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##4570327321 : MAJOR ELECTRICAL ENGINEERING

KEY WORD: OBIJECT DETECTION / VIDEO SEGMENTATION / BACKGROUND

SUBTRACTION / ADAPTIVE BACKGROUND / SHADOW DETECTION
THIRAPIROON THONGKAMWITOON : ADAPTIVE PARAMETRIC STATISTICAL
BACKGROUND SUBTRACTION FOR VIDEO SEGMENTATION . THESIS ADVISOR:
ASST. PROF. SUPAVADEE ARAMVITH, Ph.D., THESIS COADVISOR: THANARAT

CHALIDABHONGSE, Ph.D., 131 pp. ISBN 974-17-6867-2.

Computer vision systems for surveillance application mostly rely on the process of
object detection segmentation and tracking. In vision based systems, such detection is usually
carried out by using background subtraction methods. In early ages of researching, unimodal
distribution approaches play a significant role in background modeling scheme and give
satisfactory classification rate. However, most of them only work in static background scenario,
but not in dynamic background scenario which causes many types of error in classification
process. As a result, most researchers proposed several works on adaptive background modeling
approach. Sophisticated adaptation methods are required to solve major two problems in
dynamic scene: changes of illumination and changes of background content. This thesis presents
adaptive background subtraction using parametric statistical modeling process. This algorithm
gives solutions to many problems which usually occurred in real-time object detection
application such as moving shadow, changes of background content, changes of background
illumination including background illumination changes form auto-brightness adjustment in
consumer-type cameras which usually neclected in most of previous algorithms. Moreover, this
thesis propose novel learning factor control for update scheme. The method adaptively adjusts
the rate of adaptation in background model corresponding to ‘events in video sequence.
Experimental results show the algorithm improves classification accuracy compared to other

known methods.
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Abstract

This paper presents a statistical adaptive real-
time background subtraction algorithm that is very robust
to moving shadows and dynamic scene environment. The
algorithm enhances the previously developed method
reported in [4] by adding adaptation of modeling
correspond to dynamic background using adaptive
brightness and color distortion. In addition, we propose a
novel “vivacity factor” to measure activities of
foreground objects. It is used to delay the adaptation rate
for the area of often-occurred moving foregrounds. Our
method provides a solution to real-time moving object
and shadow detection in dynamic background scene from
video stream. We also develop the learning-rate control
mechanism that was not addressed by most background
subtraction algorithms.

1. Introduction
In many years of successes in object detection,
segmentation and tracking, background subtraction
technique seems to be the major solution for automated
video surveillance applications. The advantages of low
complexity and high precision bear the technique working
in high speed and satisfactory accuracy. Typically,
algorithms start by building reference background
parameters. This process can be done using statistical or
deterministic approaches and is known as background
model synthesizing. Background modeling process is
considered to be one of the most important parts in the
system. Model that is the closest approximation to “real-
background” gives the best reference for subtraction
process. Unfortunately, background in real-world scenario
can be changed over time in various ways. The major
problems in background modeling include [1,2,3,4]:
= Illlumination changes in scene, that drastically

increases the deviation of color vector in

background model, causes classification process

works erroneously.

*Faculty of Information Technology
King Mongkut’s Institute of Technology
Ladkrabang Bangkok 10520 Thailand
{thanarat@it.kmitl.ac.th}

= Change in location of background objects usually
alters the model at pixels in the region of original
and new locations.

= Movement of foreground objects brings their

shadows move and causes system to classify them
as foreground layer.

= \Waving motion in background scene (e.g., swaying

trees, refreshing monitor) may generate periodic
characteristic in input frames.

The first two problems can be solved by real-time
adaptation of background as addressed in [1,2,3,5]. The
instant matching of background model in Mixture of
Gaussain Models moderately resolves the fourth problem
[6]. Object’s shadow is also an important issue in
background subtraction. Greffenhagen et al. [7] proposed
the normalized color to get rid of illumination component;
while Jabri et al. [8] used edge information to eliminate
the influence of illumination. Our proposed algorithm is
most closely related to the work in [4], which has shown
very efficiently computed, accurate, and robust to
illumination changes such as shadows and highlight
[9,10]. Unluckily, this algorithm cannot cope with
changes in background scene. We take distinctive
advantages of their method and add capability of
adaptation-into it. ~This makes our real-time algorithm is
very robust to both illumination changes and moving
scene problems.

2. Building Background Model

Modeling of background plays a vital role in
background subtraction algorithms. The accuracy of the
background model directly affects the effectiveness of the
detection. In our framework, we perform pixel-based
background modeling in two steps. First, we construct an
initial background model from a stationary background
scene. Then, while the subtraction is being performed, the
background model is updated by the proposed “on-line
modeling” method. The details are described below.



2.1 Initial Background Model

We consider color value from real-time camera
in RGB color space. A color vector at pixel (i,j) of the nth
frame is depicted as in eq. (1).

