
Chapter 2
Layout Analysis of Arabic Script Documents

Syed Saqib Bukhari, Faisal Shafait, and Thomas M. Breuel

Abstract Layout analysis—extraction of text lines from a document image and
identification of their reading order—is an important step in converting the docu-
ment into a searchable electronic representation. Projection methods are typically
employed for extraction of text lines in Arabic script documents. Although pro-
jection methods achieve good accuracy on clean, skew-free documents, their per-
formance drops under challenging situations (border noise, skew, complex lay-
outs, etc.). This chapter presents a layout analysis system for extracting text lines
in reading order from scanned Arabic script document images written in differ-
ent languages (Arabic, Urdu, Persian, etc.) and different styles (Naskh, Nastaliq,
etc.). The presented system is based on a suitable combination of different well-
established techniques for analyzing Latin script documents that have proven to be
robust against different types of document image degradations.

2.1 Introduction

Layout analysis deals with text line detection and their reading order determination
in document images. The wide variety of layouts in large-scale document digitiza-
tion projects poses stern challenges to document image analysis. A document image
may contain different types of contents like text, graphics, halftones, etc. The goal
of optical character recognition (OCR) is to extract text from a document image.
This is achieved in two steps. The first step, geometric layout analysis, locates text
lines in the image and identifies their reading order. In the second step, text lines
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Fig. 2.1 An example of printed Arabic text in Naskh script and Urdu text in Nastaliq script. Text
lines in Nastaliq have very little spacing between them compared to Naskh script

identified by the layout analysis step are fed to a character recognition engine which
converts them into text in an appropriate format (ASCII, UTF-8, etc.).

The Arabic script is used for writing several languages of Asia and Africa, e.g.,
Arabic, Urdu, Persian, Pashto, Kurdi, and Jawi. After Latin script, it is the second
most widely used script in the world. It is a cursive script; i.e., individual characters
are usually combined to form ligatures. Although there are many styles for writ-
ing Arabic script, the most widely used styles are Naskh and Nastaliq. The Naskh
writing style is dominant in Arabic and Pashto languages, whereas Nastaliq is the
standard style adopted for writing Urdu and Persian. Examples of printed Arabic
text written in Naskh script and Urdu text written in Nastaliq script are shown in
Fig. 2.1. From a layout analysis point of view, the main differences of Nastaliq script
as compared to Naskh script are: (i) very small interline and interword spacing and
(ii) tall ascenders and descenders that overlap into adjacent text lines.

Research on Arabic script OCR has primarily been focused on word recogni-
tion [1], and very few approaches have been proposed for text line extraction from
machine printed Arabic script document images. Since Arabic is generally written
in Naskh script, text line segmentation using horizontal projections works quite well
on machine printed documents due to the large interline spacing [22]. Segmentation
of a page image into individual lines by horizontal projection is a primitive approach
and works only on clean, single-column documents with large interline spacing. To
handle multi-column documents, either the x–y cut method [29] is used, or morpho-
logical operations are employed to get text blocks [38], which can then be further
subdivided into individual text lines by horizontal projection. More sophisticated
approaches for text line extraction have been presented in the domain of segment-
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Fig. 2.2 Processing flow of a high performance generic layout analysis system. Filled blocks show
the areas that this chapter discusses in detail

ing handwritten Arabic documents [4, 41]. However, the key problem addressed in
these approaches is handling the local nonlinearity of text lines.

Over the last two decades, several layout analysis algorithms have been proposed
in the literature (for a literature survey, please refer to [11, 28]) that work for dif-
ferent layouts and are quite robust to the presence of noise in the document. Many
of these algorithms have come into widespread use for analyzing document images
in different scripts. Kumar et al. [24] have evaluated the performance of six algo-
rithms for page segmentation on Nastaliq script: the x–y cut [29], the smearing algo-
rithm [40], whitespace analysis [2], the constrained text line finding algorithm [5],
Docstrum [30], and the Voronoi-diagram based approach [23]. These algorithms
work very well in segmenting documents in Latin script, as shown in [37]. However,
when Kumar et al. applied these algorithms to segment Nastaliq script documents,
none of these algorithms was able to achieve an accuracy of more than 70 % on
their test data, which had simple book layouts with no font size variations within
each page.

