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Abstract

Background maintenance and subtraction” is an important
poblem for many computer vision applications. This pa-
per proposes a novel model for background. This model in-
tludes two components and it processes the video sequence
ut pixel level and frame level alternatively. The advantage
of this model is that it can capture both the temporal and
Spatial context of the video sequence. At pixel level, we be-
lieve that any probability model for “pixel process” can be
Used, at frame level, we use Markov Random Field.

And for a particular application - video surveillance
01 freeway, we propose a new pixel level model-adaptive
HMM. In our experiments about the video surveillance on
freeway, the model can solve the problems encountered:
bootstrapping, gradual change of illumination, and it can
detect both moving vehicles and shadows.

1 Introduction

In many computer vision applications, one basic module
1§ “Background subtraction” which subtracts the estimated
background from current image to find those pixels to be
processed further. Typically, these systems have one or sev-
el fixed cameras directed at the regions interested: free-
- ways, parking lots or the scenes wanted to be rendered. For
“example, in video surveillance systems (e.a. VSAM [1]),
this module can find moving vehicles and people that should
‘beidentified or tracked. In real-time rendering systems (e.a.
Tele-immersion [2]), the module can find the objects whose
depth should be re-estimated for rendering, and so on.

~ Background changes sometimes. In Figure 1, illumina-
lion changes may make the difference between background
“and shadow becomes less noticeable, as shown in the right
image. In practical systems, the difficulty is not the “sub-
“fraction” itself, but estimation of the current background.
“We must adapt the background model to the change of back-
ground. This procedure is called Background Maintenance:
“maintenance of background model- some representation
of the background and its associated statistics” - Kentaro
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Toyama [3]. Considering the variant cases [3] and subtle
tradeoffs [4], background maintenance and subtraction is a
hard problem. Several models have been proposed. We give
a brief review of these models in next section.

Figure 1: Freeway background varies with illumination.

In this paper, we propose a new model for background
maintenance and subtraction. The model includes two com-
ponents. The two components process the images at pixel
level and frame level alternatively. The model is relatively
general. Any probability model for pixel process [1] can be
incorporated into our model as the pixel level component.
At frame level, we use Markov Random Field (MRF). With
this model, both temporal and spatial context is modelled
explicitly. Specifically, we propose a new pixel level model
- adaptive Hidden Markov Model (HMM). For HMM, both
offline learning algorithm, which can be used for initializa-
tion, and online learning algorithm, which can be used for
adaptation, are discussed. For MRF, we use Belief Propaga-
tion algorithm [5].

This paper is organized with following fashion. In sec-
tion 2, we give a brief review of previous background mod-
els. In section 3, detail of our model and learning algorithm
are described. Section 4 and 5 are our experiment results,
discussions and future work.

2 Previous background models

Several models have been put forward for background main-
tenance and subtraction in the literature[1] [3] [6] [7] [8] [4]



[9] [10] . All the models for background can be roughly
divided into pixel-level and nonpixel-level.

Pixel-level background models in fact are models of
pixel process. The value of a particular pixel over time is
called pixel process, i.e. pixel process is a time series of
pixel values[1]. For a particular pixel {z, y}, the pixel pro-
cess can be written as:

X, Xo Xp }={Impid izt (@

In 19th century, it was known that the background image
could be obtained by exposing a film for long enough pe-
riod of time[8]. It is said that the background image is av-
erage of a image sequence that is long enough. For pixel
{z,y}, if B(x,y;t) simplified as B; stands for estimate of
background value at time t. We have formulas
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Moving objects can be identified simply by thresholding
the distance between B; and X; . To handle the change
of lighting condition, a moving-window average method is
proposed. In the latter paper [11], exponential forgetting is
used. The background update equation is:

il
B = By, + ?Xt )
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An obvious problem with this equation is that all informa-
tion coming from both background and foreground is used to
update the background model. If some objects move slowly,
these algorithms will fail. The solution to this problem is
that only those pixels not identified as moving objects are
used to update background model. This is implemented by
updating equation:

Bit1 = By + (o (1 — My) + aoMy) D, @

where D; is the difference between present frame and back-
ground model, and M; is the binary moving objects hypoth-
esis mask.

