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Abstract

Deaf people have hearing loss from mild to very severe. Such people have difficulty processing language information
both with and without hearing aids. Deaf people who do not use hearing aids use sign language in their everyday
conversations. At the same time, it is difficult for general people to communicate with the deaf, so in order to
communicate with the deaf they must know sign language. There are two sign languages in Indonesia, namely SIBI
(Indonesian Sign Language System) and BISINDO (Indonesian Sign Language). To help with communication between
deaf and normal people, we developed a model using the one-handed SIBI method as an example, and then further
developed it using the one-handed and two-handed BISINDO. The main function of the method is the recognition of
basic letters, words, sentences and numbers using a Raspberry Pi single-board computer and a camera which are designed
to detect the movements of language gestures. With the help of a special program, images are translated into text on the
monitor screen. The method used is image processing and machine learning using the Python programming language
and Convolutional Neural Network techniques. The device prototype issues a warning to repeat the sign language if the
translation fails, and delete the translation if it doesn’t match the database. The prototype of the device requires further
development providing its flexibility: to provide reading of dynamic movements, facial expressions, to provide translation
of words not included in the existing database. You need to add a database other than SIBI, such as BISINDO, or sign
languages from other regions or countries.
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AHHOTaNMsA

I'myxue M0au MMEIOT MOTePIo ClIyXa OT JIErKoi (GopMbl 10 OYeHb TsKenoil. Takue JIIoAu UCIBITHIBAIOT TPYAHOCTH
npu 00paboTKe A3BIKOBON MH(pOpMANNHU, KaK CO CIIyXOBBIMHU ammapaTami, Tak U 0e3 Hux. [nmyxue monu, KOTopele
He TPUMEHSIOT CIYXOBBIE allaparhl, B CBOMX IMOBCEIHEBHBIX PAa3roBOpax MCIONB3YIOT S3BIK jKeCTOB. B TO xe
BpeMs 3I0POBBIM JIIOISIM TPYAHO OOIMIATHCS € TIYXHUMHU, TIO3TOMY JUIS OOLIEHUSI OHU JOJDKHBI 3HATh A3BIK KECTOB.
B Mnpnone3nn cymecTByeT /1Ba )KECTOBBIX sI3bIKa, a nMeHHO Indonesian Sign Language System (SIBI) u Indonesian
Sign Language (BISINDO). Pazpa6orana Mozes A7t TOMOIIM B OOIIEHHN MEX/Ty IITyXHMH H 3JOPOBBIMH JIIOJbMH.
Mopens paccMOTpeHa Ha NMpUMEpe HCIIOIb30BaHMs ogHOpy4YHOro Metona SIBI u mopaboTaHa ¢ ucnoiabp30BaHHEM
onHopy4dHoro u aBypyunoro BISINDO. OcHoBHas GyHKIUS METOAa — paclo3HaBaHHE OCHOBHBIX OyKB, CJIOB,
Hpe/UIOKeHNH U P C TOMOIIBIO OHOIIATHOTO KoMibioTepa Raspberry Pi n kamepbl, KoTopbIe IpeiHa3HaYeHbI s
0OHapy»KeHUs JBHKEHHH SA3bIKOBBIX keCTOB. [lomyueHHbIe H300paxkeHns IEPEBOJSTCS B TEKCT HA SKPaHEe MOHUTOPA C
TIOMOIIIBIO CIIEUATBHON MporpamMMBbl. Mcronb3yeMblil METO]] 3aKII09aeTCst B 00paboTKe N300paKEHUH H MAITHHHOM
00y4eHHH C HCTIOIB30BAHUEM S3bIKa IporpaMMupoBanus Python u TexHuKkH cBepTOUHOIT HeliponHOH cetu. [IpoToTum
YCTpPOHCTBa BBIAET NPEIyTPexkIeHIE O HEOOXOANMOCTH ITOBTOPHUTS SI3BIK JKECTOB, €CJIM MIEPEBO HE YAANICS, U YIAIUTh
NIepeBO/I, €CIIN OH HE COOTBETCTBYET 0a3e maHHBIX. [IporoTnn ycrpoiicTBa TpeOyeT JONOIHHUTEIBHBIX HCCISIOBAHIN
JUts obecriedyeHHsT THOKOCTH NMPH CUYNTHIBAHUY AMHAMHUYECKUX JIBHOKCHHMH, BHIPAXKEHHH JINI, ¥ NIepeBOjia CIOB, HE
BKJIIOYEHHBIX B CYIIECTBYIOUIYIO 0a3y AaHHbIX. Takxke TpeOyercs: pacmnpeHue 6a3bl JaHHBIX, OTIIMYHON OT sI3bIKa
sectoB SIBI, Hanpumep, BISINDO, nnu s35IK0B jK€CTOB U3 APYTUX PETHMOHOB MM CTPaH.

