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Abstract

a system was designed to recognize
the Human hand manual alphabet of
the American Sign Language utilizing
artificial neural network that implement-
ed to convert the (ASL) finger spilling
alphabet into printed letters and using
matlab to implement program that con-
verting printed letters into animated
(ASL) .the hardware system uses flex
sensors these sensors were positioned
on gloves to obtained The finger joint
angle data when represent each letter
of (ASL) and DAQ NI-6212 which was
the interface between the sensors and
the pc.DAQ produce 1000 readings
per second the average of this read-
ings is taken and normalization process
is performed on the data and then ap-
plied to trained neural network to rec-
ognize which letter was performed by
the hand and print it on the screen. On
the other hand a matlab program was
build using forward and inverse kine-
matics equations of human hand this
program take normal language letters
as input and produce an animated
(ASL) letter as output. The hardware
system have been trained and tested

for (ASL) manual alphabet words and
names recognition.

Keywords: ASL, Artificial neural net-
work, forward kinematics, inverse kin-
ematics, deaf, DOF.
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1. Introduction

Deaf people have the same needs as
the normal people of communicate with
other people but they have the problem
of describing that because they cannot
speak. There are diverse sign lan-
guages throughout the world, similarly
as there are diverse talked languages
American Sign Language and British
Sign Language are distinctive, com-
monly ambiguous the two languages
grown autonomously because the
American and British Deaf people
group have no contact between one
another,. French, Australian, Danish,
Taiwan, Finnish, Thai, and Brazilian
Sign Languages, what's more, numer-
ous others have developed in commu-
nities of Deaf people, as the develop-
ment happened in the groups of hear-
ing people [1]. This languages help
deaf people to communicate with each
other and normal people who knew that
languages. This work will depend on
American Signe Language and concen-
trate on recognition of one important
section of the ASL which is: ASL finger-
spelling alphabet as shown in (Figure

1). In which deaf person made a se-
guence of hand shapes or hand trajec-
tories to spell out a word corresponding
to single letters. Unfortunately majority
of normal people do not understand
that language this causes the isolation
of deaf people from general community.
This language is expressed by using
hand gesture .The human hand is a
great complex system because its ex-
tensive number of (DOF) inside an es-
sentially small space it's composed of
nineteen links corresponding to the
bones of the human and twenty-four
DoF’s [2].

In the last decade numerous re-
searchers have studied communication
through signing some of them take the
way of converting normal English lan-
guage into sign language [3, 4, 5], and
the others take the reverse way by con-
verting sign language into normal lan-
guage, sign language recognition and
Gesture recognition have been studied
by large number of researchers, in any
case, there are significant challenges
because of intricacy of body and hand
movement in the expression of sign
language. Sign language and Gesture
recognition researches will ordered to
two portions: (a) based on computer
vision [6, 7, 8, 9, 10] (b) based on data
glove and movement sensor [11, 12,
13, 14].
in this paper we will using data glove to
perform all gestures of (ASL) 28 letters
both static and dynamic by processing
the data using artificial neural network
algorithms to recognize ASL letters, us-
ing new and economy hardware design
by decreasing the sensors needed, and
we will build a software program to
covert normal English language into
ASL using Matlab programming .so that
we will gathering the two approaches in
this paper.

2. American Sign Language

American Sign Language (ASL) de-
veloped by Thomas Hopkins Gallaudet



who brought the sign language from
Spain to America [15]. It is a complex
language that utilizes signs made by
moving the hand. It's the essential lan-
guage of Americans who are deaf or
hard of hearing and is one of several
communication options used by deaf
people. in the USA there are around
two million people suffering from deaf-
en. The most used non-English lan-
guage after Spanish is the American
Sign Language in the united state
America .ASL consists of 36 hand
shapes, 6000 words, and 26 letters
[16]. These can be performed by using
hand and body gestures. American
Sign Language alphabet is shown in
(figure 1).it used in performing names
and spelling words. We will depend on
ASL alphabet as a reference in our pro-
ject.

