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Abstract. Visual detection and target tracking are interdisciplinary
tasks oriented to estimate the state of moving objects in an image se-
quence. There are different techniques focused on this problem. It is
worth highlighting particle filters and Kalman filters as two of the most
important tracking algorithms in the literature. In this paper, we pre-
sented a visual tracking algorithm which combines the particle filter
framework with memory strategies to handle occlusions, called as memory-
based particle filter (MbPF). The proposed algorithm follows the classi-
cal particle filter stages when a confidence measurement can be obtained
from the system. Otherwise, a memory-based module try to estimate
the hidden target state and to predict its future states using the process
history. Experimental results showed that the performance of the MbPF
is better than a standard particle filter when dealing with occlusion sit-
uations.

1 Introduction

Visual tracking consists of locating or determining the configuration of a known
(moving, deforming) object at each frame of a video sequence [5]. This is a
relevant problem in Computer Vision and it has been focused using different
methodologies. One of the most popular approaches in recent years is the particle
filter (PF) proposed in [4].

Particle filter has demonstrated as an efficient method in visual tracking.
Many works in the literature have proposed extensions to the original frame-
work to deal with some specific difficult problems, such as tracking in cluttered
environments, multi-dimensional or multiple object tracking, tracking through
occlusions, etc. In this work we are specifically interested in tracking through
occlusions. Particle filter algorithms for visual tracking need from a confidence
measurement which characterizes the image region associated to the target. If
the target is occluded, there are no target measurement in the image, or it is
very poor, the standard particle filter algorithm will fail. A typical strategy con-
sists of restart the tracking algorithm. Nevertheless, this is not always the best
solution and there are many works in the literature which attemp to deal with



occlusions without restarting the system. Bagdanov et al. [2] presents a contin-
uously adaptive approach to estimating uncertainty in the particle filter to deal
with the problem of undesired uncertainty amplifications in the model update
which could lead to erroneous behavior of the tracker. Results obtained on a
set of image sequences show that the performance of the particle filter is signifi-
cantly improved through adaptive parameter estimation, particularly in cases of
occlusions and nonlinear target motion. Wang et al. [7] proposes a multi-regions
based particle filters for dealing with occlusion problems. The algorithm uses sev-
eral nearly independent particle filters (NIPF) to track each region which will
be influenced by the proximity and/or behavior of other regions. The authors
claim that the proposed algorithm is more effective in solving long-time partial
or total occlusion problem than other proposal in the literature. Ryu and Huber
[6] presents an extension to the Particle Filter algorithm for tracking multiple
objects. This approach instantiates separate particle filters for each object and
explicitly handles partial and complete occlusion, as well as the instantiation
and removal of filters in case new objects enter the scene or previously tracked
objects are removed. The experiments demonstrate that the proposed method
effectively and precisely tracks multiple targets and can successfully instantiate
and remove filters of objects that enter or leave the image area.

The aim of this work is to extend the particle filter framework to estimate the
state of a target even when it is occluded. To this aim we propose a memory-
based particle filter (MbPF). The proposed state memory is inspired by the
human visual perceptive system as far as humans are predisposed to track having
objects of interest while they are visible and to predict their trajectories from
past observations when they are occluded. This algorithm follows the classical
particle filter stages when a confidence measurement can be obtained from the
system. Otherwise, a memory-based module tries to estimate the hidden target
state and to predict the future states using historic estimates.

The rest of the paper is organized as follows. Section 2 describes the particle
filter framework. Section 3 presents the memory-based particle filter. Section 4
are devoted to present the obtained experimental results and, finally, Section 5
illustrates the conclusions and future works.

2 Particle filters for visual tracking

Sequential Monte Carlo algorithms (also called Particle Filters) are a specific
class of filters in which theoretical distributions in the state-space are approxi-
mated by simulated random measures (also called particles) [3]. The state-space
model consists of two processes: (i) an observation process p(Z;.¢|X;) where X;
denotes the system state vector and Z; is the observation vector at time ¢, and
(ii) a transition process p(X;|X¢—1). Assuming that observations {Zy, Z1, ..., Z:}
are sequentially measured in time, the goal is the estimation of the new system
state at each time step. In the framework of Sequential Bayesian Modeling, the
posterior pdf is estimated in two stages:



(a) Evaluation: the posterior pdf p(X;|Z;.:) is computed using the observa-
tion vector Zy.:

P(Ze| Xe)p(Xe| Z1:6-1)
Xi|Z1.4) = 1
P(XilZ1) P(Zi| Z1:4-1) M)
(b) Prediction: the posterior pdf p(X¢|Z1.4—1) is propagated at time step ¢
using the Chapman-Kolmogorov equation:

p(Xi|Z1:4—1) = /p(Xt|Xt—1)p(Xt—1|Zl:t—1)dXt—1 (2)

A predefined system model is used to obtain an updated particle set. The
problem lies in a state modeling where the dynamics equation describes the
evolution of the object and the measurement equation links the observation
with the state vector. Depending on the concrete application some choices are
considered.

