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Abstract—There is a definite breakdown in communication 

between the hearing and Deaf communities. While 

automatic sign language translation (ASLT) research 

occurs around the world, this is not possible in South Africa 

due to the lack of digital South African Sign Language 

(SASL) gesture databases. Research into ASLT could 

significantly improve the day to day lives of the Deaf 

community by bridging the communication gap. This paper 

reports the development of a static SASL gesture database 

using a low-cost data glove. This database contains 31 static 

gestures, captured from five participants. These gestures 

have been captured in three scenarios ranging from ideal 

data points (Type 1) to more continuous real-world 

scenarios (Type 2 and 3). The overall sensor velocities were 

used for feature extraction when considering the continuous 

data in order to attain the gesture data for the neural 

network. This database’s effectiveness was evaluated by 

using neural networks to determine how accurate the 

classification results would be. The Levenberg-Marquardt 

training algorithm was used and achieved a classification 

accuracy of 99.61% when using the ideal (Type 1) data. The 

Type 2 and 3 data did not achieve a classification accuracy 

as high, 77.42% and 81.72% respectively when considering 

only 1 participant. The classification accuracy drops as 

more participants are evaluated using the neural network. 
 
Keywords—Data glove; South African Sign Language; Flex sensor; 

Neural Network; Classification 

I.  INTRODUCTION 

There is a definite communication breakdown between the 

hearing and Deaf communities in South Africa, as the Census 

2011 shows that only 0.5% of the population speak Sign 

Language [1]. This communication gap has been shown to 

directly affect the Deaf community’s education and career 

opportunities which decreases their overall quality of life [2, 3]. 

Even within the Deaf community there has been division, as 

various forms of Sign Language - including American and 

German Sign Language – have been used in South Africa. In 

recent years South African Sign Language (SASL) has moved 

towards becoming an official language of South Africa.  

 

Because SASL is only now beginning to gain recognition in the 

country, a standardised version of the language has not yet been 

recorded. Furthermore, the creation of a glove-based digital 

Sign Language database has required expensive technology. 

Such a database would have to record each of the gestures that 

comprises the language, and draw on the experience of 

numerous professional translators in order to ensure robustness. 

Taken together these factors have limited the South African 

Deaf community’s access to the benefits of Automatic Sign 

Language Translation (ASLT) research that has been done 

around the world.  

 

The research in this paper sought to contribute to the lessening 

of the communication gap between Deaf and hearing 

communities through the creation of a digital SASL database. 

The work was primarily concerned with recording static 

gestures, and as such serves as a foundation for future research. 

Because the database can be used in the process of Automatic 

Sign Language Translation, the research has the potential to 

positively affect the Deaf community by strengthening their 

quality of life through ease of communication.  

 

The paper therefore offers an overview of the steps involved in 

producing and evaluating the static gesture database. The 

following section (Section II) describes current data gloves and 

various ASLT approaches that have been used. Section III 

details the hardware used in order to record the database. 

Section IV provides details on how the gestures were captured 

and cleaned for the SASL static gesture database. Section V 

presents the classification results of the neural network 

implementation. Finally, Section VI concludes the paper by 

considering the effectiveness of the database and its potential 

use in furthering ASLT in South Africa.  

II. RELATED WORK 

Automatic Sign Language Translation has primarily utilised 

two approaches, namely computer vision and data gloves. This 

paper is focused on ASLT using data gloves. Since the 

development of the Sayre Glove in 1977 [4], there have been 

many different data gloves developed for a range of 

applications. For an extensive history and review of data gloves 

refer to “A Survey of Glove-Based Systems and Their 

Applications” [5]. The most commonly used data gloves used 

in ASLT are the Cyber Glove III [6] and 5DT Data Glove [7].  

A pair of 5DT gloves cost € 1526 (innovatecno.com) at the time 

of this research. This illustrates the high cost of consumer data 

gloves, as well as the importance of developing a low-cost data 

glove for local use.  
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There have been many custom gloves designed by researchers 

over the years. These have however been built for specific tasks, 

and their schematics have not been made readily available. Data 

gloves have been used extensively in automatic sign language 

translation for a number of different sign languages including; 

American (ASL) [8], Chinese (CSL) [9], Japanese (JSL) [10], 

Thai (TWL) [11] and Australian (Auslan) [12]. The only widely 

available glove-based sign language dataset is that of Auslan 

which recorded Australian Sign Language.  

