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Abstract—A considerable amount of research has been con- shows experimental results, and Section V summarizes our
ducted on gender and age estimation from facial images over the contribution and future works.
last few years, and state-of-the-art technology has accomplished

a practical accuracy level for a _ho_mogeneous race such as || L EAST-SQUARES PROBABILISTIC CLASSIFIER (LSPC)
Japanese or Korean. However, achieving the same accuracy level

acrossmultiple races such as Caucasian, African American, and  In this section, we review LSPC [8], which is a computa-

Hispanic is still highly challenging because of the strong diversity tionally very efficient algorithm for multi-class probabilistic
of the growth process of each race. Furthermore, difficulty of . |5ssification.

gathering training samples uniformly over various races and age . . .
brackets makes the problem even more challenging. In this paper, LSPC models the class-posterior probabilities by the linear

we propose a novel age estimation method that can overcomeCombination of kernel functions. The most notable advantage
the above problems. Our method combines a recently proposed of LSPC is that its global optimal solution can be computed
machine leaming technique called Least-Squares Probabilistic analytically without resorting to iterative algorithms. More-
Classmer(LSF_’C) Wlth neural networks. Through large-scale real- over, the solution of LSPC can be computed separately in a
world age estimation experiments, we demonstrate the usefulness .
of our proposed method. class-wise manner. Therefore, LSPC can pe stably computed
regardless of the imbalance of sample size in each class. These
. INTRODUCTION distinguished features of LSPC are particularly suitable for
Automatic age estimation from facial images can be utilize@lulti-race age estimationthe training database is massive
for various purposes such as customer analysis in shops $oale, but is imbalanced over attributes such as age, race, and
marketing and digital signage for displaying a customizegender.
advertisement for a targeted person who is looking at theFurthermore, probabilistic outputs of LSPC (i.e., tunfi-
screen. For this reason, age estimation has gathered a gtlediceof prediction) can be effectively utilized for combining
deal of attention and has been one of the most frequentlgPC with other classifiers such as neural networks, as
researched topics in recent years [2], [3], [4], [6], [11], [13]described later.
Availability of public databases for age estimation [1], [5], [7],
[14] will further boost the age estimation research. A. Problem Formulation
State-of-the-art age estimation systems have achieved suffitet & be an input face feature ang € {1,...,¢} be

ciently high accuracy if they are applied to a homogeneoy§ age-bracket label (say, evety) years), wherec is the
race [11], [12], [13], [15]. However, it is still challenging number of classes. The goal is to estimate the class-posterior
to accurately predict ages famultiple races because theprobabilityp(y|w) from training sample{(x;,;)}",. The

growth process is significantly different depending on racegass-posterior probability allows us to classify test sample
Overcoming this difficulty will allow us to expand the ageo classg with confidence levep(j|z):

estimation system to the world-wide market.
Currently customer analysis system for marketing and dig- y = argmax p(y|x).
ital signage system are desired in the world-wide market. In Y
these systems, age groups should be divided into at leasB.3Kernel Least-Squares Fitting of Class-Posterior Probability
categories, such as children, adults, and the elderly, with MOrye model the class-posterior probabilip(y|z) by the
than 70-80% of accuracy rates. following model:
This paper proposes a new multi-race age estimation methoé
which consists of neural networks and a recently proposed 2
classifier called_east-Squares Probabilistic ClassifirSPC) qylz; ) = Z k(@21 y,5),
[8]. This paper is organized as follows. Section Il reviews an =1
outline of LSPC. Section Il describes how two types of claswhere {«,;}}" , are parameters, anfl (z,«’,y,y’) is a non-
sifiers, neural networks and LSPCs, are combined. Section ri€gative kernel function.
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Now the LSPC optimization problem is formulated as Fig. 1. Flowchart of the proposed method for combining four predictors.
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where thely-penalty termla’ a/2 is included for avoiding

o S : Neural networks were shown to be useful for age estimation
overfitting. The solutiomx can be computed analytically as

) [9], [10]. Here, we consider the following four age prediction
&= (ﬁ i )\In) h, 1) methods:
« Neural network regression (NNR): A neural network is

whereI,, denotes the:-dimensional identity matrix. Finally, trained as a regressor, which directly estimates a person’s
by rounding up negative outputs to zero and normalizing the o4 age such as 37 years old.