In [1], a generalization of the previous approaches was
presented. Each pixel process was modelled with mixture
of K Gaussian distributions. Problems like “tree moving”,
“moved objects”[3] were solved in a reasonable speed. The
probability that a certain pixel has intensity z; at time ¢ is
estimated as:
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where w; is the weight, 1. is the mean and } _ ; is the covari-
ance for the jth Gaussian distribution. The k distributions

are ordered based on w;/o; and the first B distributions are
the model of background.

In all of the probability models above, pixel processes
are treated as data set without order. Temporal context of
data is not used explicitly. In [12], general Topology Free
HMM are described, and several states splitting criterions
are compared. In [6], a three-states HMM without adapta-
tion is introduced to model background.

Nonpixel-level models include Eigen-background][13],
Wallflower[3]. Principle component analysis is used to de-
termine means and variances over entire sequence (whole
image as vectors) in Eigen-background. But, being not
adaptive is a shortcoming of this algorithm. The idea of
Wallflower is most similar to ours, it processes images at
various spatial scales: pixel level (linear prediction), region
level (filling) and frame level (model switch). Author [3]
adopts linear prediction algorithm to model pixel process,
and by updating the stored previous image data, background
maintenance is accomplished, but more storage space is
need.

Some nonpixel-level model can solve the problems that
are thought to be inherent in pixel model [3]. This moti-
vates us to propose a model not only in pixel-level. We will
describe our model in detail in next section.

3 A novel background model

Mathematically, background maintenance and subtraction
can be formulated as a labeling problem in a series of im-
ages. At any given time, any given pixel is not only one
element of a particular pixel process, but also one element |
of image. Contextual constraint of both temporal and spa-
tial is necessary in the robust labeling. To model the tempo-
ral and spatial contextual information, our model for back-
ground has two components, as shown in Figure 2. One
component processes images at pixel level and the other one
processes images at frame level.

At pixel level, we believe that any probability model for
pixel process can be used. In next section, we focus our at:
tention on video surveillance on freeway. For this particular
application, we propose a new pixel process model - three
states adaptive HMM. And the learning algorithms for the
HMM are presented as well.

At frame level, we adopt the Bayesian inference ap-
proach to this labeling problem. We use background sub-
traction to determine the whole moving object. So the la-
beling result should be constant in a region without Label
Discontinuity. The Label Discontinuity is inspired by the
similar work about Depth Discontinuity in stereo matching,
To handle Label Discontinuity, we introduce a spatial line
process D, located on the dual lattice, and representing ex-
plicitly the presence or absence of Label Discontinuity. We
will see that the D will cancel from the posterior probability
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formula eventually. At any given time ¢, denote the image
8 I3, binary spatial line process D; and the corresponding
tonfiguration is L; = {l1,ls...ls...},1s € {0,1,2...}, and s
isthe pixel indices. Using Bayes’ rule, we get joint posterior
probability over L, given I, is:

P(Lt,Dt|It) = P(ItlLt,Dt)P(Lt,Dt)/P<It) (7)

- Because the observation is pixel-based, we assume that the
probability above is independent with respect to D;. Then,
the posterior probability becomes

P(Ly, Di|It) = P(1¢|Lt) P(Ls, Dy) /P(I)  (8)
~ We can define
P(Lt,Dt) X H H €xp (_Vc(lsal‘r‘adsﬂ‘)) (9)
s rE€N(s)

Where N(s) is the neighborhood of pixel s and only
the cliques whose size equal to two are considered,
Vells, Iy, ds ) is joint clique potential function of I, [,., ds.rs
which is defined as :

Vc(lsalr;ds,r) = V(ls: lr)(l = ds,r) + V(ds,r) (10)

where V(/,,l,) penalizes the different assignments of
neighbor sites when no discontinuity between them, ¥y
penalizes the occurrence of discontinuity between site s and
. The likelihood P(I;|L;) is defined as:

P(I|L;) = [ [ exp (—F (s, 15, 1)) (1)

where F'(s,l,, I;) is cost function of pixel s with label I,
given observation ;. Its value is decided by the label [,
pixel value, and pixel process model at s.

This leads to an expensive joint estimation problem
where one not only has to estimate L, but also the spatial
line process. But fortunately, the unification of line process
and robust statistics is provided by [14]. It gives us a way to
eliminate the explicit binary random variable from our MAP
- model by defining a robust estimator whose objective func-
tion is right the posterior probability. We use such robust
~function:

B bt =~ - e (-2l o) )
The posterior probability now is
P(Li|I,) o [ [ exp (= F (5,15, 1)) x
. IT II e (-pl i) (13)

s reN(s)

We convert the model with explicit label discontinuity into
Gefining robust function that model discontinuity implicitly.
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Formula (13) includes a data term (the first term), which is
decided by current image and pixel process model and en-
forces the smooth in temporal, and a regularization term (the
second term), which embodies assumptions about the spatial
variation of the data. The data term is often a distribution of
labels computed according the pixel process model at ev-
ery pixel. In section 3.4, we address this MAP problem by
Belief Propagation.

