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We present a novel approach for finding a pseudo-skeleton of a cursive word’s
image. This pseudo-skeleton preserves all the necessary components of a cursive
word such as: loops, curves, junctions, end-points etc. It is expected to be useful
for cursive word recognition.
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1 Introduction

It is no secret that cursive word recognition could have been much simpler if
one was given the skeleton of a word’s image rather than the binary version.
Nevertheless, most of the off-line recognition systems that handle cursive words
choose not to deal with skeleton computation, and prefer to engage with various
morphological operations in order to extract features directly from the binary
image !. Exceptions can be found in 2%* One reason for this is the poor
performance of current algorithms for skeleton computation on cursive word
data. In fact most of the current skeletonization algorithms are not specifically
adapted for cursive hand writing but are useful for thining of any binary object.
Recently, several specific application oriented skeletonization algorithms were
introduced. For example, one can find unique skeletonization algorithms for
Character Recognition®%7. Tt is our belief that one can improve the results
of cursive word skeletonization by designing a unique algorithm for cursive
words, based on the characteristics of handwriting. This is the motivation for
the algorithm we will discuss next.
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2 Skeletons

Finding the skeleton of an object given its binary image was one of the first
problems dealt with in computer vision 8. There is no formal definition of a
skeleton, let alone a mathematical proof for the validity of a proposed skele-
ton given its original binary image. However, In general one may say that a
skeleton is a set of thin lines (one-pizel thick), attached one to another in a
few connection points, that preserve the topological and geometric properties of
its originating object. There are mainly two classes of skeletonization meth-
ods. In the first category also known as “medial axis transformation”, center
lines are extracted by connecting the centers of blocks that cover the object.
The center of a block is usually found by maximizing some kind of a distance
function. The second category consists of “thinning” algorithms® which are
constructed by successive removal of outer layers of pizels from an object while
retaining any pizel whose removal would alter connectivity or shorten the legs
of the skeleton.

2.1 Pseudo-skeletons

In a series of articles in the late 80’s and early 90’s (for example %), J. C.
Simon defined cursive handwriting as: “displacing a pen from left to right
in an oscillating movement, with loops, descendants (legs), and ascendants
(poles)”. In other words a cursive word consists of a single backbone (azis),
that is a chain of strokes with possible loops that goes from left to right, and
numerous sub-strokes (tarsi) that hang above and below the main body. In
fact, a-posteriori the axis may be considered as a single continuous stroke. The
pseudo-skeleton attempts to preserve these features.

It seems that for cursive word recognition purposes one does not necessarily
need a classic skeleton of the binary word’s image. Instead he would rather
have a thin image that preserves the important features, approximately in their
original location. We call a thin image of this kind a Pseudo-skeleton.
Definition: a Pseudo-skeleton of a cursive word is a thin image that satisfies
the following requirements:

e Each binary loop is associated with a thin loop of the same shape pro-
portional size, and approximately the same location.

e Each terminal stroke is associated with an end-point.
e FEach stroke intersection is associated with a junction.
e The size and curvature of every stroke is preserved.
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Where thin means that

1 iff the pixel is an end — point.
V pixel , |neighbors(pixel)| = ¢ 2 iff the pixel is not an end — point or a junction.
3+ iff the pixel is a junction (of type X or T)

Note that in this case a junction of 4th order (X — junction) or above, may
turn into some (2) junctions of 3rd order (T — junction).

3 Construction of a pseudo-skeleton

Based on the structure of a cursive word we came to the conclusion that one
can compute a pseudo-skeleton in two phases regarding the axis and tarsi
respectively. Following is a short description of our algorithm.

3.1 Loop extraction

We find the loops to be the anchors of a cursive word. Hence, given a binary
image(I), the first step is to extract all the available loops. In this case extrac-
tion means that for each loop in the binary image, one should create a thin
loop of similar shape and size in the skeleton. For example one can use the
internal body edge of the binary word as the thin version of the loops.

3.2 Graph transformation

At this stage, the image is transformed into a graph (G). Each node is associ-
ated with a black, i.e. body, pixel of the word’s binary image. Moreover, there
is an isomorphism between the nodes of the graph (V = {v;...ux}) and the
black pixels in the binary image. In particular N = the number of black pixels
in the binary image.

