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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.  
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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. 

 

 

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 (AI) and NLP fields bring highly 

advanced technological means and methods to human language-related research. 

Although modern AI 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.  
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Fig. 1.2. Alphabet of Sinhala sign language 
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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.  

 

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 

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

 

 

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]. 

Fig. 1.4. Electromyography sensor. Adapted from [7] 
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In general definition, sign language is made of gestures. These gestures can 

categorise according to features as illustrated in Fig. 1.5.  

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 (AI). 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. 
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Fig. 1.6 Machine Learning Algorithm categorization 

 

 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. 
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 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]. 
 

 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 

 

 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]. 

 

 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.  
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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. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

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 
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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   

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  

Outcome 
 

Process Input 

Data Glove Sensor 
Input 

Microcontroller 
Output 

 

 
 
 

SSL Gesture 

ML Classification 

Language 
Processing 

Feature Extraction 

Data Preprocessing 

Word and 
Sentence 

Letter Recognition 

Fig. 2.1 Flow of design plan 
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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  

Fig. 2.2 System overview 

Sensors incorporate  
• Flex sensors 

• ADC 

• Gyro 

• Accelerometer 

Data Gathering 

• Preparing CSV 
file 

• Prepossessing 

Data Processing 
• Evaluation 

• Testing 

• Natural Language 

Processing 
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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. 
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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.  

 

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.  

 

 

 

 

 

 

 

 

 

 

 

 

 

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 

conductive stretchable yarns 

conductive clothe material 

Fig. 2.5 Approach with Velostat and conductive yarn 
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account through the ADC. Five flex sensor values were taken as five variables for 

different hand gesture shapes.  

 

 

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
16

 = 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 

Fig. 2.6 Voltage divider circuit per finger 

V1 
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ADC Calculator: 

 

                     Digital  utput   
 
   
  nalog  nput  oltage

 eference  oltage
                                    

 

 

   umber of bits in  D  converter 
 

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; 

 

                     

              
 

 D  reading

 nalog  oltage measured
                                

 

    

 
 

 D   eading

 nalog  oltage  easured
 

 

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

 

                                          
    

 .   
   

x

 .   
 

 

                                     
    

 .   
  .       x 

 

                                                     x       

 

  



       

 

18 

 

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.  

 

 

 

 

 

 

 

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
2
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; 

 

 ngle    .     ( angle   gyro Data   dt )     .     accelerometer Data                    

           

 

 

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

 

 

 

 

 

 

 

 

 

 

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.  

Fig. 2.10 Euler angle transformation 
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The matrix for a combined rotation around x then y then z is: 

 

 ( x  y  z)  z y x 

[
 
 
 
  y z  ySz -S

y
 

SxSy z- xSz SxSySz  x z Sx y  

 xSy z SxSz  xSySz-Sx z  x y  

    ]
 
 
 
 

 (4) 

 

 here  S  Sin          os   

 

The conversion of sine and cosine of θ 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: 

 ( x      z) 

[
 
 
 
   -  

Sx z- xSz SxSz  x z   

 x z SxSz  xSz-Sx z   

    ]
 
 
 
 

      (5) 

 

 

After simplification with trigonometry, this matrix is equivalent to: 

 

 ( x      z) 

[
 
 
 
   -  

sin(  - z) cos( x- z)   

cos( x- z) -sin( x- z)   

    ]
 
 
 
 

                                                (6) 

 

This matrix discloses the fusion of the two remaining DOF into a single variable, one 

opposing the other [19]. 
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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: 

 

     
 

Where a, b ϵ ℝ and i is the imaginary unit.  

Quaternions are, on the other hand, are of the form: 

           

Where a, b, c, d ϵ 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]. 

 

 

 

Fig. 2.11 Four- dimensional extension of the complex numbers 
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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. 

