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ABSTRACT

Sign language is a language that doesn’t using
voice but uses hand gesture and facial expression that
needed by the deaf for comunication and information.
Communication limitations with normal people
become a social problem for the deaf due to
differences in communication methods. Based on
this, a system is needed to recognize and translate
sign language into text or voice so relationship
between them becomes better. One of process that
must be done in sign language recognition is the
feature extraction. In this research, Motion Chain
Code (MCC) algorithm will be used for dynamic sign
language and Principal Component Analysis (PCA)
algorithm for static sign language. MCC is an
algorithm that can representation of hand trajectory
while PCA is a method that takes important features
from high-dimensional data by reducing the data to
low-dimensional. This research will recognize 26
letters of sign language movement with video input
using the Multiclass Support Machine (SVM) for
classification. Based on the research and testing that
has been done, the highest accuracy obtained for
recognize static and dynamic sign language is 69,23%
using training data as much as 1040 video and tested
using 520 videos, each alphabet has 40 video training
and 20 video tesing. In testing of static sign language
obtained accuracy 67,25% and for dynamic sign
language obtained an accuracy of 90%.

Keyword: Sign Language, Motion Chain Code,
Principal Component Anlaysis, Multiclass, Support
Vector Machine

1. INTRODUCTION

Sign language is a language that doesn’t using
voice but uses hand gesture and facial expression that
needed by deaf people for comunication needs and
information needs. Communication limitations with
normal people become a social problem for deaf
people due to differences in communication methods.
Based on this, a system is needed that can recognize
and translate sign language into text or voice so that
relationship between them becomes better.

In the realm of Indonesian sign language
recognition with input images or video, it has been
tried in several research. One of research that has

been done by Wildan [1], which used the Viola and
Jones feature extraction method to recognize
Indonesian sign language alphabet. From the results
of the design and testing, the accuracy is 55%.
Another research that has been done by Novrizal [2],
which used the Principal Component Analysis (PCA)
method and used the Naive Bayesian classification
method, obtained accuracy of 69%. Based on
previous research, it is needed an algorithm that can
improve the accuracy of the recognition of sign
language well.

Sign language recognition system have an
important process to do. One of process that must be
done is the feature extraction. Future extraction
purposed to obtain information contained in an image
that are used as references to distinguish one image
with the other image. In research conducted by
Atik and friends [3], the use of Principal Component
Analysis (PCA) method as a feature of Indonesian
sign language recognition has an accuracy of 80,42%.
Another research that has been done by Arshad Malik
and friends [3], which used the PCA method for
recognition of Pakistan Sign Language (PSL) with an
accuracy rate of 85%. Another research by Mahmoud
Zaki and friends [4], which used the Motion Chain
Code (MCC) algorithm for representation hand
movement patterns in dynamic sign language in
Avrabic has an accuracy of 88%. From these researchs,
PCA and MCC seem to provide good results for sign
language recognition.

Based on the problems and solutions that have
been explained, this research will be combine PCA
method as a feature for static sign language and MCC
algorithm as a feature for dynamic sign language for
the recognition of Indonesian Sign Language which
refers to Sistem Isyarat Bahasa Indonesia (SIBI).

2. THE CONTENT OF RESEARCH

2.1. Problem Analysis
As for the ongoing communication flow beetwen
deaf people and normal people in Figure 1.
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Figure 1. Comunication Flow

2.2. Analysis The System

The system to be built has main process, included
preprocessing, MCC, PCA, SVM training and SVM
testing. The description of the system can be seen in
Figure 2.

Figure 2. System Overview

Based on Figure 2, input data used for training and
testing is a video with extention .mp4 that has a
320x240 resolution and duration of video is about 2
to 4 seconds. In the training process the first one is
preprocessing stage. In preprocessing several
processes will be carried out, namely skin color
detection, hand tracking, resize, frame retrieval, and
determination of static or dynamic sign language. If
the result of determining sign language is a static sign
language, a matrix of frame will be taken to continue
the PCA feature extraction process and the features
from PCA will be used in SVM training for static sign
language. Then if the result of determining sign
language is dynamic sign language, then the center
coordinate of each frame will be taken. The center
coordinate will be used for the extraction of hand
movement patterns using the MCC algorithm. The
results of the MCC will be used in SVM training for
dynamic sign languages.

