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Abstract
While it is generally possible to do recognition from video
sequences, the training process is usually done over static
images. This is due to the fact that, in many applications
(e.g., homeland security), one does not have large video sequences which can be used for training. For example, law
enforcement agencies generally have a frontal and a profile
view of wanted individuals, but do not usually keep video sequences in file. Nonetheless, in these applications, it is still
possible to analyze the information of video sequences for
subsequent recognition tasks. This paper presents a probabilistic algorithm that learns from small sets of static images and then recognizes faces from video sequences. The
proposed algorithm is robust to partial occlusions, different
orientations and expression changes and does not require
of precise face localizations. Our preliminary results with
a small database show that the proposed method is more
robust to such changes than static-to-static recognition of
faces.
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Introduction

As computers become more ubiquitous and technology
more accessible to the end user, face recognition systems
are expected to play an increasing role in our society. A
recent change that has influence the way we study object
recognition and other computer vision problems is the improvement in quality and reduction in price of video cameras. This has drawn interests in the design of systems that
can recognize objects (such as faces) from video sequences
rather that from static images. A good example of this trend,
it is obviously this workshop.
Although much progress has been achieved in the recognition of faces from static images, the literature on face
recognition from video is still relatively small [24, 18, 20, 8,
1, 11]. One reason for this unbalance was due to the low accessibility of high-quality video cameras. The second reason is, obviously, algorithmical. While it is generally difficult to successfully do feature extraction from static images,
this process has proven even more challenging in dynamic

sequences [7, 13, 12].
The low accessibility of video cameras has also shaped
the way law enforcement agencies and other institutions
recorded biometric data such as face images. Current
databases are mostly based on static images and only few
have some (if any) video sequences.
Therefore, we believe that it is necessary to define algorithms that can learn from static images yet be able to do
recognition from video sequences.
Our method builds on previous work defined for the
recognition of faces in a static-to-static recognition scenario
and proposes extensions to deal with pose and facial expression variations that are not present in the training set.
Our first step is to extend the approach of [14] to work
with video sequences rather than stills. This we will show in
Section 2. In Section 3, we will present a way to make the
approach of Section 2 more robust to expression changes.
And, in Section 4, we will extend the method to be robust to
small pose variations. Section 5 presents the experimental
results where we compare our method to several approaches
which only use static images. We conclude in Section 6.

1.1 Related work
Some recent papers have addressed some of the problems
posed by the recognition of human faces from video sequences. In [10], the authors use RBF (Radial Basis Function) networks to tackle the view-varying problem in image sequence. Wechsler et al. [21] define an automatic
video-based person authentication system where RBFs are
used to identify subjects. Li and Chellappa [11] use the parameters obtained from facial feature tracking to construct
a recognition system based on feature motion. In their algorithm, tracking is formulated as a Markov Chain Monto
Carlo problem. Hidden Markov models are used in [13] to
learn the appearance of faces over a set of frames for staticto-static or video-to-video recognition of faces. In [12], the
authors propose to learn view-based appearance manifolds
from video. Robustness is increased with the help of a transition probability matrix defined between adjacent views.
And, Zhou and Chellappa [25] define an improved probabilistic tracking and recognition system which can also be

used for recognition tasks.
The systems summarized above did not simultaneously
tackle the problems we will address in this paper: occlusions, expression changes, pose variation and localization
errors. Moreover, most of them were designed to work as
video-to-video recognition systems
(i.e., where both the training and testing data are video
sequences).

Finally, we compute the eigen-representation of each of
the six local areas; i.e., {Φ1 , . . . , Φ6 } where Φj is the
projection matrix of the j th subimage of the face whose
columns are the p eigenvectors associated to the largest p
eigenvalues of the eigen-decomposition problem
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From Static-to-Video Analysis

In addition to the alignment errors introduced by inaccuracy
in face detection (or face tracking), recognition from video
sequences is made difficult by variations in expression, pose
and partial self-occlusions.