 

 
 

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.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

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 

PIP joint 

MCP joint was not used for 
initial design Flex 

Sensors 

DIP joint 

Fig. 2.14 Planned flex sensor arrangement 

Flex sensor 

DIP joint 

PIP joint 

MCP joint 

Fig. 2.15 Hand glove with initial sensor positions  
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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. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

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

  

DIP joint 

MCP joint 

PIP joint 

Fig. 2.16 Hand glove with final sensor positions  

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
th

 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 „අ’. 

  

Table 2.1 CSV file created using all attributes 
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2.3 Data analysis 

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

 

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. 

 

                                                          z  
x   

 
                                                       

 

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 

Fig. 2.19 Standard normal distribution- standard scaler. Adapted from [21] 
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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. 

 

 

 

 

 

 

 

 

 

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

 

The lookup table 2.2 illustrates the moderators created by the combinations of 

consonants and vowels. 

 

Fig. 2.21 Block diagram of API and NLP process 

Table 2.2 Lookup table to create moderators 

moderators 
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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 “අ   ” is considered. 

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

 

 

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.

Fig. 2.22 Vowel and consonant conjunction 
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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 

 

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.   

Fig. 3.1 Outcome of ML algorithm 
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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   F1-score   Support 

 

  1       1.00      1.00      1.00        36 

  2       0.97      1.00      0.99        36 

  3       0.95      0.97      0.96        37 

  4       1.00      0.83      0.91        30 

  5       1.00      1.00      1.00        25 

  6       0.87      0.79      0.83        34 

  7       1.00      1.00      1.00        34 

  8       1.00      1.00      1.00        30 

  9       0.94      1.00      0.97        30 

10       1.00      1.00      1.00        37 

11       0.94      0.94      0.94        32 

12       1.00      0.71      0.83        35 

13       0.97      0.94      0.96        36 

14       0.87      0.93      0.90        28 

15       1.00      1.00      1.00        31 

16       1.00      1.00      1.00        29 

17       1.00      1.00      1.00        30 

18       1.00      1.00      1.00        29 

19       1.00      1.00      1.00        21 

20       0.94      1.00      0.97        32 

21       0.94      1.00      0.97        31 

22       1.00      1.00      1.00        30 

23       1.00      1.00      1.00        35 

24       0.96      1.00      0.98        22 

25       1.00      1.00      1.00        32 

26       0.94      1.00      0.97        32 

27       0.93      1.00      0.96        25 

28       0.86      1.00      0.93        31 

29       0.90      1.00      0.95        36 

30       0.93      1.00      0.96        26 

31       0.83      0.45      0.59        33 

32       0.83      1.00      0.91        25 

33       0.93      1.00      0.96        26 

34       0.79      1.00      0.88        23 

35       1.00      0.92      0.96        25 

36       1.00      0.27      0.43        33 

37       1.00      0.95      0.97        20 

38       0.88      1.00      0.94        29 

39       1.00      0.93      0.97        30 

40       1.00      1.00      1.00        33 

41       1.00      1.00      1.00        27 

42       1.00      1.00      1.00        29 

43       0.85      1.00      0.92        33 

44       0.97      1.00      0.98        29 

45       1.00      1.00      1.00        24 

46       0.88      1.00      0.94        29 

47       1.00      1.00      1.00        40 

48       0.96      0.93      0.94        27 

49       1.00      1.00      1.00        35 

50       0.93      1.00      0.96        27 

51       0.93      1.00      0.96        26 

52       0.92      1.00      0.96        24 

53       0.97      0.92      0.95        39 

54       0.68      0.87      0.76        30 

55       0.95      0.88      0.91        24 

56       1.00      1.00      1.00        28 

 

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       1.00      1.00      1.00        31 