In the testing process will be carried out the same
process as training, namely preprocessing, extraction
of PCA features if the result of determining sign
language is static and tested using SVM Multiclass
using a static sign language prediction model. Then if
the result of determining sign language is dynamic,
then the MCC process will be carried out and tested
using Multiclass SVM using a dynamic sign language
prediction model.

2.3. Preprocessing

Preprocessing purposed to process input data
before preprocessing it to the next stage.
a. Skin Color Detection

Skin color detection is a process that separates
region of object in image based on differences in skin
color. In Figure 3 is an overview the process of skin
color detection.
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Figure 3. Skin Color Detection
The process of converting from RGB to YCbCr
using equation 1 [5].
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From the conversion of RGB to YCDCr, the
thresholding process for the YCbCr matrix is done
using equation 2.

{ Y >80

85 < Ch <135 2)
135 < Cr < 180

The thresholding process is done so that the
matrix only has two values, the value is 0 and 255.
From the thresholding equation, to get a value of 255
all conditions must be met [5].

b. Hand Tracking

This Hand Tracking aims to search the hand area
with the largest area and the area is designated as the
Region of Interest (ROI). Then the width and length
of the ROI will form a square (bounding area)
following the largest contour. The flow of the hand
trackiqg proceT can+be seen r Figure 4.

Figure 4. Hand Tracking Process

The input data for hand tracking is the matrix
thresholding of YCbCr. In the application of hand
tracking, the Emgu CV library is used. Bounding of
the results from the hand tracking process can be seen
in Figure 5.

Figure 5. Bounding Area

After the bounding area is obtained, the next step
is cropping process using the ROI function in the
Emgu CV library.
c. Resize

Resize is the process of changing the resolution or
horizontal and vertical size of an image, it aims to
equalize the size of the sign language that becomes
the same size for training and testing. The method
used for the resize process is the linear interpolation
method. Linear interpolation is a method used to
determine the value of something that is in an interval
or in two points that are in line. The workings of the



linear interpolation method is to take four sides of the
pixel values of the image to be resized. Then look for
the middle pixel value between the two sides of the
pixel. To find the pixel value, equation 3 will be used.

._A W
L= +W(B—A)
j=C+W(D—C) (3)

ko
y=it+pgp0-0

Where:

i, J, y= pixel value to be searched

A, B, C, D= the value of the intensity obtained

from the previous image

w= width of the desired image size

h= height of the desired image size

W= the width of the distance between the color
values to be searched with the previous color
(for example the distance A with i)

H= the height of the distance between the color
values to be searched with the previous color
(for example the distance Y with i)

d. Frame Retrieval

Frame retrieval purposed to take a matrix of
frames that only contain sign language movements.
The flow of the frame retrieval process can be seen in
Figure 6.
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Figure 6. Flow of the Frame Retrieval

The first stage is taking frames based on intervals
using equation 4.

1o Jum_frame — 5

. n

Dimana:

Iv= frame interval

Jum_frame = total number of frames

n = number of frame that will be taken

Example, there are 65 frames in one video, and 8
frames will be taken for analysis. In application, the
frame will be taken as much as 20 frames. In the
previous research has distinguished frame retrieval
between 10, 20, and 30 frames and the result obtained
when frames are taken as much as 20 and 30 frame,
accuracy tend to increase [7].

(4)

Jum_frame —5
="

n
65 -5

=87,5 (rounded down = 7)

Based on the results of calculations obtained,
every 7 frames interval will take frames. The frames
obtained are 7th, 14th, 21st, 28th, 35th, 42nd, 49th,
and 56th frames and the center coordinates will be
taken. The next process is the determination of sign
language movements including static or dynamic sign
language movements. Determination is based on the
distance from equation 5.

