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Abstract

Video-based Face Recognition (VFR) can be converted
to the matching of two image sets containing face images
captured from each video. For this purpose, we propose to
bridge the two sets with a reference image set that is
well-defined and pre-structured to a number of local
models offline. In other words, given two image sets, as
long as each of themisaligned to the reference set, they are
mutually aligned and well structured. Therefore, the
similarity between them can be computed by comparing
only the corresponded local models rather than
considering all the pairs. To align an image set with the
reference set, we further formulate the problem as a
guadratic programming. It integrates three constrains to
guarantee robust alignment, including appearance
matching cost term exploiting principal angles, geometric
structure consistency using affine invariant reconstruction
weights, smoothness constraint  preserving local
neighborhood relationship. Extensive  experimental
evaluations are performed on three databases. Honda,
MoBo and YouTube. Compared with competing methods,
our approach can consistently achieve better results.

1. Introduction

Face recognition has traditionally been posed as the
problem of identifying a face from a single image, and
many current methods assume face images are attained
under controlled environments. However, facia
appearance changes dramatically due to variations in
illumination, pose, expresson and other factors in
unconstrained real-world applications such as video
surveillance. Thus, face recognition algorithms learned
with images captured under controlled conditions may not
suffice for reliable recognition in many practical
applications.

Recently, there has been an increasing interest on
video-based Face Recognition (VFR) [1-15] because video
cameras are commonly available and provide more
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information compared to still cameras. In the case of VFR,
both gallery and query set are video sequences rather than
gtill images. So VFR problem can be converted to
measuring the similarity between two video sequences.
Intuitively, one could build an appearance-based system by
choosing a subset of representative frames (so-called
key-frames or exemplars) from video sequence as models
and then perform still image based recognition. Obviously,
such an approach does not fully utilize spatiotemporal
information. To make use of it, some techniques are
developed, for instance, by using Hidden Markov Model
(HMM) [1,2]. However, temporal model based approaches
have not yet shown their full potentials as they also suffer
from some drawbacks, such as only using global features
while ignoring local information, the lack of
discriminability between the facial dynamics.

On the contrary, without the temporal information, face
images from a video sequence form an image set. So VFR
can be generalized to image-set based classification, where
each target person may be enrolled with one or even
multiple image sets (so-called gallery set) and a query
image set need to be assigned to the identity of its nearest
galery set by calculating its distance from each gallery
image set.

Relevant approaches to image-set based classification
underwent an explosive devel opment in recent years[3-12].
Generally speaking, such approaches fal into two
categories: parametric model methods and nonparametric
sample methods. The former [3,12] exploit some
parametric distribution (e.g. Gaussian) to represent each
image set and then measure the between-distribution
similarity. One limitation of the parametric methodsis that
they have to assume some distribution and handle the
parameter estimation problem. If the data set does not
follow the predefined statistic distribution, the estimated
model will not consist with the data set.

More recently, some non-parametric methods attempt to
represent an image set as a linear subspace [9,13,14] or a
nonlinear manifold [7,8,15]. Such approaches do not
impose any assumption on data distribution, and have
shown many merits compared to parametric models.
Meanwhile, some algorithms which measure the similarity



or distance between two subspaces are also developed. The
representative methods are the principal angles which
compute the angles between the principal components of
two spaces [7,8], and the nearest points which use the
nearest distance between two affine hulls[10,11]. Hu et a.
[11] applied the affine hull model to account for unseen
appearances and proposed Sparse Approximated Nearest
Point (SANP) to measure between-set similarity, which
enforces nearest points to be close to some facets by
imposing sparsity constraints.

Based on the assumption that face images of the same
subject are distributed on anonlinear manifold rather than a
linear subspace, Wang et al. extended Subspace-Subspace
Distance (SSD) to Manifold-Manifold Distance (MMD) [7],
where a nonlinear manifold is partitioned into a number of
local linear models by Maximal Linear Patch (MLP) [16],
and then MMD is converted to integrating the distances
between pair-wise subspaces. An extension of MMD,
called Manifold Discriminant Analysis (MDA) [8] is also
proposed to solve the supervised between-manifold
distance. These methods based on nonlinear manifold have
achieved the state of the art results in severa public face
databases.