Contrary to Arabic OCR, there has been very little work in the area of Urdu or
Persian document analysis. Husain et al. [19] proposed an Urdu character recog-
nition system for the Nastaliq script. Urdu is written in Nastaliq script using more
than 20,000 ligatures [16]. Husain et al. skipped the layout analysis step to concen-
trate more on the OCR part. Pal et al. [32] presented an approach for recognizing
printed Urdu documents. First, they perform skew correction of the document using
a Hough transform. Text lines in the skew corrected document are then segmented
by horizontal projection. A similar approach is used by Jelodar et al. [20] to extract
text lines from printed Persian documents.

Shafait et al. [36] have presented an adaptation of the layout system described
in [6] to Urdu script documents. First, they evaluate empty whitespace rectangles as
candidates for column separators or gutters. Text lines are then detected by modify-
ing a RAST-based (Recognition by Adaptive Subdivision of Transformation Space)
text-line finding algorithm [5] where column separators are introduced as “obsta-
cles.” Finally, text lines are analyzed for determining the reading order using con-
straints on the geometric arrangement of text line segments on the page. Particular
advantages of their system are that it is nearly a parameter-free approach and robust
to the presence of noise in document images.

In this chapter we present a layout analysis system that is an extension of the
approach presented in [36] and is applicable to a wide variety of Arabic script binary
document images. A grayscale document image can be first converted into binary
form using an appropriate binarization approach such as those in Otsu [31] and
Sauvola [35], which are commonly used state-of-the-art binarization approaches.
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Fig. 2.3 A sample newspaper image printed in Arabic Naskh script and its corresponding layout
analysis result: gray region represents non-text components, color-coded labeling represent seg-
mented text lines, and magenta line shows text line reading order. [Note: left image has been taken
from the website [17]]

A possible flow of a generic layout analysis system is shown in Fig. 2.2. Here, we
will discuss text and non-text segmentation, text line detection, and reading order
determination. For a sample Arabic script document image, the output of the layout
analysis system is shown in Fig. 2.3.

The rest of the chapter is organized as follows. In Sect. 2.2, the multiresolution
morphology-based text and non-text segmentation algorithm [3, 10] is described.
State-of-the-art x–y cut [29] and ridge-based [7] text line finding methods are ex-
plained in Sect. 2.3. A topological sorting-based reading order determination algo-
rithm [36] is discussed in Sect. 2.4, followed by the conclusion in Sect. 2.5.

2.2 Text and Non-text Segmentation

Text and non-text segmentation is the process of separating text and non-text ele-
ments in document images. It is an important initial step in document image pro-
cessing like optical character recognition (OCR) systems. A character recognition
engine is designed for recognizing text elements, and it produces garbage for non-
text elements.

Different approaches have been proposed in the literature for text and non-text
segmentation. Wong et al. [40] presented a classical smearing-based page segmen-
tation approach. Bloomberg [3] introduced a method for text and halftone seg-
mentation using multiresolution morphology. Other state-of-the-art text and non-
text segmentation approaches can be generally categorized as classification-based
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approaches such as the pixel [27], connected component [9], or zone [21, 39]
classification-based text and non-text segmentation methods. In general, the accu-
racy of classification-based text and non-text segmentation approaches heavily de-
pends on the training samples.

The multiresolution morphology-based method [3] was specifically designed for
separating halftones from document images. It works well for halftone segmenta-
tion, but not for other types of non-text elements like drawings, maps, etc. It is
a simple approach, based on the assumption that the size of non-text elements is
larger than text elements in document images. We presented an improvement to the
multiresolution morphology-based text and non-text segmentation method in [10]
which can also segment drawing type non-text elements. A data flow diagram of the
improved version of Bloomberg’s text and non-text segmentation method is shown
in Fig. 2.4. A brief description of Bloomberg’s multiresolution morphology-based
text and non-text segmentation method [3] and our improved version [10] is de-
scribed below.

