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Evaluation of Age Estimation by Gaussian Process Regression
using a Very Large-scale Gait Database

MAYU OKUMURA ,™ YASUSHI MAKIHARA T1
and YasusHi YaGIT?

While many gait recognition methods have been recently proposed, the studies about
gait-based age estimation is unexplored and the number of subjects and the distribution of
subjects ages of the existing gait databases are insufficient for this purpose. In this paper
we evaluate the age estimation by Gaussian process regression using a very large-scale gait
database which includes 1,730 subjects with ages ranging from 2 to 94 years. First, gait
feature as an input vector is related with an age as an output scalar in the Gaussian process
regression framework, and the parameters of Gaussian process regression are estimated by
the training pairs of input vectors and output scalars. Then, given a new gait feature, a Gaus-
sian distribution of an age for the gait defined by expectation and variance, is estimated with
the trained parameters and the training pairs. In the experiment, 879 and 851 subjects in the
large-scale database are used for training and testing, respectively. As a result, the perfor-

mance of the age estimation for 30s females and 40s males was the best.
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Fig.1 Gait measurement system.
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Fig.2 Examples of the captured images.
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Fig.3 Statisticof subjects’ gender and age.
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Fig.5 Examples of frequency-domain features among three subjects. In each subject, left image indicates direct current

element (GEI), middle and right images indicate 1- and 2-times frequency elements.

T(N) =Npotal —N -1 (2)
000 g(xy,n00On0000000000 (xy)DOOO GSVOOODOOOC(N)O NO
00000000000 GSVOOOOO0O000000000 N OO DOOOO0O0O0O0
000000000000000000030fs0000000000000NOODO0
00000000000000000000 [20, 40] frame ([0.66,1.330) 0000000
0000000000000 000000000000000000000
43 00D0OO0O0OODOOOOOOOO
0000O000o0oooo*®ooooooono*Yooo00d000oonoonono
GSVOOODDOO0OO0OODODO0OO0DODOO00O0D 3000000nno
(i+1)Ngait—1
Gi(xy.k) = % g(x,y,n)e 1ok €)
N=INgait
000 ap=2m/Ngat 00000 Ngey 000 0000000000000 Gi(xy.k OO
0000000000 GSVO kOODODOOO0OO0DO00000000000 (DFT)O0000
O0OODFTOOODOOOODOOOODDODOOODONOOD (00000000
AGYK) = G (YK @
gait
000 AXYKOODODOOO Nt JOOODOOO00 Gi(xykOOODOODODODODOOO
00000000000 S50000000000 (k=0)(0000000)000000O0
0(k=1200000000000000000000000000000 NaDODO2,112
(=300 x00 3200 x02200)00000000000 (k=0000000000
0000000 ((0000GaitEnergy Image (GEfY) D00 0000000000000
00000 FREQQODOOOODOOO GElIOOOO

Vol.2011-CVIM-175 No.33
2011/1/21

@0
@eo

06 OD00O0ODOOOOOOO
Fig.6 Diagranfor Gaussian process.
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Table 1 MAE of the age estimation for each gait feature.
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Fig.8 Cumulatie Score.
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