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Visual Tracking in Background Subtracted Image
Sequences via Multi-Bernoulli Filtering

Reza Hoseinnezhad, Ba-Ngu Vo and Ba-Tuong Vo

Abstract—This paper presents a novel method for simultaneous track-
ing of multiple non-stationary targets in video. Our method operates
directly on the video data and does not require any detection. We propose
a multi-target likelihood function for the background-subtracted grey-
scale image data, which admits multi-target conjugate priors. This allows
the multi-target posterior to be efficiently propagated forward using the
multi-Bernoulli filter. Our method does not need any training pattern
or target templates and makes no prior assumptions about object types
or object appearance. Case studies from the CAVIAR dataset show that
our method can automatically track multiple targets and quickly finds
targets entering or leaving the scene.

Index Terms—multi-object filtering, random finite set, multi-Bernoulli
filter, finite set statistics, visual tracking.

I. INTRODUCTION

We consider the problem of tracking multiple non-stationary tar-
gets, i.e. jointly estimate the number of targets and their individual
states, directly from video data without the need for detection. Most
multi-target tracking approaches for video data involve a detection
operation to generate point measurements before multi-target track-
ing/filtering is applied [1]-[4]. Well-known multi-target tracking algo-
rithms that do not require detection include Bramble [5], color-based
visual tracking [6], [7], Bayesian existence process [8], multi-modal
distributions [9]-[11]. In principle, detection incurs information loss
which can significantly degrade tracking performance, especially in
low signal to noise ratio. Tracking directly from the video data
(without detection) is of fundamental interest as it avoids this type
of information loss.

A recent approach to multi-target tracking that has attracted
substantial interest is the random finite set (RFS) framework [12],
[13]. Motivated by a fundamental consideration in estimation theory
— estimation error — this approach represents the collection of target
states, called the multi-target state, as a finite set (see [14], [15]). RFS
multi-target filtering techniques such as Gaussian mixture and particle
probability hypothesis density filters [16]-[18] have been applied to
tracking from video data via detection in [2], [3], [19]. RFS-based
techniques for tracking multiple targets directly from video data have
also been investigated in and successfully demonstrated on tracking
of sport players in [20], [21]. However, like many current detection-
free methods, this technique requires prior information about the
visual appearance of the desired targets, which are either prescribed
or obtained from training data.

In this paper, we propose an RFS-based algorithm for tracking of
multiple non-stationary objects from video data that requires neither
detection nor prior information on target visual appearance. Our
method is a combination of kernel density estimation and multi-
Bernoulli filtering. Using kernel density estimation, our algorithm
learns and updates the background which is then subtracted from
the video frames yielding grey-scale foreground images. A tractable
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multi-target measurement model for the resulting grey-scale fore-
ground image is proposed which allows the sequence of grey-scale
foreground images to be processed directly by the multi-Bernoulli
filter proposed in [14]. Preliminary results have been reported in [22].
The current correspondence presents a more complete study, with
improved solution. Case studies from the CAVIAR data set show
improved performance in terms of computational cost and accuracy,
compared to recent tracking methods that use background subtraction.

II. VISUAL MULTI-TARGET LIKELIHOOD

Using kernel density estimation based background subtraction
[23]-[25], each frame image is transformed to a grey-scale image
in which each pixel value can be interpreted as the probability of the
pixel belonging to the background. The resulting grey-scale image is
then used as input to the multi-target filter.

A. Background Subtraction

It is assumed that pixel ¢ in the k-th colour image frame of the
video has an RGB colour denoted by [R;(k) Gi(k) Bi(k)]". We
first convert the RGB colour to chromaticity (rgl) colours by:

ri(k) = Ri(k)/ (Ri(k)+ Gi(k) + Bi(k)) €))
gi(k) = Gi(k)/ (Ri(k) + Gi(k) + Bi(k)) 2)
Li(k) = (Ri(k)+ Gi(k)+ Bi(k)) /256 3)

where the denominator value 256 corresponds to 8-bit colour quanti-
zation. It is observed in [24] that chromaticity colour is more robust
to ambience light variations and shadows.

