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ABSTRACT

Various fields are being researched through Deep Learning using CNN(Convolutional Neural Network) and these
researches show excellent performance in the image recognition. In this paper, we provide streamlined GoogLeNet of
CNN architecture that is capable of learning a large-scale Korean character database. The experimental data used in
this paper is PHDOS that is the large-scale of Korean character database. PHDOS has 2,187 samples for each character
and there are 2,350 Korean characters that make total 5,139,450 sample data. As a training result, streamlined
GoogLeNet showed over 99% of test accuracy at PHDOS. Also, we made additional Korean character data that have
fonts that are not in the PHDOS in order to ensure objectivity and we compared the performance of classification
between streamlined GoogLeNet and other OCR programs. While other OCR programs showed a classification
success rate of 66.95% to 83.16%, streamlined GoogLeNet showed 89.14% of the classification success rate that is
higher than other OCR program's rate.
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Fig. 1 Inception module for GoogLeNet
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Fig. 2 The architecture of streamlined GooglLeNet
Table. 1 Streamlined GoogLeNet incarnation of the Inception architecture
Patch size / Output #3 X3 #5X5 Pool
X X X
Type Stride size depth  #1>1 reduce #3253 reduce #5435 Proj.
Input 56 X 56 X 1 0
Convolution 3X3/1 28 X 28 X 192 2 64 192
Max 3x3/2 14xX14x192 0
Pooling
Inception(a) 14 X 14 X 256 2 64 96 128 16 32 32
Inception(b) 14 X 14 X 480 2 128 128 192 32 96 64
Max-Pool 3X3/2 7 X 7 X 480 0
Inception(c) 7 X7 %512 2 192 96 208 16 48 64
Average 7x7/1 11512 0
Pooling
Convolution 1x1/1 1 X1 X128 1
Fully-
X1 X
Connected el 1024 !
Drop-out
X1 X
(70%) 1 X1 Xx1024 0
Fully-
X1 X
Connected 112350 !
Softmax 1 X1 x2350 0
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Table. 3 5 sets of experimental data

PHDOS Characters Samples Type Set Ratio Training Testing

2,350 2,187 Binary Set-1 1:05 1,458 X< 2,350 729 X 2,350

Fonts Size(pt) Rotation Noise - = 3,426,300 =1,713,150
9-fonts 12,13, 14 -3.,0,3 3-level Set2 11 1,093 X 2,350 1,094 < 2,350

' =2,568,550 =2,570,900
729 % 2,350 1,458 X 2,350

5 Set-3 12 713,150 = 3,426,300
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Table. 4 Test Accuracy of streamlined GooglLeNet
about Top-1, Top-2 and Top-5

Network T?"E;)l T%Z')z TE)OE)-)S
Set-1 99.41 99.73 99.89

Set-2 99.56 99.86 99.93

Streamlined Set-3 99.14 99.74 99.90
GoogLeNet Set-4 99.66 99.88 99,94
Set-5 99.40 99.83 99.90

AVG. 99.43 99.80 99.91
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