Xi,j [n] = (X i',?j [n]: X i?j [n]: X iE,;j [n]) (1)
meXﬁ,X%,
intensity at pixel (i,j). This process is a stationary
background modeling process in which we collect N
frames of “empty” scene. So we obtain N color vectors for
each pixel. The sophisticated and reduction of sensitive
detection in fast dynamic variation scene [10] of Mixture
of Gaussian Models [MOG] lead us back to consider
background model as Single Gaussian. Naturally, we
obtain two significant parameters automatically. The first
one is “Expected Color Vector,”as in eq. (2),

Ei; =E{X;;[n]}:1<n<N )

where E{} is expectation operation.

So,E, ;(Ef EF EF,) represents meanof color vectors

at pixel (i,j) over N frames. The latter is “Color
Covariance Matrix”. The covariance matrix, Cjj, is
assumed to be diagonal to reduce computational cost, and
can be written as in eq. (3).

Cj =1e)* (@) (@) ©)
Next, we compute the distortion of X;.[n] from its

XiBj are red, green, blue color

mean, E;

parameters, “Brightness Distortion”
“Color Distortion” (4, ;[n]).

by considering two orthogonal distortion
(a;[n]) and

Brightness distortion implies the brightness intensity
of input color vector, X; ;[n], respect to the expected

color vector, E; ;, and can be obtained as in eq. (4).
ai,j[n]: argw min(xi,j[n]_‘//Ei,j)2 4)
On the other hand, color distortion is defined as the

orthogonal distance between input color vector and the
reference expected color vector, and is given in eqg. (5).

I ={X I = e, InJE 5| (5)
As shown in [4], there are variations of «; ;[n] and
A, ;[n] ; and their values are different for different

pixels. Thus, to optimize the detection process, we
compute two variation parameters: one represents the

variation of brightness distortion (aiyj) and another one

represents the variation of color distortion (bi,j), as
defined respectively in egs. (6) and (7).

115

N

Z (ai,j [n]-1)°
=" " @
N

PACH LI

n=1

a,; =RMS(a; [n]) =

bi; =RMS(4,;[n]) = N (7

Then, the initial background model is represented by

a “four-tuple” statistical parameters {Ei, i Ci‘ T

b, ; } for each pixel (i,j).

This typical stationary background modeling
approach has been shown that it yields an outstanding
effective performance in terms of both quantitative
performance, as shown by detection rate and false alarm
rate; and qualitative performance, defined in terms of
robustness to noise, flexibility to shadow and
computational load [9]. However, the approach cannot
cope with the problem of dynamic background scene.
The erroneous classification might occur in cases of
change of global scene illumination and movement of
background objects. Adaptive background modeling is a
solution for this problem.

2.2 On-line Background Model

To adapt to changes in the dynamic scene, we update
the background model continuously while performing the
subtraction. We use the initial model as a seed of
adaptation (n=0). The *“on-line background model”

{E;;[n].C, [n].& ;[n], b ;[n]} is given, as in egs.
(8)-(11),

Ei;lnl= A-»E;;[n-1+yX;;[n] ®)

C;[nl= @=7)C, In-0+»0% ;[N -, [1)" 0% ;[N -, 1) )

a,[nl= - a1+ (e, -7

b, [n]=/(L=7)b? [N ~1]+y(2, [n])* (11)

,where parameter  can be interpreted as a “learning rate
of adaptation”. Thus, 1/y effectively defines the time
constant: implies speed of the model change or update.

3. On-line Vivacity Factor (v )

The learning rate of adaptation () mentioned in
the previous section indicates speed of background model
adaptation. If the value of ¥ is large, the effect of the
relocation of background objects (such as moving chair in

the office scene) will be updated quickly. At the same
time, the true background model might be rapidly lost in



the area that has high frequency of moving foreground
objects appearance as well as in the case of moving
foreground objects become stationary for a period of time.
As a result, we have to reduce speed of adaptation at
pixels that represent high activity of foreground objects.

First, we define “vivacity” as a value that determines
the activity of foreground objects in terms of temporal
change of color vector at each pixel. Consider N frames of
24-bits RGB video sequence, Vivacity of each pixel (i,j) at
frame N can be represented by “Vivacity Factor” (v)
which is defined as in eqg. (12).

> [, [n1-X, (-1
uij[n]:\/nz—l S— | (12)
' 255°N

In case of “On-line Vivacity Factor”, this factor will
be updated overtime as in eq. (13),

X, [n1 =X, in-1
U.,,-[n]=\/(1—§)(u.,,-[n—1])2+§12552’
\where ¢ is vivacity learning rate that maintains

vivacity factor for the low-textural moving objects in the
scene. We Iinitialize v,;[=0- Now, the speed of

(13)

adaptation or leaning rate » in equations (8) - (11) must
be substituted by factor (1 v,;[n]) as given in eq. (14).