To compute the probability that the i-th pixel belongs to the
background, we keep a stack of Ny image frames (each in the
form of a 3-D array including all rgI colours of the pixels) and
update the contents of the stack regularly after every K frames. The
interpretation of the parameter K can be explained via an example:
if the frame rate of the video is 25 and we are looking for moving
targets that are not stationary for more than 5 seconds, we can choose
Ko in the range of 5 x 25 = 125. These parameter values are used
in our experiments.

The stack of images will initially contain all pixel values recorded
at the sampling times 0, Ko, 2K, . .., (No—1) Ko. This stack will be
then updated (first at the time k = No K then in each K frames) by
removing the first image from the bottom of the stack and appending
the most recently recorded image (e.g. at the sampling time Ny Kj).
More precisely, at time k (for kK > Ny Kj), the stack will contain the
rgl values of all pixels at the times Ko|k/Ko|, Ko(|k/Ko| — 1),
..., Ko(|k/Ko] — No + 1). The kernel density estimate of the
likelihood of the event that the i-th pixel belongs to the background
is then given by:

; Nog!
pi(k) = No ST N (dik)s di(kie), 0ai(R)?) )

=0 d=r,g,I

where d;(k) means one of three possible chromaticity colour com-
ponents at time k, ie. r;(k), gi(k) or I;(k), the time k; is the
time when the (¢ — 1)-th image in the stack was recorded, i.e.
ke = Ko([k/Ko|—0) and N (25 20,0) £ —L— exp(—Z32)%) and
ori(k), 04,i(k), and o1, (k) are the bandwidth (scale) of Gaussian
kernels for the rgl colours for the i-th pixel at time k.

When using kernel density estimation technique, the choice of
suitable kernel bandwidth is a major issue. In theory, for an infinite
number of samples, the estimate will approach the actual density
regardless of the choice of bandwidth. In practice, only a finite
number of samples are used. Thus, the choice of a suitable bandwidth
is essential. A very small bandwidth results in a ragged density
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estimate. On the other hand, a very wide bandwidth will result in
an over-smoothed density estimate. In practice, variations in pixel
intensity over time are different from one location to another in the
image. Therefore, a different kernel bandwidth is used for each pixel
in each colour channel.

At each time k, we estimate the kernel bandwidth o4, ;(k) for the
colour channel d = r, g, I and for a given pixel ¢, by computing the
median absolute deviation (MAD) over the sample for consecutive
intensity values of the pixel, which is given by:

oai(k) = median |d;(k) — di(ke)|.
/ (5)

The rationale behind the use of MAD estimate is that variations of
each pixel’s chromaticity colours over time are expected to have
jumps because different objects (when an edge passes through the
pixel) are projected onto the same pixel at different times. The
median provides robustness and is not significantly affected by a
small number of jumps.

Normalizing the p;(k) values to vary within [0,1], results in the
following normalized y; values:

[di(k) = di(kio)]?

20a1(k)® ©

B. Measurement Model

We use the notation y = [y1 ym] for the background-
subtracted grey-scale image and assume that each y;, i = 1,...,m, is
normalized to lie in the interval [0, 1] (hence the pixel value y; can be
interpreted as the probability that pixel ¢ in the colour image belongs
to the background). When necessary, we indicate the dependence of
these values on the time index k by y(k), yi(k).

We consider the following measurement model for the grey-scale
background-subtracted image. Each target z illuminates a region
T'(x) on the grey-scale image with intensity ¢ distributed according
to a probability density g, that is strictly decreasing on [0, 1]. An
appropriate choice of such function is ¢, (t) = (. exp(—t/d,)
where J . is a control parameter to tune the sensitivity to large average
pixel values, and (.. is a normalizing constant — see Fig. 1(a).

