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Abstract

We propose an object detection method using particle filters.
Our approach estimates the probability of object presence in the
current image given the history of observations up to current time.
To do so, object presence is modelled by a two-state Markov chain,
and the problem is translated into sequential Bayesian estimation
which can be solved by particle filters. The observation density,
required by the particle filter is based on selected discriminative
Haar-like features that were introduced by Viola and Jones [7] for
object detection in static images. We illustrate the approach on the
problem of face detection. Experiments on real video sequences
show the feasability of the approach.

1. Introduction

Object detection in images has received considerable attention
in the past decades, probably because reliable object detection sys-
tems are required as a front-end in numerous applications. For ex-
ample, face detection is the first stage of many human computer
interaction systems. Object detection deals with determining if an
instance of a given class of objects (for examples cars, faces, etc.)
is present or not in an image. Successful object detection systems
are based on the learning of object appearance using large collec-
tions of examplars.

Many systems take only into account the information contained
in one image to detect the object. This paper uses the particle filter
framework for detecting objects in video. We consider that object
presence is a discrete random variable that can be modelled as a
two-state Markov chain. To perform object detection, we propose
to compute the probability of the object to be visible in the current
frame, given the history of all frames up to the current time step.
In order to estimate this probability we formulate the problem as
recursive Bayesian estimation and solve it using sequential Monte
Carlo or particle filter techniques [1].

The approach is illustrated in the context of face detection. Al-
though in principle any static face detection algorithm could be
used to create the observation density required by the particle fil-
ter (PF), we illustrate the detection using the Viola-Jones face de-
tector [7]. This face detection method is based on the learning of
a small discriminative subset from a large set of Haar-like rect-
angular features. These features can be efficiently evaluated by a

few arithmetic operations on the so-called integral image, which
makes it very suitable for computationally intensive methods like
particle filters. Combination of rectangular features and PF’s has
been done before, yet with other purposes. In [3], the output of
the Viola-Jones detector is used to construct a relevant importance
density in the context of tracking multiple targets. Micilotta and
Bowden [2] and Yang et al. [9] use the rectangular features in the
PF observation density but they focus on pure tracking, detection
being obtained by other means. Wang et al. [8] focus on online
selection of discriminative rectangular features for robust tracking
in clutter.

Our work is related, in spirit, to the propagation of detection
probability proposed in [6]. In their work, the authors create a
face probability map over each frame using a static face detector
resembling the one of Schneiderman and Kanade [5]. Samples
that hypothetise face presence are initialised around local maxima
of the map and propagated to next frames using a prediction and
update model. The update model is based on the probability maps
computed for each frame. Face appearence and disappearance are
treated by devoted procedures on the samples. In contrast, our ap-
proach is defined strictly in the Bayesian framework. Face appear-
ance and disappearence are therefore managed naturally through
the object presence random variable. The resulting method is sim-
pler and has less parameters than in [6].

The paper is organised as follows. In the next section, we for-
mulate the problem of detection in video and we present the mod-
els adopted in this paper. Section 3 presents the particle filter solu-
tion to the detection problem. Section 4 is devoted to experiment
and Section 5 concludes the paper.

2. Problem formulation

Let us model the event “object is present” and “object is not
present” by a discrete random variable £ with £ = 0 when the
object is not visible and £ = 1 when the object is visible, Clas-
sically the detection is done in a given signal z; at the time step
k by comparing the probability that the object is present given the
input signal, i.e. P(E = 1|zx) with the probability that the ob-
ject is absent P(E = 0|z;). This is equivalent to comparing the
likelihood ratio

p(zx|E = 1)
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to a threshold. Most of object detection methods proposed in
the literature use pattern recognition and machine learning tech-
niques to learn a discriminative function which approximates the
likelihood ratio. The learning is done on training data with both
positive and negative example images. In order to actually detect
the face, image sub-windows that potientially contain the face are
first extracted and the discriminative function is applied to these
sub-windows. Motion or color cues can be used to guide the sub-
window extraction and concentrate the attention of the detector on
image regions with high probability of face presence. Finally the
discriminative function or score si(zy) is simply compared to a
threshold, and it is decided that the face is present if s > ¢ and
not present if s, < t.

This approach takes only into account the information con-
tained in the current frame for making the decision. It overlooks
the fact that the frames are contiguous in the sequence as noted
in [6]. It is likely that performance would be improved by using
information from several frames. To do so, we can model the pres-
ence of the object using a Markov chain with two values: E = 0
and E = 1. The position and size of the object can be included in
a unknown random vector x;. The probability of object presence
given frame zj is the marginal of the joint probability of object
presence and the object position and size given the observation,
i.e.