]/i',j [n]=Q- U [n])y (14)

In additions, to prevent the false updating (e.g.,
slow-moving or low-textural objects are added into the
background model too quickly), we introduce update
frame interval (1,) parameter. Instead of update the
model every frame, we update every |, ™ frame and the
learning rate of adaptation is set tol y With this, the
real moving objects will be updated at the rate of » while
the new deposited background objects (that stay still
longer than 1, frames) will be updated at the rate of

Iu V-
4. Online Subtraction and Classification

This section describes real-time subtraction process
and pixel classification. We start by initializing the online
background model by the background maodel (its seed).
For each input nth frame, we compute ¢; ;[n] and 4, .[n]

using Egs. (4) and (5), and normalize them by on-line
background parameters as in egs. (15) and (16).

~ _ &i,j[n]_l (]_5)
ai,j[ ]_7ai,j[n]
ii i[n]= ailll (16)
' bi,j [n]
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Then, pixel mask M ; (n) can be classified into 4

classes: B: Background, F: Foreground, S: Shadow, H:
Highlight by these conditions, as in eq. (17).

F: iiyj[n]>ri or a;;[n]<z,, else
M, (n) = B:a;[nl<r, and «;[n]>7,, ,else
' S: a;;[n]<0, else
H : otherwise
17

wherez,, 7, and 7, are computed given detection

error-rate (r). 7,, is user defined threshold to limit

degree of shadow in case of dark objects. Classification
model is shown in Fig. 1.

BLUE

Figure 1 Background and classification model.
5. Experimental Results

In this section, we demonstrate the performance
of the proposed algorithm on image sequences of two
different scenarios shown in Figs. 2 and 3, where (a) is
the image of seed background model, (b) is the input
image, (c) is the image of online background model, (d) is
the pixel masks result from non adaptive algorithm in [4],
(e) is the'pixel masks result from our algorithm, and (f) is
the final segmentation result. The colors of pixel masks in
images (d) and (e) are denoted as follows: F = cyan, B =
original color, S = red, H = green (see eq. 17).

The first sequence is a video of a person moving
in a room; at the middle of the sequence, half of the
fluorescence lamps that illuminate the room were turned
off. This causes global illumination changed condition.
The result in Figure 2 demonstrates that our algorithm can
adapt to the change quickly and be able to detect the
target successfully. The second sequence is another video
of moving person in a room; initially, the person came in,
placed a box on the table, and left the room. Then the
person came back with a handbag and put the handbag in
front of the box with respect to the camera view. This is a
challenge problem. Since the box was placed and



stationary for a period of time, it should be included as a
new background objects. Most algorithms such as [4]
will detect both box and handbag as foregrounds (Fig.
3(d)). However, our algorithm can learn the new
background object and adapt the model to include it. The
segmentation result shown in Fig. 3(e) shows only the
person and the handbag as foregrounds.

6. Conclusions

In this paper, we propose a statistical adaptive
real-time background subtraction algorithm. The
proposed algorithm adds capability of background
modeling adaptation using adaptive brightness and color
distortion into original background subtraction algorithm
proposed in [4]. The algorithm proposed also measure
activities of foreground object to adaptively control the
learning rate of the model. Experimental results indicate
that our real-time algorithm is very robust to both
illumination changes and moving scene problems.
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illumination change with these parameters: r = 0.002, o=
0.5, ¥=0.1, £ =0.05, and I,=5.
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Figure 3 Test the algorithm on a sequence of moving or
new background object with these parameters: r = 0.001,

o= 0.4, ¥ =0.05, £ =0.01,and |,=8.
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Abstract

This paper presents a statistical adaptive real-time
background subtraction algorithm that is enhanced from previous
algorithm proposed in [3] which is.very robust.to moving shadow.
By composed adaptive background modeling[6], system efficiently
works in dynamic scene environment. In addition, we propose a
novel “vivacity factor” to measure activities of foreground objects
and control “Learning Rate of Adaptation’ correspond to-level of
activities at each region. Our method provides an efficient solution
to real-time moving object and shadow detection in dynamic

background scene from video stream.
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ABSTRACT

This paper presents a new auto brightness control
algorithm for adaptive background subtraction. The
algorithm is designed to cope with the problem of
auto-brightness adjustment feature of consumer-type
cameras. The experimental results show the proposed
method improves performance of the classification. This
will be beneficial to many computer vision applications in
term of reducing the cost of implementation and making
them more available to the mass consumer market.

1. INTRODUCTION

In many years of background subtraction researches,
uni-modal distribution [1,2,3] play a significant role in
background modeling scheme and give satisfactory
classification rate as shown in [4]. However, these methods
do not work well in dynamic scene where the background
is changed. Many of improvement has been established,
e.g., [5] which is base on MOG model originally presented
in [6]. MOG assertively presents-solution for several
problems occurred in dynamic. background, especially in
case of repetitive background motion such as waving tree.
Each Gaussian background adaptively referenced
correspondent to real-background event. Nevertheless, this
and almost algorithms update each background parameter
linearly. There is not learning factor control for
corresponding of background event.