Let (x) denote the average (or a weighted average) of all pixel
values in T'(z), i.e.

oy 1 '
)= iy 2 @

€T (x)

where |T'(z)| is the number of pixels within 7°(z). Then the likeli-
hood that target « illuminates the region T'(z) is g, (g(x)). Assuming
that given a set X of targets the pixel values are statistically inde-
pendent, then the likelihood that the set X of targets illuminates the
region | J, .y T(z) in the background-subtracted grey-scale image is
given by [T, x 9, (¥(2)). '

The rest of the pixels in the grey-scale image y that do not
belong to |J, .y T'(), belong to the background. We assume that
y is formed by overlaying the foreground pixels on an all back-
ground images with average intensity ¢ distributed according to a
probability density g, which is an increasing function on [0,1] (the
probability density of the background intensity should be large only
for values that are close to 1). We choose the exponential function
g5 (t) = C5 exp(t/d,) where §,, is a control parameter to tune the

"We will model the set of targets X as a random finite set, and apply a
Bayesian filtering scheme to recursively estimate the distribution of X. The
details are presented in Section III. In the update step of the filter, we will
need a measurement model formulated as a likelihood function. It is important
to note that in the likelihood function, the set of targets X is given.

V)= Y
gF(yj)_gFexp[ 5]

E B

Vo) = Yo
gB(yB)_gB exp[§

(a) (b)

Fig. 1. (a) Foreground likelihood model (b) Background likelihood model

sensitivity to deviations of the average pixel value from 1, and ( is
a normalizing constant — see Fig. 1(b).

The control parameters §,. and §, are fixed and manually chosen
as small positive values within 0 and 1. In our experiments, we chose
6, = 0.1 and J, = 0.02. We also tried alternative values close
to 0.1 and 0.02, and no significant changes in the tracking results
were observed. It is important to note that our choice of §, must
be several times smaller than J,.. The reason is that in presence of
several targets, we expect a relatively large ratio of the background
subtracted image to be white (compared with the area covered by each
target). Thus, the average intensity of a background area is expected
to be far closer to 1 than the average intensity of a foreground (single
target) area to zero.

Given a set of target states X, let y (X) denote the average (or
weighted average) of pixel intensities of the image constructed by
filling up all the target regions of the image y with background pixel
value of 1, i.e.

0= (Su+> S a-w]. ®

zeX €T (x)

Then the likelihood that X generates the background region is
95 (¥, (X)). Replacing ¥ (X) from equation (8), we have

EwtE o 0w
gB (yB (X)):CB exp 7rL<§B ’
»gl Ye LEZX i€§(z)<17yi)
=Cpexp | S | exp | T
popen IT@)|- > i
:CB exp 7':;; HzEX exp < ”LZET(E)
B B
5

e (o) Mo (1)

B

Note that background average intensity 7, (X) lies in the interval
[0, 1] and is expected to be close to 1. Indeed, if there are any targets
existing in the image but not included in the hypothesized state X, the
low values of the pixels belonging to that target region will decrease

Yy (X). If the average target size is small relative to the whole image,

this decreasing effect is small. It is important to note that scattered
noise (e.g. salt and pepper noise) in the background-subtracted image
may cause reduction in ¥ _(X), similar to the effect of small size
targets. To prevent this, we remove such tiny noise and other areas
of image (containing small-values pixels) by morphologically closing
the image (erosion followed by dilation of the image using a small
structural element).

Finally, the likelihood of the background-subtracted image y given
multi-target state X is given by:

9WlIX) =9, @, (X)) [] 9- @) ©)

rzeX
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Substituting for the foreground and background likelihood functions
yield the following form

CB exp (

fy)

I e PR )

zeX

o0IX) = T

B

gy (z)

III. MULTI-BERNOULLI FILTER

Having constructed a measurement model for the background-
subtracted image, we now proceed to describe the algorithm for
estimating multiple targets from the background-subtracted data.

A. Bayes update

Based on a fundamental consideration in estimation theory —
estimation error — it was shown that a finite set is a suitable
representation of the multi-target state [14]. Hence, in the Bayesian
estimation paradigm, the multi-target state is treated as a realization
of a random finite set (RFS). In this work we use Mahler’s Finite Set
Statistics (FISST) notion of integration and density for dealing RFS
[12], [26].

Given a prior multi-target probability density 7, the posterior
probability density 7(-|y) of the multi-target state is given via Bayes

e o (lX)m(X)

"X = X0 (x)6x

where g(y|X) is likelihood of observation y given the multi-target
state X, and the integral over the space of finite sets is defined as
follows [12], [26]:

/f(X)éXﬁiill/f({asl,...7:ci})d:c1...dasi.

