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Abstract

In this work a new method of feature extraction for an interactive and adap-
tive recognizer for on-line handwritten alphanumeric characters has been proposed.
The system is suitable for use in conjunction with magnetic pen based devices for
inputting data to a data processing system or a computer terminal. The features
are extracted from dynamically changing locations of the writing device. The new
method of feature extraction is simple, computationally light and fast enough for
adaptive on-line use. Extracted features are robust with respect to all possible dis-
tortions like shape, size, and orientation. For simulation experiment, numerals 0 to
9 are used. A single hidden layer feed forward neural network trained by Quickprop
algorithm, a variation of error back propagation is used for recognition. Very high
recognition rates, even for highly distorted samples have been achieved confirming
high generalization capability of the extracted feature set.
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1 Introduction

With the technological advancement of sophisticated magnetic pen based de-
vices used as a more compact and comfortable input interface than keyboard,
on-line handwritten character recognition is becoming an active research area
of practical interest. Improvement of on-line handwriting recognition technique
is considered a necessary step to provide hand written interface to different
small portable machines (where keyboard is too big to attach) as well as to
computers for a more natural way of communication. On-line recognition refers
to the recognition mode in which the machine recognizes instantaneously while
the user writes using some special writing device e.g. magnetic pen on some
writing tablet. The user can easily detect and correct misrecognized character
and a close interaction between the user and the machine is possible. This is
extremely important in commercial development of personal digital assistants
(PDA), digital cellular phones or real time signature verifiers. The advantage
of on-line recognition is that the dynamic or temporal information of the pen
movement can be captured in contrast to the static images in case of off-line
recognition. This information leads to better and easier recognition algorithms.

Numerous methods and approaches for on-line character recognition problem
have been proposed till to date and they have already summarized in a few
exhaustive survey papers [1], [2], [3]. On-line or real-time character recognition
consists of the following main steps.

e Pre processing of the data
e Feature extraction
e (lassification

For designing real time reliable recognizer, we need fast algorithm for fea-
ture extraction as well as classification. Extracted features must possess high
discriminatory characteristics for better recognition with simpler classification
algorithms. There are variety of problems that need on-line hand writing recog-
nition with different standard and set of requirements. Some of the examples
are pen based computers or hand held devices, signature verifiers and various
development tools. Depending on the objective of the individual problem there
are different algorithmic approaches which in turn make use of different set of
discriminatory features. Many alphanumeric character recognition algorithms
have been developed to use geometrical or topological and statistical features
based on character shape which provides the most discriminatory information.
Feature extraction is the most crucial step for fast and efficient recognition. In
case of real time hand-written character recognition it is easy to capture the
movement of the writing device with respect to time. Recently researchers are
trying to use features from the dynamic information collected from the pen-
tip movement [4]. The pen trajectories on a digitizing surface are generally



normalized and local dynamical features such as number, direction and order
of the strokes, dominant points etc. are extracted.

In the classification stage lots of statistical approaches from curve matching [5]
to markov modelling [6] have been developed. Artificial neural networks, a
class of computationally simple adaptive trainable system, are now becoming
popular tools for pattern recognition problems. A number of neural network
models [7], [8], [9] have been developed for off-line handwriting recognition,
where the recognition is done after the handwriting has been completed and
no dynamic information is available for recognition process. Generally the
scanning of the image is done and either pixel values or some static shape
features extracted from the images are used as the input information. Le
Cun et al. [10] [11] have also developed neural network recognizers for on-
line recognition where dynamic informations in time domain as well as the
pictorial informations are used for fast recognition. Guyon et al. [12] used a
restricted neural network architecture for on-line character recognition where
sequential as well as local geometric informations from the pen trajectory has
been utilized.

In this work we focus on extracting efficient features from the time sequen-
tial signal generated by the pen movement on writing pad for reliable real
time recognition of alphanumeric characters required for better man machine
interface for personalized use. We propose a method for feature extraction
which is simple and computationally light. The extracted features are robust
with respect to different distortions like size, shape, orientation and noise
present in the sample and therefore have a high generalization capability. For
recognition, we have used a single hidden layer feed forward artificial neural
network (ANN) with Quickprop [14] , a variation of error back propagation,
as the learning algorithm. Though simple, the proposed alphanumeric charac-
ter recognition algorithm is fast and adaptive enough to act in real time with
moderately high recognition rate in an interactive mode. The performance has
been tested with a generated set of hand written data.

