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Abstract. A methodology for automatic facial expression recognition
in image sequences is proposed, which makes use of the Candide
wire frame model and an active appearance algorithm for tracking,
and support vector machine (SVM) for classification. A face is
detected automatically from the given image sequence and by adapt-
ing the Candide wire frame model properly on the first frame of face
image sequence, facial features in the subsequent frames are tracked
using an active appearance algorithm. The algorithm adapts the
Candide wire frame model to the face in each of the frames and
then automatically tracks the grid in consecutive video frames over
time. We require that first frame of the image sequence corresponds
to the neutral facial expression, while the last frame of the image
sequence corresponds to greatest intensity of facial expression.
The geometrical displacement of Candide wire frame nodes, defined
as the difference of the node coordinates between the first and the
greatest facial expression intensity frame, is used as an input to
the SVM, which classify the facial expression into one of the classes
viz happy, surprise, sadness, anger, disgust, and fear. © 2012 SPIE
and IS&T. [DOI: 10.1117/1.JEI.21.4.043003]

1 Introduction
The automatic acquisition and analysis of images to obtain the
desireddata for interpreting a scene or controlling an activity is
calledmachine vision.Machinevision is a difficult task; a task
that seems relatively trivial to humans is complex for compu-
ters to perform. Currentmachinevision research concerns, not
only understanding the process of vision, but also designing
effective vision systems for various real world applications.
All practical machine vision systems in use today exist for
their own specific purposes. The facial expression recognition
system is an example of machine vision system.

1.1 Motivation
For a human beings, facial expression is one of the most
powerful, natural, and immediate means to communicate
their emotions and intentions. Facial expressions can contain

a great deal of information. Hence, the demand of automati-
cally extracting this information has been continuously
increasing. Automatic facial expression analysis is an inter-
esting and challenging problem, and impacts important appli-
cations inmany areas such as human computer interaction and
data driven animation. Due to its wide range of applications,
automatic facial expression recognition has attracted much
attention in recent years. Various applications using automatic
facial expression analysis can be envisaged in the near future,
fostering further interest in doing research in different areas,
including image understanding, psychological studies, facial
nerve grading in medicine, facial image compression and
synthetic face animation, video indexing, robotics, as well
as virtual reality.1 Though much progress has been made,
recognizing facial expression with a high accuracy remains
difficult due to the subtlety, complexity, and variability of
facial expressions.2 An effective automatic expression recog-
nition system could take human computer interaction to the
next level. According to Ekman and Friesen3 there are six
basic facial expressions: happiness, sadness, fear, disgust,
surprise, and anger. Although facial expression recognition
looks simple, it is very difficult because of high variability
that can be found in images containing a face. For example,
we can observe extremely large variations in lighting
conditions, resolution, pose, and orientation.

1.2 Computer Vision
The ability of a machine or robot to understand human
expression is essential for successful human machine inter-
action. Intelligent machines do not currently take full advan-
tage of the information conveyed through multimodal human
expressions. Fortunately, multimodal expressions can be
understood by associating high level domain knowledge
with low level perceived elements. Combining high level
human knowledge with perceived elements in a closed
loop system provides a robust and flexible strategy toward
designing intelligent machines, like a smart patient monitor-
ing system, interactive tutoring system, that fully understand
the expression of human intent.

Many applications, such as virtual reality, video-confer-
encing, user profiling, and customer satisfaction studies
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for broadcast and web services, clinical psychology, neurol-
ogy, pain assessment, lie detection, intelligent environments,
and multimodal human computer interface require efficient
facial expression recognition in order to achieve the desired
results.4 Therefore, the impact of facial expression recogni-
tion in the above mentioned application areas is constantly
growing. It can be widely applied as a part of an effort to
develop basic techniques for space teleconferencing in which
the machine can recognize human facial expressions and
then reproduce the human facial images with realistic expres-
sions in a remote location. Computers in the future will be
able to offer advice in response to the mood of the users. The
reaction of people in the test-panels could be automatically
monitored and forensic investigation could benefit from a
method to automatically detect signs of extreme emotions,
fear, or aggression as an early warning system.

2 Related Work
Good surveys on the research efforts regarding facial expres-
sion recognition in image sequences can be found in Refs. 1
and 2. Facial expression recognition problems in image
sequences can be divided into three subproblems. (1) Face
detection: before a facial expression can be analyzed, the
face must be detected in a scene. (2) Feature extraction
and tracking: once the face is detected from the image
sequence, the next step is to extract the information about
the exhibited facial expression and track in subsequent
frames. (3) Classification: finally we need to classify the
extracted facial expression information into a particular
facial action or basic emotion.