The Bayes update (11) is computationally intractable in general.
Fortunately, it was shown in [14] that a likelihood function of the form
(10) admits multi-target conjugate priors such as multi-Bernoulli,
which can be efficiently computed.

A multi-Bernoulli RFS X is a union of a fixed number of
independent RFSs X @ that have probability 1 — & of being empty,
and probability ¥ € (0,1) of being a singleton whose (only)
element is distributed according to a probability density P [26]

M
X:UXW
=1

A multi-Bernoulli RFS is completely described by the multi-
Bernoulli parameters {(r*, p)}M, and we use the notation = =
{(r®, p™)}M, to denote 1ts probablhty density. The parameter ()
is interpreted as the existence probability of the ith target while p@ is
the probability density of the target state conditional on its existence.

1)

(12)

13)

B. Multi-Bernoulli filter

Let 7, denote the multi-target posterior at time k (for convenience
we drop the dependence on the observation history [y(1), ..., y(k)].
Then, the multi-target Bayes recursion propagates 7 in time [12],
[26] according to the following prediction and update steps:

:/fk‘kfl(X|X’)ﬂ'k_1(X,)5X,
(y(k)|X)mhp—1(X)
fg (k)| X) k-1 (X)8X

T k—1(X (14)

(X)) =

15)

where fyx—1(-|-) is the multi-target transition density, from time
k — 1 to k, which encapsulates the underlying models of motions,
births and deaths.

In this paper we use the following standard multi-target transition
model. Given a multi-target state X at time k—1, each 2’ in X’ either
continues to exist at time k with probability ps x(z’) and moves to
a new state z with probability density” Jre—1(z|z"), or dies with
probability 1 — ps,x (z). Denote by S,_1(z") the RFS generated
at time k by a state x’ at time k — 1, then the multi-target state X
at time k is given by the union

X = U Sk‘k_l(:v')ul“k,

z'eX’

(16)

where [';, denotes the multi-Bernoulli RFS of spontaneous births.
The multi-target Bayes recursion is computationally intractable in
general. However, if 71 is a multi-Bernoulli, then 7, and g
are also multi-Bernoulli’s. More concisely,
M
If o1 = {(Tl(cl)lvpl(cl) D}t then

M Mr,
a1 =L Poe) Vo UL pED Vi, A7)
where
rokiee1 = i / Py (@)ps p(a)da, (18)
(@) I frinmr (@lz )i (@ )ps.(z')da’
Pp k- () = . — , (19)
I P (@)ps (@) de
frik—1(:|¢) = single target transition density at
time k, given previous state (,
ps,k(C) = probability of target existence at
time k, given previous state C,
{(rl(fac,pg ),c)}MF * = parameters of the multi-Bernoulli
RFS of births at time k.
i M,
If Tklk—1 = {(Tl(c‘)k_ppk‘k 1} et , then
i i My —
me={(r, o)y (20)
where
@) _ k\k 1 fpk|k 1 (x)dm 21
T T, 0 0 (z) o 2D
T Thle—1 T Thjk— 1fpk|k 1 gy(z)dx
(3)
Prk—19y
p = ‘ (22)

fp;c\k—1(m)v gy(x)dx.

These equations are the prediction and update step of the multi-
Bernoulli filter proposed in [14].

C. Farticle Implementation

We use the particle implementation of the multi-Bernoulli filter
glven 1n [14] Suppose that at time k£ — 1, the posterior density

M
{r,C 1,pk it s given and each pk)1 is represented by a set
(4,5) .04 J)

of weighted samples (particles) {w; ], z, . In the predic-
tion step, the birth particles are generated accordmg to the birth
model parameters. Using the transition density fgjx—1(-|zx—1) as the

2The same notation is used for multi-object and single-object densities.
There is no danger of confusion since for single-object the arguments are
vectors whereas for multi-object the arguments are finite sets.
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proposal, the multi-Bernoulli parameters from the previous iteration,
{r ,(21, w,?fl) , :z:,(jff }, are propagated forward by

(i,9)

(4,5)
Tpklk—1 Frie—1(lzy )

0 O N~E ) (i)
i _ i - i,j i3
TPrik—1 — Tk—1 ZFl wy s,k (Ty,7])
(4,5) _ (4,5)
Wpkik—1 — Wg_1-

The particle approximation of the birth multi-Bernoulli parameters
. (i) .

