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Abstract
This paper presents an algorithm for modeling, tracking, and recognizing human faces
in video sequences within one integrated framework. Conventional video-based face recognition systems have usually been embodied with two independent components: the tracking
and recognition modules. In contrast, our algorithm emphasizes an algorithmic architecture
that tightly couples these two components within a single framework. This is accomplished
through a novel appearance model which is utilized simultaneously by both modules, even
with their disparate requirements and functions. The complex nonlinear appearance manifold of each registered person is partitioned into a collection of submanifolds where each
models the face appearances of the person in nearby poses. The submanifold is approximated by a low-dimensional linear subspace computed by principal component analysis
using images sampled from training video sequences. The connectivity between the submanifolds is modeled as transition probabilities between pairs of submanifolds, and these are
learned directly from training video sequences. The integrated task of tracking and recognition is formulated as a maximum a posteriori estimation problem. Within our framework, the tracking and recognition modules are complementary to each other, and the
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capability and performance of one are enhanced by the other. Our approach contrasts
sharply with more rigid conventional approaches in which these two modules work independently and in sequence. We report on a number of experiments and results that demonstrate the robustness, eﬀectiveness, and stability of our algorithm.
 2005 Elsevier Inc. All rights reserved.
Keywords: Face tracking; Face recognition; PCA; Appearance manifold

1. Introduction
In the past few decades, there has been intensive research and great strides in
designing and developing algorithms for face recognition with still images. Only until
recently has the problem of face recognition with video sequences started to attract
the attention of the research community [1–4]. This can be partly attributed to the
recent advance in computer hardware. In particular, with low cost cameras and sufﬁciently powerful personal computers, it is now possible to inexpensively implement
a real-time face tracking system (e.g. [5,6]) with good performance. This capability is
the prerequisite for developing real-time video face recognition applications.
Compared with conventional still image face recognition, video face recognition
oﬀers several challenges and opportunity. First, there is the ‘‘alignment’’ problem between the tracking and the recognition modules. A video-based face recognition system invariably has two components, i.e., tracking and recognition modules. Since
tracking and recognition problems have been studied intensively but separately in
the past, these two modules are usually implemented independently and work in sequence. Without any alignment between the two modules, the images returned by the
tracker generally are not be in good agreement with the appearance model used by
the recognition module,1 i.e., misaligned images. Unfortunately, virtually all appearance-based recognition techniques are sensitive to misalignments. Therefore, some
mechanism should be in place to ensure that the images returned by the tracking
module can be correctly processed by the recognition module.
Second, there is the problem of modeling appearance variation of faces for both
the tracking and recognition modules. At the heart of any tracking or recognition
algorithm is an internal representation which deﬁnes the allowable variation in
appearances of the object to be tracked or recognized. Factors such as changes
of viewpoint, shape (deformations, articulations), and illumination, individually
or combined, can cause signiﬁcant image variations in a dynamic environment.
(See Fig. 1). For appearance-based methods, some (if not all) of these image variations should be modeled in order to produce robust results. However, due to their
diﬀerent missions, tracking and recognition modules generally place diﬀerent
emphasis and requirement on their internal model or representation. For

1

In this paper, our main focus is on appearance (or image)-based recognition methods. For face
recognition, it has been argued [7,8] that feature-based techniques are generally less stable and accurate.
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Fig. 1. Other important image variations for video-based face recognition include occlusion by an external
object, expression variation and the combination of the two. For face recognition methods using still
images, identiﬁcation is generally quite diﬃcult with these images.

recognition, the model is required to accurately capture subtle diﬀerences between
the appearances of diﬀerent enrolled individuals in order to correctly recognize
them. For tracking, such ﬁne granularity in detail is unnecessary. Instead, a model
that captures common image features of human faces is preferred, and perhaps
more importantly, the model should be simple and eﬃcient so that the tracking
module can complete its task quickly. Therefore, in developing a combined tracking and recognition system, our challenge is to design a model that is both accurate
and eﬃcient.
Finally, unlike still-image recognition, video-based recognition provides the
opportunity to correctly identify individuals in frames, even though there is not
strong support for a decision solely with image content. As illustrated by the frames
in Fig. 1 in which the faces are occluded, have widely varying facial expression, or
have both events occurring, most still-image systems would likely make mistakes.
One expects that, in a real-world situation, a video sequence will be punctuated by
episodes similar to those shown in the ﬁgure. Yet, the recognition decision prior
to these episodic circumstances can be utilized to assist in determining the correct
identiﬁcation. What is needed, therefore, is a principled method for integrating information and decisions from earlier frames so that robust and stable recognition results are still possible when the conditions are more diﬃcult.
In this paper, we propose a uniﬁed framework and appearance model that address
the aforementioned three problems. Based on this framework, we propose an algorithm that can simultaneously track and recognize human faces. Our solution to the
alignment problem is to abandon the typical two-component architecture in favor of
a tightly integrated tracking/recognition algorithm, in which both the tracker and
recognizer share the same appearance model. The sharing of the model increases
the likelihood of tracker returning results that are in good alignment for the recognizer. Furthermore, while the recognition module keeps a detailed appearance model
for each registered individual, at each frame, the tracker only uses a portion of the
appearance model of an individual identiﬁed by the recognizer. Therefore, the actual
appearance model used by the tracker is small but accurate, and it lessens the trackerÕs computational load considerably.
The appearance model we propose is based on the concept of the appearance
manifold [9], and the actual model is a piecewise linear approximation of the appearance manifold, i.e., a collection of aﬃne subspaces in the image space. During training, we apply a clustering algorithm to partition the training images into clusters,
and the images in each cluster usually come from neighboring poses. Principal com-
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ponent analysis (PCA [10]) can be applied to images in each cluster to yield a lowdimensional linear subspace approximation. The connectivity among the linear subspaces is represented by a transition matrix that encodes the likelihood of observing
transitions between a pair of subspaces in a video sequence. Finally, recognition results from the previous frames and information from the current frame are considered in a Bayesian framework, and a maximum likelihood estimate yields the
recognition result for the current frame. For the experiments, we have collected more
than 50 video sequences with varying degrees of diﬃculty, and scores of experiments
were performed to validate each aspect of our algorithm. The experiments demonstrate that our approach does indeed improve both the tracking and recognition performance, especially when compared with algorithms based on the existing
techniques.
The rest of this paper is organized as follows. We brieﬂy summarize the most relevant works in Section 2. In Section 3, we detail our probabilistic appearance model
and the online tracking and recognition algorithm. Tracking and recognition experiments on a large and diﬃcult collection of video sequences are reported in Section 4.
We conclude this paper with remarks and future work in Section 5. An early version
of our approach to video face recognition, but with a diﬀerent tracking algorithm,
was presented in [11].