Moreover, to assess the efficiency of the proposed features for on-line char-
acter recognition, we have compared our method with other similar reported
methods. Among the reported works on on-line character recognition utilizing
time sequential signals we have selected the work of Guyon [12] and Li [5] for
comparison. The same set of generated handwritten data has been used for
simulation.

The next three sections describe the main three steps of the on-line charac-
ter recognition algorithm, preprocessing (collection) of the data followed by
our proposed feature extraction algorithm followed by classification. Section 5
describes simulation experiments and their results. The following section rep-
resents the results of comparison with other similar reported methods. Final



section contains discussion and conclusion.

2 Preprocessing of the data

The characters are inputted by mouse or written on writing pads by magnetic
pen. The sequential positions of the writing device i.e. the dynamic positions
are noted. The sequence of the position coordinates of the writing device are
used for generating the data. Thus here we get information for not only the
position of online pixels, but also their sequential order of generation. The
time sequential signal from the pen movement on the writing pad, collected
by sensor attached to the pad, is described as a sequence of consecutive points
on the x — y plane. Thus pth sample of 7th character class C; is expressed by
the time sequence of co-ordinates as:

Czu = {(xﬁ)a yz%)ﬂ (xétlﬂ yfl)7 ) (xétkv yﬁc)v o (.Tfn, yfn)} (1)

Figure 1 represents the generation of the data for a sample of numeric character
class 2 in which (z¢,yo) and (z,,y,) denote the initial and the final point of
the generated time sequence of co-ordinates for the particular sample.

The sampling rate of the signal is considered fixed for all the samples for all
the classes of characters. Thus the number of points n in the series of co-
ordinates for a particular sample is not fixed and depends on the time taken
to write the sample on the pad. As the number of points n in actual trace of
the characters are generally large and varies greatly due to high variation in
writing speed, a fixed lesser number p of points, regularly spaced in time are
selected for further processing depending on the particular problem.

The ¢ th point from the series of n points is selected according to the following
equation

i=1ix (n/p) (2)

The value of 7 is successively taken as ¢ = 0,1,2,...,p, and right hand side
of the Equation 1 is rounded to the nearest integer value to get all the p
successive selected points.

Thus the time sequential signal for uth sample of any character class C' for
further processing is expressed by the simple time sequence of co-ordinates as:

C* =A{(26,%0), (1, 01), -, (T, wk), - - (25, 4} (3)



The subscript ¢ used in Equation 1 to denote sample from a particular charac-
ter class C} is also dropped in Equation 3 to avoid complicacy in representation
and from now on we will write z}, and yj} to denote z, and y!, respectively .

3 Feature Extraction

The method of feature extraction proposed here from the pen movement on
the writing pad exploits the sequential and dynamical information present for
on-line recognition. The idea and algorithm is described below.

3.1 Idea and Algorithm for Feature Extraction

The idea proposed for feature extraction is at present applicable only for
real-time inputs. This is because it uses the time dependent positions of the
writing device, though the correlation of these sequential data is not explicitly
exploited in the classification stage at present.

The write pad

Fig. 1. Feature extraction from a sample of character class 2
Now to make the features independent of size and orientation, a modified
sequence is generated from the original sequence according to the following

algorithm which is also shown in Figure 1.

(1) The minimum rectangular area that cover pth sample of a particular
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character class is found from zf, , = —and yb.., yb  where

uw

i = minimum of all zis, z# = maximum of all z%s

4y maxr

Yhin = minimum of all y;'s, y¥ .. = maximum of all y}s.

(2) The centre of the rectangular area (z¥, y*) and the radius of the smallest
circle R* that could enclose the u* sample character is found as shown
in Figure 1.
(3) A new sequence is created from the sequence given in Equation 3 in terms
of the distances of the points
(0, ¥0); (25 y1)s--- (@, wi)s-- o (T4, h)
from the center (z#, y*) and normalized with respect to the corre-
sponding radius R*. So, we have a sequence of distances from the center
(=t yt') as,

Dt ={dy, dt,..., d, ..., d'} (4)

where

., distance between (7}, yj) and (z#, y*)
dt = (5)
k Ru

Thus this distance feature (i.e. the D* vector) becomes invariant of the
size and orientation of the sample character.

