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Abstract

This paper presents a recognition-based character segmentation method for handwritten Chinese characters. Possible
non-linear segmentation paths are initially located using a probabilistic Viterbi algorithm. Candidate segmentation
paths are determined by verifying overlapping paths, between-character gaps, and adjacent-path distances. A seg-
mentation graph is then constructed using candidate paths to represent nodes and two nodes with appropriate distances
are connected by an arc. The cost in each arc is a function of character recognition distances, squareness of characters
and internal gaps in characters. After the shortest path is detected from the segmentation graph, the nodes in the path
represent optimal segmentation paths. In addition, 125 text-line images are collected from seven form documents.
Cumulatively, these text-lines contain 1132 handwritten Chinese characters. The average segmentation rate in our
experiments is 95.58%.

Moreover, the probabilistic Viterbi algorithm is modified slightly to extract text-lines from document pages by
obtaining non-linear paths while gaps between text-lines are not obvious. This algorithm can also be modified to
segment characters from printed text-line images by adjusting parameters used to represent costs of arcs in the

segmentation graph. © 1999 Elsevier Science B.V. All rights reserved.
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1. Introduction

In an automatic document processing system,
an optical character recognition (OCR) engine is
used to recognize characters extracted from doc-
uments. The performance of character segmenta-
tion significantly affects the accuracy of character
recognition. Character segmentation for hand-
written characters is more complex than that for
printed characters due to the diverse varieties of
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handwriting. In this paper, we present a novel
means of segmenting characters from handwritten
text-lines, which are characters located in hori-
zontal or vertical blocks.

The previous literature offers several methods
for character segmentation. Lu (1996) thoroughly
reviewed pertinent literature related to character
segmentation in printed documents. His review
encompasses techniques for segmenting uniform
or proportional fonts, broken and touching char-
acters; techniques based on text image features and
recognition results are addressed as well. Lu and
Shridhar (1996) also reviewed the techniques used
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to segment characters from handwritten words.
Their review focused on handprinted word seg-
mentation, handwritten numeral segmentation and
cursive word segmentation. Casey and Lecolinet
(1996) classified character segmentation methods
into three strategies: (1) dissection methods,
(2) holistic methods and (3) recognition-based
methods. In the first strategy, text-line images are
cut into meaningful components with predefined
properties in character heights, character widths
and gaps between characters. These properties,
although generally helpful, are unstable in hand-
writings. Tseng and Chen (1998) proposed a
method for segmenting handwritten Chinese
characters. The strokes of Chinese characters were
first extracted and represented by bounding boxes.
Several knowledge-based merging operations were
then used to merge stroke bounding boxes into
candidate boxes. Finally, best segmentation
boundaries were determined by applying a dy-
namic programming method and considering the
aspect ratio of these candidate boxes. In the sec-
ond strategy, a holistic process recognizes an entire
word without segmenting the word. This method is
only appropriate for alphanumeric characters.
Since Chinese characters are non-alphanumeric,
the holistic method is inappropriate for segment-
ing Chinese text. In the third strategy, candidate
segmentation positions are detected and then ver-
ified by recognizing segmented images. Recogni-
tion-based techniques are more effective than other
methods in segmenting characters from Chinese
text-lines.

Two major approaches of locating possible
segmentation positions are projection profile
analysis and connected-component extraction.
The former approach projects all black pixels in
the X-axis (or Y-axis) and selects positions
whose numbers of accumulative pixels are
smaller than a threshold as possible segmenta-
tion positions. The latter one merges neighboring
connected runs that consist of continuous black
pixels to be connected components. The bound-
aries of these components are considered as
possible segmentation positions. However, these
methods are limited in that they can only detect
“linear” segmentation paths. For handwritten
text-lines, ‘“non-linear” segmentation paths are

preferred to separate characters which overlap
other ones in the X (or Y) direction.

Wang and Jean (1994) derived a non-linear
cutting path from touching characters by identi-
fying the shortest path. While searching the path
for horizontal text-lines, they considered only
three types of moves: a downward one and two
diagonal ones. A larger cost was assigned to a
move that went towards a black pixel than
through a white pixel. An additional penalty was
applied to diagonal moves to encourage vertical
cuts. Lee et al. (1996) initially determined char-
acter segmentation regions by analyzing the pro-
jection profiles and topographic features
extracted from gray-scale images. Next, a multi-
stage graph searching algorithm was used to
obtain a non-linear segmentation path in each
segmentation region. These two methods identi-
fied only one non-linear segmentation path from
touching characters or a pre-determined segmen-
tation region. Occasionally, touching characters
consisting of more than two characters and seg-
mentation regions may contain no segmentation
path. Hence, the above investigations applied
several heuristic rules to attain extra candidate
segmentation paths and then used character rec-
ognition results to determine optimal segmenta-
tion paths.