The neighboring matrix (M) is formed as follows:

M= 1 iff the pixels represented by ¢ and j are 8 — neighbors
“7 71 0 otherwise

In this case the distance between a pixel and each one of its 8 —neighbors is
considered to be identical. Next, all nodes that are associated with pixels that
are part of a thin loop are grouped. Grouping means that the set of nodes are
replaced by a single special node. The neighbors of the new node are accepted
by merging the neighbors of each one of the replaced nodes. A new line in
the neighboring matrix for a special node k that replaced the set of nodes L is
formed by:

ML= {1 iff 3i € L|M;; =1
J 0 otherwise
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3.8 Auwxis computation

We define the axis of a word to be the set of pixels associated with the nodes
that are part of the shortest path between the nodes that represent the left
most and right most pixels of the word’s image. Note that if the shortest path
crosses a loop - the whole loop is considered part of the axis. According to the
isomorphism between graph G and the word’s image I, one can see that the
thinning requirement is satisfied. The shortest path is found using a standard
BFS algorithm.

3.4 Tarsi computation

Given the axis, one can separate the remaining nodes (pixels) into two groups
according to their distance from the axis. In this case the distance refers to
the Geodesic distance in the binary image which is equivalent to the shortest
path in the preliminary version of graph G, i.e., before nodes of loops were
grouped. Moreover a distance from a single node to the axis is the length of
the shortest path from the node to closest node of the axis. The first group of
nodes includes those that are close to the axis up to a threshold. Given that
the threshold was calculated according to an estimation of the stroke width,
one can assume that these nodes are associated with pixels that belong to the
strokes of the axis. On the other hand the other nodes belong to the various
tarsi. When loops are considered a single entity, the image of each tarsus is
like a thick tree. In this case the root of the tree is a group of nodes that have
at least one node of the axis as a neighbor, and the leaves of the tree are the
groups of nodes located at the peak of the edge of terminal branches. Therefore
one can recursively select an end point and connect it to the backbone. The
connection to the backbone will skeletonize the branches on the way. In this
case one can map all the tarsi, one terminal branch after the other, with the
following procedure:
procedure compute_tarsi(axis,threshold)
{
current_skeleton = axis;
while (TRUE)
{
current_end_point = find_most_distant_edge_pixel(I,Current_skeleton);
shortest_path = find_shortest_path(G,current_skeleton,end_point);
if length(shortest_path) < threshold
return current_skeleton; no more tarsus branches
else
current_skeleton = current_skeleton + shortest_path;
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}
}

The final process of the skeletonization is to smooth the paths between
every two junctions. The output of the algorithm may produce paths with
small fluctuations, and a smoothing process ensures that consecutive pixels
are in the general direction of the curve.

4 Discussion

To the best of our knowledge, this is the first attempt to design a unique
skeleton computation method for binary images of cursive words. A related
method '° evaluates pixels of the skeleton according to handwriting character-
istics. Clearly, one can obtain a more sophisticated and accurate algorithm by
limiting the variance of the objects it refers to. In this case, the identification
of loops as anchors to any skeleton as well as characterizing the desirable legs
of the computed skeleton simplifies the computation. We were motivated by
the fact that unique skeletonization methods have already been shown useful
in several OCR systems 11:12:13,

Furthermore, sup-parts of our proposed algorithm are useful for two other
tasks: slant computation and possible segmentation point (PSP) identification
(selection). Slant computation is achieved by considering vertical strokes only.
Our experiments proved that for each tarsi, the longest branch represents a
vertical stroke. This is the first branch that is being skeletonized in the relevant
tarsi. Hence, one can isolate the vertical strokes in order to compute the slant.

It is well known that PSPs are always on the axis. Moreover they are
somewhere between the tarsus intersection points. Therefore, given the pseudo-
skeleton found by our algorithm, the number of PSP candidates is greatly
reduced. Usually, based on the pattern of the axis, one can select a subset
of these pixels that will be of a practical size while containing the real set of
segmentation points.
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