output summed up to one, the final LSPC solution is given by | | spc with NNR (NNR+LSPC): 100-dimensional fea-
N max{0, Y, K (z, 2, y,u)} ture vectors extracted from the last hidden layer of NNR
plyle) = T / : are used as input to LSPC
>y max{0,> 1, K (z, z,y' i)} p .
« Neural network classification (NNC): A neural network
is trained as a classifier, which estimates the confidence
of each age class.
e LSPC with NNR (NNC+LSPC): 100-dimensional fea-
K , N e — || 5 ture vectors extracted from the last hidden layer of NNC
(z,2,y,y') = exp | — 952 Yy’ are used as input to LSPC.

whereo is the Gaussian width ang - is theKronecker delta Combining multiple classifiers is expected to produce more
The use of the delta kernel for makes the matrixdd block Stable estimation performance than a single classifier alone by

diagonal (given the training samples are sorted according/tually compensating for the weaknesses of each method.
class labels). Then, the solution (1) can be computed v low, we explain how to combine these four classifiers in a

efficiently in a class-wise manner. We can further reduce th&actically useful way.
computational complexity and memory usage by limiting thg_ Scoring Methods
number of kernel bases to a fixed number (s2000). The _ ) _
Gaussian widthr and the regularization parametemay be First, we explain h_0\_/v to con\_/ert the output of each predictor
optimized by cross-validation. toa score for combining _predlctors.

1) Scoring for Regression Outputhe NNR model outputs

lIl. WEIGHTED COMBINATION OF MULTIPLE CLASSIFIERS 3 real scalar as an age estimate. We convert this estimate based
In this section, we propose a novel age estimation method the characteristic of human age perception [15] as follows:

based on LSPC. The flowchart of the proposed method isLet us define the ‘true’ age* of a subject as the average

summarized in Figure 1. perceived ageg evaluated by those who observed the subject’s

In practice, we separate the kerdé€l(x, «’, y,y’) for input
x and outputy, and use the Gaussian kernel terand the
delta kernel fory:



Standard deviation

Fig. 3. Examples of face images from our in-house database (top) and FACES
database [14] (bottom).
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Fig. 2. The relation between subjects’ perceived gge(horizontal axis) We blend the score vectors by linear combination:
and its standard deviation (vertical axis) T
S = (s(0),s(1),...,5(69))

o . . = WNNRSNNR + WNNR+LSPCSNNR+LSPC
facial images (the value is rounded-off to the nearest integer).

Then the standard deviation of perceived age is calculated as a
function of y* and denoted byv,e.(y), which is summarized The weight parametersunnr, WNNR+LsSPC, WNNc, and

in Figure 2. This graph shows that the perceived age deviatiornc+rspc are determined so that the prediction error
tends to be small in younger age brackets and large in older validation data (which are not used for training pre-

+ WNNCSNNC + WNNCH+LSPCSNNCHLSPC-

age groups. dictors) is minimized: weight parameters are selected from

Using thiswage(y), the output of NNR is converted to the{0,0.1,0.2,...,1}.
score vector as Finally, an age estimate obtained from the aggregated pre-

(snnr (0), ssnr (1), - . ., snnr(69)) T dictor is given by

SNNR = 9 5 , R .
> e —0 SNNR(Y*) y = argmax s(y*). 2
-
where, fory being the output of NNR,
Y g P ) IV. EXPERIMENTS
snNR(Y™) = exp (—M) In this section, we demonstrate the effectiveness of the
2Wage(Y)

proposed method in large-scale real-world age estimation. We
sNNR IS a Gaussian-shaped function which is maximized whensider an eight-class age estimation problem: 0-9, 10-14,
y* agrees withy. The standard deviation of the Gaussian5-19, 20—29, 30-39, 40-49, 50-59, and 60—.
function is set to the standard deviation of perceived age. Thus,
When 7 is small (younger age), the Gaussian function has’a Face Image Database
small variance, while whefj is large (older age), the Gaussian Age prediction systems are often used in public places such
function has a large variance. as shopping malls or train stations. In order to make our
2) Scoring for Classification OutpufThe NNC model and experiments realistic, we mainly use in-house facial image
LSPC output the class-posterior probability for each clasamples obtained from video sequences taken by surveillance
(i.e., age bracket), which can be translated as the confidegegneras in addition to the public databases [1], [7], [14] for
level of prediction. We use the confidence level as a scoteaining predictors. Examples of face images are shown in
Let p1,po, ..., p. be the class-posterior probabilities for eackigure 3. The recording method, image resolution, face angle,

class. Then, the score is determined as lighting conditions, and the image size are diverse depending

