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Abstract
Face information processing relies on the quality of
data resource. From the data modality point of view, a
face database can be 2D or 3D, and static or dynamic.
From the task point of view, the data can be used for
research of computer based automatic face recognition,
face expression recognition, face detection, or cognitive
and psychological investigation. With the advancement of
3D imaging technologies, 3D dynamic facial sequences
(called 4D data) have been used for face information
analysis. In this paper, we focus on the modality of 3D
dynamic data for the task of facial expression recognition.
We present a newly created high-resolution 3D dynamic
facial expression database, which is made available to the
scientific research community. The database contains 606
3D facial expression sequences captured from 101
subjects of various ethnic backgrounds. The database has
been validated through our facial expression recognition
experiment using an HMM based 3D spatio-temporal
facial descriptor. It is expected that such a database shall
be used to facilitate the facial expression analysis from a
static 3D space to a dynamic 3D space, with a goal of
scrutinizing facial behavior at a higher level of detail in a
real 3D spatio-temporal domain.

1.

Introduction

Research on facial information analysis has been
intensified recently, driven mainly by its important
applications: face recognition (FR) [10, 13, and 43] and
facial expression recognition (FER) [5, 7, 18, 20, 21, and
42]. Most research for face analysis utilized conventional
2D static images or 2D dynamic videos [1, 4, 13, 25, 30,
31, 39, and 43]. In recent years, 3D range data has been
extensively used for face analysis due to its explicit
representation of geometric information and its inherent
capability of handling facial pose and illumination
variations [2, 12, and 22]. Similar to the 2D modality, 3D
face data can also be represented in a static space and a
dynamic space.
(1) 3D static: Most existing work utilizes the static 3D
range data acquired through laser-scanning, stereo
photogrammetry, or active light projection [2, 3, 8, 12, 22,
38, and 40]. Many successful works have been reported
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recently for 3D face recognition [2, 12, 14, 22, and 37].
Most recently, some work has also been reported for 3D
facial expression recognition [35, 36, and 41]. For
example, Yin et al. have investigated the 3D facial
expression recognition [35] using 3D surface primitive
features based on the 3D static facial expression database
[40]. Wang et al. [36] used the in-house 3D static face
models to study the facial expressions in 3D space and 2D
space, and achieved encouraging results in identifying
facial expression abnormality in schizophrenia. Note that
all the data that have been used are still based on static
range models.
(2) 3D dynamic: Facial expression is by nature a
dynamic facial behavior. The 3D dynamic face
representation is believed to be the best reflection of this
nature. Psychological research shows that facial dynamics
provide important cues that can be interpreted in order to
represent an individual’s characteristics [27]. The recent
findings indicate that the dynamic cues from expressive
and talking movements of human faces provide
information about individuals' facial structure, and
therefore play a great role in facilitating the subsequent
recognition [27]. A human face is a bumpy and mobile
surface. Neither 2D dynamic data nor 3D static data may
be sufficient to depict such a property. 3D static face
models lacking a temporal context may be a profound
handicap to recognizing facial expressions as well as
identifying faces with varied expressions.
Recent technological advances in 3D imaging systems
allow a high quality 3D shape to be acquired in real time
[3, 8, and 38]. Such 3D dynamic data (or so-called 4D
data) captures the dynamics of time-varying 3D facial
surfaces, making it possible to analyze the dynamic facial
behavior in a 3D spatio-temporal domain. It is conceivable
that more information concerning the individual’s
characteristics or expressive traits can be derived from 3D
dynamic sequences.
There were a few works reported using 4D data for
facial expression analysis. For example, Wang et al. [38]
successfully developed a hierarchical framework for
tracking high-density 3D facial expression sequences
captured from a structure-lighting imaging system. Recent
work reported by Chang and Turk et al. in [3] utilized 3D
model sequences for expression analysis and editing. The
work is accomplished through usage of a probabilistic
model on the generalized expression manifold of the
standard model. Notice that the existing reported works

were all based on in-house 3D dynamic data sets. There is
no 3D dynamic facial expression database publicly
available to the research community. It is therefore highly
demanded to create an accessible benchmark 4D facial
expression database in order to facilitate the new
algorithm design, assessment, and comparison for facial
expression recognition.