are sampled directly from pp7. In the update step, the predicted

multi-Bernoulli parameters are updated as follows

(1) _ (1) (3) (2) (3) (2)
Tk T Tkk-19% /(1 “ Thik—1 T Tkjk—19k )
w}(ﬁm) = wlilﬂg)—l Iy (xl(cz\lgil)/gio

(i)
where o’ = S5 w | gy, (7)) 141,

The updated particles are resampled with the number of particles
reallocated in proportion to the probability of existence as well as
restricted between a minimum Ly, and maximum L.y (similar
to [20]-[22], [27]). To reduce the growing number of multi-Bernoulli
parameters, those with probabilities of existence less then a small
threshold (set at 0.01) are removed. In addition, the targets with
substantial overlap are merged. In our experiments, the overlap
between two rectangular target regions was defined as the ratio of
the intersection are to the area of the smaller target region. We
merged every two targets with an overlap of more than 80%. Finally,
the number of targets and their states are estimated via finding
the multi-Bernoulli parameters with existence probabilities larger
than a threshold (set at 0.5 in our experiments). Each target state
estimate is then given by the weighted average of the particles of the
corresponding density.

IV. SIMULATION RESULTS

We demonstrate our method for tracking moving people in three
video sequences from the CAVIAR data set® which is a benchmark for
visual tracking simulations. In our experiments, targets are modelled
by rectangular blobs with constant survival probability ps and the
target state is a 4-D vector comprising the x and y location and
width and height. The target dynamic is modelled by the random
walk model z(k + 1) = z(k) + e(k) where e(k) is Gaussian
with zero mean and covariance ¥ = diag(ag,ai,aﬁ,aﬁ,). Thus,
Jrip—1(x|Tr_1) = N(2; £x_1,3). This model is assumed to be the
same for all targets. People targets can exhibit different movements
and a fixed model needs to be sufficiently general to be compatible
with all possible manoeuvres. This is the rationale behind our choice
of the random walk model. In a more sophisticated solution, we could
consider different models for different classes of people, and append
a “class” variable to the target state. However, this would increase
the computational cost, and we are not sure if the enhanced accuracy
would be worthwhile.

For the birth model, we assume that with a constant probability
of 0.02, one target appears in each of the four quarters of the image
planes, with the location of the target being uniformly distributed
within the quarter. Thus, Mr = 4, 7'<r1) = - = 7';4) = 0.02.
The birth model and their parameters remain unchanged throughout
the simulation. It is important to note that this birth model is
well-suited for the case studies presented in this paper. In other
applications, where additional practical information on the birth
process (e.g. the entrance gate locations) are available, other birth
models with different Mr and non-uniform densities need to be
properly formulated.

3http://homepages.inf.ed.ac.uk/rbf/CAVIARDATA 1/

The number of particles for each Bernoulli target is constrained
between Lyin = 100 and Lmax = 1000, and the particles are
resampled in every iteration (processing each frame of the video).

In principle, the multi-Bernoulli filtering scheme proposed here
does not need any foreground-specific information relevant to targets.
However, it is important to note that target size constraints are
implicitly used when morphological operations (closing and opening)
are applied on the background-subtracted image before it is input as
measurement to the multi-Bernoulli filter. Indeed, such operations not
only remove salt and pepper noise from the grey-scale image, but also
implicitly impose constraints on the size and geometric shape of the
target areas in the measurement model. We have used a 5-pixel value
for the size of the structuring elements in our closing and opening
operations.

The tracking videos are available to download as supplemental
material or from our home page. *

The first video shows two persons each entering and leaving the
lobby of a lab in INRIA. The second video shows people walking
in a shopping centre and occasionally visiting a shop that is in the
front view of the camera. The third video shows four people entering
the same place as in the first video, walking together and leaving
the lobby. Except for a small number of frames, the four people
are relatively accurately detected and tracked at all times. In this
video, we also show the background subtracted (grey scale) images
to give an indication of how our tracking method uses the results of
background subtraction.

