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Deep learning based symbol recognition for the visually

impaired

Sangheon Park*, Taejae Jeon**, Sanghyuk Kim**, Sangyoun Lee**, Juwan Kim*

2 % FHE ARG B wF ke AR HgS BAgs] A B VEEe] AFHL JUth AFEE B
= 9% A EmE @A, 25944 2 TSR AlA TS ol&ete AutE A Folgk AntE b #H 7)ol
Atk WEAR] 7E2e A Adstd Fdas AFsa B 7Hs 495 FE8he Ve, oA A s JRE
AAete] F9 84 ARE FE 71E T oY 7 vlse] MAE I ok 2 =RolAw Al Aol Al Bag Al
o] fE AES MAS] 2FEe 4 FA 9 FRERE HES A ste duEFS Juld 71ES o &3t A3t
ok a1 2942 g3y GgH ] okl A AHE-= = CNN(Convolutional Neural Network) 7| -8 AHg-3te] A2 o2

Abstract Recently, a number of techniques to ensure the free walking for the visually impaired and
transportation vulnerable have been studied. As a device for free walking, there are such as a smart cane
and smart glasses to use the computer vision, ultrasonic sensor, acceleration sensor technology. In a typical
technique, such as techniques for finds object and detect obstacles and walking area and recognizes the
symbol information for notice environment information. In this paper, we studied recognization algorithm of
the selected symbols that are required to visually impaired, with the deep learning algorithm. As a results,
Use CNN(Convolutional Nueral Network) technique used in the field of deep-learning image processing,
and analyzed by comparing through experimentation with various deep learning architectures.

Key Words : Convolutional neural network, Deep learning, Deep neural network, Machine learning, Symbol
recognization
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3.2 Pooling Layer
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Fig. 3. The principle of convolutional layer and pooling
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Table 1. Deep neural network architecture 1
- B i Y
= e
Layer Type #Maps & neurons Kernel Ratio
0 Input 3 maps of 48 x 48 neurons
1 Convolutional 100 maps of 42 x 42 neurons Tx7
2 Max pooling 150 maps of 21 x 21 neurons 2x2
3 Convolutional 150 maps of 18 x 18 neurons 4x4
4 Max pooling 150 maps of 9 x 9 neurons 2x2
5 Convolutional 250 maps of 6 x 6 neurons 4x4
6 Max pooling 250 maps of 3 x 3 neurons 2x2
7 Fully connected 300 neurons 1x1
Dropout 05
8 Fully connected 5 neurons 1x1
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Table 2. Deep neural network architecture 2

m. %’. =i -
Layer Type #Maps & neurons Kernel | Ratio
0 Input 3 maps of 48 x 48 neurons
1 Convolutional 100 maps of 42 x 42 neurons 7x
2 Max pooling 150 maps of 21 x 21 neurons 2x2
3 Convolutional 150 maps of 18 x 18 neurons 4x4
4 Max pooling 150 maps of 9 x 9 neurons 2x2
5 Convolutional 250 maps of 6 x 6 neurons 4x4
6 Max pooling 250 maps of 3 X 3 neurons 2x2
7 Fully connected 300 neurons Ix1
Dropout 0.8
8 Fully connected 5 neurons 1x1
E 3 93 MFY Px 3
Table 3. Deep neural network architecture 3
e S =
Layer Type #Maps & neurons Kernel | Ratio
0 Input 3 maps of 48 x 48 neurons
1 Convolutional 100 maps of 42 x 42 neurons 7x7
2 Max pooling 150 maps of 21 x 21 neurons 2x2
3 Convolutional 150 maps of 18 x 18 neurons 4x4
4 Max pooling 150 maps of 9 x 9 neurons 2x2
5 Convolutional 250 maps of 6 x 6 neurons 4x4
6 Max pooling 250 maps of 3 x 3 neurons 2x2
7 Fully connected 300 neurons 1x1
8 Fully connected 5 neurons 1x1
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Table 5. Train and test dataset images
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Table 7. Landmark symbol recognition rate
4y 1 4y 2 4y 3
NZAY 2% 1 99.5536% 98.8487% 97.1174%
NZAY 2% 2 99.3304% 98.8487% 97.2954%
NA% 7% 3 99.0327% 98.6842% 96.9039%
E 8 WS0lT A oA UMIE HE Y 45

Table 8. Excution time of Landmar

=~

=
symbol recognition

algorithm for train

Y1 492 493
NAY 31X 1 0.0046 s/image 0.0047 s/image 0.0045 s/image
MEY 1% 2 0.0045 s/image | 0.0045 s/image 0.0046 s/image
MY 21X 3 0.0046 s/image 0.0046 s/image 0.0046 s/image
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Table 6. An experiment environment
Z2HA i7-4790 (3.60 GHz)
Hze 10GB DDR3
EEEEEEESS GTX Titan X
23HA Windows 7 64 bit
L 2 (Tool) Caffe/Visual Studio 2013
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Table 9. Excution time of Landmark symbol recognition
algorithm for test
FER FER FEE
NEY 2z 1 34min 15min 28min
57sec 55sec 46sec
NFY 352 33min 15min 25min
46sec 43sec 36sec
NEY 2z 3 34min 16min 30min
44sec 1sec 55sec
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