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ABSTRACT

In this paper we present a progressive classification scheme for a document layout recognition system (background, text and
images) using three stages. The first stage, preprocessing, extracts statistical information that may be used for background
detection and removal. The second stage, a tree based classifier, uses a variable block size and a set of probabilistic rules to
classify segmented blocks. When a block cannot be classified at a given block size because contains more than one class, it is
split in four sub-blocks that are independently classified. The third stage, postprocessing, uses the label map generated in the
second stage with a set of context rulesto label unclassified blocks, trying also to solve some of the misclassification errorsthat
may have been generated during the previous stage.

The progressive scheme used in the second and third stages allows the user to stop the classification process at any block
size, depending on his requirements. Experiments show that a progressive scheme combined with a set of postprocessing rules
increases the percentage of correctly classified blocks and reduces the number of block computations.
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1. INTRODUCTION

Image classification plays an important rolein areas such as medical imaging, aerial recognition, remote sensing, and document
layout recognition, the subject of study of this paper. Document layout recognition is an important issue for users due to the
growth of document storage and transmission systems such as scanners and fax machines. Image coding is a good solution
to reduce both storage requirements and transmission time. Most lossy compression systems used in image coding, such
as the JPEG standard!, suffer from serious problems when images containing text are coded. An adaptive coding scheme
using different coding techniques for different image contents can improve global image quality using the appropriate coding
technique for each image region. Therefore, systems managing mixed data such as scanners, fax machines, or printers can
exploit a document layout recognition system to improve both compression and image quality. OCR systems would also
take advantage of such a system in order to detect the text areas that need to be processed, avoiding computations over areas
containing no text.

In this paper we describe a block-based progressive scheme using classification trees (CART)? and a set of postprocessing
rules. Our goal isto create a robust document layout recognition system that can be used as a first stage in an adaptive coding
scheme. The main idea is to differentiate background from text blocks and image blocks. In an adaptive coding scheme,
background blocks need not be stored, because they contain no important information, and text blocks can be coded using a
different technique that the one used for image blocks, for example.

This paper is organized as follows. The next section, Sect. 2, describes the architecture of the document layout recognition
system mentioned above. In Sect. 3 we present the results of our experiments using a set of real images scanned from severa
letters, magazines and newspapers including images and text in different sizes and types. Finally, the conclusions of this paper
arein Sect. 4.
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2. SYSTEM ARCHITECTURE

The classifier we develop in this paper is a block-based classifier based on the following idea: larger blocks can be better
classified than smaller blocks because they contain more information, reducing also the total number of blocks to be processed.
If ablock cannot be classified at a given size because it contains more than one class, it islabeled as mixed class, theniit is split
in four sub-blocks and the classification process is repeated for each sub-block. This process stops when a small enough block
sizeis reached and no mixed blocks are found.

To build a progressive classifier such as mentioned above we have divide the classification process into three stages. The
first stage, called preprocessing, extracts information from the image that will be used in later stages, and preparing the image
to be classified, segmenting it in blocks. The second stage is a classification process that assigns alabel to each block, using a
special label for blocks that cannot be classified at that block size. The third stage, called postprocessing, uses the label map
generated by the classification stage and decides to change or not some labels depending on a set of rules. Classification and
postprocessing stages are repeated dividing the block sizein each iteration, until al blocks are classified (at the smallest block
size or before). Finally, generated labels are grouped in a bottom-up fashion to yield a quad-tree decomposition as the classifier
result. We will describe each one of the stages in which our classifier is designed separately, giving appropriate directions for
system tuning depending on user requirements.

2.1. Preprocessing stage

Usually, images are preprocessed having two goalsin mind: firstly, to detect and remove image defects caused by an incorrect
scanning, and secondly, to simplify classifier tasks. Therefore, many classification systems assume images to be scanned with
no defects such as skewing, for example. Another use of preprocessing is background detection and removal. Nevertheless, an
image may have multiple backgrounds or a variable background (another image or a business logo, for example) and therefore
global background detection and removal is not an easy issue. Furthermore, in a single-scan scenario such as with afax or a
hand-held scanner, it may be important to perform the entire classification process without having to read the image twice.