A summary of the surveyed methods for automatic facial
feature extraction is presented in Table 1. Methods can be
broadly categorized into two classes. (1) Template based
methods: methods proposed by Black, Wang, Essa, and
Kimura will come under this category. (2) Feature based

methods: methods proposed by Cohn, Kotsia, Seyed,
Yaser, and Cohen will come under this category.

In all surveyed methods, the face should be in frontal
view, but in a method proposed by Black and Yacoob5

head motions are allowed. In a method proposed by
Wang et al.6 and Cohn et al.7 facial landmark points should
be labeled by hand manually, while in a method proposed by
Kotsia and Pitas,8 the Candide wire frame model should be
fitted manually on the first frame of the image sequence. All
surveyed methods, except the method proposed by Essa,9

assume that faces should be without hair and glasses.
A summary of the methods used for facial expression

classification is given in Table 2. In the surveyed methods,
Lajevardi and Lech,10 and Kotsia and Pitas8 make the use of
facial image sequences from the Cohn-Kanade database for
testing. Lajevardi achieved an accuracy of 68.9%, while Kot-
sia achieved 91.4% accuracy. In a method proposed by
Kimura, Yachida, and Wang et al. only three facial expres-
sions anger, happiness, and surprise are detected. Cohn et al.7

detects action units, and from the combination of action units
they detect facial expressions.

Robin et al.14 develop a dynamic facial expression recog-
nition (DFER) framework based on discrete choice models.
The DFER consists in modeling the choice of a person who
has to label a video sequence representing a facial expres-
sion. They proposed five models. The first assumes that
only the last frame of the video triggers the choice of the
expression. The second model has two components, the
first captures the perception of the facial expression within
each frame in the sequence, while the second determines
which frame triggers the choice. The third model is an exten-
sion of the second model and assumes that the choice of the
expression results from the average of perceptions within a
group of frames. The fourth and fifth models integrate the
panel effect inherent to the estimation data and are

Table 1 Comparing feature extraction methods.

Reference Method Remarks/limitations

Black5 Local parametrized model of image
motion, optical algorithm

Head motion and light variation allowed

Wang6 Labeled graph fitting Front views, face without hair and glasses,
manual labeling on first frame

Cohn7 Optical flow algorithm of Lucas-Kanade Front views, face without hair and glasses,
manual labeling on first frame

Kotsia8 Candide wire frame model fitting and Pyramidal
Kanade-Lucas-Tomasi tracker

Frontal views, face without glass allowed; manual fitting
of model on first frame is necessary

Essa9 Optical flow method Front views, face with hair and glasses,
light variation allowed

Seyed10 Log Gabor filters with Gaussian transfer functions Only front view faces without hair and glasses allowed

Yaser11 Statistical characterization of motion pattern
in specified regions of face

Only front view faces without hair and glasses allowed

Kimura12 Potential net fitting to normalized face
image by Gaussian filter

Only front view faces without hair and glasses allowed

Cohen13 Piecewise Bezier volume deformation (PBVD) tracker Front views, face with hair and glasses,
manual labeling on first frame
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respectively ex tensing the first and second models. The
models are estimated using videos from the Facial Expres-
sions and Emotions Database.

Nan and Junmei15 point out that one class of expression
may be induced of various mental inducements, so it is more
important to judge the inducements of a facial expression
than to identify the class of a facial expression. Two local
regions such as the mouth and eye that are extracted from
the CED-WYU(1.0) database. They used the mouth images
to analyze the expression inducements. The different expres-
sion in the different region has different characteristics. From
the recognition rate of the mouth region, it can be seen the
recognition rate of happiness is the highest. It may be effec-
tive to distinguish happiness from other expressions in the
mouth region. The sadness, anger, neutral, and disgust
have an expression inducement intersection to some degree
in the mouth region.

Geetha et al.16 propose a feature extraction method for an
integrated face tracking and facial expression recognition in
real-time video. The method proposed by Viola and Jones is
used to detect the face region in the first frame of the video. A
rectangular bounding box is fitted over for the face region
and the detected face is tracked in the successive frames
using the cascaded support vector machine (SVM) and cas-
caded radial basis function neural network (RBFNN). The
haar-like features are extracted from the detected face region
and they are used to create a cascaded SVM and RBFNN
classifiers. Each stage of the SVM classifier and RBFNN
classifier rejects the nonface regions and pass the face
regions to the next stage in the cascade thereby efficiently
tracking the face. While the face is being tracked, features
are extracted from the mouth region for expression recogni-
tion. The features are modeled using a multiclass SVM. The
SVM finds an optimal hyper plane to distinguish different
facial expressions.

