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Abstract: This paper is aimed at solving the problems that LBP feature contains outlier and the dimension of LBP fea-
ture is too high, and a fast and effective face recognition algorithm based on Robust Local Binary Pattern is proposed.
The main idea of RobustLBP is setting a Robust function on the basis of original LBP. First, it calculates the Maha-
lanobis distance between the mean vector and every dimension as the argument of Robust function and estimates a set
of important information by making Robust function convergence. Then, it obtains a transformation matrix which is
used to reject outlier of original feature by using the information. Lastly, it compares the Chi-square distance among the
features after reducing dimension in order to complete face recognition. Extensive experiments on FERET, CAS-
PEAL-R1 and LFW face databases validate the effectiveness of face recognition.
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Figure 1. Algorithm flow chart
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Figure 2. Face examples from CAS-PEAL-R1 database
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Table 1. Recognition rates of RobustLBP method with state-of-the-
art methods on CAS-PEAL-R1 database

%2 1. RobustLBP 753%7E CAS-PEAL-R1 AME LSt 4R

method lighting accessory
LBP 53% 84%
LGBP!® 51% 87%
DLBPY 41% 92%
DT-LBP 41% 92%
AV 33% 86%
HGPPI! 62.9% 92.5%
LLGPMY 55% 92%
RobustLBP 62% 93.7%
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Figure 3. Face examples from FERETdatabasec
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Figure 4. Face examples from LFWdatabase
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Table 2. Recognition rates of RobustLBP method with state-of-the-
art methods on FERET database

5% 2. RobustLBP J53%%F FERET ABSEE L Sciast®

method fb fc Dup | Dup II
LBPra 97% 79% 66% 64%
LGBPL 98% 97% 74% 71%
DLBP 99% 99% 86% 85%
DT-LBP™ 99% 100% 84% 80%
LVvP® 97% 70% 66% 50%
HGPP 62.9% 92.5% 79.5% 77.8%
LLGpit 99% 99% 80% 78%
RobustLBP  99.6% 99% 88% 88%

Table 3. Recognition rates of RobustL BP method with state-of-the-
art methods on LFW database

% 3. RobustLBP 753%%E LFW ABREE FSnigst R

method Accuracy
LBP 69%
Gabor 68%
SIFT 64%
RobustLBP 81%
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