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Abstract. A novel memory-based particle filter is proposed to achieve
robust visual tracking of a target’s pose even with large variations in tar-
get’s position and rotation, i.e. large appearance changes. The memory-
based particle filter (M-PF) is a recent extension of the particle filter,
and incorporates a memory-based mechanism to predict prior distribu-
tion using past memory of target state sequence; it offers robust target
tracking against complex motion. This paper extends the M-PF to a uni-
fied probabilistic framework for joint estimation of the target’s pose and
appearance based on memory-based joint prior prediction using stored
past pose and appearance sequences. We call it the Memory-based Par-
ticle Filter with Appearance Prediction (M-PFAP). A memory-based
approach enables generating the joint prior distribution of pose and ap-
pearance without explicit modeling of the complex relationship between
them. M-PFAP can robustly handle the large changes in appearance
caused by large pose variation, in addition to abrupt changes in moving
direction; it allows robust tracking under self and mutual occlusion. Ex-
periments confirm that M-PFAP successfully tracks human faces from
frontal view to profile view; it greatly eases the limitations of M-PF.

1 Introduction

Visual object tracking, one of the most important techniques in computer vi-
sion[1], is required for a wide range of applications such as automatic surveil-
lance, man-machine interfaces [2, 3], and communication scene analysis [4]. Tar-
get tracking has still been acknowledged as a challenging problem because the
target’s appearance changes greatly due to pose variation, occlusion, illumination
change, etc. For example, when an object rotates, its visible surface gradually be-
comes invisible, i.e. self-occlusion, and hidden surfaces becomes visible. Mutual
occlusion, the interjection of another object between the target and the cam-
era, makes the target’s visible surface invisible. Also, the target tracker needs to
handle complex motion, such as when the moving direction abruptly reverses,
which can occur with occlusions in real world situations.

Bayesian filter-based trackers have been acknowledged as a promising ap-
proach; they represent a unified probabilistic framework for sequentially esti-
mating the target state from an observed data stream [5]. At each time step, the
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Bayesian filter computes the posterior distribution of the target state by using
observation likelihood and the prior distribution. One variant, the particle filter,
has been widely used for target tracking. It represents probability distributions
of the target state by a set of samples, called particles. Particle filter can po-
tentially handle non-Gaussian distribution and nonlinear dynamics/observation
processes; this contributes to robust tracking. For object tracking, an example
of target state is the position and orientation of the target.

We proposed the memory-based particle filter (M-PF) as an extension of the
particle filter [6]. M-PF eases the Markov assumption of PF and predicts the
prior distribution based on target’s long-term dynamics using past history of
the target’s states. M-PF realized robustness against abrupt object movements
and quick recovery from tracking failure without explicit modeling of target’s
dynamics. However, M-PF employs the same observation process as the tradi-
tional PF. The visual tracker in [6] uses a single template representing frontal
face, which is built at tracker initialization. Therefore, the M-PF-based tracker
can handle face rotation only so long as the initial frontal face remains visible;
[6] suggests that the horizontal limit is 50 degrees.

This paper extends M-PF to a unified probabilistic framework for joint esti-
mation of target’s position/pose and its appearance based on memory-based joint
prior distribution prediction using stored past pose-appearance pairs. We call it
the Memory-based Particle Filter with Appearance Prediction (M-PFAP). The
appearance of an object varies with its pose. By predicting appearance from pose,
M-PFAP enables robust tracking against changes in appearance. A memory-
based approach is proposed to generate the joint prior distribution of pose and
appearance; the complex relationship between them is not explicitly modeled.
M-PFAP can robustly handle the large changes in appearance caused by large
pose variation, in addition to abrupt changes in moving direction; it allows ro-
bust tracking under self and mutual occlusion. To the best of our knowledge,
M-PFAP is the first pose tracker that handles pose-appearance relationship as a
probabilistic distribution and that simultaneously predicts future pose and ap-
pearance in a memory-based approach. As the tracking target, this paper focuses
on the face and we implement the M-PFAP-based face pose tracker. Experiments
confirm that M-PFAP successfully tracks human faces from frontal view up to
profile view, i.e. 90 degrees horizontally; it far exceeds the limits of M-PF.