The Viterbi algorithm is a dynamic program-
ming technique used to derive an optimal path
with linear time complexity on the length of the
input sequence. In our recognition-based character
segmentation system, a probabilistic Viterbi algo-
rithm is applied to obtain non-linear possible
segmentation paths from an entire text-line. To
reduce the number of possible segmentation paths,
three heuristic checking rules, i.e. path overlap-
ping, between-character gaps and adjacent path
distances, are employed to remove redundant
segmentation paths. The remaining paths are re-
garded as candidate segmentation paths and used
to construct a segmentation graph. Each graph
node represents a candidate path and an edge
connects two nodes whose distance is less than a
threshold. The cost in each edge is a function of
character recognition distances, squareness of
characters and gaps in characters. After the
shortest path is identified from the segmentation
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graph, we locate optimal segmentation paths on
the nodes of the shortest path.

Fig. 1 schematically depicts our system. Text-
line images are initially divided into mxn grids,
where the values of m and n are determined
according to the approximate stroke widths in the
images. Possible segmentation paths, which may
be linear or non-linear, are detected using a
probabilistic Viterbi algorithm. Based on proper-
ties of Chinese characters, several redundant paths
are removed to determine candidate segmentation

C Text-line images )

Estimate stroke width

Y

Divide text-line images into
m X n grids

Y

Calculate initial state, state tran-
sition, and symbol observation
probabilities

v

Detect possible segmentation
paths by the probabilistic Vit-
erbi algorithm

Y

Determine candidate
segmentation paths according to
properties of Chinese characters

Extract features and
recognize characters

Y

Construct a directed graph and
search the shortest path

\

Segmentation and recogn@
results

Fig. 1. Diagram of the recognition-based character segmenta-
tion system for handwritten Chinese text lines.

paths. After constructing a segmentation graph
using the candidate paths and character recogni-
tion results, all nodes of the shortest path located
in this graph are used to identify optimal seg-
mentation paths.

The rest of this paper is organized as follows.
Section 2 explains the methods of stroke width
estimation and the calculation of the four param-
eters used in the probabilistic Viterbi algorithm.
Section 3 describes the probabilistic Viterbi algo-
rithm and how to determine candidate segmenta-
tion paths. Next, Section 4 depicts the character
recognition engine and the procedure to find the
shortest path in a segmentation graph. Section 5
then summarizes the experimental results. Con-
cluding remarks are finally made in Section 6.

2. Estimating stroke width and deriving the proba-
bilistic Viterbi algorithm

To segment overlapping or touching characters
by analyzing projection profiles or detecting con-
nected-components is generally difficult. The sys-
tem proposed herein searches for non-linear
segmentation paths between overlapping or
touching characters. For touching characters, a
segmentation path must be allowed to pass through
several black pixels. A threshold value T defines the
permissible number of black pixels. Character
segmentation must determine an appropriate
threshold value. If the threshold value is too large,
segmentation paths may pass through many black
pixels and characters may be divided into several
parts by incorrect segmentation paths. In contrast,
if the threshold value is too small, touching char-
acters cannot be segmented appropriately.

Our system estimates the approximate stroke
width W of a text-line image and determines the
threshold value T according to W. Let B, denote
the total number of black pixels in the text-line
image and W, denote the number of black pixels
(x,y) whose three neighbors (x,y+ 1), (x+1,»)
and (x+1,y+1) in a 2x2 window have more
than two black pixels. The approximate stroke
width is defined as W = B,/ (B, — W,). Finally, the
threshold value is defined as T = ¢ f(W), where ¢
is a constant and f (W) is a function of W. Next,



794 Y.-H. Tseng, H.-J. Lee | Pattern Recognition Letters 20 (1999) 791-806

non-linear segmentation paths are attained by
constructing a multi-stage directed graph for each
text-line image and then searching for all paths
passing through black pixels whose number is less
than the threshold T.

