Handwritten Character Recognition Using Orientation
Quantization Based on 3D Accelerometer
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ABSTRACT

This paper presents an online handwritten charader recogrition
system. The whal e system includes threeparts: accéeration signal
detedion, signal processng and reagntion by Hidden Markov
Modd (HMM). In hardware asped, a mini-board with a
threedimensional accéerometer and a microcontroller is used to
get red time accéeration values and send them to a termina
continuowsly. After effedive sedion extradion and lowpass
filtering, different quantizing methods based on acceéeration
orientation are used to quantize numerous data into small integral
vedors. At last, we use HMM to do the recogrition. For the
experiments with 10 Arabic numerds, this system shows a high
Reawmgrition Rate (R.R.) of 94.29% in the database of 42 models
for every Arabic numeral. This system could be used to reducethe
size of handheld devices by discarding number keys and make
human computer interadion more convenient and interesting.

Keywords
Handwritten Charader Recwgrition, Accderometer, Hidden
Markov Model, Quantization based on Orientation, MEMS

1. INTRODUCTION

Ubiquitous (Pervasive) computing requires “anytime, anywhere,
anyhow accessof computing for anybody'. Ubiquitous computing
devices shoud be tiny, effortlesdy portable and constantly
available, and it is better to be embedded in the environment as a
distradion-free system. Many new kinds of techndoges on
Human-Computer Interadion (HCI) are thriving these yeas, such
as speed reaognition, vision-based gesture recogrition and tablet
types of devices, and they are much more effedive and efficient
than the traditional manner [1]. Thus, users could interad with
computing devices more fredy and diredly withou keyboards.
However, there exist some innate drawbadks in them. For example,
it is impdite to communicae with a computer in some quiet
pubic places for speedt remgntion users, and firmly fixing a
camera outside a user is very inconvenient too. Gesture
recognition based on inertial devices is an origina, dired
human-computer interading way, becaise the motion of limbs is
driven by the forcefrom muscles and the inertial devices could
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deted the outcome of the force say acceeration and anguar
velocity, diredly, so people could even use them withou any
distradion all thetime.

2. RELATED WORK

Generally, the whae process of gesture recogrition based on
inertial devices could be divided into three parts, origina data
sampling, fedure extradion and reagrition agorithm. For every
singe part, there are severa methods or models.

To sample acceeration and anguar velocity, inertia devices like
accéerometers and gyroscopes are widely used in online system
[1], [2]. However, if gyroscopes are used, there must be a large
number of sine/cosine and coordinate transform operations. It
would bring a heary computationa burden to the processor.
Ubiquitous computing shodd be low-cost and avoid heary
cdculation. So if a task could be completed only by
accéerometers, gyro shoddn’'t be used. An online charader
remgrition system means that not the trgjecory but the
acceeration or velocity is considered and during the sampling
process the system must be able to record the red-time status by
time. Correspondndy, the offline system needs only the trajedory
of acharader.

To extrad fedures from the gestures, we could use the trajedory
by integrating the accéeration twice the velocity by integrating
the accéeration onetime or use the accéeration diredly. From [3],
we know that recogrition based on acceeration shows a high
recogrition rate, and the poa performance of the other two
methods come from the acaumulated off sets duringintegrations. In
[4], Eun-Seok Choi extrads feaures from accéeration curves by
deteding fedure points, which are defined as locd minima or
locd maxima points where the signal values are minima or
maxima within some time interval. In vision-based gesture
reagrition, Mahmoud Elmezan has cdculated the orientation
between gravity center of the trajedory and ead paint in a pure
path. Then the orientationis quantized to give a discrete vedor [5].
In this paper, we sded the latter to quantize the accéeration
signal.

Finaly, many a gorithms have been used to recognize gestures like
HMM, Bayesian Networks (BN) and Dynamic Time Warping
(DTW). Most reseachers use Discrete HMM to find the most
probable adivity state [5], [6], [7], which doesn’t invdve much
math cdculation. In [3], bath Continuows Hidden Markov Model
(CHMM) and DTW are implemented and they used HMM Tod
Kit (HTK) to do recgnizing operation. HTK from Cambridge has
pefed performance in Speeh Recogrition; however, it costs



much hardware resources for handheld embedded applicaions. In
[1], [4], BN is used to recogrize Arabic Numerals. In this paper,
we choose Discrete Hidden Markov Model (DHMM) as the
recognition algorithm and a software named HMM Sim [8] is used
to assst the processng.