2.1

Training

Any face recognition system should be robust to localization errors. To address this problem, we have previously
proposed [14] to first learn the localization error of the localization algorithm and, then, find the subspace (within our
feature-space) which represents all images under all possible errors of localization for each of the training images. In
this paper, we model this subspace as a mixture of Gaussians. More formally, let {I1 , . . . , In } be the set of training images, where n is the number of samples. Since we
assume that the localization error of our localization algorithm is known, we can now synthetically generate the set
of all images under all possible errors of localization; i.e.,
Îi = {Ii,1 , . . . , Ii,r }, where Ii,j is one of the images obtained when we crop the face from the original image with
one of the r possible localizations given by our localization
algorithm and r is the maximum number of images we can
generate with the known (average) localization error [14].
We then estimate the subspace that represents each of the
image sets Îi as a mixture of Gaussians. This mixture of
Gaussians is learned using the EM algorithm [6].
In order to be robust to self-occlusions, we divide the
face into six local areas (as shown in Fig. 1). Each sample
image Ij will generate r possible images (to account for
the localization error) for each of the six subimages; i.e.,
{Ii,1,1 , . . . , Ii,1,r , . . . Ii,6,r }, where Ii,j,k is the k th image
of the j th subimage that accounts for the localization error
of the ith sample.
We then estimate the localization error subspace of every subimage by means of a mixture model of H Gaussians. Formally, let {µ1,1,1 , . . . , µ1,6,H , . . . , µn,6,H } be the
H means of the H Gaussians of each of the subareas of each
of the sample images and {Σ1,1,1 , . . . , Σ1,6,H , . . . , Σn,6,H }
the corresponding covariance matrices. Fig. 1 shows the
subspace representing one of the subarea of a set of sample
images (with H = 3).

Each sample image is now represented as a mixture of Gaussians in each of these eigenspaces.
Formally,
{µ̂1,1,1 , . . . , µ̂1,6,H , . . . , µ̂n,6,H }
and
{Σ̂1,1,1 , . . . , Σ̂1,6,H , . . . , Σ̂n,6,H } where µ̂i,j,k = Φk µi,j,k
and Σ̂i,j,k = Φk Σi,j,k respectively.

2.2 Testing from video sequences
Given a test sequence, T = {T1 , . . . , Tm } (where m is
the total number of images in the sequence), of an unknown
person, we work as follows. We divide each image into the
six local areas defined above, {Ti,1 , . . . , Ti,6 }, and calculate the probability of each subimage to belong to each of
the learned classes,

P (Ti,j , c) =

H ³
X

´T
´
³
T̂i,j − µ̂c,j,h Σ̂c,j,h T̂i,j − µ̂c,j,h ,

h=1

(2)
where P (Ti,j , c) is the probability of subimage Ti,j to belong to class c and T̂i,j = Φj Ti,j . Then add the result
of each local area together to yield the probability of each
image Ii to belong to class c:
P (Ti , c) =

6
X

P (Ti,j , c) .

(3)

j=1

To have a real probability, the above equation should take
values between zero and one. We can compute the probability (with a value between 0 and 1) of correct classification
according to class c as
P (Ti , c)
Qi,c = PC
,
a=1 P (Ti , a)

(4)

where C is the total number of classes (i.e. people).
Our initial algorithm will use as many images (say,
Pq q) out
of the total m as necessary such that Qc = 1/q i=1 Qi,c
is larger than a pre-specified threshold T for a given c (and,
obviously, q ≤ m). Naturally, the most convenient way
of choosing T is by means of an evaluation set. When the
number of people in our database is large, we find it convenient to use different thresholds for each person.

