pixels is less than half of the surrounding foreground
pixels, the foreground and background assignments are inverted. Figure 1.8 (c) shows
the result of this inversion process. Note that this type of error is a rare occurrence
in the COS segmentation.

The final step of component classification is performed by extracting a feature
vector for each component, and then computing a MAP estimate of the component
label. The feature vector, y;, is calculated for each connected component, C'C}, in the
COS segmentation. Each y; is a 4 dimensional feature vector which describes aspects
of the i*" connected component including edge depth and color uniformity. Finally,
the feature vector y; is used to determine the class label, z;, which takes a value of 0

for non-text and 1 for text.

100 Years of Engineering Excellence

In 1906 Purdue's Beta chapter became
the second HKN chapter formed in

(a) Original image

100 Years of Engineering Excellence

In 1906 Purdue's Beta chapter became
the second HKN chapter formed in

(b) Initial segmentation
100 Years of Engineering Excellence
In 1906 Purdue's Beta chapter became
the second HKN chapter formed in

(c) Preprocessed segmentation

Fig. 1.8. Illustration of how the component inversion step can cor-
rect erroneous segmentations of text. (a) Original document before
segmentation, (b) result of COS binary segmentation, (c) corrected
segmentation after component inversion.
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The Bayesian segmentation model used for the CCC algorithm is shown in Fig-
ure 1.9. The conditional distribution of the feature vector y; given x; is modeled by
a multivariate Gaussian mixture while the underlying true segmentation labels are
modeled by a Markov random field (MRF). Using this model, we classify each compo-
nent by calculating the MAP estimate of the labels, z;, given the feature vectors, y;.
In order to do this, we first determine which components are neighbors in the MRF.

This is done based on the geometric distance between components on the page.

Y={Y1, Yy .Yy}
~ Observed data (feature vectors)

X={X1, X5, ...XyN}
~ Classification of CC {0,1}N

e— Neighbors

Bayesian segmentation model

Fig. 1.9. Tllustration of a Bayesian segmentation model. Line seg-
ments indicate dependency between random variables. Each com-
ponent C'C; has an observed feature vector, y;, and a class label,
x; € {0,1}. Neighboring pairs are indicated by thick line segments.

1.3.3 Statistical model

Here, we describe more details of the statistical model used for the CCC algorithm.
The feature vectors for “text” and “non-text” groups are modeled as D-dimensional
multivariate Gaussian mixture distributions,

Mg, —1

gy m _ 1 _
p(yl‘xl) = Z (27]_)[)/2 ’sz,m’ 1/ exXp {_i(yl - :ua?z,m)tRwll,m(y% - ,Ux“m)} ) (110)
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where z; € {0,1} is a class label of non-text or text for the i connected component.
The My and M, are the number of clusters in each Gaussian mixture distribution, and
the fiz; m, Ry, m, and a,, , are the mean, covariance matrix, and weighting coefficient
of the m' cluster in each distribution. In order to simplify the data model, we also

assume that the values Y; are conditionally independent given the associated values

X;.
N

plylz) = [ [ p(uila:) (1.11)
i=1
The components of the feature vectors y; include the information describing edge
depth and color uniformity of the i*" connected component. The edge depth is de-
fined as the Euclidean distance between RGB values of neighboring pixels across the
component boundary (defined in the initial COS segmentation). The color uniformity
is associated with the variation of the pixels outside the boundary. In this experiment,
we defined a feature vector with four components, y; = [y1; Y2 y3i yai]”, where the
first two are mean and variance of the edge depth and the last two are the variance
and range of external pixel values. More details are provided in the Appendix.
To use a Markov random field model (MRF), we must define a neighbor system.
To do this, we first find the pixel location at the center of mass for each connected
component. Then, for each connected component, we search outward in a spiral
pattern until the k& nearest neighbors are found. The number £ is determined in an
off-line training process along with other model parameters. One concern about the
k-NN method is that it does not guarantee the symmetry property of the neighboring
relationship, i.e. that s € Or <= r € ds. To ensure all neighbors are mutual (which
is required for an MRF), if component s is a neighbor of component r (i.e. s € Jr),
we add component r to the neighbor list of component s (i.e. r € ds) if this is not
already the case.
In order to specify the distribution of the MRF, we first define augmented feature

vectors. The augmented feature vector, z;, for the i connected component consists

of the feature vector y; concatenated with the horizontal and vertical pixel location of
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the connected component’s center. We found the location of connected components
to be extremely valuable contextual information for text detection. The size or color
information may be included, however, we found that these additional information
did not dramatically improve the results. For more details of the augmented feature
vector, see Appendix.

Next, we define a measure of dissimilarity between connected components in terms

of the Mahalanobis distance of the augmented feature vectors given by

di,j = \/(ZZ — Zj)TE_l(ZZ‘ — Zj) (112)

where 3 is the covariance matrix of the augmented feature vectors on training data.
The covariance matrix X is estimated using the text component data extracted from
the training set. Next, the Mahalanobis distance, d; ;, is normalized using the equa-
tions,

d; ;

%@ oi + dj0))

dio; = |8 | Zdzk (1.13)
38]_ Z 3,k

kea]

D.

Z?j =

where sz‘ is the averaged distance between the i connected component and all of
its neighbors, and Jj@j is similarly defined, and the term 0i denotes neighbors of the
i'" connected component. This normalized distance satisfies the symmetric property,
that is D; ; = Dj;.

Using the defined neighborhood system, we adopted a MRF model with pair-wise
cliques. Let P be the set of all (i,7) where ¢ and j denote neighboring connected

components. Then, the X; are assumed to be distributed as

1
p(r) = Z exp § — Z w; ;0(x; # 5) (1.14)
{ijleP



22

b

= 1.15
Wisg D} +a (1.15)

where §(-) is an indicator function taking the value 0 or 1, and a, b, and p are
scalar parameters of the MRF model. As we can see, the classification probability
is penalized by the number of neighboring pairs which have different classes. This
number is also weighted by the term wj; ;. If there exists a similar neighbor close
to a given component, the term w; ; becomes large since D; ; is small. This favors

increasing the probability that the two similar neighbors have the same class.

1.3.4 Inference

Given the analytical form of prior described in the previous sections, we are now
interested in finding the estimate of X. In this study, we use a maximum a posteriori
(MAP) estimate. To solve the MAP estimate of X, it is convenient to derive the
equivalent local representation form that allows us to understand prior model more

intuitively.

p(ﬂfz’|$8i) = p(ﬂfi|$s;ﬁi)

_ P T, %;ﬁi)
p(%;ﬁi)
_ pl=)
Zp(l’z‘, xs;éi)
& (1.16)
exp{— Z we 0(xy # x5)}
{t,s}eP
Zexp{— Z w50 (Tt # x5)}
z; {t,s}eP

= C’i exp{— Zwi,jé(xi # 513])}

j€di



23

where the 9i is neighbors of i"® component. The normalization factor C; is defined

as:

C; = Z exp{— Zwi7j5(mi # xj)}. (1.17)

z;€{0,1} JEOI

Figure 1.10 illustrates the classification probability of z; given a single neighbor
x; as a function of the distance between the two components D, ;. Here, we assume
the classification of z; is given. The solid line shows a graph of the probability
p(x; # xj|x;) while the dashed line shows a graph of the probability p(z; = z;|z;).
Note that the parameter p controls the roll-off of the function, and a and b contol the
minimum and transition point for the function. The actual parameters, ¢ = [p, a, b]7,

are optimized in an off-line training procedure (See sec. 1.3.5).

— PxI=X[X)
.... p(X.=X. x.;
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o
3

o
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0.1

1 1
0 05 1 15 2 2.5 3 35 4 45 5
Distance, Dij

Fig. 1.10. Illustration of classification probability of x; given a single
neighbor z; as a function of the distance between the two components.
The solid line shows a graph of p(x; # z;|z;) while the dashed line
shows a graph of p(z; = z;|z;). The parameters are set to a = 0.1
and b = 1.0.
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1. Initialize {x;|i € S} with ML estimation.
For each i € S,

x; < argmin{— log p(y;|k)}
ke{0,1}

2. For each i € S,

x; < argmin{—log p(y;|k) + > w;;0(x: # ;) — Cremb (i = 1)}
ke{0,1} jcoi

3. If no change occurs to x = [z 2o ... zy]7, then stop.

Otherwise go to 2.

Fig. 1.11. ICM procedure for MAP estimate

With the MRF model defined above, we can compute a maximum a posteriori
(MAP) estimate to find the optimal set of classification labels x = [z1 25 ... zy]7.

The MAP estimate is given by,

i’MAp = argmin — Zlogp(yl\xl) + Z ’LUin(Jﬁi 75 iL‘j) — Ctext(5<xi = 1) . (118)

N
z€{0,1} ies {i,j}eP

We introduced a term ¢, to control the trade-off between missed and false detections.
The term ¢,y may take a positive or negative value. If ¢y, is positive, both text
detections and false detections increase. If it is negative, false and missed detections
are reduced. If it is zero, it is a regular MAP estimate with no weights.

To find an approximate solution of (1.18), we use iterative conditional modes
(ICM) which sequentially minimizes the local posterior probabilities [27,42]. The
classification labels, {z;| i € S}, are initialized with their maximum likelihood (ML)
estimates, and then the ICM procedure iterates through the set of classification labels
until a stable solution is reached. More specifically, the ICM procedure is given in

Fig. 1.11.
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1.3.5 Parameter estimation

In our statistical model, there are two sets of parameters to be estimated by a
training process. The first set of parameters comes from the D-dimensional multi-
variate Gaussian mixture distributions given by Eq. (1.10) which models the feature
vectors from text and non-text classes. The second set of parameters, ¢ = [p, a, b7,
controls the MRF model of Eq. (1.15). All parameters are estimated in an off-line pro-
cedure using a training image set and their ground truth segmentations. The training
images were first segmented using the COS algorithm. All foreground connected com-
ponents were extracted from the resulting segmentations, and then each connected
component was labeled as text or non-text by matching to the components on the
ground truth segmentations. The corresponding feature vectors were also calculated
from the original training images.

The parameters of the Gaussian mixture distributions were estimated using the
EM algorithm [43]. The EM algorithm can find a maximum likelihood (ML) estimate
of parameters of a given model when we have hidden variables. In the Guassian mix-
ture distribution, the assignments of an input data to a sub-cluster in the distribution
is unknown. The EM algorithm does not find an actual assignments, but it calcu-
lates the conditional probability of each assignments to find the maximum likelihood
estimate. The number of sub-clusters in each Gaussian mixture for text and non-text
were also determined using the minimum description length (MDL) estimator [44].
The MDL estimator is similar to ML estimator but the penalty for overfitting to the
model is added to the cost function.