Accderation-based Gesture Reaogrition has been widely used to
improve the quality of Human-Computer Interadion (HCI), such
as sign languege reagnizing, medicd monitoring, handwritten
charader recognizing and many other applications [10]. In [9],
Duy Bui has successully remgnized al the postures in
Viethamese Sign Languege by six accéerometers. If this designis
combined with the techndogy of speed synthesis, it would be
quite helpful for the ded and dumb to “spe&”. Moreover, in
recant yeas, many reseachers have developed devices to assst
persons with abnamal ading habits in developing normal pattern
of adion[2], [6].

Reminder of this paper is organized as foll ows. Firgt, the hardware
of this system is introduced. After that is the main part, fegure
extradion, which includes eff edive sedion extradion, coordinate
trandation, filter algorithm, and quantization based on orientation.
Then we describe the approach of HMM includingtraining and the
testing process of handwritten charader. Experimental results are
discussd beforethefina part, a brief conclusion.

3. HARDWARE SYSTEM

The 3D accéerometer MM A7260T we used is made by Freescde
Semicondictor, which has seledable measuring range
(1.5¢g2g4g69), a high sensitivity (800mV/g @ 1.5g) and a very
small Quad Flat Package (QFP) of 6mmx1.45mm. MC9S08QG8
is an 8-bit microcontroller made by Freescde Semicondictor too.
It has many excdlent feaures, such as 20-MHz working frequency,
8 Kbytes FLASH, 512 bytes RAM, 8-channel 10-bit analog to
digital converter and a serial communicéation interfacemodue. A
snapshat is shown asfigure 1.

Micro-
Controll

Figure 1. A snapshot of hardware system

Both the accéerometer and the microcontroller are fixed on a
small Printed Circuit Board (PCB), which is size of 47x72 (mm).
The mini-board is conreded to a computer with a seria port line
which is used to transmit accéeration signals and power the board
a the same time. It is just a demo board and if this system is
implemented in pradica products, the board could be made much
smaller becaise the comporents like JTAG, Serial port and the
buttons will be discarded or laid inside the PCB.

4, ALGORITHM

The aim of fedure extradion in charader recognition is to get as
much information as possble from the original signal, which
could be transferred through seria port line continuowsly, and try
to find a baance between quantizaion quality and agorithm
complexity. Considering that no matter in which diredion the user
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draws, every handwritten charader is drawn in a 2-dimensional
plane, we could discard the accéeration in z-axis. Thus al the
operations could be simplified from 3D to 2D. The flow chart of
this system in software asped is shown as figure 2.

4.1 Effective Section Extraction

Before extracting acceeration information, the data stream shoud
be divided into many singe units that contain the information of
one handwritten charader, so eff edive sedion extradion modue
is nealed to be exeauted before the others.

To deted the beginning of a handwritten charader, a threshold
accéeration value ¢ is set acwording to experience If the
acceeration change in x-axis or y-axis surpasses this threshadd, it
would represent a beginning of a handwritten charader. The end of
a charader means no motion for this charader any more, so we
define the end to be the accéerations’ kegping invariable in bath
x-axis and y-axis for a short time. Foll owing equations present the
methodto deted the beginningand end paints.

{aX(T+1)—aX(T)<9 and [a,(T+1)-a (T)<6 T<T, (1)
@ (T+3 -2 Y [>6 or [a(T+d-a(J po T=T,

{@(T +1)-a(T)<¢
3, (T+3-a( T |<¢

where, T, is the sequence number of beginning, T is the
sequence number of the end, 6 is the accéeration threshdd at the
beginning, @ is the acceeration threshod of the end and N
dencates the hading time of the end. In this way, a matrix A could
be constructed and it has and only has all the accéeration data of a
handwritten charader in bath x-axis and y-axis.

A:{ay(-ro) a (To+1) - ax(de):| 3)
3,1 a(Th+) - a (T

2
for T=T,, Toq+l T+ N @

end? "en
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Figure 2. Flow chart of algorithm

4.2 Zero Bias Compensation and Filtering
The output of an accéerometer is a constant voltage cdled zero
bias when it is stationary in every diredion. The constant is a



summation of the gravity accéeration and a drift. There are many
unexpedable environmental factors make drift kegp changing all
the time, like temperature and eledric field. The drift could be
regarded to be random as a function of time but constant within a
short and cetain period of time. So the modue of zeo bias
compensation (coordinate regularization) is used to discard the
zeo bias of accéeration data. In following equetions, g, is the
average accéeration during the time from Ty to Teng, and the
values in x-axis and y-axis are nat distingushed here for their
simil arity.

_ 1 Tena 1 s (4)

a(i):g(i)—ao i=T0,~--,de (5)

where, a(i) is the original accéeration value in either x-axis or
y-axisanda(i) is the value after zero bias compensation.