G (sc(0), sc(1), ..., 5c(69))T on the recording conditions. For example, some subjec_:ts were

c= 9 , walking naturally, or seated on a stool and keeping their heads

Zy*=0 sc(y”) still. Our in-house database includes various races such as

where, fori being the age-group class to which the age Caucasians, African Americans, and Asians. We used a face

belongs, detector for localizing two eye-centers and escaled the image
soy”) = pi. to 64 x 64 pixels. Then input face features such as the RGB

color, x-gradient, and y-gradient are extracted from all the
Using this scoring method, we compute the score vectors &t x 64 pixel values.

NNR+LSPC, NNC, and NNC+LSPC, which are denoted by For the preparation of test samples, we first selected 800
SNNR4LSPC, SN, and SynoiLspe, respectively. subjects uniformly over races, genders, and age brackets. The



TABLE | TABLE Il

THE NUMBER OF TRAINING SAMPLES SELECTED WEIGHT PARAMETERS FOR FOUR PREDICTORS
NNR NNR+LSPC NNC NNC+LSPC
(a) male male 0.0 0.7 0.3 0.0
y?ulng)er (%C_lilg) (%lge; total female 0.0 0.6 0.2 0.2
Caucasian 9,664 58,927 11,345 79,936
Asian 16,484 32,732 19,581 68,797 == younger (-19)
African American 7,596 42,165 3,258 53,019 male = middle (20_49)
Hispanic 7,228 11,927 3,202 22,357 =S older (50-)
Indian / Middle Eastern 11,720 22,296 3,793 37,809 gqo, == average
Total 52,692 168,047 41,179 261,918
(b) female 80%
younger  middle older total
(-19) (20-49) (50-) T0% —
Caucasian 11,311 42,889 11,655 65,855
Asian 17,719 42,426 18,531 78,676 60% - -
African American 3,453 17,692 2,086 23,231
Hispanic 5,652 12,829 4,091 22,571 50% |
Indian / Middle Eastern 13,509 14,574 2,974 31,057
Total 51,644 130,410 39,337 221,391 40% -
‘0 T 1
NNC NNC ‘Weighted
TABLE I +LSPC +LPSC combination

THE NUMBER OF TEST SAMPLES

female
(a) male
younger  middle  older total
(-19) (20-49) (50-)

920%

Caucasian 431 1443 957 2831 80%
Asian 1,455 1,170 882 3,507
African American 523 1,274 947 2,744 70%
Hispanic 816 1,219 796 2,831
Indian / Middle Eastern 740 1,057 670 2,467 60%
Total 3,965 6,163 4,252 14,380
(b) female 50%
younger  middle  older total
(-19)  (20-49) (50-) 40% - = ‘ -
Caucasian 408 1,138 821 2,367 NNR NNR NNC NNC Weighted
Asian 1,242 1,646 997 3,885 +LSPC +LPSC combination
African American 490 1,064 575 2,129
Hispanic 591 1,006 750 2,347 Fig. 4. Comparison of classification rates (upper: male, lower: female).
Indian / Middle Eastern 970 1,319 793 3,082 ‘Combination’ denotes the combined predictor.
Total 3,701 6,173 3,936 13,810

In our experiment, age predictors for male and female are
breakdown of 800 subjects is 10 (personsB (age classes) separately trained. More precisely, male samples are only used
x 2 (genders)x 5 (races). We classified the races into %or training age predictors for males, and female samples are
CategoriES: CaucaSianS, ASianS, African Americans, HISpanlgﬁ]y used for training age predictors for females. The test
and Indian/Middle Eastern. performance is evaluated under the assumption that gender is