A multi-stage directed graph (Horowitz and
Sahni, 1978) is a directed graph whose vertices are
partitioned into k( > 2) disjoint sets V;, 1 <i<k. If
(u,v) is an edge, then u € V; and v € V., for some
i,1<i<k. Assume that a vertical input text-line
image is divided into mxn grids, which are rep-
resented by the nodes vy,012,...,0,, in the di-
rected graph. Let IW and IH denote the image
width and the image height, respectively. The
values of m and n are calculated as m = [TW /W
and n = [IH/W], where W is the approximate
stroke width. A probabilistic Viterbi algorithm is
then used to detect possible segmentation paths
from the entire text-line image rather than a path
from pre-determined segmentation regions, which
is employed in the method of Lee et al. (1996).

Fig. 2 illustrates a multi-stage directed graph
used here, where we add a start node s at stage 0
and an end node ¢ at stage m + 1. Paths from s to ¢
represent hypothetical character segmentation
paths. To segment vertical Chinese text-lines, we
consider three segmentation directions, a hori-
zontal one and two diagonal ones. Hence, there
are at most three edges from each node v;; in the
directed graph. They are edges (v, Vis1/-1),
(vij, vis1,) and (v;, vi115+1). The possible segmen-
tation paths are those paths derived from this
multi-stage directed graph which pass through
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black pixels and whose number is less than the
threshold T.

According to Fig. 2, the multi-stage directed
graph can be expressed by Hidden Markov Mod-
els (HMMs) (Rabiner and Juang, 1986; Kundu
et al., 1989). Each state v;; in the HMM defines a
grid in the graph. The first-order discrete HMM
can be described by the model A = (II,A4,I,B),
where IT = {n;}, where m; = Pr(v;; at stage 1) is
the initial state probability, 4 = {a;;}, where
a;; = Pr(v,41), at stage ¢+ 1|v,; at stage ¢) is the
state transition probability, I'={y;}, where
y; = Pr(v,; at stage m) is the final state probability,
B = {bi(j)}, where b;(j) = Pr(v,; at stage k) is the
symbol observation probability.

The method to calculate the four probabilities
for corresponding nodes and links in the graph is
described as follows.

2.1. Symbol observation probability b (j)

After dividing text-line images, we obtain mxn
grids to construct the multi-stage directed graph.
The observation symbol probability b, () for the

grid vy is calculated as
Pixel ;
b)) = 1= 5

CWx W1

where Pixel; ; represents the number of black
pixels in the grid v,; and W is the approximate
stroke width. Possible segmentation paths are the
ones passing through the grids with high proba-
bilities by (j).
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Fig. 2. A multi-stage directed graph for deriving possible segmentation paths.
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2.2. State transition probability a;;

Although segmentation paths may be non-
linear, linear paths can more feasibly extract
characters from text-line images. To obtain
segmentation paths, a higher probability is as-
signed to the straightforward transition than the
diagonal transition. For vertical text-lines, the
state transition probability a;; is defined as
follows:

if j =i — 1 (diagonal direction),
if j=i (horizontal direction),
% if j =i+ 1 (diagonal direction).

1
V2
a,; = 1

Herein, state transition probabilities are adopted
to control the selection of cutting directions. Re-
stated, it is desired to derive segmentation paths
that move towards the right-hand side as much as
possible.

2.3. Initial state probability m; and final state
probability v,

The initial state probability «; and the final state
probability vy, represent the possibilities that the
segmentation path starts from the node v;; and
terminates at the node v,,, respectively. Herein,
appropriate initial states and final states are se-
lected by accumulating the symbol observation
probabilities b, (7) in the same horizontal position i
and calculating the initial state probability n; and
the final state probability y; as follows:

m/3 m
i = <Zbg(i)>/§7
= ( ) bg(i)>/’;1.
g=2m/3

3. Deriving non-linear segmentation paths by the
probabilistic Viterbi algorithm

In the multi-stage directed graph G, paths from
the first stage to the final stage are hypothetical
segmentation paths Path,. Herein, we calculate
the probabilities Pr(Path;; G) of all Path; and

select the paths with the maximal probabilities.
This work adopts a formal technique for deriving
these paths, called the Viterbi algorithm (Formey,
1973).