G o @ @
OOt @2 & ()
H I J( K\ L M N
o N eyl
1) e G (7
O P QR S T U
AV 0 [VUA" (:%] "\‘\_mﬂ Iq,f\ S
R & RiAo (&
2 & & EFE

Figure 1. American Sign Language
alphabet

3. Kinematic Modeling of human
hand

The Human hand is one of the most
complicated systems because of its
ability to perform multiple tasks and its
wide range of flexibility so that the hu-
man hand has 24 DOF and 19 links .in
this project we will simplify this system

to 20 DOF and 15 link because some
links and joints does not effect on per-
forming the letters of (ASL), we will de-
rive one model to (thumb, middle, in-
dex, little, and ring) fingers. Where
thumb has 3 links (metacarpal, proxi-
mal, and distal) links and three joints
(metacarpophalangeal (MCP), interpha-
langeal (IP) and trapeziometacarpal
(TMC)).as shown in (figure 2) The MCP
and IP joints has one DOF for each one
but TMC joint is universal joint and has
two DOF one for adduction/abduction
and one for flexion /extension (figure 3),
(figure 4) shows the difference between
flexion/extension and adduc-
tion/abduction. The other fingers (prox-
imal, middle, and distal) also have 3
links. And three joints (proximal inter-
phalangeal, Distal interphalangeal and
metacarpophalangeal which have the
following symbols respectively(PIP, DIP
,MCP)), The DIP and PIP joints has
one DOF for each one but MCP joint is
universal joint and has two DOF one for
adduction /abduction and one for flex-
ion/extension [2].

Figure 2: human hand skeleton [17].
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Figure 3: MCP abduction (A) and ad-
duction (B) [18].

B

Figure 4. MCP flexion (A), PIP flexion
(B), DIP flexion(C), and MCP, PIP,
and DIP extension (D) [18].

3.1 forward kinematics

The forward kinematic was utilized to
find the orientation and position of the
finger tip depending on the finger joint
angels. The Denavit-Hartenberg (D-H)
parameters were used to calculate
Model equations [19]. The rotation and
translation of joints can be found using
transformation matrix =17(8;)

T 6)=
C;) —S)C(a;) SO)S(a) a;C(6;)
5(6) C(0) Cla)) —C(8;) S(a;) a;5(6;)
0 S(ai) C(al-) 0
0 0 0 1
Where
C=cosine (6;)
S=sin (6;)

The D-H parameter for a single finger
is shown in table(1) where joints de-
fined by the variable 6. links are repre-
sent by the parameter a which is bone
length since links(bones) are aligned d
parameter is always zero, and the twist
angel is a . 6y, 6,, 63, 6, are the angels
of rotation for adduction\abduction of
TMC joint ,flexion\extension of TMC
joint ,MCP joint, and IP joint for the

thumb finger and the angels of rotation
for adduction \abduction of MCP joint ,
flexion\extension of MCP joint, The
DIP, and PIP (for the rest of fin-
gers)respectively. And L;, Ly, L3 are the
length of bones. Frame -1 is the wrist
frame and represents the base frame
for all fingers.

Table (1): D-H parameter for a single

finger
joint | @ d a o
1 61 0 0 pi/2
2 6, 0 Ly 0
3 65 0 L, 0
4 6,4 0 L3 0

Equation 1 represents the direct kine-
matics equation for finger

p
= 3T(W)IT(6,)3iT(8,)3T(65)3T(6,) (1)

The direct kinematics equation can be
solve by finding Homogeneous matrix-
es for the finger which are

@) 0 S@) 0
ey S@) % T @
0 0 0o 1
2T(6;) =
C(6,) —S(6,) 0 LiC(6)
S0 CO) 0 LSO | (g
0 0 1 0
0 0 0 1
3T(63)=
C(6:) —S(6:) 0 L,C(6:)
SO €O 0 LSO | (g
0 0 1 0
0 0 0 1
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TCO) =S50 0 LiC(6y)
SO €D 0 LSO | s
0 0 1 0
0 0 0 1

To find the thumb position and orienta-
tion or other fingers to the base (wrist)
frame the transformation identity matrix
was used for the rotational part and the
position of frame zero with respect to
frame -1 so that the transformation ma-
trix become