Zhao and Zhang17 propose a new kernel-based manifold
learning method, called kernel discriminant isometric map-
ping (KDIsomap). KDIsomap aims to nonlinearly extract the
discriminant information by maximizing the interclass

scatter while minimizing the intraclass scatter in a reprodu-
cing kernel Hilbert space. KDIsomap is used to perform non-
linear dimensionality reduction on the extracted local binary
patterns facial features, and produce low-dimensional discri-
minant embedded data representations with striking perfor-
mance improvement on facial expression recognition tasks.
The nearest neighbor classifier with the Euclidean metric is
used for facial expression classification.

Anderson et al.18 use facial motion to characterize mono-
chrome frontal views of facial expressions and is able to
operate effectively in cluttered and dynamic scenes, recog-
nizing the six emotions universally associated with unique
facial expressions, namely happiness, sadness, disgust, sur-
prise, fear, and anger. Faces are located using a spatial ratio
template tracker algorithm. Optical flow of the face is sub-
sequently determined using a real-time implementation of a
robust gradient model. The expression recognition system
then averages facial velocity information over identified
regions of the face and cancels out rigid head motion by tak-
ing ratios of this averaged motion. The motion signatures
produced are then classified using SVM as either nonexpres-
sive or as one of the six basic emotions.

2.1 Proposed Work and Contribution
Humans display their emotions through facial expressions.
Humans detect and interpret facial expressions in a scene
with little or no effort. But the development of an automated
system that perform this task is difficult. There are several
related problems: detection of image segment as a face,
extraction of facial expression information, and classification
of the expression. We are trying to develop a system that per-
forms these operations in real-time. In the literature review
we have seen that, most of the proposed methods are not real-
time, they are applicable only for frontal faces, tilted faces
are not allowed. Most of the methods are semi-automatic,
they need initial fitting or labeling manually. In our
approach, manual fitting of a model on a neutral frame is
not required and our approach is applicable for frontal as
well as tilted faces. We did the hardware implementation

Table 2 Comparing classification methods.

Ref. Method Test sequences Accuracy

Black5 Temporal consistency of the mid-level predicates
which describes the motion of the facial features

70 sequences of 40 subjects 88%

Wang6 Averaged Bsplines of feature trajectories 29 sequences of 8 subjects 95%

Cohn7 Discriminant functions 504 sequences of 100 subjects 88%

Kotsia8 Multi class SVM Sequences from the Cohn-Kanade
database

99.7%

Essa9 Spatio temporal motion energy templates 22 sequences of 8 subjects 100%

Seyed10 Naive Bayesian classifier 172 sequences of 100 subjects from
the Cohn-Kanade database

68.9%

Yaser11 Rule-based, prepared dictionary of rules 46 sequences of 32 subjects

Kimura12 3D emotion space (PCA)

Cohen13 Bayesian classifier Cohn-Kanade database 74%
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of our algorithm in order to get a real-time system. The lim-
itations in automatic expression recognition are to a large
extent the result of high variability that can be found in
images that contains a face. We will see an extremely
large variety of lighting conditions, resolution, pose, and
orientation. In order to be able to analyze all these images
correctly, an approach seems to be desirable that can detect
and separate these sources of variation from the actual infor-
mation we are looking for. We use the active appearance
model (AAM),19 which enables us to automatically create
a model of a face in an image. The created models are rea-
listic looking faces. Thus the variation in light, resolutions,
pose, and orientation will have no effect on expression recog-
nition. We propose a method which makes use of the Can-
dide wire frame model. The Viola-Jones algorithm20 is used
for face detection in an image sequence, whereas facial fea-
ture tracking is done using the active face model proposed by
Ahlberg.21 The active face model is designed using AAM.
Expression classification is performed by multiclass SVM
using the one against all approach. Among various available
methods of SVM, we got maximum accuracy for the one
against all approach and it needs only six classifiers, whereas
the one against one approach needs 15 classifiers. Let us con-
sider an image sequence containing face. The first frame of
the sequence belongs to a neutral facial expression and the
last frame corresponds to a fully expressed state. Our
approach uses automatic fitting of a wire frame model on
the first frame of the image sequence as against the manual
fitting used in Ref. 8. The tracking system allows the grid to
follow the evolution of the facial expression over time in an
image sequence, until it reaches its highest intensity, produ-
cing the deformed Candide grid at each video frame. The
geometrical displacement of the Candide wire frame
nodes, defined as the difference of coordinates of each
node at the first and the last frame of the facial image
sequence, is used as an input to a multiclass SVM classifier,
which classifies facial expression into one of the classes such
as happy, anger, sadness, surprise, disgust, and fear. No tex-
ture information is required, only geometrical information is
fed to the SVM classifier. Our framework is different from
the one proposed in Ref. 8. The uthors in Ref. 8 use the pyr-
amidal Kanade Lucas Tomasi tracker,22 based on optical flow
computation, whereas we make use of an active face model
proposed in Ref. 21 for tracking, based on an active appear-
ance algorithm. The Kanade Lucas Tomasi tracker is used
only for grayscale images and frontal faces, whereas the
active appearance algorithm can be used for color images
and nonfrontal faces also. The active appearance algorithm
is mainly used for tracking by researchers, but in our
approach along with SVM we use it for facial expression
recognition scheme.

