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ABSTRACT

Speech and hearing-impaired people used sign language to communicate with each
other. Sign languages are made of gestures. The language consists of different
gestures instead of letters or words.

The purpose of this research work is to reduce the communication gap between
normal people and hearing and speech impaired people. The research incorporates a
system comprising of a glove-based mechanism, consisting of sensors to recognize
the hand gestures for Sinhala sign language (SSL) alphabet.

The solution combines electronics, sensors, embedded systems, machine learning
algorithms, and natural language processing. The research based on a data glove with
flex sensors that measure finger bending and an Inertial Measurement Unit (IMU) to
recognise palm-turning gestures of the alphabet. Further, sample data with eleven
independent variables and hundred data samples per gesture was used for the
purpose. In the proposed system, data is trained and classified using Random Forest
machine learning algorithm. And natural language processing (NLP) is completed
using a newly developed Application Programming Interface (API) to make Sinhala
words.

The results show that the proposed algorithm has a better recognition effect on
gestures, and is capable of making words and sentences. The accuracy of the model
on the prepared dataset was founded as 99% for the target user with regard to random
forest classification.

Complete training for all possible combination of letters and preparation of words is
necessary to continue NLP. Also, the system can customise as an education platform
for sign language learners. Further, the developed smart glove can use separately for
any other hand gesture base applications, the developed ML base system can use or
customize separately for feature extraction of any smart wearable item, and finally,
the newly developed Sinhala API can use separately for any Sinhala sign language
base NLP research work.

Keywords: Sinhala sign language, Hand gesture, Machine learning, Data glove
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1 INTRODUCTION

1.1 Background

There is a communication gap between the community who are impaired in speech,
hearing or both and the normal community. Sign language is the primary medium for
their communication.

As a part of human-computer interaction research, gesture recognition has become a
research hotspot in the past three decades. Gesture recognition is a field having a
wide variety of applications. Most popular human-computer interactions are
computer games, 3D mouse, virtual keyboard, and 3D animations. In addition,
automation control, sign language recognition, and traffic signal are industry-related
applications.

There are 5% of the world’s population is impaired in speech and hearing [1].
Therefore, there is demand and requirement for technological advancement for
research based on sign language and gestural recognition.

A wearable sensor-based recognition system generally uses a smart data glove to
acquire gesture data. The data glove can collect data on the gesture using the hand
orientation, and the bending angle of the finger. The advantage of the data glove is
that the collected data is relatively stable and the signal processing is simple [2].

The proposed system provides the speech impaired people a method that can convert
their gestures into letters, words, and sentences which can be read by both normal
community and speech and hearing-impaired community. The data glove consists of
five flex sensors and Inertia Measurement Unit (IMU), all together which can extract
enough features on hand posture such as bending of fingers and palm orientation.
These motion sensors used are based on acceleration, geomagnetism, and gyroscopes
are not limited by external conditions, and can perform gesture recognition without
limiting by environmental conditions.

All 56 letters of Sinhala sign language (SSL) were successfully extracted using the
developed hand glove. The maximum accuracy was obtained using the Random
Forest algorithm for 56 letters of SSL alphabet. As the second step, words and
sentences spelled by the SSL were recognised and classified. Optimizing with further
natural language processing (NLP) there are no limitations for fingerspelling and
word or sentence creation.



1.2 The significance of the study

Every language in the world is unique in its own way and varies with the countries
and regions. This norm equally applies to the language of signs. Sign language is
made of gestures, like any other language is made of letters or words. This is the only
communication medium of speech and hearing-impaired community in the world.

en:French Sign Language family
en:American Sign Language (ASL) cluster, derived from FSL
en:Russian Sign Language cluster, derived from FSL

1‘ > en:Czech Sign Language cluster, derived from FSL
f‘ en:Danish Sign Language family, probably related to either FSL or SSL
U en:Swedish Sign Language family, probably related to DSL
‘ ,":i‘ en:German Sign Language family
% 11‘_ en:Vietnamese sign languages, also some Thai and Lao SLs
’ “‘i-" en:Arab sign-language family
en:Indo-Pakistani Sign Language
‘ en:Chinese Sign Language (unrelated to Taiwanese Sign Language)
P en:Japanese Sign Language family (including Taiwanese Sign Language)
o~ en:BANZSL family (British, Australian and New Zealand Sign Language)

en:South African Sign Language, derived from BANZSL
Isclated languages
No data

Fig. 1.1. Different sign language families. Adapted from [3]

Over the years, research work has been carried through various research aspects to
reduce afore mention communication gap between speech and hearing-impaired
communities and normal communities. These facilitated the learning, understanding,
and most of all communication methods. American sign language (ASL) is used in
America and other countries when using the English language. Therefore, most
research works subjected to ASL. Besides ASL, there are a few languages such as
British Sign Language (BSL), Chinees Sign Language (CSL), and Japanese Sign
Language (JSL) which going through significant research works. But for today sign
languages use in the developing world has very less research index [4].

While considering NLP, sign language also a natural language. As same as any other
natural language it has its own syntax.

Recent developments in artificial intelligence (Al) and NLP fields bring highly
advanced technological means and methods to human language-related research.
Although modern Al technologies are developed and carrying NLP research, sign
language-related NLP research is often ignored [5].

Also, there is no such system for Sinhala sign language recognition. The alphabet of
Sinhala sign language consists of 56 alphabets.



el
lﬂlﬁﬁ
n [ =2
v
et i
mEE&% EH
4 I e s
%o Ofe=0
@EIIILE
- =5
g B [ b s 5 s
i i i
@g ol old el ‘olve
& ,@E ol Col o
e
u ~o &@M.W o

L I
2
®

&),

Fig. 1.2. Alphabet of Sinhala sign language



1.3 Literature review

1.3.1 Background

Literature reveals that after decades all the hand gesture recognition-related research
work and publications carried out can be categorized into three methods. Which are
Vision based, EMG (Electromyography) based, and Glove based.

One of the oldest methods is the vision-based approach. For this purpose, camera
captured images of gestures are processed by using different algorithms. The main
drawback of the approach is that the camera-captured images or video are 2D and
there is no impact on movement gestures. And background of the image and
lightning conditions has considerable impact for input recognition. But as an
advancement for the same approach, there are special hardware systems that output
skeletal information. Microsoft Kinect and Leap motion sensor are better example of
such systems.

Fig. 1.3. Leap motion controller. Adapted from [6]

Both EMG related and glove related systems are part of sensor-based sign language
recognition approach. Inertial sensors (gyroscopes, accelerometers and
magnetometers), pressure (tactile) sensors, EMG sensors (surface electromyography)
and strain sensors are used to sense the movements of the hand gestures in sensor-
base sign language approach. These sensor readings do not change due to
environmental and background conditions when comparing to the camera-bases
systems.

These sensors can be embedded or mounted on flexible joints or stretching muscles
of moving part of the body which generate the gesture. But it may lead signer to
movement discomfort. The main disadvantage of sensor-based approached is the
possibility of discomfort or movement restriction due to sensor configuration to the
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user. The reduction of signers’ ability to move their hand or body freely has huge
impact on the accuracy of the data. Therefore, it is necessary to mount these sensors
on wearables using proper methods. The research on sensor base wearable begins
with this challenge. The most common approaches can be muscle guard, writs band,
finger rings or hand glove with novel ideas.

Fig. 1.4. Electromyography sensor. Adapted from [7]

Myo gesture control armband is EMG related product which has demonstrated ten
hand gestures [8]. Compared to other wearable sensor-related accessories currently in
use, the glove is most suitable for finger spelling applications, because glove covers
most of the essential parts of the hands to identify the hand gestures. In addition to
afore mentioned sensors there is wearable glove system developed using simple
bimodal capacitive sensors to recognize complex gestures [12].

Literature revels there are gesture recognitions systems which involve both image
processing and sensor base technique. The main disadvantage of the approach is
different lighting conditions of image inputs. As a solution it is necessary to place
signer at a defined background with defined lightning conditions. But this may
restrict the system to develop as a portable system [9].