The prior model parameters ¢ = [p, a, b|7 were independently estimated using
pseudolikelihood maximization [40,45,46]. One of the approaches for the parameter
estimation is to use a maximum likelihood (ML) estimate. However, the partition
function has an intractable form and it cannot be computed easily. The pseudolike-
lihood estimation gives tractable form for the estimation by assuming local depen-

dencies for conditional probability. In order to apply pseudolikelihood estimation,
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we must first calculate the conditional probability of a classification label given its
neighboring components’ labels (See Eq. (1.16) and Eq. (1.17) ). Therefore, the
pseudolikelihood parameter estimation for our case is,

¢ = argmax Hp($i|$ai)
i€s

= argmaxH C’i exp {— Z w; ;0(x; # SUJ)} (1.19)

¢ jes jedi

= argminz {10g Cz + ZwZ,J(S(:C’L 7£ .fj)} .
¢

ics jedi
In this case, C; is easily computed. First define

N ={jediz;=0}
(1.20)
o ={j€di xz;=1},

then

Ci(¢) = exp{—= > _w;;} +exp{— Y wi;}. (1.21)

jed? jeo}
For the optimization of Eq. (1.19), an unconstrained nonlinear optimization simplex

method was used [47].

1.4 Multiscale-COS/CCC Segmentation Scheme

In order to improve accuracy in the detection of text with varying size, we in-
corporated a multiscale framework into the COS/CCC segmentation algorithm. The
multiscale framework allows us to detect both large and small components by combin-
ing results from different resolutions [48-50]. Since the COS algorithm uses a single
block size (i.e. single scale), we found that large blocks are typically better suited
for detecting large text, and small blocks are better suited for small text. In order to
improve the detection of both large and small text, we use a multiscale segmentation
scheme which uses the results of coarse-scale segmentations to guide segmentation on

finer scales.
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The original multiscale scheme is an approach to use coarser and finer resolution
images to capture global and local contextual features. The multiscale scheme has
been used for MAP segmentation in several publications [48-51]. In [48], the proposed
segmentation performs ICM in a coarse-to-fine sequence, and the MAP optimization
on each layer is initialized with the solution from the previous coarser resolution
layer. In [49], the MRF model is replaced with a multiscale random filed (MSRF)
and the MAP estimator is replaced with a sequential MAP (SMAP) estimator. The
fundamental assumption of the MSRF model is that the sequence of random fields
from coarse to fine scale forms a Markov chain. Therefore, the distribution of X ™
given all coarser scale fields is only dependent on one coarse scale field X ™1 In
the paper, the neighborhood beyond layers is defined in two different ways: quadtree
structure model and pyramidal graph model. Also, the MAP estimator is slightly
modified so that the error on the coarser scale fields is more heavily weighted than
finer scale fields. In [52], the neighborhood system was further expanded to three
dimension. In this model, each class label depends on class labels at both the same
scale and adjacent scales. In [53], the approach uses multiscale models for both the
data and the context simultaneously.

Figure 1.12 shows the overview of our multiscale-COS/CCC scheme. In the mul-
tiscale scheme, segmentation progresses from coarse to fine scales, where the coarser
scales use larger block sizes, and finer scales use smaller block sizes. Each scale is
numbered from L — 1 to 0, where L — 1 is the coarsest scale and 0 is the finest scale.
Note that both COS and CCC segmentations are performed on each scale, however,
only COS is adapted to the multiscale scheme. The COS algorithm is modified to use
different block sizes for each scale (denoted as m(”)), and incorporates the previous
coarser segmentation result by adding a new term to the cost function.

The new cost function for the multiscale scheme is shown in Eq. (1.22). It is a

function of the class assignments on both the n'* and n + 1" scale.
M N
n n n n n n n+1
F(80) = 33T 4 APVl 250 } (1:22)

i=1 j=1
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Fig. 1.12. Tllustration of a multiscale-COS/CCC algorithm. Segmen-
tation progresses from coarse to fine scales, incorporating the segmen-
tation result from the previous coarser scale. Both COS and CCC are
performed on each scale, however only COS was adapted to the mul-
tiscale scheme.

where ()™ denotes the term for the n'* scale, and S™ is the set of class assignments
for the scale, that is S = [357;)] for all 7,j. The term B;; is a set of pixels in a block
at the position (i, j), and the term zp, ; is the segmentation result for the block.

As it is shown in the equation, this modified cost function incorporates a new term
Vy that makes the segmentation consistent with the previous coarser scale. The term
Vi, is defined as the number of mismatched pixels within the block B, ; between the

(n) (n+1)

; and the previous coarser scale segmentation xp ',

current scale segmentation x iy

The exception is that only the pixels that switch from “1” (foreground) to “0” (back-
(n)

= 0ors; / = 1. This term encourages a more detailed

(n)
J J

ground) are counted when s; ;
segmentation as we proceed to finer scales. The V} term is normalized by dividing by
the block size on the current scale. Note that the Vj term is ignored for the coarsest
scale. Using the new cost function, we find the class assignments, s;; € {0,1,2,3},
for each scale.

The parameter estimation of the cost function fg(n) for n € {0,...L — 1} is

performed in an off-line task. The goal is to find the optimal parameter set
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oM = {Aﬁ”’ . Afln)} for n € {0,... L — 1}. To simplify the optimization process, we
first performed single scale optimization to find ©'™ = {A{" . A} for each scale.
Then, we found the optimal set of ©" = {)\510) . /\ELL_2)} given the {0/ @D}
The error to be minimized was the number of mismatched pixels compared to ground

truth segmentations, as shown in (1.5). The w, the weighting factor of the error for

false detection, was fixed to 0.5 for the multiscale-COS/CCC training process.
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1.5 MRC Encoding
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Fig. 1.13. Illustration of MRC encoding process. After an image is
separated into foreground layer and background layer, each layer is
subsampled to reduce the bitrate. After the subsampling, data-filling
is performed to fill data to don’t-care-regions. Finally, each layer is
encoded and merged to create a MRC file.

MRC encoding generally consists of segmentation, subsampling, data-filling, layer
compression and MRC coding. While accurate segmentation is most important to
maintain the quality and reduce the bitrate of MRC documents, data-filling and
subsampling are also important for efficient MRC document compression. In this
chapter, the subsampling and data-filling methods which are used in this study will
be explained. Although this MRC encoding procedures are not focused in this re-
search, they are necessary to create MRC documents for the evaluation in the exper-
imental results. Figure 1.13 shows an example of MRC encoding process. After the
segmentation, an image is separated into foreground and background. Before each
layer is data-filled, subsampling may be performed to reduce the bitrate. In general,
higher subsampling rate is used for the foreground than the background because the

foreground layer contains less spatial information than the background layer. After
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the subsampling, data-filling may be performed. Finally, each layer is encoded and
merged to create a MRC file. The subsampling procedure used in this research will

be described in sec. 1.5.1 and the data-filling will be described in sec. 1.5.2.

1.5.1 Subsampling

Subsampling of the foreground and background layers is frequently used in MRC
compression to increase the compression ratio. High ratio subsampling distorts the
reconstructed image, but reduces the bit-rate dramatically. Generally, the foreground
layer contains less spatial information compared to the background layer, so a higher
subsampling ratio may be used for the foreground than for the background. A basic
subsampling is performed by simple pixel averaging of do-care pixels in this study.

(See Figure 1.14)

50152 |51(50(50
525150 * | *
50|48|43| * | * /
54|52| * | * 1]
=
1 60] > * * Foreground layer
Foreground Iayer compressed by ratio = 5:1
Don't care region
AN /
Binary mask N\
y 0 * * * 10

8
* * * 7 6
9 (10

* 20| 6|7 (10

Background layer
compressed by ratio = 5:1

Background layer

Fig. 1.14. Tllustration of the subsampling used in this study. Simple
pixel averaging of do-care pixels are used.

However, this basic subsampling sometimes enhances the transition values along
the 0 and 1 boundaries. (See Figure 1.15) In general, the boundary between do-care

regions and do-not-care regions contains many transition values. If a sub-sampling
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Original Foreground layer Sub-sampled Foreground layer (6:1)
* rescaled

Enhanced transition area

Fig. 1.15. Actual image of transition color enhancement due to sub-
sampling. The subsampling sometimes enhances the transition values
along the 0 and 1 boundaries.

block contains the only few do-care pixels along edges, the average of the transition
values will be set in the reduced resolution layer.

To remove this transition enhancement, two pre-processing procedures are per-
formed prior to the subsampling: boundary deletion and 8-block neighborhood aver-
aging. Boundary deletion is a pre-processing operation to remove unreliable pixels
of do-care regions in both foreground and background layers. Boundary deletion is
the same as an erosion process. For each do-care pixel, if every pixel in the pixel’s
8-neighborhood is do-care pixel, the pixel remains do-care pixel, otherwise the do-
care-pixel is changed to do-not-care pixel.

Eight-neighborhood averaging is another pre-processing step to remove transition
values along boundaries between do-care regions “1” and do-not-care regions “0”. In
the blocks containing both 0’s and 1’s, the 0 pixels are replaced by the average of “1”
pixels from the surrounding 8 blocks.

Removing transition colors and smoothing pixel values achieves higher compres-

sion ratio because the encoders applied for foreground and background layers such
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as JPEG and JPEG2000 works effectively for continuous images. After these two

procedures, subsampling is performed by averaging over the entire block.

1.5.2 Data filling

Data-filling is a procedure to smooth foreground and background layers by filling
in areas that will ultimately be segmented out in the final decoded document. Since
the foreground and the background layers are masked out by the binary layer when
the image is decoded, some pixels of the foreground and background are not needed
to restore the image. For example, the pixels in the foreground layer, where the
corresponding pixels in the binary layer are 0, are not used in the decoder. In these
“do-not-care” regions, the pixel values are arbitrary, so values may be chosen so that
the subsequent compression is more efficient. JPEG, for example, produces a smaller
output if the image is being compressed is more continuous.

In most cases, data-filling techniques are designed for smoothness to achieve low
bitrate with a specific encoder. There are two main approaches: spatial domain data-
filling and frequency domain data-filling. Region-growing methods and weighted av-
eraging methods [54,55] are examples of data-filling performed in the spatial domain
to create visual smoothness. DCT-domain block data-filling [56] is an example of
frequency domain data-filling. This approach repeats transformation and inverse-
transformation with the replacement by the original do-care pixels until the smooth-
ness converges. Similar approaches have also been proposed in [57,58].

