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Image processing with traffic video for traffic monitoring has an important role in
Intelligent Transportation System (ITS). The essential step for further analysis of traffic
video is vehicle segmentation. Accurate vehicle segmentation leads to accurate
vehicle flow analysis, speed analysis, vehicle classification and other traffic data. The
major drawback of vehigle segmentation in outdoor scene is the changes in lighting
conditions. A vehicle segmentation system which based on the statistical background
subtraction (SBGS) is proposed. The limitation of the statistical background model is
identified, namely its requirement of background sequence for background leaming.
Secondly, it is a non-adaptive model, the object cannot be segmented accurately in
changing light such as an outdoar scenes. Lastly, the model is sensitive to object color
which is similar to background color and leads to camouflage problem. In the proposed
system, the input image sequence is pre-processed to eliminate foreground pixels using
median filtering. The background subtraction is based on a combination of color-based
features and .edge information. Finally, the approximated color median filtering is
proposed to accurately adapt the background model. Traffic occupancy is calculated
for model update selection and initial traffic report. The performance evaluation of this
system is in terms of precision and recall which outperform the original method and the
mibdure of Gaussian background subtraction method.
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Brightness Distortion Brightness Distortion
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(Color-based, Edge-based and Intensity based Background Subtraction)
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3.2.3  MIauMNaINUALa lEANNIANARININ (Intensity-based Background
Model)
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3.3 NISTINANBULTDNANNE UATTAYATDL VBINTWLTIAIENAY (Color-based and

Edge-based Combination)
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3.3.2  AISESNUUININAINTUNITAATAUURINTINLURININAINLIN (Edge

Shadow Elimination by Morphology Mask)
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209317 3.11 @592l lunsaldesainienlaresuaannn i lifaw aesenuwIniue
tﬂld o o o v o -dl ¥ KX A o
NAMNTALRUNIN N19AIRALABLLBIN NN IIARTIITLITBALLBINNIAINWNAE AIRNTINY

neaseutinndmiuAnLI N asnsuansAsgl 3.42

Color Segmented Vehicle . Intensity Segmented Vehicle

Vehicle with Shadow

Mask

91 3.12 nMsaTantNINANE LR T LasN IWEB9AINIWN

Angl 3.12 WAARABNN9IATNMTNNINAMELIFR A LIIBIN TNBIAINII ENAINNIS
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weedo LTIt BN MU IngadL LFlne TEAn R uarandavesnun U IRIAdULE
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3.3.3  MEIARLAUARLTRINMNIUBIANNLDANAINKANITALRINURIAE

ADUUBINTIN (Edge Shadow Elimination)

dupeutegvanear 33U 3.11 Teadlhunnareielinanisindaunlainonu
=R v £ o o o Y dl v
anysniaadinisaieutinindmivdndeyazeureanintiesainiesn il tnaldnseny
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Vehicle with Shadow
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334 NM9FINNAANENINANHAEE UazIaUTIAUNWAgNARIENYSI (Color

and Edge Combination)
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v v 13 o % a 1 o .
3.3.5 ﬂ’l‘ﬂ‘ﬁ‘ﬁu’]ﬂ’]ﬂ ﬂ’]'lNL‘IINVI’ﬂ‘WIINWﬂEI’]NW’]M‘NSN AAITNLLNUEN (IntenS|ty
Mask)
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3.4 N19&5 LU aaIRINUAILSURAA LA (Adaptive Modeling)
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(Recursive_Techniques) duiunisiszanpienaegou @9 ' McFarlane [13] lAtasn 1
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dinnnlu wdainnasdfudaliiadudinldndiuqe@dinunludinasdniiaawingu Asuans
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o

faqiii ua g3t 3.17 (a91) Azuansnisuiusialunsiniqeddinluleginariuqndnsea g

laq1ilan wiin13UFusaluld luss e eniavindu
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. E-.n (Incoming input frame)
ki 1
109 L 1) E
E; 14 (New Baekground Color) Ea-,nﬂ E. !
o | 1
= ®
I,n E
(Current Baekground Color) in

7 3.17 nsUiUAge UL LS aBdaI A ILNTsL g AR LA N

nsvenuasansagrallidulilnanannissa (3.8) wa (3.9)

Rint1=Rin * Bri
Gin1=Gip + Ba; (3.8)
Bin+1=Bin + Bg,i
! fin— Rin
N 1 ey S BT
9 Bri =1 Jtin —Ein| i I'n_" i
0 otherwise
Oin —Gin
— B8 —E; 0
/BG,i = "li,n *Ei,n" " in |,n'||¢ (3.9)
0 otherwise
bi n-— Bi n
=t R —Es 0
ﬂB,i & "li,n B Ei,n" " i,n |,n-|| *
0 otherwise
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ANNA TN T A5 aAUAN HUUUANARIINUAIUBINIIRADSANAT NFATULLLLAN F9