Gesture recognition using acoustic measurements nearby wrist is another significant
approach revealed during the review session of the research. In the paper researchers
have considered the movements of tendons that contribute to the finger motions.
There is a relationship between the geometry structure of wrist and the generated
sound due to this changing wrist and finger motions. Since this sound is difficult to
hear and identify the difference by the human ear, sensitive microphones were
integrated with a wearable wristband band. Background noise is a major obstacle
which is difficult to overcome in general for these types of applications [10].

As a different approach there is ongoing research of a radar-based system to track the
hand motions. The research involves with Google’s Soli sensor and newly designed
machine learning architecture suitable to measure radio frequency base motion
recognition [11].



In general definition, sign language is made of gestures. These gestures can
categorise according to features as illustrated in Fig. 1.5.

GESTURE
Manual Nan- Manual
Festure Fealure

Fig. 1.5 Sign language gesture types. Adapted from [4]

The hand gestures categorise as manual features and other gestures that are non-
involved hands categorise as non-manual features. These manual features again
separable as dynamic and static featured gestures [4]. But the Sinhala sign language
alphabet has both static and dynamic gestures, which only involves with one hand.

1.3.2 Machine learning (ML) methods

Machine Learning (ML) is a subsection of Artificial Intelligence (Al). That is
different from formal software applications due to the explicit ability of data
analysing and prediction. There are various ML algorithms, but many of them would
use existing data as input to predict new output values. Machine learning uses
various algorithms according to the data type that is to be analysed. Then build
mathematical models and make predictions using historical data or information
provided in the data training processes.



Machine
Learning

Un-supervise

Supervise Reinforcement

Learning Learning Learning

} !

v Dimensionally
Classification Regression Clustering i
Reduction

Fig. 1.6 Machine Learning Algorithm categorization

e Supervised ML method

In the Supervised ML method labelled data samples are provided to the machine
learning system in order to train and predict the output. The system creates a model
using these train-data. Then another data sample called test data used to evaluate the
model on its prediction ability. The core process of supervised the ML method is to
find relationship between input data and the output data using the labelled data
provided and predict with an acceptable success rate. Spam filtering is one of the
most common scenarios which uses supervised learning algorithm. This ML method
is further categorised into classification and regression.

o Classification
The ML method used to predict a discrete class label. The purpose may predict a
continuous value. But that continuous value is the probability for the class label.

o Regression
The ML method used to predict continuous quality. The purpose may predict a
discreet value in the form of an integer.



e Unsupervised ML method

In the Unsupervised ML method, unlabelled data provide to the system. Simply in
which a machine learns or maps inputs with output without any supervision or
guidance. The goal of the algorithm is to extract correlation among features or
attributes in provided data samples.

This can be further classifieds into two categories as clustering algorithms and
reduction algorithms [13]:

o Clustering
Algorithms find homogeneous subgroups within the data. These subgroups are
generally non-overlapping and based on similarities among the data samples. Most
probably these clustering algorithms find clusters even when non-exists in this case it
is necessary to perform critical assessment on the result and validate using domain
knowledge.

o Dimensionally reduction
The algorithms reduced a number of dimensions and trained the model using a
reduced number of variables [14].

e Reinforcement learning

The Reinforcement learning ML method is a feedback-based system that trains the
system automatically using reward and penalty against to learning agent. A reward or
penalty offering action and according to the feedback system improves the model’s
performance [13].

1.3.3 Supervised machine learning algorithms

e The k-Nearest Neighbours (KNN) Algorithm

This algorithm classifies the data using similarities between the new data and
available data. During the training process training data is stored. When new data or
test data feed the ML algorithm classifies data according to the similarity and
categorises new data into the most similar class of the train data. The algorithm is
used to solve both classification and regression problems.

In this algorithm, it is necessary to select the k value. It simply indicates how many
nearest neighbours that going to consider in terms of distance (Euclidian or
Manhatton) or weight. Among the considered nearest neighbours whichever turned
to the highest category will take the new data point.
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Fig. 1.7 KNN working scenario. Adapted from [10]

The advantages of the KNN Algorithm are simplicity, the robustness to noisy
training data. But also, there are a few disadvantages of the KNN algorithm such as
determining the number of neighbours to be considered (K) is a critical decision.
Other than that, there may be a considerable computational cost with the highest
number of data points [10].

e The Random Forest Algorithm

The algorithm can use for both classification and regression problems. The main
feature of the algorithm is building decision trees on different samples and taking
their majority vote for the classification. To gauge the performance of the model
random forest in-built with concepts called ensemble learning. This is a process
of combining multiple classifiers to solve a complex problem.

As mentioned early Random Forest classifier does not relay on one decision tree. It
builds decision trees on different subsets of data set and takes the average to improve
the predictive accuracy of the data set.

With a higher number of trees number of model, accuracy increases and reduces
overfitting possibilities. In the first stage, Random Forest combines the decision trees
and makes a forest. Then it makes predictions for created trees.

The main advantage of the Random Forest algorithm is data handling capability not
only by quantity but also by data with high dimensionality. With a large, dataset
Random Forest enhance the accuracy and this help to prevent overfitting issue.



1.4 Research gap and objectives

1.4.1 Problem statement

Sign languages are often ignored when it comes to NLP research. ASL which is the
most developed and used sign language. Still ASL has taken for few numbers of NLP
research work. Due to complexity and syntax issues, there is very less research work
done on Asian sign languages with NLP research work. Therefore, there is no such
system for Sinhala sign language (SSL). SSL alphabet contains 56 letters and each
letter has bending features, few others have orientation and movement features.

The alphabet of SSL consists only single-handed gestures. These single-handed
gestures are a mix of static & dynamic gestures. Basically, SSL letters separable
using hand shapes & orientations. The gesture set used in SSL can be shown as a sub
set of gestures features as separated in blue colour line of Fig. 1.8.

GESTURE

/\\

Manual Non- Manual
Fealure Feature

Hand
/\‘-\""\-—_
Single Double
Handed Handed

Fig. 1.8 Features of SSL
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1.4.2 Objectives

The main objective of this research is to classify hand gestures related to Sinhala sign
language (SSL) alphabet with significant accuracy using a smart glove. In addition,
identification of words and sentences according to Sinhala sign language rule is also
a requirement to complete the research work.

For the purpose following sub objectives were set;

1. Design and implement of data glove
2. Hand gesture classification and recognition

3. Preparation of words and sentences according to Sinhala language rules

11



2 SYSTEM DESIGN AND IMPLEMENTATION

The system design requirement was to implement a gesture recognition system based
on the Sinhala sign language alphabet. As the very first step complete study was
carried out on the complete SSL alphabet. And as a result of the study on SSL
gestures, it was identified that, the necessity to find means and the method to extract
features of hand shape and orientation. The selected suitable method based on the
study was the data glove mechanism.

During the planning phase primary inputs, expected outcome and processes to be
carried out identified and listed as shown in Fig.2.1

Outcome

Data Preprocessing

-

Letter Recognition

N

! i

Feature Extraction

ML Classification ]

[ |
s I I Word and J
Data Glove Sensor Sentence
Input - | AN
- - [ |
( Language | |
Microcontroller Processing I |
Output \_
Q 7\ Y,
\ ) D - N o = == -

Fig. 2.1 Flow of design plan

The sensors were mounted in suitable positions to obtain data on hand posture.
Sensors were interfaced with a printed circuit board (PCB). Data gathering, pre-
processing, and applying a suitable machine learning algorithm was performed for
the data classification.

An API was created according to Sinhala language rules, for language processing.
The real-time data was acquired from the data glove for interpreting and feeding to
the Sinhala sign language API. Real-time data prepossessing and classification was
proceeded simultaneously.

The complete system comprises sensor base data glove and python scripts for
classification algorithm and NLP API. Confirmed system design hardware, tools and
methods illustrated as system overview in Fig. 2.2

12
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ADC e Preparing CSV +  Testing
Gyro file *  Natural Language
Accelerometer e Prepossessing Processing

Fig. 2.2 System overview

As mentioned in previous chapter the hardware design consists of electronic sensor
and microcontroller base wearable data glove. The incorporated sensors are flex
sensors and six-axis IMU. One flex sensor per finger was stitched on the fabric
material along with the fingers from the outer side of the data glove. One number of
IMU was mounted on top of the outer palm. Flex sensors are analog sensors and all
analog data is fetched to microcontrollers through the analog to digital converter
(ADC).