The rest of the paper is organized as follows. The system
used for facial expression recognition is described in Sec. 3.
Results are given in Sec. 4. We conclude and discuss limita-
tions in Sec. 5.

3 Facial Expression Recognition System
The proposed framework is composed of three subsystems.
The first is used for face detection. The second is for Candide
grid node coordinate displacement extraction and the third is
used for grid node displacement classification. Face detec-
tion is performed by the Viola Jones algorithm. The Candide

wire frame model is fitted on the first frame of the facial
image sequence. The Viola-Jones algorithm gives face loca-
tion from which scaling and translation parameters of the
model are determined. That fits the Candide model on the
face approximately. Correct fitting will be obtained by run-
ning the active appearance algorithm. The grid node infor-
mation extraction is performed by the active face model
tracking system, while the grid node information classifica-
tion is performed by a six class SVM system. Six class SVM
classifies facial expression into one of the six basic classes
happy, surprise, sadness, anger, disgust, and fear. The flow
diagram of the proposed framework is shown in Fig. 1.

3.1 Face Detection
In the present work, as we wish the system to be fully auto-
matic, we have to start by detecting the user’s face inside the
scene. Although it seemed an easy problem at first, we
immediately realized that the high variability in the types
of faces encountered would make the automatic detection
of the face a tricky problem. Many different techniques
have been reported in the literature for face detection. In
our approach, the face area of an image was detected
using the Viola-Jones method20 based on the Haar-like fea-
tures and AdaBoost learning algorithm. The Viola-Jones
method is an object detection algorithm providing competi-
tive object detection rates in real-time. It was primarily
designed for the problem of face detection. The features
used by Viola and Jones are derived from pixels selected
from rectangular areas imposed over the picture and show
high sensitivity to the vertical and horizontal lines. AdaBoost
is an adaptive learning algorithm that can be used in conjunc-
tion with many other learning algorithms to improve their
performance. AdaBoost is adaptive in the sense that subse-
quent classifiers built iteratively are made to fix instances
misclassified by previous classifiers. At each iteration a dis-
tribution of weights is updated such that, the weights of each
incorrectly classified example are increased (or alternatively,
the weights of each correctly classified example are
decreased), so that the new classifier focuses more on
those examples. The result of the face detection algorithm
is shown in Fig. 2.

Fig. 1 Flow diagram for the facial expression recognition system.
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3.2 Extraction of Candide Grid Node Coordinates
3.2.1 Candide wire frame model

We have used the Candide wire frame model for tracking.
The Candide model was created by Mikael Rydfalk at the
Linkoping Image Coding Group in 1987. Later, Bill
Welsh at the British Telecom created another version with
160 vertices and 238 triangles covering the entire front
head (including hair and teeth) and the shoulders. This ver-
sion, known as Candide-2 is delivered with only six action
units. A third version of Candide has been derived from the
original one by Jorgen Ahelberg.23 The Candide wire frame
is a parametrized face mask specifically developed for
model-based coding of human faces. A frontal view of
the model can be seen in Fig. 3. It has 113 vertices and
184 triangles. The small number of its triangles, allows
fast face animation with moderate computing power.

The geometry of the model as discussed in Ref. 23 can be
expressed as in Eq. (1):

Vðσ; αÞ ¼ V̄ þ
X14
i¼1

Siσi þ
X65
i¼1

Aiαi: (1)

Here the resulting vector V contains ðx; y; zÞ coordinates of
vertices of the model. V̄ is a vector containing vertex coor-
dinates of the standard model. Si represents a shape unit.
There are 14 shape units, such as head height, mouth
width, eyebrows vertical position, eyes width, etc. The para-
meter σi is a shape parameter. Ai represents an animation
unit. There are 65 animation units, such as lips stretched,
nose wrinkled, inner brow raised, outer brow raised, etc.,
whereas αi is an animation parameter. The difference
between shape and animation modes is that the shape
modes define deformations that differentiate individuals
from each other, while the animation modes define deforma-
tions that occur due to facial expression. To perform the glo-
bal motion of the model, six more parameters, three for
rotation, one for scaling, and two for translation, are
added to formula in Eq. (1):