Bloomberg introduced the concept of threshold reduction for subsampling of
document images, which is defined as follows. Consider a binary document image
where a foreground pixel is represented by 1 and a background pixel is represented
by 0. Each 2 × 2 pixel block in the document image is replaced by a single value,
either 1 or 0, in a corresponding subsampled image. The value is set to 1 if the sum
of values in a particular 2×2 pixels block is greater than or equal to some predefined
threshold value; otherwise the value is set to 0. This threshold reduction operation
mimics the process of image dilation for a threshold value equal to 1 and erosion
for a threshold value equal to 4 that follows subsampling of each 2 × 2 pixel block
by its upper left pixel. The threshold reduction is also referred as multiresolution
morphology.

Bloomberg used the concept of threshold reduction for implementing the text
and halftone segmentation method that is shown in Fig. 2.4. An input image
is first processed by two threshold reduction operations, both with threshold
value equal to 1. These threshold reduction operations produce a subsampled
image. The subsampled image is further processed by two threshold reductions
with threshold values equal to 4 and 3, respectively, and a morphological open-
ing operation. The output image is referred to as a seed image. The seed im-
age, after expansion, is compared with the subsampled image for generating a
halftone-mask image. The halftone-mask image is composed of fully or par-
tially overlapped components between the seed image and the subsampled image.
The halftone-mask image is finally processed by a morphological dilation opera-
tion.

The performance of the multiresolution morphology-based text and halftone seg-
mentation method depends upon the residual portions of halftones of an input doc-
ument image in its corresponding seed image. In a document image, non-text ele-
ments (like drawings, maps, graphs, and even halftones) may also be composed of
line art. Threshold reduction operations wipe out these types of non-text elements
in the corresponding seed image.



40 S.S. Bukhari et al.

Fig. 2.4 Data flow diagram
of improved version of
Bloomberg’s text and
non-text segmentation
algorithm [10]. The original
Bloomberg’s text and
non-text algorithm [3] is
equivalent to the given data
flow diagram without the
hole-filling operation. (Note:
T: threshold; SE: structuring
element)

We introduced an improved version of the multiresolution morphology-based
segmentation method that can handle non-text elements like halftones, drawings,
and graphics, etc. In the improved version, which is shown in Fig. 2.4, the sub-
sampled image is first processed by a hole-filling morphological operation. The
hole-filling operation fills drawing type non-text elements, with a better possibil-
ity of keeping the residual portions of these non-text elements in the seed im-
age.

Figure 2.5 shows sample Arabic script document images and their text and non-
text segmentations for the original version of the multiresolution morphology-based
text and non-text segmentation method [3] and its improved version [10]. Our im-
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Fig. 2.5 Results of non-text
mask using Bloomberg’s
multiresolution
morphology-based text and
non-text segmentation
method [3] and our improved
version [10]. Top figure shows
a simple case where non-text
components are larger than
text components and can also
be separated by using median
size of connected components
analysis. Bottom figure shows
a challenging condition where
non-text components are
comparable to or even smaller
than text components. In
contrast to [3], improved
multiresolution
morphology-based text and
non-text segmentation
algorithm gives correct result
for both simple and
challenging conditions

proved version performs well in these examples compared to the original version.
In Arabic script document images, like Latin script images, the size of text elements
is usually smaller than that of non-text elements, which fits well the assumption of
multiresolution morphology-based text and non-text segmentation. Therefore, this
approach also works well for Arabic script document images.

2.3 Text Line Detection

Text line detection is an important layout analysis step in document image process-
ing. It is often used before feeding a page to a character recognition engine. The
performance of the text line detection operation directly influences the accuracy of
the recognition engine.

