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Abstract

Frame-skipping videos usually appear in wireless
video sensor networks which have wirelessly intercon-
nected devices that are able to ubiquitously retrieve
video content from the environment. Frame-skipping
videos bring to difficulties in getting the transition
model (how objects move between frames). We propose
a particle filter with global motion detection requiring
no offline or online learning. Experimental results show
the proposed approach improves the tracking accuracy
in comparison with the existing conventional methods,
under the condition of frame skipping data and motion
of both targets and video sensors.

1 Introduction and related work

Recently, the availability of low-cost hardware, such
as CMOS cameras and microphones that are able to
ubiquitously capture video content from the environ-
ment, has fostered the development of wireless video
sensor networks (WVSNs)[1]. Wirelessly intercon-
nected devices in the networks allow retrieving video
and still images. Object tracking in wireless video sen-
sor networks is a practical requirement of lots of real-
time applications such as visual surveillance. However,
the retrieved videos usually have two common prob-
lems: one is frame losing during multi-hop transmis-
sion, the other is low frame rate during video capturing,
because of the capturing ability limitation of the low-
cost hardware. Besides, sometimes we have to rotate or
move video sensors during capturing.

Frame-skipping event is in most cases equivalent to
erratic motion. Most existing tracking methods heavily
depend on motion continuity and can’t be directly ap-
plied to frame-skipping problems because of the slow
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speed and motion discontinuity. In frame-skipping
tracking, the continuity of target is often too weak for
conventional tracking (See Figure 1, the tracker com-
pletely fails at #17). Meanwhile, identifying target
through frames is difficult due to neglect of context.
Essentially, frame-skipping videos bring to difficulties
in getting the transition model (how objects move be-
tween frames) in tracking. Moreover, sensor rotating
or moving means unfixed backgrounds (lots of back-
ground substraction methods for tracking are no more
suitable). We can’t rely only on image processing tech-
niques and we need to use a probabilistic framework: a
particle filter here because particle filters use a dynamic
model to guide the particle propagation within a limited
sub-space of target state [2].

To our best knowledge, most existing tracking meth-
ods are not discussed in frame-skipping videos. A large
number of state-of-art methods, such as mean shift [3],
generally require the kernels or feature patches in con-
secutive frames to overlap with or be in a very close
vicinity of each other. However, several existing publi-
cations have been aware of this pitfall, may the motive
be frame-skipping tracking or not. We classify these
works into three categories:

I. “Global Detection” for tracking: using an indepen-
dent detector to guide the search of an existing tracker
when target motion becomes unpredictable. Okuma et
al. [4] use a boosted detector to amend the trial dis-
tribution of particle filter. The boosted detector need
massive offline training. Another similar work about
mixture trial distribution is described in [5]. Porikli and
0. Tuzel [6] extend the standard mean shift technique
using multiple kernels at motion areas to track in only 1
fps camera-fixed surveillance video.

II. “Detection and connection” for tracking: detect-
ing the objects of interest and then constructing trajecto-
ries by analysis of motion continuity, appearance sim-
ilarity, etc. The algorithms of this category [7, 8] are
limited in fixed background scenes for a fast change de-
tector is easily to be realized.

III. “multi-scale or multi-stage detection”: increas-



ing the discriminative power by layered sampling of
multi-scale likelihoods or multi-stage observations. In
[9] multi-scale approaches are designed for erratic mo-
tion by layered sampling of multi-scale likelihoods [10].
Y. Li et al.[11] propose a cascade particle filter with
discriminative observers of different lifespans. This
method is viewed as a classification problem in the
sense of distinguishing tracking human face from the
background.

The categories I and II above have a common draw-
back that they need a detector fast enough to be applied
to the whole frame in most cases. The boosted detec-
tor [4] in I and the cascade particle filter for human
face tracking [11] in II require massive offline learning
(training). The methods in II aren’t suitable under the
condition of moving sensors in WVSNs because of un-
fixed background. Multi-scale approaches in III adopt
the same observation model but lose image information
in down-scaling process.

In this paper, we try to find out a method to get bettor
transition model (describing how objects move between
frames) to conquer the frame-skipping problem without
offline learning (training). we apply reliable global mo-
tion detection over a acceptable search space using mo-
tion history image (MHI) [12]. We compare the track-
ing accuracy of the proposed approach with some con-
ventional ones, under the condition of frame skipping
data and motion of both targets and cameras.

2  Ouwr approach
2.1 Particle filter

Particle filter is based on random measurement den-
sity approximate by a set of weighted particles. It uses
a probabilistic framework to formulate tracking as in-
ference in an HMM (hidden Markov model). Given
observations Y; = (y1,...,¥:) up to the time ¢, these
visible observations are retrieved from image data, x;
is hidden state such as object scale, location. Each par-
ticle consisting the state domains and its correspond-
ing probability (weight)is denoted by {z, ,, wi, ,}171,
where i is the particle number and N,,, is the number of
particles. At each time instance, x% , represents the pre-
dicted state of the target by the particle ¢. The aim of our
tracking system is to estimate p(x;|Y:) which performs
forward inference using the Bayesian filtering distribu-
tion. Particle filtering consists of 3 steps: predicting,
resampling and measuring:

Predicting: This is done using a distribution
p(z¢|zt—1,y:), which is usually called a probability
density function. It implies that the target may move
randomly, but still be found by a number of particles. At

Figure 1. Tracking in a frame-skipping video seg-
ment (3~4 fps) using a standard particle filter (particle
number = 400, very slow).

the current time period ¢, given a knowledge of where
the target might be at an instant before ¢ — 1 ( an input
particle at (z,y) coordinate), the posterior distribution
is equal to the addition of some random numbers with
the particles position of (x,y) coordinate. Calculation
of samples are generated from a trial distribution. A
common practice is to use a presumed p(x¢|xs—1) as
the trail.