The accéerometer output isaseria of discrete accéeration values.
Due to accéerometer structures and random vibrations, there
exists some noise in the output. Average Filtering is one of the
simplest methods of filter algorithm.

1 i

a() = 3 al) =T T

" ®)

i=j

where, a(j) isthe accéeration value in either x-axis or y-axis, M is
aparameter to adjust the strength of filtering.

For the ten Arabic Numerals written in the way as figure 3 shows,
accéeration value curves are drawn as a function of timein figure
4. Green curve (light) is the accéeration in x-axis and blue (dark)
isfor y-axis.

4.3 Quantization Based on Orientation

Feature extradion is a very important part in our method to
reognize the handwritten charaders. In vision-based gesture
reaogrition, reseachers use location, velocity and orientation as
the main feaures. Previous reseachers [5] have concluded that
orientation fegure has the best performance for vision-based
gesture reaognition. So we get the information that orientation is
the most important information from a trgjecory curve. Although
the accéeration isn't integrated twice into locaion, we could still
draw a traedory curve by accéeration information diredly.
Therefore, in this sedion, we regard the sequence of accéeration
vedors as a serial of points in 2D coordinate space and an
acceéeration trajedory curve is got by conneding the points. The
x-axis is the accéeration in x-diredion and the y-axis is for
y-diredion. In this way, figure 4 is redrawn into figure 5 by
changng the meanings of abscissaand ordinate.

O/ 23
6787

Figure 3. Trajectories of Arabic numerals
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To extrad the orientation information, it is necessary to divide the
2D coordinate spaceinto some parts. There are theoreticdly quite
a large number of ways to finish this task; however, there exist
some constraints at the same time as follows. First, the space
couldn’'t be divided into too many parts, because the sampling rate
of acceéerometer is a constant value, and if so, the quantizaion
would be impredse. Second, the number of divisions can’t be too
small, or the accéeration information would be largely lost at this
step. Third, the method to divide the space must refled the
feaures of curves. For example, asfigure 5 shows, there are many
circles in the curves, so we shoud use the ange vaue instea of
the distance in quantization method, if al the points are put into
pdar coordinates system. Finadly, considering the range of
accéerometer, al pointsin these trgjedories must bein aredande,
so the task is to find out a way to divide this redange. Figure 6
represents two methods of quantization, 4-division and 6- division,
based on orientation in pdar coordinates system. When the
trajedory curve passes through a division, it would prodiuce one
digit (withou iteration) or a serial of one digit (with iteration) and
detail s of quantization methodswill be presented in sedion 5.

“ g gy g won
“g g

Figure4. Acceleration curvesin x-axis and y-axis by time

“qy wp o g

“ gy wgy “gn wopn

“gr “gr
Figure5. Acceleration trajectory curve
In this way, for every handwritten charader we could extrad a

serial of numbers acwrding to the accéeration trgjedory. The
numbers contain the ande information of the handwritten



charader in pdar coordinates. In following parts, these two kinds
of quantizaion would be compared. Besides, it is noted that there
are many repetitions for the numbers after quantization, so we
would aso prove that the repetitions have much important
information and are hel pful for recogrition.

(a) 6-division

(b) 4-division

Figure 6. Quantization in polar coordinates system

4.4 Classification Based on Discrete HMM
Discrete  HMM (DHMM) is a lightweight solution for
classfication compared with Continuols HMM (CHMM), DWT
and other methods. In this part, we use software, Discrete Hidden
Markov Model Simulation (HMM Sim) to simplify the cdculation.
In [8], the author of this tod presents the incentive and objedive
of writingit and gives an introduction abou the operation.

441 Hidden Markov Modédls

Markov modd is a mathematicd mode of stochastic process
where these processes generate a randam sequence of outcomes
acaording to certain probabiliti es [10], [11]. It is trainable and the
underlying stochastic processis unobservable, so we cdl it hidden
markov model. Both CHMM and DHMM are widely used in
Pattern Remogntion and many other fields. For DHMM, the
observable states and invisible states are al discrete.

A HMM is a colledion of finite states S = {S;, S ... S¢
interconreded by transitions. Each state has a number of distinct
observation symbds V = {v4, v, ... vy} correspondng to the
physicd output of the system [2]. A HMM can be spedfied by the
following notation:

A=(AB,m) ™

where, the state transiti on probability distribution A = {a;;}, and a;
denates the probability of transition from S to §. The observation
symbad probability distribution at the given state S, B = {b;(x)}.
Theinitial state probability distributionvedor z = {z }.