3.1. Possible segmentation paths detection using
probabilistic Viterbi algorithm

The first step of the Viterbi algorithm calculates
the probabilities of nodes at the first stage. Let
0;(k) be the probability of node k at stage j, and
(k) be the optimal node at stage j — 1 to node k
at stage j. The values of J,(k) and ,(k), where
1 <k <n, are defined as follows:

01(k) = m bi(k), 1<k<n, y,(k)=0,

where 0, (k) represents the probability that grid v; ;.
is the starting node of a segmentation path.

The second step computes the probabilities of
all nodes at stage j + 1 from nodes at stage j. That
is, for 1<j<m—2and 1<k<n

Oilk) = max [0,(1) @iy by (K)],
izli<n
¥4, (k) = argmax [0;(i) aix].

At the final stage m, the final state probabilities y,
are used for computing J,,(k) and v, (k).
5m (k) = max [5m71(l) ik bm(k) yk]v

k=1<i<k+1
izli<n

Y, (k) = argmax [5,,1(i) aix 7.
In the conventional Viterbi algorithm, the terminal
node with the maximum probability is chosen.

p" = max d,/(i),

1<i<n
ir = argmax 9d,,(i).

1<i<n
The optimum segmentation path can then be
recovered by backtracking from the array v, from
the final stage to the first stage. For
j=m—1m—2,...,1, we retrieve the nodes be-
longing to this optimum segmentation path
recursively. That is,

i; = lpj+] (i;+1)-
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In the proposed system, the number of possible
segmentation paths is possibly more than one in
text-line images. After the forward phase in the
probabilistic Viterbi algorithm, each terminal node
in the final stage stores the probability of a seg-
mentation path. Therefore, a criterion must be
established for determining the possible segmen-
tation paths.

The higher probability of a segmentation path
implies a lower number of black pixels it passes
through and the more straight it is. A threshold
value T used to determine all possible segmenta-
tion paths is defined as

re(1o— o\ (L)
N Wx W+ 1 V2)

where parameter ¢; represents the allowed number
of black pixels in the grid, whose size is W x W,
passed by a possible segmentation path. In addi-
tion, parameter ¢, denotes the permitted number

s

athokliakd
Bk ok

of grids having more than ¢; black pixels in them,
and parameter ¢; determines the frequency of di-
agonal directions that are selected in tracing a
segmentation path. In the proposed system, the
three parameters c;, ¢, and c; are assigned as W2, 3
and 4, respectively. Herein, we compute all prob-
abilities 0,,(k), 1 <k <n, in the final stage m and
take the paths whose probabilities d,,(k) are larger
than T as possible segmentation paths. Fig. 3 il-
lustrates several possible segmentation paths de-
rived by the probabilistic Viterbi algorithm.

3.2. Candidate segmentation paths determination by
removing redundant paths

As is well known, a recognition-based approach
is a feasible means of segmenting characters. Al-
though all correct segmentation paths are con-
tained in those possible ones (Fig. 3), a large
number of possible paths costs much matching

N
A

ki

btk ik

Maidklon ] sk

Fig. 3. Possible segmentation paths derived by the probabilistic Viterbi algorithm.
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time to recognize all possible characters. Too
many possible characters can be avoided by re-
ducing the number of possible segmentation paths.
Herein, we define candidate segmentation paths as
intermediate results between possible paths and
optimal ones. Candidate segmentation paths are
obtained by removing redundant possible ones.
Several properties of Chinese characters are con-
sidered and, then, three checking rules are em-
ployed to detect redundant paths.

Rule 1. Only one path is selected from partially
overlapping paths.

Among all possible segmentation paths found
by the probabilistic Viterbi algorithm, one path
Path; may be partially overlapped with another
path Path;, as shown in Fig. 4, where the node
sequences of Path; and Path; are {i{,#,...,i}} and
{71, /55 -5}, respectively. The two accumulative
probabilities, d,,(i) and d,,(j), are both larger than
the threshold value 7. According to Fig. 3, at least
two non-overlapping paths could segment three
consecutive characters. Hence, one of the two
partially overlapping paths is redundant and could
be removed. The proposed system removes the
path with the smaller probability J,, and keeps the
other one. If the two partially overlapping paths
have the same accumulative probabilities, any
path can be kept without losing the validity. Re-
stated, if the following two conditions are satisfied,
the path Path; is removed and Path; is kept:

and  9,,(i) <0.()).

This rule markedly reduces the number of possible
segmentation. Fig. 6(b) summarizes the results of
removing redundant paths using this rule.