S = Xmax — Xmin (5)

Where:

s= Length

Xmax = Maximum value of coordinates X

Xmin = Maximum value of coordinates Y

The results of the distance calculation are checked
for conditions using the equation 6.

signtype = {Dmamls s> 15} (6)

Statis s<15
Examples of coordinates in alphabet A in Table 1.

Table 1. Coordinate Alphabet A

Frame Center Coordinate
X Y

1 181 133

2 183 119

3 183 119

4 184 119

5 184 119

6 185 119

7 185 117

8 184 116

Based on Table 1 obtained the value of x,,,,,= 185
and the value of x,,;, = 181, the distance can be
calculated as follows.

S = Xmax ~ Xmin
s =185—-181
=4

The result of calculating the center coordinate
distance (s) for the letter A is 4. Then check the
condition and get the result that 4 <15, then the letter
A is a static sign language.

2.4. Motion Chain Code

In this research the Motion Chain Code (MCC)
was used to extract hand movements by subtracting
the hand centroid in two frames [4]. The output value
of the MCC will be used as a dynamic sign language
feature. In Figure 7 can be seen as the life process of
the MCC.
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Figure 7. Flow of the Motion Chain Code Algorithm
The first step is to determine the boundary of the
column area using the equation 7.

Xmin + Xmax

bl = 2
bl + xmax (7)
b, = — "%
bz + Xmax
b=

Where:
b1, by, bs= column area limit
Xmin = Minimum value of X coordinates
Xmax = Maximum value of Y coordinates
Example of the center coordinate value in
alphabet J in Table 2.
Table 2. Center Coordinat J

Number Center Coordinates
of

Frame % i

1 103 126

2 96 112

3 113 113

4 111 111

5 161 161

6 157 157

7 86 149

8 87 152

Following the calculation to determine the
column area.

Xmin + Xmax

b, = >

79 +103 182

= 91

2

b2:b1+2xmax

_ 914103 194 .

=——=>=
b3:b2+xmux

97 +103 200

=~ =""=-100

2 2

Based on the results of the calculation, the
equation for each column is obtained using the
boundaries of the column area that has been obtained

as follows.
9, 0<x <91
10, 91< x < 97
11, 97 < x <100 (8)
12, 100 < x < x,
The column area has values of 9, 10, 11 and 12

due to the difference in value with the direction of

Columnarea =

motion (O) which has values from 1 to 8 [5] which
can be seen in equation 9.
, 6 <225dan#@ > 337,5°

, 22,50 < 6 < 67,5°

67,59 < 6 < 110,5°
110,59 < 6 < 157,5°
157,59 < 6 < 202,5° 9)
202,59 < 6 < 242,5°
242,59 < 6 < 292,5°
A 292,59 < 6 < 337,5°

1
2
3
4
5
6
7
8

After obtaining the column area, the next step is
to check the condition of each coordinate. If the
coordinates (x;) nd the previous coordinates (x;_;)
are not in the same column, then specify the number
of column (x;) using equation 8. If the coordinates
(x;) nd the previous coordinates (x;_) are in the same
column, berada pada kolom yang sama, then calculate
the angle value using equation 10 [4].

Vi — Vi1
0; = arctan (—)
Xi = Xi-1
Where:

6; = Angle values

x;= X coordinates value

v;=Y coordinates value

X;_1= previous X coordinates value

y;_,= previous Y coordinates value

Example checking condition of the center
coordinate of the alphabet J frame-2 with frame-1 in
Table 3 if the two frames are in the same column.

Table 3. Coordinat Frame-1 with frame-2

(10)

Nur:fber Cen_ter
Frame Coordinates

1 X =103

Y =126

2 X =96

Y =112

Based on the equation of the column area in
equation 8, the coordinate values on frame-2 and
frame-1 in table 3 are not in the same column. Then
enter the column area value which is 12 for frame-2
into MCC data: (12).