 

ASLT can also be broken down into static and dynamic gestures 

which lead to different methods of classification. Neural 

networks have generally been used to classify static gestures 

while Hidden Markov Models [13], [9], [14] have been popular 

when classifying dynamic gestures. Because the research was 

concerned with the recording of static gestures neural networks 

were used for classification. Previous research using neural 

networks has been summarized in Table 1. 

III. HARDWARE 

A. Glove Design 

A Lycra glove was custom made to fit the researcher’s hand 

tightly. Ten Flexpoint flex sensors were mounted on the dorsal 

side of the fingers; two flex sensors per finger (MCP and PIP 

joints). Three contact sensors were used to measure 

abduction/adduction and one to measure the ‘R’ static gesture. 

The flex and contact sensors are read by a 10 bit ADC that is 

located on the microcontroller. A 6 degree of freedom IMU was 

mounted on the back of the glove and used to measure the 

orientation and motion of the user’s hand. The IMU data is 

transferred to the microcontroller via I2C. The data glove was 

controlled using an Arduino Pro Mini microcontroller and 

could communicate wirelessly using Bluetooth or send the data 

via a USB cable. A digital potentiometer was used in order to 

automatically calibrate the flex sensors to account for different 

user hand sizes and tolerance in the flex sensors. The data glove 

used a Lithium Polymer battery (2000mAh) which allowed the 

device to run for roughly 14 hours at a time.  

 

Each of the data glove prototypes used in this research cost R2 

216.50. This was significantly cheaper than its commercial 

counterparts. According to Simone et al. [17], a 5 Sensor 

DataGlove would cost R27 390, a 22 Sensor Cyber Glove 

would cost R154 000 and their own Shadow Monitor would 

cost R3 300. The prototype developed in this research therefore 

gave very similar results (the prototype had a slightly worse 

overall standard deviation on average) as the Shadow Monitor, 

it was roughly R1 100 cheaper to make. 

B. Glove Evaluation 

The result of the repeatability and reliability test, developed by 

Wise et al. [18] and later expanded by Dipietro et al. [19], for 

the custom data glove was a flexion resolution of 3.270 degrees 

and a standard deviation of 1.418 degrees. These results were 

comparable with the top results reported by other researchers 

doing similar studies. The results were acquired with minimum 

modification to the sensors which made the device simpler to 

manufacture while retaining high quality result. For a more in 

depth review of this evaluation method and comparison of 

results consider Simone et al [17].  

IV. DATABASE DEVELOPMENT 

A. Data Collection 

For the purpose of recording a static gesture database it was 

decided that only the flex and contact sensor data was required. 

TABLE 1  SUMMARY OF PAST NEURAL NETWORK RESEARCH FOR GESTURE CLASSIFICATION  

Classification Technique Reference Isolated or 

Continuous  

Number of 

Subjects 

Vocabulary 

Size 

Recognition 

Accuracy (%) 

Recurrent NN Murakami [10] Isolated 1 10 JSL 96 

Multilayer Perceptron NN Vamplew [12] Isolated 7 52 Auslan 94.2 

Hyperrectangular Composite NN Su [11] Isolated 2 90 TWL 94.1 

Two-stage neural network Waldron and Kim [15] Isolated 6 14 ASL 86 

Artificial NN Oz [8] Isolated 1 50 ASL 90 

Elman Back Propagation Neural Network Saengsri [16] Isolated 1 16 TWL 94.44 

 

 
Figure 1 : a) Photograph of the data glove prototype used. b) Layout of 

sensors on the data glove prototype. c) System diagram for the setup of 

the sensor circuitry. The analogue signal is read by the microcontrollers 

10-bit ADC and transferred to the PC via Bluetooth. 

 

a) b) 

c) 
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This means that the 10 flex sensors, the 3 contact sensors and 

the ‘R’ sensor were used. All three of these sensors have a value 

range of 0-1023 read by the 10-bit ADC. This data was 

transferred via Bluetooth/tether to the PC workstation. This data 

was placed into a 1x14 row vector. The first 10 values are the 

flex sensors, 11-13 are the contact sensors and the 14th value is 

the ‘R’ contact sensor. The flex sensors start at the thumb MCP 

joint, move to the thumb PIP joint and continue in this manner 

for every finger until the small finger is reached. The contact 

sensors start between the index and middle finger and end at 

between the ring and little finger. 

 

The SASL alphabet and numeric gestures add up to 36 in total. 