However, MMD and MDA ignore the correspondence
between the subspaces from the manifolds (of the two
image sets) when calculating similarity. They divide each
image set into several subspaces by clustering and then
perform pair-wise subspaces comparison. Thus, these
methods have the following disadvantage: given two
sequences, face images under the same condition might be
partitioned differently because of the uncertainty of the
clustering. For example, face images with yaw within [10°,
20°] might be partitioned to one cluster for one sequence,
while the face image with yaw within [15°, 25° might fall
into one cluster in another sequence. This implies that the
distance between two manifolds in above methods might
not be well defined. In addition, MDA [8] only learns one
linear transformation, which is not sufficient to capture the
discriminant information because the face images in a
sequence are distributed on a nonlinear manifold.

To avoid the above bias originated from clustering,
alignment between two image sets is a possible solution.
One scheme is aigning the test image set to each gallery
image set respectively, and then comparing them directly.
However, such strategy is unreasonable in practical VFR
for two reasons: (1) in many cases, the query image set does
not wholly but only partially corresponds with the gallery
image set, which implies difficult alignment; (2) it is too
time-consuming to align the query set with each of the
galery setsonline. To addressthe above issues, areference
set isintroduced to bridge the query set and the gallery set.
Furthermore, to obtain more discriminant features, multiple
linear transformations can be learned from corresponded
local models which are structured by aligning all galery
image sets with the pre-partitioned reference set.
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To solve this alignment between two image sets, some
previous methods assume each image set is distributed on a
nonlinear manifold, and then do manifold alignment by
utilizing dimensionality reduction agorithms [17]. But
most of existing manifold alignment algorithms[18-25] fall
into supervised or semi-supervised category, which require
some known matching points obtained from manual
annotation or other prior knowledge. Therefore, they are
unsuitable for our question because it is intractable to get
the matching point for the large scale video database by
manual annotation.

Confronted with this problem, an alternative is to aign
two sequences without any prior information, i.e.
unsupervised image sets alignment. However, to our best
knowledge, few studies discussed this problem. Recently,
Wang et al. [26] proposed an unsupervised alignment
method without correspondence, which learns a projection
transforming instances from two subspaces to a lower
dimensional space, and simultaneously matches the local
geometry structures by the k nearest neighbors.
Neverthel ess, when matching k neighbors of two points, the
authors considered all k! permutations to find the best
match, which is too time-consuming.

To address above problem, in this paper, we propose to
align all image sets to a reference image set that is
well-defined and pre-structured into a number of local
linear models offline. In other words, given two image sets
for comparison, as long as each of them is aligned to the
reference set, they are mutually aligned and well structured.
Therefore the similarity between them can be computed by
comparing only the corresponded local models instead of
al the pair-wise ones. Furthermore, instead of a global
linear transformation in MDA [8], multiple linear
transformations from corresponded subspaces are learned
during the training, and then applied to the query image
sets.

In addition, inspired by Wang's alignment method [26],
we explicitly formulate the image sets alignment problem
as a quadratic programming, which can be solved faster
than Wang's method. Our proposed model contains three
terms. The first term checks consistency of local geometric
structure. The second term measures the matching cost
between two points. The last term constrains the
smoothness of manifold. Different from Wang’s geometric
structure matching methods, we exploit the local
reconstruction relationship, which is affine invariant and
thus does not need to consider all possible permutations. In
addition to the smoothness which is also applied in[26], we
add the matching cost term into our model to increase
stability.

2. Overview of the proposed method

In this section, we briefly describe our proposed method.
As shown in Figure 1, before images sets alignment, we
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Figure 1. The framework of our proposed approach.

choose an image set as the reference set so that all image
sets can mutually align to it. The motivation of utilizing a
reference set lies in three folds: (1) avoiding the bias from
clustering in MMD and MDA as mentioned above; (2)
addressing the difficulty due to possible partia
correspondence between the query and galery set; (3)
reducing the high computational cost for online alignment
of the query set and al the gallery sets.

For above purposes, the reference image set should cover
as many variations as possible including pose and
illumination and other factors. In our experiments, we
select randomly one video sequence of one person from the

gallery setswith enough frames covering diverse variations.

An elaborately designed reference set can possibly further
improve the recognition performance, which will be our
future work.

After the reference set is selected, an offline process is
applied to it, eg. MLP [7], which partitions the reference
image set into a number of local linear subspaces. Then
both the test samples and the gallery samples are aligned to
the reference set by our proposed image sets alignment
algorithm (detailsin Section 3). Note that, asthetest set and
the gallery set might have no common intersection set due
to non-overlapping poses for instance, we mirror all the
samples before alignment. Subsequently, corresponded
subspace division is performed on the test and gallery
image sets by exploiting the pre-partition of reference set.
Thus, the subspaces from the test and gallery sets are
aligned naturally.