VðR; s; σ; α; tÞ ¼ RsðV̄ þ Sσ þ AαÞ þ t: (2)

Here R ¼ ðθx; θy; θzÞ is a rotation matrix, s is scale, and t ¼
ðtx; tyÞ is a 2D translation vector. The geometry of the model
is thus parametrized by Eq. (3):

p ¼ ½θx; θy:θz; s; tx; ty; σ; α�T: (3)

Once the model is adapted properly on the first frame, for the
subsequent frames only α will change. Our goal is to find the
optimal adaptation of the model to the input image, i.e., to
find p that minimizes the distance between the model and the
image. The Candide model is adapted to a set of images
using different parameters: 3D-rotation, 2D-translation,
scale, and action units. We collect those parameters in a vec-
tor p, which thus parametrizes the geometry of the model.
For each image in the training set, the image under the
wire frame model is mapped to the model, and the model
is then normalized to a standard shape, size, and position,
in order to collect a geometrically normalized set of textures.
On this set of textures, a principal component analysis (PCA)
has been performed and the eigentextures (geometrically
normalized eigenfaces) have been computed,21 as in Eq. (4):

x ¼ x̄þ Xξ; (4)

where x̄ is mean texture, X is eigen texture and ξ is texture
parameter. We can now describe the complete appearance of
the model by the geometry parameters p and N dimensional
texture parameter vector, where N is the number of eigentex-
tures we want to use for synthesizing the model texture.
Given an input image and a p, the texture parameters are
given by projecting the normalized input image on the eigen-
textures, and thus p is the only necessary parameter in our
case. Geometrical normalization of the face used to obtain its
normalized texture removes texture variations caused by its
global and local motion and geometrical differences between
individuals. We choose to work with 33 × 40 pixel images
which are conveniently small and effective for image warp-
ing. Barycentric coordinate computation and texture map-
ping is used to get a geometrically normalized image.

3.2.2 Texture synthesis

We performed PCA on the training set (stored as 33 × 40
texture vector) so that we obtain the principal modes of

Fig. 2 Face detection.

Fig. 3 Candide wire frame model.
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variation, i.e., the eigenfaces. In this case, we collect 32
eigenfaces in a matrix X which could represent 90% of
the variance. A face vector x can be parametrized as in
Eq. (5), where x̄ is the mean face, and we could synthesize
a face image as in Eq. (6):

ξ ¼ XTðx − x̄Þ (5)
and

x̂ ¼ x̄þ XXTðx − x̄Þ: (6)

3.2.3 Tracking

Facial tracking means to find an optimal adaptation of the
model to frame in the image sequence. It can be obtained
by finding the parameter vector p that minimizes the distance
between normalized and synthesized faces. The initial value of
p that we use is the optimal adaptation to the previous frame.
Assuming that the motion from one frame to another is small
enough, we reshape the model to VðpÞ and map the image i
(the new frame) onto the model. Then we geometrically nor-
malize the shape and get the resulting image as a vector. Now
we map the input image (i) on the model, and reshape the
model to the standard shape V̄ and get the resulting normal-
ized image as a vector as in Eq. (7) and then we compute tex-
ture parameters from normalized image as in Eq. (8).
Synthesized texture would be given as Eq. (9).

jði; pÞ ¼ j½i; VðpÞ�; (7)

ξði; pÞ ¼ XT ½jði; pÞ − x̄�; (8)

and xði; pÞ ¼ x̄þ XXT ½jði; pÞ − x̄�: (9)

The residual image is calculated as in Eq. (10) and the
summed square error is selected as the error measure and
is given as in Eq. (11).

rði; pÞ ¼ jði; pÞ − xði; pÞ (10)

and
e ¼ krði; pÞk2: (11)

For good model adaptation, the residual image and error e is
much smaller. Now we find the update vector △p by multi-
plying the residual image with an update matrix U. The new
error measure for the updated parameter is as in Eq. (13).

Δp ¼ UrðpÞ (12)

and
e0 ¼ krði; pþ ΔpÞk2: (13)

If e0 < e, then we update e0 → e and pþ Δp → p. If not,
then try smaller steps and e is recomputed as

ek ¼
����r
�
i; pþ 1

2k
Δp

�����
2

; (14)

for k ¼ 1; 2; 3; : : : If ek < e, then we update ek → e and pþ
1
2k
Δp → p Iterate the scheme and declare the convergence

when ek > e. The model matching and texture approximation
process is shown in Fig. 4. A correct model adaptation is
shown in the top row, and a wrong adaptation is shown in
the bottom row. The first image in both the rows shows a
model adapted on a face image. The second image in both
the rows is a texture of a face image mapped on a geometri-
cally normalized Candide wire frame model. The normalized
texture is approximated by the eigentextures producing the
synthesized image. The residual image is computed by sub-
tracting the normalized image and synthesized image. From
the figure it is clear that the normalized image and the synthe-
sized image are more similar for better model adaptation. Ana-
lysis of the residual image tells us how to improve model
adaptation.