2. Related work
While numerous tracking and recognition algorithms have been proposed, in the
vision community, these two topics were usually studied separately. For human face
tracking, many diﬀerent techniques have been proposed, such as subspace-based
methods [6,12], pixel-based tracking algorithms [13], contour-based tracking algorithms [5,14,15], and global statistics of color histograms [5,16]. Likewise, there is
a rich literature on face recognition published in the last 15 years (see [17–19] for surveys). However, most of these works deal exclusively with still images, and in several
cases, [20–22], algorithms for still images are generalized in a straightforward way to
perform video face recognition. In these algorithms, the still image recognition algorithm is applied independently for each frame and temporal voting is used to improve the identiﬁcation rate. Among the few attempts aiming to address the
problem of video-based face recognition in a more systematic and uniﬁed manner,
the methods by Zhou and Chellappa [23], Krueger and Zhou [2], and Liu and Chen
[4] are the most relevant.
Zhou and Chellappa [23] proposed a generic framework to track and recognize
human faces simultaneously by adding an identity variable to the state vector in a
sequential importance sampling method. They then marginalized over all state vectors to yield an estimate of the posterior probability of the identity variable. Though
this probabilistic approach aims to integrate motion and identity information over
time, it nevertheless considers only identity consistency in the temporal domain
and thus may not work well when the target is partially occluded. Furthermore, it
is not clear how one can extend this work to deal with large 3-D pose variation.
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Krueger and Zhou [2] applied an on-line version of radial basis functions to select
representative face images as exemplars from training videos, and in turn this facilitates tracking and recognition tasks. The state vector in this method consists of afﬁne parameters as well as an identity variable, and the state transition probability is
learned from aﬃne transformations of exemplars within training videos in a way
similar to [24]. Since only 2-D aﬃne transformations are considered, this model is
eﬀective in capturing small 2-D motion but may not work well with large 3-D pose
variation or occlusion.
Though no new tracking algorithm was presented, Liu and Chen [4] proposed a
video face recognition algorithm based on a hidden Markov model (HMM). At a
high-level, their recognition algorithm closely resembles ours in several aspects
since our framework also admits a Markovian interpretation. However, our algorithm admits a clear and concise geometric interpretation in terms of the appearance manifolds in the image space, while their algorithm focuses on a more
probabilistic framework. The advantage of having a concise geometric interpretation is that many aspects of our algorithm can be made transparent, both conceptually and implementation-wise. Li et al. [25] applied piecewise linear models to
capture local motion and a transition matrix among these local models to describe
nonlinear global dynamics. They applied the learned local linear models and their
dynamic transitions to synthesize new motion video such as choreography. Our
work bears some resemblance to their method in the sense that both methods utilize local linear models, something advocated in several prior works [9,26,27], and
both learn the relationships among these models [28–31]. In our work, the dynamics is incorporated in a larger probabilistic framework in which the likelihood of
the local linear models are propagated through the transition matrix (i.e., utilizing
temporal information) with the aim of producing stable and robust face recognition results.
Although similarities exist between our algorithm and the works just cited
above, our work diﬀers from theirs in two important aspects. First, none of these
works emphasize the importance of combining tracking and recognition into one
tightly coupled system. In fact, these works (except [25]) are all recognition algorithms, and the important issue of how to provide well-aligned images for the recognition algorithm under diﬃcult imaging conditions seems to have been neglected.
Our point has been that it is diﬃcult to consistently provide good quality tracking
result when a person is undergoing signiﬁcant pose changes (and other tricky factors). Consequently, an important problem for us is how to organize and unify the
two seemingly disparate processes, tracking and recognition, into one single algorithmic framework so that each can improve and enhance the performance of the
other. Perhaps because of the lack of a robust and stable tracker, the experimental
results reported in these prior works seem to have focused on test videos with a
limited range of views (e.g., close to frontal). This limited pose variation can be
suﬃciently modeled by just one linear subspace, thereby making the tracking
and recognition problem easier. Furthermore, the importance of modeling and utilizing dynamics as well as pose transitions cannot be fully revealed from such test
videos.
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Finally, we remark that there are several algorithms that aim to extract 2-D or
3-D face structure from video sequences for recognition and animation [1,8,32–
38]. However these methods require meticulous and complicated procedures to build
2-D or 3-D models, and they do not fully exploit temporal information for
recognition.

3. Mathematical framework
3.1. Motivations
It has been shown that the set of images of an object under all viewing conditions
can be considered as a low-dimensional manifold in the image space [9]. For video
face recognition, the foremost important image variation that needs to be adequately
modeled is due to pose variation, the relative orientation between the camera and the
object, and we limit ourselves to this. Other important image variations such as
shape changes (e.g., expression variation) and partial occlusions are not directly
modeled in this work. Although such variations are likely to occur in video sequences, we will consider their occurrences to be episodic, and tracking and recognition under these episodic circumstances will be tackled in our framework with the aid
of a probabilistic method detailed later.
If the appearance manifold of a face is known, tracking and recognition become
straightforward. Suppose there is a set of N faces (indexed by k) that we wish to track
and recognize. Let Mk denote the appearance manifold of person k, and {F1, . . . , Fl}
denotes a video sequence of l frames. For each frame, the tracking/recognition system produces an estimate of the faceÕs location in the image and also its identity. In
this work, the location of a face in an image is speciﬁed by a rectangular region that
contains the face, and the rectangular region is represented by a set u of ﬁve parameters, specifying the rectangular regionÕs center (in image coordinates), its width and
height as well as its orientation. If f (u, Ft) denotes the cropping function (f returns
the subimage I of Ft enclosed in the rectangular region speciﬁed by u), our tracking
and recognition algorithm can be succinctly summarized by the following optimization problem
ðut ; k t Þ ¼ arg min dðf ðu; F t Þ; M k Þ;
u;k