In order to ensure our robust system is capable of handling small user mistakes, we have trained the classifier with images
that have not been preprocessed. The images that form the training set suffer from small skewing, false backgrounds caused by
scanning images smaller than the scanning area, and other typical user mistakes. We wanted our system to solve these kinds of
mistakes in the classification and postprocessing stages, instead of using an expensive preprocessing stage. Nevertheless, when
preprocessing is feasible and preprocessed images are fed into the classification system, better results are obtained.

Therefore, in this stage we only segment the image in small blocks, and then the rightmost and bottommaost blocks are
padded to ensure all blocks are the same size. Color images are converted to 8 bpp grayscale images, and no further prepro-
cessing is applied.

2.2. Classification and regression trees

Classification and regression trees (CART)? have been extensively used for data classification, such as in medical imaging,
remote sensing, and character recognition. Classification trees iteratively partition the input space by applying a sequence
of questions to an input vector until a final question is answered and then a class is assigned to such vector. Fig. 1 shows
an example of a classification tree. This is the tree generated for the first block size (64 x 64), and despite its simplicity, it
classifies 41.4% of blocks with 92.1% accuracy. In this tree each internal node is a simple comparison z; < t;, as orthogonal
hyperplanes are used for space partitioning. Leaves are labeled data sets using four classes: background (B), text (T), graphics
or image (G), and mixed or undetermined (M).

Training a classification tree is a supervised process requiring a labeled training set. Each block is a d-dimensional vector
x represented by a mixture of spatial and transformed features. Vectors in the training set have been manually labeled by a
human, so the real label L(x) for each vector x is aso known.

A classification tree T' consists of a set of internal nodes and a set of leaves. Internal nodes are splitting hyperplanes that
decide the path that an element being classified follows from the root of the tree until alesf isreached. Each hyperplane H; is
a partition of the d-dimensional space asfollows

H; -z <t;, (1)

where t; is athreshold which determines the side of the hyperplane an element x resides.



Figure 1. Example of aclassification tree. Thistreeis used asthefirst classifier for 64 x 64 blocks.

Leaves are labeled data sets containing a mixture of elements from different classes. A leaf is called perfect or pure when
it only contains elements from one class. The set of al leaves of atree T isrepresented by 7. In general, the optimal classifier
in the sense of minimizing the Bayesrisk consists of labeling adataset ¢t € T as

K
I(t) = argy minZCjkP(ﬂt), 2
j=1
where C};, isthe cost of misclassifying an element z of class j asclass k, and P(j|t) isthe proportion of elements of class j in
t. Thislabeling strategy minimizes the misclassification error of alabeled data set.

Other authors propose the use of tree structured vector quantizers (TSV Q) for combining classification and compression®-4,
but TSV Q suffers from a drawback when images containing a mixture of text and photos are coded. Text can often belost inthe
coded image because of insufficient codebook resolution. Furthermore, TSVQ is more expensive than CART due to the cost
of computing the closest codeword instead of using a splitting hyperplane (which can be a simple comparison). Therefore, we
chose CART because of its simplicity and because it yields information about the internal structure of the data being classified,
through an inspection of the splitting hyperplanes that form the final classification tree.

2.2.1. Classifier performance

Classifier performance is typically measured by the percentage of correctly classified blocks (P = 1 — Pg, where Pg isthe
percentage of misclassified blocks), although the Bayesrisk (B,.) would be a more realistic measure, because it includesin its
definition the misclassification cost matrix used during the training process (see Sect. 2.2.4). The Bayesrisk of atree T is
defined by

B.(T)=) > CiP(T(z) =k and L(z) = j). 3

j=1 k=1

Here K isthe number of classes, T'(x) represents the class assigned by atree T' to an element x, and L(z) is the true class
of such element.

2.2.2. Classification features

In®%, a mode is used with only two features, although these features include image-dependent parameters and other hidden
parameters. In contrast, we use adifferent tree for each stage. All treesare built using the same set of features, which consists of
amixture of spatial features and some energy and entropy related coefficients computed after an S-Transform” wavelet packet
is applied to each block to be classified. Thisis not the case for the last stage (8 x 8), where a DCT replaces the S-Transform.