Another issue about the current background subtraction
techniques is that most algorithms require high-quality
professional video cameras of which their parameters can
be set and controlled, especially parameters that control the
overall brightness of the images. With fixed parameters,
the illumination change detected in the scene means only
environment has been changed. That simplifies the
problem. However, typical consumer-type cameras are
different. Most of manufacturers develop build-in
auto-white balance and auto-brightness control features to
make the cameras easy-to-use to the consumers. This type

T.H. Chalidabhongse

Faculty of Information Technology
King Mongkut’s Institute of Technology

Ladkrabang Bangkok 10520 Thailand
{Thanarat@it.kmitl.ac.th}

of cameras focuses on foreground subjects and adjusts
parameters for best foreground quality; ignoring changes in
background [7]. Adaptive background subtraction
algorithms detect targets by looking for changes in
sequence comparing to the background model. Effective
systems can adaptively update the brightness of the
background model corresponding to brightness changes in
the environment. Unfortunately, by using the
consumer-type cameras, the detected brightness changes
come from two sources. First, environment luminance has
been changed. Secondly, the perceived brightness changes
are from camera’s auto adjustment. This causes a problem
for background subtraction algorithms; the systems tend to
classify erroneously. Moreover, the adaptive algorithms
cannot update the background model correctly due to the
combined effects of illumination changes. In this paper,
we present an adaptive brightness control algorithm
designed to compensate brightness changes due to the auto
brightness adjustment in consumer-type cameras. The
success of this work will be beneficial to many computer
vision applications such as video conferencing, interactive
entertainment, — remote-  surveillance, etc.  Their
implementation cost will be reduced and that makes them
more affordable to general users in the mass market.

This paper-addresses two issues mentioned above: the
adaptive background model and auto brightness control in
consumer-type cameras. \We propose a novel method in
updating the background model as well as a technique for
coping with camera auto-brightness.

2. ADAPTIVE BACKGROUND
SUBTRACTION ALGORITHM

This section presents our proposed adaptive
background subtraction algorithm. Background model is
modified from using RGB color space, as presented in [8],
to YChCr color space to reduce computational complexity
and to integrate with auto brightness control algorithm,
later proposed in Section I11.



2.1 Background Model Initialization

First, considering YChCr color pixels from video
sequence. Let gz ; ={X; ;[ X;;[2].... X ;[N]} be a
training sequence of single pixel consisting of N frame. A
color vector at pixel of the nth frame is depicted as in eq.

@,

X, [T = (X{jIn], X7 Ing, X5 D) (1)
where X';, X, X are Y, Ch, Cr component at pixel
(i,j). Assuming Gaussian noise is incurred in the sampling
process. The recent history of each pixel, %j, j , is modeled
by Gaussian distribution centered at the mean pixel value.
This process is a stationary background modeling process
in which we collect N frames of “empty” scene. So we
obtain N color vectors for each pixel. Naturally, we obtain
two significant parameters automatically. The first one is
“Expected Color Vector,”as in eq. (2),

Eij =E{X;[n}:1<n<N (2)

where E{} is expectation operation.
So,E; ;(E/;.ES} Efj) represents mean of — color vectors at
pixel (i,j) over N frames The latter is “Color Covariance
Matrix”. The covariance matrix, C;;, is assumed to be
diagonal to reduce computational cost, and can be written
asineq. (3).

Cij=lei)? (o) (o) @)

Next, we compute the distortion of X;;[n] from its
mean, E; ; , by considering two orthegonal distortion
parameters, “Brightness Distortion” (ai’j[n]) and
“Color Distortion” (4 ;[n])-

Brightness distortion implies the brightness intensity
of input color vector, X, ;[n], with respect to-the expected
color vector, Ei; , and can be obtained asin eq: (4).

a; [n]=(X; ;[n]-E; ;) euy 4
Then, simplified and normalized, we get
Xij[n] - B
Y
L]

On the other hand, color distortion is defined as the
orthogonal distance between input color vector and the

& [n]= (5)

reference expected color vector, and is given in egs. (6)-(7).

The illustration of background subtraction model is shown
in Fig. 1.

4i,iln] :"(Xi,j[n] -Eij) _aivi[n]uY" ©)

Cb Cr
ﬂi,j[n]:\/(x =BT XOM-ET. )

Ch Cr
i Oij
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Figure 1. Background Subtraction Model.

As shown in [3], there are variations of «; ;[n]
and 4, ;[n] ; and their values are different for dlfferent
pixels.' Thus, to optimize the detection process, we
compute two variation parameters: one represents the
variation of brightness distortion (g; J) and another one
represents the variation of color distortion (b ), as
defined respectively in egs. (8) and (9).

N
PACHILS
n=1

N

ai'j = RMS(al’J[n]) = (8)

b,; =RMS(Z ;[n]) = )

Then, the initial background model is represented by

a “four-tuple” statistical parameters
=(Eij:Cijoai by >for each pixel (ij).

T is ‘background ‘model will be used as an initial

model for subtraction. To make the algorithm be able to

cope with changes.in dynamic scene, adaptive background

update is needed.

