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Abstract

This paper is a study to improve the classification efficiency of rotating objects by using deep neural net-
works to which a deep learning algorithm was applied. For the classification experiment of rotating objects,
COIL-20 is used as data and total 3 types of classifiers are compared and analyzed, 3 types of classifiers
used in the study include PCA classifier to derive a feature value while reducing the dimension of data by
using Principal Component Analysis and classify by using euclidean distance, MLP classifier of the way of re-
ducing the error energy by using error back-propagation algorithm and finally, deep learning applied DBN
classifier of the way of increasing the probability of observing learning data through pre-training and re-
ducing the error energy through fine-tuning. In order to identify the structure-specific error rate of the deep
neural networks, the experiment is carried out while changing the number of hidden layers and number of
hidden neurons, The classifier using DBN showed the lowest error rate, Its structure of deep neural net-
works with 2 hidden layers showed a high recognition rate by moving parameters to a location helpful for
recognition,

Key Words : PCA, MLP, DBN, Pre-training, Deep learning

This is an Open-Access article distributed
under the terms of the Creative Commons
Attribution  Non-Commercial — License
(http://creativecommons.org/li-
censes/by-nc/3.0) which permits unre-
stricted non-commercial use, distribution,
and reproduction in any medium, pro-
vided the original work is properly cited,

1M E

AARNA 7e2 29 19 2o dHoge] Aol £4& Fo} Tdg AAE Zohl
© WHeR B8 RAFEH 58-S A A dEolx Hvks sl
CHIL 22y #2 A7 2dolA molzrh w2 wloleyt AAle] thekdt 3 el <
g o] et wlolE ol tiel FHekgh Rge Holal Sl Zo] Aot whebA i
o] tpeFgt ol Fdg AAE A4k 7] dado] tiFEHAL ik AARIAE
A3 e dedt AES WA TIReR AR Eo F9E BARS ol 8d W A7
s o8 U T sl drEaL Sl

| 425



Journal of Korean Institute of Intelligent Systems, Vol. 25, No. 5, October 2015

Airplane

T R A

Fig. 1. Object recognition
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Table 1, Error rate for MLP classifier with 1 h1dden layer

Hidden Training Data Test Data i‘;‘: Time

neurons MSE MSE ) (seconds)
16 0.0329047 0.116946 18.9583 31,97
32 0.0274691 0.1028 14.3750 38.69
64 0.0202897 0.098573 12,7083 53.36
128 0.0188361 0.100966 13,9583 90.10
256 0.0183183 0.100985 14,5833 182,18
512 0.0177071 0.103716 15.2083 338,25
768 0.0181538 0.10273 12,9167 535.58
1024 0.0170347 0.103381 13.7500 662.94
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Table 2. Error rate for MLP classifier with 2 hidden layers

2 Hidden Training Data Test Data i::: Time

e MSE MSE ©) Cecad)
16 16 0.116636 0.144806 27.5000 36,49
32 32 0.0426734 0.108072 16.2500 44,04
64 64 0.0296814 0.109456 17.5000 60.85
128 128 0.0236917 0.10104 14.3750 103.86
256 256 0.0176611 0.0991215 13.3333 218.10
512 512 0.0170893 0.101707 14,7917 520.32
768 768 0.0163216 0.0990717 13.1250 936.51
1024 1024 0.0159903 0.0997238 13.9583 1342.50
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Table 3, Error rate for DBN classifier with 2 h1dden layers

Hidden Training Data Test Data 1:;:’ Time

neurons MSE MSE ©) (seconds)
16 16 0.0801634 0.141144 27.2917 45.88
32 32 0,0438276 0.119081 17.5000 59.21
64 64 0.0266393 0.10881 14,5833 75.10
128 128 0.0124702 0.0960501 12.5000 128.85
256 256 0.00893593 0.0902018 11.2500 264.27
512 512 0.00700639 0.0861054 7.7083 628,01
768 768 0.00552051 0.085764 8.5417 1061.37
1024 | 1024 0.00430644 0.0888654 10,2083 1656.17
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Table 4. Error rate for DBN classifier with 3 h1dden layers

3 Hidden Training Data Test Data 1;:;" Time
neurons MSE MSE ) (seconds)
512 | 512 | 100 0.0189625 0.0938663 11,2500 692,17
512 | 512 | 200 0.00949723 0.0907514 10.8333 704.76
512 | 512 | 400 0.00668744 0.0919681 11.8750 821.09
512 | 512 | 600 0.00522963 0.0883271 10.8333 910.40
512 | 512 | 800 0.0147553 0.0972258 11.6667 971.03
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Table 5. Comparison of the error rate for each classifier
Classifier Structure Error rate
PCA - 61 Dimension 612}9) - Euclidean distance 11.46%
MLP - 1 Hidden Layer 1024 - 64 - 20 12.71%
MLP - 2 Hidden Layers 1024 - 256 - 256 - 20 13.33%
DBN - 2 Hidden Layers 1024 - 512 - 512 - 20 7.71%
DBN - 3 Hidden Layers 1024 - 512 - 512 - 600 - 20 10.83%
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Table 6. Average error rate using cross validation
Classifier Structure Error rate

PCA Euclidean distance 11.46%

MLP - 1 Hidden Layer 1024 - 64 - 20 12.75%

MLP - 2 Hidden Layers 1024 - 256 - 256 - 20 12.67%

DBN - 2 Hidden Layers 1024 - 512 - 512 - 20 8.13%

DBN - 3 Hidden Layers 1024 - 512 - 512 - 600 - 20 10.71%
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