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Abstract. Automatic eigentemplate learning is discussed for a sparse
template tracker. It is known that a sparse template tracker can effec-
tively track a moving target using an eigentemplate when it is appropri-
ately prepared for a motion class or for an illumination class. However,
it has not been easy to prepare an eigentemplate automatically for any
image sequences. This paper provides a feasible solution to this problem
in the framework of sparse template tracking. In the learning phase, the
sparse template tracker adaptively tracks a target object in a given im-
age sequence when the first template is provided in the first image. By
selecting a small number of representative and effective images, we can
make up an eigentemplate by the principal component analysis. Once
the eigentemplate learning is accomplished, the sparse template tracker
can work with the eigentemplate instead of an adaptive template. Since
the sparse eigentemplate tracker doesn’t require any adaptive tracking, it
can work more efficiently and effectively for image sequences in the class
of learned appearance changes. Experimental results are provided for
real-time face tracking when eigentemplates are learned for pose changes
and for illumination changes, respectively.

1 Introduction

Object tracking is one of the most significant problems in computer vision. Con-
siderable work has already been proposed for unknown objects and for known
objects in a lot of applications. Among them, some robust algorithms were pro-
posed for the tracking based on the eigenspace techniques [1] with combining
iterative projections and outlier detection. The iterative projection approaches,
however, often suffer from time-consuming implementation and the “breakdown
point” problem. In order to solve these problems, a sparse eigentemplate tracker
was proposed by Shakunaga et al. [2]. In their tracker, a particle filter is uti-
lized for avoiding any iterative calculations. Shakunaga and Noguchi [3] showed
the tracker could be converted to an adaptive tracker by combining their sparse
template tracking and an on-line learning technique of Black and Jepson [4].

Although these two types of sparse template trackers work independently as
adaptive trackers, they sometimes fail to work in complex situations. In order to
cover complex situations, more adaptive processings are required in the adap-
tive trackers. This paper shows an approach to this problem by the cooperation
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between the eigen and the adaptive trackers. In this approach, the adaptive
tracker is utilized for automatic learning of eigentemplate for the eigentemplate
tracker. Once a learning set of images are selected appropriately from the exem-
plar image sequence by the adaptive tracker, an eigen-template can be efficiently
constructed and utilized by the eigen tracker. Since the two trackers are built in
a common framework of sparse template tracker, the cooperation can be easily
and widely utilized in a lot of applications.

2 Framework of Sparse Template Tracker

2.1 Formulations of Sparse Template Matching

Template matching is one of the most fundamental techniques in image process-
ing and computer vision. A lot of variations have been developed for many ap-
plications [5,1,6,2]. Among them, this paper basically utilizes sparse template
matching formulated in [2], where the sparse template matching is also general-
ized to the sparse eigentemplate matching. Since the formulation is required for
the following discussion in this paper, we summarize it at first as follows:

(1) Template matching
Let an n-vector X denote an original template with n pixels, and 1 denote an
n-vector of which every element is 1. Then, the normalized template x of an
original template X is defined as x = X/(1�X).

Let T denote any possible transformation from a given image Y into template
image space. Then, TY denotes an n-vector transformed by T from an original
image Y. When an input image denoted by Y is given, template matching in a set
of possible transformations {T } is formulated as minimization of a dissimilarity
measure.

An n × n diagonal matrix, P , called a part indicator matrix, is utilized in [2]
for discussing partial template matching, where each diagonal element of P is 1
or 0. If the jth diagonal element, pjj , is 1(0), the jth pixel is effective(ineffective)
for partial template matching.

When P is given, a partial template matching is formulated as a minimization
problem,

arg min
T∈{T}

ε = arg min
T∈{T}

ρ̂(P [x − 1
β

TY]), (1)

where ρ̂(x) indicates a summation of Geman-McClure function, ρ(xi) = x2
i /(c2+

x2
i ), when xi indicates each vector element and c = 0.4/n. In this problem, β is

a normalization parameter calculated for each T as

β =
x�PTY
x�Px

. (2)

When a partial template is specified by a set of sparse pixels, the partial
template is called a sparse template. Partial template matching is called sparse
template matching when Px represents a sparse template.
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(2) Eigentemplate matching
When an eigenspace is constructed from a set of normalized template images, it
is called an eigentemplate. The formulation of sparse template matching can be
generalized to eigentemplate matching as follows:

