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Abstract: Most of the existing gesture recognition applications are based on specific devices such as Kinect

Leap Motion etc. Because of its price and practicability it can not be widely used. Monocular camera is the most
common accessory of computer or mobile devices. With the corresponding gesture recognition and interaction
algorithm gesture interaction can be carried out. In this paper the algorithm of gesture recognition and interaction

based on monocular camera is studied. The monocular camera captures the image uses the skin color to segment

the image and removes the noise points according to the contour area to get the binary image of the gesture image.

Then the matrix of binary graph is introduced into the neural network as a parameter for deep learning pattern

recognition. Through convolution and full-connected network structure

as well as optimization of parameter

selection and prevention of overfitting combined with fingertip detection and elimination algorithm the recognition
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accuracy is improved. In the aspect of gesture interaction the motion on the plane of gesture image is judged by the

change of gesture center of gravity and the displacement is detected to prevent the sudden change of gesture image

position caused by the interference. In the front and back movement of gestures
compensated for and adjusted by the size of gesture images

changes caused by different gestures.

the area of different gestures is

so as to reduce the interference caused by the area

Keywords: deep learning; convolutional neural network; gesture recognition algorithm; gesture interaction

motion
1
1983 at&t
- 1987 VPL
260
1991 Vitual Technologies
ChverGlove '

suee

131
96.7% . 1998

Marcell Assan

Kinect. Leap

Grimes

. 1997
2 31

Kirsti Grobel

Chan-

- 2000

4

( HMM)

86. 8% . Oyedotun

HMM
94.6% . 2017

98% . 2017
2D

RGB_D

96.8% -

2.1

Chan wah

( RNN)

Khashman

91.33%

. 2003

6

3D

95.09% . 2018



26

32
o 255 133<C, <173 77<C, <127
dst(x y) =
( 0
) (2)
Roberts « Prewitt So—
bel Laplace Kirsh o
30
0 =t (3)
Haardike ! N 30 M
o AdaBoost H 0. 003
- HOG ? 1 HOG °
25x25 01
2.3
SVM 25%x25 01 o
. 13 25 x25 6 x6
I x1 1 20 x
“« 20 o
2.2 YCBCR
RGB °
YC,C, "
Y=0.257R +0. 564G +0. 098B + 16 S:i(Xk* W) +b (4)
C,=-0.148R -0.291G6 +0.439B +128) (1) g - w
C,=0.439R -0.368G -0.071B +128 b ‘n
VY ; C, X, k s
; C, RGB .
3 20 x 20 2 x2
14 . RGB3 10 x 10 .
Y Y C, .
C o

c,C

b™~r



1 33
o 2.4
2.4.1
S = max{ i;};X”} (5) ( 0
08 on R 255) (0 1) .
° (01
6 x 100 )
6x1 6x1 o .
2.4.2
RELU 0
softmax 7
° 18
RELU ° 12
o(z) =max(0 z) (6)
» C=C+2sw (9)
2n
Softmax ¢ 12 -
y '
a = (7)
j;e w=w-95 w:(l—m)w—SS
1 I n
z; l i g1
n 1
VA o
. w w
C = -Ing; (8)
I
a; o
CISN 7])& R “ »
feature iﬁg )
BH mapfé A (sof;;ax) 2.5
:> N
1 CNN
Fig.1 CNN model diagram °
0.6

25 x25
1

softmax

6 x6
20 x 20

10 x 10

50%



26

25 x 25K/NII0,  TAFAEAERE

Mm-S, @ kPR
T, fmAfER

Wik R/
BB R0

Fig.2 Flow chart of fingertip detection algorithm

oy BT, LB
B s — 10 SIS

=
*
A ahTs

P

v
KA —WI0H I 1EY
fr BImABIGERZ P

2.6

B FHNIEE T

SR

3

34
0.6 softmax 3
1) .
. 2) 1
01 .
3) a
8 ( 25 x25 ) b( 1 0)
( ) 01
4)
60°( )
o ( 76 )
2
1) SRR B R
25 x25 o
2) 8 1 01
1 HHREFHRFEREREE L
3) .
2 WBHERRRMEFERER,
BHSELES, B30,
1 10 1
1 4 S
. b(1,0)5 a2 F < A y0]
) BB T60 B T,
4 o

MR OB HERH
W FHLES

Fig.3 Flow chart of exclusion algorithm



S, =8, x2.280]
SI:SIXLZSB
S,=8,x1.250

0 (10)
Sy=8,x1.257
S,=8,x1.2U

0
S, =S, x1.0 O

3D

3D 4 o

(f) FH6H9IR ]
4

Fig.4 Recognition of gesture

3.1
C#

6 000 6 1000
Intel( R) Core( TM) i7 —-4790K 8 GB
- Windows7 64

3.2

01 o

(c) FH3 IR o



36

26

2000
6 000 6 000

()

(d) FHAFOX B TR

12 000

o

mnm

(e) TSI L FHHFAEAL

0 0
0000I0LIILITIIIZENITILE

() FH 6 B T HFALRE

5
Fig.5 Gesture and its corresponding

gesture feature matrix

Fig.6 Training set of gesture feature matrix



37

6 100%

1

Tab.1 Test results of test set recognition accuracy

1% 1%
1 000 48 48 95.20 95.20
1 000 4 4 99. 60 99. 60
1 000 186 154 81. 40 84. 60
1000 101 49 89. 90 95.10
1 000 226 142 77. 40 85. 80
1 000 5 5 99. 50 99. 50
6 000 570 402 90. 50 93.30
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Tab.2 Comparison of recognition rate
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