Path;: ii i ir ipe1 in
¢ .l _.2 [P +1, —eo—6 Sm(i)
Path;: j1  j, Jk
>, o—e—=9 0x())
Jk+1 Im

Fig. 4. Two paths, Path; and Path; have k overlapped nodes
and one of them is redundant.

Rule 2. Only one path is kept in the gap of two
consecutive characters.

The gap between two characters contains sev-
eral parallel possible paths, as illustrated in Fig. 5.
Owing to the fact that they are straight and pass
through no black pixels, these paths do not over-
lap each other and have the largest accumulative
probability 1. Actually, any of these paths in the
gap can be selected as a candidate segmentation
path and the others can be removed. Assume that
there are c¢ consecutive possible segmentation
paths Path;, where j + 1 <i<j+ ¢, with the same
accumulative probabilities d,,(i) = 1. Herein, we
only select the middle path Path;, ./ as the can-
didate path and omit the others. Fig. 6(c) sum-
marizes the experimental results using the rule.

Rule 3. One of the two close neighboring paths is
removed.

Different writers have a wide diversity of writing
styles with respect to handwritten characters.
Several properties of printed Chinese characters,
e.g. the squareness of characters and gaps between
characters, are inappropriate for handwritten
Chinese characters. However, the variation of
character size is generally not too much for char-
acters written by the same writer. In the proposed
system, those text-line images written by a specific
person with the same pen are extracted from actual
documents. Hence, we calculate the distance D
between two neighboring segmentation paths and

Char, . P

j+1

b : Piisy
Li+s—
[

Pj+c

Char,

Fig. 5. Appearance of several consecutive segmentation paths
in the gap between two characters.
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Fig. 6. Results of redundant segmentation path removal: (a) image after detecting all possible segmentation paths; (b) image after
removing overlapping paths; (c) image after eliminating redundant path in gaps; (d) image after discarding near paths.

determine the existence of the two paths according
to D.

Let Path; and Path; be two neighboring seg-
mentation paths, whose node sequences are denoted
by {grid;(0), grid,(1), ..., grid;(m)} and {grid;(0),
grid;(1), ..., grid,(m)}, respectively, where grid, (k)
denotes the kth grid position in the segmentation
path P, as shown in Fig. 7. We first calculate all
distances  d;;(k) = |grid;(k) — grid;(k)| between
corresponding positions, where 1 <k <m. In order
to estimate the proper path distance D;; between
Path; and Path;, we calculate all path distances
di;, 1 <k<m, and select the median value as the

distance D; ;. In addition, adjacent path checking rule
is applied to determine which path should be re-
moved and which should be kept.

If D;; > 1.5 x W, then both Path; and Path; are
reserved;
else if 0,(i) <0,(j), then Path; is removed
and Path; is kept;
else Path; is kept and Path; is removed,

where W represents the estimated stroke width of
the input text-line image and J,,(-) is the accumu-
lative probability of a path in the last stage m.
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0 ~ k-1kk+1 ~ m

1+ Path;
grid,- k)
=\l dik)|
# > Pathj
gridi(k)

Fig. 7. Calculation of distances between two neighboring seg-
mentation paths.

Fig. 6(d) summarizes the experimental results of
applying this rule to Fig. 6(c). For touching
characters, this rule can keep the most possible
path and remove redundant paths which cannot be
eliminated by the first two rules.

4. Identifying optimal segmentation paths according
to character recognition results

Candidate segmentation paths are obtained by
removing redundant segmentation paths according
to the above three rules. Herein, optimal segmen-
tation paths are determined from these candidate
ones by applying a recognition-based technique in
the proposed system.

4.1. Character extraction by finding approximate
region

Character images can be extracted from text-
lines according to two bounding segmentation
paths. Let a character be bounded by two non-
linear paths Path; and Path; (Fig. 8), whose node
sequences are {grid,(0), grid;(1),..., grid;(m)} and
{grid;(0), grid;(1), ..., grid,(m)}, respectively. Two
point-sets, i.e. upper point-set (UPS) and lower
point-set (LPS), are defined herein to record
boundary positions of grids in the two non-linear
paths.

Y
+— Path;

UPS={v}
LPS={x}

IT— Pathj

e ele ale cle ol d e Jd P

approximate
character region

Fig. 8. An approximate character region bounded by two non-
linear segmentation paths.