(4) Similarly the sequence of angles to capture the angular movement of the
writing device is created as shown in Figure 1. For this the reference line
has been taken as the line joining (zg, y§) (the first point in the sequence
given in Equation 1) and the centre (z#, y#). The succession of angles for
the rest of the points in the sequence is found as the angles between the
line joining the point (z},v)) and the center (z#,y”) and the reference
line. The sequence of angles thus generated is,

or={40, 01, 05,..., 0,..., 0} (6)

Here 6}, is the angle between the lines joining the pair of points
{(=t, y¥), (x0,40)} and {(a¥,y%), (2}, yy)} and 05 is O . This feature is
also invariant to the size and orientation of the sample character.

Now the sequences of signals represented in Equation 4 and Equation 6 are
used as the features for classification of different characters.

In addition to using time sequences D* and ©* for uth sample of a particular
character class presented in Equation 4 and Equation 6 as the feature vectors,
we also used Fourier Transform of those time sequences as two other feature
vectors for inputting to the next stage of recognition process i.e. to the neural
network classifier. Let Fourier Transforms of D* and ©* are represented as
DF* and ©F*",



4  Character Classification

We have used artificial neural network(ANN) for the classification stage of
the characters as they have become the most popular classifier for pattern
recognition problems, mainly due to following reasons.
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Input Feature 1 Input feature 2

Fig. 2. Artificial Neural Network Model used for classification

(1) Learning of the neural network can be simply done from the samples.
(2) Once learning is complete, recognition is done very fast.
(3) They have good generalization capability.

Though ANN'’s are proved to be efficient classifiers, the proper selection of
their architecture still remains a hard task and seems dependant on the par-
ticular problem. Here we have used multilayer feedforward perceptron (MLP),
the most popular architecture for classification task, for the classification of
alphanumeric characters with the proposed extracted features. The structure
of the neural network used is shown in Figure. 2. The extracted feature vec-
tors for uth sample character D#, © pair or DF* ©F* pair are fed to the
units of the input layer as the input feature 1 and input feature 2. The output
units correspond to the class of the recognized characters and thus the number
of neurons in the output layer is taken same as the number of classes. The
number of neurons in the input layer is taken as 2 X p, double the number of
points in the time sequences.



At the time of training, the training samples for a particular class are fed to
the input and the actual outputs are noted. The sum of errors calculated as
the deviation of the actual outputs from the ideal ones is back propagated to
train the network with the objective of getting actual outputs reaching their
ideal values as close as possible. After training, the network is tested with
unseen samples and the samples are classified according to the output with
highest value.

In between this input and output layer, one hidden layer is used. Nodes are
connected only in the forward direction i.e. from input units to hidden units
and from hidden units to output units as shown in Figure 2. We used a fully
connected network, where an upper layer node is connected to all the lower
layer nodes (though all connections are not shown in the Figure 2). The con-
nection weight between the 7** node in the upper layer from the j** node in the
lower layer is denoted as w;;. The input to the i'" node is the summation of
activations from nodes of the previous layer multiplied by the corresponding
connection weights i.e. ¥ w;; X a;, where a; is the activation of the j% node.
A sigmoidal like activation function produces the output from the hidden and
output nodes.

Usually error back propagation [13] learning rule is used to train MLPs. To
speed up training we used here Quickprop training algorithm [14] . Quickprop
uses information about the curvature of the error surface. This requires the
computation of the second order derivatives of the error function during train-
ing. Quickprop assumes the error surface, a function of connection weights, to
be locally quadratic (i.e. a parabola) and attempts to jump in one step from
the current position directly into the minimum of the parabola. Quickprop
computes the derivatives in the direction of each weight. After computing the
first gradient as in regular backpropagation, a direct step to the error minimum
is attempted by changing the weight as

S(t+1)
S(t)—S(t+1)

where Aw;;(t + 1) is actual weight change at (¢ + 1) th step, S(t+1) and S(t)
are the partial derivatives of the error function with respect to w;; at (¢ + 1)
th and previous (¢ th) step.
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Fig. 3. Sample images of numeral “2”

20
1]

=

20

Sy

‘‘‘‘‘‘‘ —

20

Fig. 4. Sample images of numeral “8”

5 Simulation and Results

5.1 Data Generation

For our present simulation we have used only numerals though alphabets can
also be used with our algorithm. C¥ sequences as expressed by Equation 1
for digits ¢ = 0,1,...,9 are generated from pentip movements as explained
before. The numerals were written by different writers and they are of different
shape, size and orientation. A total of 2000 samples ( 200 samples for each
digit) were generated. Four typical samples each for digit “2” and “8” are
shown in Figure 3 and Figure 4 respectively to show the amount of distortions
present in our sample set. The modified sequences, D* and ©#, have been
generated according to the procedure described in the previous section. The
D*#(t) and ©#(t) of the four digit “2” samples of Figure 3 and digit “8” of
Figure 4 are shown in Figure 5. The corresponding Fourier transforms DF*
and ©F" were computed and used as the extracted features for on line digit
recognition. DF* ©F*" for the same samples of digit “2” and digit “8” are
shown in Figure 6.