2

ð1Þ

where d (I, Mk) denotes the usual L distance between an image and manifold Mk.
The pair ðut ; k t Þ is the tracking/recognition result for frame t.
The simplicity of the form of Eq. (1) disguises its complexity as well as the practical diﬃculty of trying to solve it directly. First, the domain of the optimization
(u, k), can be very large. Unlike [6], Eq. (1) does not provide a closed form formula
for the gradients since this almost always requires Mk to have a closed form
description (e.g., algebraic equations), which is not available to us. Therefore, optimization techniques for continuous objective functions are not available. One possible solution is to discretize the domain and solve the optimization problem on the
discretized domain, by drawing a large number of samples of u, and ﬁnding the
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minimum among the samples. Note that k indexes a discrete variable not a continuous one; therefore, the actual number of samples is the product of the number of
samples for u and the number N of individuals to be recognized. If the number of
samples for u is large (which is usually the case), even a small N would have generated a great quantity of samples for the algorithm to process and hence invariably
limit its performance. To reduce the number of necessary samples, we minimize
each variable in Eq. (1) independently, i.e., minimize u with ﬁxed k and vice versa:
ut ¼ arg min dðf ðu; F t Þ; M kt1 Þ;

ð2Þ

k t ¼ arg min dðf ðut ; F t Þ; M k Þ:

ð3Þ

u

k

The two suboptimization problems correspond exactly to the tracking and recognition problems, respectively. In Eq. (2) we are solving a tracking problem with
appearance model provided by Mk, whereas Eq. (3) is a recognition problem using
the tracking result u as the input. Therefore, within this framework, the recognizer
uses the trackerÕs result as input, and it updates the internal appearance model used
by the tracker through the identity variable k. The tight coupling between the tracking and recognition components is achieved via the shared appearance models
M1, . . . , MN. Another diﬃculty of solving Eq. (1) directly is related to the deﬁnition
of the L2 distance d (I, Mk) between an image I and a manifold Mk in the image
space. By deﬁnition, d (I, Mk) = d (I, x*) with x* is a point on Mk having minimal
L2 distance to I (See Fig. 2). Even if an analytic description of Mk were available,
ﬁnding x* is generally not an easy problem. In our case Mk is, at best, modeled by
a modest number of images sampled from it; therefore, Mk is available to us only
through a very coarse and sparse representation with many ‘‘gaps’’ in which we have
inadequate or incomplete information. The main focus of our work is to provide an
eﬀective deﬁnition for d (I, Mk) that works for a coarse representation of Mk.
3.2. Probabilistic face recognition
Probabilistically, we can modify Eq. (3) slightly by deﬁning the conditional probability p (k|I) (given image I, the likelihood that it originated from person k) as

Fig. 2. Appearance manifold. A complex and nonlinear manifold Mk can be approximated as the union of
several simpler submanifolds; here, each submanifold Cki is represented by a PCA plane.
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1
1 2
pðkjIÞ ¼ exp
d ðI; M k Þ ;
K
r2
where K is a normalization term, and for a given cropped image I,
k  ¼ arg max pðkjIÞ:

ð4Þ

ð5Þ

k

To implement this scheme, one must be able to estimate the projected point
x* 2 Mk, and then the image to model distance, d (I, Mk), can be computed for a given cropped region I from Ft and for each Mk. However, such distances can be computed accurately only if Mk is known exactly. In our case, Mk is usually unknown
and can only be approximated with samples. We provide a probabilistic framework
for estimating x* and d (x*, I). Note that if we deﬁne the conditional probability
pM k ðxjIÞ to be the probability that among points on Mk, x* has the smallest L2 distance to I, then
Z
dðI; M k Þ ¼
dðx; IÞpM k ðxjIÞdx;
ð6Þ
Mk

and Eq. (3) is equivalent to
Z
k  ¼ arg min
dðx; IÞpM k ðxjIÞdx:
k

ð7Þ

Mk

Here, d (I, Mk) can be viewed as the expected distance between an image I and the
appearance manifold Mk. If Mk were fully known or well-approximated (e.g., described by some algebraic equations), then pM k ðxjIÞ could be treated as a d-function
at the set of points with minimal distance to I. When suﬃciently many samples are
drawn from Mk, the expected distance d (I, Mk) will be a good approximation of the
true distance. The reason is that pM k ðxjIÞ in the integrand of Eq. (6) will approach a
delta function with its ‘‘energy’’ concentrated on the set of points with minimal distance to I. In our case, Mk is approximated, at best, through a sparse set of samples,
and so we will model pM k ðxjIÞ with a Gaussian distribution.
Since the appearance manifold Mk is nonlinear, it is reasonable to decompose Mk
into a collection of m simpler disjoint submanifolds, Mk = Ck1 [    [ Ckm, with Cki
denoting a submanifold in a decomposition of person kÕs appearance manifold.
Each Cki is assumed to be amenable to linear approximations by a low-dimensional linear subspace computed through principal component analysis (i.e., a
PCA plane). We deﬁne the conditional probability p (Cki|I) for 1 6 i 6 m as the probki
ability that
PmC kicontains a point x with minimal distance to I. With
pM k ðxjIÞ ¼ i¼1 pðC jIÞpCki ðxjIÞ, we have
Z
Z
m
X
ki
dðI; M k Þ ¼
dðx; IÞpM k ðxjIÞdx ¼
pðC jIÞ
dðx; IÞpCki ðxjIÞdx
Mk

¼

m
X

i¼1

pðC ki jIÞdðI; C ki Þ:

C ki

ð8Þ

i¼1

The above equation shows that the expected distance d (I, Mk) can be treated as
the expected distance between I and each Cki. In addition, this equation transforms
the integral to a ﬁnite summation which is feasible to compute numerically.
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Fig. 3. Diﬃculty of frame-based tracking/recognition: The two solid curves denote two diﬀerent
appearance manifolds, MA and MB. It is diﬃcult to reach a decision on the identity from frame It3 to
frame It because these frames have smaller L2 distance to appearance manifolds MA than MB. However, by
looking at the sequence of images It6 . . . It + 3, it is apparent that the sequence has most likely originated
from appearance manifold MB.