Due to overlap between some of the SASL alphabet and 

numerical gestures, the static gesture database was reduced to 

33 gestures. Zero and ‘o’, two and ‘v’ as well as six and ‘w’ are 

the gestures that overlap each other. The static database is 

further reduced to 31 gestures because the gestures for ‘j’ and 

‘z’ have a dynamic component to them. In order to create a 

robust database the data was recorded in three different 

scenarios. The first was a simple static ‘snapshot’ of the sensor 

data for each gesture. The second was continuous data readings 

from a known position to the gesture and then back to the 

known position again. The third scenario involved continuous 

data readings from an unknown position to the gesture and then 

to a different unknown position. The three scenarios will be 

referred to as Type 1, Type 2 and Type 3 data respectively. 

 

Five participants with no disabilities or restrictions to hand 

movement were chosen to record the SASL static gesture 

database. Two of the participants were female with smaller 

sized hands. The remaining participants were male, and one of 

these had a hands that were slightly too large for the glove. Each 

participant was briefed on the gestures and were given the 

opportunity to practice each of these until they could perform 

them with confidence. During the process the glove remained 

on the participant’s right hand and the entire test was performed 

in one session in order to ensure sensor consistency between the 

gestures. The testing procedure for each Type of data was run 

as follows: 

 

1) Type 1 

The participants placed their hand flat on a table with their 

fingers spread for 3 seconds, then moved their hand into the 

static gesture and held it for 3 seconds. At the end of this 3 

second interval one point of data was read from each of the 

sensors of the glove. The participant then placed their hand in 

the starting position. This process was repeated ten times. Once 

the ten repetitions had been completed the participant moved on 

to the next gesture. This entire process was repeated until each 

of the 31 gestures had been recorded. 

 

2) Type 2 

The participants placed their hand, in a known position, flat on 

a table with their fingers spread. The participant was signaled 

to begin and had a 10 second interval within which to place their 

hand in the gesture, hold it briefly, and then place their hand flat 

and open on the table again. The participant could perform the 

gesture at any speed and hold their hand in the gesture as long 

as they wanted to as long as their hand was back in the known 

position again by the end of the 10 second interval. The data 

from the sensors was recorded continuously during the entire 

10 second interval. This process was repeated 3 times for each 

of the 31 gestures. 

 

3) Type 3 

This test was performed in exactly the same manner as the test 

used to collect the Type 2 data. The only difference was that the 

participant’s hand started and ended in different unknown 

positions of their choosing. The participants were cautioned to 

hold their hand steady in the unknown position in order to keep 

the data consistent.  

While Type 1 and Type 2 data was collected using five 

participants, the recording of Type 3 data was limited to one 

participant. This was due to time and availability restrictions. 

B. Data Cleaning 

1) Normalisation 

While all of the sensors were read in a range of 0-1023 on the 

10 bit ADC they were not completely consistent. The scale 

between two sensors varied due to the resistance tolerance 

(roughly 10%) in the flex sensors. This could cause problems 

in the machine learning phase of the project and the larger scale 

values may be given more weight than other sensors which 

could skew the gesture classification algorithm. To ensure that 

this did not occur, a simple normalisation was applied to all of 

the data: 

 

𝑥𝑖_𝑛𝑜𝑟𝑚 =  
𝑥𝑖−𝑆𝑚𝑖𝑛

𝑆𝑚𝑎𝑥 − 𝑆𝑚𝑖𝑛
  (1) 

Where, 

xi is the ADC reading for the sensor. 

Smin is the overall minimum value read across all of the gestures 

for that particular sensor. 

Smax is the overall maximum value read across all of the gestures 

for that particular sensor.  

 
 

Figure 2: Shows a simple example of recording a single 

gesture (letter ‘b’) for the three types of data. a) Type 1, 

b) Type 2, c) Type 3. 

c) 

b) 

a) 



This normalisation method was applied to all three types of data 

after it was recorded. The raw data was kept as a backup so that 

another method of normalisation could be used if deemed 

necessary. 

2) Feature Extraction 

When considering the Type 2 and Type 3 data it was important 

to note that not all of the data is useful. During the 10 second 

interval that was recorded, only a fraction of that holds the 

gesture data. This data had to be extracted and reduced down to 

a single 1x14 row vector so that the gesture could be classified 

correctly. The Type 2 data was easier to extract than that of the 

Type 3 data as it involved known positions. Two methods were 

used to extract the relevant data: 

a) Manual Extraction 

This basic, yet time consuming method was used to extract the 

data accurately as it allowed for the best data to be selected. The 

data was examined manually in order to determine when the 

gesture had taken place. Once determined, a small subset of the 

data stream was chosen and averaged so that it becomes a 1 x 

14 vector that can be inputted to the neural network. This 

method was used mainly on the Type 3 data. 

b) Sensor Velocity Extraction 

When trying to extract Type 2 data, the simplest method was to 

look at the combined movement of the sensor readings. 

