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Abstract

This article deals with a new segmentation approach ap-
plied to unconstrained handwritten digits. The novelty of
the proposed algorithm is based on the combination of two
types of structural features in order to provide the best seg-
mentation path between connected entities. This method
was developed to be applied in a segmentation-based recog-
nition system. In this article, we first present the features
used to generate our basic segmentation points. Then, we
define our segmentation paths depending on the encoun-
tered configurations with only few heuristic rules. Finally,
we evaluate the output of our segmenter using a neural net-
work trained with isolated digits.

1 Introduction

Off-Line handwritten numeral string recognition has
been a topic of intensive research for recent years, due to
its large number of potential applications. Moreover, the
various peculiarities of the unconstrained handwriting stay
as an open problem in handwriting recognition field.

The challenge of a segmentation technique lies in the
decision of the best cut path to localize an entity to be
recognized as a correct isolated character by the recog-
nition system. The literature usually shows three differ-
ent strategies to perform the segmentation : Segmentation-
Recognition [6] Segmentation-based Recognition [3] [5]
and Segmentation-Free systems [8].

In the first approach, the segmentation module provides
a single sequence hypotheses where each sub-sequence
should contain an isolated character, which is submitted
to the recognizer. This technique shows rapidly its limits
when the correct segmentation does not fit as well as the

pre-defined rules of the segmenter. Very often, contextual
information is used during the segmentation process in or-
der to improve the robustness of the system.

The second strategy is based on a probabilistic as-
sumption where the final decision must express the best
segmentation-recognition score of the input image. Usually,
the system yields a list of hypotheses from the segmenta-
tion module and each hypothesis is then evaluated by the
recognition. Finally, the list is post-processed taking into
account the contextual information. Although this approach
gives better reliability than the previous one, the main draw-
back lies in the computational effort needed to compare all
the hypotheses generated. Moreover, the recognition mod-
ule has to discriminate various configurations such as frag-
ments, isolated characters and connected characters.

In the third technique, the recognizer is trained with the
peculiarities of the segmentation. For example, two con-
nected characters of class “00” correspond to a specific
class. Due to the large variability of the handwriting, we
can easily imagine the problem of considering all the possi-
ble configurations to be learned by the system. But in partic-
ular applications where connections are restricted to a few
class-set, this approach is certainly well suited.

Our works are based on the segmentation-based recog-
nition strategy. The aim of this article is to show how we
defined a new segmentation algorithm taking into account
two complementary sets of structural features. The final ob-
jective of the module is to provide the best hypotheses list
of segmentation paths without any a priori knowledge of the
context, such as the number of characters to be segmented.
Therefore we focused our segmentation work on the limita-
tion of heuristic rules to consider most of configurations in
connected characters. We worked with binary images with
a 300 dpi resolution.



2 Generation of the Segmentation Features

Depending on the context, a lot of features are available
to find plausible segmentation points in a character image.
Certainly some of the most used in the literature are the
contour and profile features [2] [6].

Indeed, these features are easy to be provided and
they usually express directional variability of the character
strokes and then possible cuts. However, they are not even
fully informative to localize any kind of connection between
characters, mostly when the handwriting is strongly skewed
or overlapped. Therefore, we opted to consider a second
set of features provided by the skeleton: the intersection
points. These points are often located in the neighborhood
of stroke connections where contour and profile features are
not always available.

Let us define the contour as the image envelope. This is a
bi-dimensional data where each contour point C i is associ-
ated with the coordinates (Xi; Yi) of the image. The profile
image is obtained from a vertical projection of the first en-
countered transition, in both ways top-down and bottom-up.
From these both sets of features, we are able to localize the
first list of potential cuts which correspond to the local min-
ima of the contour and profile (Figure 1a and 1b). We define
these points as Basic Points (BPs).

Figure 1. Segmentation points generated: (a)
Contour (b) Profile (c) Skeleton Points (Inter-
sections and Terminations)

Let us define now characteristics of the skeleton :
Definition 1: In a binary image, the intensity of a pixel

p, denoted I(p), is either 0 (white) or 1 (black). A pixel p
is a foreground pixel iff I(p) = 1. Conversely, a pixel p is a
background pixel iff I(p) = 0.