Let x and Φ denote the mean vector and a matrix composed of most significant
m eigenvectors. Let Φ̃ denote [Φ x]. Then, the eigentemplate matching problem
is formulated as

arg min
T∈{T}

ε = arg min
T∈{T}

ρ̂(
1
β

P [Φ̃ỹ∗ − TY]), (3)

where ỹ∗ is an (m + 1)-vector calculated for each T as

ỹ∗ = (PΦ̃)+TY, (4)

when A+ = (A�A)−1A� and β is the last element of ỹ∗. Note that the simple
template matching is a special case of the eigentemplate matching where Φ̃ = x.

2.2 Sparse (Eigen)Template Tracking by Particle Filter

Sparse (eigen)template matching is implemented with a particle filter [7]. In the
particle filter, a lot of particles are generated and propagated in a given pose
space. Since a transformation matrix T is specified by each particle in pose space,
the minimization of ε in Eqs.(1) or (3) is implemented with the particle filter
framework in a probabilistic manner.

While the tracker works even when P is readily fixed, a selection of P can
be included in the parameter space as well as pose parameters, when a set of
P denoted by {Pi} are provided for parameter estimation in Eqs.(2) or (4).
The random selection of Pi often results in more robust tracking against partial
occlusions if a common P is utilized in Eqs.(1) or (3). Here, {Pi} are made up
by the regional maximum/minimum criterion given in [2].

– Regional maximum/minimum criterion: The template image x is partitioned
into s rectangle subregions, and two pixels are selected in each subregion as
they provide the maximum and minimum intensities in the subregion. The
simple method provides a 2s-point sparse template.

Figure 1 shows an example of the sparse template set. Five sparse templates, P1-
P5, consist of 16 points, respectively, while P consists of 64 points. Out of 2025
pixels in the entire template, only 16 or 64 pixels indicated by “x” are selected
by the above criterion. In P1, eight maximum/minimum pairs are selected in
each octant subregion. In P2-P5, eight maximum/minimum pairs are selected in
each octant subregion of each quadrant region.

Let {s(k)
t , k = 1, · · · , K} denote a time-stamped particle set in pose space,

and π
(k)
t is a weight associated with a particle s(k)

t , where π
(k)
t approximately

represents the conditional state-density at time t.
In the first frame, a particle set {s(k)

1 , k = 1, · · · , K} is generated from a prior
density and then an index k is chosen with probability π

(k)
1 = 1/K.
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P1 P2 P3 P4 P5 P

Fig. 1. Sparse templates for sparse template selection

When a weighted particle set {(s(k)
t−1, π

(k)
t−1), k = 1, · · · , L} is provided from

time-step t − 1, two types of assumptions are evenly applied for generating the
particle set: a half of particles are generated from no-move assumption and the
other half particles are generated from constant-move assumption in the pose
space.

K(> 2L) particles are generated from 2L particles by selecting a given particle
s(k)
t−1 with probability π

(k)
t−1. By adding a white Gaussian noise to each selected

particle, a new particle s(k)
t is generated.

The sparse template matching provides a measure for each particle s(k)
t , where

a transformation matrix T is generated from s(k)
t , and a sparse template indicator

Pi is selected at random. Let ε(k) denote the ε value for s(k)
t .

After selecting most similar L(< K) particles from K particles, a weight for
a particle s(k)

t is calculated by

π
(k)
t =

1/ε(k)

∑L
j=1 1/ε(j)

. (5)

Thus, a pose of the object is estimated at time-step t by

st =
L

∑

k=1

π
(k)
t s(k)

t . (6)

2.3 Adaptive Tracking by WSL Template

The WSL appearance model [4] consists of stable, lost and wandering com-
ponents, and an online EM algorithm updates five parameters of the model.
Shakunaga and Noguchi [3] combined the sparse template tracker and the WSL
model for implementing an adaptive real-time tracker. In their formulation, the
WSL model is applied for each pixel value, and an adaptive template, called
the WSL template, is updated by the on-line EM algorithm. Only the stable
component of the WSL template, called the S-template, is utilized for the sparse
template tracker, where the sparse template is made up from the S-template
frame by frame. Thus, the adaptive real-time tracker can be made up in the
same framework of sparse eigentemplate tracking.

