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Abstract

A procedure to recognize handwritten characters
is proposed. Trend codes encoding the major changes
in the shape of the character are used as features.
Experiments have shown the procedure to give good
results.
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1. Introduction

Optical character recognition (OCR) of handwritten
characters has been an area of active research for many
years. In this, binary images of alphanumeric characters
are fed into a computer, which then follows some
procedure to recognize the character classes of the
patterns fed in. Different researchers have adopted
different procedures for OCR. Berthod and Maroy [1]
encoded a character into a string of five primitives using
angular segmentation for on-line recognition. Granlund
[4] used Fourier transformation to extract features for
classifying a pattern. Lam and Suen [6] éxtracted
convex polygons and line segments as geometric primi-
tives for a decision tree. Loy and Landau [7] employed
segmentation in feature extraction for on-line recogni-
tion. Mantas and Heaton [8], and Pavlidis and Ali [10]
analysed the pattern’s shape by polygonal approximation.
Persoon and Fu [11] developed a distance measure
based on Fourier descriptors. Sarvarayudu and Sethi
[12] described a boundary scalar transformation techni-
que. Shen-Pei Wang [13] discussed concepts of recog-
nizability, learnability and ambiguity, and used Freeman’s
[3] chain code for on-line handwritten character

recognition. Shridhar and Badreldin [14] described a
two-stage OCR, which first converted the contour points
of a character’s shape into a Fourier series, and then
used topological descriptors to resolve the ambiguity of
rotational invariance. Toussaint and Donaldson [15]
based their recognition on Mason and Clemens [9]
extremum points in the contour of a pattern.

In this paper, we describe a technique of extract-
ing compass codes from the contour of a pattern. The
compass codes are condensed into trend codes, which
give the major directional trends in the shape of a
character. These trend codes are then used as features
to classify a pattern. In Section 2, we describe our
feature extraction scheme. Section 3 describes the
recognizer, which uses the features extracted. Our
experiment results are given in Section 4. Concluding
remarks are given in Section 5.

2. Feature Extraction
A. Locating Paramount Pixels

The pattern is enclosed in a rectangle called the
characteristic rectangle such that neither the topmost
row, the bottom-most row, the leftmost column, nor the
rightmost column in the characteristic rectangle is
entirely blank. Thus the characteristic rectangle is the
smallest rectangle that encloses the pattern, there being
no blank rows or columns surrounding the pattern.
The rows in the characteristic rectangle are
numbered from top to bottom as 1 to H, and the
columns are numbered from left to right as 1 to W,
where H is called the height, and W the width of the
characteristicrectangle. Thus, for example, H is 23, and

~ W is 20 in Figure 1.
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We begin by selecting twelve pixels: L, L,, and
L; along the left edge of the pattern; T;, T,, and T,
along the top edge of the pattern; R;, R,, and R, along
the right edge of the pattern; and B,, B,, and B, along
the bottom edge of the pattern. These twelve pixels
are called paramount pixels and their purpose will be
discussed later. Below, we delineate the sequence in
which these pixels are labeled. The values obtained from
the computationin the formulas mentioned below were
all rounded off.

(1) The paramount pixels L;, L, and L; are the leftmost
black pixels on, respectively, the (H/4)™, (H/2)™, and
(3*H/4)™ rows of the characteristic rectangle. Accord-
ingly in Figure 1, we note that L, L, and L; are
respectively on the 6, 12" and 17th rows.

(2) The paramount pixels R;, R, and R; are the
corresponding black rightmost pixels on the rows that
contain L, L, and b

(3) The portion of the pattern from its topmost row to
the row containing L, and R,, is known as the top
sector of the pattern. Thus in Figure 1, the black
pixels in rows 1 to 12 constitute the top sector of the
pattern. Let the leftmost (rightmost) nonblank column
of the top sector of the characteristic rectangle be A,
(Ap)- Then the paramount pixels T,, T, and T; are the
topmost black pixels in, respectively, the

((3*A, +A/H™, (A, + A)/2)™, and

(A, + 3*A.)/4)™ columns. Accordingly in Figure 1,
where A| = 4 and A, = 20, we note that T;, T, and T
are respectively on the 8%, 12" and 16t columns.

