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Video Image Segmentation Based on
Bayesian Learning

WANG Lin-bo, ZHAO Jie-yu
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Abstract Segmentation becomes a difficult task when the background illumination changes. In this paper, we apply a
Bayesian learning method into video segmentation. The constantly changing background has been modeled at the pixel
level. The feature vector for each pixel is represented with a discrete probability distribution function. The histogram colors
and co-occurrence vectors have been calculated. Bayesian learning has been used to obtain these probability distribution
functions from the video image inputs. The experimental results indicate that the proposed approach is able to learn a
complex background of which the illumination changes either gradually or suddenly.
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1 Introduction

Video image segmentation is a process to detach
the interesting objects and the background from the
video clips. It is the first step towards target location
and recognition. Various approaches have been
developed for video image segmentation, such as the

fast marching methods and

[1~3]

region  growing

algorithms , and background modeling'**). The

former can’t deal with problems caused by illumination
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changes, shadows, and homogeneous intensity on the
moving objects. The background modeling approach
organizes temporal information of sequence by virtue of
sprite technique'®, it allows video sequence with
various global motions, such as shifting, rotation and
zoom. Other methods such as the skin-color based
approach!®™'®’ | which enables robust segmentation of
skin-colored patches under time-varying illumination'®’.
However, most of the existing techniques consider video
problem only with a

segmentation stationary

background. If the light changes gradually, some
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methods can still do video segmentation fairly well, but
if the light changes suddenly, those algorithms will fail.

In this paper, we first model the background for
both stationary points and changing points. Then we
apply the Bayesian learning rule to obtain the
probability distribution and segment the video image
sequences with a gradually or suddenly changing

background illumination.

2 Model Description

For most of the video segmentation problems, we
are only interested in some foreground objects, and
these objects are often moving, such as people,
vehicles and so on. Except for these foreground
objects, we consider other parts as background. The
complex backgrounds may be caused by lighting
variations, or some moving objects such as curtain in
the wind, fountain, wavering tree branches etc, and
these factors will severely influence the result of video
segmentation.

There are two types of lighting variations, one is
the gradual change caused by natural lighting
variations; the other is the sudden “once-off” change
caused by switching on or off some lights, which leads
to obvious change to the environment. We establish a
Bayesian model to learn the complex backgrounds. The
model is used to classify every pixel as foreground or
background.

2.1 Bayesian Model

Let V, be a discrete value feature vector extracted
from an image sequence at pixel s(x,y) and at time
instant ¢. According to the Bayes rules, it follows that
the posterior probability of V, from the background b or
foreground f is
P(VIC,s)P(Cls)

P(V,1ls)
Then the pixel is classified as background if the

P(CIV, s) =

,C=b or f (1)

feature vector at this pixel satisfies;
P(b1V,,s) > P(fIV,,s) (2)
Noting the feature vector V, at the pixel s(x,y) is
from background or foreground, it follows:
P(V,1s) =P(V,1b,s) - P(bls) +

P(V,if,s) - P(fls) (3)
Substituting (1) and (3) to (2), we can get:
2P(V,1b,s) - P(bls) > P(V,ls) (4)

Therefore, as soon as we calculate the conditional
probability of background P (V, | b, s), the priori
probability of background P (b | s) and the total
probability P(V,ls) at pixel s(x,y), we will know
this pixel is of background or foreground.

2.2 Representation of Feature Vector

It is important to appropriately represent the
feature vector V, extracted from an image sequence at
the pixel s(x,y) and time instant ¢. If the background
is stationary at a point, we represent the feature vector
V,as [r,,g,b,]", which is just the color value at
pixel s(x,y) and time instant ¢. If the background is
changing, we represent the feature vector V, as [r,_,,
&o1sb, 1,78, ,b,]T. The color value of one pixel in a
color image is of three dimensions, and each dimension
as 256 quantization levels, operatiug on the joint
histogram would be expensive both for computation and
storage. So a good approximation is desirable to
decrease the quantization levels.

2.3 Representation of Probability

In the inequality (4), the conditional probability
P(V,lb,s) and the total probability P(V,|s) are usually
unknown, they could be represented by the histograms of
feature vectors over the entire feature space.

In general, if the background is stationary or the
light changes gradually or suddenly, the feature vector
at one pixel of the background would concentrate to a
very small subspace of the feature histogram, while the
feature vector would distribute widely in the feature
space when the moving objects pass on it.

We suppose there are M different feature vectors
at the pixel s(x,y), and every feature vector is sorted
according to the descending order of P(V,1b,s). Then
there must be a number N(N < M), which satisfied

the next inequalities ;

N
ZP(vfi) 1b,s) > 0.95 and
i=1

ﬁ:P(vf" If,s) <1 ~0.95 (5)

We can consider the first N feature vectors as the
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significant portions of background at this pixel.