UPS = J{LT (grid,(p)). RT(grid, ().

p=1

LPS = L"j{LB(gridj(p)),RB(gridj(p))}7

=1

where LT(-), RT(-), LB(-) and RB(-) denote the
left-top, right-top, left-bottom and right-bottom
positions of a grid, respectively. The approximate
region of this character is defined as a polygon
composed of points in the union point-set APS =
UPS U LPS. Herein, the character boundary is
obtained by finding a minimum rectangle to bound
all black pixels in the appropriate region and the
image in this rectangle is a segmented character
image. Fig. 9 represents an illustrative example of
segmenting two characters by three segmentation
paths.

w1 — [
B SR

Fig. 9. An example of character segmentation by determining
approximate regions and finding bounding rectangles.




800 Y.-H. Tseng, H.-J. Lee | Pattern Recognition Letters 20 (1999) 791-806

4.2. Optimal segmentation paths determination
using recognition results

The validity of candidate paths is verified by
feeding extracted character images into an OCR
engine and using recognition results to determine
optimal segmentation paths. Two main tech-
niques, i.e. local decision and global decision, are
used to determine optimal segmentation paths
according to recognition results. Let Scug =
{Path,, Path,,...,Path,} be a set of k candi-
date segmentation paths and S,y = {Path,,
Path,,, ..., Path,} a set of / optimal ones, where
Stinal C Seand, as depicted in Fig. 10.

The local decision technique uses the recogni-
tion distance Dist,; of character C,; between
Path,, and Path; to determine the correctness of
Path;. If the distance Dist,; is smaller than a
predefined threshold 7., then Path; is regarded as
the next optimal segmentation path Path

Cit1*

Scand Sﬁnal
P, athl 3 Pal‘hcl
Path At
Pathy ——  Path,
(%
— e Pathc,-
Path; _, _'lﬁ( }Ccu
Path; ———— Path,,
t
Pathj+1 T]
e
Path,, @_ Path,,

Fig. 10. Determination of ¢; optimal segmentation paths from
k candidate ones.

Otherwise, character C.; is regarded as an in-
complete character and path Path; is discarded.
Threshold T, is generally determined by recog-
nizing a large amount of training samples and
calculating the distribution of recognition dis-
tances, as illustrated in Fig. 11.

Although threshold 7, plays an important role
in the local decision technique, a stable T, is
difficult to determine for all OCR engines. On the
other hand, Chinese characters may be composed
of several parts, called radicals. Occasionally, these
parts can also be characters. Only using local im-
ages, a radical image may be recognized as a
character and other parts of character would be
merged to the next character. Hence, if an error
occurs when determining the validity of a candi-
date path, the validity determination of the next
path usually causes error as well.

The global decision technique determines opti-
mal segmentation paths after each character
bounded by two candidate paths is recognized.
This technique does not require defining a thresh-
old for assessing the validity of segmentation
paths. The shortest path searching algorithm is
usually employed to derive the optimum solution
in this technique. All candidate segmentation paths
and character recognition distances are represent-
ed as nodes and costs in arcs of a graph. The nodes
in the shortest path of the graph are taken as the
optimal segmentation paths. In the proposed sys-
tem, we construct a segmentation graph Gy, for
each text-line image, where each node represents a
candidate path and the cost of an arc is a function
of recognition distances, squareness of characters,
and internal gaps of characters.

# of
training

Recognized
samples

Mis-recognized

Recognition
distance

P

Fig. 11. Determination of threshold 7, according to the dis-
tribution of recognition distances.
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4.2.1. Merging consecutive components as a char-
acter based on the aspect ratio

In general, characters in a text-line are written
by the same writer and the writing characters have
similar sizes. Herein, we calculate the average
width (AW) and average height (AH) of all com-
ponents bounded by two consecutive candidate
segmentation paths. A character height threshold
Hyu = AH x 1.2 is then defined to determine
whether or not consecutive components should be
merged. Restated, if C,C,,...,C; are k consecu-
tive components and the distance between the
bottom of C; and the top of C; is smaller than the
height threshold Hy,, then these k components will
be merged into a character.