5.2  Simulation

We simulated our ANN using SNNS simulation package with the features from
generated data as described above. To keep the size of the neural network small
we used only 21 points, selected from the original sequence of Equation 1 with
the help of Equation 2 to generate the sequence given in Equation 3 with value
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Fig. 5. Four typical examples of D* and ©* for characters “2” and “8”
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of p =21.

Thus number of nodes in the input layer of the neural network is taken as
42 while the number of nodes in output layer is taken as 10 corresponding to
the ten numerals. Experiments with different network sizes i.e. with varying
number of hidden layer neurons have been done. Initially large number of
hidden layer neurons are taken and are gradually decreased. The whole sample
set is divided into training set with 100 samples and test set with 100 samples
respectively for each digit. The training set of 100 samples is further divided
into actual training set with 75 samples and validation set with 25 samples for
each digit. Various networks with same number of neurons in the hidden layer
with different initial weights are trained with the actual training samples for
all the classes for a pre-assigned minimum allowable output error and tested
for validation error with the validation set. The network having the smallest
error with respect to the validation set is used for further processing. In the
second phase, the number of hidden layer units are decreased and the training
procedure is repeated with actual training set and validated by validation set
for minimum validation error for determining the optimum number of hidden
layer neurons. The final selected network is used for testing recognition rate
with the test set.

5.8  Recognition Results

The optimum number of hidden layer neurons has been chosen as 26. The
results reported here are for the optimum trained network with 26 hidden
units corresponding to the minimum validation error. Table 1 represents the
simulation results in terms of recognition rate of the optimum trained network
both with the traning sample (actual training and validation sample) and the
test samples (unused during training). with two sets of extracted features
Dt o* ( from the modified sequence) and DF* | ©F* ( from the fourier
transform of the modified sequence) ).

We used both the feature sets as the input to the NN classifier for all the
digits. After training the network , we used both sets of samples, the set used
for training and the set kept aside for testing, for checking the performance of
the network. As is obvious, the classification result with the training samples,
with the network is very high and is almost 100%. With the unseen samples
set aside for testing, the result reflects the good generalization capability of
the extracted features. It is seen from the table that both the classification
and the generalization efficiency is better when fourier transforms of the orig-
inal extracted features are used as input features than the extracted features
themselves.
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Table 1
Recognition rate with training and testing data and different extracted features

Recognition rate in percentage
Using D(t)and O(t) Using DF(t) and OF(t)
digit | on Training data | on Testing data | on Training data | on Testing data

0 100.0 96.4 100.0 100.0
1 96.3 84.5 100.0 95.8
2 92.7 74.5 96.4 88.2
3 96.3 84.5 100.0 92.1
4 92.1 76.5 100.0 96.5
5 100.0 92.3 99.8 96,5
6 100.0 88.2 100.0 92.3
7 96.4 84.5 100.0 94.6
8 100.0 100.0 100.0 100.0
9 96.4 80.2 96.1 88.1

6 Comparative Performance Evaluation

Among the earlier works on online character recognition from the time se-
quential signals obtained from pen trajectory, the works of Guyon et, al. [12]
and Li and Young [5] are the most relevant to our works in connection to fea-
ture extraction. Guyon et, al. used position coordinates of the pen trajectory
after simple preprocessing as the features for on-line digit recognition with
a feedforward layered network similar to time delay neural network. Li and
Young extracted dominant points in strokes and the writing direction between
consecutive dominat points from the time sequential signal of the pen trajec-
tory. They then used the sequence of the dominant points and the directional
information as the features for the recognition of handwritten characters. For
classification, they used dynamic programming matching using the idea of
bandlimited time warping.