In the literature, a large number of text line detection approaches are proposed
for Arabic document images. Among them, projection profile analysis is a widely
used algorithm for detecting text lines in Arabic script document images [22]. It
works well for clean document images with large interline spacing, but fails for
document images which contain noise, multi-column formats, and small interline
spacing. The x–y cut [29] is a state-of-the-art page segmentation approach that is
based on project profile analysis. It can handle multi-column documents with small
interline spacing. However, it fails for skewed document images and images with
large amounts of noise. We presented a ridge-based text line detection approach for



42 S.S. Bukhari et al.

Fig. 2.6 Horizontal projection of Arabic scripts. The top figure shows the case of larger, well-de-
fined interline spacing in Naskh script; there are between-line zero valleys in the projection profile.
The bottom figure shows the case of small interline spacing in Nastaliq script (Urdu); there are no
between-line zero valleys in the projection profile

warped camera-captured document images [7, 8]. The ridge-based text line finding
method is robust to the presence of noise, skew, and small interline spacing. It can
also be used equally for text line detection in different types of Arabic script docu-
ment images. The x–y cut and ridge-based text line detection methods are described
in more detail below.

2.3.1 x–y Cut Text Line Detection Method

The x–y cut page segmentation method [29] is a tree-based algorithm. An input
document image is considered as a rectangular block. The x–y cut algorithm recur-
sively cuts a block into smaller blocks, until no block can be cut further. For splitting
a block, first its horizontal and vertical projection profiles are computed. The noise
removal thresholds txn and t

y
n are then used for computing valleys in the projection

profiles. The bins of horizontal and vertical projection profiles are set to zero if they
contain values less than linearly scaled threshold txn and t

y
n , respectively, with re-

spect to the width and height of the block. The valleys of the horizontal (vx ) and
vertical (vy ) projection profiles are compared with the predefined thresholds tx and
ty , respectively. The block is split into two blocks at the midpoint of the wider of vx

and vy , which are larger than tx and ty , respectively.
Horizontal projection profiles of sample paragraphs of Naskh and Natsaliq scripts

are shown in Fig. 2.6. There are clear zero valleys in the projection profile of the
Naskh script corresponding to interline gaps between text lines. In contrast, there is
no zero valley in the projection profile of the Nastaliq script. The x–y cut method
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Fig. 2.7 The x–y cut algorithm produces correct text line segmentation results for sample Arabic
script document images

can be used to segment Nastaliq script documents. In such cases, the noise thresh-
olds are set to a high value for finding the main body of text lines. Afterwards, the re-
maining portions of text lines are assigned to them through a simple post-processing
step. Sample document images of Nastaliq script and their correctly segmented text
lines are shown in Fig. 2.7. The following values of thresholds are used for generat-
ing these results: txn = 100, t

y
n = 100, tx = 100, and ty = 10.

The x–y cut algorithm usually fails on documents with a large amount of bor-
der noises and reports the whole page as one segment. It also produces wrong text
line segmentations for skewed document images. Failed cases of the x–y cut text
line segmentation method are shown in Fig. 2.8. The ridge-based text line finding
algorithm [7, 8] described next can be used in such cases.
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Fig. 2.8 The x–y cut method produces text line segmentation failures for sample document im-
ages which contain challenging conditions, like border noise, skew, and a large number of joined
characters

2.3.2 Ridge-Based Text Line Detection Method

We introduced a ridge-based text line finding algorithm [7, 8] for warped, Latin
script camera-captured document images. The ridge-based text line finding method
can be equally applied on different types of document images with respect to digiti-
zation methods (scanned or camera-captured), intensity values (binary or grayscale),
scripting languages (like Latin, Chinese, Arabic, etc.), and writing styles (typed-
text or handwritten). The method consists of two standard image processing tech-
niques: (i) oriented anisotropic Gaussian filter bank smoothing and (ii) ridge de-
tection. A detailed description of the ridge-based text line detection algorithm is
presented next.

Step 1: Anisotropic Gaussian Filter Bank Smoothing Here, Gaussian filter
bank smoothing is employed for enhancing text line structure in document images,
such that it fills intraline gaps and maintains interline spaces. The general formula
for an oriented, anisotropic Gaussian filter is shown in Eq. (2.1). It contains three
well-defined parameters: σx : x-axis standard deviation, σy : y-axis standard devia-
tion, and θ : angle of orientation.
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g(x, y,σx, σy, θ) = 1

2πσxσy
exp

{
−1

2

(
(x cos θ + y sin θ)2

σx
2

+ (−x sin θ + y cos θ)2

σy
2

)}

(2.1)