Another example checks the condition of the
central coordinate of the alphabet J frame-7 with
Frame-8 in Table 4.

Table 4. Coordinat Frame-7 with frame-6

Number
of Cen_ter
Frame Coordinates
7 X =86
Y =149
6 X =87
Y =152

Based on the column area equation, the X
coordinate value in table 3 is in the same column.
Calculate angle values as follows.

6; = arctan (M)
Xi— Xi-1
05 = arctan (M)
Xg — X7
0. = arct (152 - 149)
5 = arctan 87 -86



= artan ()
= arctan (7

= arctan(3)

=71°

Based on the equation of the motion angle value,
then the angle 71° has the value of the direction of
movement= 3. Enter the value 3 into the MCC data:
(12,8,2,9,8,7, 3).

The loop has been completed, the feature data
from the MCC process for the J letter sign language
obtained are (12, 8, 2, 9, 8, 7, 3). This data will be
used as a feature for dynamic sign language
movements during training and testing process.

2.5. Principal Component Analysis

Principal Component Analysis (PCA) is used to
reduce the dimensions of the data observed into small
dimensions without losing significant information in
describing the entire data. For more details, see
Figure 8.
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Figure 8. PCA Feature Extraction

Based on Figure 8 can be explained, the first step
is to form a data matrix using a matrix from the results
of binerization matrix and converted into a one-
dimensional matrix measuring 6400x1 and combined
into a MxN-sized matrix of 6400x8, where M is the
matrix dimension and N is the number of matrices
combined.

Table 5. Matrix Data
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17 1 1 0 1 1 1 0 0
18 1 1 0 1 1 1 0 0
19 1 1 1 1 1 1 0 0
20 1 1 1 1 1 0 0 0

6400 0 0 0 0 0 0 0 0

Then the average matrix calculation is done using
equation 11.
axi X+ x4+ +xy

M M ()

‘fN =
Dimana:
Xy = the average of n column
M = matrix dimension

Example calculation of matrix averages x;:
x1+x2+"'+xM

fN_
M
. 04+04+0+0+0+0+0+0+0++0
1= 6400
e =719 5810938
1= 5200

This calculation is done from X;to Xxy. The
average results can be seen in table 6.
Table 6. Average Value

Tyl % | % | % | % | % | Fe | % | X
5 0.581 0.581 0.570 0.571 0.570 0.572 0.566 0.562
09 09 31 25 15 03 56 65

After getting the average matrix, the next step to

calculate the zero matrix means using equation 12.
Y=D-x (12)

Where:

D = matrix data

X = average matrix

An example of calculating a zero mean matrix is
as follows.
Y=D-%

[D11— %1 Dy — %, Dip —%n
Y = DZl-: fn Dzz - fz Dl,n - JZrL
_Dm,l - 921 Dm,l - fZ Dm,n - fn
[0 —0.58109 0 —0.58109 0—0.56265
—10—-0.58109 0 - 0.58109 0 —0.56265
[0 —0.58109 0 —0.58109 0—0.56265
—0.58109 —0.58109 —0.56265
y = [—0.58109 —0.58109 —0.56265
—0.58109 —0.58109 —0.56265

After obtaining the zero mean matrix, the next
step is to calculate the covariance matrix using
equation 13 [6].

1 T
€=V (13)

Where:

C= Covarian Matrix

M=Matrix Dimension

Y= Zero Mean Matrix

Examples of covariance matrix calculations are as
follows.