At last, the distances only between the corresponded
subspaces rather than all pair-wise ones are calculated as
the similarity vectors by a series of corresponded mappings
(e.g. Fisherfaces) pre-learned from a training image sets.
The similarity score vectors can be further fed into a
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classifier, or ssimply pooled by SUM or MIN ruleto get the
final score for face recognition.

3. Unsupervised image sets alignment

Video sequences may be captured in different sceneries
with complicated variations in pose, illumination and
expression so on. Thus, it isdifficult to directly evaluate the
appearance similarity between two images from two
different sequences respectively. Usually, the angles
between two subspaces may reflect the variant modes,
which have been widely used to measure the similarity
between two image sets [5,7,8,13]. Therefore, we can
describe a point more robust with a subspace spanned by
this point and its neighbors. Furthermore, the appearance
matching cost between the two samples can be represented
by the maximum principal angle.

An important assumption of manifold alignment is the
consistency of the local geometry structure [26]. One may
search al possible permutations to verify the consistency,
which however is too time-consuming. To reduce the
computational time, we formulate the local structure as a
quadratic programming term by exploiting the affine
invariant reconstruction weight.

In addition, the manifold should be smooth. Thus, we
aso add the smoothness constraint to the proposed method
to decrease mismatching.

In what follows, we first develop a primary formulation
to solve the image sets alignment problem, and then
detailed descriptions about each term of the model are
provided. At last, an efficient algorithm is summarized.

3.1. Problem formulation

Without loss of generality, in this paper, we concatenate



the intensity of all pixels to form the feature vector
representing any face image. Formally, two image sets, one
target (gallery or test) set and the reference set are denoted
respectively by X={x;|i=1,2,...,m} and Y={y;|i=1, ...,n},
where x; and y; represent the samples, m and n are the
sample numbersin X and Y respectively. Our goal isto seek
a mapping function f, the so-called alignment function,
which maps any target image x in X to some reference
image y in Y. We formulate this task as an optimization
problem,

f =argmin {E, + AE, + LE.}, (1)
where

By = zg(xiiin;f(Xi)'Nf(xi)) : 2
Xje X

E.= Y c(x, (%)), )
xje X

Eo= D D s(F(x), f(x)). @
Xi€ X xjeNy,

In above equations, N, denotes the neighbors of x;, 4; and

A, balance the effect of the three terms. The first term E,
represents the geometric similarity score between the two
image sets, where g is the geometric consistency function
measuring the geometric dissimilarity between two local
models. The second term E. reflects the appearance
similarity, where c is the matching cost function between
two points. Thethird term E; is used to keep the smoothness,
i.e. the neighborhood relationship in the target set should be
preserved in the reference set.

The following three subsections detail the above three
terms respectively.

3.2. Local geometry consistency

Inspired by Locally Linear Embedding (LLE) [27] and
the recent literature [28], we introduce a locally invariant
geometric constraint for image sets alignment.

As mentioned above, we represent each image set as a
manifold. To characterize the geometric properties of the
neighborhood of each point in the manifold, we assume
each x; can be approximately represented by an affine
combination of its neighbor points,

Xj = ZWij Xj ©)
Xje Ny

where W ={ W} is the reconstruction weight matrix for all
points and the i-th row of W stores all reconstruction
coefficients for thei-th point x; with > W;;=1. Specificaly,
least squares is exploited to describe the local geometric

properties of each point, i.e.,
[ %= 2 Wix; =0 ©

Xj€Ny,
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Obviously, Eq. (6) is affine invariant approximately. Thus,
we can further formulate Ey in (2) as the following object
function by the weight matrix W,

Eg= 2 | fO0)- YW o) 7 @
Xje X Xj€ Ny

where W' represents the reconstruction weight matrix of
the image set X. If we mark the mapping relation of each
point asavector, the function f can be represented by a{ 0,1}
binary matrix F«,. Thus, the function (7) can be rewritten
as the matrix formulation,

Eg =] 0 -WHFYT |?=| LFYT |2, (®
Because of the sum of each row in Wequalsto 1, L* can be
treated as the Laplacian matrix of a graph, where the edge
may be constructed by W*. Note | is an identity matrix.

