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Abstract

This paper suggests a facial expression recognition system using face detection, face alignment, facial unit extraction,

and training and testing algorithms based on AdaBoost classifiers. First, we find face region by a face detector. From the
results, face alignment algorithm extracts feature points. The facial units are from a subset of action units generated by
combining the obtained feature points. The facial units are generally more effective for smaller-sized databases, and are
able to represent the facial expressions more efficiently and reduce the computation time, and hence can be applied to
real-time scenarios. Experimental results in real scenarios showed that the proposed system has an excellent performance

over 90% recognition rates.

Keywords : Facial expression recognition, face detection, face alignment, AdaBoost, action units.
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Fig. 1. Facial expression training framework.
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Table 1. Facial units: Combination of facial units for

emotion recognition.
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_ ‘ {FU1, FU2} = {normal brow, frown brow}
_ ‘ {FU3, FU4} = {big eyes, normal eyes}

- ‘ {FU5, FUB} = {normal nose, wrinkle beside nose}
- ‘ {FU7, FU8, FU9} = {normal mouth, open mouth, tooth mouth}

a3 4. O|o|X|& &3silA 2= Facial Units
Fig. 4. Facial units from a facial image.

¥ 2 Facial Unitse| =g
Table 2. Combinations of facial units.

FUl | FU2 | FU3 | FU4 | FU7 | FUS | FU9
N . . .
A . . .
H . . .
S ° . .
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Fig. 6. Image samples for offline experiments.
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Table 3. Results of offine experiments in indoors and
outdoors.

Ay Nout | Hout | S_out | A out | Total
N_in 150 0 0 0 150
H_in 8 142 0 0 142
S_in 8 0 142 0 142
A_in 20 19 0 111 111
9] N_out | Hout | S_out | A_out | Total
N_in 150 0 0 0 150
H_in 144 0 0 144
S_in 0 140 1 140
A_in 14 0 133 133
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N_out H_out S_out A_out Total
N_in 40 0 0 0 40
H_in 3 36 1 0 36
S_in 4 0 36 0 36
A_in 7 0 0 33 33

(2597)



200 Y=Y AdaBoosts 0|23 d= EFY 0l4 84435 ¢
v.d & Facial Expression Recognition under Partial
Facial Image Occlusion,” Image and Vision
. . Computing, vol. 26, no. 7, pp. 1052-1067, 2008.
H B2 = ] 7 = )

= el e 5 (Facial Unit)# AdaBoostS (g1 T Kim KH. Jang, JH. Lee, and Y.S. Moon,
o83 RN Al=ES AbedIh 71Ee] A “Multi-target Classification Method Based on
Hol & DBE 8738t7] Wil A& o d= 14 Adaboost and Radial Basis Function,” The
A3 A obelil AdaBoostE o] &ate] sttt 7] Institute of Electronics.Engineers of Korea -
o) wo] s 0 7igEa 4O o] sk go] %ngug%qoand Information, Vol47-CI, No.3, pp.
HE olgste] shol 7hestn w52 v oS < 9] P. V,iola and M. Jones, “Fast and Robust
Ak ol AFoM = FAEA ] BAS FHste] g Classification using Asymmetric Adaboost and a
2dolE 2 gAE dolHZ Asan o =A%l Detector ~ Cascade,”  Advances in  Neural
S Aol Sko] oy Apelsd 7HALS olAlshe Information Processing System 14, MIT Press,

e Cambridge, MA, 2002
driolnt. Ffelli= o tisiA e = Aol [10] B. Froba and A. Emnst, “Face Detection with the
Modified Census Transform,” in Proceedings of
REFERENCES the Sixt’h IEEE International Conference‘ ’Ol’l
Automatic Face and Gesture Recognition

_ . (FGR04), 91-96, 2004,
[1] P. Ekman and W. V. Friesen, “The Facial [111X. Cao, Y. Wei, F. Wen, and J. Sun, “Face
Action Coding System: A Technique For The alignment by explicit shape regression,” in

Consulting
San Francisco, CA,

Measurement of Facial Movement,”
Psychologists Press Inc.,
1978.