2.2 Adaptive Background Model

After initialization, system are start online processing
by using set of static background parameters as seed of
adaptation (n=1). To dealing with changes in the dynamic
scene, we update the background model continuously
while performing the subtraction. The 4-tuple dynamic
model @;[n] = <Eiy jIn] G j[nl, & j[n1.b;, j[n]z are
constructed and linearly updated as in egs. (10)-(13),

Ei,j[n]: (1_7)Ei,j[n_1]+7xi,j[n] (10)



G, [=0—)G -1+ [, [nl) (X, [ ;1) (1)

a j[n] = \/(1— Y)aiin -1+ Y(Oli,j[n])2 (12)

b, j[n]= /(1= )b [n 11+ (4, [n])* (13)

,where parameter ¥ can be interpreted as a “Learning
factor”. Thus, 1/y effectively defines the time constant
that implies speed of the model change or update.

2.3 Learning Factor Control

The learning factor () mentioned in the previous
section indicates speed of background model adaptation as
shown in Figure 2. If the value of  is large, the effect
of the relocation of background objects (such as maoving
chair in the office scene) will be updated quickly. At the
same time, the true background model might be rapidly
lost in the area that has high frequency of moving
foreground objects appearance as well as in the case of
moving foreground objects become stationary for a period
of time. As a result, we have to reduce speed of
adaptation at pixels that represent high activity of
foreground objects.

Hla]
Idest Ejn)

1P - S S

r=058

y=02

A y=0.1

| 1A

(ke e iy e

]

Figure 2 Various rate of adaptation by varying learning factor

In this research, we control learning factor by determine
High-rate factor 6, and Low-rate Factor &, by
using hypothesis : “The background at active pixel must be
updated slower than one at inactive pixel.” State of
“active” and “inactive” can be defined by temporal change
asineq. (14).

A j[n]=X; j[n]-X; ;[n-1] (14)
Then, we build change notification mask M ™ [n] as in
eq. (15),
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0:]A;;[n]i<z
Mi?}_‘N [n]: ) || I'J[ ]|| CHN (15)
1 ||Ai,j [n]" Z TCHN
\where 7.,y IS change notification threshold. Pixel

P(i, j) is active when M PN [n]=1. Therefore, learning

factor of each pixel must be ’assigned as eq. (16).

o ng CHN 7

s MM [n]=1 19

2.4 Online Subtraction and Classification
Process

This section describes real-time subtraction process
and pixel classification. We start by initializing the online
background model by the background model (its seed).
For each input nth frame, we compute «;;[n] and
5[] using Egs.(5) and (7), and normalize them by
on-line background parameters as in egs. (17) and (18).

=3 17)
A= bl‘g:} (18)

Then, pixel mask M; ;[n] can be classified into 4 classes:
B: Background, F: Foreground, S: Shadow, H: Highlight by
these conditions, as in eq. (19),

F: 4i;In]>z, or & ;[n]<zy,,else
B: g [nl<z, and & ;[n]>7,, else  (19)
S:a;[n]<0, else
H : otherwise

M; j[n] =

,wherez,, .7, and. 7, are.computed given detection
error-rate (r). 7., is user defined threshold to limit
degree of shadow in case of dark objects.

3. AUTOMATIC BRIGHTNESS CONTROL

In laboratory experiment, adaptive background
subtraction algorithm gives satisfactory result. However, in
user-based environment, situation is different. There
usually are auto brightness adjustment in consumer-type
cameras for improving foreground lightness. This process
cause background brightness change despite environment
brightness is stationary. So, we need auto brightness
control algorithm for brightness suspension in background



region.

The proposed brightness control algorithm is a
pre-processing stage of adaptive background subtraction.
It receives an input frame from camera and outputs an
adjusted input color vector X;;[n] to background
subtraction algorithm.

We define I, ;[n]=(1)';,[n],1S[N]15[n])  as  the
original YCbCr pixel values of the current input frame n
at pixel location (i, j). X; [n]=(X);[n], X [n], XS [n]) is
adjusted YCbCr pixel values of I;;[n]. The objective of
this algorithm is to alleviate the brightness changes in
background region caused by camera’s auto brightness
adjustment, and slightly update the background model in
case of global illumination change occurs. The main idea
of the proposed algorithm is based on change detection that
is obtained by temporal differencing between the current
image and the previous adjusted image. The difference
color vector is defined as in eq. (20).

D; j[n]=1; ;[n] =X j[n 1] (20)

We adopt the method of calculating “brightness
distortion” and *“color distortion” mentioned in Horprasert
et al. [3]. We define “brightness change,” B,;[nl
brightness component of the difference color vector Di J[n]
asin egs. (21)-(22).