(4) The portion of the pattern not in the top sector is
said to be the bottom sector of the pattern. Thus in
Figure 1, the black pixels in rows 13 to 23 constitute
the bottom sector of the pattern. Let the leftmost
(rightmost) non-blank column of the bottom sector of
the characteristic rectangle be D, (D). Then the
paramount pixels B,, B, and B; are the bottommost
black pixels in, respectively, the ((3*D, + Dy)/4)™,
(@, + DY/2)*™ and (D, + 3*D,)/4)™ columns.
Accordingly in Figure 1, where D, =1 and D, = 18,
Wwe note that B,, B, and B; are respectively on the 5t",
10" and 14" columns.

As will become clear from our discussion later,
the paramount pixels serve to monitor the directional
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Figure 1. A specimen pattern and its paramount pixels.
Note that A =4, A, = 20, D, =1 and D, = 18.

trend of the outer contour of the pattern. Note that
the L’s, T’s, R’s and B’s are distributed on their cor-
responding edges as evenly as possible. The top sector
and the bottom sector of a pattern were considered
separately to locate the T’s and the B’s, because quite
often patterns of handwritten characters have been
observed to be inclined: in other words, the bottom
sector is often not directly below the top sector.
Moreover, considering the top sector separately from the
bottom sector is useful for patterns whose upper width
is different from the lower width; for example the
pattern of the character "T".

B. Compass Codes and Trend Codes

To obtain compass codes for the segment between any
two paramount pixels, say R, and L,, we trace clockwise
along the outer contour [2] of the pattern from R, to
L,. All the pixels in the outer contour are flagged.
Tracing from a pixel p, on the contour to another pixel
P, on the contour, we can be travelling in any one of
the eight directions; west, northwest, north, northeast,
east, southeast, south, and southwest.

This direction of travel is recorded in two types
of codes called the horizontal and the vertical compass
codes, as shown in Figure 2. Thus for example, if we
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Symbol stored in the
Direction of travel Vertical Horizontal
from p, to p, Comp Code | Comp Code
515, West w
= 5 Northwest n W
P,
b North n
P, Northeast n e
polps East e
5 Southeast s e
P.
by South s
P,
S = Southwest s w
Figure 2. The symbols stored in the vertical and

compass codes depending on the direction of travel

while tracing clockwise along the outer contour the

pattern. We are travelling from p, to p,.

travel northeast, we record the symbol n in the vertical
compass code and the symbol e in the horizontal
compass code; if however we travel, say, west, we
record the symbol w in the horizontal compass code and
nothing in the vertical compass code. We similarly
record the symbol s for travelling south, and the symbol
w for travelling west.

Thus, for example, in Figure 1, we obtain the
following codes between R, and L,: the horizontal
compass code contains the thirty symbols

WWeeeeweeeewwwwwWWWWWWWWWwWwwwee
and the vertical compass code the thirty nine symbols
$SSSSSSSSSNMNNNNANNSSSSSSSSSSNNNNNNNNNN.
We say that between R, and L, the length of the
horizontal compass code is 30, and the length of the
vertical compass code is 39.

We define a variable K to be the scaling index.
If L is the length of a code, then we define the conden-
sation factor C for that code to be:

max(1, rounded_off(L/K)).

We scan the compass code, and if the code
contains C or more occurences of the same symbol, we
store a single occurence of that symbol in the trend
code. If the compass code contains fewer than C
occurences of the symbol, then we store nothing in the
trend code. Suppose the scaling index K is 8. Then
the condensation factor for the horizontal compass code
between R, and L,, whose length as mentionned above
is 30, will be

C = max(1, rounded_off(30/8))
= 4.

Accordingly, the corresponding horizontal trend code is
ew.

To get an intuitive understanding for obtaining
the trend code, let us examine the above horizontal
compass code. It contains sequentially 2w’s, 4e’s, 1w,
4e’s, 17w’s and 2e’s. Nothing is stored in the horizontal
trend code for the first two w’s (its occurences are
fewer than C = 4). They are in effect ignored. For
the next sequence of e’s, we store a single e in the
trend code. So on we proceed. Thus, the horizontal
trend code ew tells us that to travel clockwise from R,
to L,, we essentially travel first toward east, and then
toward west. Thus the trend code gives the major
trends of the contour between R, and L,, ignoring any
minor directional fluctuations. Similarly, the vertical
trend code between and R, and L, is snsn.