4.2.2. Extra information

The shortest path searching algorithm derives an
optimum path with the minimum accumulative cost
in the segmentation graph. Occasionally, the rec-
ognition distance of a component C; consisting of
two characters, C; and C,, is smaller than the sum
of the recognition distances from C; and C,, as il-
lustrated in Fig. 12. Hence, extra information of
Chinese characters must be used to represent costs
of arcs in the segmentation graph. In addition to the
recognition distances, the squareness and the in-
ternal gaps of Chinese characters are used in our
shortest path finding procedure. Restated, the cost
of an arc connecting two paths, P; and P;, is repre-
sented by Cost;; = kX RD;; + ksqu X SQU; j+ kgap
xGAP;;, where RD;;, SQU,; and GAP;; denote
the recognition distance, squareness and internal
gap of the character C;; between P; and P;, respec-
tively, the three constants, ku, ksqu and kg, are
assigned to 5, 4 and 8, respectively, in our system.

Let CW and CH denote the character width and
character height, respectively. The squareness of a
character is defined as

/ - G
o] S8l
. \ 2 C

\ ﬁ ) (17.265)

Fig. 12. Sum of recognition distances from C; and C, (= 32.10)
is larger than the recognition distance of C; (=23.41).

SQU = min(CW, CH) ,
max(CW, CH)

where 0 < SQU < 1. Although Chinese characters
may consist of several separated radicals, gaps
between these radicals are generally smaller than
gaps between consecutive characters. Hence, the
larger number of gaps in a component implies a
lower probability that the component is a char-
acter. Let Pix(i, j) represent the value of pixel (i, )
in a binary image. The pixel is black while
Pix(i, j) = 1; otherwise, it is white. In vertical text-
lines, the internal gaps of a component is defined
as the number of position j whose accumula-
tive black pixel equals zero, that is, for each
J€ [17CH]7ZiC:V1vP(ivj) =0.

4.2.3. Normalization of three character evaluators

As mentioned earlier, the range of SQU is [0, 1]
and GAP is [0, CH]. In our OCR engine (Tseng
et al., 1998), two statistical features, i.e. contour-
direction counts and crossing counts, were used. A
2-D character image was initially decomposed non-
uniformly into eight sub-regions in both horizontal
and vertical directions. The two features were then
extracted from these sub-regions. Since only a
small number of characters are recognized cor-
rectly with recognition distances larger than 30, we
can set the range of RD as [0, 30]. Combining these
three character evaluators, RD, SQU and GAP,
involves normalizing these evaluators into the same
range [0, 1].

Fig. 13 illustrates the normalization of the
three evaluators. The larger normalized value
implies a larger corresponding cost. According to
this figure, those characters with a recognition
distance larger than 30 are regarded as incorrect
characters and their bounding segmentation paths
are incorrect. The same assumption is employed
in the normalization of GAP. Characters are
incorrect when gaps are larger than CH/2. The
arc cost, connecting two paths Path; and Path,, is
represented by three normalized evaluators as
follows:

COSt[J‘ = Kg X RD;/ + ksqu X SQU:_]
+ kgap X GAP; .
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Fig. 13. Normalization of three evaluators: (a) recognition distance; (b) squareness of a character; (c) internal gap in a character.

Fig. 14(a) displays a text-line image after candi-
date segmentation paths are determined, while
Fig. 14(b) illustrates the corresponding segmen-
tation graph. Fig. 14(c) summarizes the results
of optimal segmentation paths found from the
segmentation graph.

1 SQU 0 CH/2 gAP
©

4.3. Extension to segment printed Chinese charac-
ters and handwritten text-lines

To segment characters from printed Chinese
text-line images, we must use another OCR engine
which is trained by printed sample characters and

shortest path
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Fig. 14. (a) Candidate segmentation paths in a vertical text-line; (b) the corresponding segmentation graph and the shortest path of the
graph; (c) the optimal segmentation paths determined according to the shortest path.
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modify the three constants k.4, kyqu and kg, em-
ployed to determine optimal segmentation paths.
The fact that the squareness of characters and the
internal gaps in characters are more significant for
printed characters than those for handwritten
ones, accounts for why the weights kg, and kg,
must be increased for segmenting printed charac-
ters. Fig. 15 summarizes the segmentation results
of a printed Chinese text-line and the three pa-
rameters k4, ksqu and kg,, are assigned to 5, 8 and
8, respectively.

Extracting text-lines by analyzing projec-
tion profiles in handwritten documents would be

i

45

Ny

| n
|1J

Fig. 15. Segmentation result for a printed Chinese text-line.

relatively difficult when obvious gaps do not exist.
This study attempted to extend the proposed
method to detect non-linear segmentation paths,
which resembled those used to segment characters
from text-lines. While applying the process to
segment characters, a test image was initially di-
vided into m x n grids according to the approxi-
mate stroke width. After all possible segmentation
paths are derived and redundant ones are re-
moved, we obtain candidate segmentation paths.
Owing to that the text-lines could not be directly
recognized, these candidate segmentation paths
are used to extract text-lines. Fig. 16 presents two
results of text-line extraction using the probabi-
listic Viterbi algorithm and the projection-profile
analysis approach.