In this research, a combination of two spatial data-filling algorithms was used. The
first data-filling strategy is a region growing method. In order to smooth transitions
between do-care and do-not-care regions of the foreground and background layers, the
do-not-care pixels are replaced by the average of 8-point neighboring do-care pixels.
Later iterations use the new do-not-care pixels. Figure 1.16 shows an example of

region growing based data-filling.
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Fig. 1.16. Region growing based data-filling. In order to smooth
transitions between do-care and do-not-care regions of the foreground
and background layers, the do-not-care pixels are replaced by the
average of 8-point neighboring do-care pixels.

Linear data-filling is another strategy which accomplishes visually smooth data-
filling. This method fills do-not-care regions with linearly changing data using two
sides of the regions, as shown in Eq. (1.23) and Figure 1.17. X is the value of the jth
do-not-care pixel in the row being calculated. The pixel j; is the first do-care pixel
to the left of the j and the pixel j, is the first do-care pixel to the right of 5. The

value of the jth pixel is computed as

Xj: j_jl (X] —X]1)+X]1 (123)

J2 — 1
If j; does not exist due to an edge of the page, X; is filled by the value of Xj,.
Similarly, if j» does not exist due to the edge of a page, X; is filled by the value of
X.

;- If neither j; nor j, exist, the entire row remains do-not-care. Vertical linear

data-filling is executed after the horizontal linear data-filling in the same manner. It
was possible to use this region growing method until all of the pixels are filled with
values, but only 2 iterations were performed in order to limit computation. Then,

the linear data-filling was applied.



Binary mask 1 1 0 0 0 0 1 1 1
Before data-filling 180 | 180 * * * * 230 | 230 | 230
After data-filling 180 | 180 | 190 | 200 | 210 | 220 | 230 | 230 | 230

Fig. 1.17. Linear data-filling fills do-not-care regions with linearly
changing data using two sides of the regions.
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1.6 Results

In this section, we compare the multiscale-COS/CCC, COS/CCC, and COS seg-
mentation results with the results of two popular thresholding methods, an MRF-
based segmentation method, and two existing commercial software packages which
implement MRC document compression. The thresholding methods used for the com-
parison in this study are Otsu [12] and Tsai [17] methods. These algorithms showed
the best segmentation results among the thresholding methods in [12], [14], [15], [16],
and [17]. In the actual comparison, the SRGB color image was first converted to a
luma grayscale image, then each thresholding method was applied. For “Otsu/CCC”
and “T'sai/CCC”, the CCC algorithm was combined with the Otsu and Tsai bina-
rization algorithms to remove false detections. In this way, we can compare the end
result of the COS algorithm to alternative thresholding approaches.

The MRF-based binary segmentation used for the comparison is based on the
MRF statistical model developed by Zheng and Doermann [28]. The purpose of their
algorithm is to classify each component as either noise, hand-written text, or machine
printed text from binary image inputs. Due to the complexity of implementation,
we used a modified version of the CCC algorithm incorporating their MRF model
by simply replacing our MRF classification model by their MRF noise classification
model. The multiscale COS algorithm was applied without any change. The clique
frequencies of their model were calculated through off-line training using a training
data set. Other parameters were set as proposed in the paper.

We also used two commercial software packages for the comparison. The first
package is the DjVu implementation contained in Document Express Enterprise ver-
sion 5.1 [59]. DjVu is commonly used software for MRC compression and produces
excellent segmentation results with efficient computation. By our observation, version
5.1 produces the best segmentation quality among the currently available DjVu pack-

ages. The second package is LuraDocument PDF Compressor, Desktop Version [26].
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Both software packages extract text to create a binary mask for layered document
compression.

The performance comparisons are based primarily on two aspects: the segmenta-
tion accuracy and the bitrate resulting from JBIG2 compression of the binary seg-
mentation mask. We show samples of segmentation output and MRC decoded images
using each method for a complex test image. Finally, we list the computational run

times for each method.

1.6.1 Preprocessing

For consistency all scanner outputs were converted to SRGB color coordinates [60]
and descreened [61] before segmentation. The scanned RGB values were first con-
verted to an intermediate device-independent color space, CIE XYZ, then transformed
to sRGB [62]. Then, Resolution Synthesis-based Denoising (RSD) [61] was applied.
This descreening procedure was applied to all of the training and test images. For
a fair comparison, the test images which were fed to other commercial segmentation

software packages were also descreened by the same procedure.

sRGB conversion

Since different scanners usually have different RGB sensor sensitivities, light in-
tensity and gamma correction values, it is desirable to convert scanned RGB values
to standardized RGB (sRGB) values before segmentation. Converting from a device-
dependent color space to a device-independent color space helps not only to obtain
consistent segmentation results from different scanners, but also strengthens repro-
ducibility.

The scanned RGB values are converted to an intermediate device-independent
color space, CIE XYZ, then transformed to SRGB. The first transformation to CIE
XYZ is a combination of a nonlinear transformation (N Lj) and a linear transforma-

tion (7") where k = 0,1 and 2 denotes R,G and B color channels respectively [62,63].
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The nonlinear function (NLj) may be approximated by a power-law relationship:
or(xg) = ag * (x/255)"™ + by, where x = 0, ...,255 is a (gamma corrected) scanned
value in the &' color channel and ¢y () is the corresponding ungamma corrected
value. Then a 3x3 linear transformation 7" converts the ungamma corrected values
to CIE XYZ. The second transformation from CIE XYZ to sRGB are numerically
defined in the standard IEC 61966-2-1:1999. The scanner characterization model
between scanned RGB and CIE XYZ is shown in Figure 1.18.

Scanned R: xg NLg @ ——  Predicted X
7 .

Scanned G: xg Nlg T3 ——  Predicted Y
. aa I i

Scanned B: x5 NLg Predicted Z

Fig. 1.18. Illustration of scanner characterization.

We used a Kodak Q.60 color target [64] for scanner color characterization. For
the nonlinear transformation, we measured CIE XYZ values of the gray step colors
with a spectrophotometer, then found the optimal parameters using nonlinear least
square fitting. The 3x3 matrix T" was then solved to minimize the error in XYZ color

coordinates using the color patches on the same target.

Descreening

Most scanned images contain screening artifacts, called moiré patterns, due to
the sampling of halftoned documents such as books, magazines and newspapers. The
artifact level is highly dependent on scanners and the undesirable patterns sometimes
cause unexpected segmentation errors. The procedure to eliminate the moiré pattern
is called descreening. The simplest method of descreening is to low pass filter but
this approach also softens sharp edges [61]. Desirable descreening methods supress

moiré patterns while preserving sharp edges.
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In this work, we used Resolution Synthesis-based Denoising (RSD) [61], which
uses a modified SUSAN filter for core descreening. The SUSAN filter computes a
weighted average of local pixels where the weights are determined by the spatial
distance and value difference from the center pixel. The numerical settings used for
the modified SUSAN filter were as follows: The filter brightness threshold, o,, was
set to 21, and the mask size, N, was 7. The parameter o, embedded in the spatial
filter weighting was set to 1.6. The descreening procedure was applied to all of the
training and test images before segmentation was performed. For a fair comparison,
the test images used in other commercial segmentation softwares were descreened by

the same procedure.

1.6.2 Segmentation accuracy and bitrate

To measure the segmentation accuracy of each algorithm, we used a set of scanned
documents along with corresponding “ground truth” segmentations. First, 38 docu-
ments were chosen from different document types, including flyers, newspapers, and
magazines. The documents were separated into 17 training images and 21 test im-
ages, and then each document was scanned at 300 dots per inch (dpi) resolution
on the Epson stylus photo RX700 scanner. After manually segmenting each of the
scanned documents into text and non-text to create ground truth segmentations, we
used the training images to train the algorithms, as described in the previous sec-
tions. The remaining test images were used to verify the segmentation quality. We
also scanned the test documents on two additional scanners: the HP Photosmart
3300 All-in-One series and Samsung SCX-5530FN. These test images were used to
examine the robustness of the algorithms to scanner variations.

The parameter values used in our results are as follows. The optimal parameter
values for the multiscale-COS/CCC were shown in the Table 1.1. Three layers were
used for multiscale-COS/CCC algorithm, and the block sizes were 36 x 36, 72 X
72, and 144 x 144. The parameters for the CCC algorithm were p = 7.806, a =



40

0.609, b = 0.692. The number of neighbors in the £-NN search was 6. In DjVu,
the segmentation threshold was set to the default value while LuraDocument had no

adjustable segmentation parameters.

Table 1.1
Parameter settings for the COS algorithm in multiscale-COS/CCC.

)\1 AQ )\3 )\4

274 Jayer | 20.484 | 8.9107 | 17.778 | 1.0000
15% layer | 53.107 | 28.722 | 39.359 | 17.200
0" layer | 30.681 | 21.939 | 36.659 | 56.000

To evaluate the segmentation accuracy, we measured the percent of missed detec-
tions and false detections of segmented components, denoted as py;c and ppe. More
specifically, pyrc and prpe were computed in the following manner. The text in ground
truth images were manually segmented to produce N, components. For each of these
ground truth components, the corresponding location in the test segmentation was
searched for a symbol of the same shape. If more than 70% of the pixels matched
in the binary pattern, then the symbol was considered detected. If the total number
of correctly detected components is Ny, then we define that the fraction of missed

components as
Ngt - Nd
N

gt

Pyvc = (1.24)

Next, each correctly detected component was removed from the segmentation, and
the number of remaining false components, N¢,, in the segmentation was counted.

The fraction of false components is defined as

Nyq
Prc = Nf - (1.25)

gt

We also measured the percent of missed detections and false detections of individual
pizels, denoted as pyp and ppp. They were computed similarly to the pyc and pre

defined above, except the number of pixels in the missed detections (X,,p) and false
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detections (Xpp) were counted, and these numbers were then divided by the total

number of pixels in the ground truth document (X;4)-

XMP
= 1.26
parp Xtotal ( )
Xrp
= . 1.27
brr Xtotzzl ( )

Table 1.2 shows the segmentation accuracy of our algorithms (multiscale-
COS/CCC, COS/CCC, and COS), the thresholding methods (Otsu and Tsai), an
MRF-based algorithm (multiscale-COS/CCC/Zheng), and two commercial MRC doc-
ument compression packages (DjVu and LuraDocument). The values in the Table 1.2
were calculated from all of the available test images from each scanner. Notice that
multiscale-COS/CCC exhibits quite low error rate in all categories, and shows the low-
est error rate in the missed component detection error py/c. For the missed pixel de-
tection pysp, both multiscale-COS/CCC/Zheng and the multiscale-COS/CCC show
the first and second lowest error rates. For the false detections prc and prp, the
thresholding methods such as Otsu and Tsai exhibit the low error rates, however
those thresholding methods show a high missed detection error rate. This is be-
cause the thresholding methods cannot separate text from background when there
are multiple colors represented in the text.