This paper is organized as follows. Section 2 overviews related works, Sect. 3
proposes M-PFAP, and Sect. 4 describes face pose tracking based on M-PFAP,
experiments, and results. Finally, Sect. 5 gives our conclusions.

2 Related works

2.1 Template matching-based tracking and template update

Template matching has been widely employed for visual target tracking; the
template represents the target’s appearance from the camera’s view. The target
position is the best-matched position of the template on the input image. To
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cope with appearance change, the template is updated repeatedly over time [7,
8]. However, error in the estimates of position/pose yields erroneous templates
and error accumulates, which results in tracking failure. It is called “drift”. To
suppress drift, two approaches have been proposed.

The first approach uses pose-invariant features extracted from the target.
The tracker of Matthews et al. [9] employs a set of invariant features from mul-
tiple views of the target object; the tracker can keep track of the target even
when its pose changes. Jepson et al. [10] proposed a WSL model which uses
separate models for Stable, Wandering, and Lost situations; these models are
mixed to predict the target appearance by using the EM algorithm. Zelniker
et al. [11] combined multiple features according to e.g. illumination condition.
These methods can be used only for position estimation, not for pose estimation.

The second approach is template updating through adaptive criteria. Morency
et al. [12, 13] and Ross et al. [14] proposed methods that use an initial template
as a supplement to avoid error accumulation; both the initial template and up-
dated template are used for matching. However, the use of the initial template
limits the pose range possible. In the example of [13], a frontal face is used as
the initial template, and the horizontal rotation angle in their experiment was
up to 50 degrees. Lefèvre et al. [15] used view-based templates obtained online.
It generates a template not only from frontal view but also from profile views.
By using them, it enables to compose an appearance model by interpolation,
not by extrapolation. However, the range of trackable angle is restricted by the
profile views.

M-PFAP provides a new approach to handling the large appearance changes
caused by pose change. It handles pose-appearance relationship as a probabilistic
distribution, and estimates pose and appearance simultaneously in the Bayesian
filter framework by using the memory-based approach.

2.2 Memory-based Particle Filter (M-PF)

M-PF [6] realized robust target tracking without explicit modeling of target’s
dynamics even when a target moves quickly.

Fig.1 outlines M-PF. M-PF keeps temporal sequence of past state estimates
x̂1:T = {x̂1, · · · , x̂T } in memory. Here, x̂1:T denotes a sequence of state estimates
from time 1 to time T , and x̂t denotes a pose estimate at time t. M-PF assumes
that the subsequent parts of past similar states provide the good estimates of
the current future.

M-PF introduced Temporal Recurrent Probability (TRP), which is a proba-
bility distribution defined in the temporal domain and indicates the possibility
that a past state will reappear in the future. To predict the prior distribution,
M-PF starts with TRP modeling. It then conducts temporal sampling based
on TRP. The sampled histories are denoted by blue dots in Fig.1. It retrieves
the corresponding past state estimates for each sampled time step, which are
denoted by pink dots in Fig.1. After that, considering the uncertainty in the
state estimates, each referred past state is convoluted with kernel distributions
(light green dist. in Fig.1), and they are mixed together to generate the prior
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Fig. 1. M-PF employs past state se-
quences to predict a future state. It, first,
calculates reoccurence possibility of past
state estimates (TRP). And then, past
time steps are sampled based on the TRP.
Past state estimates corresponding to the
sampled time steps are combined to pre-
dict prior distribution. M-PF enabled im-
plicit modeling of complex dynamics.
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Fig. 2. M-PFAP extends the M-PF [6] to
realize robustness against large changes in
pose. We focus on the fact that the pose-
appearance relationship is not one-to-one
but stochastic. The key extension from M-
PF is prediction of joint prior distribution
of pose and appearance.

distribution (green dist. in Fig.1). Finally, a set of particles is generated accord-
ing to the prior distribution (black dots in Fig.1). M-PF-based face pose tracker
in [6] estimates the position and rotation at each time step. M-PF uses the
same observation process as traditional PF, which uses a single template built
at initialization. This yields the 50 degree face rotation limit noted in [6].