Definition 2: Using the Freeman directions, when the
eight neighbors of a pixel p are traced clockwise, the neigh-
borhood of p is denoted T (p), such as:

T (p) =

8X

i=1

I(p0i) (1)

where p0i is the ith neighbor of p. We can then define the ter-
minal point (TP ) when T (p) = 1 and the intersection point
(IP ) when T (p) > 2. The intersection point and terminal
point are called characteristic points of the skeleton.

Definition 3: A skeleton path (Pskeleton) is a pixel se-
quence of the skeleton where each extremity corresponds to
a characteristic point.

The skeleton image is obtained by using the thinning al-
gorithm proposed by Jang et al [1]. The best advantage of
this algorithm relies on the limited number of IPs gener-
ated in the neighborhood of connected strokes of different
characters. During the detection process of the IPs, two
particular configurations are first selected as showed in Fig-
ure 2. We have noticed that particular digit connections,
such as “00” for example, often generate these IPs classes.
All other types of IPs are considered as a single IP class
(Class 3). The first class (Figure 2a) contains all IPs with
one segment in its lower part and two segments in its up-
per part. Depending on the Freeman directions, each class
contains all the variations which respect this definition. The
second class (Figure 2b) is the symmetric of Class 1.

Figure 2. Skeleton intersection points: (a)
Class 1 (b) Class 2

3 Determination of Segmentation Paths

Once selected from the image, the BPs and the IPs

are compared altogether in order to determine the list of
segmentation hypotheses of the character image. The al-
gorithm scans all possible relationships between BPs and
IPs and generates a set of segmentation paths where the
goal is to get the correct segmentation paths (for connected
characters) in the list of hypotheses.

This association takes into account the distance between
BPs and IPs. When an IP is located in the BP neigh-
borhood, this could indicate a possible stroke connection
between two characters. Then our algorithm uses only the
relationship between IPs and BPs to provide the local cut
path. To determine the proximity between points, we based
our comparison on the estimation of the thickness of the
strokes Et, obtained with the projection of the density his-
togram. Then, two points BPi and IPj belong to the same
neighborhood if :

dE(BPi; IPj) � Et (2)

or

dE(projy(BPik); IPj) � Et for k = 1; 2 : : : n (3)

is verified, where dE is the Euclidian distance,
projy(BPik) is the vertical projection of BPi at the



step k on the segment whose height is n. Note that the
equation 3 is checked only if equation 2 is not verified.
The Figure 3 shows both configurations of neighborhood
verification.

Figure 3. Distance verification between the
BP and IP (a) Distance verified by equation
2 (b) Distance verified by equation 3

Depending on the local configurations of points, the seg-
mentation path (Pseg) can be generated straight away from
the Pskeleton or being orthogonal to it. In the first case, the
system has found particular points of class 1 and class 2,
as described in Figure 2 and tries to link the sequence of
Pskeleton between these two points. The figure 4 shows an
example where Pskeleton (Figure 4b) is associated with the
joining segments between BPs and IPs, denoted (Pbp�ip)
(Figure 4c) to form the final and correct segmentation path
(Pseg) (Figure 4d). Thus, we can define the segmentation
path : Pseg = Pskeleton

S
Pbp�ip

Figure 4. Particular conections: (a) Skeleton
(b) Pskeleton (c) Pbp�ip (d) Pseg

In the second case, where no such configuration is found,
but where it exists some IPs and BPs, the segmentation
path is orthogonal to Pskeleton . To determine the possible
cuts around each IP , the algorithm performs the following
tests :

1. If the considered segment of the skeleton is a stroke-
end (TP exists on the segment), then the cut is allowed
if the segment length is significant;

2. The cut length should be minimum in the neighbor-
hood of IP . To find the best position, the cut is eval-
uated in 2re pixels, where re is the IP radius, for the
minimum distance where a transition is encountered.