For the internal comparisons among our algorithms, we observed that CCC sub-
stantially reduces the ppe of the COS algorithm without increasing the py;c. The
multiscale-COS/CCC segmentation achieves further improvements and yields the
smallest py;c among our methods. Note that the missed pixel detection error rate py;p
in the multiscale-COS/CCC is particularly reduced compared to the other methods.
This is due to the successful detection of large text components along with small text
detection in the multiscale-COS/CCC. Large text influences py/p more than small
text since each symbol has a large number of pixels.

In the comparison of multiscale-COS/CCC to commercial products DjVu and

LuraDocument, the multiscale-COS/CCC exhibits a smaller missed detection error
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rate in all categories. The difference is most prominent in the false detection error

rates (prc, Prp)-

Table 1.2

Segmentation accuracy comparison between our algorithms
(multiscale-COS/CCC, COS/CCC, and COS), thresholding al-
gorithms (Otsu and Tsai), an MRF-based algorithm (multiscale-
COS/CCC/Zheng), and two commercial MRC document compression
packages (DjVu and LuraDocument). Missed component error, pyc,
the corresponding missed pixel error, py/p, false component error,
prc, and the corresponding false pixel error, pgp, are calculated for
EPSON, HP, and Samsung scanner output.

EPSON | Multi-COS/CCC | Multi-COS/CCC/Zheng | Djvu | LuraDoc

PO 0.41% 0.95% 0.49% | 4.64%
PaP 0.33% 0.27% 0.47% | 0.75%
pro 9.14% 9.79% 121% | 19.5%
pEp 0.45% 0.54% 1.05% | 6.64%
HP Multi-COS/CCC | Multi-COS/CCC/Zheng | DjVu | LuraDoc
P 0.35% 1.67% 0.56% | 4.84%
Parp 0.20% 0.28% 0.48% | 0.68%
PFC 16.9% 16.8% 19.4% 41.7%
prp 0.70% 0.66% 1.19% | 6.33%
Samsung | Multi-COS/CCC | Multi-COS/CCC/Zheng | DjVu | LuraDoc
paro 0.44% 1.51% 0.61% | 4.50%
e 0.32% 0.35% 0.44% | 0.68%
pre 7.95% 8.10% 11.4% |  19.4%
PEp 0.50% 0.51% 0.81% | 5.75%
EPSON | €OS/CCC | Otsu/CCC | Tsai/CCC | cOS | Otsu | Tsai
Pare 0.60% 2.71% 3.20% 0.53 % | 4.47% | 4.84%
PP 0.57% 0.55% 0.61% 0.48 % | 0.64% | 0.65%
PrC 9.10% 9.66% 8.70% 201 % | 25.3% | 40.7%
Prp 0.44% 1.60% 1.20% 3.28 % | 20.4% | 19.9%
HP cos/ccC | Osu/ccC | Tsai/ccC | cos [ Owsu | Tsai
Pare 0.44% 3.29% 1.17% 0.47% | 4.94% | 5.07%
Parp 0.51% 0.57% 0.61% 0.43% | 0.59% | 0.60%
PFC 16.9% 21.4% 19.5% 45.2% 91.6% 141.2%
Prp 0.62% 1.35% 1.18% 3.04% | 16.4% | 15.2 %
Samsung | COS/CCC | Otsu/CCC | Tsai/ccC | cos [ Owsu | Tsai
Parc 0.48% 3.05% 8.59% 0.51% | 5.01% | 8.15 %
P 0.53% 0.63% 0.78% 0.48% | 0.66% | 0.73 %
Pre 7.95% 7.31% 6.67% 17.5% | 20.2% | 36.1 %
prp 0.33% 1.16% 0.67% 2.76% | 19.0% | 17.6 %
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Figure 1.19 shows the trade-off between missed detection and false detec-
tion, pye vs. prpe and pyp vs. prp, for the multiscale-COS/CCC, multiscale-
COS/CCC/Zheng, and DjVu. All three methods employ a statistical model such as
an MRF or HMM for text detection. In DjVu, the trade-off between missed detection
and false detection was controlled by adjustment of sensitivity levels. In multiscale-
COS/CCC and multiscale-COS/CCC/Zheng method, the trade-off was controlled by
the value of ¢epy in (1.18), and the ¢,y was adjusted over the interval [—2, 5] for the
finest layer. The results of Figure 1.19 indicate that the MRF model used by CCC
results in more accurate classification of text. This is perhaps not surprising since
the CCC model incorporates additional information by using component features to
determine the MRF clique weights of Eq. (1.15).

We also compared the bitrate after compression of the binary mask layer gener-
ated by multiscale-COS/CCC, multiscale-COS/CCC/Zheng, DjVu, and LuraDocu-
ment in Table 1.3. For the binary compression, we used JBIG2 [65,66] encoding as
implemented in the SnowBatch JBIG2 encoder, developed by Snowbound Software?,
using the default settings. JBIG2 is a symbol-matching based compression algorithm
that works particularly well for documents containing repeated symbols such as text.
Moreover, JBIG2 binary image coder generally produces the best results when used in
MRC document compression. Typically, if more components are detected in a binary
mask, the bitrate after compression increases. However, in the case of JBIG2, if only
text components are detected in a binary mask, then the bitrate does not increase
significantly because JBIG2 can store similar symbols efficiently.

Table 1.3 lists the sample mean and standard deviation (STD) of the bitrates
(in bits per pixel) of multiscale-COS/CCC, multiscale-COS/CCC/Zheng, DjVu, Lu-
raDocument, Otsu/CCC, and Tsai/CCC after compression. Notice that the bitrates
of our proposed multiscale-COS/CCC method are similar or lower than DjVu, and
substantially lower than LuraDocument, even though the multiscale-COS/CCC algo-
rithm detects more text. This is likely due to the fact that the multiscale-COS/CCC

2http://www.snowbound.com/
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Fig. 1.19. Comparison of multiscale-COS/CCC, multiscale-
COS/CCC/Zheng, and DjVu in trade-off between missed detection
error vs. false detection error. (a) component-wise (b) pixel-wise

segmentation has fewer false components than the other algorithms, thereby reduc-

ing the number of symbols to be encoded. The bitrates of the multiscale-COS/CCC



45

and multiscale-COS/CCC/Zheng methods are very similar while The bitrates of the

Otsu/CCC and Tsai/CCC are low because many text components are missing in the

binary mask.

Table 1.3
Comparison of bitrate between multiscale-COS/CCC, multiscale-
COS/CCC/Zheng, DjVu, LuraDocument, Otsu/CCC, and Tsai/CCC
for JBIG2 compressed binary mask layer for images scanned on EP-
SON, HP, and Samsung scanners.

Multi-COS/CCC Multi-COS/CCC/Zheng DjVu LuraDoc
average [ STD average STD average STD average STD
EPSON (bits/pxl) 0.037 0.014 0.037 0.014 0.040 0.014 0.046 0.016
HP (bits/pxl) 0.040 0.015 0.040 0.015 0.041 0.015 0.052 0.019
Samsung (bits/pxl) 0.035 0.015 0.035 0.015 0.036 0.015 0.041 0.016
Otsu/CCC Tsai/CCC ground truth

1.6.3 Computation time

average [ STD

average

STD

average

STD

EPSON (bits/pxl)

0.037 0.016

0.036

0.016

0.037

0.014

HP (bits/pxl)

0.040 0.016

0.040

0.016

0.039

0.016

Samsung (bits/pxl)

0.035 0.016

0.034

0.017

0.036

0.016

Table 1.4 shows the computation time in seconds for multiscale-COS/CCC with
3 layers, multiscale-COS/CCC with 2 layers, COS/CCC, COS, and multiscale-
COS/CCC/Zheng. We evaluated the computation time using an Intel Xeon CPU

(3.20GHz), and the numbers are averaged on 21 test images. The block size on the

finest resolution layer is set to 32. Notice that the computation time of multiscale seg-

mentation grows almost linearly as the number of layers increases. The computation

time of our multiscale-COS/CCC and multiscale-COS/CCC/Zheng are almost same.

We also found that the computation time for Otsu and Tsai thresholding methods

are 0.02 seconds for all of the test images.
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Table 1.4
Computation time of multiscale-COS/CCC algorithms with 3 layers,
2 layers, COS-CCC, COS, and Multiscale-COS/CCC/Zheng.

Multi-COS/CCC cos/ccce COS Multi-COS/CCC/Zheng
3 layers 2 layers 3 layers
Average | 23.89 sec | 16.32 sec 8.73 sec 5.39 sec 23.91 sec
STD 3.16 sec | 2.12 sec 1.15 sec 0.39 sec 3.19 sec

1.6.4 Qualitative results

Figure 1.21 and Figure 1.22 illustrates segmentations generated by Otsu/CCC,
DjVu, LuraDocument, COS, COS/CCC, multiscale-COS/CCC, and multiscale-
COS/CCC/Zheng for a 300 dpi test image. The original image and ground truth
segmentation are also shown. This test image contains many complex features such
as different color text, light-color text on a dark background, and various sizes of
text. As it is shown, COS accurately detects most text components but the number
of false detections is quite large. However, COS/CCC eliminates most of these false
detections without significantly sacrificing text detection. In addition, multiscale-
COS/CCC generally detects both large and small text with minimal false component
detection. Otsu/CCC method misses many text detections. LuraDocument is very
sensitive to sharp edges embedded in picture regions and detects a large number of
false components. DjVu also detects some false components but the error is less
severe than LuraDocument. Multiscale-COS/CCC/Zheng’s result is similar to our
multiscale-COS/CCC result but our text detection error is slightly less.

Figure 1.23, Figure 1.24, Figure 1.25, and Figure 1.26 show a close up of text
regions and picture regions from the same test image. In the text regions, our algo-
rithms (COS, COS/CCC, and multiscale-COS/CCC), multiscale-COS/CCC/Zheng,
and Otsu/CCC provided detailed text detection while DjVu and LuraDocument

missed sections of these text components. In the picture regions, while our COS
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algorithm contains many false detections, COS/CCC and multiscale-COS/CCC al-
gorithms are much less susceptible to these false detections. The false detections by
COS/CCC and multiscale-COS/CCC are also less than DjVu, LuraDocument, and
multiscale-COS/CCC/Zheng.