M-PFAP extends M-PF. It adds appearance prior distribution prediction to
M-PF for enabling handling of large appearance changes while keeping the merits
of M-PF; robustness against abrupt movements and recoverability from tracking
failure.

3 Memory-based Particle Filter with Appearance
Prediction (M-PFAP)

3.1 Formulation of M-PFAP

In this section, we define M-PFAP by extending the Bayesian filter formulation.
The Bayesian filter consists of two processes, update and prediction, as

p(xt|z1:t) = kt · p(zt|xt) · p(xt|z1:t−1), (1)

p(xt+1|z1:t) =
∫

p(xt+1|x1:t)p(x1:t|z1:t)dx1:t, (2)

where kt is a normalization term, z1:t = {z1, · · · , zt} and x1:t = {x1, · · · ,xt}
denote a sequence of observation vectors and that of state vectors from time 1 to
t, respectively. Equation (1) corresponds to the update process that computes the
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posterior distribution of the target state, and (2) corresponds to the prediction
process, which calculates the prior distribution for the next time step.

M-PF replaced the prediction process in (2) with memory-based prior pre-
diction as written in (3).

p(xt+Δt|z1:t) := π(xt+Δt|x̂1:t, Δt). (3)

M-PF obtains the prior distribution at time t + Δt from the history of state
estimates x̂1:t and the lead time Δt.

M-PFAP adds appearance as the state vector in addition to position and ro-
tation. Hereafter, Xt = (xt, At) denotes state vector at time t, where xt and At

denote the position/rotation and the appearance at time t, respectively. Exam-
ples of appearance include a set of feature points and corresponding gray levels.
The posterior distribution and the prior distribution of M-PFAP are defined
below.

p(Xt|z1:t) = kt · p(zt|xt, At) · p(xt, At|z1:t−1), (4)

p(Xt+Δt|z1:t) = π(Xt+Δt|X̂1:t, Δt) = π(xt+Δt, At+Δt|x̂1:t, Â1:t, Δt), (5)

where X̂1:t = {(x̂1, Â1), · · · , (x̂t, Ât)} denotes the sequence of pairs of estimated
pose x̂t and appearance Ât at time t. Â1:t = {Â1, · · · , Ât} denotes the sequence
of appearances from time 1 to time t. We define the joint prior distribution of
pose and appearance described in (5) as follows, by introducing a conditional
probability of a future appearance given a future pose π(AT+Δt|xt+Δt, x̂1:t, Â1:t)
and a past history of appearance and pose (x̂1:t, Â1:t).

Equation (5) = π(xt+Δt|x̂1:t, Â1:t, Δt) · π(At+Δt|xt+Δt, x̂1:t, Â1:t, Δt), (6)

:= π(xt+Δt|x̂1:t, Δt) · π(At+Δt|xt+Δt, x̂1:t, Â1:t). (7)

The first part of (7) corresponds to prior distribution of pose xt+Δt. It assumes
that the pose at Δt time in the future xt+Δt is independent of the past history
of appearance Â1:t, in other words, the dynamics of object movement are inde-
pendent of the past appearance history. The last part of (7) corresponds to the
conditional probability for a given pose, xt+Δt; it assumes that the appearance
at Δt time in the future At+Δt depends on the pose at time T +Δt, xT+Δt, and
is independent of lead time Δt. The first part of (7) is prior distribution of pose;
i.e. it equals the prior distribution of M-PF.

To define the conditional probability for a given pose, M-PFAP assumes that
the main determinant of appearance is pose. Note that there is no deterministic
one-to-one correspondence between them, i.e. significant uncertainty exists in
the relationship. This assumption is based on the following observations. First,
when the object rotates, its visible surface gradually becomes invisible and vise
versa. However, appearance is also influenced by various factors such as illu-
mination change and non-rigid deformation. Moreover, the explicit modeling of
the appearance changes caused by pose is difficult, because appearance exhibits
complex dynamics of high dimensionality.
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Fig. 3. An illustration of pose-appearance relationship; what we want to compute here
is the conditional prior distribution, p(A|x∗(i)), for given the pose x∗(i). We approxi-
mately represent the conditional distribution using past pose-appearance pairs. Each
selected past pair is geometrically transformed, f(·), to compensate the difference be-
tween desired pose and selected pose.