From each block we extract a total of twenty-four spatial features including basic statistical descriptors® (range, mean,
median, variance, etc), fractal dimensiondity,?, and block histogram shape, among others. Although this set may seem com-
putationally very expensive, it is not really a drawback. For example, the tree computed for the first classification stage uses
only two spatial features, so thereis no need to compute the rest. An important issue in block-based image classification is the
determination of good classification features, so we decided to compute a large set of spatial features and then select the best



ones through internal tree structure inspection. As expected, each block size needed a different set of spatial features, although
all trees shared a common subset, showing the importance of some spatial features in image classification for document layout
recognition systems.

Wavelet transforms® and wavelet packets'® have been used in image segmentation successfully. We chose the S-Transform
because of its reordering properties, that allow us to save computations from a classification stage and reuse them in the next,
using the wavel et packet decomposition showed in Fig. 2. We use two levels of decomposition but we do not apply the second
level in the LL quadrant, and we do not compute any energy or entropy coefficients in the LL quadrants of the second level
decomposition. The S-Transform is interesting because it allows us to compute an approximation of the first derivative in both
directions, using only integer operations.

X

X X

Figure 2. Wavelet packet decomposition.

Once the S-Transform has been applied to a block, we compute some energy and entropy related coefficients using the
transformed block histogram. The main idea is to detect high energy coefficients in text blocks, caused by text intrinsic
characteristics, using the entropy as an indicator of histogram shape.

If a DCT based coding scheme such as JPEG follows the classification process, it is very interesting to replace the S
Transform wavelet packet by a8 x 8 DCT, in order to avoid unnecessary computations. Despite its simplicity, the DCT has
been successfully used in other block-based classification schemes!!. In this case, after the DCT has been applied, we compute
an energy coefficient £ defined as

E= 3" leil, (4)

cij €C
where C' isthe subset of coefficients with higher text discrimination powerd:11,

2.2.3. Treedesign

We use four trees, one tree for each block size, instead of a unique tree, in order to exploit different image characteristics at
each different block size. Furthermore, each tree uses a different set of spatial features, showing intrinsic differences between
different block sizes. For example, class probabilities are different at each level, in particular the mixed class. There are 5.3%
of blocks labeled as mixed in the first classification stage, and this percentage decreases to 0.06% for the third classification
stage, and is zero for the last. The ratio between background and non-background blocks also increases as block sizeisreduced,
so the use of different trees and postprocessing rules at each stage allows us to extract the most important classification features
better.

We start with an initial block size of 64 x 64 and the classification processishalted at ablock size of 8 x 8. Our training set
consists of images scanned at 150 dpi, and our experiments show that using a larger block size (128 x 128 or even 256 x 256)
for the first classification stage is almost useless, because only afew blocks are classified. Therefore, if images were scanned
at 300 dpi, it would be interesting to use a first classification stage with a larger block size, such as 128 x 128, for example.
We stop the classification process at ablock size of 8 x 8 because we assume that a coding stage follows the classifier, but aso
because at such asmall block sizeit isdifficult to classify well, even for ahuman. Normal size text does not fitin a8 x 8 block
at 150 dpi, and text and graphics may easily confuse the classifier.



2.2.4. Training parameters

Some important parameters remain hidden during the training and pruning stages of a classification tree. These parameters
determine the growing and pruning agorithms behavior.

Tree creation process has two stages, growing and pruning. First, a tree is grown using the training set, until a perfect
(also called pure) tree is obtained, that is, al its leaves are data sets with elements in one class only. Such atree yields a zero
misclassification error for the training set, but almost certainly overfits the corpus and test sets. Therefore, this tree needs to
be pruned back using the corpus set to ensure a good tree that does not suffer from underfitting or overfitting. Pruning is done
using the BFOS algorithm?:'2, which prunes to a subtree with a maximum misclassification error/number of leaves ratio.

