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ABSTRACT

In the office automation area, many handwritten documents are di@itized for ease of backup and transmission.
The demand for digital writing instruments is thus expected to grow rapidlyain coming years. Theré are many
different types of systems already available in the market¢’An“accelerometer-based digital pen for handwritten
digit and gesture trajectory recognition applicationsfis currently“active area on research. Recently, we have
developed a prototype of a MEMS (Micro-Electro=Mechanical Systems) based digitalavriting instrument which
constructed from MEMS accelerometer for capture of,handwriting. In this‘penitype device consist of a triaxial
accelerometer, a microcontroller, and RFE wireless madule. After this users can use the pen to write digits or
make hand gestures, and the accelerations®*of hand motions,measured by the accelerometer are wirelessly
transmitted to a computer for online trajectory recognition. AfterimeaSurement of this acceleration signals we
can recognize it by using trajectory,recognition algorithm. In the recognition algorithm basically we are using
acceleration acquisition, signal ‘prepracessing,and feature generation. After this features are given to the PNN
(Probabilistic Neural Network) classifier for the classification. After this we will be calculate the effectiveness
of the trajectory recognition algorithmdor handwritten digit and gesture recognition using the proposed digital
pen.

Keywords: Accelerometer,, Microeontroller, RF Wireless Module, Trajectory Recognition
Algorithm

| INTRODUCTION

The “Electronic Whiteboard” and “Digital Pen” are new instruments in the office automation industry that may
someday completely replace the computer keyboard, which is still the preferred alphanumeric human-to-
computer input device. These new devices aim to capture human handwriting or drawing motions in real-time
and store motion strokes for digit recognition or information retrieval at a later time. For sensing these
accelerations of the humans and capture the motion trajectory information has been proposed the inertial sensors
in this portable device so the advantage of inertial sensors for general motion sensing is that they can be
operated without any external reference and limitation in working conditions. However, motion. Trajectory

recognition is relatively complicated because different users have different speeds and styles to generate various
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motion trajectories. Thus, many researchers have tried to narrow down the problem domain for increasing the
accuracy of handwriting recognition systems

In 1964, the first graphics tablet was launched, the RAND Tablet [1] also known as the Grafacon (Graphic
Converter). It makes use of electromagnetic resonance to digitize pen motion. In the next 40 years of
development, many different well-developed methodologies to digitize handwriting have been proposed.
Targeting business and academic institutions, ultrasonic, infrared and optical sensing are currently the most
popular technologies for detecting the position of a digital pen on a large area electronic whiteboard. Luidia Inc.
and Sanford LP have separately proposed systems, eBeam and mimior respectively, that can modify a
conventional whiteboard by placing a receiver in its corner. The receiver uses infrared and ultrasound
technologies to translate pen movement into positions which are recorded on agcomputer. However, the price of
the overall system is very expensive, and the active area is limited,

Recently, some researchers have focused on reducing the error of Mandwriting. trajectory reconstruction by
manipulating acceleration signals and angular velocities of inertial sensors However, [2] the reconstructed
trajectories suffer from various intrinsic errors of inertial sensors. Hence, any researéhers haveffocused to
improve effective algorithms for error compensation of ineftial'sensers to improvesthe a¢curacy.of recognition.
Dong et al. [7] proposed an optical tracking calibrationymethod“based on optical tracking system (OTS) to
calibrate 3-D accelerations, angular velocities,4and space attitude of handwritinggmotions. The OTS was
developed to obtain accelerations of the proposed ubiguitous digital writing instrdment (UDWI) by calibrating
2-D trajectories and to obtain the accuratéattitude angles by using the multiple’camera calibration. However, in
order to recognize or reconstruct motion trajectories accurately, the aforementioned approaches introduce other
sensors such as gyroscopes or magnetometers to obtain preciseherientation. It increases additional cost for
motion trajectory recognition ‘systems as well as the algorithm Jof the trajectory recognition is also becomes
complicated.