The aim of the PF algorithm is the recursive estimation of the posterior
pdf p(X:¢|Z1.1), that constitutes a complete solution to the sequential estimation
problem. This pdf is represented by a set of weighted particles {(x?,7?),...,
(xN,7mN)}, where the weights ! = p(Z;.t| Xy = x!) are normalized. Each particle
i stores a system state x! at time ¢ and a quality measure 7} called weight,
proportional to the probability of the state x:.

The PF algorithm starts by initializing a population vector X of IV particles
using a known pdf. The measurement vector Z; at time step t is obtained from
the system, and particle weights IT; are computed using a fitness function. The
weights are normalized and a new particle set X is selected. Taking into account
that particles with larger weight values can be chosen several times, a diffusion
stage is applied to avoid the loss of diversity in X;. Finally, particle set at time
step t + 1, Xyy1, is predicted using the motion model. The pseudocode of a
general PF is detailed in [1].

In short, Particle Filters are algorithms that handle the evolution of particles.
Particles in PF are driven by the state model and are multiplied or eliminated
according to their fitness values (weights) as determined by the pdf [3]. In visual
tracking problems, this pdf represents the probability that the object is in a
determined position and/or orientation in the frame.

3 The memory-based particle filter

Figure 1 shows the memory-based particle filter (MbPF) algorithm scheme. The
proposed algorithm follows a Particle Filter scheme (see section 2 for a detailed
explanation) except when the tracked target is occluded. The estimation that an
occlusion takes place will be described next. In this case, an alternative strategy
based on the history of the process is used. Past estimations by the current time
t. are stored in a set {8, t.— Ty <t < t.} where §; is the estimated target state
at time t and T}y is the selectable number of frames of the length of the memory.
In this work we consider a target state given by its 2D position (§; = [Z¢, §¢]). In
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Fig. 1. Algorithm overview.

the same way, the state sP of each particle p in the particle set is given by the
dupla s? = [zP,yP] and an associate weight 7P. The rest of this section analyzes
the succesive involved modules in detail.

3.1 Initialization

The aim of the stage is to provide initial values to the particles state. This initial
stage is performed only once, at time ¢ = 0. As a result, each particle p in the
particle set randomly initializes its state [xP, yP] over the whole image as:

zh = R([0, W])
{y§ — R(0.H]) (8)

where R is a random uniform variable in a given range (in this case, [0, W] or
[0, H]), W and H are the image length and width, respectively, and p € [1, N],
where N is the number of particles in the particle set.

3.2 Weight computation

This subtask receives a segmented image I, from the system at time ¢. If,
is a binary image in which white pixels correspond to target and black pixels
correspond to other image regions. The weight 77 assigned to each state s! of



the particle p at time t is computed summing up the number of white pixels that
belongs to a predefined object bounding box in the measurement image I%,;:

z{+(Lz/2) y*+(Ly/2)

> Y Iilwh) (4)

w=a?—(Lz/2) \h=y*—(Ly/2)

)
Il

where Lz and Ly are the size of the predefined bounding box. The higher the
number of white pixels contained in the object bounding box, the higher the
likeliness of the particle is.

3.3 Occlusion condition

We consider a target is occluded when there are no particles in the particle set
with a weight higher than a given threshold. In other words:

Occlusion? = (7P < th,, Vp € [1, N]) (5)

where N is the number of particles in the particle set and th, is a predefined
threshold.

3.4 Particle-based estimation

The particle-based estimation is computed as the state of the particle in the
particle set with maximum weight. In mathematical terms, the estimation at
time ¢ is given by:

8t = argmaz.»({s”, Vp € [1,N]}) (6)

where N is the number of particles in the particle set.

3.5 Selection

Particle set for the next time step ¢ + 1 is made up of particles selected from the
particle set at time ¢. Particles are selected with probabilities according to their
weights.

3.6 Diffusion

The previous selection stage may select the same particle several times. The PF
diffusion method is used to keep the needed diversity in the particle set once
the selection stage was performed. This diffusion basically consists of a random
perturbation of the state of every particle:

P = zP + R([—r,7]) )
y* =y’ + R([-r,7])
where z,y and z’,3’ denote the spatial variables before and after the pertur-

bation, respectively, and R(—r,r) is a random uniform variable in a predefined
range [—r, r].



3.7 System Model

The system model describes the temporal update rule for the system state [8].
The tracked object state consists of a given number of spatial coordinates and
their corresponding velocities. In mathematical terms, the update rule can be
expressed as follows:

xg+6t = xg + ?g‘st + R([~r,7])

y'lf‘DJrSt = y'tp—i_ Y 0t + R([_T’ T]) (8)
th+6t = J.Ut + R([~vr, vr])

nyr& =¢¥ + R([—vr,vr])

where x,y denote the spatial variables, &,y are the first derivatives of x,y with
respect to t, §t is the time step and R is a random uniform variable in a predefined
range, which allow changes in the object state in the ranges [—r, r] for the position
and [—ovr, vr] for the velocity. The values of r and vr depend on the expected
changes in the position and velocity of the tracked object.