During the growing process, only orthogonal hyperplanes are used. Although this may be inefficient for splitting data sets
with internal linear dependences, it simplifies the tree structure and allows the user to do a further inspection of which features
are important for classification. Moreover, internal nodes represent simple decisions that can be efficiently coded, because
Eq. (1) isreduced to a single comparison. To compute a splitting hyperplane for a given data set, the variable that yields the
maximum decrease in tree impurity (using entropy as goodness of split measure) is chosen?.

During pruning, when a subset is pruned back and is replaced by a data set (aleaf), it is labeled according to the label that
minimizes the misclassification error computed during the training stage, as shown in Eq. (2). Then, a threshold condition
on the misclassification error computed for the labeled data set is used to relabel it as mixed class when its misclassification
error exceeds some value. We have used a fixed threshold ¢,,,.. = 0.1 for all four sets, but it could be set to larger values for
smaller block sizes. We tested several values for t,,,.. and the best results were obtained using ¢,,ce = 0.05 or t,,,.. = 0.1.
Therefore, pruned trees may be further simplified pruning back those subtrees that have all their leaves labeled with the same
class (concretely, mixed class). This might generate very small pruned subtrees, so we still need another constraint to ensure
we do not generate pruned trees that do not have enough labeled data sets covering all possible classes (including mixed class
or not).

The misclassification cost matrix C;;, used in our experiments is shown in Tab. 1. We used different misclassification costs
for different classes because we assume the text class (T) is more important than the image class (G), in order to preserve more
text from misclassification. For example, in case of misclassification it is better to consider text asimage than to consider it as
background. Mixed class (M) has the lowest misclassification class because it is better to delay classification than to make a
mistake. Similar matrices are used in other papersin literature?.

B| T |G M
B| O 2 |15] 1
T| 2 0 |15 1
G| 2 15| 0 |1
M|15| 1 1|0

Table 1. Misclassification cost matrix.

2.3. Postprocessing rules

After each classification stage, alabel map is generated as the classifier result. But even using the mixed class for uncertain
blocks, some elements may have been misclassified. Then, a set of postprocessing rulesis applied to each label to reduce this
possibility. This can be done in two different ways: changing a label to mixed class to avoid possible classifier mistakes, or
changing it to another class than mixed to solve classifier uncertainty. Therefore, we could classify rules as passive, when
they only delay classification, or active, when they introduce new labels. In order to reduce misclassification errors, the two
first classification stages use only passive rules, and a mixture of passive and active rules is used in the last two stages. The
last classification stage has to resolve all possible unclassified blocks from previous stages, but this can be done by combining
passive and active rules. In such case, passive rules are always applied before active rules trying to minimize the number of
classification mistakes.

The strategy mentioned aboveis atop-down approach, that is, it starts at the largest block size and repeats until the smallest
block size is reached, increasing the size of the label map. Then, when an image has been completely classified, a bottom-up
approach is performed to generate a quad-tree decomposition of the label map, grouping similar [abelsregardless of background.



This process may be useful to detect large areas that can be processed as a whole, such as the case of images surrounded by
text.

2.3.1. Top-down rules

Each stage hasits own set of top-down rules. Our goal isto use the set of rulesto correct the possible misclassification mistakes
from the tree-based classifier and to resolve areas labeled as mixed. Rules use the neighborhood as information with class
probabilities extracted from the classification tree. For example, when a block has been labeled as mixed (because the leaf of
the classification tree is labeled as mixed), it is possible that the true data set |abel was other, but the misclassification error of
such adata set was larger than ¢,,,.. S0 it was relabeled as mixed. Therefore, the original computed label is known and might be
used by atop-down rule. Regarding the size of the rules, we examine only the 3 x 3 neighborhood of a given block, but larger
patterns can also be examined. Fig. 3 shows examples of top-down rules.

? M| ? ?2IM | ? B| B | B B| B | B
M| T | M — M| M| M B| T | B — B| B | B
?2 M| ? ? M| ? B| B | B B| B | B

Figure 3. Examples of top-down rules. The left rule is passive, used in the two first classification stages, and the right rule is
active, used in the last classification stage.

The neighborhood can be described in two ways: using patterns or counting the number of blocks in each class that
surrounds the block being processed. The second option allows a higher flexibility when detecting patterns. A specia border
classis also used to process the border blocks correctly.

