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In 2014, Guo and Mu [1] introduced a framework to estimate
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S1 S2 and SR So White 1285 3980
feature extraction methods such as histogram oriented Linear Dimensionality Reduction Methods _Dimension Reduction HOGs S 31 and SR Black 1285 3980

gradients (HOGs) and Local Binary Patterns (LBPs), in

S3 White 31 39

- . . . . . . . S S2 and SR
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o o The goal of PLS is to predict Y given X by maximizing the dimension.s of the Qata V\{hﬂ.e still preserving
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regression technique is able to achieve its goal by using rank theory tells how many teature dimensions R — | |
This study uses canonical correlation analysis (CCA) and partial the nonlinear iterative partial least squares algorithm the data can be reduced to. S e -
least squares regression (PLS) for dimension reduction and their (NIPALS) developed by Wold[3] . . .
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regression simultaneously. The Morph-II dataset is a large <
dataset and the feature extractions pair with each subject’s image 1. The matrices X andY are standardized because the b= -
in the dataset, it is necessary to reduce the dimensions of the data two matrices are scaled differently. Y=gxn
matrix while still preserving the necessary information to 2. The latent vectors t and u are created by multiplying n=4376 _
estimate the age, gender and race jointly of each subject. The the weight vectors by the standardized matrices. p=10530
regression techniques are used to estimate Y, age, gender, and 3. The matrix ,B, the original data matrix, X, and the q=3 .
race, given X, the facial feature extracted. residual matrix, F, are then used to predict Y. *For the BIF feature test on age, gender, and race.
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dimensional feature spaces. The kernel is applied because there is an assumption that the data is not linearly 0ozl
separable in its current feature space. When the kernel is applied and the data is projected into a higher dimension
the data is linearly separable so the regression techniques to predict Y given X can be applied like in linear CCA and

Linear Canonical Correlation Analysis (CCA)
CCA is a regression and dimension reduction technique that
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has a goal of maximizing the correlation, p, between the PLS
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to predict Y, representing the vectors for age, gender, and Kernel Canonical Correlation Analysis (kCCA) Kernel Partial Least Squares Regression (KPLS) :
race. (TR K, Conclusion
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Dimensions p = aTK§, a - BTK2R In conclusion, BIFs, overall, proved to be one of the best feature extraction methods based on
T T T ¢ represents X in the PLS equation, but ¢ is its ability to return the lowest MAE and high gender and age accuracies. The data also show
X pXxn (wy XX" wy ) (Wy YY Wy) . . . projected in a higher dimensional space. that applying the kernel function to the regression techniques improved the accuracies for the
Hardoon and Shawe-Taylor use this equation which is similar to the CCA . : ; ¢
Y qxn l equation to represent kernel CCA. joint estimation of age, gender, and race.
— wIXY™w Future work includes combining the feature extractions together in order to improve the
Wx pxX1 p = Wx y MOI’ph I accuracies using data fusion.
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