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FACIAL EXPRESSION RECOGNITION USING AAM ALGORITHM

Thanh Nguyen Duc, Tan Nguyen Huu, Luy Nguyen Tan*
Division of Automatic Control, Ho Chi Minh University of Technology, Vietnam
*National key lab for Digital Control & System Engineering, Vietnam

ABSTRACT
Facial expression recognition is especially important in interaction between human and intelligent robots.
Since the introduction of AAM model, there has been great change in detection accuracy. The main
concern of this material is on facial expression recognition. In this paper, the recognition task is based on
two methods, one of them is AAM combined with neural network, which gives better accuracy but lower
speed, while the other is AAM combined with point correlation which is especially fast. Thus, it can be
integrated to mobile robot platforms.
Keywords: Facial expression recognition, Active Appearance Models (AAM), Digital image processing

1. Introduction
Digital image processing is a task
involved in capturing images from camera and
analyzing the images, to extract the necessary
information from the images. Facial expression
recognition is not an exception of this rule. In this
case, the information to be extracted is on special
features of the face that relates to human feelings
such as angry, normal happy, surprise.
W. Y. Zhao [1], B. Fasel [2] gave survey
about facial expression recognition. Philip Michel
& Rana El Kaliouby [3] used SVM (Support
vector machines), the accuracy is over
60%.
Ashish Kapoor [4] considered the movement of
eyebrows. M.S. Barlett [5] combined Adaboost
and SVM with the database DFAT-504 of Cohn
& Kanade
In this article, AAM model [7] is used and
combined with two other methods for
recognitions. The first one is AAM combined with
neural network, which would give us better
accuracy, where as the second one is AAM
combined with point correlation, which would
give us an acceptable accuracy but a better speed.

2. Background theories on AAM

2.1. AAM Model
2.1.1. Building AAM model
Since AAM model was first introduced in [7], the
use of this model has been increasing rapidly. An
AAM model consists of two parts. AAM shape
and AAM texture
2.1.1.1. AAM shape
According to [7], AAM shape is composed of the
coordinates of v vertices make of the mesh:

s = [ x1 , y1 , x2 , y2 ,..., xv , yv ]

T

(1.1)

Furthermore, AAM has linear shape, thus a shape
vector s can be represented as:
N

s = s0 + ∑ pi si = s0 + Ps bs

(1.2)

i =1

Where s0 is the base shape and s0 , s1 ,..., s N are
orthogonal eigenvectors obtained from training
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Ps = ( s1 , s2 ,..., sN ) and

shapes,

bs = ( p1 , p2 ,..., pN )

A = ∑ [ I (W ( x, p)) − T (W ( x, ∆p)) ]

2

(1.5)

x

T

2.1.1.2. AAM texture
The AAM texture A( x ) is a vector defined as
pixel intensities across objects x є s0,

where x = ( x, y ) . Texture of AAM is also linear.
T

Taking Taylor expansion of T(W(x, ∆p )) in terms
of ∆p at ∆p = 0 . This expression can be
rewritten as

A = ∑ [ I (W ( x, ∆p)) − T ( x ) − ∇T
x

Thus, it can be presented as:

∂W ( x; p )
∂p

2
p = 0 ∆p ]

(1.6)

M

A( x ) = A0 ( x) + ∑ λi Ai ( x ) = A0 ( x) + Pb
t t (1.3)
i =1

∀x ∈ s 0
Where bt = ( λ1 , λ2 ,..., λM ) , Pt = (t1 , t2 ,..., tM )

Please note that, W ( x, 0) = x (because p = 0
does mean no changes at all)
The solution to minimize that expression can be
easily found as followed:

T

are orthogonal eigenvectors obtained from the
training textures.


