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Algorithm 1 PLS
( PLS-ALDL)
Input: age set w = {w, w, *** w,} training set
S={(x a) (% a) ©(x, o)} (x, e X

o, ew) converge threshold & numbers of latent
components m maximum iterations [.
Output: the age predication model based on PLS

regression.

1: M5, = 100;
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220’.], =207 e {1l 2 - ¢};

/ /initialize stardard deviation each age
3ifork =1tol
41y, = Na, 0p) i e {12 n};
/ /generate label distribution for each image
5: build PLS regression model on X and Y =
oy = nh
6:;A:i =xBie{l 2 n};
/ Ipredict label distribution by PLS regression

w

model

A
72(/)\1. = argmaxy, i € {1 2 -+ n};

i

/ / estimate the age of x,
" A
. gk 1 :
8.M/1E=;2|ai—ai|,
=

9:if | M) - M, | <eork =1
/ Iconvergence condition

10: break;

11: end if

12:forh = 1 toc

/ /update standard deviation for each age

A
13:1, ={ill o, —a,| < M}, && o, = w,}

wh,

ie{l2 - n},
A
14: o, argmin, 2 KL(y, || M a, a’));
gely,
15: end for
16: end for

17: output the age predication model based on

PLS regression.
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The Facial Age Estimation Based on Adaptive Multivariate Multiple Regression

ZENG Xueqiang' > LUO Mingzhu' CHEN Sufen’ WU Shuixiu> WAN Zhongying’
(1. Information Engineering School Nanchang University Nanchang Jiangxi 330031 China;
2. School of Computer and Information Engineering Jiangxi Normal University Nanchang Jiangxi 330022 China,;

3. School of Information Engineering Nanchang Institute of Technology Nanchang Jiangxi 330099 China)

Abstract: In order to address the problem that traditional multivariate multiple regression based label distribution
learning methods cannot generate the label distribution according to the tendency of facial aging a facial age estima—
tion method based on adaptive multivariate multiple regression has been proposed. The proposed method generates
the discrete Gaussian distributions with different standard deviations adapted to different ages and using partial least
square model to effectively utilize adjacent facial ageing information to predict facial age. Our experimental results
on the MORPH face database show that the facial age estimation model in the paper has better performance than ex-
isting correlation models.

Key words: facial age estimation; adaptive multivariate multiple regression; label distribution learning; partial least

square



