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Abstract

In this paper, we present a new approach to the temporal
order restoration of the off-line handwriting. After the pre-
processing steps of the word image, a suitable algorithm
makes it possible to segment its skeleton in three types of
strokes. After that, we developed a genetic algorithm GA
in order to optimize the best trajectory of these segments.
The repetition of a segment will be studied in a secondary
algorithm so that we do not disturb the GA operations. The
techniques used in GA are the selection, crossover and the
mutation. The fitness function value depends on right-left
direction (direction of the Arab writing), the segments repe-
tition and angular deviation on the crossing of the occlusion
stroke. To validate our approach, we tested it on the On/Off
LMCA dual Arabic handwriting, the Latin IRONOFF and
the off-line IFN/ENIT datasets.

1. Introduction

Few years ago, the handwriting recognition field have
been challenge topics of research orientations. In this area,
the on-line and the off-line handwritten script are consid-
ered. In several applications, the necessity to pass the in-
formation from an ordinary paper in a comprehensible elec-
tronic file is one of the strong motivations which push us
to develop an automatic recognition system of Arabic off-
line handwriting. Among these applications, we quote the
automatic analysis of the administrative documents as the
investigation forms, the accounts - bank checks, digitaliza-
tion and safeguard of the patrimony documents, etc.
On-line handwriting arises as a mono-dimensional signal
in the form of succession points whose position is function
of time. Dynamic information such as the temporal order
of the points as well as the speed of the pen can be used
by the recognition system. For that, the performance of
on line system is more encouraging than the off-line one.
This interpretation encouraged us to develop an approach
of extraction of a mono-dimensional signal from the off-line

handwriting whose distribution of the points is identical to
that on-line. This representation of the off-line handwrit-
ing enables us to unify modeling on and off-line. Works in
the field of the temporal information restoration of the Arab
static stroke, are few [3, 4, 1]. On the other hand, for Latin
we can quote [9, 10, 2, 7].
In this paper, we present a new approach to the temporal
order restoration of the off-line handwriting by using GA.
GAs are a class of optimization and search methods that
use randomness to avoid local extrema solutions. They are
capable of an adaptive and robust search over a wide range
of space topologies. GAs are distinguished from other tech-
niques by a principal characteristic: they search in intrin-
sically parallel fashion from several solutions and not from
a single solution [8, 11]. GA is also an iterative algorithm
that depends on the generation-by-generation development
of possible solutions, with selection schemes permitting the
elimination of bad solutions and the replication of good
ones that can be modified. There are three stages in a ge-
netic search process: selection, crossover and mutation.

2. Description of the system

2.1. Segmentation of the skeleton

The word image, captured in level of gray from a scan-
ner with a resolution of 300 dpi, passes by three stages of
pre-processing: binarization, filteration and skeletonization.
The algorithm of skeletonization is based on morphological
operations of erosion. As in all the skeletonization algo-
rithms, the skeleton can contain artefacts. For that the skele-
ton passes by an algorithm of filtering. Each artefact lower
than 0,75 of the stroke thickness will be eliminated. The
stroke thickness will be calculated by seeking the repetitive
value of the vertical and horizontal projection profile on the
original image.
Three types of characteristic points will be extracted from
the skeleton of the tracing.

1. the end stroke point: this is the black pixel that pos-
sesses only one neighbor of the same type,
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2. the branching point: this is the black pixel that pos-
sesses three,

3. the crossing point: this is the black pixel that possesses
four neighbors of the same type.

An algorithm of the skeleton follow-up permits to determine
the segments of a word. These segments are classified ac-
cording to three categories (figure 1):

1. segment 1: this is a stroke that is located between two
end points or between an end point and a branching
point (or crossing point),

2. segment 2:this is a stroke of link that is located be-
tween two branching points (or crossing) or between
a branching point and a crossing point. This type of
segment does not represent a contour of an occlusion,

3. segment 0: this is a stroke of link that is located be-
tween two branching points (or crossing) or between a
branching point and a crossing point. It is a stroke that
represents a contour of an occlusion.

This segmentation is made through a follow-up of the skele-
ton while departing from the characteristic points and look-
ing every time the next neighboring point. For this reason,
this segmentation allows a first organization of the points of
every segment.

