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I. INTRODUCTION  
 
Facial expressions are a fundamental element of our daily 

social interactions. Faces exhibit a rich set of details about 
someone’s mental status, intentions, concerns, reactions, and 
feelings [1]. Expressions and other facial gestures are an 
essential component of nonverbal communication. They are 
critical in emotional and social behavior analysis, humanoid 
robots, facial animation, and perceptual interfaces. 

We aim to develop a prototype system that takes real-time 
video input from a webcam, tracks facial landmarks from a 
subject looking at the camera, and provides expression re-
cognition results. The system includes use of a 3D generic 
face model [2, 3], adaptation of the generic face model to a 
user, tracking of 3D facial landmarks, analysis of the set of 

expressions, and real-time frame rate implementation. The 
approach is illustrated in Fig. 1.  

First, we use a real-time 3D head tracking module, which 
was developed in our lab [4], to track a person’s head in 3D 
(6 degrees of freedom). We use a RGB video as the input, 
detect frontal faces [5, 6], extract facial landmarks from a 
neutral face [7-10], deform a 3D generic face model to fit 
the input face [3, 4, 10], and track the 3D head motion from 
the video using the updated 3D face. 

Second, the main contribution is a landmark tracking 
algorithm. We combine 2D landmark tracking and 3D face 
pose tracking. In each frame, we predict the locations of 2D 
facial landmarks using the 3D model, check the consistency 
between 2D tracking and prediction, and update the 3D 
landmarks. This integrated tracking loop enables efficiently  
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Abstract 
In this paper, we address the challenging computer vision problem of obtaining a reliable facial expression analysis from a 
naturally interacting person. We propose a system that combines a 3D generic face model, 3D head tracking, and 2D tracker to 
track facial landmarks and recognize expressions. First, we extract facial landmarks from a neutral frontal face, and then we 
deform a 3D generic face to fit the input face. Next, we use our real-time 3D head tracking module to track a person’s head in 
3D and predict facial landmark positions in 2D using the projection from the updated 3D face model. Finally, we use tracked 
2D landmarks to update the 3D landmarks. This integrated tracking loop enables efficient tracking of the non-rigid parts of a 
face in the presence of large 3D head motion. We conducted experiments for facial expression recognition using both frame-
based and sequence-based approaches. Our method provides a 75.9% recognition rate in 8 subjects with 7 key expressions. 
Our approach provides a considerable step forward toward new applications including human-computer interactions, behavioral 
science, robotics, and game applications. 
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Fig. 3. Visualization of the deformation step. 

 
 
where  represents the projection matrix including the 
estimation error,  represents a deformed location 
of a 3D point , and  is a tracked 2D point. If the 
difference ∆  is small enough, we can skip the current 
frame and process the next input frame. Otherwise, if the 
distance is large, we try to minimize the distance by up-
dating rigid motion . If we cannot minimize the error 
by finding a new rigid motion, it is likely that there is 
deformation of the 3D landmark. In this case, we search the 
non-rigid transformation . In our approach, we use 
a set of geometrical constraints which bound the locations of 
3D landmarks in 3D space. For instance, the top point of the 
upper lip should be located in the vertical center line bet-
ween the two end points of the mouth in 3D space. We 
define such a constraint for each 3D landmark and use it to 
correct the wrong projection of tracked landmarks.  

 
(b) Implementation of 3D landmark tracking 
We describe the actual implementation of our 3D land-

mark tracking loop. Fig. 3 shows the pipeline for each frame. 
Using the camera parameters for the frame , ,  
is retrieved by the head tracking framework. The 3D land-
marks , 1  from frame –1 are projected to obtain 
the set , , 1 . 

We use the Lucas-Kanade tracker (LKT) [22] to track our 
landmarks , 1  to frame  and obtain , . Then, 
we check the validity of these 2D landmarks, using the 3D 
landmarks from the previous frame. We try to determine if 
there is any tracking error due to LKT or the deformation of 
the face, and if so, we correct it. We also update the 3D 
landmarks on the face model to keep track of the defor-
mations from one frame to the next. 