KnroueBnie ciioBa
CNN, niyxue Jtoau, Apou-kaMmepa, oopadoTka n3odpaxeHuii, MammHuoe oOyuenue, Python, Raspberry Pi, SIBI, si3b1x
JKECTOB, Kamepa cMapT(oHa, Bed-kamepa
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Introduction

Deaf people have hearing loss ranging from easy to
very hard. Furthermore, deaf people have obstacles in
processing language information through their hearing
with or without using hearing tools. His hearing is quite
successful in processing language information if the deaf
person uses a hearing aid [1-7]. In fact, sign language
is one of the most popular communication techniques in
deaf communication [8]. At the same time, Sign Language
Recognition is a breakthrough for helping deaf-mute people
[9-20]. The results of the study [21] said that based on
data analysis, it is known that there are still many people
who do not know what sign language is and some people
already know what sign language is but still do not know
how to communicate with other people. Yet sign language
needs to be learned to support communication between

the deaf and normal people. Based on this, there must be
an intermediary media to be a solution to the problem, for
example, sign language translator using Raspberry Pi.

Literature Review

Many ways have been taken to create a communication
aid medium between deaf people and ordinary people,
for example, by developing a prototype that translates
words into sign language. The technologies such as the
Python programming language, Natural Language Tool Kit,
etc. had been used for developed Pakistan Sign Language
(PSL) prototype [22]. The study about sign language also
provides a literature review to highlight existing technology
work being carried out around the world, for example,
using deep learning [23-32]. Another way is to change
from sign language to writing or conversation by utilizing
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human gesture, especially hand gesture recognition
technology and image processing [33—44]. The technology
has the potential for application in sign language. But,
the challenge or obstacle of this technology is achieving
the accuracy of readings in various conditions, such as
achieving an accurate and robust system remain, hand
occlusion, transformation, database scalability, differential
background illumination, position control, self-location,
high computation costs, etc. [37, 45]. Meanwhile, to train
the model on spatial features, usually use the inception
model which is a deep Convolutional Neural Network
(CNN) method to carry out basic things in bridging the
communication gap in sign language recognition [23, 46—
48]. By using technologies such as image processing,
databases, and the Python programming language, we can
create a communication aid that translates sign language
into written form [22, 41]. Then, using the camera as an
image sensor to extract sign language data, it is processed
by the Raspberry Pi microprocessor module, and the results
are displayed on the monitor screen [41, 49]. In Indonesia
there are various sign languages, the main ones being
Indonesian Sign Language System (SIBI) and Indonesian
Sign Language (BISINDO). However, not all deaf people
in Indonesia use the sign language; some prefer or are
forced to communicate orally. Many other deaf people
are considered linguistically isolated, living in rural areas
where there is no opportunity to meet other deaf people.
Meanwhile, BISINDO sign language is used in urban
centers by tens and even hundreds of thousands of deaf
people throughout the archipelago [36, 50-53]. However,
in this project, we only take a few examples of the sign
language used in SIBI (using one hand), before using
BISINDO in the next project that is more flexible. The
author hopes that this prototype can be a testing device for
communication between the deaf and the ordinary people in
their communicating using sign language, in this case SIBI
method is a model in hand gestures.

Method

The sign language used for this experiment is the
SIBI method. It can be seen that the SIBI sign language
movements captured by the camera will be entered into a
gesture database with a certain number of movements to
create a CNN movement model. The camera captures input
in the form of a photo in 2 dimensions of sign language
movement, then it is processed using a Python algorithm
and CNN technique, so that it can classify the movements
made by the user when using sign language. The model
is tested using an identifier that can display the results in
the form of a translation of the sign language movements
captured by the camera. The sequence of how this tool
works starts from taking pictures, creating a gesture
database, creating a CNN model, reading the model, and
displaying the results. The processed photo database is
converted into a model file which is used by the main
program as sign recognition data to produce the display
of letters, numbers, or words on the monitor screen so that
ordinary people who do not understand sign language can
know the meaning of sign language hand gestures. For
all of those workflows, some software and methods are