For face tracking/recognition in video sequences, we can exploit temporal coherence between consecutive image frames. As shown in Fig. 3, the L2 distance may
occasionally be misleading during tracking/recognition. But if we consider previous
frames in an image sequence rather than just one, then the set of closest points x* will
trace a curve on a submanifold Cki. In our framework, this is embodied by the term
p (Cki|I) in Eq. (8). In Section 3.3, we will apply Bayesian inference to incorporate
temporal information to provide a better estimate of p (Cki|I) and thus d (I, Mk); this
will then yield better tracking/recognition performance.
3.3. Computing pðC kit jI t Þ: incorporating dynamics
For tracking/recognition from a video sequence, we need to estimate pðC kit jI t Þ for
each i and k at time t. To incorporate temporal information, pðC kit jI t Þ should be taken as the joint conditional probability pðC kit jI t ; I 0:t1 Þ where I0:t1 denotes the frames
from the beginning up to time t  1. We further assume It and I0:t1 are independent
given C kit , as well as C kit and I0:t1 are independent given C kit1 . Using BayesÕ rule and
these assumptions, we have the following recursive formulation:
pðC kit jI t ; I 0:t1 Þ ¼ apðI t jC kit ; I 0:t1 ÞpðC kit jI 0:t1 Þ
m
X
kj
pðC kit jC kj
¼ apðI t jC kit Þ
t1 ; I 0:t1 ÞpðC t1 jI 0:t1 Þ
j¼1

¼ apðI t jC kit Þ

m
X

kj
pðC kit jC kj
t1 ÞpðC t1 jI t1 ; I 0:t2 Þ

j¼1

¼ apðI t jC kit Þ

m
X
j¼1

pðC ki jC kj ÞpðC kj
t1 jI t1 ; I 0:t2 Þ;

ð9Þ
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Fig. 4. Dynamics among the submanifolds Cki. The dynamics is learned from training videos which
describes the probability of moving from one submanifold Cki to another Ckj at any time instant.

where a is a normalization term to ensure a proper probability distribution, and we
assume that the transition probability is time invariant.
The temporal dynamics of face motion is captured by the transition probability
kj
ki
between the manifolds, pðC kit jC kj
t1 Þ. Namely, pðC t jC t1 Þ is the probability of the
ki
observation It being generated from C t given that a previous observation It1
kj
ki
was generated from the submanifold C kj
t1 . The transition probability pðC t jC t1 Þ
is assumed to be independent to t, and it encodes the temporal coherence of human motion as one cannot move suddenly from Cki to Ckj if these two submanifolds are not connected or with low probability (e.g., one cannot move from the
leftmost pose to rightmost pose without going through some intermediate pose)
(see Fig. 4).
3.4. Learning manifolds and dynamics
For each person k, we collect at least one video sequence containing l consecutive
images Sk = {I1, . . . , Il}. We further assume that each training image is a fair sample
drawn from the appearance manifold Mk. There are three steps in the learning algorithm. We ﬁrst cluster these samples into m disjoint subsets {S1, . . . , Sm}. For each
collection Ski, we can consider it as containing points drawn from some submanifold
Cki of Mk, and from the images in Ski, we construct a linear approximation to the Cki
of the true manifold Mk. After all the Cki have been computed, the transition probabilities p (Cki|Ckj) for i 6¼ j are estimated.
In the ﬁrst step, we apply a K-means clustering algorithm to the set of images
in the video sequences. We initialize m seeds by ﬁnding m frames from the training videos with the largest L2 distance to each other. This process can be easily
realized by the following greedy search procedure. First an initialized seed is selected randomly, and then the remaining m  1 seeds are iteratively selected to
each maximize the average L2 distance to the seeds already selected. Then the
general K-means algorithm is used to assign images to the m clusters. As our goal
in performing clustering is to approximate the data set rather than to derive
semantically meaningful cluster centers, it is worth noting that the resulting
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clusters are no worse than twice what the optimal center would be if they could
be easily found [39].
Second, for each Ski we obtain a linear approximation of the underlying subset
Cki  Mk by computing a PCA plane Lki of ﬁxed dimension for the images in Ski.
Since the PCA planes approximate the appearance manifold Mi, their dimension
is the intrinsic dimension of M, and therefore the dimensions of all PCA planes Li
are taken to be the same.
Finally, the transition probability p (Cki|Ckj) is deﬁned by counting the actual transitions between diﬀerent Si observed in the image sequence
pðC ki jC kj Þ ¼

l
1 X
dðI q1 2 S ki ÞdðI q 2 S kj Þ;
0
Kki q¼2

ð10Þ

where d (Iq 2 Skj) = 1 if Iq 2 Skj, and otherwise it is 0. The normalizing constant K0ki
ensures that
m
X
pðC ki jC kj Þ ¼ 1;
ð11Þ
j¼1

where we set the diagonal terms, p (Cki|Cki), to a small constant j. A graphical representation of a transition matrix with m = 5 learned from a training video is depicted in Fig. 5.
With Cki and its linear approximation Lki deﬁned, we can deﬁne how p (I|Cki) can
be calculated. We can compute the L2 distances d^ki ¼ dðI; Lki Þ from I to each Lki.

Fig. 5. Graphical representation of a transition matrix learned from a training video. In this illustration,
the appearance manifold is approximated by ﬁve linear subspaces. The reconstructed center image of each
subspace is shown at the top row and column. The transition probability matrix is drawn by the 5 · 5
block diagram. The brighter block indicates a higher transition probability. It is easy to see that the frontal
pose (pose 1) has higher probability to change to other poses; the right pose (pose 2) has almost zero
probability to change directly to the left pose (pose 3).
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We treat d^ki as an estimate of the true distance from I to C ki, i.e., d (I, C ki) = d (I, Lki).
p (I|C ki) is deﬁned as


1
1 ^2
ki
pðIjC Þ ¼ 00 exp
d
ð12Þ
Kk
2r2 ki
Pm
2
1 ^
with K00k ¼ i¼1 expð2r
2 d ki Þ.
3.5. Face tracking and recognition from video sequences
In this section, we outline our tracking/recognition algorithm. The more detailed
algorithm is summarized in Fig. 6. Conceptually, the tracker and recognizer compute
Eqs. (2 and 3), respectively. Given the current frame Ft from a video sequence and
assuming that the tracking result for the previous frame is ut1 , the tracker samples
a collection of subimages speciﬁed by diﬀerent u based on a Gaussian distribution
centered at ut1 .2 Eq. (13) is evaluated by the tracker (with f as the cropping function)
ut ¼ arg min dðf ðu; F t Þ; C kit1 Þ:
u

ð13Þ

The tracker determines a subimage I t ¼ f ðut ; F t Þ which has the shortest distance
to the submanifold C kit1 determined in the previous frame. Next, the recognizer uses
the subimage It returned by the tracker to compute the distance d (It, Mk) for each
person k using Eq. (8). Note that pðC kit jI t Þ has a temporal dependency, and it is computed recursively using Eq. (9). Once all d (It, Mk) have been computed, the posterior
p (k|It) is computed by Eq. (4), and the recognition result is decided by Eq. (7).