In this project we have proposed aniacceleremeter digitalspen for handwritten digit & gesture recognition. In this
pen type portable device consist ofiafiaxial accelerometer, a microcontroller, and RF wireless module. The
acceleration signals_ measured by this transmitter are transmitted to the computer by using wireless module.
After measurement of this acceleration Signals we can recognize it by using trajectory recognition algorithm. In
the*“recognition algorithm<basically we are using acceleration acquisition; signal preprocessing, feature
generation and PNN classifier.<The signal preprocessing procedure consists of calibration, a moving average
filter, a high-passyfilter, and nermalization. In the feature generation it includes the preprocessed acceleration
signals of each axis ineludesrange and Zero Crossing. These features are given to the as the inputs of classifiers.
In this paper, we propased a probabilistic neural network (PNN) as the classifier for handwritten digit and hand
gesture recognition.

The main aim of this paper to develop the portable digital pen with a trajectory recognition algorithm, i.e. with
the digital pen, users can deliver diverse commands by hand motions to control electronics devices anywhere
without space limitations, and an effective trajectory recognition algorithm, i.e., the proposed algorithm can
efficiently select significant features from the time and frequency domains of acceleration signals and project
the feature space into a smaller feature dimension for motion recognition with high recognition accuracy.

After this in this paper we will see the details of hardware components of the digital pen in detail, respectively.

The trajectory recognition consisting of acceleration acquisition, signal preprocessing, feature generation and
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PNN. Then we will see the simulation results of the digit and gesture recognition. Finally conclusion given in

the last section.

Il SYSTEM OVERVIW

This is the schematic diagram of system which is the digital pen. We will develop a pen-type portable device
and a trajectory recognition algorithm. The pen-type portable device consists of a triaxial accelerometer, a
microcontroller, and an RF wireless transmission module. The acceleration signals measured from the triaxial

accelerometer are transmitted to a computer by using the wireless module. Users can this digital pen to write

digits and make hand gestures at normal speed. The measured acceleration se motions can be

recognized from the trajectory recognition algorithm.
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2.1 AVR Microcontroller

The ATmegal6 is a low-power CMOS 8-bit microcontroller based on the AVR enhanced RISC Architecture. By
executing powerful instructions in a single clock cycle, the ATmegal6 achieves throughputs approaching 1 MIPS
per MHz allowing the system designed to optimize power consumption versus processing speed. The AVR core
combines a rich instruction set with 32 general purpose working registers. All the 32 registers are directly
connected to the Arithmetic Logic Unit (ALU), allowing two independent registers to be accessed in one single
instruction executed in one clock cycle. The resulting architecture is more code efficient while achieving
throughputs up to ten times faster than conventional CISC microcontrollers. Basically inthe microcontroller there

are ADC channels. We are use this channels for the conversion of analog data inta'the digital*form.

2.2 MEMS Accelerometer

In this project used the MEMS —~ACCELEROMETER -MXA 2800 The MEMS IC device is a complete dual-
axis acceleration measurement system fabricated on a mon@lithic CMOS IC process. The“device operation is
based on heat transfer by natural convection and operates like other accelerometers having a proof mass except
it is a gas in the MEMSIC sensor. A single heat soufce, centered in the silicon chip is suspended across a cavity.
Equally spaced Aluminum/poly-silicon thermopilesy(groups of thermocouples) aredocated equidistantly on all
four sides of the heat source (dual axis). Under zera aceeleration, a temperature gradient is symmetrical about
the heat source, so that the temperature is‘the same at“all four thermopiles¢ causing them to output the same
voltage. Acceleration in any direction will disturb the temperature profile, due to free convection heat transfer,
causing it to be asymmetricalyglhe rising demand for MEMS (micro-electromechanical systems) technology is
approaching from diverse industries stieh, as automotive, spacefand user electronics .so we have developed a
prototype of a MEMS (Micro-Electro-MechanicalSystems) based digital writing instrument which constructed