All data was gathered in CSV format using excel sheets. Then the data training,
testing evaluation, and NLP work were carried out using python scripts on both
Jupyter notebook and Visual Studio Code IDEs.

Complete system design methodology is illustrated in the block diagram below in
Fig.2.3

13
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¥
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Fig. 2.3 Methodology of complete system design

2.1 Hardware implementation

2.1.1 Electronic system design

SSL alphabet contains 56 letters and each letter has bending features, and few of
them have orientation and movement features. Finger bending feature was measured
from flex sensors and hand orientation was measured using six axis IMU.

Flex sensor works as a variable resistor which response to finger bending. These
analog sensor data is converted to digital data using ADC and prepared the data
samples for different hand gestures with regard to each letter of the alphabet.

2.1.2 Bend sensor

The amount of deflection was measured using a flex sensor. There is a carbon
surface arranged on a plastic strip and according to deflection sensor's resistance will
be changed. This is a two-terminal device, and both of terminals of the flex sensor
are not polarized terminals. Flat resistance of flex sensor is 25K ohms and resistance
vairy from 45K -to 125K Ohms during deflection.

14



As the first approach, it was tried to measure the finger bending using conductive
stretchable yarns with conductive fabric. But the durability of stretchable material,
uncertainty, and calibration issues prevented the choice.

caonductive stretchable yarns

conductive clothe material

Fig. 2.4. Approach with conductive stretchable yarn

The next approach was to make flex sensor using Velostat and conductive thread.
But again, due to uncertainty and calibration issues it was not successful.

Finally, it was concluded with the optimum option, which was to use commercially
available flex sensors for this application.

Fig. 2.5 Approach with Velostat and conductive yarn

2.2-Inch flex sensors were selected for the purpose and attached a one flex sensor
alone with each finger and completed one voltage divider circuit per finger as shown
in Fig.2.6. V1 voltage variation between the terminal of flex sensor taken in to

15



account through the ADC. Five flex sensor values were taken as five variables for
different hand gesture shapes.

Analog voltage
V

to analog
input

vcC
Flex g V1

o

47K

=
AN

ND

9]

Fig. 2.6 Voltage divider circuit per finger

2.1.3 Analog to Digital Converter (ADC)

Analog-to-digital converter, converts an analog measure into a digital value. If the
ADC is a 16-bit ADC, the ADC module has the ability to detect 2'° = 65,536 discrete
levels. Similarly, there are 8-bit, ADCs and 10-bit ADCs.

ADS1115 is a precision analog-to-digital converter (ADC) module with 16 bits of
resolution selected for the purpose. Two number of ADCs used on the circuit. Each
one consists of four analog channels.

Fig. 2.7 ADS1115
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ADC Calculator:

2N xAnalog Input Voltage

Digital Output =
gttt Dupu Reference Voltage

N = Number of bits in ADC converter

(1)

If operating the voltage is 5V in 10-bit ADC, Then the ratio-metric value of ADC

can be simplified as mentioned in the following equation;

Resolution of the ADC ADC reading
System Voltage ~ Analog Voltage measured
1023 ADC Reading

5 Analog Voltage Measured

If the analog voltage is 3.12V the output would be 638.

1023 x
500V 3.12V

1023 3.12V
X =
500V x
X =638

17
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2.1.4 Six-axis Inertial Measurement Unit (IMU)

Six-axis IMU sensor module is MPU 6050 was selected for the purpose. This
consists with gyroscope and accelerometer. These are used to measure orientation
and acceleration. These primary measurements can be used to process velocity,
displacement, and any other motion with considerable accuracy.

SIX DEGREES OF FREEDOM

AW

Fig. 2.8 Six-axis IMU. Adapted from [15 and 16]

The afore mentioned gyroscope and accelerometer are combined on the same silicon
die. MPU 6050 has the ability to gather a full set of sensor data without intervention
from the system processor due to the auxiliary master I°C bus.

The main disadvantage of a using gyroscope is Gyro drift. The widely used method
to overcome the matter is complementary function.

Accelerometer data is reliable only in the long term, as it measures every small force
working on the object. This leads to measurement disturbance for this application.
Therefore, accelerometer data sending through a low pass filter.

Gyroscope data is reliable in the short term, as it is precise and not susceptible to
external forces. Therefore, it is integrated over timestep and feed through a high pass
filter.

The accelerometer data through low pass filter and integrated gyroscope data through
high pass filter combined with the above-mentioned accelerometer data. The simplest
form of the filter is explained below briefly by Fig. 2.9

The function to mathematically calculate angle is;

Angle = 0.98 x (angle + gyro Data x dt ) + 0.02 ( accelerometer Data ) 3)

18
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Integral High-Pass Filter

b —{ |l

awro

Fig. 2.9 Complementary filter process schematic. Adapted from [17]

The constants 0.98 and 0.02 can vary up to 1 to tune the filter. For this purpose, the
complementary filter algorithm needs to work in an infinite loop.

After filtering out gyro drift error using above process, still the IMU data was
unstable. This was due to Euler angle singular point (gimble lock).

Gimbal lock is a singularity. This occurs when the rotation around the y-axis
approaches 90 or -90 deg. This proves that the orientation representation in Euler
angles is not adequate to define complete rotation. Therefore, rotation around x-axis
and rotation around the z-axis are not stable values when rotation around the y-axis
approaches 90 degrees.

AY

)
[
j x

)

X

&,
z

Fig. 2.10 Euler angle transformation

Fig. 2.10 illustrates the model of 3D rotations with Euler angles consists of a
sequence of rotations around the Cartesian axis. The rotation sequence pattern starts
with the x-axis and ends with the z-axis. Traking this order is important for the
analysis of following matrix.
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The matrix for a combined rotation around x then y then z is:

[ GG, C,S, S,
SySyC,CyS,  $:8,8,+C,C,  S,C,y

CySyC,H+S,S,  CSyS,-8,C, C,Cy
0 0 0

(=)

(e}

S
——

R(6,.0,.0,)=R,R,R,= (4)

[S—

Where S,=Sin0,, C,=Cosb

The conversion of sine and cosine of 8 used accordingly for the y and z axes.

This is a 3 degrees of freedom(DOF) transformation. The usual argument to present
the Gimbal Lock problem is based on the analysis of the matrix of the
transformation. If we fix one of the DOF, the remaining transformation should still
have 2 DOF. That is not what happens if we choose the y-angle to be 90 degrees.
Substituting the cosine and sine value of the y-angle by 0 and 1, respectively, the
transformation matrix can be simplified to:

0 0 -1 0
R(e 90°.0 ): SXCZ'CXSZ SXSZ+CXCZ 0 0 (5)
CiCHS5,8S, CS,-5C, 0 0
0 0 0 1
After simplification with trigonometry, this matrix is equivalent to:
[ O 0 -1 0]
R(6,,90°,0,)=| sin(Bx-0,)  cos(8,-0,) ©)

0 0
cos(0,-0,) -sin(6,-6,) O O
0 0 0 1

This matrix discloses the fusion of the two remaining DOF into a single variable, one
opposing the other [19].
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-k

Fig. 2.11 Four- dimensional extension of the complex numbers

This needs to be prevented using a different orientation representation such as
quaternions.

Quaternions are an extension of an imaginary number set. It is a 4- dimensional
extension of the complex numbers, commonly referred to as a hyper-complex
number.
Complex numbers are of the form:
a + bi

Where a, b € IR and i is the imaginary unit.
Quaternions are, on the other hand, are of the form:

a+bi+cj+dk
Where a, b, ¢, d € R and i, j, and k are the fundamental quaternion units.

