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1. Introduction

2. Segmentation
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components such as photos and figures occur in large bounding boxes, characters are contained in
medium size boxes, and noise in small boxes.

Segmentation proceeds by projecting the medium size boxes first vertically and then horizontally
to detect gaps indicating columns and paragraph breaks [2].  In addition, large bounding boxes are
further analyzed by projecting both the contained medium size bounding boxes and the pixels
contained in the area in order to determine whether it is a framed text area or a table. Also, collinear
large boxes of similar height are detected to recognize oversized headlines.

This procedure distinguishes non-text and text regions at the paragraph level.  We keep pointers to
the coordinates of each block and all contained boxes to facilitate subsequent reading order
determination and higher level layout analysis.

The technique of analyzing small, medium, and large size boxes separately yields good segmentation
results for overlapping text and non-text regions (such as photographs inserted into a text column).
Text contained in oversized text objects such as big titles of articles, however, requires further
analysis.

3. Non-text Block Labeling

Labeling relies on extracting features such as block dimension, density, 2x2-grams, 3x3-grams,
symmetric pixels, texture [4], and entropy [1].  We use a total of 28 extracted features.

Our training, validation, and test sets are non-text blocks drawn from images scanned at 200 dpi
from documents of diverse sources, including business letters, memos, advertisements, journal
papers, magazine pages, book pages, etc. The documents span a variety of languages and script
types.  Using mostly weighted and normalized averages of features on each block type in our training
set of 4119 isolated blocks drawn from all 13 categories, we derive 28 heuristics. Using a validation
set, we determine which heuristics generate the best results and which have the best consensus
results. We report results of an expert system based mainly on best consensus results (of four, three,
and two heuristics with corresponding confidence values) combined with a single strong heuristic.

We distinguish thirteen internal non-text block labels (advertisement, clip art, horizontal dirt, vertical
dirt, divider, figure, form, graph, logo, map, photo, signature, and table) and five labels for output
(logo; photo; "clipsig" including clip-art and signatures; "figure" including figures, advertisements,
graphs, maps, tables, and forms; and "dirt", including vertical and horizontal dirt and dividers).
Because the statistical features we use do not distinguish all internal types reliably, the output labels
group those block types, which have a high rate of confusion.

4. Preliminary Results

We currently test on 1346 non-text blocks which were automatically extracted from 104 documents.
The large number of blocks is an artifact of our general segmentation function which produces
unwanted blocks. The test set is hand-tagged using the thirteen internal labels to determine accuracy.
Human labeling of blocks has proven to be very subjective, in particular for blocks which would not
have been extracted by humans, such as small sub-areas of a photo, which have been labeled logo,



1We force the system to make a choice from the thirteen labels, even for spurious blocks.

2We train and test using imperfect automatic segmentation.
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clip art, and photo by different people.  For reasons of consistency, the training and test sets have
been annotated by the same person1.

This detail indicates an inherent problem with block labeling.  Label type definition as well as label
assignment are task specific and different annotators will produce different results.  For instance, our
training and test sets were tagged by the same person.  If the system is to be used for another
application, where the labeling will most certainly differ, a new training set must be created. 

Another limiting factor is the dependence on a particular resolution.  We used 200 DPI throughout
the training set.  The statistical nature of our procedure leads to poorer performance on images
scanned at 300 DPI than 200 DPI.

For the five output labels our expert system achieves 68% correctness, labeling 323 blocks
incorrectly and rejecting 104 (7.7%), when forced to assign a label to all areas returned by the
segmentation procedure2.

It seems difficult, however, to justify a correct or incorrect label for a block that in isolation does not
fit any of the thirteen labels (such as a meaningless subarea of a photograph). We have thus
evaluated the current system on that subset of the test set which only contains blocks which can be
justifiably labeled (note, however, that it still contains undesirably many blocks). On these 739
blocks we achieve 81% accuracy with a 9% rejection rate.

The differences between machine and human labeling in the testing phase originate from the fact that
is forced to make a decision, no matter how confident.  Humans tend to go through a long period of
doubt and analysis when faced with a block which can be classified into different types.  In this
situation, the human tagger is not completely confident in his/her choice since the user usually makes
a choice out of frustration or resignation.  Figure 1 shows some examples of non-text blocks which
can be classified into more than one type.

An advantage with our machine labeling lies with the pre-filtering module.  For example, when a
non-text block contained within another non-text block is presented to the program, the program will
ignore it and only consider the larger image.  The human, however, may not know that the smaller
block is spurious and may spend some time labeling it.

5. Conclusion

Our approach is unique in the variety of block and document types it considers. Using very general
procedures for segmentation and simple statistical features, we  report encouraging results. We are
further improving several aspects of this system.

First, we are close to testing a much more refined segmentation procedure which promises to
produce fewer blocks more justifiable to the human observer. Such an improvement will have a great
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influence on both the training and test sets for the labeling procedure.
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Figure 1: Sample Discrepancies Between Machine and Human Labeling

Secondly, we are fine-tuning the labeling procedure itself. The inhomogeneous output category
"figure", for instance, will be divided. Retraining the program for improved segmentation algorithms
and new label categories is a vital part, not only during the development phase of a block labeling
system, but also for its deployment, when desired label categories may change, data may differ, or
even the assignment of labels to data may change. We are therefore also parametrizing the training
procedure and developing fine-tuning tools to make this a portable and useful tool.
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