Figure 1. Segmentation of the skeleton of the
word (short)

2.2. Genetic Algorithm

To restore the temporal order of the writing, the first
stage consists of ordering the connected components of a
word from the right to the left. In this work, we consider
only the connected components which have one down-up
pen. Otherwise, the writing of a connected component is
done in a continuous way on the basis of a starting point and
arrives at the end point without intermediaries survey-posed
pen. For a related component having n segments there will
be n!=1x2x.....xn possible permutations of these segments
to traverse all these segments. If number n increases, the
number of possibilities becomes more and more important.
For that, to seek the best permutation we will use GA for

each connected component. On the basis of a number of
random permutations m lower than n! and by applying the
genetic operations, GA converges towards the optimal so-
lution after a certain number of generations without testing
all n! permutations. The used GA is inspired from the one
used to solve the problem of the commercial traveler.

2.2.1 Coding of a population

The first step in the implantation of the genetic algorithms
is to create a population of initial individuals. Indeed, the
genetic algorithms act on a population of individuals, and
not on an isolated individual. By analogy with biology, ev-
ery individual of the population is coded by a chromosome
or genotype [5]. A population is, therefore, a set of chro-
mosomes. Every chromosome codes a point of the research
space. The efficiency of the genetic algorithm will depend
on the choice of the coding of a chromosome. In our system,
a chromosome is represented as chains of integer between
1 and the number of segments found (n). Every segment
is coded by an integer between 1 and n. The coding of a
segment is its order of appearance if we make a sweep from
right to left (for Arabic). The position of a segment repre-
sents the position of his gravity center.
The space of research is the set of the permutations of [1,2..,
n]. A point of the research space is a permutation.

Figure 2. Coding of the segments of word of
Tunisian city name (metline)

2.2.2 Initial population

The initial population is produced by an at random genera-
tion of m-1 chromosomes (m at random permutations of the
n codes of the segments). To guarantee the convergence of
the GA, we insert the chromosome neat [1 2 3 n]. Finally,
we will have an initial population of m chromosomes.

2.2.3 Secondary algorithm

A chromosome coming from the initial population or gen-
erated by GA passes through a secondary algorithm which
permits to guarantee if possible a continuity during of the
segments course. To have this continuity, a segment can be:

1. Reoriented
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2. Recalled (twice at maximum)

Figure 3. Coding of the segments of word
(pen)

As this algorithm tries to minimize the angular variations
on the occlusions during the segments reorientation.
For the example of figure 3 and for the chromosome (1 2 3
4 5 6 7) coming from the initial population or generated by
GA:

1. Segment 1 is reoriented in a manner to minimize the
angular deviation during the passage from 1 to 2. (fig-
ure 4)

Figure 4. Reorientation of an occlusion

2. To ensure the continuity of the stroke, the segments 3
and 5 must be recalled (3 ’ and 5’). The extension of
the chromosome becomes: (1 2 3 3’ 4 5 6 5’ 7)

2.2.4 Evaluation function (Fitness)

GA seeks to find a permutation which minimizes the evalu-
ation function value (Fitness). This is the total cost of every
genetic operation. The fitness value is calculated as follow:

1. calculate the Cost of Right-Left displacement between
the pixels which is named (CRL). Since Latin is writ-
ten from the left to the right, this cost will be calculated
conversely if Latin words will be treated,

2. calculate the Cost of the Low-High displacement be-
tween the pixels: which is named (CLH),

3. calculate the Cost of Segment Repetition (length of a
course) which is named (CSR). Generally, the writer
seeks to simplify and accelerate the writing stage.
Thus he seeks to make the shortest way thus minimize
the repititions,

4. calculate the Cost of the Angular Deviation in the
crossing and branching points of the occlusions. This
cost is named (CAD).

Before calculating the function of assignment of a chromo-
some, the secondary algorithm permits to verify the order
of the pixels of the segments and to determine the segments
to browse twice.

Figure 5. Example of a rebuilt signal of word
(pen)

The curvature function is calculated on the connection point
between the two segments by using the method developed
in [9] Eq 1.

C(pi) =
1

m∗ − k0 + 1

m∗∑
k=k0

Sik (1)

For example: for the word (pen) (figure 3), the cost of an-
gular variation during the passage (from 4 to 6) is more im-
portant than that of (from 4 to 5) (figure 6).

Figure 6. Angular variation in an occlusion

The fitness function is a sum of all these costs.