required, such as Anaconda and Python programming [10].
Python is the main programming language in making sign
language translation software. Background subtraction
technology with calibration in translating sign language
is implemented using Python programming. The details
of how Python is used in this work begins with compiling
scripts in Python programming to make objects or images
other than the objects, or objects used to disappear in
order to separate the object from the background. Data
retrieval and software testing require several Python
packages or libraries according to their specifications which
are installed through the Anaconda Python distribution
software so that the program runs more smoothly. The
Background subtraction method is very influential on the
change in lighting conditions of images that are processed
in translation. Therefore, a calibration feature is needed to
reset the processed image using frames from the previous
sign language motion capture as a reference. This method
can be implemented with the help of the OpenCV Package
which is able to process image data captured by the camera
and process the information in it [37]. In addition, machine
learning methods using CNN are also explored in this
project to process information data that can recognize
two-dimensional objects [54]. The object is captured from
hand tracking, a method where the program recognizes
the hand that is in an identification area, and if the hand
movement is recognized by the program, the area will
follow the movement of the hand [55]. This study uses sign
language as the object. Sign language is the language used
by people who can’t hear or are deaf. In Indonesia, there are
two types of sign language, namely, BISINDO and SIBIL.
BISINDO, or Indonesian Sign Language, is one of the sign
languages that apply in Indonesia which is natural and can
be easily used in the daily interactions of the deaf. SIBI is
one of the sign language systems adopted from American
Sign Language (ASL). The SIBI sign language has been
formalized by the government and is often used in special
schools and television broadcasting in Indonesia.

There have been studies that have helped the
development of sign language in Indonesia, one of which
is the BISINDO community website in Surakarta [51].
Actually, the next project in this research is to build a
smartphone application to translate BISINDO. Fig. 1 shows
the difference between BISINDO and SIBI. SIBI uses one
hand in all alphabets and in a number of sign languages
while BISINDO uses not only one hand. So, maybe the
level of difficulty in BISINDO tends to be higher than
SIBI hand gestures. This project first uses SIBI as a sign
language model before developing BISINDO application
using Android smartphone in the next project.

Results and Discussion

The sequence in data collection is in accordance with
the research flow diagram in Fig. 2. The program starts by
creating a photo database folder from sign language, then
retrieve the database followed by basic database modeling.
After that, we test the model (algorithm testing) of the hand
movement whether it matches the expected sign language.
If not yet, then retrieve again to photo database, but if it is
suitable, immediately proceed to the next testing to read
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Abjad dalam

BISINDO

Fig. 1. Two types of sign language: BISINDO! (a), SIBI2 (b)

Abjad dalam

SIBI

I Available at: https://www.klobility.id/post/perbedaan-bisindo-dan-sibi (accessed: 14.02.2022).
2 Available at: https://ekoslbkuncupmas.wordpress.com/2015/03/30/belajar-sibi/ (accessed: 14.02.2022).
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Fig. 2. Research flow

the sign language movement, translate it to 2D black &
white frame and then match it with suitable model to get
the translated language. If the translation results do not
match, then look back at the hand movement model in the
database. If the translation results are suitable, proceed with
analyzing the data and then creating the right script to run
the program repeatedly before completing the program flow
until display the outcomes in text form.

In data collection and software testing, several Python
packages or libraries are needed so that the program can
run smoothly. The packages or libraries used are installed
through the Python Anaconda distribution software. This
data collection uses a sample of letters A, B, C, numbers
0, 1, 2, and the words NAMA (NAME), SAYA (I), KAMU
(YOU). Each data sample is taken using two different types
of cameras, namely a webcam camera installed on a laptop,
and a smartphone camera using the DroidCam application
(Fig. 3, a). This testing tool uses two cameras, namely a
laptop webcam camera with 0.31 MP specifications and
a resolution of 640 x 480 and a smartphone camera with
12 MP specifications and 1080 x 720 resolution and a
laptop with an Intel I3 processor specification with 4 GB
RAM.

The reading data on the hand signal model (having
been made) is done in real time using the CNN technique
which can detect and recognize objects in an image.
Furthermore, it is necessary to test the final stage in
collecting accuracy data, because the reading results will
be used to communicate. If the reading is not accurate,
it is necessary to add a database and create a new model
from training data and validation data so that the accuracy
increases.