4. Experiments and results
In this section, we describe experimental evaluations of our tracking/recognition
algorithm. The aim for these experiments is to demonstrate that all of the new ideas
introduced in this paper (namely probabilistic modeling of temporal coherence, transition matrix, tracking with identity and local linear approximations) do enhance
and improve the performance of the combined tracking/recognition system considerably. Comparisons with algorithms based on well-known existing techniques are
also presented.
4.1. Data preparation and training process
Due to the lack of any standard video database for evaluating face tracking/recognition algorithms, we collected a set of 52 video sequences of 20 diﬀerent persons
for the task of testing our system. Each video sequence is recorded by a SONY EVI
D30 camera in an indoor environment at 15 frames per second, and each lasted for at
2

More sophisticated sampling techniques for non-Gaussian distributions (e.g., the CONDENSATION
algorithm [40] for incorporating dynamic changes in probability distributions) can also be applied.
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Fig. 6. Summary of the proposed tracking and recognition algorithm.
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least 20 s. The resolution of each video sequence is 640 · 480. Every individual is recorded in at least two video sequences. Since we believe that pose variation provides
the greatest challenge to recognition, all the video sequences contain signiﬁcant 2-D
(in-plane) and 3-D (out-of-plane) head rotations. In each video, the person rotates
and turns his/her head in his/her own preferred order and speed, and typically in
about 15 s, the individual is able to provide a wide range of diﬀerent poses. In addition, some of these sequences contain diﬃcult events which a real-world tracker/recognizer would likely encounter, such as partial occlusion, face partly leaving the ﬁeld
of view, and large scale changes, etc. The data set and all tracking and recognition
results are available for download at http://vision.ucsd.edu/kriegman-grp/
research/vfr/.
We selected 20 video sequences, one for each individual, for training, and the
other 32 sequences are left for testing. The main part of the training procedure is
to compute the local linear approximations of each personÕs appearance manifold
as well as the connectivity between these local approximations as detailed in Section
3.2. For this, a simple face tracker (a variant of the EigenTracker of [41,12]) was applied to each training sequence. The tracker returns a cropped face image for each
frame, and these cropped images are the training images used to compute the
approximation of the appearance manifold for each individual. All of the cropped
images produced by the tracker are visually inspected. This manual intervention during the training process is inevitable and necessary because the simple EigenTracker
used here is prone to loose the target, and it needs to be re-initialized after each failure. The cropped images are down-sampled to a standard size of 19 · 19 pixels because the tracking windows from diﬀerent frames are generally of diﬀerent sizes.
Appendix A shows a supplementary experimental result to demonstrate that the
cropped images with the standard size of 19 · 19 pixels are eﬀective to perform video-based face recognition. So in these experiments, the appearance manifolds are
subsets of
. Fig. 7 displays some of the cropped and normalized images used
as training images.
In our current implementation, the local linear approximation of each appearance
manifold contains ten 10-dimensional subspaces. Experiments shown in [11] have
demonstrated that this setting eﬀectively captures the structure of the appearance
manifold for video-based face recognition. The cropped and normalized images from
each individual are grouped into 10 clusters using the K-means clustering algorithm
described earlier. A 10-dimensional subspace is computed from the images in each
cluster using PCA. As described in the previous section, the connectivity between different subspaces is modeled by a transition matrix M, where each matrix entry
0 6 Mij 6 1 models the probability that a transition occurs between subspaces indexed by i and j. Mij is computed by counting the number of transitions between subspaces indexed by i and j occurring in a training video sequence (as in Eq. (10)).
4.2. Tracking experiments
Here, we present qualitative and quantitative studies of the eﬀectiveness of our
tracking algorithm.
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Fig. 7. Samples of the training videos used in the experiments. All sequences contain signiﬁcant pose
variation.

4.2.1. Tracking: qualitative results
Fig. 8 displays the tracking results for ﬁve key frames from ﬁve diﬀerent video sequences. The results demonstrate that besides signiﬁcant pose variation, our tracker
is capable of delivering precise tracking results under diﬃcult external conditions
including partial occlusion, expression variation as well as large size changes. Note
that none of these conditions is present in the training video sequences and hence,
they are not modeled by our tracking algorithm. Therefore, the (trained) tracker
might not be expected to handle these distractions well. However, the reason why
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Fig. 8. Qualitative tracking results for ﬁve diﬀerent video sequences. Each row displays a set of ﬁve key
frames from a video sequence.

it quite accurately tracks the intended target is largely because at any instance, the
tracker uses an appearance model (linear subspaces) that represents a speciﬁc individual identiﬁed by the recognizer.
The importance and eﬀect of using the correct appearance model for tracking is
illustrated in Fig. 9. In this experiment, the same sequences shown in Fig. 8 are presented to the tracker, but now the incorrect appearance model is used by the tracker.
Consequently, the tracking results no longer exhibit the same degree of robustness.
Although incorrect appearance models are used, the tracker nevertheless still uses an
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Fig. 9. Compared with the tracking results displayed in Fig. 8, the results here are inaccurate. By replacing
the correct appearance manifold Mk with a ‘‘similar’’ but diﬀerent appearance manifold Mk0 , the results
are not robust against partial occlusion and expression variation.

appearance model that closely resembles the face in each sequence. These experiments indicate that a detailed and accurate appearance model can provide a certain
degree of robustness against partial occlusion and expression changes. One possible
explanation is that the more accurate appearance model can provide better matching
for the portion of the face that is not occluded or still remains in the same expression.
For the inappropriate appearance model, this may not be possible and the trackerÕs
output is usually misaligned. Comparisons with traditional subspace-based trackers
[12,6] are also illuminating. These trackers usually employ less speciﬁc appearance
models,3 and they require a separate mechanism to handle partial occlusion such
as the iterative re-weighted least square method in [6] and nonlinear robust matching
in [12]. In contrast, our tracker contains no mechanism speciﬁcally for dealing with
occlusion.
Tracking results using two other trackers are shown in Fig. 10. The two-framebased tracker is perhaps the simplest tracker in that the trackerÕs appearance model
consists of only the tracking result from the previous frame. Another tracker used for
comparison is a variant of the EigenTracker [12] is a subspace-based algorithm, and
in this respect it is technically very similar to ours. The appearance model of the
tracker is deﬁned by one single 30-dimensional PCA subspace computed from our
training images. However, our implementation of this EigenTracker diﬀers from
3