3.8 Memory-based estimation

The memory-based estimation is performed when no confidence measurement of
the system state is available. This situation is typically arises when an occlusion
occurs. Then, the proposed algorithm trusts the system state history more than
the current measurement. Let Sy = {8;, t € [te—1 — T, tc—1]} the set of
estimates stored in the history of the process up to the current time step t.. We
compute the estimate at current time ¢, by means of a well-known least squares
method. To achieve this goal, we first compute the least square line for each
variable of the Sy set:

z(t) = agt + by
{ y(t) = ayt + by ()

where a,,b;,ay,b, are the coefficients obtained by means of the least squares
method. Finally, we obtain the system estimate §;, = [&,, .| at time ¢, by
replacing ¢t = t. in the former expressions, obtaining:

(10)

3.9 Memory-based prediction

The memory-based prediction consists of the computation of a bounding box
containing the object in the next time step. The size of this bounding box de-
pends on a confidence estimation. This confidence decreases when there is no
measurement available. It gets even lower as the number of frames without ob-
servation increases once we lost the target or it was occluded. This bounding
box will be greater at each time step while the confidence decreases.



The predicted bounding box is defined by a position of its geometrical cen-
ter (BB yPP] and a size [LaPP, LyPP]. The position [2P8, yPPB] is predicted
following the same philosophy of the previous memory-based estimation stage.
The size [LzPB, LyPP] is updated from an initial predefined size [LzfZ, LyF?],

using a confidence measurement C; at time ¢, as follows:

LaBB = LaBB + Cy x Lz (11)
LyPP = LyfP + Cy x 6Ly

where [0Lxz,0Ly] are predefined increments for the bounding box width and
height, respectively. Next section explains how to update the confidence mea-
surement Cy.

3.10 Confidence measurement update rule
The confidence measurement is updated at every time step, according to the

following rule:

C; + 6C, if hidden target
Cip1 = o
0, if visible target

where 6C' is a predefined parameter which models the loss of confidence when
no object evidence is achieved by the measurement model in the current frame.

Fig. 2. Some non-consecutive frames extracted from the circular sequence.

4 Experimental results

This section is devoted to present and discuss the obtained experimental results.
The proposed algorithm memory-based particle filter (MbPF) has been tested
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Fig. 3. Obtained results in different trajectories: (a) square, (b) circle, (c) spiral, (d)
line and (e) sinusoidal. Yellow and red points represent visible and hidden target esti-
mations, respectively.

for the single object visual tracking in synthetic sequences. In these sequences,
the object appears as a white squared region when it is visible and as a square
red region when it is hidden (see Figure 2). The red regions in the image are
not detected as object by the measurement model although it is shown for easy
verification. Therefore, this represents an occlusion situation for the tracking
algorithm. The tracked target follows a predefined trajectory. We have tested five
different trajectories: circular, rectangular, sinusoidal, spiral and linear. Figure
3 shows the trajectory achieved and predicted by the MbPF. The estimations
performed by the MbPF when the target is visible are represented by yellow
points, while the estimations performed through occlusions are represented by
red points.

In order to have a comparison baseline, a standard particle filter (PF) has
been tested in the same experimental conditions. We have measured the accu-
racy of PF and MbPF in the five image sequences presented above. The accuracy
measurement is computed as the number of target pixels that belongs to the es-
timate bounding box. In mathematical terms, the accuracy A(S;) of the estimate
§¢) at time ¢ is computed as follows:

&+ (La/2) 9e+(Ly/2)

> > Iiy(w,h)

w=&¢—(Lz/2) \h=9y:+—(Ly/2)
Lx x Ly

A8) =
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Fig. 4. Accuracy results in different trajectories obtained by PF and MbPF, when the
target is visible and when it is hidden.

where I}, measurement image and parameters [Lz, Ly] are the size of the pre-
defined bounding box.

Figure 4 shows the average accuracy results obtained by PF and MbPF when
the target is visible and hidden in the considered sequences. As it can be seen
in the figure, PF and MbPF obtain the same results when the object is visible.
However, the accuracy of the MbPF is much better than PF through occlusions.
As a result, the average accuracy results for the whole sequences are also in
favour of our proposal, as it is depicted in Figure 5.

Accuracy results
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Fig. 5. Accuracy results in different trajectories obtained by PF and MbPF.



5 Conclusion and future work

In this paper, we presented a visual tracking algorithm which combines the par-
ticle filter framework with memory strategies to handle occlusions, called as
memory-based particle filter (MbPF). The proposed algorithm follows the clas-
sical particle filter stages when a confidence measurement can be obtained from
the system. Otherwise, a memory-based module tries to estimate the hidden
target state and to predict the future states using the process history. The per-
formance of the MbPF has been compared with a standard particle filter (PF)
in image sequences in which a target is tracked through occlusions. In spite of its
simplicity, MbPF achieves very promising results on the tested image sequences,
demonstrating better performance than a PF in all the considered experiments.
These experimental results allow us to be optimistic about the MbPF application
in real environments.

In a future work, we will extend the proposed algorithm to handle multi-
dimensional problems. We are particularly interested in the multiple object
tracking problem with occulsions. Finally, we will apply learning methods to
improve the performance of the memory-based stages.
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