Quaternions are very efficient for analysing situations where rotations in R3 are
involved. That they represent a point on the unit sphere. A quaternion is a 4-tuple,
which is a more concise representation than a rotation matrix [20].
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2.1.5 Circuit design

The circuit design was completed using Egal printed circuit board (PCB) design
software. Easily Applicable Graphical Layout Editor (EAGLE) is a user-friendly
PCB design software that has a considerably low learning curve. The free version
consists of satisfactory features.
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Fig. 2.12 Schematic diagram of the circuit
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Fig. 2.13 PCB Layout of the circuit
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2.1.6 Implementation of data glove

During the design and implementation of data glove, flex sensor positioning was a
critical decision. Initially the flex sensor was positioned as shown in Figure 2.14

avoiding the Metacarpophalangeal joints (MCP) joint. The IMU unit was positioned
at the middle of the outer palm.

r.1
e 1%
o e
, x’\ |[ |
\ it
DIP joint 4-\\ \ : {
\ | [
\ b |
PIP joint Vi ! Jl
\ \
MCP joint was not used for \ \
initial design

Fig. 2.14 Planned flex sensor arrangement

DIP joint

PIP joint

Flex sensor

MCP joint

Fig. 2.15 Hand glove with initial sensor positions

After few gesture recognition sessions, it was identified that the bending
measurement of Distal interphalangeal (DIP) joint do not make an effect on data.
Since the DIP joint is not bending independently, the DIP joint movements can be
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omitted. The post literature review on hand anatomy revels clear disparity on
bending of MCP joint with reference to DIP joint. Therefore, the hardware design
revised to read only the bending measurements of MCP joint and PIP joint. The
sensors were positioned in a way, where the bending of DIP joint does not make
impact to the measurements. This was achieved by dragging down the flex sensors of
the fingers other than the thumb finger on the outside of the palm along the same
vertical line. The position shown in Fig. 2.16. Since the thumb finger has only two
joints which shows clear bending, namely Interphalangeal (IP) joint and MCP joint,
therefore the sensor of thumb finger was kept without any position change.

PIP joint

DIP joint

MCP joint

Fig. 2.16 Hand glove with final sensor positions

Few hand postures with designed data glove shown in Fig. 2.17

Fig. 2.17 Sample hand postures with the data glove
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2.2 Data acquisition

The data samples were collected using volunteers. 100 data samples were collected
for each gesture or sign language letter, of SSL alphabet. As there are 56 letters in
SSL alphabet 5600 data samples were gathered. The labelled data sets were tabulated
in the format shown in Table 2.1 saved as a comma separated value (CSV) file.

Each data sample of the above mentioned 5600 data consist of eleven attributes and
one gesture label. Per sample gesture there are 11 attributes (values) collected from
the data-glove circuit & values are stores from column 1 to 11 in the Table 2.1 These
eleven attributes are made of XYZ values of accelerometer, XYZ values of
gyroscope, and five-finger flex sensor values. The gesture label is named as the
target group (TG) and included in the 12" column of the CSV file. TG values are
varying from 1 to 56 the number represents the respective letter of the SSL alphabet
which the data row belongs. Ex: If the TG value is 1 the respective data raw
represent one record set out of the 100 samples with the eleven attributes of sensor
readings belong to the letter ‘&’.

Table 2.1 CSV file created using all attributes

Ax Ay Az Gx Gy Gz ADS1-A3 | ADS2-AD | ADS2-Al | ADS2-A2 | ADS2-A3 [TG

10.09 0.35 0.62 0.06 -0.02 -0.03| 1547.63 807.19) 2815.65 1317.94] 2823.54 1
10.12 0.38 0.75 0.05 -0.05 0 1566.56 808.13| 2816.06) 1317.75| 2824.31 1
10.11 0.33 0.58 0.06 -0.05 0.03| 1567.88 808.31) 2816.62 1319.63 2828.06 1
10.13 0.26 0.6 0.1 -0.02 -0.04) 1568.44 808.21) 2816.62) 1333.31) 2829.54 1

10.2 0.28 0.65 0.06 -0.02 -0.01) 1555.13 807.94) 2813.62 1337.06) 2816.81 1
10.16 0.16 0.62 0.04 -0.08 -0.01) 1527.38 805.88 2813.25 1317.75| 2822.06 1
10.17 0.2 0.64 0.08 -0.01 -0.01) 1554.94 804 281531 1319.63| 2820.19 1
10.16 0.24 0.53 0.05 -0.03 0.01| 1557.38 B803.62 2815.5| 1320.19 2817 1

10.2 0.2 0.79 0.09 -0.03 0 1557.94 802.88 2814.37 1315.44] 2814.54 1
10.16 0.18 0.52 0.06 -0.01 -0.02| 1557.56 801.75| 2812.69 1317.75| 2813.62 1

10.1 0.25 0.71 0.07 -0.02 -0.01) 1557.56 801.56) 2812.12 1317 2812.87 1
10.08 0.39 0.64 0.08 -0.02 -0.02) 1561.13 804.75 2821.5| 1321.31 2824.5 1
10.15 0.52 0.85 0.1 -0.01 0.03| 1610.25 776.81 2658.15 1445.44 2842.5 1
10.07 0.75 0.88 0.08 -0.03 0.02| 1613.44 77719 2662.31 144244 2841 1

9.97 0.66 0.78 0.08 -0.04 -0.04) 1601.81 77719 2662.12) 1439.25| 2839.31 1
10.13 0.57 0.86 0.04 -0.02 -0.01 1600.88 777 2657.25) 1437.56) 2833.69 1
10.07 0.54 0.84 0.08 -0.02 -0.02 1602 776.63| 2657.44 1434.56) 2830.69 1
10.06 0.61 0.78 0.07 -0.04 -0.01) 1602.38 776.06) 2657.25| 1432.13| 2828.81 1
10.03 0.69 0.82 0.08 -0.01 0.01| 1602.38 776.06) 26060.06 1428 2829.19 1
10.13 0.82 0.78 0.09 -0.03 -0.02) 1593.94 77588 2673.19 1416| 2826.37 1
10.07 0.7 0.7 0.08 -0.02 0 1476.56 776.06) 2679.19 1409.81 2805.75 1
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2.3 Data analysis

The data analysis methodology is illustrated below in the Fig 2.18:

i« ™\
Labelled i Splitas Test Train Data
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] 1
1 1
b ¥

-----------------------------

Fig. 2.18 Block diagram of data analysis and evaluation process

First labelled data was scaled with standard scaler and split into train and test sets.
70% of the data was taken in to train and the balance 30% of the data was taken in to
test.

In standard scaling, all the features will be transformed in such a way that they will
have the properties of standard normal distribution.

(7

The train-test split procedure is used to test and estimate the performance of the
machine learning model by feeding train data only for the training of the algorithm
and use test data only for evaluate and test the training model. This procedure
confirms the data used to make predictions on the data set is not used to train the
model [16]. The train-test split of data is illustrated in Fig. 2.20
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Features Labels

Test Set

o -

Fig. 2.20 Train - Test Split of data. Adapted from [22]

Since the problem was categorised as supervise classification problem, the supervise
learning classification algorithms were applied. Supervise learning classification
algorithms applied and evaluated using the above separated test data. The applied
ML classification algorithms are K-Nearest Neighbour and Random Forest. It was
observed the Random Forest classification algorithm gives better accuracy than KNN
classification algorithm. Based on this observation the classification was proceeded
with the Random Forest classification algorithm.

After classification letters were recognised, as the next step words and sentences
were prepared using newly developed SSL API. Classification performed using
Python script in Jupyter note book. Then the whole script was developed in Visual
Studio Code integrated development environment (IDE). Python is an object-
oriented high-level, programming language. Both the Jupyter notebook and Visual
Studio Code can be defined as code editors, as well as IDEs.
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2.4 Sinhala sign language API and alphabetic logic

Sinhala alphabet consists of vowels and consonants only. Modifiers are made from
combinations of consonants and vowels. These different modifiers stored in the
lookup table and fetched whenever necessary.

Un-Labelled Real Time Data | Classification

Data Model

SS5L API

MLP

Fig. 2.21 Block diagram of APl and NLP process

The lookup table 2.2 illustrates the moderators created by the combinations of
consonants and vowels.

