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Abstract
The Mixed Raster Content (MRC) 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 algorithms. The key to MRC 
compression is the separation of the document into foreground 
and background layers, represented as a binary mask. Therefore, 
the resulting quality and compression ratio of a MRC document 
encoder is highly dependent upon the segmentation algorithm 
used to compute the binary mask. In this paper, we pro- pose 
a novel multiscale segmentation scheme for MRC document 
encoding based upon the sequential application of two algorithms. 
The first algorithm, Cost Optimized Segmentation (COS), is a 
blockwise segmentation algorithm formulated in a global cost 
opti- mization framework. The second algorithm, Connected 
Component Classification (CCC), refines the initial segmentation 
by classifying feature vectors of connected components using an 
Markov Random Field (MRF) model. The combined COS/CCC 
segmentation algo- rithms 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 selected 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 nontext 
features. We also demonstrate that the proposed segmentation 
algorithm can improve the quality of decoded documents while 
simultaneously lowering the bit rate.
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I. Introduction
Effective compression is required to store, and transfer large 
document files. For example, a typical color document scanned 
at 300 dpi requires approximately 24Mbytes 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 document compression 
defined in the ITU-TT.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 appropriate 
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. 
Moreover, it is often the case that different compression ratios and 
sub sampling rates are 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. 1, shows an example of layers in an MRC mode 
1 document.

 
Fig. 1: Illustration of MRC Document Compression Standard 
Mode 1 Structure

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 bit rate 
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 unstructure nontext symbols 
are not be efficiently represented by JBIG2 symbol dictionaries.In 
this paper, we present a robust multiscale segmentation algorithm 
for both detecting and segmenting text in complex documents 
containing background gradations, varying text size, reversed 
contrast text, and noisy backgrounds. Our segmentation method is 
composed of two algorithms that are applied in sequence: the cost 
optimized segmentation algorithm and the connected component 
classification algorithm.The COS algorithm is a blockwise 
segmentation algorithm based upon costoptimization. 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 image to improve the accuracy of the segmentation. It does 
this by detecting nontext components (i.e., false text detections) 
in a Bayesian framework which incorporates an Markov Random 
Field (MRF) model of the component labels. 
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II. COS
The COS algorithm’s a block based segmentation algorithm 
formulatedasa global costoptimization problem. The COS 
algorithm is comprised of two components: blockwise segmentation 
and global segmentation. The block wise 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.A block diagram for COS is shown in fig. 
2.

A. Block Wise Segmentation
Block wise segmentation is performed by first dividing the image 
into overlapping blocks, where each block contains m × m pixels, 
and adjacent blocks overlap by m/2 pixels in both the horizontal 
and vertical directions.

Fig. 2: COS Algorithm Comprises Two Steps: Block Wise 
Segmentation and Global Segmentation 

Fig. 3: Illustration of a Block Wise Segmentation 

The blocks are denoted by Oi,j for i=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 Oi,j. 
The pixels in each block are segmented into foreground (“1”) or 
background (“0”) by the clustering method of Cheng and Bouman 
[2]. The clustering method classifies each pixel in Oi,j by comparing 
it to a threshold t. This threshold is selected to minimize the total 
subclass variance. More specifically, the minimum value of the 
total subclass variance is given by

  (1)
where, N0,i,j and N1,i,j  are number of pixels classified as 0 and 
1  by the threshold t, and σ2

0,i,j andσ2
1,i,j are the variances within 

eachsubclass. Note that the subclass 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 each 
threshold t∈[0,255], we can recursively calculate σ2

0,i,j  and σ2
1,i,j  

from the values calculated for the previous threshold of t-1. The 

threshold that minimizes the subclass variance is then used to 
produce a binary segmentation of the block denoted by Ci,j∈
{0,1}m×m.

Fig. 4: Illustration of Class Definition for Each Block 

B. 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 si,j∈{0,1,2,3},

 (2)
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. Fig. 4, illustrates an example of the four possible 
classes. Our objective is then to select the class assignments, si,j∈
{0,1,2,3}, so that the resulting binary masks, Ci,j, are consistent. 
We do this by minimizing the following global cost as a function 
of the class assignments, S=[si,j] for all i,j

 (3)
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 λ1 λ2, and λ3, and are then model 
parameters which can be adjusted to achieve the best segmentation 
quality.
The first term ɛ is the square root of the total subclass variation within 
a block given the assumed segmentation. More specifically