The value of the scaling index is a heuristic; it is
obtained by experimentation. The larger the value of
K, the more is the detail we are considering in the
code. The value of C, which is a function of L and K,
governs the magnitude of the noise in the form of
minor directional fluctuations that we ignore in the
contour of the pattern.

It should be clear that one complete travel
around the outer contour of a pattern will give us the
horizontal and vertical compass codes between whatever
pairs of paramount pixels we want. From the compass
codes we can then obtain the correspondingtrend codes.
As wil become apparent in Section 3, a horizontal trend
code between two paramount pixels, say R, and L,
constitutes one feature extracted from the pattern.
Similarly a vertical trend code between the two paramo-
unt pixels constitutes another feature of the pattern.
Thus, Figures 3 and 4 show, for example, 24 features
extracted from the pattern of Figure 1.
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Figure 3. The horizontal compass and trend codes for the pattern of Figure 1, when the scaling index

Segment | Horizontal Compass Code Length of Condensation|Tren
; compass code factor Code
I.KL1 eee 3 ik e
L,T, ee 2 1 e
T1T3 eeeeeceee 8 ik e
TR, eeee 4 1 e
R,R3 wWwwwwwwweee k| 2 we
RSB3 weeeewwww 9 1 wew
BB, WWWWWWWWW 9 1 w
l:'s,L3 wwwwe 5 1 we
LZR2 eeeeeee e WWWWWW 23 3
\4
R2L2 wweeeeweeeewwwwwWwwwww 30 4
wwwwwwee
'.l'ZB2 ceeceeceeewwwwwwwwweeeew 34 4
CCCeWWWWWWWW
WWWWWWWWweeeeeeeeee

Segment| Vertical Compass Code Length of Condensation
compass code factor Code

I-3L1 nnnnnnnnnn 10 1 n
L,’J.‘1 nnn 3 A n
'.['1!['3 nn 2 1 n
T3R1 sSssss S it s
R.Rg Sssssssssss 11 1 s
R333 sssss 5 i s
BzB1 nnnnnnnnnsss 12 2 ns
B1L3 Sssssssnnnnnn 13 2 sn
I.ZR2 NNNNNNNNNNNSSSSSSSSSSS 22 3 ns
R,L, SSssssssssnnnnnnnnnsss 39 5 snsn

SsSsssssnnnnnnnnnn
!EBZ SSSsSsssssssssssssssssn 26 3 sn

nnnn

nnnnssssssssssnnnnnnnn

nnnnnnnnnnnnnnn

is 8.

Figure 4. The vertical compass and trend codes for the pattern of Figure 1, when the scaling index is 8.
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C. Loop Detection

Detecting the number of loops in a pattern can be
useful in limiting the number of character classes to
which the pattern is likely to belong. For example, "C"
and "G" contain zero loops, "A" and "D" contain one
loop each, and "B" and "8" contain two loops each.

To detect the loops in a pattern, we scan the
pattern rowwise left to right starting from the topmost
row. If we meet any transition from an unflagged black
pixel to white pixel (as mentioned earlier, all pixesl in
the outer contour had been flagged), then we have
reached a loop, so we trace along the loop. All pixels
along the loop are also flagged. We repeat this
procedure until we find all the loops of the pattern. If
the length of the inner contour of a loop is smaller
than 1/7th (value derived experimentally) the outer
contour length, then the loop is ignored as noise.

3. Formulating The Recognizer

Having extracted the number of loops in a pattern, we
know the possible character classes to which the pattern
may belong. These are called the candidate classes for
the pattern. Then, we use the trend codes in a Bayesian
classifier to recognize a given pattern.

A. The Bayesian Classifier

From each pattern we extract horizontal trend codes
betweenm > 1 pairs of paramount pixels, and similarly
we extract m vertical trend codes. These constitute a
2m element feature vector X = (X;, Xy we Xp,)- 1HE
probability of recognizing an unknown X is maximized
by selecting that character class , which maximizes the
a posteriori probability P(e|X). By Bayes’s rule

P(elX) _ P(X]|®) P(8)

P(X)

Since the patterns we were recognizing were those of
isolated characters, we assumed the prior occurrence of
all characters as equiprobable. Moreover, since P(X) is
not a function of ©, we can say from the above equa-
tion that maximizing P (e |X) is equivalent to maximiz-
ing P(x|®).