from MEMS accelerometer for capture offhandwriting

2.3 REWireless Maodule

RF communication works By creatingelectromagnetic waves at a source and being able to work up those
electromagnetic waves at a particular destination. Higher frequencies result in shorter wavelengths. The
wavelength for. @ 900 MHz device is longer than that of a 2.4 GHz device. In general, signals with longer
wavelengths traveli@ greatet distance and penetrate through, and around objects better than signals with shorter
wavelengths. Transmit’'power refers to the amount of RF power that comes out of the antenna port of the radio.
Transmit power is usually measured in Watts, mill watts or dBm. Receiver sensitivity refers to the minimum
level signal the radio can demodulate. It is convenient to use an xample with sound waves; Transmit power is
how loud someone is yelling and receive sensitivity would be how soft a voice someone can hear. Transmit
power and receive sensitivity together constitute what is known as “link budget”. The link budget is the total
amount of signal attenuation you can have between the transmitter and receiver and still have communication
occur. Data rates are usually dictated by the system - how much data must be transferred and how often does the

transfer need to take place. Lower data rates, allow the radio module to have better receive sensitivity and thus
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more range. In the XStream modules the 9600 baud module has 3dB more sensitivity than the 19200 baud
module. This means about 30% more distance in line-of-sight conditions. Higher data rates allow the
communication to take place in less time, potentially using less power to transmit. So we used this wireless

communication media for transmitting the data from microcontroller to the PC for further recognition.

2.4 Power supply

Our project requires +5V for microcontroller and sensors and 3.3V for AVR and RF transceiver module. +5 volt
power supply is based on the commercial 7805 voltage regulator IC. This IC contains all the circuitry needed to
accept any input voltage from 8 to 18 volts and produce a steady +5 volt outpdt, accuratesto within 5% (0.25
volt). It also contains current-limiting circuitry and thermal overload protection, so that the IC won't be damaged

in case of excessive load current; it will reduce its output voltage instead.

111 TRAJECTORY RECOGNITION ALGORITHM

This Fig 3 is the block diagram of the trajectory recognition algerithm. i this block \diagram it includes the
acceleration acquisition, signal preprocessing, featurefgeneration and:PNN classifier. By using this algorithm we
can measure the acceleration signals of hand métiens measured by triaxial ‘accelerometer. We will discuss the

detail block by block procedure of the trajectory recognition algorithm.
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Figure 3 Trajectory Recognition Algorithm
3.1Acceleration Acquisition
In this the acceleration signals of the hand motions are measured by a triaxial accelerometer. After measurement
of this signal given to the microcontroller. Due to human nature, our hand always trembles slightly while

moving, which causes certain amount of noise.
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3.2 Signal Preprocessing

The acceleration signals of hand motions are generated by the accelerometer and collected by the
microcontroller. The signal

Preprocessing consists of calibration, a moving average filter, A high-pass filter and normalization. In the signal
preprocessing calibration is used to remove the drift errors. And offset error of accelerations signals. After this
signal preprocessing is to use a moving average filter to reduce the high-frequency noise of the calibrated

accelerations, and the filter is expressed as:

@)

Where X][t] is the input signal, y[t] is the output signal, and N is

the number of points in the average filter. In this paper, we set

N = 4. The decision of using an four -point moving average filter is based on our empirical tests./From our
experimental results, we found that the ideal value of the pioving,average filtento achieve the best recognition
result is four. Then, we utilize a high-pass filter toemove the gravitational acceleration from the filtered
acceleration to obtain accelerations caused by hapnd movement. Then, we,use a high-pass filter to remove the
gravitational acceleration from the filtered aceeleration to obtain accelerations caused by hand movement. In
general, the size of samples of each movement between fast and slow writers is different. Therefore, after
filtering the data, we first segment each movement signaliproperly to extract the exact motion interval. Then, we
normalize each segmented motion interval into equal sizes via Interpolation. Once the preprocessing procedure

is completed, the features can‘be,extracted from the preprocessed-acceleration signals.

3.3 Feature Generation
In the feature 4generation the Ncharacteristics of "different hand movement signals obtained from the
accelerometer .we'camobtained this by, extracting features from the preprocessed x-,

y-, and z#axis signals and we extract Range, Zero crossing in this study.