Cc ! YTy
M-1
c
D11 Dyy Deaoo,1 Dy, Dy, Dig
— 1 lDl,z D, " Degaoo,2 Xl D, D, o D, g l
6400 — 1|
Dig Dag " Desoosl [Desoos Desco2 ™ Deaoos




L [F054313 054313 —0.54313
c=_L1 |-052392 _052392 —0.52392] ,
5399|022
—0.63397 —0.63397 —0.63397
—054313 —0.52392 " —0.63397
-054313  —0.52392 ~0.63397
054313 —0. 52392 - —0.63397
1557.9 14509 - 1384.48
c=_1 [145091 15579 1391.48
6399 -
1384— 48 1391.4814 1574.87
15579 14509 1384.481
6399 6399 6399
145091 15579 1391.48
C=1"6399 6399 6399
1384.48 139148 1574.87
6399 6399 6399 |
0.24346 022674 0.21636
¢ =|022674 024346 0.21745
0.21636 0.21745 0.24611

After obtalnlng a covariance matrix, the next step
is to determine the eigenvector matrix by looking first
eigenvalue using equation 14 [7].

C—Z=|C— Al
IC— Al =0 (14)
Where:
C = Covarian Matrix
Z = Eigenvector Matrix
A = scalar
I = Indentity Matrix
Examples of eigenvalue calculations are as

follows.
C—7Z=|C—-A|
[C=2Il=0

CZ 1 CZ 2 CZ n

[ Ci1 Ciz Cin \
[Cim,1

[ 0.24346 0.22674
0.22674 0.24346

021636 0.21745
=0
10.24346 — 1 0.22674

10.21636 0.21745

...0.21636 A
..0.21745 0

0.22674 0.24-.3.46—/1

“o024611] Lo 0. 1

0.21636
0.21745| _ o

0.24611 -1

Then the equation is obtained as follows.
-8 + 19586647 — 0.291881° + 0.018571% — 0.00064351*
+0.000012% — 1.574568e74> + 1.033097e — 91 — 2.861807¢ — 12
=0
From the matrix equation above, the following

eigenvalue is obtained.
A, = 1.801801 A, = 0.47871 A; = 0.20153 1, = 0.10211

As = 0.04943 14 = 0,03455 1, = 0.03275 Ag = 0.01818

Then the eigenvector matrix is obtained in Table

7.
Table 7. Eigenvector Matrix

; 1 2 3 4 5 6 7 8

L | 035 | 0354 | 0356 | 0353 | 0354 | 0356 | 0349 | 0347
39 o1 52 3 58 19 81 58

2| 0215 | 0142 | 0248 | 0401 | 0208 | 0176 | 0089 | 0829
89 4 64 33 %

3| o276 | 0154 | 0304 | 02| 2% | o156 | OO | o381
72 26 72 71 10

4| 0204 | 0478 | 0145 | O | 04821 04 1 g gq | 046
81 17 35 36

5| oar7 | %047 | o013 | 08 | o211 | osa | ooza | 0218
87 30 18 16 84

6| 0231 | 030 | oar9 | O27 | 0210 | 8% | 0144 | 0190
09 70 05 47 65
7 | 0006 | 0533 uggs 0;%3 0.541 Oéfs 0;36 0.073
o7 14 3 66
8 05@0 0.083 | 0.609 °§§3 0123 | 0252 Oﬁfg 0;33
39 55 81 62

hen the result of the eigenvector matrix is
calculated the average value of the eigenvector for
each eigenvalue (the average of each column). In
Table 8 the data is seen the average eignvector results
for the alphabet I.

Table 8. The Result of PCA Feature Extraction

Huruf PCA Values

0.2388 ‘ 0.0633 | 0.1332 ‘ 0.1513

I 0.0447 | 00322 ’ 0.1420 | | 0.009

2.6. Classification with SVM Multiclass

The results of the PCA feature extraction
calculation will be used for training static sign
language and the results of MCC will be used for
dynamic sign language training. In Figure 9 can be
explained the flow of the training process using SVM
Multiclass [6].