P(Ek=1|zlzk)=/p(Ek:1,xk|zlzk)dxk. M

Bayesian sequential estimation allows to find p(Ey, Xk|21.x) re-
cursively.

In order to solve the sequential estimation problem we must
specify a motion model, i.e. the evolution of the state through
the transition probability density function (pdf) p(xx|xx—1), and
a measurement likelihood function p(zx|xx), i.e. the link between
the state and the current measurement. The next three subsections
describe the modelling of object motion, of object appearance and
disappearance, and the measurement likelihood function.

Figure 1. The five types of rectangular fea-
tures.

2.1. State vector and dynamic model

The state vector xx of an object at frame £ typically consists of
parameters of the image sub-window that potentially contains the
face.

For simplicity we adopt the random walk model x, =
[x yr Sk]T, where (zx,yx) denotes the upper left corner of the
rectangular image region (in our case a square) used for extract-
ing the sub-window, Sj denotes the square size. Note that other
variables can be added, such as velocities and scale change rate,
depending on the application. The state dynamics is described by

the linear model: x; = Xg_1 + Wx_1, where wy_; is process
noise, assumed to be white, zero-mean Gaussian, with covariance
matrix Q. The transition pdf is therefore

p(xk|xk-1) = N(xx-1,Q).
2.2. Object presence
The presence random variable E € {0, 1} is modelled by an

2-state Markov chain, whose transitions are specified by a 2 x 2
transitional probability matrix (TPM)

H:F—Pa P, }7

Py 1—-Py
where
P, = Pr{E; =0|Ex_1 = 1} 2)
Pd = P?“{Ek = 1|Ek_1 = 0} (3)

are the probabilities of object appearance and disappearence re-
spectively.

2.3. Observation model

Like in [9, 2], we adopt an observation density based on the
rectangle features introduced by Viola and Jones [7]. However, in
[9, 2] the features are used to track the object through the sequence,
object detection being obtained by other means.

The observation density or measurement likelihood function
relates the currently observed image to a model of the object. The
proposed density is based on the Viola-Jones static face detector
[7]. The detector discriminates between face and non-face images
by computing the response of a small subset of discriminative rect-
angular features. Five types of features, depicted on Figure 2, are
used. The response f;(I) of a feature f; on an image I is the dif-
ference between the sum of pixel values in the white area and sum
of the pixel values in the black area. The subset of discriminative
features is obtained from a large set of rectangular features by an
adaBoost ensemble learning method. Each feature f; comes with
a threshold ¢; and a coefficient «; (which reflects the discrimina-
tive power of the feature) obtained during the learning phase. The
classification in the face or non-face class is based on the following
score

nf
s(I) = Zaiu(fi(l) —ti), “

where ny is the number of selected features and u(.) is the unit
step function. Note that the selected rectangular features must be
adapted in scale if the sub-window size is different from the origi-
nal feature size used in the feature selection step (which was cho-
sen 24x24). Instead of making a hard decision by comparing s to a
threshold as in the static case, the probabilistic formulation allows
to take into account the “soft” likelihood of face presence. The
score s can be interpreted as a measure of similarity between the
observed image [ and a face model implicitely learned through the
adaBoost feature selection process. We therefore adopt the follow-
ing measurement likelihood function

p(zx|xx) o< exp (Bsk(I) + ) (5)



Frame 51

Frame 15

Frame 93

Frame 109 Frame 151

Figure 2. Face detection results. Small circles show the = and y component of particles (i.e. the
upper left corner of the region) with £} = 1. Once P > 0.5 the face is decided to be present and a
white box is drawed using the estimated state vector.

where [ is the sub-image extracted from z; at the location speci-
fied in the state vector X, and (3 and -y are design parameters that
are set using training sequences. With this definition, the likeli-
hood function takes large values on image regions that have a face
appearance and small values on image regions that do not have
a face appearance. For the results reported below, we selected
ny = 200 features using a training set of 4000 faces images and
7000 of non-faces images.

3. Particle filter for detection

In the following we briefly outline the conceptual solution to
detection in image sequences in the Bayesian framework, for the
models described in the previous section. We then present the par-
ticle filter that implements this solution.

The main idea is to estimate object presence and object location
and size at the same time. To do so, we first define an augmented
state vector

{Ek if B, =0,

Vi = T

(Ek,xk) lek =1.

which includes the state vector with the object caracteristics

and the presence discrete variable. Given the posterior density

p(yr—1|2z1:.—1), and the latest available image zj in the video

sequence, the goal is to construct the posterior density at time &,

p(¥k|Z1:k). Once the posterior pdf p(y«|z1:x) is known, the prob-

ability P that the object is present in a video sequence at time k is
computed using Equation (1).