Table 2.2 Lookup table to create moderators

Vowels

g | & | & | @ |e|d || e & ) @ ]

S lilm | oy (o |D | B | | g | em | ed | emo | omd

o o | o | ;| | 8|8 || g | eo | ed | e | ool

& Nl | e | [ | B8 | Y =] o | of @ty | aud

ole|a|aa|an|e|a|g|g|e@]| ed| o | ead

S| e |w | @ |8 |86 s || eq|ep|ed

od o | m | oy | m |B|F || g | oo | ed | em | end

ofle|a & [&n |82 [a|la|ed| o | ot | otd

E Hfm ooy | |H | B | 5|5 | en| et | esn | emd

% d Mo | o | e | o | B8 |y =) g | ed | ama | sad

Y Tallal® | @ & |8|2 8| aea | ea]|em | oad
efle|a |[&n | |@ 2| g| @ |ed| oo | oo | oo — moderators

o (| o | | | B8 | 9| @ | ew | od | e | ewd

] 6 | d | a |88 |G|o | ed| eb | eh | esd

el |8 |8 g | g |ec|ed | e | ecd

DD | & ||| 8|8 |88 | e | ed | et | edd

ef fes | e | e | e | B |8 || @ | ew | od | oo | eed

o oo |0 | [ e |8 |8 || @ | e | o | em | ewd
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Elaborating in technical terms, like any other language, in SSL consonents, vowels
or moderators (combination of consonents and vowels) represents letters and
combination of letters (one or more) creates word. To explain this further creation of
Sinhala word “g®®s” is considered.

The alphabetic logic for the Sinhala word “e®®>” is illustrated below Fig.2.22;

15 [

Consonant Comsonant Vowel

eﬁ@;@a
@

Fig. 2.22 Vowel and consonant conjunction

During the word identification process, there are quick transition among the letters.
This make intermediate postures, which were taken into a separate target class called
background class and ignored at the language API. Otherwise, these intermediate
posture data will proceed through the classification with low predication accuracy.

The figure 2.23 illustrates the API data process flow chart.
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Fig. 2.23 API data flow chart
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3 THE EXPERIMENT AND RESULTS

After the data set was prepared in CSV format as shown in Table 2.1, data training,
testing evaluation was carried out. After obtain the classification reports, experiments
carryout on letter identification, language processing using newly developed SSL
API.

3.1 Classification results

After data gathering and prepossessing KNN and Random Forest classification
algorithms were performed. Both ML models evaluated using classification reports
and selected Random Forest classification algorithm due to high accuracy.

3.1.1 Classification reports

Classification reports consist of parameters which were used to define the accuracy
and evaluate the ML model, which are precision, recall and F1 score for each class.
Class column indicate 56 letters of the complete Sinhala sign language alphabet and
support column indicate number of occurrences for each class. Further definitions on
these parameters are as follow;

Precision — How many are correctly classified among that class

Recall — How many of the class find over the whole number of elements of that class
F1 score — The harmonic mean, in other word it is a type of numerical average
Support — Number of occurrences of the given class in given data set

o Ttue Positive True Positive
recision = —_— ar
Actual Results True Paositive + False Positive
- Positive
o
True Positive True Positive %’ * *
Recall = — or — - g
Predicted Results True Positive + False Negative - False
Negative Negative
True Positive + True Negative
Accuracy =

Total Actual

Fig. 3.1 Outcome of ML algorithm

True Positive (TP) is perfectly-identified correct letters.
True Negative (TN) is perfectly-identified but incorrect letters.

False Positive (FP) wrongly detected letters as positive which is actually not the
correct letter.

False Negative (FN) is wrongly detected incorrect letters which is actually correct.
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Classification report for complete alphabet of SLL with regard to KNN Classifier is
as follow;

Table 3.1 Classification report for KNN algorithm

Class Precision Recall Fl-score Support

100 100 1.00 36
097 100 0.99 36
095 097 0.96 37
1.00 083 0091 30
1.00 1.00 1.00 25
087 079 0.3 34
1.00 1.00 1.00 34
1.00 100 1.00 30
094 100 0.97 30
10 100 100 1.00 37
11 094 094 094 32
12 100 071 0.83 35
13 097 094 0096 36
14 087 093 0.90 28
15 100 100 1.00 31
16 100 100 1.00 29
17 100 100 1.00 30
18 100 100 1.00 29
19 100 100 1.00 21
20 094 100 097 32
21 094 100 0097 31
22 100 100 1.00 30
23 100 100 1.00 35
24 096 100 0.98 22
25 100 100 1.00 32
26 094 100 0097 32
27 093 100 0.96 25
28 086 100 093 31
29 090 100 0.9 36
30 093 100 0.96 26
31 083 045 0.59 33
32 083 100 0091 25
33 093 100 0.96 26
34 079 100 0.88 23
35 100 092 0.96 25
36 100 027 043 33
37 100 09 097 20
38 088 100 094 29
39 100 093 097 30
40 100 100 1.00 33
41 100 1.00 1.00 27
42 100 1.00 1.00 29
43 085 1.00 0.92 33
44 097 1.00 0.98 29
45 100 100 1.00 24
46 088 100 094 29
47 100 100 1.00 40
48 096 093 094 27
49 100 1.00 1.00 35
50 093 100 0.96 27
51 093 100 0.96 26
52 092 100 0.96 24
53 097 092 0.9 39
54 068 087 0.76 30
55 095 088 091 24
56 100 100 1.00 28

OCOoO~NOUITEA, WN P

accuracy 0.95 1680
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Classification report for complete alphabet of SLL with regard to Random Forest
classifier is as follow;

Table 3.2 Classification report for Random Forest algorithm

Class Precision Recall F1-score Support

1.00 100 1.00 31
1.00 100 1.00 28
090 100 0.95 28
094 086 0.90 35
1.00 1.00 1.00 24
088 1.00 0.93 28
1.00 1.00 1.00 25
1.00 100 1.00 30
1.00 1.00 1.00 42
10 100 096 0.98 27
11 100 100 1.00 25
12 100 100 1.00 31
13 100 100 1.00 24
14 096 100 0.98 27
15 100 100 1.00 32
16 100 100 1.00 32
17 100 100 1.00 37
18 100 100 1.00 30
19 100 100 1.00 29
20 100 100 1.00 44
21 100 100 1.00 35
22 100 100 1.00 38
23 100 100 1.00 26
24 100 100 1.00 33
25 097 097 0097 33
26 100 100 1.00 28
27 100 100 1.00 37
28 097 100 0.9 33
29 100 100 1.00 27
30 100 100 1.00 23
31 097 097 097 34
32 100 097 0.98 30
33 093 100 0.96 27
34 100 100 1.00 32
35 100 100 1.00 31
36 100 083 091 35
37 100 100 1.00 38
38 100 09 098 27
39 100 100 1.00 26
40 100 100 1.00 27
41 100 1.00 1.00 31
42 100 100 1.00 27
43 100 1.00 1.00 31
44 100 1.00 1.00 32
45 096 096 0.96 27
46 100 100 1.00 20
47 100 100 1.00 34
48 100 100 1.00 27
49 100 1.00 1.00 24
50 100 100 1.00 18
51 100 100 1.00 32
52 100 100 1.00 28
53 096 096 0.96 27
54 096 096 096 28
55 100 100 1.00 28
56 097 100 0.99 37

OCOoO~NOUITEA, WN P

accuracy 0.99 1680
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3.2 Language processing results

The language processing experiment was carried out using Random Forest
classification (due to high accuracy) with the newly developed SSL APl mentioned
in chapter 2. The real-time data fed via a serial port as shown in the Fig.3.2.

Fig. 3.2 Real-time data feeding via USB

3.2.1 Preparation of letters

The shape of the hand and orientation positioned related to particular letter in SSL
alphabet is immediately display as shown in Table 3.3

Table 3.3 illustrates experiment and resulted vowels ‘g’ and ‘@’, which can show by
using one hand gesture.

But when it comes to moderators two gestures conjugate and the related letter fetch
from lookup table mentioned in chapter 2, Table 2.2. The alphabetic logic described
in chapter 2, Fig. 2.22.
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Table 3.3 Experiment and results on letter recognition - Vowels

Letter Gesture Result

3 2
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For an example let’s take the letter ‘es’. The letter ‘e’ is a moderator, which
result from the conjunction of vowel ‘@’ and consonant ‘c$’. The result is
displayed with moderate letter as in Table 3.4.

Table 3.4 Experiment and results on letter recognition - moderators

Letter Gestures Result

o |
Oml®

< b

W
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To futher elaborate the work, Fig. 3.3 illustrate few random SSL alphabet letters fed
to the system.

#newstrl

newStr sec3=newStr.replad
newStr sec3=newStr_sec3.
#event buff filtered=[]
#print(newstr[0])

TT noLrgft e—=1nn

[ T R
L5, B Y 'Y B N |

~
oh

PROBLEMS (16 OUTPUT DEBUG CONSOLE TERMI

Fig. 3.3 Random letters
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3.2.2 Preparation of words

The word-making process proceeds with adding and conjunction of vowels and
consonants. The complete API flow chart developed for SSL alphabet is shown in
Fig. 2.23.