Y. Tian, T. Kanade, and J. Cohn, “Recognizing
action units for facial expression analysis,”
IEEE Transactions on Pattern Analysis and
Machine Intelligence, vol. 23, no. 2, pp. 97 -
115, Feb. 2001.

H. Sadeghi, A. Rae, and M. Mohammadi,
“Facial Expression Recognition using Geometric
Normalization and Appearance Representation,”
2013 8th Iranmian Conference on Machine Vision
and Image Processing (MVIP), pp. 10-12, Sept.
2013

D.J. Kim, MK. Sohn, and S.H. Lee, “A Study on
Face Recognition Method based on Binary Pattern
Image under Varying Lighting Condition,” The
Institute of Electronics Engineers of Korea -
Computer and Information, Vol.49-CI, No.2, pp.
61-74, 2012.

E. Osuna, Support Vector Machines: Training
and Applications, PhD thesis, MIT, EE/CS
Dept., Cambridge, MA, 1998

A. Mohan, C. Papageorgiou, and T. Poggio,
“Example-based object detection in images by

(2]

[3]

[4]

(5]

components,” IEEE Transactions on Pattern
Analysis and Machine Intelligence,
23(4):349-361, 2001.

[7] I Kotsia, I. Buciu and I Pitas, “An Analysis of

(2598)

Proceedings of the IEEE international
Conference of Computer Vision and Pattern
Recognition (CVPR), 2012.

[12]1S.J. Lim, Y.Y. Jeong, and Y.S. Ho,
“Three-dimensional Model Generation for Active
Shape Model Algorithm,” The Institute of
Electronics Engineers o Korea Signal
Processing, Vol43, No.6, pp 28-35, November
2006.

[13]1J.Y. Kang, SW. Lee, J.H. Shin, and JK. Paik,
“Hierarchical Active Shape Model-based Motion
Estimation for Real-time Tracking of Non-rigid
Object,” The Institute of Electronics Engineers of
Korea - Signal Processing, Vol.41, No.5, pp. 1-11,
September 2004.

[14] H.J. Park, JH Lee, TH. Kim, and EY. Cha,
“Multiple Active Appearance Model Based Facial
Expression Recognition,” in Proceedings of the
Institute of Electronics Engineers of Korea, pp.
2138-2141, June 2010.



20148 11E xSy =2X A 51 A H 11 =
Journal of The Institute of Electronics and Information Engineers

(Lo ™M A FZHIY)

A 20059 SabOiska A7) AR

o & AL

200913 POSTECH A X548}
A A}

2009 ~20101 A H =9
A4

2013 ~ @A UNIST zp338tz whalzA
Aot

F A EOF ¢ oM A Z 2 A,

L§>

AFER A, 71

o A

g Z

1997
999

4 23

KAIST #4Fstat shal

KAIST A=A} 2kt

A AL

20043 KAIST dApdAtkstat
HFA}

20043 ~ 20061
AzA+¢

20063 ~2007d Softmax, 17

20081 ~2009d University of California, San

Diego HFAFF-A ¢

20091 ~2014 &4t s 7|t g

20149 ~d A AEdgn zug

<FHAREoF L 5T A, HE1A,

7>

HAEH7 %4

25 E ]

YV A] |

(2599)

201
Vol. 51, NO. 11, November 2014

= A AAHIY)

2004 Ao stal A 5FE 38k
AL

20123 University of Illinois at

Urbana Champaign #4F

SER

201311 Lawrence Berkeley National Laboratory
MPARF 79

20139 ~&d A A rIegstal A7) A= 5
Bty g

<FEPAROE ¢ Q)

EHE >

3L ]‘::.
° 5,