Figure 2 shows how the dense and sparse S-templates are updated during a
real tracking. The dense S-template changes due to appearance change, and the
change of S-template affects the sparse S-template.
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Fig. 2. Update process of sparse S-template: sparse S-template (shown by white dots
in the right column) is created from S-template(shown in the center) at each frame

2.4 Comparison of Adaptive and Eigen Trackers

Both the eigentemplate tracker and the WSL-based adaptive tracker can adap-
tively track a target template in frame rate in different manners. The eigentem-
plate tracker can track a target very efficiently whenever the eigentemplate covers
the changes of the target appearances. However, the eigentemplate learning is
an open problem for complex appearance changes.

On the other hand, the WSL-based adaptive tracker can track a target more
adaptively and flexibly without using any off-line learning. However, the adaptive
tracking often results in inaccurate tracking because of gradual modification of
the template.

While the two trackers have weak points, they can collaborate with each other
as follows: If the eigentemplate can be learned by the results of adaptive tracking
of a target, the open problem of eigentemplate learning is solved and the weak
point of the adaptive tracker may be considerably compensated.

3 Automatic Eigentemplate Learning

3.1 Our Approach

This paper proposes an approach to automatic learning of eigentemplate for
the sparse template tracker, where the learning is implemented in the adaptive
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tracker and the eigentemplate made up through the learning is utilized for more
efficient and more stable tracking.

As described in the previous section, both the adaptive tracker and the eigen-
template tracker are implemented in the framework of sparse template tracker.
Therefore, they seem to easily collaborate with each other in the sparse template
tracker. For example, they can consist in dual CPU system as parallel processes.
This consistence enables us to make a real-time improvement of tracking since
a trial-and-error process can be safely implemented for eigentemplate learning.
For this purpose, it is very important to select a learning image set from the
result of automatic tracking by the adaptive tracker.

3.2 Automatic Tracking by Adaptive Tracker

The adaptive S-template tracker can track a target appearance even when it
gradually changes. This means that a tracking result such as a sequence of S-
templates seems to be utilized for the eigentemplate learning.

However, two requirements should be satisfied for successful eigentemplate
learning. At first, a given image sequence should be carefully selected for effective
learning. While the selection had better be accomplished autonomously by the
tracking system, the selection is accomplished by a human operator in this paper.
That is, a finite length of image sequence is assumed to be provided by a human
operator. The initial position of a target object is also provided in the first image
of the sequence.

The next problem concerns stability of the adaptive tracking. Since the adap-
tive tracking aims at eigentemplate learning in this paper, the accuracy require-
ment is more severe than when tracking itself is the objective. For the learning
purpose, the two parameters α and σw of the WSL model was tuned to α = 0.1
and σw = 100 by preliminary experiments. We have also confirmed that the
tracking stability is not so sensitive around the optimum values.

3.3 Reduction of Learning Set

Once a sequence of S-templates is extracted stably, the next problem is how to
select the leaning set from the sequence. Appropriate selection is very useful for
the efficient eigentemplate construction.

Let us use an input image instead of S-template for the learning set since
S-templates are often deformed by the adaptation and the deformation is in-
appropriate for the eigentemplate learning. While PCA can be directly applied
to all the input images, sufficient reduction of the learning set is required for
efficient computation of PCA. The reduction of learning set is also effective for
dimensionality reduction of the eigentemplate.

For discussing how to select the learning set from an image sequence, some
notations should be defined as follows. Let Yt and Φ̃ = [Φ x] denote an input
image and the eigentemplate at time t, respectively. Let Qi(i = 1, 2, 3, 4) denote
part indicator matrices which correspond to four quadrant regions of the whole
template, respectively, and Q0 = Q1 + Q2 + Q3 + Q4 = I holds. Then, for
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i = 0, 1, 2, 3, 4, a projection of (partial) image QiYt onto the (homogeneous)
eigentemplate, Φ̃, is represented as

Y′
ti = Φ̃(QiΦ̃)+Yt. (7)

Thus, a correlation, Ci(Yt,Y′
ti), is calculated between QiYt and QiY′

ti, where
Ci(X,Y) is defined as

Ci(X,Y) =
(X − 1�X1/tr(Qi))�Qi(Y − 1�Y1/tr(Qi))

||QiX − 1�QiX1/tr(Qi)||||QiY − 1�QiY1/tr(Qi)||
. (8)

In our current implementation, when all the following conditions are satisfied,
the current input image Yt is appended to the learning set. Otherwise, the
current image is not appended to the learning set.