Input: Image I

Output: Smoothed Image IS

Set IS := 0;
foreach pixel location x, y do

for σx := wstart to wend do
for σy := hstart to hend do

for θ := θstart to θend do
val := g(x, y;σx,σy, θ);
/* The formula for g(x, y, σx, σy, θ) is given in

Equation 2.1 */
if val > IS(x, y) then

IS(x, y) := val

end
end

end
end

end
Algorithm 1: The text line structure enhancement algorithm using multioriented
and multiscale anisotropic Gaussian filter bank smoothing

A diverse collection of document images is composed of a wide variety of
font sizes, text line orientations, and interline and intraline spaces. Thus, a single
isotropic (σx = σy ) or anisotropic (σx �= σy ) Gaussian filter may either fill interline
gaps (for a high value of standard deviation) or leave intraline gaps unfilled (for a
small value of standard deviation). In contrast, a set of Gaussian filters, with varying
values of standard deviations and orientations, is applied to a document image, and
a maximum response is selected for each pixel for the corresponding smoothed im-
age. For generating a filter bank, first the range of values is defined for σx , σy , and θ .
These ranges can either be selected empirically or automatically by analyzing the
statistics of connected components in document images. Then, a set of Gaussian fil-
ters is generated; each filter is composed of a different combination of values for σx ,
σy , and θ . The text line structure enhancement algorithm is shown in Algorithm 1.
In order to speed up this algorithm, we used the fast anisotropic Gaussian filter im-
plementation [15, 25]. A sample document image and its corresponding smoothed
text line image are shown in Fig. 2.9(a) and 2.9(b), respectively. Now, text lines can
be extracted from the smoothed image using the ridge detection method, which is
described in the second step.

Step 2: Ridge Detection The ridge detection approach is used for representing
the shape of objects in digital and speech signal processing. Here, we use the ridge
detection approach for finding the main body of text lines in the smoothed docu-
ment images. Researchers have introduced and analyzed different approaches for
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Fig. 2.9 Steps of the ridge-based text line finding algorithm. (a) An example image of Arabic
Nastaliq script. (b) Smoothed text line (text lines enhanced) image, which is generated by using
oriented anisotropic Gaussian smoothing filter bank approach. (c) Detected ridges from smoothed
image using Riley-based ridge detection [33, 34] algorithm. There are over-segmentation errors
because of multi-column format. (d) Column separators that were detected through whitespace
analysis; these separators help in correcting over-segmentation errors. (e) Processed ridges using
whitespace separators; each ridge covers a complete region of a particular text line. (f) Color-coded
labeled text lines result using detected ridges

ridge detection [13, 14, 26, 34]. Riley [33, 34] introduced the concept of a differen-
tial geometry-based ridge detection approach for detecting spectral peeks in speech
signals. We use a ridge detection approach that has been derived from Riley’s work.
An open source version of the ridge detection method is made available as part of the
OCRopus OCR system [18]. The Riley-based ridge detection method is described
here in detail.

The ridge detection method finds ridge points in an input signal by analyzing its
gradient vectors and the greatest downward curvatures. Let us consider a 2D image
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I in a Cartesian coordinate system. For a point (x, y), the content of I is repre-
sented by I (x, y), and the corresponding gradient vector and the greatest downward
curvature are represented by ∇I (x, y) and C(x, y), respectively. We chose symbol
C to represent the greatest downward curvature. The gradient vector (∇I (x, y)) is
defined as:

∇I (x, y) =
(

∂I (x, y)

∂x
,
∂I (x, y)

∂y

)
(2.2)

and the greatest downward curvature (C(x, y)) is defined as:

C(x, y) = es(x, y)

|es(x, y)| , (2.3)

where es(x, y) is the eigenvector of the small eigenvalue of the Hessian matrix
at point (x, y); λs(x, y) represents the small eigenvalue and λl(x, y) represents
the large eigenvalue. Each point in image I is analyzed by Eq. (2.4) for checking
whether it is a ridge point or not.