Observed Label Distribution
at Each Pixel

Observed Label Distribution
at Each Pixel

Results of MRF

Spatial Model (MRF)

=
e e

For Subtraction

Figure 2: The background model.

Thus, the temporal and spatial contexts are modelled ex-
plicitly by the pixel level model and frame level model re-
spectively. All the pixel-level processing happens at each
pixel independently, i.e. the inter-pixel information is ig-
nored at all in pixel level, and it is considered in frame level
model. But we don’t use the pixel level model and frame
level model separately. It is easy to see in Figure 2 that they
form a loop. The output of pixel level models - an array
of distribution for label, not the ultimate label of decision-
is treated as input of the frame level model. In frame level
model, a MAP-MREF framework is used to “smooth’ this ar-
ray of distribution. The result of the frame level model is still
an array of distribution of label. The new distribution array
is used for decision of labels (for background subtraction)
and for the adaptation of pixel level models (for background
maintenance). We will discuss our algorithm in detail in fol-
lowing section.

3.1 Pixel level model

Now, let’s focus our attention on a particular situation -video
surveillance on freeway. Example images can be seen in
Figure 1. Here we represent pixel process with HMM. De-
tailed information about HMM can be found in [15]. Here,
we use three-states HMM, the three states stand for Back-
ground, Shadows and Foreground. Suppose that L(z, y;t),
simplified as L,,is the state label of pixel (z, y) at time ¢, and



L € {b, s, f}. The parameters defining the HMM model can
be abbreviated as

©; = {A¢, w(L), PL(X:) = P(X¢|Le = b/s/f)}

where vy = P(L: = b/s/f|X:) and A¢ = {aj;}, are
the normalized forward variable [16] and transmit matrix at
time ¢.

If a pixel process can be assume to result from a particu-
lar surface of background under particular lighting, a single
Gaussian distribution would be sufficient to model the pixel
value while accounting for acquisition noise [1]. So both
background and shadows are modelled as single Gaussian
distribution. Because little information about the distribu-
tion of the colors of vehicles is known and, usually, the pre-
vious color distribution of vehicles can’t provide much in-
formation for the estimation of later vehicles, the emission
probability of the foreground is modelled by a uniform dis-
tribution. Thus, the emission distributions are (we use color
images)

P(Ly = f|X;) = 1/256° (14)
P(Ly = b/s|Xt) = Ub/s(Xt;,ui,t, Ei,t)
1 1 S
’l’](X 51 ) = ———Te—E(Xt—/“‘) = (Xt_l") 15
5B = G -

where p is the mean value of Gaussian distribution, and X is
covariance matrix. We assume that the red, green, and blue
pixel values are independent.

How to learn and adapt the parameters is the content of
following sections.

3.2 Initialization for learning algorithm

Training an HMM, we use Baum-Welch algorithm. Itis only
guaranteed that you can get local maximum. Results are
very sensitive to initialization. So, it is necessary that we
here explain how the initialization is done.

Figure 3: Results of the initialization algorithm.

Some work has been done about how to get a good ini-
tialization value of HMM model. Many methods use a addi-
tional learning process to estimate a Multi-Gaussian model
and then use it to initialize the HMM model. Here, we use an
easier method with the help of modified version of the algo-
rithm from [10]. The algorithm is based on a heuristic color

model, which separates the brightness from the chromaticity
component. The pixel is labeled as background, shadow or
foreground by a decision procedure whose threshold values
are used to determine the similarities of chromaticity and
brightness between background image and the current ob-
served image[10]. If chromaticity difference is large, pixelis
labeled as foreground, then if brightness difference is large,
pixel is labeled as shadow. Figure 3 is our result of this algo-
rithm. The result is then used to initialize our HMM model.

3.3 Learning algorithm for HMM

We use an offline Baum-welch algorithm to learn the param-
eters of HMM, and we use an online algorithm to adapt the
parameters. At first, several assumptions are made about the
training video to make the learning task easier:

e No obvious sudden change of illumination.

e The background is approximately stationary, it is to say
that there is no “tree waving” problem.

e The speed of the cars doesn’t vary greatly.