The snapshots of the third video in Figure 2 demonstrates that
our method can accurately track multiple targets in the video. The
tracking results in the frames shown in Fig. 2 also illustrate the ability
of the proposed technique to detect the arrival of new targets, track
them, and detect their departure from the scene.

We compare the performance of our method with two recent
and popular visual tracking methods that can work on background-
subtracted data. The first method [24] is based on nonparametric mod-
eling of background objects using kernel density estimates (KDE).
The second is a deterministic modeling technique for background
and foreground objects using sample consensus (SACON) [28]. The
Matlab code used in our case studies is provided by the authors
of [28]. Note that if prior information about visual appearance of tar-
gets (foreground objects) are available, then both KDE and SACON
can still be used to detect and track the foreground objects. However,
to benchmark the tracking performance without prior information on
the targets visual appearance, we have implemented the methods to
process only background-subtracted images.

Tracking performance is quantified by the false alarm rate (FAR)
and false negative rate (FNR) which represent the ratio of wrong
detections and missed targets, respectively. To normalize these ratios,
the number of false alarms or target misses are divided by the total
number of ground truth targets over all frames. The ground truth
number of targets and their ground truth states were also downloaded
from the CAVIAR dataset. A false alarm or missed detection is
determined based on comparing the estimation results with the ground
truth. An estimated target state is a false alarm if it does not overlap
any ground-truth target by at least 80%. A ground-truth target is
considered being missed by the filter if it does not overlap any
estimates by at least 80%. This is consistent with the criterion we
applied to merge updated Bernoulli components, and the relatively
large threshold of 80% demonstrates that the FAR and FNR quantities
are highly sensitive to estimation accuracy. More precisely, a low

4Video 1: www.dlsweb.rmit.edu.au/eng1/Mechatronics/Case01.mpg
Video 2: www.dlsweb.rmit.edu.au/eng1/Mechatronics/Case02.mpg
Video 3: www.dlsweb.rmit.edu.au/eng1/Mechatronics/Case03.mpg.
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Fig. 2. Tracking of up to four people in a video sequence from CAVIAR
dataset. The selected frames show that the method is capable of detecting and
tracking multiple moving objects as they enter the scene, interact and leave
the scene.

FAR and FNR can only be achieved if the filtering results are highly
accurate.

Table I shows the FAR and FNR along with the number of
processed frames per second (PFPS) — total number of image frames
in the video divided by the total run time — for each of the videos.
Observe that in the first two cases (video 1 and 2), where there is no
more than one target at any time, our method is faster than the other
tracking methods and better in terms of FAR and FNR. However, in
the third case, where there are up to four targets, our method runs
slightly slower than SACON and KDE methods but its FAR and FNR
are significantly smaller.

The slower speed than SACON and KDE is due to the increase
in the number of particles required to accommodate four targets.
However, the superior accuracy, makes the proposed method worth-
while. Moreover, the multi-Bernoulli filter is highly parallelizable,
and scalable.

Note that the processed frame rates (PFPS values varying from
1.78 to 5.15 frames per second as reported in Table I) correspond to
coding our method in Matlab. If coded in C, the computation speed
would substantially increase and real-time performance with frame
rates of 15 and higher would be achieved. The actual number of
frames that can be processed in every second also depends on other
factors. For instance, a higher frame rate would be achieved via down-
sampling the images before processing, decreasing the number of
particles (Lmin and Lyax parameters) and decreasing the maximum
number of Bernoulli targets (M). However, the mentioned variations
could result in reduction of estimation accuracy. To strike the right
balance between computation and accuracy, we need to tune the above
mentioned parameters via trial and error.

V. CONCLUSIONS

A novel algorithm for tracking multiple targets directly from image
observations has been presented. Using kernel density estimation,
the proposed algorithm gradually learns and updates a probabilistic
background model which is then used to generate a grey-scale
foreground image. A tractable multi-target measurement model has
been proposed for the grey scale foreground image, which enabled an
efficient multi-target filtering technique known as the multi-Bernoulli
filter to be applied. The method has been evaluated in three tracking
scenarios from the CAVIAR data sets, showing that multiple persons
can be tracked accurately. Comparative results show that with a
comparable computational cost, our method outperforms competitive
and similar methods in terms of accuracy, especially for a relatively
large number of targets.
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