The number of training and test samples for each gendgsrectly estimated.
age class, and race is summarized in Table | and TableNext, using the hidden layer outputs of the trained NNR and
Il, respectively Table | shows that the training samples af@NC models as input feature vectors, classification models are
imbalanced over age classes; especially there are less samplgsed by LSPC (NNR+LSPC and NNC+LSPC). To speed up
for the ‘younger’ and ‘older’ classes than the ‘middle’ classthe computation of LSPC, we use the delta kernel for class
labels and limit the number of kernel bases to 2000 for each
class, which are randomly chosen from all kernel bases.
First, the NNR and NNC models are trained using multi-
race face images. To eliminate the imbalance in the numi$er Experimental Results
of training samples for each class, we artificially increased theExperimental results of 4 different age predictors (NNR,
number of samples for minor classes by considering perturbgMIR+LSPC, NNC, and NNC+LSPC), in addition to their
sample$ so that all classes have the same number of trainifgear combination are shown in Figure 4. We bind 8 classes
samples. into 3 classes (younger, middle, and older age) to make the
N ) ) ) ) exposition of experimental results concise.
Several perturbation methods are used in our experiments, for instance. . L
Gaussian filtering for blurring, making mirror-reversed images, and randomly The NNR method gives accurate age prediction for the
changing the contrast and illumination. ‘middle’ class, but it performs poorly in the ‘younger’ and

B. Experimental Setup



‘older’ classes. This tendency can be observed both in malg] M.Sugiyama,Superfast-trainable multiclass probabilistic classifier by
and female cases. Th|s |S partla”y Caused by the Class |mba|_ Ieast-squares pOSteI’iOI’ flttlr,]gE|CE Transactions on Information and

iallv th b f d old | . Systems, vol.E93-D, no.10, pp.2690-2701, 2010.
ance, especially the number of younger and older samples i r" 4. c. Tivive and A. BouzerdoumA gender recognition system

smaller than the middle age. On the other hand, NNR+LSPC  using shunting inhibitory convolutional neural networksoceedings of
has slightly lower classification accuracy for the ‘middle’ the International Joint Conference on Neural Networks (IJCNN2006),
I but performs better for the ‘younger’ and ‘older’ class Pp.5336 5341, 2006.

class, but p young 8%0] F. H. C. Tivive and A. Bouzerdour shunting inhibitory convolutional

Overall, NNR+LSPC compares favorably with the plain NNR.  neural network for gender classificatioRroceedings of the 18th Inter-
This result implies that LSPC is more robust against class national Conference on Pattern Recognition (ICPR2006), vol.4, pp.421—

, . : 424, 2006.
imbalance. NNC is stably work well for all classes, whilg;1; v ry vy, xu, and T. S. HuangEstimating human age by manifold

NNC+LSPC performs well for the ‘younger’ class. analysis of face pictures and regression on aging featuPesceedings
The combined predictor tends to nicely compensate for the ©°f the IEEE Multimedia and Expo. pp.1383-1386, 2007.

. K. Ueki, M. Miya, T. Ogawa, and T. Kobayasl@Jass distance weighted
weaknesses of each method, and give stably good performanc locality preserving projection for automatic age estimati®noceedings

for all classes. Consequently, the overall classification accu- of the IEEE international conference on Biometrics: Theory, Applica-
racy is improved. Table Ill describes the optimized weight tions and Systems (BTAS2008), 2008.

. . . 3] G. Guo, G. Mu, Y. Fu, C. Dyer, and T. Huan§, study on automatic
for each predictor, showing that NNR+LSPC dominates others age estimation using a large databaseternational Conference on

both in the male and female cases. Computer Vision in Kyoto (ICCV2009), pp.1986-1991, 2009.
Overall, the experimental results show the usefulness of &l N- C. Ebner, M. Riediger, and U. LindenbergBACES - A database of
. . facial expressions in young, middle-aged, and older women and men:
proposed combined age predictor. Development and validatioBehavior Research Methods, vol.42, no.1,
pp.351-362, 2010.
V. SUMMARY AND FUTURE WORK [15] K. Ueki, M. Sugiyama, and Y. IharaSemi-supervised estimation of

perceived age from face imagé¥oceedings of International Conference

The multi-race age estimation is a challenging task, mainly 9 4ng‘lpgter Vision Theory and Applications (VISAPP2010), pp.319-

because the growth process of each race is highly diverse and
collecting data uniformly over various races and age brackets
is practically difficult. In this paper, we proposed to combine
neural networks and least-squares probabilistic classifiers for
overcoming the above problems. We demonstrated the ef-
fectiveness of our proposed method through large-scale real-
world age estimation experiments.

In the experiments, we assumed that the genders had been
correctly classified and performed age prediction for each
gender. We may apply the same idea also to races, i.e., race
recognition is first carried out and then age is predicted. This
strategy allows us to train age predictors in a race-wise manner.
Given the strong diversity of the growth process of each race,
this approach would be promising. In our future work, we will
investigate this idea.
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