Joumal of the KIECS. pp. 325-330, vol. 12, no. 2, Apr. 30 2017, t. 82, pISSN 1975-8170 | eISSN 2288-2189
Regular paper http:/ /d.doi.0rg/10.13067/JKIECS.2017.12.2.325

f
BN
o,
rE
oty
=2
ol
o
g
e,
M
ro
1>
r O
-

CNN= 283

Research on Robust Face Recognition against Lighting Variation using CNN
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ABSTRACT

Face recognition technology has been studied for decades and is being used in various areas such as security,
entertainment, and mobile services. The main problem with face recognition technology is that the recognition rate is
significantly reduced depending on the environmental factors such as brightness, illumination angle, and image rotation.
Therefore, in this paper, we propose a robust face recognition against lighting variation using CNN which has been
recently re-evaluated with the development of computer hardware and algorithms capable of processing a large amount
of computation. For performance verification, PCA, LBP, and DCT algorithms were compared with the conventional face
recognition algorithms. The recognition was improved by 9.82%, 11.6%, and 4.54%, respectively. Also, the recognition
improvement of 5.24% was recorded in the comparison of the face recognition research result using the existing neural
network, and the final recognition rate was 99.25%.
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Table 1. Recognition result of Test Dataset
Sub Sub Sub Sub Sub
Class setl set2 set3 setd setb
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Yale 32 5 5 5 4 3
Yale 33 5 5 5 5 4
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Table 3. Comparison of results using Yale Face
Database B

Accuracy

: Sub | Sub | Sub | Sub | Sub | Aver
Algorithm setl | set? | set3 | setd | setd | age
[%] | [%] | [%] | [%] | [%] | [%]

LBP[9] ]|90.11| 100 | 83.52] 85.88| 78.75| 87.65

PCAI8] 92301 91.49| 8866 | 88.12| 86.61 | 89.43

DCTI11] || 100 | 100 |99.17 | 8357 90.83| 94.71

Proposed || 100 | 100 | 100 |98.94 | 97.36] 99.26
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