In order to classify the pixel, we design a table of

probability, whose element consists of
P\ =P(x®1s)
Sy = pl” = P(v1b5) (6)
VO = af? "

This table will be used in the following algorithm.

3 Algorithm Description

The algorithm consists of two main parts. The first
part is the batch learning of the initial background
images. The second part is the implementation of video
image segmentation and continuous learning for the
changing background. The main blocks of the system

are given in Fig. 1.

Stationary point ¢
Probability table| __
Background
[meges Changing point [« .
Probability table|— Stationary
> pomt
- classify
Reference | 11
background| - -
Background 'Bmary
difference [ |Stationary| 4 | images
point Ch
Video Temporal |—>| point
images difference classify
Ch
point

Fig.1 Algorithm Flow

The detailed cycles of the algorithm are as
follows :

(1) Learn the probability distribution function and
feature vectors for each pixel from the initial
background. ’

(2) Compute the temporal difference F, (s,t)
between the current two successive input frames, and
the background difference F,, (s, t) between the
current frame and the reference background.

(3 ) Compare each element of F, (s,t) with
threshold 7', if F,(s,t) > T, we consider the pixel
s(x,y) as a changing point, otherwise as a stationary
point.

(4) For all the stationary and changing pixels,
calculate the probability P (b1s), P(V,ls) and

P(V,1b,s) according to
N
P(bls) =p" = 3 p"
i=1

P(V,1s) = ¥ p” (7)

jeM(v,)

P(V,1bys) = 3 py"”

jeM(V))

Where, p‘(,""j) is the total probability of the jth feature
vector of the probability table at pixel s(x,y) and time
instant ¢. pi,’,"'j) is the jth feature vector’ s conditional
probability of background in the probability table at
pixel s(x,y) and time instant t. M(V,) is defined as
the matched feature set: M(V,) = {i: v, -v"" 1 <8},
ie [1,N] and the variable v*" is the ith feature
vector of the probability table at pixel s(x,y), 8 is a
match threshold.

(5)If the inequality 2P(V, 1b,s) - P(bls) >
P(V,ls) holds,

background, set the color value to 0 at pixel s(x,y);

consider the pixel as one of
otherwise , set the value to 1. At the end of this step, a
binary image is generated.

(6) A morphological operation (open) is used to
remove the scattered noise points. At last, the system
outputs a video segmentation image.

(7) Carry on the learning process by the
continuous updating of the probability tables and the
reference background in order to adapt the system to
the changing environment. The details of continuous
learning process are described in the next subsection.

(8)Go back to step (2).

During the initial learning process (step 1), all
kinds of background images are learned by the system,
and these background images may include some complex
objects. At the end of the initial leaning process, the
system would obtain two probability tables including
P(V,lb,s),P(V,Is), and feature vectors at every
pixel. Here we set P(V,1b,s) =P(V,|s) because all
input images belong to the background. The system also
gets a reference background which represents the most
recent appearance of the background. This reference
background is maintained at each time step during the
continuous learning process to make the background

difference accurate. The background differencing is
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used to remove the image noise.

Updating the Probability Table

The tables of probability are maintained at each
pixel. Two updating strategies are proposed to both
gradual and sudden illumination changes. When the
lighting changes gradually in the environment, the
updating rules are;

P = (1 =) pl? 4 M

s - ~ @)l +a(ME M)

aec{0,1] (8)

where, a is a learning rate. Given v, as an input

i)

vector at pixel s(x,y), and vf” as a feature vector in

the probability table matching v, best,

M = {1, if j=1 (9)

0, otherwise

M{*" =1 when the pixel at s (x,y) is labeled as
background at time instant ¢ from the feedback of final
segmentation, otherwise M{"” =0, The symbol ‘ A’
is a logic AND operation.
states that the

appearance probability of the feature vector v{*"”

The second function in (8)

matching best in the probability table is increased due
to MY = 1. I M =0,
probability of the feature vectors in the probability table

the appearance

are slightly decreased. If the input vector v, does not
match any feature vectors, it will replace the last
element in the probability table as a new feature
vector, and a small number is assigned to the
probability of new feature vector.

When the lighting changes suddenly in the
environment, the new features of the new background
appearance become dominated immediately. From (3)
and (5), the new background feature vectors are

detected if

P(f1 ) Y P(»” 1 f,5) >0.95 (10)

And from (3), (6), we can conclude that

N N
Tou e (1= X ) > 095 (1)

i=1 i=1
Noting that, the updating functions are
(s,e+1,i) (s,¢,i)

p, =1-p,
(s,t+1,i)

- (s,8,8) (s,6) ,  (s,8,8) (s,0+1)
Pw =(p, ~ Py Pa" ) /Py

ie[1,N] (12)

N N

(s,8) _ (s,t,i) (s,241) _ (s,041,i)
where, p,"=Y p."?, p"*"=Y p.