∂W 
∆p = H ∑ ∇T
∂p 
x 
−1

T

[ I (W ( x; p)) − T ( x)]
(1.7)

2.1.2.Fitting AAM model to an object
Where H is the Hessian matrix.
The goal of fitting AAM model is to find the best
alignment to minimize the difference between the
constant template T ( x) and an input image I ( x )
with respect to warp parameters p . Let

T


∂W  
∂W 
∇T
H = ∑ ∇T


∂p  
∂p 
x 

x = ( x, y ) be the pixel coordinates and W ( x, p )
T

denotes the set of parameterized allowed warps,
where p = ( p1 , p2 ,..., pN )T is a vector of N
parameters. The warp ( x, p) takes the pixel x in
the coordinate frame of a template T and map it
to the sub-pixel location W ( x, p ) in the
coordinate of the input image- I . The LucasKanade image alignment algorithm in [10] is to
minimize:

∑ [ I (W ( x, p)) − T ( x)]

2

(1.4)

x

According to [10], to solve this, we assume that an
estimation of p is known and then iteratively
solve for the increment parameter ∆p so that the
following expression is minimized

Notice that the Jacobian matrix

(1.8)

∂W
is calculated
∂p

at p = 0 and the matrix T can be pre-computed.
Thus, H can be pre-computed before every
iteration. From these statements, according to
[10], the fitting algorithm for AAM model can be
summarized in the following steps
Table 1 Steps for fitting AAM model
Pre-computation
Iteration
•For every pixel x in •Start iteration at p = 0.
the convex hull of •For each pixel x in the
AAM shape, obtain convex hull of the
the intensity T(x) in reference AAM shape,
the template image.
warp it to coordinate
•Calculate the gradient W ( x, p ) . Then, obtain
of T(x), which is ∇T . the intensity
Calculate the Jacobian
I (W ( x, p )) by
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matrix

∂W
at ( x, 0) .
∂p

•Calculate the steepest
decent image ∇T

∂W
∂p

•Calculate the Hessian
matrix versus (1.8)

interpolation
•Compute error image
I(W(x, p)) – T(x).
•Compute ∆p using
the pre-computed H
and the formula (1.7)
•If ∆p is small enough,
ends the iterations.
Otherwise, update

∆p ← ∆p + p

3. Experimentation

Fig. 2 Shape s0

Fig. 3 Base texture A0(x)

Figure 4 show us some examples of fitting the
model face using AAM model. These images have
not been previously used in training phase. The
average number of iterations for each image is 5

3.1. Building and testing AAM model
In the training phase, we used more than 200
images of the model’s face for 4 basic facial
expressions which are normal, happy, surprise and
angry taken in different lighting conditions. Each
input image is marked with 66 points. The figure
below shows some of the images that have been
used in the training phase.

Fig. 4 Result of AAM face fitting

3.2. Facial Expression Recognition using AAM
combined with neural network
3.2.1. Training neural network
In our experiment, we used about 30 images for
each emotion. They are happy, normal, surprise,
angry. For each image, we used the following
procedure to extract the featuring vector.
1. Load the built AAM model.
2. Load the image need to extract the featuring
vector together with its corresponding
emotion vector E. The emotion vector E is a
4*1 vector, which belongs to one of the 4
following vectors [ 0, 0, 0,1] (normal);
T

Fig. 1 Some input images

[ 0, 0,1, 0] (happy); [ 0,1,0, 0]
T
[1, 0, 0, 0] (angry).
T

After performing Procustes’ analysis [10] to
eliminate the effect of similarity transforms on the
input images (such as rotation, scaling, translation
etc), we get normalized input shape vectors. Next,
performing PCA analysis on these vectors, we get
the base shape s0 and other orthogonal shape
eigenvectors.
Finally, performing PCA analysis on input image
textures, after having warped them into base
shape s0 , we got base texture A0 ( x) and other
orthogonal texture eigenvectors.

T

(surprise);

3. Apply AAM model to track the original face
(F) in the image and normalized it to
another face (F’) which is a texture defined
on the base shape s0 .
4. Perform PCA analysis on F’ using the
textures A0 ( x ), A1 ( x ),...., AM ( x ) . We get

F ' = A0 + v1 A1 + v2 A2 + ... + vM AM

(1.9)
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5. The featuring vector for this image is

v = [ v1 , v2 ,..., vM ]

T

(1.10)

Using the set of such (v, E ) vectors, we trained
the three-layer neural network, which has the
following structures. Input layer: 62 neurons,
which is also the number of eigen textures; hidden
layer: 50 neurons; output layer: 4 neurons, which
is also the number of emotions.
3.2.2.Testing neural network