Compared with Wang's method [26], which exploits the

Euclidean distance matrix of the k nearest neighbors to
describe the local geometry structure, where all k! possible
permutations are considered in the image matching with the
cost O(k!), our model islocally affine invariant and easy to
solve the mapping F.

3.3. Appear ance matching cost

In order to measure the similarity between two images
coming from different image sets with variations in pose,
illumination, expression and other factors, we exploit the
maximum principal angle of their corresponded local linear
subspaces as the appearance matching cost.

Formally, given two linear subspaces S, and S,, the
principal angles 0<os<...<a<z/2(r=min(dim(S;),dim(s,)))
are uniquely defined as following [7],

T
cos(er) ukES.l\r{TJ?)'(”vuk—l} Vkeszm?v)'("rvk-ﬂ(UK) Yir )
where u, and v, are called the k-th pair of canonical vectors,
“\" means the subtracting operation on subspaces. The
cosine values of the principal angles are called canonical
correlations. Obvioudly, the smaller the maximum principal
angle is, the closer the subspaces are. Generally, we select
the distance between the first pair of canonical vectors,
corresponding to the most similar modes, as the distance
between the two subspaces. To solve this model, a
numericaly stable method based on Singular Vaue
Decomposition (SVD) is exploited from [29].

Given the above definition of subspace distance, the
appearance matching cost of two images can be calculated
based on the maximum principal angle between two local
linear subspaces, expanded respectively by the neighbors of
the two images. Formally, for two images x; and Yy,
respectively from X and Y, their k-NN neighborson X and Y
expand subspace S, and S,. Then, the matching score
between x; and y; is computed by the above subspace
distance and denoted by C;;. Then, we mark the matching
scores between two image sets X and Y as the matrix
C={ Cj }. Then the function E; in (3) can be re-written as,



E.=tr(C"F) .
where “tr" means the trace operation.

(10)

3.4. Smoothness constraint

Intuitively, manifolds should be smooth, curved surfaces
embedded in higher dimensional Euclidean space. Thus,
the local neighborhood relationship should be preserved
when aligning two image sets. That is, if two imagesin X
are neighbors, their corresponding imagesin Y should also
be neighbors.

Formally, we denote the k-th neighborhood relationship
of each image in X as a matrix R,

R, :{L x; isthek - thneighbor of x; .

11
0, orelse (11)

Thus, the third term Es in (4) isformulated as follows,
K 2 & 2
E, = Z“FYT ~R FYT“ = ZHLKFYT” . (12
k=L k=1
where L=I-R¥, K isthe local neighbor number.

3.5. Efficient solution

Followed by above analysis, the object function (1) can
be formulated as a quadratic programming with an integer
congtraint as follows,

F= argmin LXFYT“2 + Atr(CTF) +/12i”L"FYT“2
k=1
st. Flyg =1nas
Fefo™, (13)
Fl1, <l

The variable F is an mxn binary assignment matrix that
represents the image matching function f. Each row of F
contains only one 1, which means any pointsin X must be
projected to one and only one point in Y. There are three
congtrainsin (13). The first one guarantees all imagesin X
should be matched to Y. The second one shows that the
matching between X and Y’ spointsiseither “Yes’ or “No”.
Thethird constraint allowsthat at most | imagesin X can be
permitted to match the sameimagein Y.

The problem (13) is a quadratic object function with
integer constraints, which is NP-complete and cannot be
efficiently solved. We relax the integer constraint and
meanwhile simplify the object function as follows,

F=arg min HUFYT “2 + Atr(CTF)
st. Flq=1q
F >0,

FT1,,<l.

(14)
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Algorithm 1. Unsupervised image sets alignment

Input: X={X1,*** X}, Y={Y1,***.¥n} M<n

Output: binary matrix Fyxn

1. Find the K neighbors of each point in X and Y respectively.

2. Calculate the weight matrix W* by (6).

3. Calculate the appearance matching cost C by principle angles

(Section 3.3).

4. Initialize thetrust region Ti={Yi1,Yi2,***,Yi¢} for each point x; €
X.

. While trust region is enough large

Solve F by (14). (Section 3.5)

Shrinkage the trust region by removing these points whose

vaueisvery lowinF.

8. End

9. Solve F in (14) by the final trust region.

10.Quantify F to {0,1} matrix.