_%T(Uthumb) =
1 0 0 Ugx
0 1 0 Uy
0 0 1 U, ®)
0 0 0 1
or=

Ng x Stx  Qgx DPix

nt,y St,y at,y pt,y (7)

Ng , Stz Atz Ptz
0 0 0 1

Where:

Ny x=(C3C,C1 — €35,51)Cy +(-S5C,C; —
C3C15;)S, (8)
Ny =(51C3C, — 51535,)Cy +

(=535,C;, —

51C352)S, 9)

Ny, =(C38; — S3C3)C4 (=535, +
C3C3)S, (10)

Sex =-(C1C3C; — $3C153)S4 +(-C153C;, —
C3C15;)Cy (11)

St.y:(_535162 - 635152)64 - (516362 -
5185352)S, (12)

St,z =-(C3S5; — 53C3)S, + (—=S35; +

C3C2)Cy (13)
Arx = 51 (14)
ary = —C; (15)
a,, =0 (16)
Dt x= (C1C3C, — C1S353)CyLs +(-

C153C; — C1C35,)S4L3+(C1C3C, —
C1555;)L, + CyL1Cy

(17)

Dty=(51C3C; — 515352)CaL3 +(5,C3C;, —
§185382)Ly + (—5155C; — §1C35,)S4L3 +
C,S81L4 (18)

Ptz =(C3S; — S3C3)Cylz +(C3S, +
S3C3)Ly + (=535, + C3C3)S4L3 + S,L4
(19)

Finger tip

wer )

TMC

Wrist center

Figure 5: D-H coordinate assignment for
one finger of human hand

3.2 Inverse kinematics

The inverse kinematics solution can be
derived either geometrically or algebra-
ically. Geometrically like triangles rela-
tion. The positive and the negative
movements with respect to a reference
line for some joints can perform by the
hand [20, 21]. Or algebraically by find-
ing relations between the elements of
the final transformation matrix that de-
rived in the forward kinematics [19]. In
the solution of the inverse kinematics
first we find Xc, Yc, Zc which denoted



the component of the base frame
(frame 1) by using transformation ma-
trix (Equ.7).and we can find ¢ from it.

@ = atan2 % (20)
1z

Where

(p= 92+93+64 (21)

By using geometrical method and as
shown in (figure 6):

- Ye
0, = atan2 T (22)

20

Ye

Figure 6: projection of the finger onto
Xo—Zo plane.

Base frame

Figure 7: projection of the finger onto
Xo—Yo Plane.

From basic trigonometry and (figure 7),
the finger tip position and orientation
can be written in joint coordinates terms
as following:

X =

L, cos(6,,63) + L, cos B, + Lz cos(0, +
0; +6,)

(23)

Y =L,sin(60,,035) + L;sinf, Ly sin( 6, +
0; +6,)

(24)

Joint coordinates to a given finger tip
coordinates (X,Y,¢) can be found by
solving the nonlinear equations
(21,23,24) ford,, 65 and 6,.by Substitut-
ing equation (21)in equations(23,24)
6, can be eliminated . Then, the above
two equations became in term
of 6, and 6as follow:

X — Lz cos(p) =
Ly cos 6, + L, cos(6,,603)
(25)
Y — Lysin(¢@)=L;sinb, + L, sin(6,,63)
(26)

The right hand side contains the un-
knowns. While the known are grouped
in the left hand side. Now, by replacing
the names of the left hand sides

by X'and Y where X' = X — L cos(¢)
and Y' = Y — L3sin(¢), by terms rear-
ranging and adding both sides in each
equation after squaring them, a single
nonlinear equation in 6, will be getting:

2L,X cos6, + 2L, Y'sin8, +
(L3-13-X*-Y?%)=0
(27)

There are two solutions for 6,in the
above equation given by

0, = arctanZ( Y',X') + arccos
(L§+X'2+ Y'Z—L%)

2LVX2+ Y72
(28)

By taking any one of these solutions
and substituting it gives us:



6; = arctan2( Y — L, sinf,,X —
Ll CoSs 92) - 92
(29)

Substituting 8;and 6, in (21) to findé,.
Thus, for each solution foré,, there is
one solution for 8;andd,.