To simplify the evaluation of P(X|e), we
assumed conditional independence among x, to0 x,,; that
is

2m

P(x|e) = | P(x;|e)

i=1

We found experimentally that our classifier could
recognize most patterns correctly. Nevertheless there
were two pairs of characters which could be confused
for each other. For the candidates classes with no
loops, confusion could occur between a "V" and a "Y",
and for candidate classes with one loop, confusion could
occur between "0"(zero) and a "O"(oh). So, if our
recognizer output was any of these four characters, we
incorporated further tests as described below.

To distinguish a "V" from a "Y" we observed the
relative position of the rows that contain the paramount
pixels L, and T,. If the row containing T, was above
the row containing L,, then it was a "Y"; otherwise it
was a "V". To get an intuitive reason for this criterion,
see Figure 5.

To distinguish a "0"(zero) from an "O"(oh), we
examined the writing habits of people. We found that
"oh’s" are more circular than zeros (see Figure 6). So
if the (H/W) of the character was greater than a
threshold then it was a zero, else an "oh". Experimen-
tally, we found that this threshold to be 2.

4. Experimental Results

We tested our recognizer on sets of characters ("A" to
"Z" and "0" to "9") handwritten unconstrained by 18
students of Concordia University in Montreal, each
student writing one sequence of characters from "A" to
"Z" and "0" to "9". After the characters were digitized
by converting into binary patterns, we preprocessed the
characters to remove any salt or pepper noise [5].

The patterns were split into two disjoint sets.
One set, called the training set, with 432 patterns was
used to train the recognizer. The other set, called the
testing set, with 216 patterns was used to test the
performance of the recognizer on patterns different from
those it was trained on. We conducted fourteen
experiments. For each experiment we selected different
pairs of paramount pixels to extract the trend codes.
See Figure 7 for the results of these experiments.
Beside each experiment, we pictorially show the pairs of
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Figure 5. In the pattern of a "Y", the row containing
T, is above the row containing L,. In the pattern of
a "V", the row containing T, is lower than the row
containing L,.

Figure 6. According to the observed writing habits of
people, the "O"(oh) as shown on the left above is
usually more circular than the "0"(zero) as shown on
the right above. Hence H/W ratio for "oh" was larger
than that for zero.

pararriount pixels we selected to extract the trend codes.
To illustrate, for Experiment 14, we selected 12 vertical
trend codes and 12 horizontal trend codes between the
paramount pixels as listed in Figures 3 and 4. For this
experiment, with a scaling index of 16, the recognition
rate for the training set was 100%, and for the testing
set 99.54%. As mentioned in Section 2, the larger the
scaling index, the more is the detail we are considering
in the directional trends of the contour. The level of
detail considered can affect the recognition rate. For
example, with a scaling index of 6, the recognition rate
for the training set was 99.07%, and for the testing set
97.69%. On an PC-XT running at 4MHz, we were able
to classify one pattern in 0.62 sec. On faster machines
we expect the time to drop considerably.

We notice that it is useful to have some overlap

in the trend codes extracted as can be seen in Experi-
ment 14 and some of the other experiments given in
Figure 7. A trend code between paramount pixels that
are close to each other gives local trends, whereas the
trend code between paramount pixels that are distant
from each gives somewhat overall trends. Both the
local and the overall trends are useful features in
recognizinga pattern. This leads to an overlap between
trend codes.

5. Concluding Remarks

We have described our technique to extract features in
the form of trend codes. Experimental resuls have
shown that our technique gives a good reconition rate
for unconstrained handwritten characters.
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Experiment Experiment
No and Recognition Rate (%) No and Recognition Rate (%)
Trend Codes Trend Codes
Extracted |Training Set|Testing Set| Extracted |Training Set Testing Set
& mmm 2
59.72 55.56 o = 96.99 90.74
5 . e
| | | |
EER
3 4
98.15 91567 Q 99.54 94.44
Tl -
99.77 97.69 .] [. 99.54 95.37
l\fi?f,
7 8
- - 99.54 98.15 @ 100.0 97.69
T w20
.] % 99.77 98.61 99.77 99.07
]
il 12
99.77 99.07 100.0 99.07
| |
14

Figure 7. Results of the fourteen experiments. The first and the fourth column pictorially show the pairs
of paramount pixels selected to extract the trend codes. Thus for the second experiment, for example,
trend codes were derived between the four pairs of paramount pixels; L,R,, R,L,, T,B,, and B,T,.
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