ﬂi j[n] = Di j[n].uY (21)

ﬂlj[ ]_ Ij[n] X [n_l] (22)

“Color change,” ;] is defines as in egs.
(23)-(24), '

¢i,j[n]:‘Di,j[n]_ﬂi,j[n]uYH (23)

[n]-X;j[n— 1])2+(|ff[n] X n=1)? (24)

(153 In]- X
¢"j["]_\/ @)’

Then, a “change” is detected if its magnitude exceeds
acceptable threshold. In ‘our previously. proposed-adaptive
background subtraction algorithm [8], we define 'z ,as
color change threshold. A condition, ¢, ;[n]>z,, implies
new objects may present in the scene and/or the
background may change. We define Tp @ an upper
brightness change threshold and ¢ pr85 4 lower brightness
change threshold.  Brightness change is detected if
Bii[n]>z, and B [n]<z,, . After calculating
the brightness and color changes, the original input color
vector will remain the same, X;;[n]=1; [n], if only the
color changes are detected. However, if only brightness
changes is detected (¢, ;[n]<7, ), the original input color
vector will be updated as in egs. (25) (27),

(o5 InD)°
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X{'j[nl= - p) X{';In~1+ p1[n] (25)
XEn= 177001 (26)

XijInl= 1{In] (27)

\where p is brightness weighting factor, i.e.,

compensation weighting. If brightness changes due to the
camera’s auto brightness adjustment, the brightness
component of the background model should be kept close
to the one in the previous frame (o — 0). If brightness
changes are due to the illumination changes in scene,
brightness component of the background model should be
set close to the one in the current input frame (p —1).
Change detection model shown in Figure 3

Ty T L
. 1in]
?.'H;I

Figure 3 Change detection and classification model

4. EXPERIMENTAL RESULTS

To experiment, we compared the detection result
from the system with an adaptive background subtraction
proposed in Section Il with and without brightness control
proposed in Section Ill. The experimental video is a
captured sequence of the people moving in scene and the
camera, Winnov Videum camera, adjusted brightness
automatically to enhance the subject region.

The background model used in the experiment is
shown in‘Figure 4(a). Current input frame with the effect
of camera auto brightness adjustment is shown in Figure
4(b). ' Segmentation results from adaptive background
subtraction is shown in Figure 4(c), and the result after
brightness adjustment is shown. in Figure 4(d). It can be

seen that the proposed algorithm improves the performance
of background subtraction classification process.

Figure 5 shows a plot of false positive, i.e., the
classification of background as foreground. The result
illustrates the new algorithm can reduce the false positive
of up to a factor of 3.6.




Figure 4. Experimental results.
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Figure 5 FAR Comparison of Original and Proposed

Brightness Control.

5. CONCLUSION

Consumer-type cameras -usually have a feature of
automatic brightness adjustment. However, this function
focuses only on the quality of foreground region and
changes background. luminance, . thus _reduces . the
performance of background subtraction. We then propose
an adaptive brightness control for keeping background
brightness more stable.” The experiment results show the
proposed algorithm can reduce false positive which
improves the performance of background subtraction
classification process.
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Abstract—The Background Subtraction Algorithm has been
proven to be a very effective technique for automated video
surveillance applications. In statistical approach, background
model is usually estimated using Gaussian model and is
adaptively updated to deal with changes in dynamic scene
environment. However, most algorithms update background
parameters linearly. As a result, the classification results are
erroneous when performing background convergence process.
In this paper, we present a novel learning factor control for
adaptive background subtraction algorithm. The method
adaptively adjusts the rate of adaptation in background model
corresponding to events in video sequence. Experimental
results show the algorithm improves classification accuracy
compared to other known methods.

l. INTRODUCTION

Computer vision systems for surveillance
application mostly rely on the process of object detection
and tracking. In vision based systems, such detection is
usually carried out by using background subtraction
methods. In early ages of researching, unimodal distribution
approaches [1,2,3] play a significant role in background
modeling scheme and give satisfactory classification rate as
shown in [4]. However, most of them only work in static
background scenario, but not in dynamic. background
scenario which causes many types of error in classification
process. As a result, most researchers proposed several
works on adaptive background - modeling: approach.
Sophisticated adaptation methods are required to solve
major two problems- in . dynamic- scene:changes-. of
illumination and changes of background content. Among
several approaches proposed, e.g. [5] bases on Mixture of
Gaussian (MOG) model which is originally presented by
[6]. MOG approach can solve several problems occurred in
dynamic background, especially in case of repetitive
background motion such as waving tree. Nevertheless,
MOG and other methods proposed update background

This work is supported in part by the Cooperation Project between
Department of Electrical Engineering and Private Sector for Research
and Development, Chulalongkorn University, Thailand.

T. H. Chalidabhongse

Faculty of Information Technology
King Mongkut’s Institute of Technology
Ladkrabang Bangkok 10520 Thailand
{thanarat@it.kmitl.ac.th}

models using linear model which is not adequately adapted
according to the changes in the background scene.

In this paper, we present a novel learning factor
control for adaptive background modeling proposed in [7]
with capability to intelligently adjust background model
parameters according to activity in video scene. The
proposed algorithm can be applied to both single Gaussian
and MOG. Nevertheless, to simplify the complexity
incurred and based on the fact that a few Gaussians in MOG
dose not give distinctive classification rate with respect to
single Gaussian [4,8], our proposed algorithm in this paper
perform adaptive background modeling based on unimodal
distribution.