4. Simulation of human hand manual
alphabet (ASL).

Depending on the derived kinematics
of human hand simulation of every
(ASL)letter was build using matlab pro-
gramming where each finger have spe-
cific position and orientation in each let-
ter representation these values were
used to implement every part of the
simulated human hand by substitute
these values in the kinematics equa-
tions for example letter(A).

Table (2): angels of fingers that per-

form letter A
an- thumb | index | mid- ring little
gels dle

0, 7*0.0 |0 0 0 0

8
0, /455 | n*1.2 | n*l.2 | n*l.2 | n*1.2
5 5 5 5
03 /4.5 | n/2 n/2 /2 /2
0, |nd /2 /2 /2 /2

Figure 8: representation of letter (A) in
Matlab

5. Design methodology

The hardware system contains
- Glove having six sensors:-five
for every finger and one on the

wrist.

- National instrument DAQ NI-
6212.

- 5V power supply.

- Six resistances of 10 kQ .
- Six ceramic capacitors.
- Six electrolytic capacitors.

5.1. Block diagram

Flex sensors sending data that de-
pending on the bending of human hand
and fingers to the DAQ for processing
and then the DAQ sending the data as
inputs to PC, as shown in (figure 9).

5.2. Measurements normalization

The output data of the DAQ was used
as input to Neural network program but
this neural network has a specific rang
of measurements so we use a function
to normalize the output data of DAQ to
the neural network rang this function is:
S 2+S;—2.8

=( 2.25 )_1
(30)
Where:

S,=Sensor output after normalization.

S;= Sensor output before normalization.
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Figure 9: block diagram of the system
6. Artificial neural network

The algorithm used to train the ANN
model was a backpropagation algo-
rithm. we summarized the fundamental
structure and implementation of this al-
gorithm in this section. Training a neu-
ral network includes calculating weights
in order to find the result output accord-
ing to a specific input within Limits of
error. The target vector and input vector
perform a training pair. The algorithm of
backpropagation contains this proce-
dure [21]:

1. Apply the input vector of the 1st train-
ing pair to the neural network.

2. Compute the corresponding output of
the neural network.

3. Make a comparison between the real
output and desired target then calculate
the error.

4. To reduce the error Modify the
weights.

This procedure is iterated until the val-
ue of error is reached in our project the
error chosen to be (e=1e-25). In step 2,
sets of output are computed for test in-
puts. If the difference between the real
output and desired target is within the
given error limits, then the neural net-
work have been learn the case, and the

weights at that time (when the error is
within the limits) are saved to be used
when the using the neural network.ANN
having multi-layer was used to recog-
nize the manual alphabet of ASL. The
inputs to the ANN were six elements
which representing the flex sensors
output. the designed ANN was a feed-
forward network having multilayer ,this
network consist of (6 ,50 and 20) neu-
rons in input, first hidden, second hid-
den layers respectively while the out-
put layer having single layer as shown
in (figure 10).

Hidden Hidden

Input layer layer 1 layer 2
b2,

Figure 10: proposed neural network
design structure

Where W, j;: Weights between the first
hidden layer and input layer. W,,;:
Weights between first and second hid-
den layers and Wj ,, : Weights between
the output layer and the second hidden
layer, while(By;, B,,B,, ) bias values
of the first hidden, second hidden, out-
put neurons respectively .

Equation (31) will calculate the result of
the input layer

net;_I;

(31)

ynetl:f ] =1
I=input vector values.
Ynet=0Utput of the neuron .

i=123,..n

Output layer



In this proposed design | refer to the
sensor and i is the sensor number, n =
ber,n = 6.

Equation (32) will calculate the result of
the first hidden layer.
nety; =ity Wy jili+By

(32)

yl,j = f [ynetl’j] _] = 112131 e, m
Since the first hidden layer have sig-
moid activation function

f [ynetlyj] =

1

1_e—J’net1,j

In this proposed design m =50; number
of neurons in the first hidden layer.

Equation (33) will calculate the result of
the second hidden layer.
netyr =Zyi1 W2 rj¥1,jtBar
(37)
Yor = fVnet,,| 7=123,..,h
Since the second hidden layer have
sigmoid activation function

1
f[ynetzlr] = 1—e Inetzr
In this proposed design r =20; where r=
neurons in second hidden layer.