Build a number of k binary SVM ( K is sum of class)

l

Mapping the input space to feature space using RBF Kernel
K(xi—x) = ewp(~y]lx-x[)

Determine amount of support vectors by calculate the alpha
value using Qfadratic Programming
n n

Max a; ——
=1 2= 4=

n
Subject to : Z ay;=0,a,200,=1..n)
i=1

;0¥ V;XX;

i

Prediction models are obtained using formulas :
n

= T
f[xrssn'ng) - Zai .Vx K[xﬂ‘niuiug’ rssm!g) + b

i=0

Figure 9. Flows SVM Training

In the testing process after obtaining a separation
field, then it can determine the sign language test data
included in the positive or negative class using the
following decision functions [8].

f(Xtesting) = Z?:o aiT Yi K(xtraining:xtesting)"'b

he input data used is test data from PCA feature
extraction for static sign language and MCC results
for dynamic sign language. The calculation results
from the separator data are the result of class
prediction. In the Figure 10 can be explained the
process flow testing SVM Multiclass One vs. All.

Mapping the input
space to SVM
feature space

Prediction Models and
— -+

n | Feature | Calculating the RBF
Testing data

space Kernel

Prediction of
Sign Language

Figure 10. Flows SVM Testing

2.7. Experiment Result
In this research the test was carried out based on
the number of training data and test data used.



a. Test Scenario 1

In scenario 1, the accuracy of the Motion Chain
Code (MCC) method will be tested as a feature for
dynamic sign language and the Principal Component
Analysis (PCA) method as a feature for static sign
language. Tests were carried out to use 520 videos of
520 video test data training data. Each sign language
gesture letter has 20 training data and 20 test data. The
confusion matrix for test scenario 1 can be seen in
Table 9.

Table 9. Confusion Matrix Testing Scenario 1

Class Classification Result
P N
T 327 104
Target = 89 0

Then calculate the accuracy of the confusion
matrix obtained for static sign language using the
following equation.

TP+ TN

TP+TN+ FP+FN
327

Accuracy = * 100%

*100%

~ (327+104+89+0)
=62,8%

Accuracy for static and dynamic sign language
using 520 training data and 520 testing data, each of
alphabet has 20 training data and 20 testing data with
an accuracy of 62.8%. For dynamic sign language, the
accuracy is 82.5% while for static sign language, the
accuracy is 56.5%.

b. Test Scenario 2

In the test scenario 2, the accuracy of the Motion
Chain Code (MCC) method will be tested as a feature
for dynamic sign language movements and the
Principal Component Analysis (PCA) method as a
feature for static sign language movements. Tests
were carried out to use 1040 video training data and
520 video test data. Each alphabet has 40 training data
and 20 testing data. The confusion matrix table for
test scenario 2 can be seen in Table 10.

Table 10. Confusion Matrix Testing Scenario 2

experiments result for dynamic sign language,
correcly classified as many as 36 testing data from 40
testing data. The accuracy obtained for dynamic sign
language is 90%. Based on the experiment result have
been carried out, the accuracy obtained for sign
language from the alphabet A-Z in experiment
scenarion 2 is 69.23% with precision of 79.65% and
recall of 100%.

3. CLOSURE
3.1. Conclusion

Based on the experiment result carried out, the
amount of training data is very influential on the
accuracy obtained. The more training data the greater
accuracy you get. Based on the test results it can be
concluded that by implementing the Motion Chain
Code algorithm and Principal Component Analysis to
recognize Indonesian sign language. The highest
accuracy obtained for recognize static and dynamic
sign language is 69% with training data as much as
1040 video and tested using 520 videos, each alphabet
A-Z has 40 training data and 20 testing data. In testing
of static sign language obtained accuracy 67,25% and
for dynamic sign language obtained accuracy of 90%.
PCA feature can be used to recognize static sign but
has not been able to properly recognize due to data
factors practice and there are several letters of almost
the same shape that are difficult to recognize, but can
recognize well dynamic sign language letters using
features from MCC.
3.2. Suggestion

Based on the results of research and testing can be
given suggestions for subsequent research to try
several other feature extraction methods for the
introduction of static sign language. Try the MCC
algorithm by adding another dynamic sign language.
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