In a small period of time, “no obvious sudden change of il-
lumination” is not a rigorous assumption. Allowing parts
of the background to move would require us to discriminate
different types of motion, which is a research topic of fu-
ture. This assumption allows us to avoid adding a module
of recognition of background motion. If the speed of cars
doesn’t vary greatly, the pixel process can be seen as a sta-
tionary stochastic process approximately, and the algorithm
will be more robust relatively. For these assumptions are
the nature property of video sequence on freeway, obtain-
ing such video sequence is very easy. Detail about offline
Baum-welch algorithm can be found in [16][15]. It is not
our emphasis.

To maintain the background model, we use the onling
learning algorithm. Theoretical detail of online learning al-
gorithm can be found in [8][171[18] as incremental version
of the EM algorithm.

In online algorithm, the model parameters are updated
after we got each new observation[12]. That is, the forward
variables[16] in the forward algorithm are updated for each
new data. Following is the detail of algorithm. The forward
variables

’}/t(i) = P(Oloz...Ot, Si= si‘@t—l) (16)

are the probability that Markov process is in state ¢ having
generated observations 010:...0;. For each new observa-
tion data, the ~y; are updated by adding up the probability
of all possible transmit to this state multiplied a emission
probability given the observation Oy:

() = [Zj w1 (@)ai|P(OSe =4) T
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liebackward variables are setting to 1, because at time later
llant, no information is known.
Now, we can compute £¢(¢, 7)):

b))

BIS. =1, 8.1 1]0:05.0)
7 (@)ai; P(Opy1|Sera = §)/ D _ v4(k)18)
%

Il

{iij) can be seen as the expected number of transitions
fom sate 7 to j given 0105...0; at time t. Normalizing
) We get:

(i) = P(S; = 6|010,..0,) = ~{(3)/ Y _7(j) (19)
J
ihich is the probability of state ¢ at time ¢ given observa-

lion sequence O70;...0;. Using the formulas above, we
legstimate model parameters incrementally. In every step,

HMM are updated as following:

T T
J th(l,]) Z gt(laj) (
B _ =L S bl gl §r(3, )
i T T ij T
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S k)0 > %)
Ve )Us Yt (2 ;
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g%(i) ; Y¢(%) tgl%(i)
5 @) (Os — BT)O; — Ty
- =l
i T
Z’Yt(i)
t=1
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t=%2 1 tiOt‘zTOt—;'rT
E - 5T 4 20 o )(O: — 1)
() pIRID)

The problem with this approach is that this algorithm treats
allthe observations equally. So it is very sensitive to initial
parameter setting. It can’t capture the essences of a non-
siationary process. A finite time moving-window can give
asolution, more efficiently, a version of algorithm with ex-
ponential forgetting is used. In this algorithm, each pixel
value’s contribution is weighted so as to decrease exponen-
tially as it recedes into the past. The algorithm is imple-
mented by:

R} (i) =

(1= w)RI (@) + wyr () 1)

b
ilee B, = >

t= 35T
constant of forgetting or learning rate. Unlike the moving-

window method, this requires no additional storage. This

%(?) and w € (0,1) is the time
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algorithm can be adapted to changes of background if it is
given a good initialization. ~;(¢) is distribution of label 3

for a given pixel at time ¢. In our algorithm, ~(7) is not
used to update the parameters of HMM directly and it is
not used to make the decision about the most probable la-
bel too. We use ;(7) as the evidence of Belief Propagation
algorithm for MAP-MRF. The belief computed via Belief
Propagation, in fact the “Smoothed ~;(z)” is used to update
HMM, and to decide the most probable labels. The Belief
Propagation procedure is described in detail in next section.