Resampling: Over time, the weight of a number
of particles will become very large while the remain-
ing particles have value that is relatively small, which
are negligible. Most likely particle represents the object
state at the time ¢. Before the time ¢ + 1, particles are
resampled according to particle weights to produces a
new set of unweighted particles. Resampling prevents
degeneracy of weights.

Measuring: In order to measure the rightness of
the state prediction, all the particles are weighted based
on how close they are to the observation. In this pa-
per, the observation model (p(y.|z:)) we used is a HSV
histogram-based model. We specify the likelihood of an
object being in a specific state. Likelihood is based on a
distance metric D between histograms hg (the original
one) and h(x;): p(ye|z:) o e~ AD?lho:he,] The weight-
ing function is denoted as:

wz _ wi—l % p(ye|oe)p(xe|ze—1)
P(xt|$t—17yt)

1)

However, target motion becomes erratic and unpre-
dictable under frame-skipping conditions, such trial dis-
tribution will result in gradual departure of the sample
set from the true target state which eventually leads to
tracking loss. To solve tracking loss problem, we can
increase number of samples while it results in decreas-
ing efficiency greatly at the mean time. Another choice
is to consider the effect of p(y:|x;) on the trail by ac-
ceptable calculation of p(y;|z;) over integral space.
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Figure 2. Global motion detection.

2.2 Global motion detection

To introduce p(yt|z:), we select MHI, a simple
method for representing motion in successively layered
silhouettes that directly encode system time. This rep-
resentation can be used to segment and measure the mo-
tions induced by the object in a video scene. These
segmented regions are not “motion blobs”, but motion
regions naturally connected to the moving parts of the
object of interest. First, we label those pixels as fore-
ground that are a set number of standard deviations from
the mean RGB background. Then a pixel dilation and
region growing method is applied to remove noise and
extract the silhouette. Then MHI representation is up-
dated as follows:

7, if current silhouette at (z,y)

MH]Is(z,y) = { 2
0, elseif MHI5 (x,y)<(T—8)

Gradients of the MHI can be calculated efficiently by
convolution with separable Sobel filters in the X and Y
directions yielding the spatial derivatives: F,(z,y) and
Fy(z,y). A simple calculation for the global weighted
orientation is as follows:

5 = ¢ref+
2., angDif f(&(@.).brep) xnorm(r.6, MHIs(x,y))  (3)
Zz,y norm(r,6, MHIs(z,y))

Where gradient orientation at each pixel is denoted
as:  ¢(r,y) = arctan %, ¢ is the global
motion orientation, @,.is thé base reference an-
gle (peaked value in the histogram of orientations),
norm(t,6, M HIs(z,y)) is a normalized MHI value,
and angDif f(¢(x,y), res) is the minimum, signed
angular difference of an orientation from the reference
angle.

Some examples (#8~#13) of erratic motion detec-
tion are shown in Figure 2. This method is simple and
affords completely realtime performance. It is notewor-
thy that the detection result of MHI at the time ¢ + 1 is
the erratic motion happens at the time ¢.
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Figure 3. Predicting and measuring under
our transition model.

2.3 The transition model

A standard particle filter samples next state from a
Gaussian window around current state. But as what
we have analyzed in the above subsection, target mo-
tion becomes erratic and unpredictable under frame-
skipping conditions. Sampling next state from a Gaus-
sian window around current state is no more a good
choice. A better transition model should take into ac-
count previous states for velocity and acceleration infor-
mation. In this paper, we use a erratic motion detected,
second-order, auto-regressive dynamical model to pre-
dict the next state based on the previous two plus some
Gaussian noise. Let L; is the coordinate of a sampled
particle at the next time ¢, then

Lt = w7 - (Lt,Q — Z)—i—

— 4
w2'(Lt—1_L)+L$+W3'gt @

Where L is the original coordinate of current state, g; is
Gaussian noise. Lg is the coordinate of the nearest mo-
tion center, if no erratic motion estimated in a threshold
distance, LE equals L. A new predicting and measur-
ing process is shown in Figure 3. Moreover, according
to the works mentioned in [13], from the suboptimal
viewpoint, we can have:

p(ze|lre—1,y:) ~ p(ze|Ti—1) (5)

3 Experiments

The algorithm is implemented in C++ on a PC with
Pentium IV 3.0GHz CPU. In the experiment, w; =
2.0,ws = —1.0,ws = 1.0. We test video segments
taken by a video sensor (lab.avi). The video is
down-sampled randomly to corresponding fps.

ESS analysis in the sampling process: In the same
set of tracking sessions, the effective sample size (ESS)
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Figure 4. EES curve on CAVIAR.avi.

measures the uniformity of the weights of the particles
and is defined by W[M]. The larger the ESS
is, the more particlesmgllre concentrated in the neighbor-
hood of the object to be tracked and thus, the better is
the chance of the algorithm to respond to fast changes.
We compare our method with standard PF (with differ-
ent number of particles). Figure 4 includes a quantita-
tive analysis of sampling efficiency by the curve of ESS.
The result show a much higher sampling efficiency of
our method.

4 Conclusions and future work

In this paper, we present the frame-skipping problem
from a viewpoint that integrates fast motion search and
conventional tracking. Nevertheless, multi-target track-
ing isn’t extended and the discriminative power of our
method decreases when video sensors move quickly.
We try to solve these problems in future work.
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