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Feature extraction
484-dim.
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Fig. 1 System outline for MKL-SVM
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Acoustic features dim. Statistical functions
mfcc Mel-Frequency cepstral coefficients. 12 Max The maximum value of the contour.
Min The minimum value of the contour.
Amfcc Delta Mel-Frequency cepstral coefficients. 12 :
Range max —min.
IspFreq Line spectral pair frequencies. 8 maxPos The absolute position of the maximum value.
AlspFreq Bl Whie epesel et feams 8 minPos The absolute position of the minimum value.
Mean The arithmetic mean of the contour.
pem._zer Zero=crossingrate of tims signal (frame-based). L Linregcl The slope (m) of a linear approximation of the contour.
voiceProb The voicing probability computed from the ACF. 1 Linregc2 | The offset (t) of a linear approximation of the contour.
Stddev The standard deviation of the values in the contour.
FO The fundamental frequency computed from the Cepstrum. 1
Skewness The skewness (3rd order moment).
FOenv The envelope of the smoothed fundamental frequency contour. 1 Kurtosis The kurtosis (4th order moment).
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Fig. 3 Upper: The 44 dimensional acoustic features and the 11 statical functions. Lower: Weight of features

estimated by using MKL-SVM
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Table 1 Classification results

| [SVM [ SVM* [ MKL-SVM

Number of dims. 484 31* 484—31
Feature selection - o )
Weighting - - o
Accuracy[%)] 70.7 | 79.7* 80.2
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201349 A



BEOHEHAWTHEED SVM 21T 7-fERTH Y, K
B 79.7% Llpotm, ZOMBIREE L, MKL-SVM
TOBPRERZLET 2 &, BEIZ 0.5 % OER’D
%o ZHUE MKL-SVM OEA T ORI LD &5
Z6bd, F72, SVM & SVM*O#8AIHE R4 g4
HE, KEIZ9.0% 0ERH D, Ziui MKL-SVM
DORFERIROIFETH D L EZBND,

4 BnYIC

ARTIE, HEEANY b7 ABEO BYRALE
T 225 BEE L, MKL-SVM % H\W\WCHH
FEAY T AREE & BRI OSBRI 21T -
7o ARFFETIL, 484 RITOFEBEHEO R TTEICY T
T —FNEFEFRL, BANCHE LS ES A MKL 12
LS, SVM A L CilkBl&E11-72, MKL-
SVM % V5% Z & T, 484 RITDHEIRM & Fk 5]
(A% 31 OFFER LA RIRT H 2 LN TE T2, %
RENT RIS, BRI D SRR ML
% (IspFreq) =° MFCC & W o 7= E R EFHEN S
<, BEEARZ b T AREEN L BRI 058
WA TS BT, BREMNFEPEETHD Lo
2o ETAREBRTIE, SVM & MKL-SVM & o ki
ZITV, MKL I L 2 FHEGRIRO R & EALHT D)
RICOWTHFRT, 484 IRILT R TOREEZ HW
T MKL-SVM #4179 &, 31 ORFEEISEIRI N,
FEIX 80.2% & 7e oo, [RIBRIC, 484 LT R TOAF
MEZHAWTHEE O SVM 2179 &, KEIX 70.7%
L7rotn, F£7- MKL T@EIRENTZ 31 DRSO A%
HAWTHEE O SVM 21795 &, KEIX79.7% & 720,
MKL-SVM TOREE % 0.5% FlEl->72, Zi b Dk
Hne, MKL-SVM D& WS, TAMT ORhE
KU LRHEERRORIC LB B LND, 5%ITH
BT — 2L, HEERE - HERE ORI &
1TV, F72 SVM ° MKL-SVM 721} 7 < Boosting
EDRIFIEICOW T HBETT 5,

S5 Xk

[1] Andy Bondy and Lori Frost, A Picture’s
Worth: PECS and Other Visual Communica-
tion Strategies in Autism. Topics in Autism.,
ERIC, 2002.

Shira Richman, Raising a child with autism: a
guide to applied behavior analysis for parents,
Jessica Kingsley Publishers, 2001.

Robert Paul Liberman, William J DeRisi, and
Kim T Mueser, Social skills training for psy-
chiatric patients., Pergamon Press, 1989.

- 400 -

[4] Scott M. Myers and Chris Plauché Johnson,
“Management of children with autism spec-
trum disorders,” Pediatrics, vol. 120, no. 5,
pp. 1162-1182, 2007.

A. Rakotomamonjy, F. Bach, S. Canu, and
Y. Grandvalet, “More efficiency in multiple ker-
nel learning,” in Proc. ICML, Corvallis, Ore-
gon, USA, June 2007, pp. 775-782.

T. Ogawa, H. Hino, N. Reyhani, N. Murata,
and T. Kobayashi, “Speaker recognition using
multiple kernel learning based on conditional
entropy minimization,” in ICASSP, 2011, pp.
2204-2207.

C. Longworth and M.J.F. Gales, “Multiple ker-
nel learning for speaker verification,” in Proc.
ICASSP08, Las Vegas, Nevada, USA, March
2008, pp. 1581-1584.

V. Rapp, T. Senechal, K. Bailly, and L. Pre-
vost, “Multiple kernel learning SVM and sta-
tistical validation for facial landmark detec-
tion,” in Automatic Face Gesture Recognition
and Workshops, 2011, pp. 265-271.

P. Liang, G. Teodoro, L. Haibin, E. Blasch,
G. Chen, and L. Bai,

ing for vehicle detection in wide area motion

“Multiple kernel learn-

imagery,” in International Conference on In-
formation Fusion, 2012, pp. 1629-1636.

M. Varma and D. Ray, “Learning the discrim-
inative power-invariance trade-off,” in Proc.

ICCV07, Rio de Janeiro, Brazil, October 2007,
pp. 1-8.

[11] A. D. Dileep and C. Chandra Sekhar, “Repre-
sentation and feature selection using multiple
kernel learning,” in Proc. International Joint
conference on Neural Networks, 2009, pp. 717—

722.

T. Joachims, Making large-scale SVM learning
practical, MIT Press, Cambridge, MA, USA,
1999.

[13] A. Rakotomamonjy, F. Bach, S. Canu, and
Y. Grandvalet, “SimpleMKL,” Journal of Ma-
chine Learning Research, vol. 9, pp. 2491-2521,

2008.

201349 A