In the test data from taking pictures two types of
cameras used (laptop webcam and smartphone camera),
like in Fig. 3, b. The reading results are in the form of
two states: Good and Not Good. Good is a reading that
produces a clear background subtraction image and no
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Fig. 3. DroidCam software (a); Results of the background subtraction of laptop and smartphone cameras (b)

pixels that obscure hand shapes, this parameter is good for
database modeling and model testing. False Acceptance
Rate (FAR) can be calculated as

The number of false acceptances

FAR x 100 % .

* The number of identification attempts

Not Good is a reading that is the opposite of a Good
state. Based on the experimental data, the number of
identification attempts was 78 times and the number of
incorrect receipts was 33 (“Not Good”). Then the FAR
value will be the value 42.3 % and the error value remains
very large.

In Fig. 4, a, the right side shows the results of the
background subtraction process using a high resolution
camera that looks like the shape of a human hand in a
smartphone. Meanwhile, on the left there are still many
pixels that the program cannot read due to the small
resolution in laptop. Therefore, for the high level of
accuracy of the database model training, the authors use
a smartphone camera. The 2D photo database includes
data taken from the camera and directly processed using
the Background subtraction method through Python
programming which produces black & white photos
which then stored in a folder that was created beforehand.
There are two types of data taken, namely training data

and validation data. Training data is the data used to create
a new model, while validation data is the data used to
validate data generated by machine learning training using
Python algorithms that focus on code readability so that
the model formed is not too biased or hyperparameter. The
total number of photo data made in this study is 35,100
photos. In the training data folder, there are 600 photos;
it is more than the photo data in the validation data folder
containing 300 photos in total. So the total photo data
in each movement includes 900 photos. The data were
used for the creation of CNN training and the creation of
a reading model. Meanwhile, the validation data folder is
used to validate the results of the model that has been made.

In Fig. 4, a, a folder presents letters A—Z, numbers 0-9,
and the words NAMA, SAYA, and KAMU. While Fig. 4, b
shows the contents of the number 0 folder as an example
of the contents of each photo database folder according to
Table. The reading data on the hand model that has been
made is done in real time and it is necessary to test the final
stage of data collection for its accuracy, because the results
of the reading will be used to communicate. If the reading
is inaccurate, it is necessary to add databases and create
new models to increase the accuracy.

Graph in Fig. 5, b is the result of the model training in
the training data folder Database which contains photos
of the results of the background subtraction of each hand

Fig. 4. Database folder (a); Database photo ()
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Fig. 5. Results of the model training: CNN Training accuracy chart (@), CNN Training loss (b)

movement totaling 600 pieces of each type of movement
using CNN technique and Python programming. The
validation result of the training model created by machine
learning using CNN with image as input. The combination
of CNN and Python programming is easier and faster in
machine learning research. In this study, the value of each
graph always changes as the epoch changes, in the sense
that the epoch language means an event at a certain time.

For example, if there are 600 images to be trained into a
CNN, with a batch size of 10, it will take 10 iterations to
get 1 epoch (in 1 epoch, every weights on CNN will be
changed 10 times as well).

The accuracy (value and the loss value) are inversely
proportional to each other: the higher the accuracy value,
like in Table, the smaller the loss or loss value, like in the
total accuracy percentage divided to data total:

Table. Reading Accuracy Values

Author’s Other Hand Author’s Other Hand
People’s | Reading People’s | Reading
Hand Total Hand Total
. Hand Data for - Accuracy, . Hand Data for - Accuracy,
Data | Reading . Reading o Data Reading . Reading o
Reading Deaf % Reading Deaf %
Data, L Error Data, L. Error
. Data, Disability, . Data Disability,
Times . . Times . .
Times Times Times Times
0 10 5 5 5 75 K 10 5 5 5 75
1 10 5 5 7 65 L 10 5 5 80
2 10 5 5 4 80 M 10 5 5 9 55
3 10 5 5 5 75 N 10 5 5 10 50
4 10 5 5 8 60 o 10 5 5 7 65
5 10 5 5 4 80 P 10 5 5 6 70
6 10 5 5 8 60 Q 10 5 5 4 80
7 10 5 5 8 60 R 10 5 5 5 75
8 10 5 5 5 75 S 10 5 5 5 75
9 10 5 5 4 80 T 10 5 5 9 55
A 10 5 5 9 55 U 10 5 5 6 70
B 10 5 5 9 55 \4 10 5 5 6 70
C 10 5 5 7 65 w 10 5 5 8 60
D 10 5 5 5 75 X 10 5 5 6 70
E 10 5 5 8 60 Y 10 5 5 4 80
F 10 5 5 9 55 Z 10 5 5 5 75
G 10 5 5 4 80 NAMA 10 5 5 4 80
H 10 5 5 4 80 KAMU 10 5 5 7 65
| 10 5 5 4 80 SAYA 10 5 5 8 60
J 10 5 5 6 70 TOTAL 390 195 195 241 2695
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SMARTPHONE