(i) C0(Yt,Y′
t0) > 0.5,

(ii) 0.60 < mini=1,2,3,4 Ci(Yt,Y′
ti) < 0.68,

(iii) C0(Yt,Y0) > 0 (9)

In the three requirements, the first requirement checks whether the full image
is considerably correlated to the current eigentemplate. The second requirement
checks whether the least correlated quadrant region is not very different but
moderately different from the current eigentemplate. The third requirement is
utilized for excluding drastic change of the template. In the three requirements,
four parameters were roughly tuned over an example set in the current imple-
mentation. Although the parameters might be tuned carefully for some problems,
the rough tuning works well for our experiments.

3.4 Eigentemplate Construction

When the learning set is updated, an eigentemplate is reconstructed by PCA.
That is, the mean vector x and a matrix Φ is composed from most significant
m eigenvectors, where m is determined as the smallest number of vectors whose
cumulative contribution rate gets over 95%.

4 Experimental Results in Face Tracking

4.1 Learning and Test Sequences

Let us conduct the eigentemplate learning on the image sequences of Cascia
et al. [8]. In this database, we select 3 sequences for the eigentemplate learning.
Let us call them Jal7, Jam7 and Jal5, respectively, after the original file names.

Other sequences, named Jal9, Jam5 and Jal6, are used for the test of the
sparse eigentemplate tracking, where the eigentemplates are constructed from
Jal7, Jam7 and Jal5, respectively. The three learning sequences have differ-
ent types of appearance changes; Jal7 is characterized by illumination changes,
Jam7 is characterized by pose changes, and Jal5 includes both the illumination
and pose changes.

The target person is common in all the image sequences, and all the sequences
consist of 199 images, respectively.
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Table 1. Effect of learning set reduction

Learning Selected images dimensionality (m)
sequence (from 199 images) selected all images

Jal7 5 3 7
Jam7 6 5 65
Jal5 9 5 38

4.2 Comparison

For fair comparison, an initial template of 57×57 pixel is provided by an human
operator for each image sequence. Other parameters are commonly utilized for
the three sequences as follows: tr(Pi) = 16 and tr(P ) = 64 for the sparse tem-
plate matching, respectively, and the two parameters of WSL model are set to
α = 0.1 and σw = 100.

Table 1 shows the effect of the reduction of the learning set. The proposed
image selection method selected only 5, 6 and 9 images for the learning set from
Jal7, Jam7 and Jal5, respectively.

The learning set reduction resulted in dimensionality reduction as shown in
the table, where the third column shows the minimum dimensionality of which
the cumulative contribution rate reaches 95 %. The table shows that the eigen-
template is constructed more efficiently from the selected images than when it
is constructed from all images.

4.3 Illumination Changes

For illumination changes, the proposed method can select only 5 images as shown
in Fig. 3(a). The eigentemplate constructed from them is as shown in (b) while
the eigentemplate constructed from all 199 images is as shown in (c). Since (b)
and (c) look very similar, it is found that the proposed method works well for
the illumination changes.

Once the eigentemplate is constructed, it can be utilized for more efficient
tracking by the sparse eigentemplate tracker, as shown in Fig. 4. Although the
test sequence Jal9 includes pose changes as well as illumination changes, the
sparse eigentracker can track the target very well. In 100 trials of the tracking,
the tracking is very stable.