3.2.4 Creating update matrix

Assuming that rði; pÞ is linear in p, that is

∂
∂p

rði; pÞ ¼ G; (15)

G is a gradient matrix. Taylor expanding rði; pÞ around pþ
Δp we get

rði; pþ ΔpÞ ¼ rði; pÞ þ GΔpþOðΔp2Þ: (16)

Term O represents higher order derivatives of rði; pÞ. We
want to find Δp that minimizes

eði; pþ ΔpÞ ¼ krði; pÞ þ GΔpk2: (17)

Minimizing the above equation is a least squares problem
with the solution

Δp ¼ −ðGTGÞ−1GTrði; pÞ; (18)

which gives an update matrix U as the negative pseudo
inverse of the gradient matrix G

U ¼ −ðGTGÞ−1GT: (19)

The gradient matrix G is calculated from the training images
in advance. The j’th column in G is given by

Fig. 4 Candide wire frame model fitting on face image.
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Gj ¼
∂
∂pj

rði; pÞ: (20)

The approximation could be as

Gj ≈
rði; pþ hqjÞ − rði; p − hqjÞ

2h
; (21)

where h is the step size for perturbation and qj is a vector
with one in j’th column and zero in the rest elements. The
Candide wire frame model was adapted to every training
image in the training set to compute the shape and texture
modes. So, a set of corresponding parameter vectors pn is
obtained for a suitable step size to estimate Gj by averaging
as

Gj ≈
1

NK

XN
n¼1

XK
k¼1

rðin; pn þ khqjÞ − rðin; pn − khqjÞ
2h

;

(22)

where N is the number of training images and K is the num-
ber of steps to perturb the parameter.24

3.3 Model Fitting on the First Frame
To fit the Candide model on the first frame of the image
sequence, we consider scaling, rotation, and translation para-
meters. For initial fitting, a rough estimate of the scaling and
translation parameters is very essential. Our face detection
algorithm gives a rectangle enclosing a face as shown in
Fig. 2. The top left point of this rectangle has coordinates
ðx; yÞ. The width of the rectangle is Wd. The height of
the rectangle is Ht. From this data we get a rough estimate
of translation parameters ðtx; tyÞ

tx ¼ xþWd∕2 (23)

and
ty ¼ yþHt∕2: (24)

The Candide model is fitted manually on 100 images.
From the manual fitting we have selected a rough estimate
of the scaling parameter as s ¼ 0.78 �Wd. With a rough esti-
mation of the scaling and translation parameters, the Candide
model roughly fits on the face image. Initially, rotation is
assumed to be zero. Once the model roughly fits on the
face image, exact fitting is obtained by the active appearance
algorithm. A separate update matrix is constructed only for
the scaling, translation, and rotation parameters. The update
matrix is constructed using Eq. (19), where N ¼ 40 and
K ¼ 20. For scaling, h ¼ 100 × 0.01 in the range
½−hk; hk� ¼ ½−20; 20�. For translation, h is relative to the
size of the model h ¼ 0.01 × ðsþ 1Þ in the range
½−hk; hk� ¼ ½−0.2 × ðsþ 1Þ; 0.2 × ðsþ 1Þ� For rotation, h
has to be converted into radians h ¼ 0.01 × 180∕π in the
range ½−hk; hk� ¼ ½−11.459; 11.459�. The Candide model
is manually fitted on 40 different face images. All parameters
are varied according to the above steps, and residual images
are collected. The gradient matrix is computed using
Eq. (22). From the gradient matrix, the update matrix is com-
puted using Eq. (19). For an unknown image, when the
model fits roughly, the residual image is computed. The

residual image gets multiplied by an update matrix to get
an updated parameter vector p ¼ ½s; tx; ty; θx; θy; θz�. With
this new parameter, the model gets deformed, again the resi-
dual image is computed, and the process repeats until the
model fits exactly, where the error e is reduced to a mini-
mum. Once the model fits properly on the first frame, in
the subsequent frames only animation parameters need to
be processed.