Fig. 7. Testing with deaf people

Percentage of Average Accuracy =
 XReading data — } error
> Reading data

x 100 %.

The results of calculating the Percentage of Average
Accuracy give the value 69.1 %.

When data reading is done, every program successfully
recognizes and retrieves data ten times to find the accuracy
of comparisons from the models that have been made from
the database folder. The reading is done using one’s own
hands 10 times, then five times of one person and five times
of one deaf person. The number of identification attempts
is A+ B+ Cis equal to 780. Thus, FRR (False Recognition
Rate) can be known from

FRR The ration of the number of false recognitions
= X
The number of identification attempts

x 100 % = % 100 %.

A+B+C

Calculation results for FRR give the value 30.9 %. FRR
was less than FAR after testing with smartphone cameras
on 3 people. So, the more data models, the lower the error
rate, because the application must be trained by the data
models first before launching to translate sign language
hand gesture to text. In Fig. 6, a, the examiner is running a
reading program using a smartphone camera, but it can be
seen in Fig. 6, b that there is an error in reading the letter N
which should be the letter A.

Fig. 6, ¢ shows the deletion of the wrong letter, namely
N. In Fig. 6, d it can be seen the addition of the letter A and
T to complete the word “SIG”. In the display window there
is also an indicator of the number of Frames displayed Per
Second (FPS), information on the function of the ‘r’ button
for calibration, and information on the function of the ‘p’
button for returning to the initial display. There is also a
small window display that is the result of the background

subtraction process from reading in the blue box area.
There are differences in readings that affect the level of
accuracy, so added a feature to delete letters, numbers or
words if there are errors in reading hand movements.

In Fig. 7, the test is carried out with the deaf that
translates the sign language gestures of the letters A, L,
V, I, and N that are the name of the person. The problem
when working on and testing this tool is when the photo
database is taken because the amount of data taken is very
large, so that some of the photos taken contain noise. This
is especially related to hardware specifications, the laptop
being used, data retrieval and running tests with system
operating conditions that are not smooth. However, the
testers were able to anticipate these problems by using a
laptop with a higher specification and increasing the light
for clean shots. A computer should be used with minimum
specification of an Intel I3 processor, 4 GB RAM, and a
12 MP camera.

Conclusion

Based on the results of research and testing that have
been carried out, the following conclusions can be drawn.
1. Before taking the photo database, we recommend

to prepare a folder structure model according to the

number of database types and use compatible camera.

The camera specifications may affect readings even

if there is an image calibration feature. The better the

camera specifications, the clearer the resulting image
for the database. The better the use of cameras and
the number of models generated from CNN training,
the better the computer specifications needed for the
program to run smoothly. The computer used to run
this program should have a minimum specification of
an Intel 13 processor, 4GB RAM, and a 12 MP camera.
2. The modeling and reading of sign language gestures in
this study were assisted by the Python programming

580

Hay4yHO-TexHn4eckuii BECTHUK MHDOPMALMOHHbLIX TEXHONOMMIA, MeXaHUKN 1 onTukn, 2022, Tom 22, N2 3
Scientific and Technical Journal of Information Technologies, Mechanics and Optics, 2022, vol. 22, no 3



U. Fadlilah, R.A.R. Prasetyo, A.K. Mahamad, B. Handaga, S. Saon, E. Sudarmilah

11.

language using packages designed to run Image
Processing, Machine Learning, and CNN. The more
data models, the lower the error rate, because the
application is trained with the data models first before
launching.

This tool can read the SIBI method sign language from
letters A—Z, numbers 0-9, and the words NAME, ME,
YOU with different levels of accuracy, so there is a
feature to delete the wrong letters, numbers, or words.
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