Aisan N by N matrix, Bisan Nby M oneandr isa 1 by N vedor.
All of them shoud be initialized by experience at first. Number N
represents the number of states in the mode and number M is of
distinct observation symbds per state. In [5], HMM are divided
into three topdoges. Fully Conreded (Ergodc) modd,
Left-Right model and Left-Right Banded model. In this paper, we
use the first one, bath N and M are set to 10 and al the unitsin A,
B and 7 are set to 0.1. Althoughthese values areimpredse initialy,
they would kegp approaching a perfed outcome in the process of
numerous iterative cdculations.

442  Clasdfication
There are three problems for HMM to solve.

® First, consider the problem where we have a number of trained
HMMs describing different systems, and a sequence of
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observations. The problem is to find which HMM most
probably generated the given sequence or cdculate out the
probability of every HMM for the observations.

® The semnd problem is to find the most probable sequence of
hidden states given some observations.

® The last one is to generate a HMM from a sequence of
observations.

By HMM Sim, we could find the parameters of the HMM which
maximize the probability to happen upon cetain sequences of
observations (HMM Problem 3) and estimate the probability to
happen upon a particular sequence of observations (HMM
Problem 1). Figure 7 is the flow chart of HMM training and

testingin detail .
* Loading a MMM file \
Training Loading patterns (0)

Loading patterns (1)

Loading patterns (9)

Loading a sequence of
observations

<£17 Saving

Trained HMM (0) <«
Trained HMM (1)

Trained HMM (9)

7

Probability of HMM(0)
Probability of HMM(1)

Maximum
An Arabic
Numeral

Figure7. Flow chart of classification by HMM

Probability of HMM(9)

At the beginning, aHMM file is loaded, which contains matrix A,
B andvedor zinit. Thisis both an initidizaion file and the basis
of al the iterations. Then for every Arabic numeral, there are
several patterns sampled arealy to train HMMs. After the step of
training and saving, we get ten trained HMMs. For every trained
mode, using Forward Algorithm (FA) we can cdculate out a
probability value of an observation sequence and this is just the
HMM problem 1. The find step is to compare al the values of
probability and the Arabic numera correspondng to the biggest
valueis the outcome of clasdficaion.

5. EXPERIMENTAL RESULTS

To test the performance of this system, large numbers of
experiments have been caried out. Most efforts are made to



evaluate different kinds of quantization based on orientation. The
methods of quantization are implemented in Matlab Language and
becaise bath Matlab and HMM Sim could convert programs into
C++ language, it is convenient to compile this system into
exeautable file on Windows.

For every Arabic numera, we record 42 times of inpu motion
samples as figure 3 shows. Blad points represent the beginning
locaions and the arrows represent the end locaions and the
diredions of trgedories. The dashed lines mean that for
paper-based handwritten charaders they shoud be skipped over,
but for acceeration-based ones they are recorded al together with
the other strokes and have effed on the results of recogrition too.
For the charaders having more than one stroke, it is difficult to
separate a trgjedory into several singe parts, becaise deteding a
beginning or an end point during a motion withou any halt is not
an easy task and the error-deteded would have grea bad effed on
the recogrition rate too. The ways to draw these Arabic numerals
in the air are al the same as the ordinary way. Compared with the
self-defined gesture shapes [1], [13], dthough some trajedories
are complex and would add extra difficulties in recognition, they
are more user-friendy and easier to be acceted. Half of the
samples are used to train HMM s and the other half are used to test
the performance To compare the two methods of quantizéion in
sedion 3.3, we use baoth of them in experiments.

At first, we chocse the simplest quantizetion method, which is
4-division withou iteration. The reason to discard the iterations is
to test whether they are helpful to HMM recognition and contains
useful information or not. Quantizaion of 4-division has only four
feaure numbers and the cdculation would be much simpler than
6-division one, so the first step is to test the performance of the
4-division withou iteration and the results are shown in table 1.
Then as table 2 shows, the test results by quantization of
6-division withou iteration are presented. Finally, test results of
the most complex quantizaion way are shown in table 3. In the
tables, the rows marked “nore” mean that the probability values of
al the ten numerals are zero and the input can’t be recognized by
any one of al thetrained HMMs.

In table 1, we can seethat for “0” and “4” more than half the
outcomes are incorred, and moreover “0” and “6” are almost
undstingushable. In this case, the numeras with complex
trajedories are difficult to recogrize becaise the number of
guantizing classficaionis too smal to extrad enoughinformation
for recogntion. In table 2, the problem is that bath “2" and “3"
have high rates to be incorredly remgnized as “0”. By the way,
from some poaint of view, being unable to recognize a numeral is
better than an incorred reagnition, because the latter may result
inincorred output without the user naticingit.