2.2.5 Selection

To determine which individuals are more inclined to obtain
the best results, a selection is operated. We use here the
method of selection by caster. One calculates initially the
median value of the function of evaluation in the population
Eq. 2.

f =
1
m

m−1∑
i=0

f(Pi) (2)
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Where Pi is individual i of the population and m the size of
the population.The place of an individual Pi in the caster is
proportional to f

f(Pi)
. Then, we select m

2 individuals for the
reproduction.

2.2.6 Crossover

During this operation, two chromosomes exchange parts of
their chains to give new chromosomes. Once the inter-
mediate population has been selected, we supplement the
population with the children of the intermediate population.
Two combining chromosomes give rise to two other chro-
mosomes in the following way:

1. A point of hybridization is by chance given (between
1 and the length of the chromosome n).

2. We copy in the first son the indices of the first father
until the point of hybridization.

3. Then, we supplement with the indices of the second
chromosome father not being already in the first son.
These indices should be remained in the same order
found in the second father.

4. We reiterate (2) and (3) with the same point of hy-
bridization, but by reversing the role of the two par-
ents.

For example, for n=8, there are the two following chromo-
somes which are hybridist:
C1=(2 3 5 1 4 7 6 8)
C2=(4 6 1 3 5 2 8 7)
We hybrid starting from row 4. Then we obtain the two
new chromosomes:
C1’=(2 3 5 1 4 6 8 7)
C2’=(4 6 1 3 2 5 7 8)

2.2.7 Mutation

In a random way, a gene can substituted for another. One
of the simplest methods in order to transfer a chromosome
is to reverse the positions of two genes. However, this
mutation changes much the adaptation function. If we want
to reverse two non-contiguous gene i and j, the evaluation
function changes much. A solution which disturbs less the
individual consists in reversing all the genes between i and
j.
For example:
C=(1 6 3 5 7 8 2 4)
becomes

C’=(1 6 2 8 7 5 3 4)

3. Experimentation and results

To validate this approach we have to test it on several
words of the On/Off LCMA dual Arabic handwriting [6],
the Latin IRONOFF and the off-line IFN/ENIT databases.
The evaluation with the three databases is done visually.

Table 1. Temporal order restoration results
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Figure 7. Restoration of the temporal order
of the Tunisian city names (metline) (from
IFN/ENIT database)

In the example presented in figures 2 and 7 , the GA gives
the chromosome: P= (1 3 2 4 5 6 7 8 9 10 11 12) After
the passage by the secondary algorithm this chromosome
becomes: PF= (1 3 3’ 2 4 5 5’ 6 7 7’ 8 9 9’ 10 11 11’ 12).

The performance evaluation of the system carried out
on a set of words of the On/Off LMCA dual Arabic hand-
writing, the Latin IRONOFF and the off-line IFN/ENIT
databases give a following encouraging preliminary result.
The comparison of the rates of the temporal order rebuilding
of various approaches is difficult because the difference in
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the methods of test and the used databases. The experimen-
tal evaluation shows several advantages of this approach:

1. Use of an intelligent approach contrary to the majority
of preceding work for Arabic [3, 4, 1], and for Latin
[9, 10] which use approaches,

2. the nature of the skeleton segmentation approach
facilitates the temporal order restoration stage since it
offers a first organization of the pixels belonging to
the same segment,

3. the approach does not impose the knowledge of the
starting segment.

Figure 8. Restoration of the temporal order
of the off-line word (buvez) (from IRONOFF
database)

4. Conclusion and prospects

In this paper, we have presented a new approach to re-
build the temporal order of the off-line handwritten script.
The first stage consists in segmenting the skeleton of a word
in three types of the segments by using a method of follow-
up. These segments are applied to the input of a genetic
algorithm in order to optimize the course of the word by
calculating a fitness function. Before calculation the fitness
of a given course, a secondary algorithm makes it possible
to find the segments to be traversed twice. A validation of
the approach on words of the On/Off dual Arabic handwrit-
ing LMCA, the Latin IRONOFF and the off-line IFN/ENIT
databases shows the effectiveness of our approach. As a
perspective of our work is to improve the stage of the stroke
extraction and correction. The restoration of dynamic infor-
mation (temporal order) enables us to profit from the mod-
eling of the on-line writing to improve the stage of recog-
nition. Our work quoted in [4] explains well this passage
of the word image towards on-line modeling. Thus our sys-
tem of the temporal order restoration is promising for any
application of off-line handwritten documents recognition

such as the recognition of signatures, automatic tri of mail,
the automatic treatment of the administrative files, inves-
tigations forms, accounts - bank checks, digitalization and
saving of written heritage . etc.
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