In a sense, our appearance model is person-speciﬁc while the general subspace-based trackers do not
use appearance models as detailed as ours.
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Fig. 10. Qualitative comparison among our tracker, two-frame-based tracker, and EigenTracker. For
each frame, the tracking result is shown with a white rectangle, and the ground truth is represented by a
gray thin rectangle. Five key frames, the 22nd, 106th, 127th, 187th, and 287th, of a test sequence totaling
320 frames are displayed. The accuracy value deﬁned by Eq. (14) is shown below each frame.

the original EigenTracker of [12] in two aspects. First, for comparison purpose, the
robust matching [12] is omitted since our tracker has no such component. Second
and less importantly, the gradient descent in [12] is replaced by the samplings of windows on the screen, exactly as in our tracking algorithm. The major diﬀerence between this tracker and ours is that of a single global subspace vs. a collection of
local subspaces. As the ﬁgure shows, both trackers can still claim that they can stay
with the target. However, because the overall aim is to correctly identify the person
in the video, misaligned tracking results provided by the two trackers are quite ineffective for any image-based recognition algorithm.
4.2.2. Tracking: quantitative results
To quantitatively evaluate trackers, we need a measure to compare a tracking result (a rectangle) with ‘‘ground truth’’. Let W T ¼ ðxTx ; xTy ; xTw ; xTh ; xTh Þ and
W G ¼ ðxGx ; xGy ; xGw ; xGh ; xGh Þ denote two rectangular regions in an image, where
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(xx, xy) speciﬁes the center of the rectangle, (xw, xh) speciﬁes its width and height,
and xh denotes the angular orientation. The similarity between these two rectangular
regions is deﬁned as
!
2
5
X
ðxTi  xGi Þ
T
G
SðW ; W Þ ¼ exp
;
ð14Þ
r2i
i¼1
where the weights, ri, are used to control the sensitivity of the similarity measure.
The exponential ensures that the largest value is 1, and this occurs only when the
two rectangular regions coincide.
With the similarity between two rectangular regions deﬁned by Eq. (14), the
accuracy of a tracking result can be deﬁned by computing the similarity between
the rectangular region returned by the tracker and a rectangular region deemed
as the ‘‘ground truth.’’ To obtain the ‘‘ground truth,’’ we manually inspect all
images in a video sequence and select a rectangular region containing the face.
Fig. 10 displays several accuracy values computed for ﬁve frames of a video sequences (with 319 frames) using three diﬀerent trackers, and Fig. 11 plots the accuracy values of the entire sequence. In the plot, the tracker is considered ‘‘lost’’ if
the accuracy value is smaller than 0.1. Once the tracker is declared lost, we re-initialize the tracker to the rectangular region represented by the ‘‘ground truth’’ and
continue the tracking process. The re-initializations are seen in the plot by the

Fig. 11. Quantitative comparisons among our tracker, a two frame-based tracker, and the EigenTracking
algorithm for the test sequence shown in Fig. 10. The abscissa represents the frame number, and the
ordinate represents the accuracy deﬁned by Eq. (14).
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vertical jumps. In these experiments, the values for r1, . . . , r5 are set to 8.45, 6.39,
9.64, 10.10, 4.31, respectively. These numbers are determined as follows. We apply
our tracker to all the test video sequences. For each i, 1 6 i 6 5 and each frame, we
compute xTi  xGi , where xGi is the ‘‘ground-truth’’ result and xTi is our trackersÕ
output. Each ri is simply the standard deviation of xTi  xGi gathered from all
the test video sequences.
As can be seen from these plots, our tracker is almost always more accurate than
the other two trackers. The two-frame-based tracker was declared lost only once, but
in general it was less accurate than the other two competing trackers. The plot for the
two-frame-based tracker also indicates the inevitable error accumulated by the tracker; the accuracy degrades continuously and noticeably throughout the sequence. The
EigenTracker, on the other hand, is more accurate than the two frame-based tracker
on average. The EigenTracker works well when the images lies close to the EigenSubspace. However, there are certain portions of the video sequence which are
poorly modeled with the single subspace used by the EigenTracker. The result is signiﬁcant degradation in tracking accuracy for these frames, and almost invariably, it
causes the tracker to lose the target.
An alternative criterion to compare the robustness of the trackers is to count the
number of times a tracker loses the target. For the results in Fig. 11, we have used a
threshold value of 0.1 to deﬁne failure of a tracker, and certainly this value can be
varied. Fig. 12 shows a plot of the number of tracking failures for the three trackers
as the threshold is varied. This demonstrates that our tracker outperforms the other
two trackers by a signiﬁcant margin.
The experimental results reported in this section have provided direct empirical
support for our claim that in a face tracking/recognition system, the two processes

Fig. 12. In the plot, the abscissa denotes the threshold values used to deﬁne tracking failures, and the
ordinates represents the number of failures. Once the tracker is declared lost (when the accuracy value is
smaller than the threshold value), it is re-initialized and continued. A total of 32 videos with 9866 frames
were used in this experiment.
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should not be completely independent from each other. Instead, each should enhance
the performance of the other. In our algorithm, the recognizer provides the personÕs
identity for the tracker, and the tracker selects for each frame the appropriate
appearance model to use based on the recognition result. The results reported above
strongly indicate that a robust and stable tracker can be obtained based on the simple principle of integrating a tracker and a recognizer.
4.3. Recognition results
In this section, we report on three diﬀerent sets of experiments to test various aspects of the recognition component of our algorithm. Simple video face recognition
systems can be implemented by performing face recognition at each frame independently using existing techniques such as Eigenfaces [10] and Fisherfaces [42]. Our
algorithm diﬀers from these frame-based algorithms through the use of a probabilistic model that integrates recognition results across diﬀerent frames. The ﬁrst set of
experiments demonstrates that these frame-based recognition methods do not have
comparable recognition performance to ours. With the importance of using temporal
information established, the second set of experiments shows that our probabilistic
model oﬀers considerably better robustness and stability than the usual majority voting method, one of the most popular and simplest methods for integrating recognition results across time. While the ﬁrst two sets of experiments demonstrate that our
algorithm provides robust and stable recognition results for video sequences containing a single individual, the third set of experiments shows that our algorithm can also
swiftly and correctly detect a change in identity.
4.3.1. Comparisons with frame-based algorithms
Table 1 shows the results of comparing our algorithm with four frame-based recognition algorithms. The error rates are computed by taking the ratio of the number
of correctly recognized frames and the total number of frames used in the experiment.4 All algorithms listed in Table 1 use the same collection of training images,
and excluding our algorithm, they simply perform face recognition for each frame
using their respective methods. For our algorithm, each individual is represented
by ten 3-D local PCA subspaces, and the transition probabilities. The Ensemble
of LPCA (eLPCA for short) shares the same collection of local linear subspaces
as our method, but without using the transition probabilities. eLPCA computes
the distance between each test image and all local PCA subspaces, and it returns
the identity associated with the subspace that gives the minimal distance to the test
image. This method can be considered as using a set of local linear models to approximate a global appearance manifold without deﬁning any connectivity between these
local models.