The paper is organized as follows. Section Il
presents background modeling method. Proposed learning
factor control algorithm is introduced in Section I1l. Section
IV presents experimental results and Section VI give
conclusion.

II. = BACKGROUND MODELING

Background modeling plays a vital role in
background subtraction algorithms. The accuracy of the
background model directly affects the effectiveness of the
detection.In this research, background models are first
initialized by accumulating N frames of background sample
and all background parameters are adaptively updated over
time after system is started.

A. Background Model Initialization
First, considering RGB color pixels from video
sequence. Let z ; ={X; ;[1,X;;[2]....X; ;[N]} be a training
sequence of single pixel consisting of N frame. A color
vector at pixel (i, j) of the nth frame is depicted as in eq.
D,
R G B
Xi,j[n]=(Xi,j[n]’xi,j[n]!Xi,j[n]) o))
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where X, X 8, X &,

pixel (i,j). Assuming Gaussian noise is incurred in the
sampling process. The recent history of each pixel, %j j , is

are red, green, blue color intensity at

modeled by Gaussian distribution centered at the mean pixel
value. Following background modeling presented in [8], we
obtain static 4-tuple D, =<E C,.a,.b, J_> background

L
model, where E;; is expected color vector, Cj; is color
covariance matrix, a;; and b;; are the variation of brightness
and color distortion, respectively, as previously defined in
[8]. The initialization is an offline process and used as a
based line background model.

B. Adaptive Background Model

After initialization, algorithm performs on-line
parameter updates by using the based line background
model obtained earlier as a seed of adaptation (n=1). To
dealing with changes in the dynamic scene, we update the
background model continuously while performing the
subtraction. The 4-tuple dynamic model

@, [n]=(E, [n].C; [n].a, [n].b, [n]) are constructed
and linearly updated as in egs. (2)-(5),

E.;[nl= A-NE;;[n-+r X ;[n] (2

G, j[M=@- G ;In-T+»0% ;[ —E; [n]) 0% [ -E; ;[]) ~ (3)
a; [n= /(L-1)a? [n ~ 1]+ v(a ] -~ (4)

b 1=/ (L )b [n 11+ y(4 D% (5)

,where ¥ can be interpreted as a “learning factor of
adaptation”. Thus, 1/ y effectively defines the time constant
which implies the updated speed of the-model.

I1l.  NON-LINEAR LEARNING FACTOR CONTROL

In previous section, the learning factor of adaptation
(7)) defines speed of background model adaptation. If y is

large, the effect of the relocation of background objects, such
as moving chair in the office scene, will be updated quickly.
At the same time, the true background-model might. be
rapidly lost in the area that has high frequency of moving
foreground objects appearance as well as in the case of
moving foreground objects become stationary for a period of
time. Thus, an appropriate choice of learning factor, y/, is

required and necessary.

In this research, we propose algorithm for learning factor
control which is performed in two distinct levels, i.e., frame
level and pixel level. We define learning factor of the nth
frame, y; ;[n], as a combination of Frame-level learning

control factor, p[n], for coarse adjustment at frame level
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and Pixel-level learning control factor, ¢; ;[n], for fine
adjustment at pixel level, as shown in eq. (6),

7i,j[n]= Kplnly; ;[n] (6)

.where K is user defined gain of control. From now on, we
replace learning factor, 7, in egs. (2) - (5), with adaptive

learning factor y; ;[n] introduced in eq. (6).

A. Frame Based Learning Factor Control

For the frame level, learning control factor for each
frame is selected on each frame based on frame-based
activity. We define frame-based activity, T1[n], as average

frame based change detection of W - H pixels image, as in
eqg. 7.

i=H, j=w

[ jim1- X, jtn —11]

i=1,j=1 (7)
3.2552.W -H

I1[n] =

,where ||A|| is Euclidean Distance of vector A. If the value
I1[n] is large, i.e., frame-based activity is high, the updated
speed should be slow. Thus, p[n] is set according to eq. (8).

pln]=1-1H[n] (8)

B. Pixel Based Learning Factor Control

For pixel level, parameter settings of each pixel are
updated based on activity level at each pixel region. The
update process is taken into account a spatio-temporal
factor. Parameters must be updated as slow as possible if
continuous-movement occurred in designated pixel. On the
other hand, high speed updating is required if designated
pixel stays still. In this work, there are three methods to set
pixel based learning control factor, ¢; ;[n], as follows.

e Deterministic Control Factor
In this method, we define pixel based control
factor 'by determining High-rate factor,s,, and

Low-rate Factor,5,, by using the following

hypothesis : “Active pixel must be updated slower
than inactive pixel.” The definition of “active” and
“inactive” can be stated by using temporal change
detection of pixel (i,j) of two successive frames, as
shown in eq. (9).

