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Development of Facial Expression Recognition System based on
Bayesian Network using FACS and AAM

nge . AR
Kwang-Eun Ko and Kwee-Bo Sim"

do ¥AHLS AEe #H 283 79 Robotics®] HRI(Human Robot

1= HCI(Human Computing Interface)ol

o Al RS T REY 2 A

A Q27 "l B =RoME dFEAA Y

System)t AAM(Active Appearance Model)S o] &3
Q12 Alz~del ske] Uidt W8-S A|Al ST

of

Xd"i@}“ A HAYFLRZ oF HAHs3}
mputer Interactiono| A & T3

HE= thoksl wre o

3t AAE Au Az =

l

D

= =
7&@4&;% 01” 3l7] Y3 Wyow FACS(Faa
E7 F%3} Bayesian Network 7]¥F ¥4 F& 7

do
o
i,
e
!
=]
o
ro
1

Abstract

As a key mechanism of the human emotion interaction, Facial Expression is a powerful tools in HRI(Human Robot
Interface) such as Human Computer Interface. By using a facial expression, we can bring out various reaction correspond
to emotional state of user in HCI(Human Computer Interaction). Also it can infer that suitable services to supply user
from service agents such as intelligent robot. In this article, We addresses the issue of expressive face modeling using an
advanced active appearance model for facial emotion recognition. We consider the six universal emotional categories that
are defined by Ekman. In human face, emotions are most widely represented with eyes and mouth expression. If we want
to recognize the human’s emotion from this facial image, we need to extract feature points such as Action Unit(AU) of
Ekman. Active Appearance Model (AAM) is one of the commonly used methods for facial feature extraction and it can
be applied to construct AU. Regarding the traditional AAM depends on the setting of the initial parameters of the model
and this paper introduces a facial emotion recognizing method based on which is combined Advanced AAM with
Bayesian Network. Firstly, we obtain the reconstructive parameters of the new gray-scale image by sample-based
learning and use them to reconstruct the shape and texture of the new image and calculate the initial parameters of the
AAM by the reconstructed facial model. Then reduce the distance error between the model and the target contour by
adjusting the parameters of the model. Finally get the model which is matched with the facial feature outline after several
iterations and use them to recognize the facial emotion by using Bayesian Network.
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