1.1 Existing Face Databases
Essentially, a common testing resource is crucial to
fostering research on face information processing.
Generally, two aspects are considered for constructing a
face database depending on the data modality: 2D vs. 3D
and static vs. dynamic. To date, there are a number of
standard face databases available to public (as listed in
Table 1). A few commonly used databases can also be
found in the site [10]. However, the data formats
presented are either 2D static, 2D dynamic, or 3D static.
To the best of our knowledge, no 3D dynamic face
database is readily accessible to public. In this paper, we
present a new high-resolution 3D dynamic face database
for the research community. Motivated by our existing
3D static facial expression database [40], we continue to
focus on creating a 3D dynamic facial expression database
for facial behavior research, which extends the work from
a static 3D space to a dynamic 3D space.
The database contains 3D videos from 101 subjects
with six universal facial expressions, with a total of 606
3D model sequences and approximately 60,600 model
frames. The database has been validated through our 3D
facial expression classification experiment. In the
following, we will introduce the database from its creation
to its validation in order to demonstrate the usefulness of
such data for facial expression recognition.
Databases
2D

3D

STATIC
FERET [23],
CMU-PIE [26],
JAFFE [15],
AR [16],
Many others [10], ...

3D FRGC [22],
DARPA-HumanID [33],
xm2vtsdb [12, 17],
BU-3DFE [40],
…

DYNAMIC
Cohn-Kanade [11],
MMI [19],
RU-FACS-1 [24],
xm2vtsdb [17],
UT-Dallas [32],
Newcastle [9],
Many others [10],
[28], [34] ...
None

Table1. List of some public face databases

2.
2.1.

High-Resolution Data Acquisition
System setup

We used the Di3D (Dimensional Imaging [8]) dynamic
face capturing system to generate our 3D facial expression
sequences, which include both 3D model sequences and
2D texture videos. The system consists of two stereo
cameras and one texture video camera. The three cameras
are placed on a tripod with two lighting lamps separated in
the two sides. A blue board and a calibrating board are
used for calibration and background segmentation. With
two master machines (PCs) running in parallel, the system
captures the 3D videos at a speed of 25 frames per second.
Figure 1 illustrates the system at work. Each pair of stereo
images is processed using a passive stereo
photogrammetry approach to produce its own range map.
The range maps are then combined to produce a
temporally varying sequence of high-resolution 3D images
with an RMS accuracy of 0.2 mm. As the 3D range model
sequence is captured from the top and bottom cameras, a
corresponding 2D texture video captured from the middle
camera is also recoded.

Figure 1: 3D dynamic imaging system setup

2.2.

Data capture and processing

Each participant was instructed to sit in front of the 3D
face capture system at about one and a half meters
distance from the cameras. The subjects were instructed to
perform expressions dynamically with a certain range of
movement that would not go beyond the range of three
cameras. With the guidance of a psychologist from our
institute, the subject was requested to perform six
universal expressions, i.e., angry, disgust, fear, happiness,
sadness, and surprise. Each expression sequence contains
neutral expressions in the beginning and the end. In other
words, each expression was performed gradually from
neutral appearance, low intensity, high intensity, and back
to low intensity and neutral, with each such sequence
being approximately 4 seconds in length. For each
expression sequence, three videos are captured as shown

in Figure 2: two grey-scale videos (upper and lower) for
range data creation, and one color-video for texture
generation. As a result, for each subject, six 3D expression
model sequences and six corresponding 2D video
sequences were created respectively.

video sequence has the resolution of approximately 35,000
vertices. The texture video has a resolution of about
1040×1329 pixels per frame. The resulting database is in
the size of approximate 500Gbytes. Figure 5 shows
several samples of the 3D dynamic facial expression
videos.