R(x, y) =
⎧⎨
⎩

1 if

{
1. λs(x, y) < 0 and
2. (∇I (x, y) · C(x, y)) = 0

0 else
(2.4)

The condition in Eq. (2.4) is sufficient for finding ridges in continuous signals. In
order to make it applicable for discrete signals, more tests are needed for analyzing
whether or not a point is a ridge’s point. The ridge detection method that we have
used here is derived from Riley’s work of ridge detection for discrete signals. In this
case, each point is analyzed for a ridge’s point with each of its neighboring points
based on the rules mentioned in Eq. (2.5), and is considered a ridge point if the
output of Eq. (2.6) is 1. A complete description of the ridge detection method is
shown in Algorithm 2.

R(x, y, dx, dy) =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

1 if

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

1. λs(x, y) < 0 and |λs(x, y)| > |λl(x, y)| and
2. λs(x + dx, y + dy) < 0 and

|λs(x + dx, y + dy)| > |λl(x + dx, y + dy)| and
3. ∇I (x, y) · ∇I (x + dx, y + dy) < C(x, y)

· C(x + dx, y + dy) and
4. (∇I (x, y) · C(x, y))(∇I (x + dx, y + dy)

· C(x + dx, y + dy))

(C(x, y) · C(x + dx, y + dy)) < 0
0 else

(2.5)

R(x, y) = max
(dx,dy)∈(0,1),(1,0),(0,−1),(−1,0)

R(x, y, dx, dy) (2.6)

The ridge detection output for the smoothed image of Fig. 2.9(b) is shown
in Fig. 2.9(c). A ridge covers a complete region of a particular text line for
single-column document images. For multi-column documents, the filter bank may
fill small gaps between text lines between different columns. Therefore, a single
ridge may cover either a single text line or multiple text lines at the same height
(Fig. 2.9(c)). This situation causes over-segmentation errors. This type of over-
segmentation error can be corrected by a whitespace analysis, as described below.
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Input: The Smoothed Image I

Output: Detected Ridges Image IR

Calculate gradient vectors image ∇I ;
Calculate greatest downward curvature image C : es , λs, el , λl ;
Set IR := 0;
foreach pixel location x, y do

if R(x, y,0,1) or R(x, y,1,0) or R(x, y,0,−1) or R(x, y,−1,0)

then /* The formula for R(x, y, dx, dy) is given in Eq. (2.5) */

IR(x, y) = 1
else

IR(x, y) = 0
end

end
Algorithm 2: The Riley [33, 34]-based ridge detection algorithm

Step 3: Whitespace Analysis Whitespace analysis aims to find a set of maxi-
mal white rectangles in a document image such that the union of these rectangles
completely covers the document’s background. It is usually used for page segmen-
tation [2] or multi-column separation [5]. An algorithm for finding maximal whites-
pace rectangles is presented in [5]. The main idea behind that algorithm is similar
to the quick-sort or branch-and-bound methods. The whitespace rectangles are eval-
uated as candidates for column separators or gutters based on their statistics, like
aspect ratio, width, etc. Whitespace cuts that correspond to column separators are
shown in Fig. 2.9(d). Now, over-segmentation errors (as shown in Fig. 2.9(c)) can
be corrected by cutting detected ridges at those points which lie over whitespace
rectangles. The output ridges are shown in Fig. 2.9(e), where a single ridge covers a
single text line. These ridges are considered as detected text lines.

Step 4: Text Line Labeling A text line labeling method assigns a unique label
to all of the connected components of a text line. As shown in Fig. 2.9(e), each de-
tected ridge represents the main region of a particular text line. Let us consider a
simple case where each connected component in a document image overlaps with a
single ridge. First, each ridge is assigned a unique label. Then, each connected com-
ponent is assigned the label of its corresponding ridge. Each unlabeled connected
component in the proximity of text lines is assigned the label of its nearest text line.
It is also possible that a connected component overlaps with more than one ridge,
which usually happens in the case of inter-line touching or overlapping. In such a
case, a connected component is cut in the center of each pair of consecutive ridges,
and then each portion is assigned the label of the particular ridge. The result of text
line labeling in color-coded form is shown in Fig. 2.9(f).