No g

where U can be calculated by SVD with the following
equation,
K
UTU =)L+ A, (LYTLE (15)
k=1

We exploit “interior-point” method [30] to optimize the
object function (14) with Matlab toolboxes. The entire
algorithm of unsupervised image sets alignment is
summarized in Algorithm 1.

In order to accelerate the algorithm, we utilize the trust
region shrinkage method (as in [9]) to solve the convex
optimization problem approximately. Weinitialize the trust
region with the most similar t samples taken from Y by the
geometric structure and the appearance similarity. Thus,
the main time cost is to solve the object function (14).
Fortunately, this object function is convex, which therefore
can converge to the minimum fast. Typically, aligning
hundreds of samplestakesonly several seconds on standard
PC with Matlab programming.

4. Experiments

In this section, we first perform image set alignment
experiments to demonstrate the effectiveness of the
proposed alignment method. Then, we apply the proposed
alignment method to video-based face recognition.

4.1. Image sets alignment

To validate the efficacy of the proposed alignment
algorithm, we execute face image matching across poses.
Multi-PIE database [36] is exploited to evaluate our method.
Here, we compare the proposed method with [26] and
direct matching in original feature space (DM). We
randomly collect 50 subjects. For each subject, 83 face
images under 7 poses with yaw within [-45°, +45° (with
15° intervals) and with different expressions and
illuminations are selected. These images are cropped to
20x30 pixelsto simulate the low quality video face images.



We carry out between-set alignment and report the
guantitative results in Figure 2. The nearest poses are al'so
viewed as a correct matching when r equalsto 1, whiler=0
means only the corresponded pose is counted as correct
matching. As we can see, our approach can achieve an
accuracy large than 98% when r=1, which means that
nearly all the matching results lie in +15° pose error at
modgt. It is worth pointing out that the dataset might favor
DM more because all face images come from the same
scenes. Wang's method [26] only used the geometric
similarity without appearance matching cost. Our method
achieves a higher accuracy than Wang's method and DM,
probably because we utilize appearance matching cost and
geometric structure similarity simultaneoudly. In addition,
our approach only needs about 3 seconds to finish the
matching between two image sets, which is much faster
than Wang' s method. Some alignment results are shown in
Figure 3, where the third images are incorrectly aligned: a
front face image is aligned to a face image with yaw +15°.

4.2. Facerecognition

Datasets: We used three public datasets: Honda/UCSD
[31], CMU MoBo [32] and Y ouTube Celebrities [33].

Honda/UCSD was collected by Leeet al. for video-based
face recognition. In our experiment, we exploit their first
subset containing 59 videos of 20 subjects (at least 2 videos
for each subject). Each video sequence has different pose
and expression vibrations. A cascaded face detector [34] is
applied to detect faces in each video sequence. Then all
faces are resized to a 20x20 pixels gray image as[7]. The
length of the videos varies from 12 to 645 frames. To
eliminate the lighting effects, histogram equalization is
employed to pre-process the images.

CMU MoBo database was originally created for human
pose identification. This database includes 96 sequences of
24 different subjects, i.e. 4 videos per subject. Each video
was captured from walking on treadmill and has 300 frames.
We exploit the same strategy as we did for the Honda
dataset to obtain the face images with 30x30 pixels.

YouTube Celebrities was collected from Y ouTube for
face tracking and recognition in real world applications.
The dataset contains 1910 video sequences of 47 celebrities
(actors, actresses and politicians). Each sequence has
hundreds of frames with low resolution and high
compression rates. Compared with Honda and MoBo
databases, this database is much more challenging because
of noises and complicated variations in pose, illumination
and expression. Face images are also cropped as above and
resized to 30x30 pixels.

On al of three datasets, we conduct five-fold cross
validation experiments, i.e. five randomly selected training
and testing combinations, to eval uate our proposed method.
For Honda and MoBo database, one video sequence per
subject is used for training and the rest sequences for
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Figure 2. The alignment accuracy across poses.

Figure 3. Examples of alignment under different poses.

testing. For YouTube, each person has 41 clips on average
which cover 3 sections. We randomly choose 9 clips per
person, 3 clips per section, as the experimental data. One
clip per sectionisused for training and 6 for testing for each
subject.

Comparison with existing methods: We compare our
proposed approach with several image-set based methods
proposed in recent years, including Mutual Subspace
Method (MSM) [35], Discriminant Canonical Correlation
Andysis (DCC) [5], Manifold-to-Manifold Distance
(MMD) [7], Manifold Discriminant Analysis (MDA) [8],
and Sparse Approximated Nearest Points (SANP) [11].
Here we do not provide more experimental results of
exemplar-based methods except LDA because recent
literatures [5,7,8,11] have shown that image-set based
methods are generally superior to exemplar based methods.