Based on the above assumption, M-PFAP represents the relationship be-
tween pose and appearance as a probability distribution, like in Fig.3. In Fig.3,
the horizontal axis and vertical axis denote pose space and appearance space,
respectively. As seen in Fig.3, for a given pose, there is a distribution of possi-
ble appearances and vise versa. M-PFAP handles such uncertainty within the
M-PF framework. It exploits the long-term history of the target state to predict
complex prior distribution. This paper proposes a memory-based algorithm that
jointly predicts appearance and pose.

3.2 Algorithm of the M-PFAP

M-PFAP sequentially estimates the target position and pose by repeating the
posterior distribution estimation in (4) and the prior distribution prediction in
(7). In the prior prediction step, M-PFAP predicts a joint prior distribution of
pose and appearance. In the posterior prediction step, the observation likelihood
of each particle is calculated by using the appearance estimated in the prior
prediction step. Then, point estimates of pose and appearance are obtained from
their joint posterior distribution. Next, the pair of pose and appearance is added
to the history. Prior distribution prediction, posterior distribution estimation,
and accumulation of history are described below.

Prior distribution prediction in M-PFAP
M-PFAP generates a set of particles, {(x∗(1), A∗(1)), · · · , (x∗(N), A∗(N))}, which

represents a joint prior distribution of pose and appearance, by using a memory-
based mechanism and the stored history of them.

We focus on the fact that the joint distribution of pose and appearance
defined by (7) is the product of the prior distribution of pose and the conditional
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probability of appearance (conditioned by pose). Therefore, we employ two step
solutions. In Step-1, a set of particles that represents a prior distribution of
pose is created by the previous M-PF, which is described in Fig.1 and Sect.2.2.
In Step-2, the appearance that corresponds to each particle is generated. The
process is shown in Fig.2 and Fig.3. In Fig.2, the current time is denoted by T ,
and prediction target is Δt time future state. Here, we assume we already have
the history of pose x̂1:T and appearance Â1:T . Each step is detailed below.

Step-1 Generating pose prior samples
Step-1 generates a set of particles {x∗(1), · · · ,x∗(N)} that represents the prior
distribution of pose at time T + Δt in the same manner as M-PF. This step
corresponds to the first part of (7), π(xT+Δt|x̂1:T , Δt).

Step-2 Prediction of appearance prior
Step-2 uses random sampleing according to π(AT+Δt|xT+Δt, x̂1:T , Â1:T ),
which is the last part of (7), to generate a set of appearance samples. It gener-
ates appearances {A∗(1), · · · , A∗(N)} corresponding to particles {x∗(1), · · · ,x∗(N)},
that are obtained from Step-1. Here, what we want to compute is the con-
ditional prior distribution p(A|x∗(i)) for given the pose x∗(i). The basic idea
is that the appearance distribution can be obtained as a mixture of past ap-
pearances whose associated poses are similar to pose condition x∗(i). Based
on the idea, first, past pose-appearance pairs are sampled (Step-2-1), and
then, the sampled past appearance are geometrically transformed to fill in
the gap between the desired pose x∗(i) and past sampled pose x̂t (Step-2-2).
We define the conditional appearance distribution as

p(A|x∗(i)) :=
1
α

T∑
t=1

w(t) · δ(A − f(Ât|x∗(i), x̂t)), (8)

where f(·) denotes the geometric transformation, δ(·) denotes the delta func-
tion, w(t) denotes the weight which is determined by the difference between
x∗(i) and x̂t, and α is the normalization factor to make

∫
p(A|x∗(i))dA = 1.