Figure 1.27, Figure 1.28, Figure 1.29, and Figure 1.30 show MRC decoded im-
ages when the encodings relied on segmentations from Ground truth, Otsu/CCC,
DjVu, LuraDocument, COS, COS/CCC, multiscale-COS/CCC, and multiscale-
COS/CCC/Zheng. The examples from text and picture regions illustrate how seg-
mentation accuracy affects the decoded image quality. Note that the MRC encoding
method used after segmentation is different for each package, and MRC encoders
used in DjVu and LuraDocument are not open source, therefore we developed our
own MRC encoding scheme. This comparison is not strictly limited to segmentation
effects, but it provides an illustration of how missed components and false component
detection affects the decoded images.

As shown in Figure 1.27 and Figure 1.28, all of the text from COS, COS/CCC,
multiscale-COS/CCC, and multiscale-COS/CCC/Zheng is clearly represented. Some
text in the decoded images from Otsu/CCC, DjVu, and LuraDocument are blurred
because missed detection placed these components in the background. In the picture
region, our methods classify most of the parts as background so there is little visible
distortion due to mis-segmentation. On the other hand, the falsely detected compo-
nents in DjVu and LuraDocument generate artifacts in the decoded images. This is
because the text-detected regions are represented in the foreground layer, therefore

the image in those locations is encoded at a much lower spatial resolution.

1.6.5 Prior model evaluation

In this section, we will evaluate our selected prior model. We used the initial
segmentation result generated by COS with a single block size 32 x 32. Then we

performed the CCC segmentation with the same parameter set described in the pre-
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vious section. Figure 1.31 shows the local conditional probability of each connected
component given its neighbors’ classes for two test images. The colored components
indicate the foreground regions segmented by the COS algorithm. The yellowish or
redish components were classified as text by the CCC algorithm, whereas the bluish
components were classified as non-text. The brightness of each connected component
indicates the intensity of the conditional probability which is described as P(x;|zs;).
As shown, the conditional probability of assigned classification are close to 1 for most
components. We observed that the components on boundaries between text and non-
text regions take slightly smaller values but overall this local conditional probability
map shows that the contextual model fits the test data well, and that the prior term
contributes to an accurate classification.

We also compared the prior models with different augmented feature vector se-
lections. We used a modified Akaike Information Criterion (AIC) to measure the
goodness for model fitting [67]. The prior model evaluation criteria (referred as en-
tropy) used in this study is defined as follows.

N

. 1 A K
Hare = N ;log P(x|zai, 0nr) + N (1.28)

where the term k is the number of parameters in the model. A small value of the
evaluation criteria indicates a good fit. Note that loglikelihood was replaced with
pseudologlikelihood in our study.

We calculated entropy for four different types of D-dimensional augmented feature

vectors z:
1. Geometrical information (D = 2): z; = [ay; ax]”
2. Edge information (D = 4): z; = [y1; y2i Y3i Yai |*

3. Edge + geometrical position (D = 6) : 2; = [y1; Yoi Y3i Yai G1q Ao’

4. Edge + geometrical + size information (D = 7): z; = [y1; Yoi Ysi Yai Q1 Qo i)
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where a;; and a; are the geometrical position of the i"® connected component, and s;
is the size in pixels. The edge information z; = [y1; yo; Ysi ya:] is the default feature
vector used in the CCC algorithm. The details of the augmented feature vector is
described in Appendix A.

Figure 1.20 shows the calculated entropy versus number of neighbors, £, for a
training image set and a test image set. As it is shown in the result of a training set,
the entropies are minimum at around k£ = 6 in most cases. If the feature vector con-
tains only geometrical position information, the curve is sharper and slightly shifted
upward. Overall, the feature vector that contains edge, position, and size informa-
tion yields the smallest entropy. However, we found that the 7-D augmented feature
vector does not always generate small entropy. For example, the entropy of large
headline text becomes relatively large because it is not surrounded by many similar
sized components. Note that large headline text does not appear often in terms of
number of components, but its accurate segmentation is critical. In our study, we

chose a 6-D augmented feature vector for this reason.



0.06
0.055
0.05

0.04 %
X

Entropy
o
o
D

0.035} 8

&
S8888838838383500

% pos

+ edge

# pos+edge

O pos+edge+size
x X

x %%

x
x
x %

x
Xy x XX

0.031
0.025¢
0.02 5 10 15 20
Number of neighbors
(a) Training set
0.06 :
% pos
0.055F + edge
# pos+edge
0.0 O pos+edge+size
_ 0.045: ¥ . X X XXX
Q X X
] , x X
£ 004 VR
w
0.035f
0.03r
58 Il
0.025( 8 0000000
.02
0.0 5 10 15 20

Number of neighbors

(b) Test set

Fig. 1.20. Plot of AIC prior evaluation criteria vs. number of neigh-
bors. The plot shows the results of four different priors with different
dimension of augmented feature vectors. Small values indicate a good

model fit.

50



Assembly

P ey 1999

Helvetica Text 27
ABCDEFGHIJKLMNOPQRSTUVWXYZ. ABCDEFGHIJKLMNOPQRSTUVWXYZ
ABCDEFGHIJKLNNOPQRSTUV ABCDEFGHIJKLMNOPGRSTUVWXYZ

ABCDEFGHIJKLMNOPQRSTUVWXYZ

ABCDEFGHIJKLMNOPQRSTUVWXYZ

Wand A quick Brown Fox s Jumning Over The Lazy Bog.
A quick Brown Fox I Jumping Over The Lazy Bog.
A Quick Brown Fox s Jumning Over Tho Lazy Bog.

portion of body portion of body
A

AaBDCCI et 16
AaB ize 8 Jumping OverThe— Dog N AaBbCcl23size20
Aa 123size24 rown Fox Is Jumping Over The Lazy Bog AaBbCcl23size24

Tholazy AaBbCcl23size28

234567890

5
1234567890

1

. KLMNOPQRSTUVWXYZ
ABCI < - ABCDEFGHIJKLMNOPQRSTUVWXYZ
ABCDEFGHIJKLMNOPQRSTUVWXYZ = 4 = ABCDEFGHIJKLMNOPQRSTUVWXYZ .

- ABCDEFGHIJKLMNOPQRSTUVWXYZ . NOPORSTUVWXYZ

A Quick Foxls The Lazy Wand A Quick Brown Fox IS Jumping ‘The Lazy Dog Wand rl Illﬂ Brown| 'll
Foxls lumping tay \ \ Foxs Jumping Over Th: Lazy Doy y
A Quick Brown Over The Lazy Dog & o A Quick Brown Jumping Over The Lazy Doy
Brown foxls Jumping  The Lazy e MOUIC Brown Foxls ov azy Doy
AaBb ok Fox [ Wi T i

AGBbCAI2 size20 Auicksromn AaBbCcl23size20 AQuicki o, Jumping Over Th: Lazy

A Brown  Jumping Over Thelazy og AaBbCcl23si The Lazy Dog

AQuick Foxislumping  The azy AaBbCc123size28  » quicksromnroxts umping  he tazy

AaBbCcl23size32

SO A Quik coocooo £ SOSSOD Fouiek
22 : 222222 . © g3gsEsnon
0~ Fox Is ISDSESISISIS s £spspspsrses | Foxls
©©  Jumping Rp-Q-p-p-uy L0 OOLD [Jumping
1016 0 . 101010101010 —_ 01010101010
< 3" HH HH S H
el e elaglagloeiagiag) dlaglogiogiagiagl
NN CNGNONGNONGN OGN ONGN N
o e o | ] o o o e o o] o] o

—~

¢) Otsu/CCC (e) LuraDocument

Fig. 1.21. Binary masks generated from Otsu/CCC, DjVu, LuraDoc-
ument. (a) Original test image (b) Ground truth segmentation (c)

Otsu/CCC (d) DjVu (e) LuraDocument



ABCDEFGHIJKLMNOPQRSTUVWXYZ
ABCDEFGHIJKL MNOP Qmun«\u

: Helvetica Text 27
ABCDEFGHIJKLMNOPQRSTUVWXYZ
ABCDEFGHIJKLMNOPQRSTUVWXYZ
ABCDEFGHIJKLMNOPQRSTUY

ABCDEFGHIJKLMNOPQRSTUVWXYZ

A Quick Brown FoxIs The lary Wand A quick Brown Fox s Jumping Over Tho Lazy Bog.

srown Foxls Jumping tary A Quick Brown Foxs Jumping Over The Lazy Bog
Aduick Over The Lazy Doy A Quick Brown Fox s Jumping Over The Lazy Doy
over Doy . NQuick Brown Fox s Jumping Over The Lazy Doy
Quick Brown FoxIs Jumping 0ver The Lazy Parton ol body ¥ Doy
AQuick Jumping OverThe Doy AszCcl23me20 A Quick Brown Fox Is Jumping Over The Lazy Doy
SRR uick Brown Fox s Jumping Over The Lazy Bog AaBbCcl23si o Lazy Bog
A Quick Brown Foxs Jumping - The lazy AaBbCc123size28  yquick srownfoxis mping ver oo oz by
AaBbCcl23size32
SooOSD i oy
SSRRHS ik &
DHHIIL  Brow
F O S g S Sy S
OOOOYY Jumping
WOABIOIONONS O v,
HHHHHH 1y s
R T R e T TS b
NNNNNAT 17 o
ot v o e e e D08 ’

(b) Ground Truth

= ZN =
JKLMNOPQ ABCDEFG _JKLMNOPG
I ABCDEFGHIJKLMNOPQ ABCDEFGHIJKLMNOPQ]
ABCDEFGHIJKLMNOPQ
[ ABCDEFGHIJKLMNOPQ]
ABCDEFGHIJKLMNOPQ)
wana A Quick Brown Fox s Jumping Over The Lazy Dog Wand A Quick Brown FoxIs Jumping Over The Lazy Bog
) " A Quick Brown Fox Is Jumping Over The Lazy Doy \ A Quick Brown Fox IS Jumping Over The Lazy Dog
i3 ‘\"’"‘ ‘A Quick Brown Fox s Jumping Over The Lazy Dog AtuickBrown  Jumping Over Tho Lazy Doy
A Quick Brown Fox IS Jumping Over The Lazy Doy .’ A Quick Brown Fox IS Jumping Over The Lazy Doy
poion oy AaBbCel236in016 The Lazy Dog PO on O bty e Shtuetc A QuIck Brown FoxIs Jumping Over Tho Lazy Doy
<> AaBbCc123sizc20 A tuick rown fouis lumpingOver ThoLazy oo SN AaBbCcl23size20 A tuick rown Fox s umping OverTho Ly Doy
AaBbCcl123si The Lazy Doy $P AaBbCcl23size24 Quick Brown Fox Is Jumping Over The Lazy Doy
AaBbCcl123size28 A etk Brom on s g S T 142y Bog AaBbCc123size28  yquick rown foxts umping over he o
AaBch12SSlze32 AaBbCcl23size32
SooOoODS i #dy
253222 i 225332 (o @
00 Q0 00 0 0 0 Q0 Q0 00 Q0 A0 0
DSOS IS b s | Foxls osesseseses foxls
&< | Jumping BB Jumping
101100 | O W00 - @
HHHHHH il S
eOENBEONENELD | Lamy eREOHENEOEON  Lamy
CNONONONONON | i [
o e e e o o - e o | e o o