Saengsri [16] used a sensor velocity summation equation to 

calculate when there was hand movement in the continuous data 

stream. This equation was used in order to determine the stop, 

start, gesture and the transition state. Once these states had been 

identified it was simple to separate the gesture state from other 

states and to extract the relevant gesture data. The total finger 

flexion velocity was calculated using the following equation: 

 

 𝑆(𝑡) =  ∑ |𝑥𝑖,𝑡+1 − 𝑥𝑖,𝑡|13
𝑖=0   (2) 

Where,  

xi, j is the value at timestamp t from the sensor 

 

The velocity graph breaks up the continuous data stream into 

the various states and identifies the relevant gesture data. An 

example of this is shown in Figure 3a. and Figure 3b. Clearly it 

can be seen that Figure 3a. is the sensor velocity graph of Figure 

3b as the peaks coincide with the sensor value drops and rises. 

Once the various states had been determined a threshold was 

applied to the gesture state so that only data below the threshold 

was extracted and used. The threshold removed erroneous 

movements and sensor spikes. For a more in depth description 

consider Saengsri [16]. 

C. Data Analysis 

The three data types were recorded and compared to one 

another in order to determine their consistency across the 

different scenarios, from Type 1 being ideal moving towards 

Type 3 which is closer to real world examples. The relevant 

gesture features were extracted and compared in order to 

determine the effectiveness of the extraction techniques as well 

as the reliability across the various scenarios.  

 

1) Data types histogram comparison 

It is important to note how the different Types of data vary in 

relation to each other. Three examples of this have been given 

in Figure 4 . The Type 1, 2 and 3 data was taken from participant 

1 and compared using histograms. It is clear that the data is 

consistent across the gestures and sensors except for sensor 2 

which is the thumb PIP flex sensor for Type 2 data. This 

variation could have been caused by the feature extraction 

method. 

V. CLASSIFICATION  

A. Neural Network Implementation 

While the implementation of neural networks for the 

classification of SASL was not a main focus in this paper they 

were used in order to prove that the SASL database collected in 

the previous section is effective and can be used for further 

research.  

 
Figure 4: Histograms showing a comparison between the Type 1 data and the extracted Type 2 and 3 data for the gestures A, B and C. 

 

 
Figure 3: a) Sensor velocity graph of Type 2 data for gesture 'A'. 

The different states are clearly differentiated with the grey vertical 

lines. Label ‘A’ is the start state, ‘B’ and ‘E’ are transition states, 

‘C’ is the gesture state, ‘F’ is the end state and finally ‘D’ is an 

erroneous movement by the participant. b) Example of continuous 

data for the gesture ‘A’. 

 

 

b) 

a) 



The neural networks were trained using the Type 1 data. Before 

the training starts this data must be broken up into three 

datasets; training data, validation data and testing data. For this 

research the data was divided into 70% training data, 15% 

validation data and 15% test data.  

 

The MATLAB Neural Network Toolbox was used in order to 

easily implement a neural network for classification purposes. 

It has a variety of training algorithms available for 

implementation and it also generates the code which allows the 

user to customise the algorithm. For this research three 

algorithms were tested to determine the structure of the neural 

network Table 2 and it was determined that 14 inputs nodes, 

100 hidden neurons and 31 output nodes would be used for the 

classification of this dataset.  

 

Two training algorithms were used and compared in order to 

determine the highest classification accuracy, these were 

Resilient Back-Propagation (Rprop) and the Levenberg- 

Marquardt algorithm. 

 

The database was divided into three sets in order to show how 

the classification accuracy can change as the number of 

participants increase. The datasets were made up as follows: 

 

Dataset A:  Contains the data of participant 1 

Dataset B: Contains the data of participants 1 to 3  

Dataset C: Contains the data of all 5 participants 

 

Dataset A should give the best results considering that the glove 

was designed to fit participant 1’s hand and so the readings were 

most accurate in this dataset. This data set should show how 

accurate the algorithm can be using the most ‘ideal’ data 

available. 