3.4 Belief propagation for MRF

Evidence

Figure 4: Local message passing in Markov Network.
In section 3, we get the posterior probability as following

P(L4| L) Hexp(—F(s ls, 1)) x

HHeXp

s r€N(s)

p(ls, 1))

This posterior probability is exactly a Markov Network in
the literature of probability graph model as shown in of Fig-
ure 4. In the Markov Network, random variable [, above
is represented by hidden node z,. A “private” observation
node y;, is connected to each z,. Each y; is a vector, which
represents the distribution of labels. And y; is calculated
from all pixel processes model and the current image. De-
noting X = {z,} and Y = {y,}, the posterior probability
can be represented as:

X’Y) X H H \Ilsr msaxr H\Ij T Ys)  (22)
s reN(s)
where
\I]sr(l'sawr) = €Xp (—p(l's,l‘r)) (23)
U, (zs,ys) x exp (—F(s,xs, It)) (24)

Y, (zs, z,) is called compatibility matrix between node
and z,, and ¥, (z;,y,) is called local evidence for node
T,. Usually, if the size of label set is n(in HMM, n = 3),
Vo (zs,2,) is @ n X n matrix and ¥, (x,,ys)isal x n



Figure 5: Original video sequence

vector. In our algorithm, we use HMM as the pixel process
model, the evidence is the variable 7;(2).

We use standard “sum-product’ belief propagation algo-
rithm. Let message send from observation node y; to = be
ms(xs), message send from node z; to ;- is Mg, (), and
bs(xzs) are the belief at node ;. The algorithm is described
below.

1. Initialize all message with uniform distribution.

2. Update all messages iteratively ¢ =1 : T’

mit () — a Z U (25, Tr)m (25)

il

R EN(zs)\zr

m?;s(ﬂrs)

3. Compute belief

H Mis (xs)

TR EN(z5)

by(z,) «+ am,(z,)

where o« denotes a normalization constant.
Detail about belief propagation is in [5][19].

4 Experimental results

Here we present the experiments results of our model: adap-
tive HMM and MRE. In practice, after offline learning, the
adaptation of transition matrix is not necessary, because the
speed of vehicles doesn’t vary greatly. So, in our exper-
iments, only the adaptation of emission probability is im-
plemented in online learning algorithm. Figure 6, 7, 9 are
our experiment results. Because it is difficult to capture the
gradual changes of illumination in freeway, we synthesized
this kind of change using the video taken in the day.

In Figure 5, there are four original images. Figure 6, 7
are experiment results of background subtraction. The re-
sult images are arranged according time. The four images

T

Figure 6: Experiment results with MRF
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Figure 7: Experiment results without MRF

in Figure 7 are results of the algorithm that has no MRF o
model the spatial context. We can see that our method re-
sults in Figure 6 are better. In Figure 8, the four images are
original, and in Figure 9, the four images are corresponding
results. Despite the illumination changed in the four original
images, our algorithm can work well on all frames.

5 Conclusion and discussion

In this paper, we give a novel model for background main-
tenance and subtraction that can capture both temporal and
spatial context of the image sequence. The model includes
two components, which processes the images at two levels.
For the particular condition - - video surveillance on free-
way, we use adaptive HMM at pixel level. At frame level,
we use belief-propagation to solve the MAP-MRF problem.

The readers should notice that the specific traffic surveil-
lance situation is particularly suited to investigate our pixel
level model - HMM. Why we focus attentions only on prob-
lems on freeway? Because we believe that “No perfect sys-
tem exists. Background maintenance and subtraction in
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Figure 8: Original video sequence
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Figure 9: Experiment results

itself is applications oriented.” Background maintenance
ind subtraction in itself is only a preprocessing, absolutely
0ot the ultimate task. A perfect background maintenance
and subtraction system should solve many problems, such as
“bootstrapping”, “moved objects”, shadows, gradually and
‘Suddenly change of illumination, “tree waving”, “camou-
flage” and so on [3]. But some of these can’t be solved
very well simultaneously because differentiating of them
1eeds semantic understanding of motion of foreground and
ofbackground, and it is impossible if you have no informa-
tion from the ultimate purpose. Further more, in a particu-
lar application, not all the problems will be encountered. A
food system should use the knowledge derived from its pur-
as possible as enough to solve the problems encoun-

: In section 2, many pixel-level models are summarized.
Butonly pixel level model is not enough usually. Both tem-
poral and spatial context should be modelled explicitly.
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In our model, the three states HMM captures the temporal
context of the pixel process but omit the information inter
pixels. The results by all means have some problems. Some
foreground pixels are mistaken as shadow or background.
We think that these problems are inherent in the pixel level
model. Spatial or multi-spatial context must be considered.
By modelling the spatial context using MRF, we can correct
some mistakes made in pixel level and get better resuits.

No perfects system exists, but a good framework will
give background maintenance and subtraction much help. In
the future, we want to develop a framework for background
maintenance and subtraction based on the principles derived
in this paper.
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