  (4)
where σi,j is the standard deviation of all the pixels in the block. 
Since γi,j must always be less than or equal to σi,j, the term ɛ can 
always be reduced by choosing a finer segmentation corresponding 
to si,j=0 or 1 rather than smoother segmentation corresponding 
to si,j=2 or 3.
The terms V1 and V2 regularize the segmentation by penalizing 
excessive spatial variation in the segmentation. To compute the 
term V1 , the number of segmentation mismatches between pixels 
in the overlapping region between block Ci,j and the horizontally 
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adjacent block Ci,j+1 is counted. The term is then calculated as 
the number of the segmentation mismatches divided by the total 
number of pixels in the overlapping region. Also is similarly 
defined for vertical mismatches. By minimizing 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., “1”) in Ci,j divided by the total number of pixels 
in the block. 
The weighting coefficients λ1 λ2, and λ3, were found by minimizing 
the weighted error between segmentation results of training images 
and corresponding ground truth segmentations. The weighted error 
criteria which we minimized is given by

 (5)

where [0,1]w∈  , and the terms Nmissed_detection and Nfalse_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 which more heavily weighted miss detections. 
In Section III, we will show how the resulting false detections 
can be effectively reduced.

III. CCC
The CCC algorithm refines the segmentation produced by COS by 
removing many of the erroneously detected nontext components. 
The CCC algorithm proceeds in three steps: connected component 
extraction, component inversion, and component classification. 
The connected component extraction step 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. 

Fig. 5: Illustration of a Bayesian Segmentation Model
 
The Bayesian segmentation model used for the CCC algorithm is 
shown in fig. 5. The conditional distribution of the feature vector 
yi given xi is modeled by a multivariate Gaussian mixture while 
the underlying true segmentation labels are modeled by an MRF. 
Using this model, we classify each component by calculating the 
MAP estimate of the labels, xi, given the feature vectors, yi. In order 
to do this, we first determine which components are neighbors in 
the MRF. This is done based upon the geometric distance between 
components on the page.

A. 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.

 (6)
where, xi ∈{0,1} is a class label of nontext or text for the ith 
connected component. The M0 and M1 are the number of clusters 
in each Gaussian mixture distribution, and the ,µxi,m, Rxi,m and axi,m  
are the mean, covariance matrix, and weighting coefficient of the 
mth cluster in each distribution. In order to simplify the data model, 
we also assume that the values Yi are conditionally independent 
given the associated values Xi. 

 
The components of the feture vector yi include measurements 
of edge depth and external color uniformity of the ith connected 
component.
With the MRF model defined previously, we can compute a 
Maximum a Posteriori (MAP) estimate to find the optimal set 
of classification labels x=[x1,x2-------xN]T. The MAP estimate is 
given by

IV. Results
In this section, we compare the COS/CCC, and COS segmentation 
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 comparison in this study 
are Otsu [3] and Tsai [4], methods. These algorithms showed the 
best segmentation results among the thresholding methods in [3], 
[5-6], and [4]. In the actual comparison, the sRGB color image 
was first converted to a luma grayscale image, and then each 
thresholding method was applied. For “Otsu/CCC” and “Tsai/
CCC,” the CCC algorithm was combined with the Otsu and Tsai 
binarization algorithms to remove false detections. In this way, 
we can compare the end result of the COS algorithm to alternative 
thresholding approaches.

A. Segmentation Accuracy & Bit Rate
To measure the segmentation accuracy of each algorithm, we 
used a set of scanned documents along with corresponding 
“ground truth” segmentations. First, 38 documents were chosen 
from different document types, including flyers, newspapers, and 
magazines. The documents were separated into 17 training images 
and 21 test images, and then each document was scanned at 300 
dots per inch (dpi) resolution on the EPSON STYLUS PHOTO 
RX700 scanner. 

B. Qualitative Results
Fig illustrates segmentations generated by DjVu, Lura 
Document, COS, COS/CCC a 300 dpi test image. The ground 
truth segmentation is 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 detectionswithout significantly sacrificing 
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text detection. Lura Document 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 Lura Document.

Fig. 6:  Text Regions in the Binary Mask. The Region is 165370 
Pixels at 400 dpi, which Corresponds to 1.04 cm 2.34 cm

Fig. 7:  Decoded MRC Image of Text Regions (400 dpi). (a) 
Original Test Image. (b) Ground Truth (300:1 Compression).(c) 
DjVu (281:1). (d) Lura Document (242:1). (e) COS (244:1). 

Fig. 8: Decoded MRC Image of Picture Regions (400 dpi). (a) 
Original Test Image. (b) Ground Truth (300:1 Compression). (c) 
DjVu (281:1). (d) Lura Document (242:1). (e) COS (244:1).

Fig. 9:  Picture Regions in the Binary Mask. Picture Region is 
15161003 Pixels at 400 dpi, Which Corresponds to 9.63 cm     6.35 
cm. (a) Original Test Image. (b) Ground Truth Segmentation. (c) 
DjVu. (d) LuraDocument. (e) COS.
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V. Conclusion
We presented a novel segmentation algorithm for the compression 
of raster documents. 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
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