Figure 2: 3D dynamic face data capture and processing. Left:
three video data are captured over time from three cameras (upper
row, middle row, and lower row). Right: generated 3D videos for
illustration (with / without textures).

There were 101 subjects who participated in the face
scans, including undergraduates, graduates and faculty
from our institute’s departments of Psychology, Computer
Science, and Engineering, with an age range of 18 – 45
years old. A psychologist helped explain the capture
procedure and the performance of the six expressions. The
majority of participants were undergraduates from the
Psychology Department. All of the participants signed the
consent form allowing the distribution of data for public
scientific research. The resulting database consists of 58
female and 43 male subjects, with a variety of
ethnic/racial ancestries, including Asian (28), Black (8),
Hispanic/Latino (3) and White (62). Table 2 is the
summary of the database.
# of
Subjects

101

# of
Expressions

6

# of 3D
model
sequences

# of 2D
texture
videos

Approximate
# of 3D
Models

606

606

60,600

Table 2: Summary of 3D dynamic face expression database

3.

Data Organization and Visualization

The database is structured by subjects. Each subject has
six prototypic expressions. Each expression has three
sequences: a 3D model sequence, a 2D texture sequence,
and an AVI video for visualization. Figure 3 illustrates an
example of the individual 3D frame models using our
developed visualization tool, which displays individual
models by geometric shape, texture, and point clouds. As
illustrated in Figure 4, the database is searchable by a
subject’s gender, type of expression, geometric data,
texture data, and video data. Each 3D model of a 3D

Figure 3: Snapshot of our visualization tool to display frame
models with arbitrary views with/without textures or point clouds.

Figure 4: Data organization of the 3D dynamic facial
expression database.

4.

Validation and Evaluation

The range system produces high quality 3D dynamic
facial expression data. However, it is not trivial to use
such data. The main challenges are: (1) the data obtained
by the range system are in a raw format with a large
amount of points, which is “blind” without the information
of facial structures or vertex correspondences; (2) each
instant capture generates different number of vertices,
which increases the difficulty of finding the vertex
correspondence across expression sequences. Thus it
increases difficulty of tracking and analyzing the motion
of facial surfaces over time.
We proposed a 3D spatio-temporal analysis approach to
track the range model vertices based on a tracking model

(e.g., a generic model). Here we give a brief description of
the approach (For details, please refer to [29]).

matching; 2) expressive model labeling based on primitive
surface feature classification and an HMM-based classifier
[29].

4.1.

Vertex level correspondence and tracking

We defined 83 feature points around the facial areas of
eyes, nose, mouth, eyebrows, and chin contour at the
initial frame of a video sequence (Figure 6 shows an
example). Then we applied the active appearance model
[6] to track the 83 points in the texture sequence. Since the
range model sequence is aligned with the corresponding
2D video textures from the output of the 3D imaging
system, the features defined on 2D textures can be exactly
found or mapped to the 3D range models. Given the
established alignment between 2D-textures and 3Dmodels from the Di3D dynamic system [8], the tracked
points can be projected to the corresponding 3D range
models and generated a set of 3D feature vertices. Then
we applied a generic model to adapt to the range model
based on the 83 control points using a radius-based model
interpolation approach.
The adapted generic model represents each frame of
range model. More importantly, the adapted models have
the same number of vertices across the corresponding 3D
video sequence. Thereby, the vertex correspondence
across the range model sequence is established. The
vertices on the adapted model can be easily tracked by
finding the displacement of tracked vertices of two
neighboring frames. Figure 6 illustrates an example
showing a 3D range sequence with tracked feature points
and the adapted 3D models.

Figure 6: A sample 3D sequence with tracked 83 points (upper
row) and the adapted 3D models (lower row).

4.2.
Figure 5: 3D-video samples displayed in the format of textured models
and shaded models. Subjects from top to bottom exhibit expressions angry
(male, black), disgust (female, East-Asia), fear (male, White), happy
(female, White), sad (female, Latino), and surprise (male, India),
respectively.