Equation (34) will calculate the result of
the output layer.

ynet3,k=2’rl=1 W3 krY2,rtBsk
(34)
y3,k = f[.Vnetg,,k] k = 1)2;3; ey t
Since the output layer have linear acti-
vation function

f[ynet&k] = Ynetsy

In this proposed design t =1; number of
neurons in the output layer.

6.1 measurements for training

For training the neural network five
reading for every letter in each reading
there are six values one for each sen-
sor as shown in table [3].

Table 3: sensors readings used for
training neural network

No | In- In- In- In- In- In- out-
. putl putl putl putl putl putl put
1 A
LAY YAYL [ OY XYY | oYY | oYYy, V€V
2 A
y.ve. )00 YAY. | v Yoo YYV.
3 A
YAV ). YXTO | YYe.o | Y.YY ). g0
4 VLAY A
)Y YXYou | YYeo | Y.¥A VPV
5 V.ve. A
\ o0 YA Y.\e Y.¥ V. Yo
6 YA B
YY Yio.w | YYVe | VA IRED
7 B
YA AN YETe | YYYe | ovva IREN
8 R B
Yoavre | oveeo | ovYYe | YA y.Yo
9 YYY. B
Yo Vi | YYT | VAY VY
10 Yo B
Yo YEVe | YXou | YV AA VYT
11 YA C
1.4 YYo. | Yoy. | va. Yy.Y4.
12 Y.Ye C
V.40 Y.£4 YAt | van V.YV
13 Y C
V.44 Y.£Y Y. 00 R IBEE
14 Y¥e. C
V.41 Y6 Y. 00 Y..o YA
15 ARA C
Yoot Y.£4 YUEe | Yot AN
16 Y D
Y AY Y.Y4 YYou | YXEe | Yge
17 AR D
Y AY Y¥eo | YXee | oY.Yn. YT
18 .4 D
VAN YXTe | YYee | Yve. RED
19 .4 D
YA YXAC | YYo. | Y.V YT
20 ARAS D
YV AY YXY | YYXe. | Y.¥Y. YAV
21 V.Aa¢ E
YVEC [ YXYe | Y XYEl [ yaY. V.6
22 V.40 E
VYA L Y YA | YYAL | Vv, Y.av.
23 V.40 E
AURZTO I 0 A I 00 PO IR OY-T Y.av.
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7. Results and discussion
7.1 simulation results

The ASL letters were represented suc-
cessfully in the matlab where the equa-
tions of forward kinematics for human
hand were used to performing shape of
letter and then we used the program to
perform complete word and the result
was successful and the aim was
achieved from this simulation which
was converting typed normal language
into animated sign language, [figure 12]
shows the results of typing word (AD-
AM) in the program ,and [figure 13]
shows the trajectories of angels every
joint in the thumb finger.

74

s : \ A

4

] % ‘ %
«;

1L s 2

T — e i

TS5 ~ . >
L g

A D

v @

A M
Figure 12: simulation of word (ADAM)

thump th2
30

25 %

20 /"l

thump th1

thump tha

thump th3

10 15

Figure 13: The trajectories of thumb
joints angel.

7.2 experimental results

The developed ASL alphabet recogni-
tion ANN model was first trained with
data as one for every letter. When that
was not successful, we trained with
two, three, and ten, finally, five readings
for each letter which was effective and
the neural network operate successfully
and the ASL alphabet letters were rec-
ognized figure [14] shows the recogni-
tion of letters (A,D,A,M) of ASL alpha-
bet.



Figure 14: ASL alphabet recognition

Conclusion

a complete system have been build to
help deaf people to communicate with
normal people as well as to help normal

people to communicate with deaf peo-
ple by building a system using sensory
gloves, DAQ NI-6212 and ANN to con-
vert ASL finger spelling into written let-
ters and words, and software program
that convert letters and words into ani-
mated ASL finger spelling. This system
has been trained to recognize all letters
of ASL and then tested by representing
different words the recognition results
have the accuracy of 96% and the
software system for converting printed
English names and words into (ASL)
have 100% accuracy. And the system
was able to spell all letters of ASL and
convert it into normal letters.
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