A j[n]=X; ;[n]-X; ;[n-1] ©)

Then, change notification mask, M ™ [n], is
defined as shown in eq. (10),



0:JA; ;[N <7chn
Mt Il =1 0 (10)
1 ||Ai,j [n]" ZTcHN
,\where 7.y IS threshold for changed notification.

A pixel, P(i, j), is considered as active when
M "™ [n]=1. Therefore, pixel based control factor
is set, as shown in eq. (11).

Sy MEN[n1=0
qoi,,-[n]={;L | MF;”” =1

Note that ,, and ¢, are set manually and 0 < ¢, <
oy <L

e Vivacity Factor

We define vivacity as a value that determines the
activity of foreground objects in terms of temporal
change of color vector at each pixel. Consider N
frames of 24-bit RGB video sequence, Vivacity of
each pixel (i,j) at frame n can be represented by
“Vivacity Factor” (o), which is defined as in eq.
(12).

N 2
Z Hxi,j[n] _Xi,j[n —1]“

Ciln]=1 2=t (12)
oi5[n] 3.2552N

In case of “On-line Vivacity Factor”, this
factor will be updated over time as following,

(e N o

32557 13)

u; ,-[n]=\/(1—§)(u., jIn=10)°+¢

,.where £ is vivacity learning factor that maintains

vivacity factor for the low-textural moving objects
in the scene. We initialize v,;[11=0- Then,

learning factor of each pixel, ¢;;[n], is updated
with the factor (1 v,;[n])» a8 given in eg. (14).

@i jIn]=1-v; ;In] (14)
e Temporal Classification Data
For object detection and segmentation, binary
classification mask, ij [n], as shown in eq. (15), is

used to differentiate pixel as if it belongs to the
background or foreground regions.

M C {O : Pixel (i, j) is Background (15)

L7 1 Pixel (i, j) is Foreground
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We then define change significance, I ;[n], as a

difference of binary classification mask in consecutive

frames, as shown in eq. (16).
rylnl=[MGII-MGIn-1  @8)

When T ;[n]=1, ie., there are changes in binary

classification mask, it implies that there are new
appearance of foreground object or relocation of
background content.

Furthermore, we define Last Classification Change
as an indicator to set appropriate value of pixel based
learning factor control.

= Last Classification Change
L is defined as the last classification change when

el S —1 .
Physically, last classification  change

represents the duration in which pixel classification
stay unchanged since the last change occurred. If L
is long enough, that pixel is considered to be
inactive. Pixel based learning factor control can be
set as a condition in eq. (17),

oy - L>Lg
- [n]= 17
o101 {5L:LSLE (w7

,where Lg, an acceptable equi-static duration,

implies the minimum duration since the last change
that pixel stays unchanged.

In practical sense, the efficiency of each pixel based
learning control factor depends heavily on the nature of
each scene. Thus, we heuristically propose a condition for
pixel based learning control factor based on deterministic
control factor, vivacity factor, and temporal classification,
as shown in eq. (18).
. CHN
oIl = Sp M [n] -O aCanN L>Lg (18)
(L=vi;[nDo, : M7 [n]=1

IV. EXPERIMENTAL RESULTS

In this' section, 'we present discussion of experimental
results. After we implement proposed algorithm with
learning factor control, four algorithms are used in
performance comparison i.e. Unimodal background
modeling (UNI) presented in [3], Adaptive unimodal
background modeling (AUNI) presented in [8], Mixture of
Gaussian (MOG) presented in [6] and proposed unimodal
with learning factor control (LFC-AUNI). Two of
benchmark sequences present in [4] are used. First is
sequence Move Object at frame no. 685. Telephone and chair
are moved. In process of updating new location, proposed



method gives lowest False Alarm Rate. Second, sequence
Light Switch is used. Illumination is abruptly changed.
Linearly update equation does not work well. Proposed
method also gives lowest False Alarm Rate in this case.
Experimental results are shown in Fig. 1. Classification
performance is presented in form of Detection Rate (DR) and
False Alarm Rate (FAR) in Table 1.

TABLE I. PERFORMANCE EVALUATION RESULTS
Algorithm Performance
Algorithms Sequence Moved Object Sequence Light Switch

DR FAR DR FAR
UNI 96.25 24.53 99.97 82.22
AUNI 94.16 21.76 60.68 87.70
MOG 94.73 17.86 4.06 98.81
LFC-AUNI 94.65 15.62 83.44 20.3

V. CONCLUSION

The novel learning factor control for adaptive
background subtraction has been introduced in this paper.
The algorithm gives solution for adaptively adjusted
adaptation rate of background model. Learning factor control
is performed in pixel level and frame level. Experimental
results show proposed algorithm improves system
performance and reduces false positive compared to other
known algorithms.
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Figure 1. Experimental results (a) Input frame. (b) Ideal result. (c) Result
from UNI method. (d) Result from AUNI method. (e) Result from MOG
method. (f) Result from LFC-UNI method.

Figure 2. Experimental results (a) Input frame. (b) Ideal result. (c) Result
from UNI method. (d) Result from AUNI method. (e) Result from MOG
method. (f) Result from LFC-UNI method
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