Our validation method is composed of two major
components: 1) vertex-level correspondence establishment
based on a 2D active appearance model and generic model

Expression analysis and recognition

To validate the usefulness of the data, we also applied a
Hidden Markov Model to learn and classify the facial
expressions across 3D dynamic model sequences. We
propose to use a two-dimensional HMM (2D-HMM) [29]
to learn the temporal dynamics and spatial relationships of
facial regions. We labeled facial surface using a surface
curvature classification approach (similar to the primitive
feature classification approach in [35]), and classified each
vertex to one of the eight surface labels. The label map of
a face region forms the face descriptor, which is a vector

composed of the vertices’ labels on the face region of a
model. The 6-state 2D-HMM is then used to learn the face
temporal variation across each set of 6 frames. We
conducted a person-independent experiment on 60
subjects. Following a 10-fold cross-validation procedure,
we randomly partitioned the 60 subjects into two subsets:
one with 54 subjects for training and the other with 6
subjects for test. The experimental paradigm guarantees
that any subject used for testing does not appear in the
training set. The tests were executed 10 times with
different partitions, and achieved an average correct
recognition rate of 90.44% for distinguishing 6 prototypic
expressions. To further evaluate our approach, we
conducted a comparison study by implementing the 3D
static model based approach using geometric primitive
features [35] and the 2D texture based approach using
Gabor-wavelet features [15]. The average recognition
rates for the two compared approaches are 53.24% and
63.72% respectively.

4.3.

Future development

It is worth noting that our current database was
designed for the task of facial expression recognition.
There are still some limitations on the database in terms of
data variety, data quality, data quantity, data usability, and
its applicability for other applications. We will address the
following aspects for the future development.
1) Variety: Limited by the storage capacity and the
processing capability, the current system can only
generate short 3D videos for every capture, which makes
it hard to capture spontaneous expressions using any
elicitation method. We are currently expanding the
hardware setup using multiple processors and larger
storage space in an attempt to capture a greater variety of
non-deliberate facial expressions for a longer period of
time. As an option, for example, each subject can choose
to perform mixed expressions freely so that various types
of expressions can be included in a longer video sequence.
In addition, we will collect data with more types of subtle
expressions in order to evaluate the sensitivity of 3D
motions versus 2D motions for action unit (AU) detection.
2) Quality: Limited by the range of capture with the
current imaging system, the dramatic facial pose change
could cause the partial facial surface missing or occlusion.
To allow for the performance evaluation of algorithms for
3D tracking and expression classification with respect to
the partial face occlusion or partial missing data, we plan
to systematically capture 3D dynamic data under multiple
specified poses. As such the collected ground-true data
can be used for assessment of any new algorithms. To
improve the data quality, we will seek to expand the
current system with more distributed cameras for a wider
range of views.
3) Quantity and Applicability: Although the current

database was designed for facial expression recognition
task, it is applicable to testing face recognition algorithms.
However, the size of the database (101 subjects) is still
small with respect to the requirement from the face
recognition task. We plan to expand the database to a
larger scale in order to meet the requirement of real world
applications.
4) Usability: One of the big challenges facing the 3D
dynamic database is the storage of a huge amount of data,
including both sequential geometric data and sequential
texture data. Our current database has the size of about
500 gigabytes. With the future expansion, the data size
will be on the order of terabytes. The larger amount of the
data increases the difficulty of data organization,
annotation, distribution, processing, and evaluation. We
will address this issue as a future work in order to make it
easier to manage and search data. An automatic 3D model
registration and annotation approach will be developed so
that the temporal segments of facial expression sequences
could be parsed and archived. Another issue to be
investigated is the data representation or compression for
both geometric data and texture data.

5.

Conclusion

We have developed a 3D dynamic facial expression
database, which is made available to the research
community. Such a database can be a valuable resource in
the research and development of applications in security,
HCI, telecommunication, entertainment, cognition and
psychology research, and biomedical applications. The
limitations and issues discussed in the previous section
give rise to a number of new tasks for our future work so
that our facial expression research could be moved
towards a more realistic scenario.
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