 

Dataset B contains the gesture data of two participants that the 

glove fits well (#1 and #3) and one participant (#2) whose hand 

was slightly too small. This would test the algorithm’s ability 

to generalise between various participants that gave good data. 

 

Dataset C uses all of the participants’ data and this will show 

how well the algorithm deals with a large amount of variation 

and in relatively bad data (participant #5) when compared to the 

overall data collected.  

 

The neural networks were trained and the results have been 

shown in Table 3. 

 

Both of the algorithms achieved successful results, nearly 

100%, when considering the Type 1 data. The Rprop algorithms 

results decreased marginally when using more participants 

while the LM algorithm remained near constant. As expected 

the Type 2 data had lower classification accuracies due to the 

continuous nature of the data and the need for the data to be 

extracted. The LM algorithm achieved an 18.28% higher 

classification percentage for Type 2 data than the Rprop 

algorithm when using Dataset A, 10.39% lower for Dataset B 

and 8.39% lower for Dataset C. It is clear that the LM training 

algorithm has superior classification accuracy. The 

classification accuracy could be improved by using data gloves 

that fit all of the participants well or improve the calibration of 

the sensors in order to ensure consistency between the 

participants. Another aspect to look into would be that of the 

feature extraction, effectively choosing the relevant data would 

improve the overall classification of the system. Collecting 

more data would also allow for better training of the neural 

network which would lead to a higher classification accuracy. 

Finally, a more specialised training algorithm could be 

developed for the purpose of classification as the algorithms 

used were the standard neural network implementations using 

MATLAB.  

VI. CONCLUSIONS 

A SASL static gesture database was recorded using five 

participants and three different scenarios. Neural networks were 

used to effectively classify user gestures of the SASL database. 

This database is the first step towards building a full SASL 

database that contains both static and dynamic gestures. A fully 

realised database will allow ASLT related research to bridge the 

communication gap between the Deaf and hearing communities 

in South Africa. 

 

  The Levenberg-Marquardt algorithm was used to classify 

three types of data; Type 1, Type 2 and Type 3. The Type 1 data 

achieved a very high classification rate, 99.61%, when Dataset 

C was used. When considering Dataset A (Participant 1), Type 

2 and 3 data did not achieve a classification rate as high. They 

TABLE 2   COMPARISON OF RESULTS BY DIFFERENT NEURAL NETWORK TRAINING ALGORITHMS FOR DIFFERENT NUMBERS OF HIDDEN NEURONS. THE 

MINIMUM VALUE FOR EACH ALGORITHM IS IN BOLD. 

 Rprop SCG GDX 

# Hidden Neurons Misclassification 

(%) 

MSE Misclassification (%) MSE Misclassification (%) MSE 

14 5.564 0.00384 59.03 0.02516 44.19333 0.01765 

31 3.07 0.00236 42.646 0.01418 23.512 0.01044 

45 2.606 0.00182 45.034 0.0153 19.238 0.0087 

55 2.18 0.00156 58.334 0.0192 18.84 0.00852 

70 2.116 0.0016 46.684 0.01548 18.722 0.00794 

100 1.484 0.00108 77.548 0.02584 11.02 0.00556 

120 2.772 0.0016 58.504 0.01926 11.792 0.00558 

150 2.334 0.00162 74.258 0.0246 13.404 0.00642 

 



received 77.42% and 81.72% respectively. These results are 

sufficient to prove that the dataset is of good quality. 
  

Future research should focus on expanding the database 

towards dynamic gestures with the help of professional SASL 

translators. This will help to create a more complete SASL 

database and take one step closer moving this research into the 

real world to break down the communication barriers between 

the hearing and Deaf communities. 
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TABLE 3  COMPARISON OF GESTURE MISCLASSIFICATION PERCENTAGES BETWEEN LM AND RPROP TRAINING ALGORITHMS WHEN INPUTTING TYPE 1 AND 

TYPE 2 DATA USING DATASETS A, B AND C 

 Rprop LM 

Dataset Type 1 Gesture 

Classification (%) 

Type 2 Gesture 

Classification (%) 

Type 3 Gesture 

Classification 

(%) 

Type 1 Gesture 

Classification 

(%) 

Type 2 Gesture 

Classification (%) 

Type 3 Gesture 

Classification (%) 

A 99.68 59.14 78.49 99.68 77.42 81.72 

B 98.92 54.84 - 99.68 65.23 - 

C 98.32 52.04 - 99.61 60.43 - 

 