  2       1.00      1.00      1.00        28 

  3       0.90      1.00      0.95        28 

  4       0.94      0.86      0.90        35 

  5       1.00      1.00      1.00        24 

  6       0.88      1.00      0.93        28 

  7       1.00      1.00      1.00        25 

  8       1.00      1.00      1.00        30 

  9       1.00      1.00      1.00        42 

10       1.00      0.96      0.98        27 

11       1.00      1.00      1.00        25 

12       1.00      1.00      1.00        31 

13       1.00      1.00      1.00        24 

14       0.96      1.00      0.98        27 

15       1.00      1.00      1.00        32 

16       1.00      1.00      1.00        32 

17       1.00      1.00      1.00        37 

18       1.00      1.00      1.00        30 

19       1.00      1.00      1.00        29 

20       1.00      1.00      1.00        44 

21       1.00      1.00      1.00        35 

22       1.00      1.00      1.00        38 

23       1.00      1.00      1.00        26 

24       1.00      1.00      1.00        33 

25       0.97      0.97      0.97        33 

26       1.00      1.00      1.00        28 

27       1.00      1.00      1.00        37 

28       0.97      1.00      0.99        33 

29       1.00      1.00      1.00        27 

30       1.00      1.00      1.00        23 

31       0.97      0.97      0.97        34 

32       1.00      0.97      0.98        30 

33       0.93      1.00      0.96        27 

34       1.00      1.00      1.00        32 

35       1.00      1.00      1.00        31 

36       1.00      0.83      0.91        35 

37       1.00      1.00      1.00        38 

38       1.00      0.96      0.98        27 

39       1.00      1.00      1.00        26 

40       1.00      1.00      1.00        27 

41       1.00      1.00      1.00        31 

42       1.00      1.00      1.00        27 

43       1.00      1.00      1.00        31 

44       1.00      1.00      1.00        32 

45       0.96      0.96      0.96        27 

46       1.00      1.00      1.00        20 

47       1.00      1.00      1.00        34 

48       1.00      1.00      1.00        27 

49       1.00      1.00      1.00        24 

50       1.00      1.00      1.00        18 

51       1.00      1.00      1.00        32 

52       1.00      1.00      1.00        28 

53       0.96      0.96      0.96        27 

54       0.96      0.96      0.96        28 

55       1.00      1.00      1.00        28 

56       0.97      1.00      0.99        37 

 

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 API 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 „අ‟ and „ඉ‟, 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.  

 

 

 

 

file:///C:/Users/DELL/Desktop/sentance/Media5.mp4
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Table 3.3 Experiment and results on letter recognition - Vowels 

Letter Gesture Result 

„අ‟ 

 

 

„ඉ‟ 

 

 

 

 

For an example let’s take the letter „ ‟. The letter ‘ ’ is a moderator, which 

result from the conjunction of vowel ‘අ’ and consonant ‘ ’. 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 

„ ‟ 

 

 

 



       

 

37 

 

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

to the system. 

 

 
 

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 “   ”. The letter 

„ ‟ is a moderator created by consonant „ ’ and vowel ‘ඉ’. As same as 

moderator ‘  ’ created by consonant „ ’ and vowel ‘ආ’. This is illustrated in 

Fig. 3.4 

 

 

During the transition from posture related to letter „ ’ to posture related to letter 

‘ඉ’ 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. 3.4 Word preparation 

Fig. 3.5 Word “ගියා” 
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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 අ    

 
 

2 ආ   

 
 

3 ග  

 
 

4 අ   

 
 

5    
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6    

 
 

7 අ  

 
 

8 අ   

 
 

9     

 
 

10 ග  

 
 

  



       

 

41 

 

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. 

 

Fig. 3.7 Resulted sentence  

Fig. 3.8 Sentence preparation 

Fig. 3.6 Sentence preparation experiment 
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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 API 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 Qty Price (LKR) 

Flex Sensor 5 2,500.00 

MPU6050 Module 1 350.00 

ADS115 2 300.00 

33K 2W resistors 4 5.00 

10K 2W resistors 4 5.00 

Arduino Uno 1 500.00 

Clothe glove 1 350.00 

Total 

 

4,010.00 

 

  



       

 

48 

 

ANNEXURE B 

 

 



       

 

49 

 

 

 



       

 

50 

 

  



       

 

51 

 

 

  



       

 

52 

 

 
MPU 6050    



       

 

53 

 

  



       

 

54 

 

 

 

 

 



       

 

55 

 

 