Random sampling with weight w(t) based on (8) generates the appearance
prior distribution. We name weight w(t) the history selection probability.
This is defined in the temporal domain based on pose similarity; the higher
the similarity between a pose in the history x̂t and that of the target particle,
x∗(i), becomes, the higher the history selection probability becomes. The un-
certainty that exists in the appearance-pose relationship can be represented
as random sampling from the past history. We expect that the mixture of
past appearances well reflects the uncertainty in the appearance-pose re-
lationship. This approach is simple but effective; it does not need explicit
modeling or stochastic learning
Step-2-1) Sampling history

This step samples a past history of pose that is similar to the parti-
cle x∗(i), denoted by a black dot in the upper part of Fig.2 and in
Fig.3 on the horizontal line. More specifically, this paper samples one
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past pose history, x̂t, t ∼ w(t), this is because we use enough samples,
x∗(i), (i = 1, · · · , N), to create sufficient diversity in the appearance dis-
tribution. The sampled history is denoted by a blue dot in the upper
part of Fig.2 and Fig.3. As the history selection probability, this paper
employs function w(t); this makes the probability proportional to the in-
verse of the Euclidian distance between the pose of target particle x∗(i)

and that of history entry x̂t, (t < T ).

w(t) = β/
√

(x̂t − x∗(i))T · (x̂t − x∗(i)), (9)

where, β is a normalization factor to realize
∑T

t=1 w(t) = 1.
Step-2-2) Appearance prediction

Considering the gap between the pose of sampled x̂t and the target pose
x∗(i), Step-2-2 predicts the appearance A∗(i) by geometrically transform-
ing Ât based on the pose difference as written in

A∗(i) = f(Ât|x∗(i), x̂t). (10)

Here, we assume that the local appearance difference caused by the small
difference in pose can be well predicted by local geometric transforma-
tion. See Sect. 4 for more details.

Posterior distribution estimation
As in (4), posterior distribution is defined by multiplying the prior distri-

bution by the likelihood function for the observation at time step t. In the PF
approach, the posterior distribution is represented by weighted particles. The
weight is calculated by using a likelihood function for given input image. This
function is calculated based on the matching error between the appearance and
input images.

In contrast to M-PF, which uses a fixed appearance model, M-PFAP uses
predicted appearance in the prior distribution for each particle.

Accumulation of history
At each time T , M-PFAP stores pose-appearance pairs X̂T = (x̂T , ÂT ). From

the particle set that represents the joint posterior distribution of appearance and
pose, the point estimates of pose and appearance are calculated. For pose, weight
averaging is used, and appearance estimates are obtained from the latest input
image by using the target’s pose estimates and rough shape model on the current
image frame. See Sect.4 for more details.

4 Implementation of face pose tracker

We create a variant of the Sparse Template Condensation Tracker (STCTracker)
[16], by using M-PFAP to implement particle filtering. Figure 4 shows the
flowchart of the implemented face pose tracker. This section describes some
details.
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Fig. 4. Flowchart of face pose tracking
by using M-PFAP
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Fig. 5. Interest points deployed for ini-
tial face

Pose parameter
Target position and pose are described by a vector of seven dimensions,

x = (mx, my, s, rr, rp, ry, l); 2-DOF translation, scale, 3-DOF rotation, and an
illumination coefficient.

Sparse template representation of an appearance
M-PFAP employs sparse template matching, which uses a sparse template

as the appearance model, as same as [16]. The sparse template consists of a
sparse set of pixels within the target region. Here, appearance A is denoted
by {(ux(1), uy(1), uz(1), b(1)), · · · , (ux(M), uy(M), uz(M), b(M))}, where M denotes
the number of interest points, (ux(i), uy(i), uz(i)) denotes the 3-D position of an
interest point, and b(i) denotes its gray level. The matching error is calculated
as the sum of differences between the gray levels of the interest points and those
of the corresponding points in the input image. Figure 5 shows the 250 interest
points selected in the initialization step. These points are selected from edge
sides and from minimum or maximum points among 8 neighbor pixels.

Geometric transform for predicting appearance
As written in Step-2-2, M-PFAP uses geometric transformation to bridge the

gap between the sampled pose x̂t and the target pose x∗(i). As the geometric
transformation, M-PFAP uses 3-DOF rotation. It transforms interest point’s
corrdinate [ûx, ûy, ûz]T into desired pose, [u∗(i)

x , u
∗(i)
y , u

∗(i)
z ]T , as in (11).