The set of passive rules used in the two first classification stages can be described as follows:

1. Any block labeled as background, text, or graphic surrounded by mixed blocks (and maybe border blocks) using four-
connectivity is changed to mixed class. Thisruleis depicted in the first example of Fig. 3.

2. Any background block surrounded only by graphic and/or mixed blocks is changed to mixed class. Thisrule avoidsfalse
interpretations of smooth image blocks as background.

3. Any text block surrounded by graphic blocks using four-connectivity is changed to background class. This rule avoids
false interpretations of image contours as text.

Active rules used in the two last classification stages use knowledge about normal text size and contours. 16 x 16 uses
the set of passive rules described above but also includes some active rules to resolve misclassified or unresolved blocks. This
stageis particularly important because most of the input image is classified here, aswill be discussed in the next section. In the
last classification stage, 8 x 8 blocks are too small to contain normal text size, so it is easy to detect false text blocks. Other
scanning defects such as false spots or contours are also removed here. Therefore, the set of active rules used in the two last
classification stages can be described as:

1. Any background block completely surrounded by graphic blocks is changed to graphic.

2. Any text block surrounded by background blocks is changed to background class. This rule is depicted in the second
example of Fig. 3. The sameruleisused but for graphic blocks.

3. Any text block surrounded by a combination of graphic and background blocks is changed to graphic class. The same
ruleis used interchanging text with graphic.

4. Mixed blocks that form a contour between text blocks (a text area) and graphic blocks (a graphic area) are labeled as
graphic.



5. Finally, blocks that remain unclassified in the last stage (8 x 8) are labeled using the original label computed during the
training stage, as shownin Eq. (2).

This set of rules ensures classification of al remaining unclassified blocks, thus minimizing the number of misclassified
blocks. Nevertheless, it is virtually impossible to achieve a performance of 100% of correctly classified blocks because a few
mistakes happen in the last postprocessing stage. Usually, the most common mistake is the misclassification of some parts of
text of large size or special font text as graphic. This could be only solved applying very high level rulesinvolving information
about what text size and/or font is considered text or graphic, which is beyond of the scope of this paper.

2.3.2. Bottom-up rules

Finally, a bottom-up approach is applied to the final label map in order to generate a quad-tree decomposition, grouping blocks
with the same label. The final label map uses only three labels: background, text, and graphics, because all mixed blocks
have already been resolved. The process consists of undoing the block splitting done during the application of the successive
classification levels, as shown in Fig. 4. The set of bottom-up rulesis described as follows:

1. If four sub-blocks are labeled as background, generate a unique block of double size labeled as background.

2. If one or more sub-blocks out of four are labeled astext, and there are no graphic sub-blocks, generate a unique block of
double size labeled as text.

3. If one or more sub-blocks out of four are labeled as graphic, and there are no text sub-blocks, generate a unique block of
double size labeled as graphic.

4. Any other combination of four sub-blocks cannot be grouped (rectangular blocks are not allowed in a quad-tree decom-
position).

This process can be repeated until adesired level of aquad-tree decomposition is achieved, depending on user requirements.
Moreover, bottom-up block grouping can be performed a different number of times for each class. For example, image areas
might be described more coarsely than text areas, trying to group large areas that will be coded using a lossy compression
system.

T | T T | T

B | T T | T

Figure 4. Example of bottom-up rule.

3. EXPERIMENTS

As mentioned in Sect. 2.1, we were interested in building a robust classifier, using images with the same kind of defects that a
normal user would introduce during a typical scanning process. Therefore, the set of images used during training suffers from
skewing, false backgrounds, and other problems caused by an imperfect scanning process.

In our experiments we have used 12 grayscal e images (8 bpp). Each imageis 1275 x 1755 pixels (images are approximately
8.5 x 11.7 inches, scanned at 150 dpi). These images have been labeled manually for block sizes of 64 x 64, 32 x 32,16 x 16
and 8 x 8, using four classes (that is, including mixed class), except in the last stage, where only three classes (no mixed class)
have been used. Six images were used during training and other six were used to test the classifier.