=1 i=1
Updating Reference Background
Reference background images represent the most
recent appearance of the background in the video. If
the background changes gradually, the reference
background is updated as
B.(s,t+1) =(1-B)B_(s,t) +BL(s,t) Bel0,1]
(13)
where, B is an update rate of background, and B_(s,
t) is the color value at pixel s(x,y) in the reference
background, and I_(s,t) is the color value at pixel
s(x,y) in the current frame. If F (s,t) =1 and the
color value at one pixel in the video segmentation
image is 0, or F,, (s,t) =1, both show that the
background has changed a lot, so the reference
background is updated as

B, (s,t +1) =1 (s,t) (14)
4 Experimental Results

We use some background video clips for the initial
learning of the system. Two different histograms at
every pixel of each frame have been calculated.
Thinking of storage and computation, the quantization
levels of feature vectors should be decreased. There are
only three dimensions in V, = [r,, g,, b, 1", so
V,=[r,g,,b,]" is decreased from 256 to 64, and 64°
bins in the joint histogram for the whole feature vector
space; while V, = [r,_,, g 1, b..1, 7, ¢, b 1" is
decreased from 256 to 32, and 32° bins in the joint
histogram for the whole feature vector space.

The system calculates two probability tables of
every pixel of each frame according to the histogram
generated. One is a probability table for statiohary
points, and the other is a probability table for changing
points. In the probability table for stationary points, if
the number of feature vectors at pixel s(x,y) is more
than 50,
according to the descending order of P(V, 1b,s),

the first 50 feature vectors are stored

otherwise all feature vectors are stored. In the
probability table for changing points, if the number of

feature vectors at pixel s{x,y) is more than 80, the
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first 80 feature vectors are stored according to the
descending order of P(V,lb,s),

vectors are stored.

otherwise all feature

The last frame in the initial background image
sequence is chosen to be the reference background.

Variables such as the learning rate «, the update
rate B of background, and the match threshold §, are
initialized before the segmentation. For the learning

rate ¢, if it is too small, the system will become too
slow to response the sudden background changes. In
the experiment, set the learning rate to be a fixed value
from 0. 005 to 0. 01.

controls the updating rate of the reference background.

The update rate 8 of background

If the update rate B of background is too large,
foreground will become the background at once; and if
it is too small, the reference background can not reflect
the current background well. We set update rate 8 of
background at 0.05 in the experiment. The match
threshold & is set to 30.

Two experiments have been performed on different
scenes where the lighting changes gradually and
suddenly.

In the first experiment, the most significant
features of background are learned when we drew the
curtain slowly to make the lighting indoor change
gradually, and after that, a person moved in front of a
camera with the light changing gradually, The results

are shown in Fig. 2.

mmmm
mmml-

(b)

Fig.2 Segmentation results with gradually changing light

The images in the sequence (a) are extracted
from the video with an interval of 5 frames, and images
in the sequence (b) are the segmentation results of the
corresponding frames. It can be seen that the proposed
Bayesian learning method works very well when the
lighting changes gradually.

In the second experiment, the most significant
features of background are learned when we switched
the lights on or off to have a sudden change of the
illumination. And then, a person walked in front of a
camera with the lights on or off to have a sudden
change of the illumination, The results of video

segmentation are shown in Fig.3 and Fig. 4.

e
B LA _I Ll

Fig.3 Segmentation results when light turns off
;_. I
ity

(b)

r-r-*ﬁr

l_ll_

Fig.4 Segmentation results when light turns on

In Fig.3,

continuous video frames when the lights are switched

images in the sequence (a) are
off, and images in the sequence (b ) are the
segmentation results.

In Fig. 4,

continuous video frames when the lights are switched

images in the sequence (a) are the

on, and (b) is the result of video segmentation.

From Fig. 3 and Fig.4, we can find that the result
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of video segmentation based on Bayesian learning is
good whenever the lighting changes from bright to dark
or from dark to bright, and the adaptive capability is
suddenly changed

strong to the condition with

illumination.

5 Conclusions

We use a Bayesian learning method to enhance
the video segmentation when the lighting changes
gradually or suddenly in the background. The system
initially computes the histogram of color or co-
occurrence vectors at every pixel, and generates two
probability tables, in which the feature vectors and the
probability distribution function are included. All these
feature vectors represent the background at every pixel
of each frame. Then, a Bayesian method is used to
judge if every pixel belongs to either background or
foreground. Two probability tables are also learned
online to adapt to the changing background.

Future work is to increase the robustness of the
proposed method, and apply it in more complex
backgrounds including some moving objects. Based on

that, we will do target location and object recognition.
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