(e) COS/CCC

v S e
: Assembly L Ok

W ;\;\wé/, W
%’ /|\\é N %ﬁ\\%

i °7-H’§‘))'ﬂ >

ABC EFG JKLMNOPQ S UVWXYZ

ABCD FGHIJKLM OPQRS UVWXY
‘R Quick Brown Fox s Jumping Over The azy Dog

X ‘A Quick Brown Fox Is Jumping Over The Lazy Dog
AQuickBrown s Jumping Over The Lazy Dog
\ 4 Brown Fox IS Jumping Over The Lazy Dog

It TSsse2
PO ton 0 body e sl A Quick Brown FoxIs Jumping 0 erThe azyDog
<\ AaBbC i The Lazy Dog

AaBbCcl23size24 aq ic srown foxls umping 0ver The ary bog
AaBbCc123size28 5 quick srownfoxts sumping over e 3

AaBbCcl23size32 ..
SSSISK Qe &
PPIILL  Fron *
DSESESESESES  fOX s

DOOOOE Jumpng

OIS = e,

FHFAHSF . mT L
COOBOOD T I

NN NN o

o e o o e o

(¢) Multi-COS/CCC/Zheng

: Assembly L

\9‘))‘)) ‘ >

W N \%
% % N
W QW s

i

KLMNOPQ

Wand ‘A Quick Brown Fox Is Jumping Over The Lazy Dog

v A Qulck Brown FoxIs lumping Over The Lazy Dog
AtulckBrown  Jumping Over The Lazy Doy
-y mcimiss  Juie Brown Fox s Jumping Over The Lazy Dog
PR ION  ahCeaSanel TheLazy bop
<\ AaBbCcl23size20 AQuick Srown Fox s umping Over ThoLazy Doy
AaBbCcl23si L—
AaBbCc123size28  aquick srown foxts mping over he tazy
AaBbCcl23size32
= oy
FDIDDDD Ali&‘::r;k & 5
00 Q0 G0 0 O 0 Fox I
psrspsrspsps  Foxls
© Jumping
1010101010V X
HHHHHH
eOENREONENE  am
CNONON OO
e e e e, e e

(f) multiscale-COS/CCC

Fig. 1.22. Binary masks generated from multiscale-COS/CCC/Zheng,
COS, COS/CCC, and multiscale-COS/CCC. (a) Original test image
(b) Ground truth segmentation (c¢) Multiscale-COS/CCC/Zheng (d)

COS (e) COS/CCC (f) Multiscale-COS/CCC
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Fig. 1.23. Text regions in the binary mask. The region is 165 x
370 pixels at 400 dpi, which corresponds to 1.04 cm x 2.34 cm. (a)
Original test image (b) Ground truth segmentation (c¢) Otsu/CCC (d)
DjVu (e) LuraDocument
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Fig. 1.24. Text regions in the binary mask. The region is 165 X
370 pixels at 400 dpi, which corresponds to 1.04 cm x 2.34 cm. (a)
Original test image (b) Ground truth segmentation (c¢) Multiscale-
COS/CCC/Zheng (d) COS (e) COS/CCC (f) Multiscale-COS/CCC
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Fig. 1.25. Picture regions in the binary mask. Picture region is 1516
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Fig. 1.27. Decoded MRC image of text regions (400 dpi). (a) Origi-
nal test image (b) Ground truth (300:1 compression) (c¢) Otsu/CCC
(311:1) (e) DjVu (281:1) (f) LuraDocument (242:1)
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Fig. 1.28. Decoded MRC image of text regions (400 dpi). (a) Origi-
nal test image (b) Ground truth (300:1 compression) (c) Multiscale-
COS/CCC/Zheng (295:1) (d) COS (244:1) (e) COS/CCC (300:1) (f)
Multiscale-COS/CCC (289:1).



(e) LuraDocument

Fig. 1.29. Decoded MRC image of picture regions (400 dpi). (a) Orig-
inal test image (b) Ground truth (300:1 compression) (¢) Otsu/CCC
(311:1) (d) DjVu (281:1) (e) LuraDocument (242:1)
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Fig. 1.30. Decoded MRC image of picture regions (400 dpi). (a) Orig-
inal test image (b) Ground truth (300:1 compression) (¢) Multiscale-
COS/CCC/Zheng (295:1) (d) COS (244:1) (e) COS/CCC (300:1) (f)
Multiscale-COS/CCC (289:1).
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Fig. 1.31. The yellowish or redish components were classified as text
by the CCC algorithm, whereas the bluish components were classi-
fied as non-text. The brightness of each connected component indi-
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as P(z;|xs;).
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1.7 Summary

We presented a novel segmentation algorithm for the compression of raster docu-
ments. While the COS algorithm generates consistent initial segmentations, the CCC
algorithm substantially reduces false detections through the use of a component-wise
MRF context model. The MRF model uses a pair-wise Gibbs distribution which
more heavily weights nearby components with similar features. We showed that the
multiscale-COS/CCC algorithm achieves greater text detection accuracy with a lower
false detection rate, as compared to state-of-the-art commercial MRC products. Such
text-only segmentations are also potentially useful for document processing applica-
tions such as OCR.

Although our segmentation algorithms show promising results, there are some mi-
nor situations for which we could possibly improve the segmentation quality. First, if
text does not have two distinct colors across the edge (e.g. shadow), the COS algo-
rithm sometimes causes unexpected mis-segmentation. This is because our algorithm
assumed text and background must have two distinct peaks in the histogram. Serious
moiré pattern on scanned images can also possibly cause mis-segmentation. In our
study, we applied RSD descreening to eliminate the artifact in the preprocessing pro-
cedure. However, if a more suitable descreening procedure is developed, then better

segmentation accuracy might be obtained.
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2. AUTOMATIC CONTRAST ENHANCEMENT SCHEME
FOR A DIGITAL SCANNED IMAGE

2.1 Introduction

The motivation for this study is that the background of scanned images by home
scanners can sometimes appear too dark. This is particularly true for scans of paper
materials such as newspapers, magazines and phone books. In fact, more accurate the
measured RGB tristimulus values are, the perceived color sometimes appears darker.

Figure 2.1 shows examples of a newspaper scanned at 300 dpi by Epson stylus
photo RX700, HP Photosmart 3300 All-in-One series, and Samsung SCX-5530FN.
Notice that the scanned image by the Samsung SCX-5530FN scanner is similar in
appearance to a newspaper, but the background is too dark to read the contents. A
lighter and more uniform background color is typically preferred because it has the
advantages that the contrast of the image is more distinct, the background noise is
reduced, and the background color is more consistent across paper materials.

Based on this motivation, our goal of this project is to develop a robust algorithm
for automatic contrast enhancement. More specifically, our objective is to snap the
background color of the paper material to display-white and the full black colorant of
the printer to display black without large color shift. In addition, we want to reduce
show-through effects of thin paper materials. Thin paper materials such as typical of
phonebooks and magazines sometimes allow the images on the backside of the paper
to be visible from the front page. Therefore, it is desirable to block the show-through
effect and make the background clean [68].

Our automatic color enhancement algorithm described in this document consists
of four components: auto cropping, paper-white estimation, paper-black estimation,

and linear contrast stretch. First, the algorithm performs auto cropping of an input
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Fig. 2.1. Scanned image examples of a newspaper

image to extract the region which contains only paper. This is because if extra white
or black is included around the borders of the image, the estimated paper white or
estimated black colorant can be wrong. Note that the cropped region can be smaller
than the actual scanned document, but should not be larger than it. Since the auto
cropping is for accurate paper white estimation, excessive cropping is allowed as long
as the cropped region contains the paper color.

Next, paper-white color and black colorant color are estimated using the maxi-
mum and minimum values for each RGB channel. If the estimated paper-white and
black colorant is close enough to neutral white and neutral black, we perform contrast
stretching. If not, we do not perform contrast stretch to avoid large color shift. The
contrast stretch is a simple linear stretching by snapping the estimated paper-white
and estimated black colorant to the largest and smallest encoded values. In addi-
tion, our method can prevent show-through of thin paper materials by aggressively
snapping paper-white to the largest encoded value.

Much research has been done for automatic contrast enhancement in several areas.
For the paper-white estimation, similar research has been done for illuminant esti-

mation of digital camera and video [69]. Illuminant estimation is used for automatic
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white balance so as to convert an image under unknown illumination to an image
under known illumination.

Probably the most famous algorithms for automatic white balance are the gray-
world algorithm [70] and the scale-by-max algorithm [69]. The grayworld algorithm
estimates the current illumination by the average of the entire captured image, based
on the assumption that if there is a wide distribution of colors in an image, the aver-
age reflected color should be the color of the light. The disadvantage of the grayworld
algorithm is the converted images tend to appear bright. The scale-by-max algorithm
estimates the unknown illumination by the maximum response in each color channel.
The disadvantage of the scale-by-max algorithm is that if an image contains bright
pixels locally, the contrast stretch does not work well. There are other sophisticated
methods such as the gamut mapping method [71,72] and color correlation method [73]
but they are not suitable for our purpose because these algorithms basically work by
estimating illumination type.

Chromatic adaptation is one of the related research areas to contrast stretch.
The term chromatic adaptation originally referred to the ability of the human visual
system to discount the color of the illumination and preserve the appearance of an
object. There are several schemes have been proposed to mimic the chromatic adap-
tation such as Von Kries adaptation, Nayatani model, Guth’s model and the Fairchild
model [74,75]. Among these methods, Von Kries is the probably simplest and the
most popular method. In Von Kries method, chromatic adaptation is performed as an
independent gain regulation of the three sensor responses of the human visual system.
Typically, the Von Kries chromatic adaptation is applied to the tristimulus values of
human sensor responses, however it is sometimes directly applied to the RGB values
captured by a target device without any conversion.

In general, contrast stretch algorithms can be divided into three categories: linear
contrast stretch, non-linear contrast stretch and histogram equalization. For exam-
ple, Von Kries method is one of the linear contrast stretch methods. Each sensor

response is linearly and independently stretched. Non-linear contrast stretch uses a
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non-linear transformation for the conversion from input to output. The most famous
conversion is called an S-shape transformation where the graph is steep in the middle
and relatively flat at the ends. Histogram equalization converts the data so that it is
distributed uniformly over the full color range [76].