Block minimum | average | maximum
size IT| | |T| | length | length length
Progressive classification scheme
64 x 64 11 6 2 2.76696 4
32 x 32 27 14 2 4.16826 6
16 x 16 21 11 3 3.71954 6
8x8[ab] | 35 | 18 2 4.73452 8
Non-progressive classification scheme
8x8[* 1441|721 3 855861 | 38

Table 2. Tree sizes for progressive and non-progressi ve classification schemes.

3.1. Tree statistics

Fivetreeswere grown, onefor each block size using information from previouslevels such asthe kind of blocks|eft unclassified
in the previous stage, and another tree that isa 8 x 8 classifier, marked with an asterisk in Tab. 2. Our goal is to compare the
performance of the progressive classification scheme and a classical block-based classifier, comparing both tree classification
cost and accuracy.

It can be seen from Tab. 2 that the trees that form part of the progressive classifier are small when compared to the non-
progressive tree. It is possible to reduce the size of the non-progressive tree, but this imposes an increase in misclassification
error.

3.2. System performance with no postprocessing

Tab. 3 shows the progressive classification results when no postprocessing stage is applied after each classification stage. Po
stands for the percentage of correctly classified blocks, and B, isthe Bayes risk as defined by Eq. (3). Notice that this cannot
be considered avalid classifier because the last stage (8 x 8 [a@] as shown in Tab. 3) does not classify all remaining blocks from
previous stages. Nevertheless, we will use this tree instead of the tree using only three classes (8 x 8 [b]) because it yields a
higher percentage of correctly classified blocks as a starting point to apply the set of postprocessing rules. We remark that after
the last classification tree (8 x 8) is applied, Po decreases dightly. Other experiments using 8 x 8 blocks display the same
drawback, pointing out that this block size may not be a good choice.

Block | Processed Classified Classified
size blocks | blocks (stage) | blocks (total) P B,
Progressive classification scheme
64 x 64 3360 41.4% 41.4% 92.1% | 0.559077
32 x 32 7856 33.0% 60.1% 95.3% | 0.425833
16 x 16 21052 66.9% 86.8% 95.8% | 0.189441
8 x 8[a 27892 34.3% 91.3% 95.9% | 0.148996
8 x 8[b] 27892 100.0% 100.0% 93.5% | 0.110990
Non-progressive classification scheme

8x 8[*] | 211200 100.0% 100.0% | 92.2% | 0.136849

Table 3. Classifier results with no postprocessing stage.

Another important result we can infer from Tabs. 2 and 3 is that although it is possible to build a single tree for image
classification using aunique block size of 8 x 8, thistree yields worse resultsin both cost and accuracy, particularly Bayesrisk,
which we consider more important. Similar results for non-progressive classifiers can be found in?.



If we use the tree with only three classes (8 x 8 [b]), the number of blocks processed is the sum of the blocks processed
in each stage, yielding a total of 60160 blocks, instead of 211200 blocks that need the non-progressive classifier (8 x 8 [*]),
that is, approximately only 28.5% of blocks. The progressive classifier needs a total of 429238 comparisons (each visit of an
internal node is a comparison), while the non-progressive classifier needs atotal of 1807578 comparisons, that is, only a23.7%
of comparisons are needed. Furthermore, the trees used in the progressive classifier use only afew classification features each,
while the non-progressive tree uses almost the whole set of spatial features, increasing classification process cost.

3.3. System perfor mance with postprocessing

Tab. 4 showstheresults of the progressive classification scheme after the set of postprocessing rules has been applied after each
classification stage. In this case all remaining blocks are classified in the last stage, because the last set of rules used ensures
thisfact. It can be seen that the two first stages (64 x 64 and 32 x 32) only delay classification, decreasing the percentage of
classified blocks and increasing the percentage of correctly classified blocks. On the other hand, the third and fourth stages
resolve all blocks that remain unclassified and remove most of the misclassification mistakes from previous stages. Notice that
the third stage combined with a set of postprocessing rules significantly improves classifier results, classifying more and better
than the previous cases with no postprocessing. On the contrary, the fourth stage increases misclassification error with respect
to the third one, although it still decreases the Bayes risk.