Wi,j,k = Omax − kO(Ti , Ij,k )k

(5)

where Ij,k is the k th local area of image j. We then normalize these values appropriately,
ci,j,k = PnWi,j,k
W
,
j=1 Wi,j,k

(6)

and redefine Eq. (3) as
P (Ti , c) =

6
X

ci,c,k P (Ti,k , c) .
W

(7)

k=1

Figure 1: We first generate all cropped images according
to the localization error of our localization algorithm.
Then, each face image is divided into six local areas. The
localization error is finally estimated using a mixture of
Gaussians.
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Dealing with Facial Expression
Changes

As mentioned above, the facial expressions in the training
images will generally diverge from some of the expressions
in some of the images of our sequence. Ideally, we would
like to use those images of the sequence that have a similar
expression to those in the training set and discard the rest –
because it is known that the recognition rate decreases when
images with different expressions are used [15, 14, 23].
The first problem to be addressed is, therefore, to estimate the difference in expression between the testing and
each of the images used for training. A common way to do
this is by means of the optical flow approach [4, 3, 22, 14].
More formally, we write O(Ti , Ij ) to represent the optical
flow vector that describes the motion between the expression in Ti and that of Ij , where here Ij is the j th sample
image. Since faces have many motion discontinuities, a robust algorithm (such as Black and Anandan’s [5]) is generally preferred [15].

The reader may have noted that since the motion field between each pair of training and testing images is now known
(i.e., pixel correspondences are available), we could have
morphed one of the faces to equal the shape of the other.
We have indeed experimented with this idea and observed
that the results were comparable to those obtained with the
approach described above but with a higher computational
cost.
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Dealing with Pose Variations

When the face changes orientation with respect to a fix camera, the brightness patterns in the image are distorted. This
problem is exacerbated in appearance-based algorithms, because reconstructing the object would require to recover
both, the shape and radiometric information lost [2, 4].
Similarly to what we did in our previous section, we can
now select those images of the video sequence which have a
similar pose to those images in the training set and discard
the rest. Following this idea, our algorithm works as follows. We first estimate the pose (with respect to the camera)
of the training and testing images. Then, we weight each local area according to the pose similarity between each pair
of training and testing images. Identical pose in both will
require a weight of one. Pose differences of over 90 degrees
a zero weight.

4.1 Pose estimation
eigenspaces

using

view-based

Once we have calculated O(Ti , Ij ), we can estimate
the “usefulness” of each image in our video sequence
as Wi,j = Omax − kO(Ti , Ij )k, where Omax =
max(Ti ,Ij ) kO(Ti , Ij )k. Small values of Wi,j mean that
the expressions in each of the two images (Ti and Ij ) is
very different. Large values imply similar expressions in
both images.

The view-based approach advanced by Pentland and colleagues [17] has been extensively used for object recognition under varying pose as well as for pose estimation
[16, 19]. To do pose estimation, we first need to learn
the subspace (e.g. eigenspace) that represents the images
of all faces as viewed from a given orientation α.1 Formally, let Σα be the sample covariance matrix of a set

We can now use these values to weight each of the probabilities in Eq. (3). To do this, we will need to calculate the
usefulness of each of the local areas, which is given by

1 In this communication, we have only considered rotations about the
y-axis, but our formulation can be extended to deal with the more general
(although rare) case where all three angles are considered.

of sample images with faces at orientation α. Then, the
eigenspace representing those face images at orientation α
is given by the projection matrix Φα whose column vectors are the eigenvectors associated to the p largest eigenvalues of Σα V = VΛ. Therefore, if we have sample images belonging to l different orientations, we will obtain l
eigenspaces; i.e., {Φα1 , . . . , Φαl }.
We can now estimate the pose of any new image, T,
of a face as follows. First, we calculate the distance from
the vector T to each of the subspaces. This can be estimated by the sum of the Euclidean distance from T to each
of our eigenspaces and the Mahalanobis distance from the
projected vector within each of these eigenspaces to their
means. We will denote these distances as {Dα1 , . . . , Dαl }.
Next, we select the d smallest distances (with d ≤ l) and
estimate the pose of T as
d
X
Dα(d−i+1)
θT =
αi
Pd
j=1 Dαj
i=1

(8)

where here αi corresponds to the pose of the face images
represented by the ith closest eigenspace Φαi .