4.4 Pose Changes

For pose changes, the proposed method selected 6 images for the learning set
as shown in Fig. 5(a). The eigentemplate constructed from them is as shown
in (b) while the eigentemplate constructed from all 199 images is as shown in
(c). Although the two eigentemplates, (b) and (c), look less similar than those
extracted for the illumination changes, the proposed method is still effective
enough for the pose changes.
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1st 2nd 3rd 4th 5th
(a) Learning set selected by the proposed method

x φ1 φ2 φ3

(b) 3d eigentemplate constructed from the learning set

x φ1 φ2 φ3 φ4 φ5 φ6 φ7

(c) Eigentemplate constructed from all of 199 images

Fig. 3. Learning image set and constructed eigentemplates for Jal7

frame 0 frame 28 frame 56 frame 84

frame 112 frame 140 frame 168 frame 196

Fig. 4. Result of sparse eigentemplate tracking of Jal9

Once the eigentemplate is constructed, it can be utilized for sparse eigentem-
plate tracker, as shown in Fig. 6. Although the test sequence Jam5 includes
different pose changes from the learning sequence, the sparse eigentracker can
track the target very well. In 100 trials of the tracking, the tracking is very stable
in this case, too.

4.5 Illumination and Pose Changes

When the learning sequence includes both the illumination and pose changes, 9
images are selected for the learning set as shown in Fig. 7(a). The eigentemplate
constructed from them is as shown in (b) while the eigentemplate constructed
from all 199 images is as shown in (c). Although the two eigentemplates, (b) and
(c), look less similar than those for Jal7 and Jam7, the proposed method can
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1st 2nd 3rd 4th 5th 6th
(a) Learning set selected by the proposed method

x φ1 φ2 φ3 φ4 φ5

(b) 5d eigentemplate constructed from the learning set

x φ1 φ2 φ3 φ4 φ5 φ6 φ7 φ8 φ9

φ10 φ11 φ12 φ13 φ14 φ15 φ16 φ17 φ18 φ19

(c) Eigentemplate constructed from all of 199 images

Fig. 5. Learning image set and constructed eigentemplates for Jam7

frame 0 frame 28 frame 56 frame 84

frame 112 frame 140 frame 168 frame 196

Fig. 6. Result of sparse eigentemplate tracking of Jam5

construct the eigentemplate. However, the constructed eigentemplate could not
work always. Figure 8 shows that the eigentemplate learned from Jal5 could not
work with Jal6 effectively since the two sequences include different combinations
of illumination and pose changes. The eigen-tracking got unstable when a dif-
ferent combination appeared. Whole the combinations of illumination and pose
changes could not be covered by the eigentemplate generated by the proposed
method. This example shows a current limitation of the proposed method. The
stability was checked with changing random number generation in the adap-
tive tracking in all the three experiments. In the results, the proposed method
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1st 2nd 3rd 4th 5th 6th 7th 8th 9th
(a) Learning set selected by the proposed method

x φ1 φ2 φ3 φ4 φ5

(b) Eigentemplate constructed from the learning set

x φ1 φ2 φ3 φ4 φ5 φ6 φ7 φ8 φ9

φ10 φ11 φ12 φ13 φ14 φ15 φ16 φ17 φ18 φ19

(c) Eigentemplate constructed from all the images

Fig. 7. Learning image set and constructed eigentemplates for Jal5

frame 0 frame 28 frame 56 frame 84

frame 112 frame 140 frame 168 frame 196

Fig. 8. Result of sparse eigentemplate tracking for Jal6

generated the effective eigentemplates very stably for Jal7 and Jam7, respec-
tively. Although the proposed method could still work for Jal5, it sometimes
selected some redundant images.

5 Conclusions

Automatic eigentemplate learning is discussed for the sparse template tracker.
In the learning phase, the adaptive tracker adaptively tracks a target for the
eigentemplate learning. Once an eigentemplate learning is accomplished, the
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sparse template tracker can work with the eigentemplate instead of an adaptive
template. Since the sparse eigentemplate tracker doesn’t require any adaptive
tracking, it can work more efficiently and effectively for image sequences in the
class of learned appearance changes.

Experimental results show that the proposed method works well for illumi-
nation changes and for pose changes, respectively. Although the last example
shows a current limitation, it should be noted that Jal6 can be tracked by the
adaptive tracker in frame rate. This fact suggests that parallel and consistent
implementation of the adaptive and the eigentemplate trackers may provide a
feasible answer for more automatic learning in future.

This work has been supported in part by a Grant-In-Aid for Scientific Research
(No.20300067) from the Ministry of Education, Science, Sports, and Culture of
Japan.
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