The average time for each image is about 750
milliseconds. The testing images came from a
Genius’ Slim 1322AF webcam. Totally, 75
images were tested for each emotion.
3.3. Fast Facial Expression using point
Correlation

For a testing input image, conducting the
following procedures
1. Load the AAM model
2. Load the neural network.
3. Apply AAM model to track the original face
( F ) in the input image and normalized it to
another face ( F ') , defined on the base
shape s0. This will help eliminate effects
cause by similar transform and face rotation
4. Perform PCA analysis on F’ using the base
texture A0 , A1 ,...., AM obtained previously in
the training phase. We get

F ' = A0 + v1 A1 + ... + vM AM

Table 2 Result of detection using AAM and MLP
Emotions
% of correction/True
images (out of 75)
Normal
82.66% (62)
Happy
96.00%(72)
Surprise
85.33%(64)
Angry
84.00%(43)

3.3.1. Background knowledge
The Facial Expression Recognition based
on MLP proved to be effective but it’s fairly slow
due to the reason of performing PCA analysis. In
order to improve the speed of recognition, we
suggest the idea of using point correlation in
combine with AAM model. Let us consider 66
points on the face after having fit the AAM model
to the face.

(1.11)

5. Using the featuring vector -

v = [ v1 , v2 ,..., vM ] calculate and choosing
T

the maximum output of the neural network.
Then, infer the corresponding emotion.
3.2.3.Result
The experiment is implemented on a Compaq
nx6120 laptop, running at 1.73 GHz, Ram 256
MB, using Visual C++ and open CV.
Fig. 5 66 face featuring points.
Let d (m, n) be the Euclidean distance (in pixels)
between the point m and n. Then, calculate the
following ratios:
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d (22, 28)
(1.12)
0.5d (17,19) + 0.5d (12,15)
0.5d (17,19) + 0.5d (12,15)
(1.13)
R eye =
d (37,34)
d (4,5)
(1.14)
R eyebrown = d (13,16)

R mouth =

On one hand, experimentation proves that the
ratio Rmouth is relatively large when a person is
happy or angry. On the other hand, it is small
when he or she is normal or surprise. Besides, Reye
can be used to differentiate between normal and
surprise emotions. Because, when a person is
surprise, his eyes tend to open larger.
Furthermore, Reyebrown can be used to differentiate
between angry and happy. This results from the
fact that, when a person is angry, the distance
between the eye-browns is enlarged.

Table 3 Result of detection using AAM and Point
Correlation
Emotion
% of correctness/ True images (out
of 75 images)(*)
Normal
85.33%(64)
Happy
Surprise

90.66%(68)
81.33%(61)

Angry

82.66%(62)

The average processing time for a single image is
about 250 ms, which is far more faster than the
previous method. This is because most of the time
is used for fitting AAM model. Besides, the
distance calculations and comparing do not takes
so much time.
(*)Conducted with mouth threshold = 7.2, eye
threshold = 0.32, eb threshold = 0.90.
4. Conclusion

Fig. 6 Flowchart of Point Correlation method

The flowchart presented in figures 6 summaries
our algorithm. In this flowchart, mouth threshold,
eye threshold and eb threshold are three tunable
parameters to be suitable for a specific person.
3.3.2.Result
Using test images in previous recognition method,
we have the flowing result.

On the whole, facial recognition using AAM
combined with neural network gives higher
accuracy than that using point correlation method
,but point correlation give us faster recognition
time. Thus, recognition using point correlation
gives us a great chance to integrate the task into
mobile platform, such as robots. However, that is
over the scope of this article.
In order to improve the accurateness of
recognition task, a better minimization techniques
should be used, such as second-order
minimization as in [11], but it will takes longer
time for the algorithm to converge.
The experiment was conducted with a personspecific AAM model. In order to expand the
system to recognize with various people, a lot of
training textures and shapes should be used. In
this case, the algorithm is exactly the same.
Further research will be taken to get better
accuracy and faster recognition time.
Many thanks for sponsor from the science
foundation fund of VNUHCM
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