4
A total of 32 video sequences of 20 individuals with 9866 frames were used in all the recognition
experiments. Eleven video sequences with 3186 frames contain signiﬁcant partial occlusions. The other 21
video sequences with 6680 frames contain only pose and expression variations.
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Table 1
Recognition accuracy comparing frame-based methods and the proposed method
Method

Comparison of recognition methods
Proposed method
Ensemble of LPCA
Eigenfaces
Fisherfaces
Nearest Neighbor

Accuracy (%)
Videos w/o occlusion

Videos with occlusion

98.8
76.9
69.3
74.5
81.6

97.8
70.3
53.7
65.4
76.3

The next three methods are all standard image-based face recognition algorithms. The linear projection space used by Fisherfaces [42] is set to 19 (i.e., the
number of classes minus 1). As for the Eigenfaces method [10], a global PCA subspace of dimension 30 is used to linearly reduce all training data. In both Fisherfaces and Eigenfaces methods, all training images are projected to the respective
subspaces and the usual K-means clustering algorithm is applied to the projected
data to yield 40 clusters for each individual.5 For each test image, both algorithms
compute the distances between the projected test image and these cluster centers,
and the algorithms return the identity associated with the cluster centers that gives
the minimal distance. The Nearest Neighbor method (NN) does not require any
projection, and the training images are directly clustered in the image space to yield
40 clusters for each individual. The rest of the algorithm is the same as in
Eigenfaces.
The results in Table 1 demonstrate that our algorithm oﬀers better recognition performance. Furthermore, the results with the occlusion sequences illustrate the robustness and stability of our algorithm. While our algorithm barely acknowledges the
challenges posed by the occlusion sequences, the recognition performance of all other
algorithms has degraded considerably. Though it may not seem to be fair to compare
with frame-based recognition algorithms, these baseline experiments suggest that
frame-based methods may not work well in an unconstrained environment where there
are large pose changes. There are essentially two important problems as we mentioned
earlier, the nonlinear nature of the appearance manifold due to signiﬁcant pose variations and our inability to densely sample images from it. The comparison between eLPCA and the two classical linear methods (Eigenfaces and Fisherfaces) illustrate the ﬁrst
point. Because eLPCA uses local linear subspaces to approximate the nonlinear
appearance manifold, it is expected to provided a more accurate approximation, especially when compared with Eigenfaces which uses only one subspace for modeling pose
variation. While eLPCA uses local linear approximations, the Nearest Neighbor directly samples points from the appearance manifold. We have used forty images for

5
In our algorithm, each individual is represented by ten aﬃne subspaces of dimension three. Each
subspace is represented by its center and three orthogonal vectors. This is equivalent to four images
(vectors), and hence each individual is represented by 40 images (vectors) in our algorithm.
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each individual in the Nearest Neighbor method. This is by no mean a dense sampling
of the appearance manifold, and therefore, there are ‘‘gaps’’ in which in which the personÕs appearance cannot be adequately modeled. In a frame-based algorithm, these
‘‘gaps’’ are problematic and they usually cause incorrect recognition. Denser sampling
would likely produce better recognition results, but at the expense of requiring longer
computation. The experimental results show that our algorithm correctly ﬁlls in these
gaps most of the time.
The conclusion we draw from the experiments is quite diﬀerent from that reported
by the Face Recognition Vendor Test 2002 (FRVT 2002) [43,44], which claimed that
temporal information (i.e., videos) does not enhance nor improve face recognition
performance. In particular, there are comparisons in FRVT 2002 that show no signiﬁcant diﬀerence between video and still-image face recognitions. Since no detail of
the video face recognition algorithms used by the vendors are available to us, we do
not know if algorithms similar to ours have been tested using FRVT 2002 video data.
However, we notice that most of the images used in FRVT 2002 are well-cropped
frontal face images, and large pose variation and partial occlusion rarely appear
in test images. In our framework, the frontal pose is modeled by just one subspace.
Applying our algorithm to FRVT 2002 image data would probably result in no transition between subspaces, and hence, no temporal information being used. This indicates the possibility that the conclusion concerning video face recognition presented
in [43,44] may be more data-speciﬁc instead of a more general observation.
4.3.2. The eﬀect of transition matrix P (Cki|Ckj)
In this set of experiments, we demonstrate that the transition matrix, p (Cki|Ckj), in
our algorithm does capture the image dynamics suﬃciently to improve recognition
rates. Certainly, other temporal strategies for integrating recognition results across
diﬀerent frames are possible. Temporal voting (or majority voting) is the most
well-known (e.g. [20,45,22]), and we augmented the eLPCA method described earlier
with a temporal voting scheme (using voting windows of size 30). The additional recognition algorithm (Temporal Voting in Table 2) is similar to our algorithm except
that our algorithm has a more sophisticated probabilistic model for integrating temporal information. For the second method (Uniform Transition in Table 2), we ran
our algorithm with all the entries in the transition matrix set to a default constant.
The main diﬀerence between this algorithm and ours is that although transitions between diﬀerent subspaces are summed in both algorithms, this algorithm counts all

Table 2
Recognition results using various temporal strategies
Temporal strategy

Comparison of temporal strategies
Proposed method
Temporal Voting
Uniform Transition