Figure 5. Orthogonal cuts: (a) Original image
(b) Potencial region (c) Cuts realized

The Figure 5b shows the specific regions where the
search of the cut path is performed around the IP . For
each pixel of the Pskeleton included in the biggest circle,
the orthogonal cut path is evaluated and compared to the
previous minimum length already calculated. Finally, the
algorithm performs the cut path for each segment around
the IP . When the configuration does not verify the first
test, the cut path is not performed as shown in Figure 5c for
the segment 3.

In some cases, none IP is detected in the image (see Fig-
ure 6), even if it exists a connection between two characters.
To solve the lack of redundancy of BPs and IPs, the algo-
rithm enables cut path directly from BPs in order to avoid
segmentation errors.

Figure 6. Lack of IPs: (a) Original image with
the TPs only (b) BP from profile (c) Seg-
mented image

4 Evaluation of the Segmentation

To be able to evaluate our segmentation algorithm with
the best objectivity, we used a neural network (Multi-Layer
Perceptron) trained with a set of 8.500 images (10 classes)
of isolated handwritten digits extracted from our laboratory
database. We used a standard backpropagation algorithm
and the features extracted from the images are the concavity
measures described in [4]. The best learning experiment
provided a rate of 99.9% in training and 98.5% in test.

The evaluation of the segmentation was runned on a
set of 2.000 images of brazilian bank checks (laboratory
database), where we extracted a subset of 900 images of
connected characters (pairs and triples for the most). For
an input image, the best segmentation-recognition choice is
given by the highest product of recognition scores of each
sequence image.



In a first evaluation, we did a visual analysis and we ver-
ified that 98.5% of connected characters were correctly seg-
mented. For most cases, the pure segmentation errors are
due to the lack of BPs in the neighborhood of the con-
nection strokes: under-segmentation (see Figure 7c). In a
second experiment, the performance of our Segmentation-
based Recognition system was evaluated and 90.8% of good
classifications has been observed.

The analysis of the confusions shows two main cate-
gories of errors : segmentation errors (1.5%) and classi-
fication errors (7.7%). We define a segmentation error as
the best score configuration where one (or more) charac-
ter is mis-segmented and provokes a mis-classification (Fig-
ure 7a). Classification error is the best score configuration
where the segmentation is correct but one (or more) charac-
ter is mis-classified (Figure 7b).

Figure 7. Cases of errors (a) Segmentation er-
ror (b) Recognition error (c) Cases not solved

In both cases, errors can be reduced if the recognizer
is not only trained with naturally isolated digits, but also
with images obtained from the output of the segmentation
module. Moreover, an evaluation of various feature sets is
necessary to avoid the mis-classification errors. Consider-
ing our new segmentation approach, we have developed a
simple technique with few rules which enables us to per-
form the correct segmentation in most cases of connected
characters, even if the symbols are strongly overlapped or
skewed.

To obtain the same results, current structural approaches
need to use a lot of heuristics to consider the large variability
of handwriting [3]. Moreover, any particular pre-processing
technique is necessary as we find in other approaches such
as windowing [5] or histogram projection [7]. If we com-
pare with algorithms only based on contour and profile fea-
tures [2], our method is more accurate in case of strong
connections. Figure 8 shows examples of particular config-
urations where segmentation is not obvious with classical
methods.

Figure 8. Correct segmentation in complex
cases

5 Conclusion and Perspectives

We have presented a new segmentation-based recogni-
tion approach applied to unconstrained handwritten digits.
The segmentation technique uses two sets of structural fea-
tures to provide the possible segmentation paths, with any
contextual information of the input image. Due to the small
number of rules used in the cut path generation, the system
is able to provide the correct segmentation in most cases
of connected characters. The first results show that we can
easily improve the recognition accuracy by considering the
segmentation outputs in the training step of the recognizer.

The next studies we plan to implement in this sys-
tem deal with the combination of segmentation informa-
tion in the recognition module in order to perform a real
segmentation-based recognition system. Moreover, we will
focus on a new recognition system where various types of
features will be used to improve the rejection rate.
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