For some of the challenging problems like document skew and noise, the text
line detection results of the ridge-based text line extraction method are shown in
Fig. 2.10. As can be seen in the figure, the ridge-based text line detection method is
robust to document skew, small interline gaps, border noise, and interline touching
and/or overlapping as compared to the x–y cut method (whose results are shown in
Fig. 2.8).
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Fig. 2.10 The ridge-based text line finding method produces correct text line segmentation results
for sample document images with border noise, skew, and a large number of joined characters

2.4 Text Line Reading Order Determination

A reading order determination method tries to find the order of text lines with re-
spect to their corresponding reading flow. The reading order can be determined by
applying some ordering criteria over the positioning of the text lines. In contrast to
Latin script, the reading order of Arabic script is from right to left. A reading or-
der determination method is presented in [6] for Latin script, which is modified for
Nastaliq Arabic script in [36]. The ordering criteria that were presented in [36] are
stated as follows:

• “Text-Line ‘a’ comes before text-line ‘b’ if their ranges of x-coordinates overlap
and if text-line ‘a’ is above text-line ‘b’ on the page”.

• “Text-Line ‘a’ comes before text-line ‘b’ if a is entirely to the right of ‘b’ and if
there does not exist a text-line ‘c’ whose y-coordinates are between ‘a’ and ‘b’
and whose range of x-coordinates overlaps both ‘a’ and ‘b’ ”.

The reading order determination method [6, 36] finds the partial ordering of text
lines through the above-defined ordering criteria, and then finds a complete order
using a topological sorting algorithm [12].
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Fig. 2.11 Example images illustrating results of reading order for a newspaper and a book page.
Thin horizontal lines with different colors indicate detected text line segments, and the magenta
lines running down and diagonally across the image indicate reading order

Examples of reading order determination on sample document images are shown
in Fig. 2.11. The performance of the reading order determination method decreases
with a decrease in text line detection accuracy and/or the presence of noise in docu-
ment images.

2.5 Discussion

In this chapter, we have presented a generic layout analysis system which can be
used for a variety of typed-text (like Naskh and Nastaliq), handwritten, and ancient
Arabic script document images. Our layout analysis system first performs text and
non-text segmentation, then text line detection, and finally reading order determina-
tion. The output of our layout analysis system in conjunction with an efficient OCR
engine can be used for the digitization of a wide variety of typed-text Arabic script
document images.

We have demonstrated that the improved version of the multiresolution morphol-
ogy-based text and non-text segmentation approach is suitable for Arabic script
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document images. It gives correct text and non-text segmentation results, unless
a document image contains very large text element(s) and/or very small non-text
element(s).

The projection profile-based x–y cut method gives correct text line segmenta-
tion results for clean document images. It produces bad segmentation results for
document images containing large amounts of noise and/or document skew. We
have proposed a robust text line detection approach using standard image processing
methods (filter bank Gaussian smoothing and ridge detection) for Arabic script doc-
ument images. Our ridge-based text line finding approach is robust to large amounts
of border noises, handwritten marks, and document skew and curl and is equally
applicable on both binary and grayscale document images. It has well-understood
free parameters, such as ranges of orientation angles, and x- and y-axis standard de-
viations for oriented anisotropic Gaussian filter bank smoothing. These parameter
values can be easily tuned for a variety of document images with respect to the size
statistics of connected components.

The performance of the reading order determination algorithm heavily depends
on the text line detection accuracy. Manual inspection of the results showed the fol-
lowing types of errors: (1) if two text lines from different text columns are merged,
they are interpreted as a separator, and hence the algorithm gives a wrong reading
order, and (2) in some cases, the separation between different sections of a multi-
column document is not represented by a text line spanning the columns, but instead
a ruling (thick horizontal black line) is used. In that case the algorithm fails to detect
the start of a new section.

In general, our generic layout analysis system is quite robust to different types of
challenging problems in complex document image layouts, like books, newspapers,
and ancient Arabic script document images. To the best of our knowledge, there is
no public dataset available for the evaluation of different layout analysis systems
for Arabic document images. As a future goal, there is a need for a public dataset
with a large variety of Arabic script documents with text line level ground truth for
benchmarking existing layout analysis systems for Arabic scripts.
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