During the transitions between letters, the intermediate postures are taken into a
separate class called background class and rejected during the process. Therefore, the
additional class call background class is used.

To elaborate the word preparation process let’s consider the word “&cso”. The letter
‘@ is a moderator created by consonant ‘@ and vowel ‘@’. As same as
moderator ‘wo’ created by consonant ‘cd”> and vowel ‘go’. This is illustrated in
Fig. 3.4

Fig. 3.4 Word preparation

During the transition from posture related to letter ‘a* to posture related to letter
‘@’ there are few rotations and hand shapes changes occurs. These postures
have minor probability in classification. To make further discrimination we
make separate class for these intermediate postures and remove these
unnecessary data as background class. The result will appear as in Fig. 3.5

Fig. 3.5 Word “8eso”
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To further test and verify the designed API algorithm random words were fed to the
program via data glove and the outputs were tested. Using the same methodology
there is no limitation of preparation of any word in Sinhala language. Table 3.5
illustrate the output.

Table 3.5 Experiment and results on language processing — Words

Word Result
1 8®®o &
2 &0
3 ®®
4 ace
5 ®c
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3.2.3 Preparation of sentence

Any sentence can display by adding words. If natural language processing was
performed continuously during word preparation, making a sentence is just adding of
words. To separate words space between word is added as separate gesture class call
hand down posture. The sentences preparation experiment and result shown in Fig.
3.6, Fig. 3.7 and Fig. 3.8. Any sentence in Sinhala language can prepare using the
proposed system.

Hand
dragging Hand
g posture p & down - 3 o
(@] DN ® A0 YNO™ IS
\ﬁr”_) l\_‘r’_""
&¢® ®a @ a5
N, /
hd Y
fF@@u Add space Beaa
between
words

Fig. 3.6 Sentence preparation experiment

Fig. 3.7 Resulted sentence

Fig. 3.8 Sentence preparation
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4  CONCLUSIONS AND FUTURE WORK

4.1 Conclusions

Smart glove was implemented with five flex sensors and IMU. Which provide eleven
number of independent variables per data sample. System designed for recognition of
SSL alphabet.

Incorporating ML classification methods enabled to optimize electronic systems and
increase their decision-making ability. In reference to the two classification
algorithms used, Random Forest classification algorithm was the most adequate
classifier for this application with 99% accuracy. Classification was completed for all
letters of Sinhala sign language alphabet. An APl was designed to identified the fed
words and sentences according to the rules of the Sinhala language. Then the
research moved towards the NLP research area due to some approaches which had to
be taken to overcome the problems occurred during the research.

During the process of word preparation new class was created and added as
background class. This is added externally to avoid misclassifying of intermediate
transitions between letters. The class consist of gestures which occurs during
transition between letters. When the data was trained the smart glove for more words,
more and more letters were combined. With this continuous process more transition
gestures need to add background class as there are a large number of words.

During the hardware design, flex sensor positions and IMU mount position was re-
adjusted as shown in Fig.2.16. This change was done after halfway through the
design. After the data was gathered it was identified that the DIP joint does not make
significant impact to the data. That reason tempts us for carryout further study on
hand anatomy with related to gestures of SSL alphabet. As a result, DIP joints of the
fingers were ignored and PIP joint and MCP joint bend measured using flex sensor.

Finally, there is no limitation for convert SSL into words and sentences with further
training. Any word and sentences can be created after proper training of data and
identification of background class details.

4.2 Future work

Currently this research bridges SSL into a readable format which is common for both
normal and speech and hearing-impaired community. But in addition, this can
incorporate with text to a speech file and can make audio output to the normal
community.

Complete training for all possible combination of letters and preparation of words is
necessary to continue NLP. The data acquisition scenario can improve after a deep
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analysis of Sinhala language rules and letter arrangement. That would reduce the
background class postures which need to recognise and eliminate during NLP.

In, addition instead of commercially available flex sensors we can follow the same
research with stretchable conductive fabric materials. But before a headed it is
recommended to carry out a complete analysis of fabric material properties and the
variations with environmental conditions and time.

Also, the system can be customised as an education platform for sign language
learners. With an additional display unit and database with pictures related to words,
this system can improve as a student learning platform for both remote learners and
self-learners. As further note though the system has been designed for fingerspelling,
it can use for two-hand gesture signs with two wearable gloves.

Further, the developed smart glove can be use separately for any other hand gesture
base applications and sign languages. The developed ML base system can use or
customize separately for feature extraction of any smart wearable item, and finally,
the newly developed Sinhala API can use separately for any Sinhala language base
NLP research work.
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ANNEXURE A

Cost of Implemented unit

Component

Flex Sensor
MPUG6050 Module
ADS115

33K 2W resistors
10K 2W resistors
Arduino Uno
Clothe glove
Total

Qty

P P, BN O
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Price (LKR)

2,500.00
350.00
300.00
5.00
5.00
500.00
350.00

4,010.00



ANNEXURE B

FLEX SENSOR

Features

«dingle Displacement Measurement
= Bends and Flees physicaly with mobion desioe
« Possible Uses

« Robobics

= Gaming (Virual Motian)

= Msdical Devices

= Computer Peripherals

« Musical instruments

= Phyysical Therapy
- Gimple Constnschon
= Lowe Profile

Mechanical Specications. Ml Elecincal Spectfications

<Life Cycle: =1 milion <Flat Resistanoe: 28K Ohms
«Height: s0.43mm {0.01 7 sResistance Toleranos: $30%
sTemperahsre Range: -35°C o +80°C =Bend Resistance Fange: 45K 1o 125K Ohms
|depending an bend radius)
=Power Raling : 050 VWalts conSinwous. 1 Watt
Frak
Dimensional Diagram -
PART LERGTH
TA.EE [2-004)
BACTIVE LEMOTH ]
Rl A I —
4
B35 0. 250 3

How 1o Order - Stock

|FE=FHEﬂrH'.|:I'| ‘ L = Limar ‘ ‘ﬂ:&ﬁ-:EEJ?’mm\ E:Eﬂﬂ'ﬂd\ ‘EI'::E-H:IHTI-\

How It Works

Flak imeemniinad resistance)
45" Bond [increased resistance)
50° Berd (reshiancs increased further)
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13 Texas e ADS1113

=
INSTRUMENTS ADS1114
AD31115
wwailcon SEAELE - AT 06 AEVISED DCTDOER 00
Uktra-Small, Low-Power, 16-Bit
Analog-to-Digital Converter with Internal Reference
Ghach for Samples: ADE1113 ADS1114 ADE8114
FEATURES DESCRIPTION

* ULTRA-SMALL GFN PACKAGE: The ADS1113, ADS1114, and ADS1116 am
Zmm = 1,5mm = 3,4mm precision analog-o-digital comeeners (A0Cs] with 16
= WIDE SUPPLY RANGE: 2.0V o 5.5V bits of rescluton offered in an uitra-small, leadiess
R i OFM-10 package or an MS0P-10 package. The
:;__m I:IJME:LEP;IEIJ?FTIJH. ADE11 130445 are designed with precision, power, and
omtinuous Modo: Only 160pA pase of mplementation i mind. The ADS11134%
Single-Shat Mode: Auto Shut-Doen feature an onbaand reference and ascllator. Data are
= PROGRAMMABLE DATA RATE: transferred via an PC-compatible serial inlerface; four
BSFS to BBOSPS P slave addresses can be selecied.  The
. INTERMAL LOW.DEIET ADE11134/5 operale from a single power supply

VOLTAGE REFERENCE ranging from 2.0V fo 5.8V,
. INTERMAL OSCILLATOR The ADS111347%8 can pedomm conwersions at rates

up o G50 samples per second (SPS). An onbooed

* INTERNAL PGA PGA is avalable on the ADS1114 and ADS1 116 that

* FC™ INTERFACE: Pin-Seloctable Addresses offers input ranges from e supply 1o as low as
= FOUR SINGLE-ENDED OR TWO +288mY, allowing both large and =mall signals fo be

DIFFERENTIAL INFUTS [ADS1115) measured with figh rescluton. The 1118 alsa
. PROGRAMMABLE COMPARATOR featwres an inpul multiplexer (MUX) that provides twao

differential or four single-ended inpuls.