In both the cases the extracted features as well as the the classification meth-
ods are different from our proposed work. In our experiment we have used the
features reported in their works with a simple multilayer perceptron classifier
trained with quick propagation algorithm for classification for the same data
set and compared the results with the classification results we got with our
proposed features. The simulation results are shown in the next section.
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6.1 Simulation and Results

For simulation we used same samples, each sample is described by Equa-
tion 1. For extracting features according to Guyon’s method the samples are
resampled to obtain regularly spaced points and then rescaled to remove scale
distortions. The direction and the curvature of the trajectory are also found
out at each point and are added to the feature set.

Feature extraction according to Li’s method involves finding out the dominant
points in the trajectory and direction primitives between dominant points.
The original sample signal represented by Equation 1 is used to find out the
features as described in Li’s paper. Here the feature set includes the sequence
of dominant points and the sequence of direction primitives.

To allow effective comparison with our proposed features, in both the cases
(Guyon’s and Li’s ) a sequence of 21 points is used to represent a particular
character. We used only numerals in our experiment. Multilayer feed forward
perceptron of same structure ( 42 neurons in the input layer, 10 neurons in
the output layer with one hidden layer of 26 neurons) trained with quick
propagation used for classification with our extracted features has been used
here. As described in sec 5.2, the total sample is divided into training and
testing sample and the training set is further divided to actual training and
validation set. The network is trained with quick propagation algorithm with
actual training set and validated with the validation set for minimum error.
The experiment, is repeated for several times with different initial set up of the
network. The optimum trained network is used for testing the network with
test samples.

Table 2 represents the recognition rate obtained with the both the training set
(actual training set and the validation set) and the testing set. Simulation re-
sults of Table 2 shows that Li’s features are better than Guyon’s features when
classified with our MLLP network.. Comparison with the recognition rates rep-
resented by Table 1 shows that our proposed features perform better. Though
classification accuracy depends heavily on classifier type, it is reflected from
our experiment that in the same environment with a simple classifier, our pro-
posed features are more efficient than the features reported in other works.
Analysis for the feature extraction reveals that the computational burden of
extracting our proposed features are less than that of other features.
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Table 2
Recognition rates with other set of features

Recognition rate in percentage
Using Guyon’s features Using Li’s Features
digit | on Training data | on Testing data | on Training data | on Testing data
0 97.1 89.3 100.0 100.0
1 96.2 86.4 98.4 96.4
2 94.4 80.2 95.4 90.5
3 92.3 82.5 99.8 90.5
4 90.8 74.6 98.4 94.3
5 98.1 84.3 100.0 92.1
6 98.1 86.2 100.0 92.1
7 96.2 85.8 100.0 93.4
8 98.3 92.2 98.4 94.6
9 96.6 82.1 94.6 82.2

7 Conclusion

In this work, we have proposed a new idea for feature extraction, which is
simple, computationally light, reasonably fast and suitable for designing on-
line interactive and adaptive handwritten character recognition system to be
used in conjunction with magnetic pen based devices for inputing data to a
computer terminal or other data processing systems. Even with very distorted
characters and very small training sample set, using our feature extraction
technique we achieved a high degree of recognition accuracy for unseen test
samples. This shows the high level of generalization capability of the proposed
feature set. Our algorithm is fast enough with moderately high recognition
rate perfectly suitable for designing an adaptive interactive system where the
system needs the feedback capability to improve its performance such as per-
sonal digital assistants meant for personalized use.

However, there are still many areas for improvement for our algorithm. The
dots that trace the character tends to concentrate more where the second
derivative of the trace is larger. Also it depends on the writer and his own
style. We sampled points at regular intervals of count (see Equation (5)).
If the points were sampled along the trace at equal distances it would be
more free from noise involved due to individual styles, though the process
would cost more computation. In fact, when the ultimate aim is to personalize
the handwriting recognizer for an individual, or to use for tasks as signature
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identification, our approach would give better result. We would like to carry
out more experiments in this regard.

Our experiments are done with a small sample set and only on numeric char-
acters. To assesss the actual usefulness of our features in case of practical
online recognition problems we need to study a far more larger sample set
collected from real life applications. Another obvious area of improvement is
to increase the number of inputs of the neural network classifier i,e the size of
the network which will allow us to take more points per sample for better rep-
resentation which we plan to do with bigger sample set. Further, in designing
our algorithm we have not taken into account the inherent correlation of the
sequential time signal, a possible source of information for improving efficiency
of the recognition system. We would like to extend our study in this direction
in near future. Though we need further experimentation with more complex
problems like on-line signature verification, our proposed new features extrac-
tion algorithm has been proved significant in the limited experiment we have
reported in this paper.
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