 
Fig. 4. Landmark tracking with 3D head motion. 

 
 
We define several areas that have their own deformations 

(i.e., mouth, eyes, and eyebrows). What is important to the 
consistency of our tracking for an area is the distance  

 ,  ∑ || , , ||.   (2) 
 
If this distance goes above a certain threshold, we go into 

the deformation step: the consistency of the tracked points ,  is not evaluated using their distance to , , but 
they are projected on a convex space defined by 2 or 3 
points, depending on the area. 

Fig. 3 shows the deformation step. In purple are the 
points defining the convex spaces on which the tracked 
points are projected, while the green points are the tracked 
points after the deformation step. Most of the authorized 
movements are defined by segments (upper and lower lips, 
eyelids, and eyebrows) but the corner points of the lips are 
projected into a triangle. 

The points defining the convex spaces are taken from the 
3D model, and we do a reverse projection of the tracked 
points ,  to obtain their corresponding 3D coordinates , . The new 3D coordinates ,  are projected back 
on the image as , . In a same way, we evaluate our 
tracking’s consistency with the distance  

 ,  ∑ || , , ||.  (3) 
 
If the distance goes above a (larger) threshold, we use a 

stronger tracker for re-acquisition. However, in practice, the 
need for re-acquisition almost never occurs. Indeed, in case 
of motion, the deformation step helps the LKT by limiting 
potential drifting, and significantly reduces the impact of the 
aperture problem. 

 
 

C. Facial Expression Recognition 
 
Since human facial expressions are dynamic in nature, we 

focus on expression recognition on a sequence of images. 
Fig. 5 shows the overview of our approach. Given a video input,   
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(c) Experiment 2: using a sequence 
We used a subset of data for experiment 2. We built 

gallery datasets from all of the first videos (session 1) from 
8 people’s data. The first gallery database included 29 tracked 
sequences from the subjects:  

 1,1 , 2,1 , … , 7,1 , 1,2 , … , , , 
 

where  is the number of expressions and  is the 
number of subjects. We built a probe dataset from all of the 
second videos (29 tracked sequences from session 2): 

 1,1 , 2,1 , … , 7,1 , 1,2 , … , , , 
 
where  is the number of expressions and  is the 
number of subjects. We compute the distance between 
 , 1 , 2 , … ,  and , 1 , 2 , … , , 

 
where each element of the sequence  contains ex-
tracted facial landmarks. Note that the length of sequences ,  need not be the same. Given a pair of data , , 
we align them using the DTW algorithm and compute a 
score between two aligned sequences as 
 ,  min 1 , 1 , 2 , 2 , …,                                          , ,              (7) 

 
where  is the correlation function between aligned data 
( , ), and min ,  is the minimum number 
of data. To identify the class of an input data point, we select 
one of the gallery data point which has the maximum score: 
   arg max , , .   (8) 

 
Table 2 shows a confusion matrix and the average re-

cognition rate is 75.8% for the 7 expressions. 
 

 
IV. CONCLUSIONS 

 
We present a system that is able to, from a low-resolution 

video stream, detect the face of a subject, build a 3D model 
of it, and track it in real-time, as well as obtain predefined 
facial feature points, the facial landmarks. Both rigid motion 
and non-rigid deformation are tracked, within a large range of 
head movements. In addition, we developed face recognition 
algorithms using a single frame and a sequence of images. 
We have validated our approach with a real database containing 
7 facial expressions (joy, surprise, fear, anger, disgust, sad-
ness, and neutral).  

Further work will consist of improving the accuracy of 

both deformation tacking and face recognition algorithms. 
Updating the 3D face model should enable providing more 
accurate rigid and non-rigid tracking. Analysis of facial 
expression manifolds is one of the key tasks that needs to be 
investigated to improve the recognition rate. 
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