{ADE1114 and ADS1115)
The ADE111%48 copermte either in conbinuous

APPLICATIONS conversion mode o & snge-shol mode  that
. BOBTABLE INSTEUMENTATION autormnatically powers down afler a conversion and

greatly rsduces curen! consumphbion dunng ide
+ CONSUMER GOODS periods. The ADE11134E are specified from =30°"C
+ BATTERY MONITORING o 418G,

+ TEMPERATURE MEASUREMENT
= FACTORY AUTOMATION AND PROCEES
CONTROLS

- =

AR g .
C | L
l ——mr

-

E

ABSOLUTE MAXIMUM RATINGS™

ADS1113, ADS1114, ADS1118 URIT
VDD 1o GHD =0.3 4 +5.5 W
#Analog inpul current 100, momentany mA
Mnalag inpul current 10, confinuous A
HAnalag inpul vollage lo GHND 0.3 VDD + 0.3 W
SDé, SCL, ADDR, ALERT/RDY vollage o GND =054 +5.5 W
Mandmum junction temperalues +160 ‘C
Slorage lemperabure range =60 ta +150 C

{1} Siresses above those lisled under Absoiule Maximum Rafings may cause permanent damage lo the device. Exposure to absolube

manimum canditions for extended periods may affect device relabiity.

PRODUCT FAMILY

PACKAGE INPUT CHANMELS

DESIGHATOR | REZOLUTION | MAXIMUM SAMPLE {Differentiall
DEVICE MSOPIOFN {Bits) RATE (SPE) COMPARATOR | Paa Single-Ended)
ADE1113 BROINEJ 18 BED Mo Mo 11
ADS1114 BRMIMNGJ 15 B Yes Yes 11
ADS1115 BOGIHA 18 A0 Yes Yes 214
ADS1013 BRMI/MA 12 3300 Mo Mo 11
ADS1014 BROIMNE] 12 3300 Yes Yes 11
ADSA015 BRPUNTJ 2 3300 Yes Yes 214
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ELECTRICAL CHARACTERISTICS

All specifications at —#0°C o =125°C

Thpical walies ane ol =25°C

WOD = 3.3, and Ful-Soale (F5) = 22048V, unbess olhensiss noted

ADST1EY, ANSET14, ADS1118

vy = SR

PARANMETER TEST COMDITIONS MK ™ MAK WUIKIT
AMAL DG INPUT
Full-sc il npul wollige ‘W ™ Rl - LA Ny T4 ETCA W
Anaing mpud wollege Al or Al k= GHD Nl L ) i W
Ll el gl impsZSenos Hew Tabla I
F& w2l 18450 L ]
R FS = b O0ET, 22 DREY B L k]
FE = 20 O34 3 L k]
FE = #] 3120, H 258 i L]
SYSTEN PERFORBEANCE
Fascdulzn o sy oodas | Bt
B 16 X2
Data suin | DR e S
-]
Dt smile wanmbon Al Sale rales =10 10 b
Chuizas! noma Ham Typcsl Crarsclamics
Inbmg 1l reookoaarty DR = B3PS, FS = 05N, beul §F 1 LoE
P Fo = £ 08V diffesentsl mpuls 4 i3 Lo
Fo= 12 D4y, sngle-arcded nputs | Lo
] cirill FE = 3 4B [LINE LR
LHam! powsr-supply sejcion FE = 22 1 [ B
G wrrer FS =2l HE ot S50 1 15 b
FE = ] 238 r el L
Lamin &rifl FS w2 5 a0 [ g
F§ = 144" & pomi L
Gimin jpovwar-supehy ragection, .= PR
Lk g it Mmich batwsen moy o LS o olird [ b
Linn mslch Blich bl arry e mputs ol [+ & ®
e malch Blich bl arry e mputs 3 Lo
& de nd FS o= 20 258 hli-} =
AL ge and FE = 22 DREY TIE =
Lz=imon-myoda remeclion Al S and FS o= 28 1445 L =
Iigm = BOHE, DR = B - =
Ipam = 30HE, DR = B - =]
CRCIT AL IRPUTFIOUTIPUT
Lo vl
W LrOh 35 W
W GhO - 0% 0300 W
Wi Ly = 3mi GRD 018 04 W
Ingar! s
L ' 10 e
-, [y

1] Tha perameler sxpre sses B ful-scale encs of Ba ADC scebng. In o svent shouid moss han SO0 + 0.3V be apebed I Bis davies

2] % ol
131 Iredudan

L
mrroan beorm onbomaedl Plaf ard iefereres
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ELECTRICAL CHARACTERISTICS (continued)
Al specilficaions ai =000 jo0 +1235°C. VDD = 335, amd Ful-Soale (F5) = £ 2048, unbess oifteratse nobed.

Typdoal values ane ai =25°C.

ADS1183, ADEITI4, ADS1108
FARANETER TEST COMOITIORS 111 ™ I HAK UHIT
POWER-SUPFLY REGUIMEMENTS
Frrsur-musply woilsge 2 35 W
Vowms<Sorwm cumenl wl 2270 15 r; )
Foowee-<Sirwm cumenl op ke 1250 = [
Hupedy cusant
Upanbng ousent st 3571 150 20K [
Opsrabng cumend up o TS0 3K [
VOO = 3.0% a4 il
Frrevur desmpabon VOO = 33 05 ik
VOO = 2.0% a3 il
TEMPFERATUNE
Hizragm lampassium —Hi] L] =
Hpec fwd wncarabues i) + LIS =
PIN CONFIGURATIONS
P PR
. iy DT
(IO VIR MEE
[ ]
LE U]
AlF =
Al Sy Pl man
SLEHTHITY Poii1 1 —t
il
Gl SaH AT 1T iy ALTHTITE
AE 11
SHE SaHD AL 111 iy
A 11
Fin DESCRIFTIONS
DINICE e TG
OEETAL
R
Pl # | ADS941 | ADSH{44 | ADEA14E OUTPUT OESCRF TR
1 AOOE [k o L] Dhgienl inpad P v sddrmas s
I L AEATIEDY | ALERT/RDY | Digil Duiped | Dipiisl compaemion oz o ooewerion mady (8 for A0S 113
3 R [ ] RO ArEeg Crouand
L] EE i i gy inpal | Dolfesmntind Do 7 Foalve inpu o enge-andes] corre 1 ino
- dkdd Lo b LI Arpmicey inpadl | Dolfesmntind Srosrred 9 SMegaiies Nl o Lingis-sroed chanosl T inpas
E KC = Ll Arpmicey inpal | Dolfesmntind o 2 Poalve inpu o engie-andes] curre 3 ingut (R for RG0S 11134
- Dolfesuniind Srowrred 2 Megaiies il o ngs-sroed chanosl & npae
FaC wC A Aroog Il | ar b A 114)
B wO0 WIOD WD Ay Powar mpply- 1.0V o S5
b Sk ol S0k Depiisl 10 Sl coin T WralreE BT reoEwE. -1
111] SO 5L SO Dhgienl inpad Srisl ciock inget C oo datw on S04
1] NL s mey b lef! fosbng o Sed o grood
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MPU 6050