3.4 Classification Using SVM
The classification is performed only on the basis of geome-
trical information, not taking into consideration any lumi-
nance or color information. The geometric information
used is the displacement of one point, defined as the differ-
ence between the last and the first frame’s coordinates. For
every image sequence to be examined, a feature vector is
constructed, containing the geometrical displacement of
every point taken into consideration. The feature vector is
used as an input to a multiclass SVM system, with six
classes, that classifies each set of Candide grid node’s geo-
metrical displacements to one of the six basic facial expres-
sions happy, surprise, sadness, anger, fear, and disgust. The
SVM classifier is a well suited for classifying facial expres-
sions, as it is robust to the number of features, and known to
model data in a highly optimized way. Basically, SVMs max-
imize the hyper plane margin between different classes. They
map input space into a high dimension linearly separable fea-
ture space. This mapping does not affect the training time
because of the implicit dot product and the application of
the kernel function. In principle, the SVM technique finds
the hyper plane from the number of candidate hyper planes,
which has the maximum margin. The margin is enhanced by
support vectors, which are lying on the boundary of a class.
Basically SVM is a binary classifier, which classifies data in
two classes.25,26 We are extending the approach for six
classes.

In this scheme, there is one binary SVM for each class to
separate members of that class from members of other
classes. We have a number of classifiers equal to a number
of classes. Classifier i, j is trained using all patterns from
class i as positive instances, and all patterns from the rest
of the class are assumed to be in class j as negative instances.
The class for which the decision function gives a maximum
value will be declared as class of the new instance. We have a
video database that contains the facial image sequences. This
database is clustered into six different classes each one repre-
senting one of the six basic facial expressions. The geome-
trical information used for facial expression recognition is
the displacement of one node dij, defined as the difference
of the i’th grid node coordinates at the first and fully formed
expression facial video frame

dij ¼ ½Δxij Δyij �T; (25)

where i ¼ 1; : : : ; E and j ¼ 1; : : : ; N, and Δxij are the x, y
coordinate displacement of the i’th node in the j’th image,
respectively. E is the total number of nodes andN is the num-
ber of the facial image sequences. This way, for every facial
image sequence in the training set, a feature vector gj is cre-
ated. The vector gj is called grid deformation feature vector,
which contains the geometrical displacement of every grid
node
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gj ¼ ½d1;j; d2;j; : : : ; dE;j�T; (26)

where j ¼ 1; : : : ; N. The dimension of the vector gj is D ¼
111 × 2 ¼ 226 dimensions. Each grid deformation feature
vector gj belongs to one of the six facial expression classes.
The multiclass SVMs problem solves only one optimization
problem. It constructs six facial expression rules, where the
k’th function WT

kϕðgjÞ þ bk separates training vectors of
class K from the rest of the vector by minimizing the objec-
tive function as given as

min
w;b;ξ

X6
k¼1

WT
kWk þ C

XN
j¼1

X
k≠lj

ξkj ; (27)

with the constraints WT
lj
ϕðgjÞ þ blj ≥ WT

kϕðgjÞ þ bk
þ2 − ξkj ξkj ≥ 0, j ¼ 1; : : : ; N, and kf1; : : : ; 6g. Where ϕ
is the function that maps deformation vectors to high dimen-
sional space. C is the term that penalizes error, and gj is grid
deformation vector. b ¼ ½b1; : : : ; b6� is the bias vector, and
ξ ¼ ½ξ11; : : : ; ξki ; : : : ; ξ6N � is the slack variable vector. The
decision function is given as

hðgÞ ¼ arg max
k¼1;:::;6

ðWT
kϕðgÞ þ bkÞ: (28)

Using this procedure, a test grid deformation feature vector
is classified into one of the six facial expressions.

4 Experimental Results
We have used the Cohn-Kanade database,27 for constructing
the update matrix as well as for SVM training. The Viola-
Jones algorithm is successfully used for face detection in
a scene. The Candide wire frame model fits on the first
frame and tracked in the subsequent frame using the active
appearance algorithm which is implemented in MATLAB.
For texture synthesis, 40 images of different persons
with different expressions are considered as training images.

The Candide model is manually adapted to these images.
These images are then geometrically normalized
(33 × 4 pixel) to a standard shape, and then PCA is applied
on them. For constructing the update matrix, we have
selected seven animation units. These are the upper lip
raised, jaw dropped, lip stretched, eyebrow lowered, eye-
brow raised, lip corner depressed, and nose wrinkled. The
Candide model has adapted manually to 40 training images,
and then all the parameters have been perturbed one by one
in steps of 0.01 in the range ½−0.2; 0.2� to collect residual
images. The number of steps we have selected is K ¼ 20,
and number of images we have selected is N ¼ 40. Then

Fig. 5 Model fitting and tracking results.

Table 3 Confusion matrices and accuracy with four classes.

Expression Happy Surprise Sad Anger

Happy 84% 6% 9% 8%

Surprise 16% 94% 0 0

Sad 0 0 66% 0

Anger 0 0 25% 92%

Table 4 Confusion matrices and accuracy with six classes.