This chapter is organized as follows. Section 2.2 explains the auto cropping al-
gorithm. Section 2.3 and section 2.4 describes the paper-white estimation and black
colorant estimation, and section 2.5 describes the contrast stretching method. Show-
through blocking is then explained in the section 2.6. Finally section 2.7 shows the

results and comparison of Samsung, EPSON and HP scanners.

2.2 Auto Cropping

Auto cropping extracts the paper location on the scanner glass from a scanned
image. When an image is scanned, an extra white border is sometimes included
around the image because of the reflection of the scanner lid. If the lid is open, this
border might be black. If the extra white or black is included, the estimated paper
white or estimated black colorant can be misidentified. Therefore, auto cropping is
needed for accurate paper white and black colorant estimation.

Note that the auto cropping does not need to be precise. Since our goal is paper-
white and black-colorant estimation, excessive cropping is allowed as long as the
cropped region contains region with the paper color. However, although the cropped
region can be smaller than the actual paper region, it should not be larger than the
actual paper region.

The challenging issue of auto cropping is that if the scanned paper color is close
to lid-white, it is difficult to extract the paper location because the boundary is not
obvious. Also, if the scanned image is tilted, the paper boundary detection is further
complicated.

The auto cropping procedure presented in this document consists of two parts:

region growing and convex hull check. The region growing is the initial cropping
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process, and the convex hull check compensates for the errors from the initial cropping

results.

Input image

Region growing from the pixel
and set “cropped”

Binary mask (cropped/uncropped)

Fig. 2.2. Flowchart of region growing auto cropping

Figure 2.2 shows the flowchart of the region growing auto cropping. First, crop-
ping is performed by region growing from the four edges of the scanned image. A
single pixel is read along the edges of the image, then if the pixel color is lid-white
or pure-black (dark current), region growing is performed from the pixel, and the ex-

tracted region is labeled as “cropped.” This procedure is repeated until all of the edge
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1. A single pixel is read along an edge of image.
If the pixel color is lid-white, add the pixel to a “waiting list” and label the

pixel as “cropped.”
2. While (waiting list is not empty)

(a) Obtain a pixel s, from the waiting list

(b) For each pixel i in 4-point neighborhood of s,
Add i to the waiting list if
(Rup — Ri)? + (Gup — Gi)* + (Buwp — Bi)? < Thresac
Label the pixel as “cropped.”

Fig. 2.3. Region growing for auto cropping

pixels are exhausted. The procedure of region growing for lid-white is described in
Figure 2.3. Note that R, G, and By, are predetermined RGB values of lid-white.

Next, the output binary mask in which the pixels are labeled as uncropped is
eroded to remove unreliable pixels. The erosion is performed with a 3 x3 window. The
final output binary mask is then the region of interest for the paper-white estimation
and black colorant estimation.

Figure 2.4 shows the results of auto cropping from the region growing procedure.
The original #1 is a newspaper image and the original #2 is a catalog image. As
shown, the auto cropping for the original #1 properly removes the white regions
around the newspaper. However, for the original #2, the auto cropping removes too
much of the white regions because the boundary is not obvious. To compensate for
this erroneous effect, we added a convex hull check to predict the boundary from the

image contents.
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G

&6
Original #1 Cropped region #1 Original #2 Cropped region #2
(White: Uncropped, (White: Uncropped,

Black: Cropped) Black: Cropped)

Fig. 2.4. Examples of region growing auto cropping

The convex hull check determines if the region growing resulted in excessive bound-
ary region removal. If this excessive boundary region removal occurred, then the
cropped regions are replaced with the 8-point convex hull shaped region. Otherwise,
the cropped regions remains the same.

Figure 2.5 shows the flowchart of the convex hull cropping check. First, the
algorithm extracts a convex hull (8-sided polygon) circumscribing uncropped pixels
of the binary mask obtained by the region growing cropping. The convex hull is
approximated as an 8-sided polygon because it reduces the computation time and
complexity. Figure 2.6 shows an example of the convex hull extraction of a tilted
scanned image. The 8-sided polygon is extracted by narrowing the region horizontally,
vertically and along 45 degree slanted lines. The convex hull cropping does not
exactly match to the boundary of the scanned paper position but this cropping is
sufficient to allow estimation of paper-white and black colorant. After extracting a
convex hull region, the number of pixels of the intersection between the convex hull
and the “cropped” pixels is counted. The counted number is then divided by the

number of pixels of the convex hull, and then this number is used to determine if an
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excessive cropping occurred. If the ratio is over 20%, the algorithm determines the
excessive cropping occurred and replaces the region growing cropping with a convex
hull cropping. Otherwise, the algorithm uses the original region growing cropping.

Figure 2.7 shows examples of the final auto-cropping results by this algorithm.

Binary mask (valid /invalid)

Extract a convex hull (8-sided polygon)
circumscribing the valid pixels [

Countthe intersection of the convex hull [ .
|
and cropped pixels [—

No

A

Crop pixels outside convex hull Use original crop ping

v

Updatethe binary mask
Binary mask = convex hull

Binary mask
(cropped/uncro pped)

White: uncropped
Black: cropped

Fig. 2.5. Flowchart of convex-hull cropping
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Fig. 2.6. Example of convex-hull cropping

White: Uncropped region, Black: Cropped region

4

Original #1 Cropped region #1 Original #2 Cropped region #2

Fig. 2.7. Final result of automatic cropping

2.3 Paper-white Estimation

Paper-white estimation determines the scanned RGB value of the paper-white
color from the auto cropped regions of the input image. Most techniques used for
paper-white estimation employ the image histogram. For example, we can determine
the paper-white color by extracting the maximum value from each RGB channel
(i.e. (maxR, maxG, maxB)). However, each value of (maxR, maxG, maxB) does not

necessarily come from the same pixel. Threfore, we need to find a set of pixels where
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each RGB value is large simultaneously. Our approach to paper-white estimation is to
1) find the maximum value for each RGB channel, 2) perform region growing from the
pixels which have the maximum value for each RGB channel, 3) take the intersection
of the three binary masks generated in step-2, and 4) calculate the average RGB

values for the pixels in the intersection.

Cropped subsampled image

Find the maximum value for RGB in the input image

Seeds = {pixel: pixel value is in {max-ZEmAx, max}} for R,G,B

Region growing from the seeds to create a binary mask for R,G,B
|
Binary mask for Red Binary mask for Green Binary mask for Blue

| ! |

Take intersection

Erosion of the binary mask

Estimated paper-white = average of the valid pixels
on the binary mask

Yes
Estimated paper-white exists? & & Estimated paper-white is acceptable?

No (Image does not contain paper-white)

Estimated paper-white = (255,255,255)

<«

v

Output estimated paper-white color

Fig. 2.8. Paper-white estimation flowchart
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For each RGB channel,

1. Find pixels whose values fall in the range [max-AFEy4x, max]|. Add the

pixels to a set S and a waiting list W.
2. While W is not empty,

(a) Obtain a pixel v from W
(b) Compute average color over S: (Raug: Gavg, Bavg)

(c) For each pixel 7 in a 4-point neighborhood of v,
Add i to S and W if
(Ra‘vg - RZ)2 + (Gavg - Gz)2 —I— (Bavg - Bl)2 S ThTeSPW

Fig. 2.9. Region growing for paper-white estimation

Figure 2.8 shows a flowchart of our paper-white estimation. First, the resolution
of the input image is reduced by block averaging and decimation to save computation
time. Then, the algorithm finds the maximum value for each RGB channel in the
image. Next, we perform region growing for each RGB channel from the pixels which
have the maximum values. To prevent region growing from being limited due to the
noise variation, we select more pixels to feed to region growing. More specifically, for
each RGB channel, the pixels which fall in the range [max-AE);4x, max]| are selected
as the seed pixels of region growing. A large value of AF),4x increases the number
of seed pixels fed to region growing.

The region growing method used for the paper-white estimation is slightly different
from regular region growing. The current pixel value is compared with the “average”
of the current set of candidate pixels for region growing. This prevents the algorithm
from expanding the region into gradated color areas. The outline of the region growing

procedure is described in Figure 2.9.
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The region growing for each RGB channel generates three binary masks. Next,
we take an intersection of the three binary masks. By doing this, we obtain possible
white regions. Then, the valid pixel regions of the binary mask are eroded to remove
unreliable pixels using a 3 x 3 window.

The estimated paper-white is finally calculated by taking the average of the RGB
values in the region. However, we still need to determine whether this region is
white or not because the image might not contain any white color. The criterion for

determination of white is:

1. The average over the three values R, G and B is greater than THRES]"

white

2. The variance of the three values R, G and B is less than THRES

white

The formula of the variance is var = /(R —p)? + (G — u)? + (B — p)?, where u
is the average over the three values R, G, and B. The values of THRES¢" and

white

THRESS!., are 180 and 25 in our study. If the estimated paper-white is determined
to be white, the estimated paper-white will be used for the contrast stretch. If the
estimated paper-white is determined to be non-white, the estimated paper-white is

replaced by (255,255,255), which means that we do not perform snapping.

2.4 Black Colorant Estimation

The black colorant estimation determines the RGB value of the darkest black
color from the auto cropped regions of the input image. The result of black colorant
estimation is used for snapping the value to pure black. Our approach of the black
colorant estimation is exactly the same as the paper-white estimation. The only
difference is that the pixels with minimum values are searched in each color channel
R, G, and B, and then region growing is performed. Figure 2.10 shows the flowchart
of our black colorant estimation.

The default value of AFE);y is set to 10 for black colorant estimation. If the image
does not contain black, we do not snap pixels to black. The criterion of determination

of black is as follows.
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Cropped subsampled image

Find the minimum value for RGB in the input image

Seeds = {pixel: pixelvalue is in {min, min+4Emn }} for R,G,B

Region growing from the seeds to create a binary mask for R,G,B
I
Binary mask for Red Binary mask for Green Binary mask for Blue

| ! |

Take intersection

Erosion of the binary mask

Estimated black_colorant = average of the valid
pixels on the binary mask

Yes

Estimated black colorant exists? && Estimated black colorant is acceptable?

No (Image does not contain black colorant)

Estimated black_colorant =(0,0,0)

<«

v

Output Black_colorant color

Fig. 2.10. Black colorant estimation flowchart

mean

1. The average over the three values R, G and B is smaller than T"H RES};<%

2. The variance of the three values R, G and B is less than THRES?,

The formula of the variance is var = /(R — p)? + (G — p)? + (B — )2, where p
is the average over the three values R, G, and B. The default values of TH RES}/<"
and THRES;s!4, are 100 and 25 in our study. If the estimated black colorant is
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determined to be black, the estimated black will be used for the contrast stretch.
If the estimated black colorant is determined to be non-black, the estimated black
colorant is replaced by (0,0,0), which means that we do not perform any snapping to

pure black.