& Electrical Characteristics
6.1 Gyroscope Specifications

VDD = 2 375V-3.46W, VLOGIC (MPU-5050 only) = 1 8V+5% or VDD, T, = 25°C

PARAMETER COMDITIONS MIN P MAX | UMITS NOTES
GYROSCOPE SENSITIVITY
Ful-Scale Range F&_SEL=0 +260 s
F&_SEL=1 +500 ]
F&_SEL=2 +1000 s
F&_SEL=3 +2000 g
Gyroscope ADC Word Length 16 bits
Sensitiity Scale Faclor F&_SEL=0 134 LERAYs)
F&_SEL=1 B65.8 LEBYs)
F& SEL=2 aa LEBiYs)
F&_SEL=3 .4 LSBT
Sensithity Scale Factor Tolerance 28 3 +3 ke
Sensitity Scale Faclor Wanation Cver 43 *
Temperature
Manlinearty Best fit straight line; 25°C 0.2 %
Cross-fuis Semstiity +2 b
GYROSCOPE ZERD-RATE OUTPUT [ZRO)
Initial 2RO Toleranos 28 +20 s
ZRO Vanation Oreer Temperature A40°C to +BE°C 20 s
Power-Supply Sensitraty {1-10Hz) Sine waree, 100mVipp; WDD=2 8V 0.z g
Power-Supply Sensitraity {10 - 280Hz) Sine waree, 100mvpp; VD=2 BV 0.2 k-
Power-Supply Sensitiity (260Mz - 100kHz) Sine waree, 100m\ipp; YDO=2.8V 4 s
Linear Acceleration Sensitrity Shabic 0.1 Haig
SELF-TEST RESPOMSE
Redafve Change from factory tnm 14 14 ke 1
GYROSCOFE NDISE PERFORMANCE F&_SEL=0
Total RME Mose DLPFCFG=2 (1004z) 0.05 “s-ms
L ow frequency RS noiss Bandwidth 1Mz tol0Hz 03 “s.ms
Rafe Noise Speciral Density AL 10 {008 Hei Mz
GYROSCOFE MECHANICAL
FREQUEMCIES
p il 3 3 36 EHz
¥z a1 30 33 EHz
Z: s 24 27 30 EHz
LOW PASS FILTER REEPONSE
Prograsmmabie Range ] 256 Hz
OUTPUT DATA RATE
Frogrammabie 4 8,000 Hz
GYROSCOFE START-UP TIME DLPFCFG=0
IR0 Settiing (fom power-on | io 21%s of Final i ms
1. Please reler 1o ihe Tolowing docwument Tor further infarmaton on Sell-Test MPU-B000MPL-5050 Regisier Map

and Descrplione
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6.2 Acceleromater Specifications

VDD = 2375V-3.46V, VLOGIC (MPU-G050 only) = 1.8V15% or VDD, Ta= 25"C

PARAMETER CONDITIONS MIN ™ MaX | UMITS HOTES
ACCELEROMETER SEMSITIVITY
Full-Scale Range AFS_SEL=0 +2 g
AFS_SEL=1 4 g
AFS_SEL=2 8 g
AFS_SEL=3 218 g
ADC Word Length Ouriput i two's comgplement fammal 18 bils
Sensiivily Scale Factor AFS_SEL=0 16,584 LSB/
AFS_SEL=1 8,192 LSB/y
AFS_SEL=2 4,096 LSB/g
AFS_SEL=3 2,048 LSR/
Inilial Calibration Tolerance +3 %
Sermilivity Change vs. Temperatune AFS_SEL=0, -40°C 1o +85°C 02 "G
Monlinearity Besi Fit Straight Line 0.5 %
Cross-Axis Sensilivity 2 b
ZERO-G OUTPUT
Inilial Calibration Tolerance ¥and ¥ axes +50 mg 1
Z i +50 mg
Zero«5 Level Change wvs. Tempemature | Xand ¥ ases, 0°C to +70°C +35
£ as, 0°C o +T0°C 50 mg
SELF TEST RESPONSE
Redalive Change from faciory irim =14 14 o 2
NONEE PERFORMANCE
Pawer Speciral Density E10Hz, AFS_SEL=0 & ODR=1kHz 400 ug! < Hz
LOWY PASSE FILTER REEPONSE
Programmable Ranges 5 260 Hz
QUTPUT DATA RATE
Programmable Rangs 4 1,000 | He
INTELLIGENCE FUNCTION
INCREMENT a2 mg/LSB

1. Typical zero-g initial calibration tolerance value after M5L3 preconditioning
2. Please refer to the following document for further information on Seif-Test MPLU-E000MPLU-6050 Register Map

and Descrphions
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67 I°c Timing Characterization

Typical Operaling Circuit of Section 7.2, VDD = 2.375V-3.46V, VLOGIC (MPU-8050 only) = 1.8Vi5% or
VDD, T,=25"C

Parameters Conditions Miin Typical Max Units Hotes
F'C TIMING I'C FAST-MODE

fse. SCL Clock Freguency 400 kHz
bian sra, (Repeated) START Condition Hold 08 =
Tirrea

b, SCL Low Pariod 1.3 =
Liscss, SCL High Period 0e =
lzu s1a. Repeated START Condiion Selup 08 =
Time

by par, SOA Diata Hald Time 1] s
Lsumwr, SO Data Selup Time 100 ns
L. S0A and SCL Rise Time Cs bus cap. from 10 to 400pF 20+0.1C. 300 n&
I, S0A and SCL Fall Time i bus cap. fram 10 o 400pF 20+0.1C, 00 nE
tsu sto. STOP Condition Setup Time [:1:3 =
g, Bug Fres Time Batwesn STOP and 13 =
START Candition

Sy, Capacitive Load Tor each Bus Line = Qi pF
b, Dt Walid Time: 0w =
bunace, Dala Valid Acknowledge Time k] =

Note: Timing Characteristics apply lo both Primary and Auxiliary I°C Bus

bapar
c i I
I . = -
-l_: N e continud bolow st )
I e Yy " AT
PN -ﬁ . - . _

: ) 5 ] -
i [ uey [ ¥ chock aycis
LA ‘o coch e p—

e ek cytie

I'C Bus Timing Diagram

6.9 Absolute Maximum Ratings

Stress above those lisled as “Absolule Maximum Ratings™ may causa permanant damage to the device.
Thesa are siress ratings only and functional operation of the device al these condiions is nol implied.
Exposure lo the absolule maximum ratings condilions for exlended periods may affect device reliability.

Parameter Rating
Supply Vollage, VDD -0.5W o +6W
VLOGIC Input Voltage Lawvel (MPU-S050) 0.5V to VDD + 0.5V
REGOUT =005V o 2W
Isngtt ‘;’E'I:iga Level (CLEIM, AUX_DA, ADD, FSYNC, INT, 0.5V ta VDD + 0.5Y
CPOUT (25 = VDD < 3.6V ) 05 o 30V
Acceleration (Any Axis, unpowerad) 10,000g for 0.2ms
Operating Temperature Range =40°C o +105°C
Slorage Temperature Ranga -40°C o +125°C
Electrostatic Discharge (ESD) Protection ?ﬂﬁﬁ::ﬁ;
Latch-up JEDEC Class Il (2),125°C
+100mA
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©.0

Arduino= UND R3

5.1 JAMALODG

Pin |Function | Type Deseription

1 [ [ MC Mot cannected

2 IOREF |QREF Reference for digital logic ¥ - connected o 5V
3 Regat Resel Reaset

4 LEVE] Povwer +3v3 Power Rail

5 &5V Pawer +5V Pawer Rail

[ GHD Power Girgaand

7 GHO Porenr Gurdnrc

] WIM Power Valtage input

9 1] AnalaghzPio Analog input 0 /GPID

10 | A1 AnalaghGPIo Analag input 1 /GPID

11 AZ AnalaghzPio Analog input 2 /GPID

12 | A3 Analog/GRID Analog input 3 /GPIC

13 | AL/SDA Analog inpuei2C Analog input 4/2C Data line
14 |ASSSCL Analag inputA2C Analog input S2C Clock line
5.2 JDIGITAL

Pin | Function Type Description

1 D DigitaldzMO Digieal pin W GFIO

2 o DigitaldzMO Digieal pan 1/GPI0

3 o2 DigitaldzMD Digital pan 2'GPIO

4 D3 DigaliGP0 Digital gin LGPIO

5 D4 Digital/GPO Digital pin 4GPID

[ D5 DighaltcPO Digital gin S/GPIO

7 D6 Digital/GPO Digital pin &/GPID

B oy DigitaldzMD Digital pan TGP0

9 DE DigaliGP0 Digital gin &/GPIO

10 oo DighaliGPIo Digital gin WGPIO

11 %5 Digial SPI Chip Select

12 OIS Digital SPIT Main Dul Secandary In
13 MISO Digital EPI Main In Secondary Out
14 S0K Diiggital 5P s&rial dock autput

15 GHND Power Grournd

16 AREF Diggital Analog reference voltage

17 ALIEDY Digital Analog input 4/12C Data line [duplicated)
18 ASISDS Digial Analog input 5/12C Clock line (duplicated)
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