5. Experimental results and analysis

This character segmentation system was imple-
mented as a Windows-based application in Visual
C++ with MFC (Microsoft Foundation Class) on
a PentiumlII-233 PC. All test documents were
scanned using a Umax Vista-s8 flatbed scanner at
a resolution of 300 dpi (dots per inch). The scan-
ned images were saved as a one-bit, black-and-
white, document in BMP format. Fig. 17 displays
a test image.

125 text-lines were selected from seven form
documents. The total number of characters in
these text-lines was 1132. This study also evaluated
the proposed system and compared the results be-
tween the connected-component-based approach
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Fig. 16. Text-line extraction by (a) the probabilistic Viteri algorithm and (b) projection-profile analysis approach.
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Fig. 17. Example of test form document.
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Table 1
Experimental results of handwritten character segmentation
Connected-component Projection-profile Our method Our method
detection analysis (RD only) (RD+SQU + GAP)
Document 1 (173 characters) 151 139 162 168
Document 2 (155 characters) 143 148 149 151
Document 3 (112 characters) 92 82 101 107
Document 4 (189 characters) 171 163 175 185
Document 5 (150 characters) 130 124 135 142
Document 6 (208 characters) 177 161 188 196
Document 7 (136 characters) 118 103 124 133
Average segment rate (%) 86.75% 81.27% 92.07% 95.58%

and the projection profile-based method. Estima-
tion was also performed of the results while only
recognition distances were used for detecting the
shortest path from the segmentation graph. A
segmentation rate is defined as the percentage of
characters that are segmented precisely. Table 1
summarizes the experimental results. The seg-
mentation rate is 86.75% by detecting connected-

=2
2

b

(a) (b)

Fig. 18. Two main resons cause our character segmentation
module failure: (a) touched character; (b) separated character.

components and 81.27% by analyzing the projec-
tion profiles. When only recognition distances are
used in our system, the segmentation rate is
92.07%. Notably, the segmentation rate is 95.58%
if we use recognition distances, squareness of
characters, and internal gaps in characters to de-
termine the optimal segmentation paths.

In the proposed system, all possible segmenta-
tion paths are found from text-line images and
then three rules are used to determine candidate
paths. Finally, the shortest path finding algorithm
was employed to select optimal segmentation
paths. Incorrect segmenting of the characters can
be attributed to two reasons. First, two characters
touch each other to the extent that no possible
segmentation paths were found at the touching
position, as shown in Fig. 18(a). Second, a thin
character was composed of separated radicals and
large gaps existed between these radicals, as shown
in Fig. 18(b). If the character height (CH) did not
satisfy the constrain: CH < 1.2 x AH, where AH
denotes the average character height in the text-
line, then these separated radicals could not be
merged.

6. Conclusions

This work presents a novel means of extracting
text-lines from text blocks and segmenting char-
acters from text-lines. A probabilistic Viterbi
algorithm is used to derive all possible segmenta-
tion paths which may be linear or non-linear. To
reduce the computational cost, redundant paths
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are removed by checking path overlapping, be-
tween-character gaps and adjacent-path distances.
Those remaining paths, called candidate segmen-
tation paths, are employed to construct a seg-
mentation graph. The cost of an arc is a function
of recognition distances, squareness of characters
and internal gaps in characters. After the shortest
path is obtained from the graph, the optimal seg-
mentation paths are located on the nodes of the
shortest path. We collect 125 text-line images from
seven form documents. Cumulatively these text-
lines contain 1132 characters, and the average
segmentation rate is 95.58%.

Contextual information is generally applied in
the post-processing of an OCR engine. For those
mis-recognized characters, contextual information
can be used to correct such characters. In our
character segmentation module, characters tou-
ched seriously and separated obviously cannot be
segmented correctly. These errors could be re-
duced using contextual information while most
characters in the text-line are segmented and rec-
ognized. To enhance recognition accuracy, future
research should focus on segmenting text-lines
mixed by Chinese characters and alphanumerics,
and correcting mis-segmented characters using
context information.
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