[
u
∗(i)
x u

∗(i)
y u

∗(i)
z

]T

= R(x∗(i))R′(x̂k)
[
ûx ûy ûz

]T
, (11)

where R(·) and R′(·) denotes rotation matrix and inverse matrix of R(·), respec-
tively. Additionally, illumination change is assumed by uniform changes in gray
levels of a set of interest points. The gray level b∗(i) corresponding to interest
point [u∗(i)

x , u
∗(i)
y , u

∗(i)
z ]T , is obtained by b∗(i) = v·b̂, where v ∼ N(1, σ2). N(1, σ2)

denotes normal distribution with mean 1 variance σ2.

Adding pose and appearance into history
At each time step, M-PFAP stores a pose-appearance pair. The pose estimate

x̂T is obtained as the point estimate of marginal posterior distribution of pose.
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And, appearance ÂT , which is a set of three dimensional interest points and
corresponding gray levels in this paper, is obtained from the point estimate of
the pose and the latest input image.

M-PFAP employs two steps to obtain a new appearance ÂT ; interest points
detection and depth information extraction. First, interest points are detected
from input image. And then, corresponding depth values of interest points are
extracted from rough shape model. As the rough shape model, we used a laser-
scanned averaged head shape (not a tracked person’s model).

M-PFAP stores pose-appearance pairs only when the tracking is stable to
prevent the erroneous pairs from being stored. The stability of tracking is judged
by the maximum likelihood of particles. The maximum likelihood works well in
most cases, however, it is not perfect. So, erroneous pairs could become held in
memory. But, if the erroneous pairs are the minority in memory, the stochastic
sampling from all past memory yields few erroneous samples and the majority
of samples are valid. This condition ensures M-PFAP prevents explosive error
growth, which is a serious weakness of the traditional template update scheme.

Additionally, to suppress memory usage and retrieval time, M-PFAP employs
the data structuring process. It stores a new pose-appearance pair only when
there are no pairs whose pose are very similar to the new pose.

5 Experiments and results

Experiments in this paper targets face pose. This section describes the experi-
mental environment, the details of the experiments, and the results.

5.1 Experimental environment

We used PointGreyResearch’s FLEA, a digital color camera, to capture 1024 ×
768 pixel-size images at 30 frames per second. The tracking processes use only
gray images converted from color images. A magnetic-based sensor, Polhemus
FASTRAK was used to obtain quantitative ground truth data. The rotation
angles, pitch, roll, and yaw roughly correspond to shaking, nodding, and tilt-
ing actions, respectively. As shown in Fig.5, two sensors were attached to both
temples of the subject. The number of particles was set to 2000.

Table 1 summarizes the proposed method and baseline methods. We em-
ployed three baseline methods, all based on M-PF; the first one is the original
M-PF, it uses only one template without updating; the second one (LT) up-
dates the template and uses the latest template; the last one (NN) updates the
template and uses the template nearest to the target pose.

5.2 The effective tracking by the M-PFAP

To verify the effectiveness of M-PFAP, we used a test video sequence that in-
cluded a head that rotated from frontal view to profile view (=90 deg. in hor-
izontal direction). The target video includes profile faces. Figure 6 shows the
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Table 1. Comparison between proposed method and comparative methods

template updating selection criterion of templates

Proposed（M-PFAP）accumulating history Probabilistic selection

M-PF No initial template
LT Yes latest template
NN Yes nearest template
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Fig. 6. An example of face tracking; the proposed method can track against large
appearance changes

result of M-PFAP. The snapshots in Fig.6 are listed in time order from left to
right. In Fig.6, the white mesh represents the estimated position and rotation,
and the dots located around center of the face denote the prior distribution of
face pose, which only represent positions. The initial template surface is almost
invisible in profile view as in Fig.6 (a) and (d) ; old trackers that use only frontal
view template cannot track the face anymore. In contrast, M-PFAP successfully
tracked the face in profile view.

