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Summary:

Optical Character Recognition (OCR) is the process of converting document im-
ages into editable text. This enables us to edit and search documents very easily.
Document preprocessing of a document image is a very important stage prior to
OCR. This thesis presents new line segmentation, image enhancement, and character
reconstruction algorithms to improve document preprocessing. Consequently, we
can get better results from the OCR system.
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Abstract

The process of converting a document image into an editable text has become a very spread
process nowadays because, at the era of technology, everything is handled by computers. The
process of converting a scanned image into an editable text is called Optical Character Recog-
nition (OCR). This process consists of a lot of stages, and document preprocessing is one of
those stages. This stage is very essential in any OCR system because the scanned documents
are usually not ideal. The preprocessing stage is responsible for preparing the document to be
recognized by a recognition system.

The preprocessing stage is concerned with everything before the character recognition stage.
The tasks, which are performed in the document preprocessing stage, are listed as follows.
Denoising cleans the document from any unwanted objects, that are not part of the original
document. Background enhancement algorithms are sometimes applied, if needed, to enhance
the background of the document. Binarization converts the document into black and white in
order to facilitate feature extraction process at the recognition stage. Document layout analysis
extracts document blocks and classifies them into text and image regions. Some documents
are rotated during scanning, their rotation angle must be detected and fixed, which is called
document deskewing. Afterwards, segmentation divides text blocks into smaller regions (lines,
words, or character). Finally, some documents may contain broken characters, which need to be
fixed through character reconstruction.

This thesis proposes new techniques in document preprocessing for Arabic OCR systems. The
proposed techniques can handle both early printed manuscripts and ordinary Arabic documents.
Moreover, those techniques are general and can handle any other language. The thesis focuses
on the preprocessing functions that may cause great enhancement in the recognition accuracy.

Denoising and background enhancement can greatly improve the results of an OCR system.
In the field of natural images, denoising of an image using its sparse representation over a learned
dictionary shows the state of the art results. Denoising auto-encoders show good results too in
natural images, but there are only few experiments on these algorithms in document images.
The work in this thesis uses the same algorithms in denoising of documents and background
enhancement, but with one of the most complicated noise types, which is the show through noise.
The show through noise results from double sided pages when one of those pages is transparent.
Experiments on this part show great improvement in the recognition of a highly degraded
document. The enhancement in recognition accuracy ranges from 13% to 26% calculated using
three different OCR engines.

The segmentation of blocks of text into lines is also an essential stage. Segmentation using
projection profile is a very common method. The results show that projection profile line
segmentation, with some modifications, is able to segment text lines of early printed Arabic
manuscripts. Moreover, the proposed algorithm shows its superiority in the recognition accuracy
in comparison with the other algorithms. The algorithm can reach 68.5% as the OCR recognition
accuracy, while on line level accuracy has a precision equals to 95.18

The problem of broken characters is also one of the critical aspects. A document that contains
such bad characters may not be recognized properly at all. The algorithms used in denoising



can be used in character reconstruction as well. Applying the algorithm and comparing the
recognition results of the three different engines, the recognition accuracy enhancement ranges
from 4.2% to 26.5%.
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