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Abstract This paper is a smartphone object recognition system using hierarchical convolutional neural network.
The overall configuration is a method of communicating object information to the smartphone by matching the
collected data by connecting the smartphone and the server and recognizing the object to the convergence
neural network in the server. It is also compared to a hierarchical convolutional neural network and a fractional
convolutional neural network. Hierarchical convolutional neural networks have 88% accuracy, fractional
convolutional neural networks have 73% accuracy and 15%p performance improvement. Based on this, it shows
possibility of expansion of T-Commerce market connected with smartphone and broadcasting media.
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(Table 1) Top countries with smartphone penetration

rate
(TNS. As of March 2016)[1]
Countries Penetration rate
Korea 91%
UAE 91%
Singapore 91%
Saudi Arabia 86.1%
Sweden 85%
Norway 83%
Taiwan 82%
Spain 81%
Malaysia 81%
China 79%
The United States of America 2%
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[Fig. 11 Model Construction of Representative
Convolution Neural Network [12]
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Overfitting

[Fig. 9] Examples of balanced learning and
overfitting
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(Table 3) Design of Hierarchical CNN Model

Layer CNN1 CNN2
Channel(R, G, B, 3colors) 3 3
Input Layer 256x256x1 256x256x1
1st convolutional layer 5xHx32 5xHx32
1st pooling layer 2x2x32 2x2x32
2nd convolutional layer 4x4x64 4x4x64
2nd pooling layer 3x3x64 3x3x64
3rd convolutional layer 3x3x128 3x3x128
3rd pooling layer 3x3x128 3x3x128
4th  convolutional layer 4x4x256 4x4x256
4th pooling layer 2X2x256 2X2x256
5th convolutional layer 2x2x512 2x2x512
5th pooling layer 2x2x512 2x2x512
Dropout 05 0.5
Fully connected layer (unit) 512 512
Output 20 5
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