5.3 Quantitative evaluation of tracking accuracy

Three types of video were employed for this quantitative evaluation. Video-1
included a wide range of moderate rotations. This video was used for evaluating
basic performance. Video-2 included abrupt movements, such as abrupt reverse
of moving direction and abrupt shaking of the head. This video is used to ver-
ify that M-PFAP mirrors the robustness against such abrupt motion of M-PF.
Video-3 included occlusions such as the rotating head being hidden by a moving
arm. Occlusion recovery is another merit of M-PFAP inherited from M-PF.

Fig.7 shows the tracking results of Video-1. The horizontal axis denotes time
and the vertical axis denotes horizontal rotation angle. Figure 7 shows that the
M-PFAP output closely followed the ground truth. M-PF, on the other hand,
became unstable when the rotation angle exceeds about 60 degrees. NN and LT
could not track correctly; they had worse performance than M-PF. We consider
that the updated template included errors and so the tracking drifted.
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Fig. 7. Head rotation angle in horizontal direction
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Fig. 8. Snapshots of tracking the abrupt movements

Fig.8 shows snapshots during tracking of the target face moved from left
to right abruptly (Video-2). The snapshots are listed from left to right in time
order. It was tracked correctly. Absolute average errors of face pose tracking
against Video-1 and Video-2 and variances are shown in Table 2. The proposed
method yielded improved tracking performance in both videos.

Video-3 included occlusions. Snapshots of Video-3 during tracking are shown
in Fig. 9. In this scene, the face turns from right to left, at the same time, an
arm moves from top to bottom causing an occlusion; the face turns and shifts
during the occlusion; so the face poses before and after occlusion are completely
different. Additionally, the profile face appears immediately after the occlusion;
it can not be tracked by the initial template. M-PFAP could recover tracking
even in this severe situation.
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Fig. 9. Snapshots of occlusion recovery
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Table 2. Absolute average errors [degree] in horizontal rotation; values in blacket show
corresponding variances

Proposed M-PF NN LT

Video-1 7.1 (35.0) 15.9 (182.7) 35.0 (1316.5) 38.7 (1448.1)

Video-2 8.5 (108.8) 14.3 (117.0) 16.7 (684.7) 31.2 (698.0)

　

(a) Tar-
get face

(b) Past appearance used for
prediction

Fig. 10. Pose estimation target and past appearance used for the appearance prior
prediction

5.4 Past appearance used for appearance prediction

Fig.10(b) shows the history entries that were selected to estimate the pose prior
distribution of Fig.10(a). It can be observed that many entries were used for
appearance prediction. Each entry includes error to some extent. By using a
number of entries to estimate appearance, M-PFAP prevents the tracking from
accumulating errors and from drifting.

6 Summary and future works

This paper proposed M-PFAP; it offers robust visual tracking of the target’s
position and pose. M-PFAP is an extension of M-PF and represents a unified
probabilistic framework for the joint estimation of target position/pose and its
appearance based on memory-based joint prior prediction using stored past pose
and appearance sequences. Quantitative evaluations confirmed that M-PFAP
successfully tracks human faces in frontal view up to profile view, i.e. 90 degree
horizontal rotation; it thus completely overcomes the limitation of M-PF.

Future works include following two points. First, we consider handling of
appearance change due to illumination change. Among the various illumination
changes, the current implementation of M-PFAP realizes robustness against uni-
form illumination change by employing an illumination coefficient in the state
vector. Also, M-PFAP potentially can handle non-uniform illumination change, if
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it can accumulate pose-appearance pairs under gradual changes in illumination.
We are going to evaluate the limits of robustness against various illumination
and achieve further robustness.

Second, we will tackle GPU implementation. Our current CPU-based M-
PFAP does not work in real-time. We consider that M-PFAP suits to GPU
acceleration, because it is an extension of M-PF and is adequate to parallel
processing as same as M-PF. M-PF was accelerated 10 times faster by GPU
implementation. For the GPU implementation, more effective way of storing
memory to save memory usage and to save retrieval time should be considered.
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15. Lefèvre, S., Odobez, J.: View-based appearance model online learning for 3d de-
formable face tracking. In: Proc. VISAPP. (2010)

16. Lozano, O.M., Otsuka, K.: Real-time visual tracker by stream processing. Journal
of VLSI Signal Processing Systems (2008) DOI 10.1007/s11265-008-0250-2.