Both Table 1 and Table 2 prove that the quantization of 4-division
loses too much information that some digits couldn’t be told apart
from eat other. Considering the drawbadks of the above two test
results, we implement the quantization of 6-division with iteration.
As table 3 shows, the test results have arealy got grea
improvement and to a cetain extent the error-deteded are
homogeneously distributed amongthe ten numerals.

In summary, we draw a histogram as figure 8, which presents
every Arabic numeral’s rewmgrtion rate of al the three
quantizetion methods. The recogntion rates of 4-div., 6-div.
withou iteration and 6-div. with iteration are 77.14%, 84.76% and
94.2%%.
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Table 1. Test results by quantization of 4-division without

iteration
In
out 0 1 2 3 4 5 6 7 8 9
0|11 O 6 0 9 0 0 O
110 16 0 O O O O O o0 O
2|10 0 22 0 0 O O 2 o0 O
3|0 0 0O 22 0 O O O 0 O
4 0 0 0 0 9 0 0 0 0 0
5 0 0 0 0 0 16 O 0 0 0
6 |19 1 0 0 5 0 12 O 0 0
710 1 0 O O O O 17 0 O
8|/ 0 1 0 O O O O o0 18 O
9|0 0 O O O 4 0 O0 3 21
Noneg 1 2 O O 1 1 O 0 O

Table 2. Test results by quantization of 6-division without

iteration
In
out 0 1 2 3 4 5 6 7 8 9
0[]20 O 7 11 O 0 0 0 0 0
1 0 19 O 0 0 0 0 0 0 0
2 0 0 12 0 0 0 0 0 0 0
3 1 0 2 10 0 O o 0 o0 3
4 0 1 0 0 20 O 1 0 0 ©
5 0 1 0O 0O 0O 20 0 0 o0 o0
6 0 0 0o o0 o o 18 0 0 O
7 0 0 0O 0O 0 © 0 20 0 O
8 0 0 0 0 0 0 0 0 21 O
9 0 0 0 0 0 0 2 0 0 18
Nore| 0 0 0o oO 1 1 0 1 0 O

6. CONCLUSIONSAND FUTURE WORK

In this paper, we present a system to recognize handwritten Arabic
numerals using orientation quantization. This is an online system
and the recogrition is based on acceeration information instead of
trajedory. Accderation signa's are sampled by a high performance
3-dimensional accéerometer from Freescde Semicondictor. In
algorithm asped, threekinds of quantization based on orientation
are compared by alarge number of experiments and the quantized
accéeration data are recognized by Discrete HMM. From the test
results, a conclusion is drawn that the quantization method of
6-division with iteration is better than the other two and is proved
to be feasible in pradice Moreover, the gquantizetion method
introduced in this paper is not complex and it can be optimized to



get ahigher recogntionrate in successon.

This paper also proves that mohil e and handheld devices could run
without any number key (including physicd keys and the ones on
touch-screen which deted presaure from pens or fingers); in this
way large spacecould be saved for their small size If this system
is combined with some other gesture recogrition techndogies like
“swaying’ or “inclination”, which could be defined as “Enter”,
“Quit” and so on, a keyless mohile phore or PDA could be
redized. And if the charader reaognition could be developed into
sign language recogrition withou too many sensors, it would be
gredly helpful for norma person to understand sign language.
Moreover, if sign language reagntion could be combined with
speed synthesis techndogy succesgully, maybe the ded and
dumb could “ spe&k” someday like norma human beings.

Table 3. Test results by quantization of 6-division with

iteration
In
out 0 1 2 3 4 5 6 7 8 9
0|21 O 0 0 o 0 0 0 0 0
1 0 19 0 0o o 0 0 0 0 0
2 0 0 20 0 O 0 0 0 0 0
3 0 1 1 21 O 0 0 0 0 0
410 1 0 0 19 o0 0 0 0 1
5 0 0 0 0O 0 19 o 0 0 0
6 0 0 0 0O o 0 20 O 0 0
7 0 0 0 0O o 0 0 21 O 0
8 0 0 0 0o o 0 0 0 21 O
9 0 0 0 0o o 0 0 0 0 17
None| 0 0 0 0 2 2 1 0 0 3

In the future work, we would try to remgnize simple sign
language samples and introduce more sensors like gyroscope and
temperature sensors to reamgnize human daily adiviti es and hedth
condition. Besides, anather god isto reducethe number of sensors
and get a balance between system performance and hardware
requirement.

1 T T T T T T T T T
4 8 a
Figure8. Histogram of Recognition Rates

From left toright, blue, green and red represent 4-div.
without ite.. 6-div. without ite. and 6-div with ite.
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