Block | Processed Classified Classified

size blocks | blocks (stage) | blocks (total) Po B,
64 x 64 3360 40.6% 40.6% 92.6% | 0.562946
32 x 32 7968 32.3% 59.1% 95.9% | 0.429811
16 x 16 21756 70.1% 87.8% 96.0% | 0.177547
8 x 8[a 25832 100.0% 100.0% 94.0% | 0.103203

Table 4. Classifier results with postprocessing stage.

Regarding the robustness of the classifier, it is shown in Tab. 5. It can be seen that most images are classified with a
percentage of correctly classified blocks within a narrow set of values around the system average performance (94%). 1n®-€ it
is stated that the percentage of correctly classified blocks is around 98% or even sometimes 100%, but this figure decreases
to 85.5% for certain images. They do not provide classification results before postprocessing, so the importance of such a
stage cannot be easily determined. If we feed our classifier with preprocessed images with no false backgrounds, we achieve a
percentage of correctly classified blocks up to a97%.

Image 1 2 3 4 5 6
Po 94.1% | 93.5% | 95.3% | 94.6% | 89.3% | 97.0%

Table 5. Classifier results variahility.

An exampleisshownin Fig. 5. Thefirst image showsthe original image asit was scanned from aletter, with no preprocess-
ing. It can be seen that thisimage suffers from afal se background caused by an incorrect scanning process, and other problems
like noise dueto letter quality paper and folds. The second image shows the output label map with no postprocessing. There are
afew blocksthat remain unclassified, mostly caused by image noise and area contours. Notice the three horizontal lines caused
by folds and false background, for example. Finally, the third image shows the same label map once the set of postprocessing
rules described in Sect. 2.3 has been applied. It can be seen that all noise spots have been removed and a high percentage of
misclassified blocks have been corrected. Nevertheless, afew mistakes can still befound in large or special font text areas, such
as business logos. Lines caused by fal se backgrounds would not appear if a better scanning process was performed.

4. CONCLUSIONS

In this paper we have presented a robust system for document layout recognition based on classification and regression trees
and a set of postprocessing rules.
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Figure 5. One sample image, its classification result label map with no postprocessing, and the same label map with postpro-
cessing. Background blocks are painted in black, text blocks in dark grey, graphic blocks in light gray, and mixed blocks in
white,

Our goal was to build a progressive classification scheme using small trees, reducing classification cost while increasing
the final percentage of correctly classified blocks. The progressive classification scheme presented in this paper achieves both
partial goals. Furthermore, some interesting facts about document layout recognition systems arise from the work done in this
paper:

1. 8 x 8 does not seem to be a good block size for document layout recognition when images are scanned at 150 dpi.
Although it is possible to achieve a high percentage of correctly classified blocks, generated trees are large and compu-
tationally expensive. Furthermore, in our progressive classifier the most important stage is the third stage, which uses
16 x 16 blocks, while the fourth stage (8 x 8) does not increase system accuracy. Therefore, ablock size of 16 x 16 could
be a better choice for non-progressive classifiers.

2. Using areduced set of features at each classifier stage is better than using a large tree that needs a large set of features.
Progressive classification schemes reduce both classification cost and number of block computations.

3. Postprocessing rules help to ensure a high percentage of correctly classified blocks, removing typical misclassification
mistakes produced by a classification tree. While top-down rules resolve classifier mistakes and doubts, bottom-up rules
group blocks forming a quad-tree decomposition ready to be used asthefinal classifier result for an optional coding stage,
for example.

The progressive classification scheme we have presented in this paper is a general purpose system, so it could be adapted
to fulfill special user requirementsin other image classification systems. The combination of small classification trees and a set
of postprocessing rules seems to be a good choice because it can be easily adapted to any particular use.

Further research in this topic should include better features for image classification, such as non-linear transformations,
or grayscale morphology. Although these operations may be more expensive, they could exploit more concisely some text
characteristics such as corners and holes. Color is also another research subject, as it has been successfully used in image
segmentation, although it would increase classification cost due to the increase in the number of channels to be processed.
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