2.5 Contrast Stretch

In this study, independent linear contrast stretch is applied to each RGB channel

for the contrast enhancement. The independent linear contrast stretch is defined as

follows.
Rout = %(Rm — )
Gou = g (Gin = Gi) 21)
Bouw = %(Bm — By)

where R,, G, B, are the estimated paper-white color, and R,, Gy, B, are the
estimated black colorant. Linear contrast stretch is computationally efficient and
does not distort the input image color severely because it preserves the local contrast.

One of the concerns of this method is color shift. Although we use the independent
linear contrast stretch for RGB for this research, our proposed algorithm does not
cause too much color shift because contrast stretch is performed only when estimated
paper white and black colorant are neutral gray. Since each value of R,,, G,,, B, (or

Ry, Gy, By) are close to each other, the linear stretch for each color channel is similar.

2.6 Show-through Blocking

Typically, show-through problems occur when images printed on the backside of
the paper are visible due to thin paper material. Show-through often makes the
background noisy and non-uniform. The simplest strategy to prevent show-through
is to snap pixels to white more aggressively. For example, we may reduce each RGB

value of the estimated paper-white by p% so that more pixels are snapped to white.
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Note that the optimal value of p varies for different input images. If an image has
severe show-through, large p sometimes works well. However, we have to be careful
because large p makes the image too bright. From our experiments, p = 10 works

well for most of the input images.

2.7 Results
2.7.1 Paper-white estimation

In this section, we will show the quantitative error between the estimated paper-
white and the ground truth paper-white. We selected 150 test images including
30 newspaper, 30 phonebook, 30 Time magazine, 30 Printed documents and 30
Wavelinks magazine published by ECE department in Purdue university. Each image
is scanned by Samsung SCX-5530FN MFP scanner in 300 dpi with the default mode.

The parameter settings are shown in Table 2.1.

Table 2.1
Parameter settings for automatic contrast enhancement

Thresac | THRES™ ™ | THRESS! | THRES " | THRES;!

white white

30.0 180.0 25.0 100.0 25.0

The ground truth paper-white color was extracted manually for each test image.

The paper-white estimation error was measured quantitatively as follows.

AE = \/(EPW — Lpw)? + (apw — apw)? + (bpw — bpw)? (2.2)
AE, = \/(Lew — Low)? (2.3)
AE, = \/(de — apw)® + (bpw — bpw)? (2.4)

where (Lpw,apw,bpw) is the CIELAB tristimulus values of ground truth paper-

white, and (ﬁpw, apw, Bpw) is the CIELAB tristimulus values of estimated paper-



78

white. Note that we calibrated the scanner to calculate the CIELAB tristimulus
values from scanned RGB values. The conversion from the scanned RGB values
to CIE XYZ values are described in section 1.6.1. Then, the CIE XYZ values are
numerically transformed to CIE Lab values.

Table 2.2 - Table 2.4 show the paper-white estimation error for the different region-
growing thresholds in the paper white estimation: Threspy = 10, Threspy = 14,
and Threspy = 17. The term Threspy was defined in the region growing procedure
of paper-white estimation section. It can be observed that if the threshold value for
the region growing is large, the white estimation error is small especially for the noisy

paper materials such as newspaper and phonebook.

Table 2.2
Paper-white estimation error for Threspy = 10
Mean of AE | Mean of AE; | Mean of AE,,

Newspaper 3.2029 2.9590 0.9603
Phonebook 3.4828 3.0261 1.6042
Printed document 0.7510 0.3592 0.6025
Time magazine 2.2317 1.8576 0.9971
Wavelink magazine 1.5913 1.3777 0.5623

2.7.2 Qualitative results

In this section, we will show the qualitative image results of the automatic contrast
stretch. We used Samsung SCX-5530FN scanned images to apply our algorithm. For
comparison, we will also show the Epson stulus photo RX700 and HP photosmart
3300 all-in-one series scanned images, in which the contrast was already adjusted by
their devices. The test images are randomly selected from various types of papers

such as newspapers, magazines, and phonebooks. All of the images were scanned at
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Table 2.3
Paper-white estimation error for Threspy = 14

Mean of AE | Mean of AE; | Mean of AE,,
Newspaper 2.5881 2.3569 0.7903
Phonebook 3.3906 2.8026 1.7363
Printed document 0.8914 0.4092 0.7407
Time magazine 1.9115 1.4921 0.8521
Wavelink magazine 1.5801 1.3639 0.5648
Table 2.4

Paper-white estimation error for Threspy = 17

Mean of AE | Mean of AE;, | Mean of AE,;,
Newspaper 2.3329 2.1119 0.7554
Phonebook 3.1709 2.5318 1.7051
Printed document 0.9720 0.4852 0.7951
Time magazine 1.9352 1.5297 0.9213
Wavelink magazine 1.5751 1.3576 0.5736

300 dpi by the default mode. Figure 2.11, Figure 2.12, Figure 2.13, and Figure 2.14
show the EPSON scanned image, HP scanned images, the original Samsung scanned
images with no contrast adjustment, and the processed Samsung scanned images with
automatic contrast adjustment. Figure 2.11 and Figure 2.12 are examples of news-
papers with zoomed-in text regions, while Figure 2.13 and Figure 2.14 are examples
of magazines with zoomed-in text regions.

As we can see in the figures, EPSON scanned images are darker and the color is
more distinct than the other scanners. However, the white background is sometimes

noisy because it is not completely snapped to the largest value. Most of the HP
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scanned images have very uniform background and the white is snapped to the largest
value. However, the images tend to be brighter than the other scanners. Our proposed
algorithm enhanced the dynamic range of the original Samsung scanned images and
the color contrast is comparable to EPSON scanner. The white background is also

snapped to the largest value to be uniform.
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(¢) Original Samsung (d) Adjusted Samsung

Fig. 2.11. (a) EPSON scanned image (b) HP scanned image (c¢) Orig-
inal Samsung scanned image with no contrast adjustment (d) Pro-
cessed Samsung scanned image with automatic contrast adjustment
for the first example of newspaper materials.
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Fig. 2.12. (a) EPSON scanned image (b) HP scanned image (c) Orig-
inal Samsung scanned image with no contrast adjustment (d) Pro-

cessed Samsung scanned image with automatic contrast adjustment
for the second example of newspaper materials.
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2.7.3 Show-through improvements

or distorted by snapping to white color.

veggie-filled greenhouses on
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(d) Adjusted Samsung

Fig. 2.13. (a) EPSON scanned image (b) HP scanned image (c) Orig-
inal Samsung scanned image with no contrast adjustment (d) Pro-
cessed Samsung scanned image with automatic contrast adjustment
for the first example of magazine materials.
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Figure 2.15 and Figure 2.16 show the results of show-through blocking. The origi-

nal images have severe show-through in the background but most of them disappeared
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Fig. 2.14. (a) EPSON scanned image (b) HP scanned image (c¢) Orig-
inal Samsung scanned image with no contrast adjustment (d) Pro-
cessed Samsung scanned image with automatic contrast adjustment
for the second example of magazine materials.
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| Champagne cork Champagne cork
i - -
s, s F Y
Table Tennis ball Table Tennis ball Tabile Tennis ball
SR atme INpC )
Original Initial contrast stretch Contrast stretch by

reducing estimated paper-
white color by 10%

Fig. 2.15. The first example of show-through blocking for Samsung scanned image.

IR ojelo) | 2Hz Hy IR/ ojelo) | BHE w CIXIW olelof | 2HE By
oiciof S4 HUENSZ0| 0/F, HE D2MAM 2 oiciof S4 WEHIRO 01, HE MM 8 oiciof B4 WEHA R0 01, HE Z2MM 2

Original Initial contrast stretch Contrast stretch by
reducing estimated paper-
white colorby 10%

Fig. 2.16. The second example of show-through blocking for Samsung
scanned image.



85

2.8 Summary

In this study, we developed a robust automatic contrast enhancement algorithm to
increase the dynamic range especially for the Samsung SCX-5530FN multi functional
printer (MFP) scanner. The algorithm automatically crops region of interest and
estimates the paper-white and black colorant for contrast enhancement. Then the
algorithm snaps the estimated paper-white color to the largest encoded value while
it snaps estimated black colorant color to the smallest value without a large color
shift. The algorithm can also reduce show-through effects of thin paper materials.
The algorithm is robust for scanned images of any kind of paper materials, and is

also computationally inexpensive.
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A. FEATURE VECTOR FOR CCC

The feature vector for the connected components (C'C') extracted in the CCC algo-
rithm is a 4-dimensional vector and denoted as y = [y; ¥2 y3 y4]*. Two of the com-
ponents describe edge depth information, while the other two describe pixel value
uniformity.

More specifically, an inner pixel and an outer pixel are first defined to be the two
neighboring pixels across the boundary for each boundary segment k € {1,..., N},
where N is the length of the boundary. Note that the inner pixel is a foreground
pixel and the outer pixel is a background pixel. The inner pixel values are defined
as Xin(k) = [Rin(k), Gin(k), Bin(k)], whereas the outer pixel values are defined as
Xouwt(k) = [Rout(k), Gout(k), Bou(k)]. Using these definitions, the edge depth is
defined as

edge(k) = /]| Xin (k) — Xour (k)|

Then, the terms y; and y, are defined as,
U1 o Sample mean of edge(k), k =1,2,...,N
Y2 ' Standard deviation of edge(k), k=1,2,...,N.

The terms ys3 and y4 describe uniformity of the outer pixels. The uniformity is

defined by the range and standard deviation of the outer pixel values, that is
ys < max{O(k)} — min{O(k)}, k=1,2,...,N
m ' Standard deviation of Ok), k=1,2,....,N

where

O(k> - \/Rout(l{:)2 + Gout(k)2 + Bout(k)2-
In an actual calculation, the 95" percentile and the 5 percentile are used instead of

the maximum and minimum values to eliminate outliers. Note that only outer pixel
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values were examined for the uniformness because we found that inner pixel values
of the connected components extracted by COS are mostly uniform even for non-text
components.

The augmented feature vector of CCC algorithm contains the four components
described above concatenated with two additional components corresponding the hor-
izontal and vertical position of the connected component’s center in 300 dpi, that is

2= [y1 Y2 Y3 Ya 1 a2]T

def . . .
a1 = horizontal pixel location of a connected component’s center

def . . .
as = vertical pixel location of a connected component’s center