4.2

Weighting local areas

Once the pose of each pair of training and testing images
has been computed, we can calculate the weights for each of
the six local areas of the face. As we argued above, the local
0
weights, Wi,j,k
(where i is the testing image Ti and k is the
th
k local area of the j th training image Ij ), should be one
when the orientation of both images is identical and zero
0
when the difference is above 90 degrees. I.e., Wi,j,k
= 1
0
when θTi = θIj,k and Wi,j,k = 0 when |θTi − θIj,k | ≥ 90o .
Any other difference in between will be approximated using
a linear function as follows:
¡
¢
g |θTi − θIj,k |
0
,
(9)
Wi,j,k = 1 −
90
where
½
θ ≤ 90 : θ
g(θ) =
θ > 90 : 90.

dataset of video sequences that we used for testing. The
training set consists of three neutral face images per person. An example of the training set for one of the subjects
is shown in Fig. 2. The testing set includes three sequences.
The first and second are video sequences of nearly frontal
view faces with random talking; see Fig. 3. The third sequence corresponds to faces with orientations raging from
(roughly) −50o to +50o and with some facial expression
changes, Fig. 4. Our current database consists of twenty
two people.

Figure 2: The three training images for one of the subjects in our database.
For our experimental results, we have used the algorithm
of Heisel et al. [9] to automatically localize the position of
the eyes, mouth and nose of each face. Once these facial
features have been localized, using the differences between
the x and y coordinates of the two eyes, the original image is
rotated until obtaining a frontal view face where both eyes
have the same y value; i.e., atan(ky1 − y2 k/kx1 − x2 k),
where (x1, y1) and (x2, y2) are the right and left eye image
coordinates. A contour algorithm is used to search for the
lateral boundaries of the face (i.e., left and right). The top
and bottom of the face are assigned as a function of the
above features and the face is then warped to a final standard
face of 120 by 170 pixels. Fig. 5 shows the warping results
for the images shown in Fig. 3.
The localization algorithm of the algorithm described in
[9] was found to have an average localization error of about
16 by 16 pixels. In our experiments we also set H = 3 and
d = 3.
In Fig. 6 we show the results of our algorithm on the first
two video sequences which include expression changes. We

We finally redefine Eq. (7) to yield our final probability
equation
P (Ti , c) =

6
X

0
ci,c,k P (Ti,k , c) .
Wi,c,k
W

(10)

k=1
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Experimental Results

To test the approach described above, we have collected a
dataset of static images which we used for training, and a

Figure 3: A few frames of one of the video sequences with
random talking.
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Figure 4: Some frames of a video sequence with faces at
varying pose.
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have compared our results to those obtained with global
PCA (as defined in [20]) and global LDA (as defined in
[1]) where only one frame from the sequence is used. To
obtained these results, we calculated the recognition rate of
every frame of each sequence and then compute the average recognition rate. These results are labelled G-PCA and
G-LDA in the figure.

In Fig. 7 we show the results of both, our method and
our global and local implementations of PCA and LDA, on
the video sequences with faces at varying pose.
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Figure 7: Recognition rates obtained on the sequences
with faces at different pose.
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Figure 5: Example of warped faces.

L−LDA

Figure 6: Shown here are the recognition rates obtained
with our probabilistic algorithm and two implementations of PCA and LDA – one local, one global.

In addition, we have also compared our results to a local
PCA and a local LDA approach. In these two cases, our
local weighted approach defined in this paper was used to
obtain the results. Thus, these methods should be robust
to localization errors, partial occlusions and variations in
pose. However, these two algorithms will only use a single
image. The average recognition rates obtained with these
two methods are labelled L-PCA and L-LDA. These results
show the improvement achieved when using our probabilistic approach in a video sequence rather than using a single
frame; i.e., video versus static.
Of course, we could have also manually localized the
facial features to see how the system works when the localization error is reduced to a minimum. In this case, our algorithm (using video sequences) obtained a recognition rate
of 100% while the local PCA and LDA approaches (which
only use a single frame) do not do better than 92%. As before, the global PCA and LDA approaches felt far behind
with results below 75%.

Our Method L−PCA

Conclusion

In this paper we have shown derivations for an algorithm
that can learn to recognize faces from just a few training
images. While the training process uses static images, the
recognition task is performed over video sequences. Our results show that higher recognition rates are obtained when
we use video sequences rather than statics – even when
the algorithm using static images and that using video sequences address the same problems with exactly the same
techniques.
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