Accuracy (%)
Videos w/o occlusion

Videos with occlusion

98.8
84.2
80.1

97.8
74.4
70.2
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transitions with equal weight (same p (Cki|Ckj), see Eq. (9)) while ours associates each
transition with diﬀerent weights (likelihood p (Cki|Ckj)) learned from the training video sequences.
The experimental results demonstrate that utilizing the transition probabilities
does improve recognition performance. Again, the results for occlusion sequences
are quite striking in that the two methods suﬀer from substantial performance degradations at the same time our algorithm holds its own ground quite well. The comparison between Temporal Voting and eLPCA is also quite illuminating. While as
expected the Temporal Voting method (being based on eLPCA) outperforms eLPCA, it suﬀers more serious performance degradation than eLPCA for the challenging
occlusion sequences.
4.3.3. Abrupt changes in identity
The previous two experiments have demonstrated the stability and robustness of
our recognition algorithm. In particular, after converging quickly to the correct identity, the algorithm almost always returns the same identity in the subsequent frames.
Because every video sequence used in the experiments contains only one individual, it
is possible that our algorithm, after the initial convergence, becomes stationary and
gets stuck with the same identity. Other works in video face recognition (e.g. [2])
have also reported similar fast initial convergence of the recognition result. One possible way to investigate this issue is to re-initiate the recognizer every time after the
convergence has been reached and stabilized such as in [2]. Since there is no such
mechanism in our algorithm, we need to demonstrate that the stability of our algorithm is not the consequence of the algorithmÕs ﬁxation on one particular individual.
To this aim, we show that our algorithm can swiftly and correctly detect changes in
identity when the situation demands.
For this experiment, we created 500 image sequences by concatenating two consecutive segments from two video sequences of diﬀerent individuals, who were selected at random. Since these unnatural image sequences are usually diﬃcult for
the tracker to render correct results, instead we concatenate sequences of cropped
images that we gathered in the tracking experiment. The ﬁrst part of each sequence
contains 100 consecutive frames from one individual and the second part contains 50
frames from another individual. The objective of the experiment is to allow our recognizer to stabilize its recognition result during the ﬁrst 100 frames and then to
examine its response to a sudden and abrupt change in identity. Our algorithm is
tested on all 500 image sequences and for each sequence, we record the number of
frames needed for the recognizer to correctly identify the individual in the 101th
frame. Fig. 13 displays a histogram of the experiment results.
For the 500 sequences, our algorithm requires, on average, 3.5 frames to recover
the correct identity, with standard deviation of 4.8 frames and median of 2 frames.
Surprisingly, the recognizer can immediately detect the change in about 20% of the
sequences, and for more than 90% of the sequences, it takes fewer than ten frames
for our recognizer to recover the correct identity. Depending on the videoÕs frame
rate, this roughly corresponds to one third of a second, which is acceptable for many
applications. For the Temporal Voting method (with window size 30), it takes, on

K.-C. Lee et al. / Computer Vision and Image Understanding 99 (2005) 303–331

327

Fig. 13. A histogram of the experiment results. The abscissa denotes the number of frames needed for our
algorithm to switch to the correct identity. The ordinate axis denotes the number of image sequences. 500
image sequences were used in the experiment.

average, 15 frames for the algorithm to correctly detect the change. Both our method
and the Temporal Voting method integrate recognition results over time; therefore,
lags in their correct responses to identity change are expected. On the other hand, the
single-frame based algorithm can usually detect the change immediately because previous recognition results have no inﬂuence on the present recognition process. In this
experiment, the eLPCA method almost always correctly identiﬁes the change after
only one frame. However, as we mentioned before, eLPCA method does not give
comparable recognition performance to our method, and for the 500 image sequences, the overall recognition rate for our method and for eLPCA are 93.41
and 78.92%, respectively (compare with Table 1). Overall, our algorithm achieves
superior recognition performance with a small lag in response time in the event of
an identity change.

5. Conclusion and future work
We have presented a novel framework for face recognition and tracking in video
sequences that tightly couples tracking and recognition components. In this new
framework, both the tracking and recognition components share the same appearance model to minimize the misalignment between the trackerÕs output and the recognizerÕs input. The appearance of each face is modeled by a collection of linear
subspaces in the image space. Speciﬁcally, each PCA subspace approximates a collection of training images with similar appearances. Conceptually, the collection of
subspaces constitutes a piecewise linear approximation of the objectÕs appearance
manifold [9]. The connectivity of the appearance manifold is represented in our
framework by a matrix of transition probabilities between pairs of subspaces. The
transition matrix is learned directly from the training video sequences by observing
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the actual transitions between diﬀerent pose states. We have also proposed a Bayesian inference framework to integrate recognition results computed independently at
each frame to yield a ﬁnal robust recognition decision. The experimental results have
demonstrated that our novel framework is capable of providing robust and stable
results for video face recognition.
We have collected video sequences that are challenging for both tracking and
recognition. The video sequences used in this paper all contain signiﬁcant 2-D
and 3-D rotations as well as many other challenging real-world ‘‘disturbances,’’
such as partial occlusion and expression variation. However, illumination variation
is an important class of image variation that is not modeled by our algorithm.
Though our algorithm handles large pose and expression variations well, it is nevertheless sensitive to large illumination changes. Presently, histogram equalization
is used to deal with serious illumination changes. However, a more attractive alternative may be to incorporate the idea of the illumination cone [46] directly into
our framework in order to model image variation under illumination changes.
Numerous subspace-based face recognition methods [47,8,48] have demonstrated
their robustness against signiﬁcant illumination variation. Therefore, an interesting
direction for future research is to formulate a new and more inclusive subspacebased framework under which both pose and illumination variations can be
handled.
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Appendix A. Recognition performance vs. resolution of cropped images
In this appendix, we present a quantitative study of the impact on face recognition of down-sampling the tracking window to diﬀerent resolutions. In this experiment, we down-sampled the tracking windows in the training videos to the given
resolution, and constructed the proposed representation using clustering and PCA.
Tracking and recognition then proceed as in Section 3.5. The resolutions vary by a
factor of 1.3. Fig. 14 displays the recognition result of our proposed algorithm
and the standard Eigenfaces method. Except for the resolution of the downsampled cropped images, all of the parameter settings are the same as presented
in Section 4.
The results show that the recognition rate is ﬂat for both recognition algorithms
when the down-sampled image size ranges from 19-by-19 to 42-by-42, and the performance drops dramatically when the image size becomes smaller than 16-by-16 for
our method. For Eigenfaces method, the performance is again ﬂat but for all reso-
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Fig. 14. In the plot, the abscissa denotes the down-sampled size of the cropped face windows, and the
ordinates represents the the recognition rate. A total of 20 videos with 6076 frames were used in this
experiment.

lutions. Therefore, for the computational eﬃciency, we choose 19-by-19 as the downsampling size of the cropped face images for all the experiments reported in the Section 4.
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