Note that the object position and size in the frame k can also
be computed as the marginal of the pdf p(y«|z1.x). These types
of problems are referred to as hybrid state estimation because the
state vector to be estimated involves both continuous (the sub-
window parameters) and discrete-valued variables (the E' variable)
[4]. The formal Bayesian recursive solution to the hybrid state es-
timation can be presented as a two step procedure consisting of
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prediction and update, and can be found in [4] (Chap. 11). This
solution can be implemented by a particle filter, which is described
in the following.

Particle filters approximate the posterior density p(yx|z1.x) by
a weighted set of random samples or particles. In our case, a par-
ticle of index n is characterized by a certain value of Ej; vari-
able and, if £}, = 1, a state vector x;, i.e. y; = [EL,x}] for
n =1,..., N where N is the number of particles. The five main
steps of this filter are detailed below.

The first step is to simulate the random transitions of E}_; to
E} based on the TPM II. Step 2 is the prediction step. Given the
transitions from the previous step, we distinguish four cases:

o If £}, = E; = 1, then we draw xj, from the transition
density p(xx|x;_1) as in a traditional bootstrap filter.

e If £} | = 0and E = 1, the particle n supports the hy-
pothesis that a face becomes visible at frame k. In this case,
the state vector xj, is drawn from a pdf ps(x) which is as-
sumed to be known. This pdf encodes the prior knowledge of
face caracteristics (size and position) when the face becomes
visible in the image. For example, p,(x)) can be chosen to
have large values in regions where faces are likely to appear:
entrances, image borders , etc. or in regions determined us-
ing other cues such as skin color or motion. If this knowledge
is imprecise, py (x) can be modeled as a uniform density.

e If £} | = 1 and E}} = 0, the particle n supports the hy-
pothesis that the face is no more visible (either because it is
occluded or it has left the scene). In this case the state vector
x;. does not exist, since a particle with £}’ = 0 does not
have a state vector attached to it according to Equation (6).

e Nothing has to be done for particles with E;_; = 0 and
Ep =0.

Step 3 is the update step. Using (5) the unnormalized impor-



tance weights are computed as:

1, ifEP =0
Wy = N
Cexp (Bsg +7), ifEf=1

where C, 3,y are design parameters and s}, is the detection score
computed from image z. in the region specified by x;;.

Step 4 and 5 are the standard normalising and resampling pro-
cedures respectively. Finally, the presence of the object is es-
timated based on (1), where the probability of object presence
P(E = 1|z1.%) is computed in the PF as

z

1 n

where 6(i, j) is the Kronecker delta. The estimate of the state
vector of the object is then

N
ik = 3+ szkcsEk, : ®)

N
where N; = > 6(ER, 1).
n=1

Probability of Presence
© o o o o o o o
S 5 R & S5 &

°
B

L L] &

B Y R R S
e L L &

2
N
3
a
)
@
3

80 100 120
Frame index

3
=

160 180

Figure 3. Probability of face presence P esti-
mated by the PF for the sequence of Figure 2
(1st row).

4. Experiments

In this section we present face detection results on two
monochromatic sequences, using the proposed method. The image
size is 640x480 for both sequences. The transition probabilities
P, and P; are set to 0.05. For the observation density we used the
following parameters: 5 = 1.25, C' = 40 and v = 2.5. The den-
sity pp(Xi,x) is modeled as a uniform density over the state vector
variables which is equivalent to no prior knowledge on where the
object is likely to appear. The PF is initialised with all particles
in state £ = 0. The first row of Figure 2 shows the results of
the detection on the first sequence. 500 particles were used in this
example. It can be seen that the subject’s face is visible at frame 1

and is detected by the filter at frame 10. At frame 62, the subject’s
face starts to be occluded by a dark box. The filter decides that the
face has disappeared at frame 65. When the face is again visible,
it is detected quickly. See Figure 3 for the estimated probability
P vs. time index k for this sequence. Note that the camera is not
stationary in this sequence.

The second row of Figure 2 shows a more challenging detection
example: the face is small, moving and illumination is poor. For
that case, 2000 particles were necessary. The subject’s face starts
to be visible at frame 15 and is detected at frame 51. It is then
correctly detected until the end of the sequence despite the large
scale variations and the fact that the face is not totally frontal.

5. Conclusion

We have presented an algorithm based on PF’s for detecting
objects in video. The observation density required by the PF is
based on a set of rectangular features selected by an adaboost pro-
cedure as introduced in [7]. The approach allows to estimate the
probability of face presence in the current frame given the history
of all observed frames. This allows to accumulate the likelihood of
object presence over several frames. The resulting system is there-
fore less sensitive to false detections, while being able to detect
faces in difficult cases. We are now inverstigating ways to improve
the algorithm efficiency by adapting the “cascade detection” [7] to
our video-based detection.
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