Expression Happy Surprise Sad Anger Disgust Fear

Happy 76% 0 0 0 0 0

Surprise 8% 94% 0 0 0 0

Sad 0 0 77% 8% 38% 15%

Anger 8% 0 23% 84% 0 0

Disgust 0 6% 0 8% 62% 15%

Fear 8% 0 0 0 0 70%

Table 5 Confusion matrices and accuracy with six classes obtained
by Kotsia.8

Expression Happy Surprise Sad Anger Disgust Fear

Happy 100% 0 0 0 0 0

Surprise 0 100% 0 0 0 0

Sad 0 0 100% 3.3% 0 0

Anger 0 0 0 96.7% 0 0

Disgust 0 0 0 0 100% 0

Fear 0 0 0 0 0 100%
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the update matrix is computed. On each frame, the update
matrix is multiplied with the residual image to get an updated
parameter vector. The difference between the vertex coordi-
nates of the first and last frame is used as input to the SVM.
Six class SVM classification is implemented in MATLAB.
SVM is trained using image sequences from the Cohn-
Kanade database. From the database, 25 image sequences
of each class are selected for training. After training, the
same image sequences are used for testing. In testing, 15
image sequences are not correctly classified. These are
removed from the training database. So only 135 image
sequences are used in training SVM. Confusion matrices
and accuracy for four classes is shown in Table 3. The con-
fusion matrix is a n × n matrix containing the information
about the actual class label (in its columns) and the label
obtained through classification (in its rows). The diagonal
entries of the confusion matrix are the rates of the facial
expressions that are correctly classified, while the off diag-
onal entries correspond to misclassification rates. When only
four expressions (happy, sad, anger, and surprise) are consid-
ered, the overall accuracy is 85%. But when two expressions
(fear and disgust) are added, the accuracy decreases to
79.4%. Out of 73 samples it identifies 58 samples correctly.
Confusion matrices and accuracy for six classes is shown in
Table 4. Fear makes confusion with disgust and sadness,
while disgust makes confusion with sad. Accuracy depends
on the initial fitting of model on the first frame. In Ref. 8,
Kotsia and Pitas obtained 99.7% accuracy as shown in
Table 5, but the initial fitting of the model is done manually.
In our case, it is done automatically. Confusion matrices and
accuracy obtained by Cohen et al.13 is given in Table 6. They
got average accuracy 73% for the Cohn-Kanade database.
They have considered a neutral expression as one of the
facial expressions. So total they have seven facial expres-
sions. Our work is going on to improve classification accu-
racy for a large number of expressions. Accuracy of our
system depends on accuracy of the face detection algorithm,
model fitting, tracking, as well as on the SVM classifier. The
model fits almost on all the face images. Model fitting accu-
racy is 99%. In tracking, we got 88% accuracy. The SVM
classifier works with 92% accuracy. The overall accuracy
of our system is 79.4%. We are trying to improve tracking
accuracy by including a variety of face images while

constructing AAM. Some of the results of correct model
fitting and tracking are shown in Fig. 5.

5 Conclusions
We have successfully used the active shape model and SVM
for facial expression recognition. In our methodology, we
use a tracking system based on the active shape model,
and active appearance algorithm. A face is detected from
a scene in a first frame of the image sequence and the Can-
dide wire frame model is automatically fitted on it. As the
facial expression changes in subsequent frames, the model
deforms its shape. When the last frame is reached, the
model is fully deformed. The difference between Candide
grid node coordinates of the first and last frame is given
as input to a six class SVM system. Only geometrical infor-
mation is given to the SVM, no texture information is given
to the SVM. The system is fully automatic. Manual fitting of
the Candide wire frame model on the first frame of the image
sequence is not required.

Presently, the system recognizes only six basic facial
expressions. Nevertheless, this is unrealistic on the grounds
that it is not at all certain that all facial expressions able to be
displayed on the face can be classified under these basic
emotion categories. We propose and the work is undergoing
to extend the technique for a larger number of expressions
(with inspiration from Indian classical performing art).
The proposed algorithm is applied for color images also.
It can be applied for tilted faces also. Manual intervention
for accurate normalization of test faces and localization of
feature points and manual warping of video sequences is
not required. The recognition of facial expressions in
image sequences with significant head movement is a chal-
lenging problem. It is required by many applications, such as
human-computer interaction and computer graphics anima-
tion. In the proposed approach, head movement is allowed.
To make the interaction with such systems faster, we are
planning for the hardware implementation of the proposed
algorithm. One of the limitations of this method is that rig-
orous training is required for constructing the update matrix,
which is computationally expensive.
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