Our implementation: For LDA and MSM, we adopt the
techniquesin accordance with [7] and [5] respectively. The
source codes of MMD, MDA and SANP are downloaded
from the original authors, and referred parameters are
followed by the referred literatures[7,8,11].

The important parameters in our proposed method
include: (i) the nearest neighbors size is set to 10; (ii) the
control parameters: =2, A,=0.1; (iii) the dimension of
PCA is set to 70, 60, 80 for three database respectively
when projecting the gray features of local linear model; (iv)
the dimension of LDA is set to the number of classes minus
1. In our experiments, we utilize the Euclidean distance to
calculate the similarity between two corresponded linear
models after mapping, and then the minimum value is
exploited asthe final between-set distance.



Table 1. Identification rates on three databases

The mean and standard deviation of recognition rates of different methods
Dataset
LDA MSM MMD DcC MDA SANP Proposed
method
Honda/UCSD 0.789+0.01 | 0.923+0.04 | 0.969+0.02 | 0.980+0.01 | 0.989+0.01 | 0.959+0.03 0.989+0.01
CMU MoBo 0.885+0.01 0.886+0.03 0.897+0.01 0.903+0.05 0.947+0.01 0.900+0.02 0.950+0.01
YouTube 0.604+0.03 | 0.616+0.04 | 0.634+0.02 | 0.673+0.03 | 0.676+0.02 | 0.634+0.03 0.746+0.03

Results and analysis: The recognition results of al
comparative methods on the three different face databases
aresummarized in Table 1. From thistable, we can find our
proposed method achieves superior performances in most
testing. Now we conclude as follows.

(1) The comparison methods based on image sets have
shown distinct performance. Among them, MSM, MMD
and SANP, deal withimage datageneratively, which makes
them less appealing than DCC, MDA and the proposed
method, which exploit disciminant label information.
SANP is superior to MSM because the sparsity constraint
enforces the nearest point to close on facets of affine hull.
MMD is comparable to SANP and aso exhibits more
excellent recognition results than MSM because it
represents the complex image set as several local linear
models. This also explains the superiority of MDA and our
proposed method over DCC. MDA exploits nonlinear
models, but it ignores between-set correspondences, only
learns a global linear transformation to extract the
discriminant features and performs the comparisons of
pair-wise subspaces without the alignment process.
Compared with MDA, our proposed method is more
superior because of eliminating the biases from clustering.

(2)Among three databases, all methods have the worst
performance on YouTube database, because the video
sequences are captured from real world with low quality
and broad appearance variations. From Table 1, we can find
our proposed method outperforms other competing
methods, about 7 percents on YouTube. Note that the
results of SANP are dightly lower than those reported in
[11], because the testing protocol in [11] is different from
ours on YouTube, and [11] exploited LBP as the face
feature on MoBo.

4.3. Discussion

In our experiments on three video databases (5 random
experiments per database), we only randomly selected the
image set of one subject with enough images covering
various variations for each experiment as the reference set.
The consistently good results imply desirable insensitivity
of the reference set selection. Intuitively, the reference set
should be a “complete” set, which means it should be as
large as possible to cover sufficient variations. Moreover,
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such a “complete” set could help alignment and further
promote face recognition performance. To create such a
reference set, a direct method is to capture all the various
face images with a well-configured complicated
environment by a camera, as in Multi-PIE database [36]
with configurations of different illuminations and poses.
However, a“complete” set isnot easy to be obtained froma
single video sequence in real world, even specialy
designing. A practical method is to build a statistical
reference model from large scale video sequences, whichis
also our future work.

5. Conclusion

Manifold alignment (or more generally image sets
alignment) facilitates video-based face recognition. In this
paper, a reference set that is well pre-defined and
pre-structured to a number of local models is used as the
bridge aligning two image sets. Thus, similarity scores can
be attained by only comparing the corresponded local
models instead of all the pair-wise ones. To the best of our
knowledge, the proposed unsupervised image set alignment
algorithm is the first attempt to solve this problem as an
optimization problem from the view of manifold.
Experimental results on three public databases demonstrate
that the proposed method is convincingly applicable to
video-based face recognition, and achieves consistently
better performance.
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