3.3.1Zero crossing

A zero-crossing is,a point‘where the sign of a mathematical function changes (e.g. from positive to negative),

represented by a crossing of the axis (zero value) in the graph of the function. It is a commonly used term in

electronics, mathematics, sound, and image processing. Zero crossing equation expressed as:

= )

In the zero crossing, N is used for normalization. After the feature extraction we are applying the x and y vector
for finding the zero crossing. For example if i got the 18 values in the plotting of x and y vector, then we find
the number of zero crossing in the graph. There is some unwanted zero crossing, for removing that zero crossing

we decide the upper threshold value and lower threshold value. In the zero crossing, we calculate the zero
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crossing only at one sign function; we do not calculate this zero crossing for another sign function. If there is no

zero crossing we can call this state zero. So basically we are checking the zero crossing in the three states.

3.3.2 Range

In the range feature basically we are calculating the starting and ending point of the coordinate of the digit.In the
0 to 9 digit recognition each digit having different range. So in the range feature we calculate the range of x and

y coordinates of the digit.

3.4 PNN (Probabilistic Neural Network) Classifier

Input Layer

re 4 Probabilistic Neural Network

Layer 1: The first layer is the input layer, and this layer performs no computation. The node of this layer given
to the input features X to the neurons of the second layer

X =[X1, X2. . . Xp]T

p is the number of the extracted features.

Layer 2: The second layer is the pattern layer, and the number of node in this layer is equal to NL. Once a

pattern vector x from the input layer arrives, the output of the node of the pattern layer as shown in Fig 4
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Layer 3: The third layer is the summation layer. The work of this layer is inputs are summed in this layer to
produce the output as the vector of probabilities. Each node in the summation layer represents the active status
of one class.

Layer 4: The fourth layer is the decision layer

clx) =
If the a priori probabilities and the losses of misclassification for each class are all the same, the pattern x can be
classified according to the Bayes’ strategy in the decision layer based on the output of all nodes in the
ired outcome defined
3,7 €4, 5,746, <7, “8, “9,”

summation layer. In this paper, the output of the PNN is represented as the label
by users. For example, in our handwritten digit recognition, the labels “1,” “2,’
and “10” are used to represent handwriting digits 1, 2, ..., 9, and 0, respectivel

IV OVERVIEW OF THE TRAJECTORY RECOGNI N ALGORITHM

and then remove the gravity from the filter
segmented motion interval into equal siz
Step I11: Generate the time- and frequency-domain fe rom the preprocessed acceleration of each axis

including range(x,y) zero crossing(X,y)

consists of the following

n, signal preprocessing, feature generation and PNN classifier

1 1 3 4 5 6 7 8 9 0

[12131415617]5190

Figure 5 Trajectories of Arabic Numerals

The graph of the acceleration signals after the signal preprocessing procedure of the proposed recognition
algorithm of the digit 1 and digit 7 include the calibrated acceleration signals acquired from the pen-type
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accelerometer module. Subsequently, the acceleration signals were filtered via the moving average filter to
reduce the high-frequency noise. Finally, the gravitational acceleration was removed from the filtered

acceleration signals via a high-pass filter to obtain the accelerations caused by hand movement .So this is the

graph of digit 1 and digit 7.
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This is the grap i and digit 7.But different users have different styles so graph will be the change
according to the mo of pen. So according to the recognition we calculate the number of the zero crossing

for the particular digit for the accuracy purpose.

VI CONCLUSION

In this project we developed a pen-type portable device and a trajectory recognition algorithm. In this project |
focused on the pen-type portable device consists of a triaxial accelerometer, a microcontroller, and an RF
wireless transmission module. The acceleration signals measured from the triaxial accelerometer are transmitted

to a computer via the wireless module. Users can utilize this digital pen to write digits and make hand gestures
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at normal speed. The measured acceleration signals of these motions can be recognize by the trajectory
recognition algorithm. Systematic trajectory recognition algorithm framework that can construct effective
classifiers for acceleration-based handwriting and gesture recognition. In this project we worked on the
trajectory recognition algorithm in which we done acceleration acquisition, signal preprocessing, feature
generation, and PNN classifier. PNN can be quickly trained as an effective classifier.

In this project we tried to reduce the complexity of algorithm. Basically we reduced the two important blocks
which is the KBCS and LDA. The output of the digital pen is multi stroke output. MEMS accelerometer is the
tilt sensing device. Therefore the proper tilting of the sensor is very necessary for accurate handwritten digit and
its recognition.
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