ANN1T
Sini1 = Sin (3.10)
L - E (3.11)
N b, (3.12)

arlFn1Nmaslugnnns 3.8, 3.10, 3.11 AL 3.12 WNLLLILANARIINUA 1ix
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ANRALILATATIA LAUINITAANTNAZANANRINNAIAABNANN N7 72N U NNAIRANATA

3.5 Waulan1siaandsumraasutusnaasaInuad (Update Selection)
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Y o

f19ata (1] AR RenNre9AIN13ATELATEY (Occupancy) Basil

“Occupancy is a point measurement parameter defined as the percent of time a

vehicle is in the detection zone of a sensor.”
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e frunaIanu N TN17AaUATIARAN W FNTINA N 9H A9aNN13 3.13

917 3.18 N2BVAUIWRIAUNATATALATAIAMTUNIAINNTATAUATEY (Occupancy)
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%O ccupancy (k)= (3.13)
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TUUNTAZNA1IDNNITUNI TN UFINTNALA TULNT 3 HANINIINARRIALIA

-8 1

o & dld [~3 2 dl v Cd aa a a a
Wrdasasninisiudeyadelaniaan Audnatuiadadnnsetinduaznannanasivieaig
(National Electronics and-Computer Technolegy, NECTEC) lunnsannguasieiasas
| a Vi 1 dl £ a ac d‘ )
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4.1 FaviAuasaslszinneng g dwmsuldlunisnaaas (Traffic Video Tested Set)
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natl 5 2msiAdaasdIuiuenuweaaluniinuunigeau (Traffic Video with Big

Vehicle Size)

Tunstiyulng inlienunavuzawialug M Boumey

% 'S dl o Y o aa dl )
AN NF’ mmuwmu:mmmmnimnwmnwwmmu@
B2y
A /
__/_-—"

aa o

N34 6 Qm‘wmmww st Traffic Video)

e .' . Y Ao ,
ilianndasnaanininlige
1FIa91291514A%7H

' uﬁi@amwum LATANIN

I LAXNNTUTZNNAK A

N PR AN LLILIAI19EN

ﬂrJ’]Q\IL'LE‘F;I‘LIWNM’]LLU‘LIL?IN

2119 4.6?)5;1‘71 6

U

neel 7 A u@‘i’]@%ﬁﬁﬂ’]?ﬂ?w‘W?u LL@u

BT

mvvﬁ'!mmmnmmwumm ‘
VGRURT |

U

| cker Traffic Video

pri=wm

UAZNAaY AEUN ’]Wi&l A

1B}

D

4.7 NIOUN 7

2ap
=b_



60

NISNARDLILNNLAN

N3%U 8 ARiAEAII92R1NNANAU (Night View Traffic Video)
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ABSTRACT

This paper describes an analysis and enhancement of a
statistical method for background subtraction -that is
applied to various traffic scenarios in video sequences.
The original method called SBGS, which is based on the
statistical approach, can accurately segment  moving
objects from background scene. It .is robust and
computationally efficient. However, the SBGS requires
static background for creating a background model, and
also it is non-adaptive. This is not applicable for outdoor
traffic videos where the moving vehicles appear in the
scene all the time, and the light condition always changes.
Thus, we proposed a new method that enhances the SBGS
in order to illuminate the drawbacks. To create an initial
background model while the vehicles are moving in the
scene, we preprocess the data by median filter to
illuminate the outliers. In addition, we improve the SBGS
to make it adaptive using an approximated color median
filter. The proposed method was tested with various traffic
videos that are different in camera angles, traffic
conditions and environments. The results show that the
proposed method works well for vehicle segmentation in
traffic videos.
Keywords:  vehicle segmentation, approximated color
median, background subtraction

1. INTRODUCTION

Intelligent Transportation System (ITS) plays an important
role in traffic safety, efficiency, and environments. An
important function of ITS is traffic monitoring. Thailand's
National Electronics and Computer Technology Center
(NECTEC) [1] has developed an ITS software to analyze
traffic video for traffic monitoring using vision camera
with image processing functions. Camera-based traffic
monitoring is not only non-invasive but also relatively
easy to maintain [2]. Major challenge of the outdoor image
processing is that its performance depends on lighting
conditions and changes in light conditions.

For ITS application, we need to enhance the typical
segmentation algorithm to be able to segment the vehicles
from the background scene correctly. To segment a
moving object, one of the most popular methods is
background subtraction. The method begins by modeling

background scene before segmenting moving objects in
the scene using  background subtraction and post
processing. - Well  known background subtraction
techniques for moving object segmentation include, but
not limited to, Haritaoglu [3], Wren [4], Stauffer [5],
Elgammal [6], Cucchiara [7], and Horprasert [8].

Haritaoglu [3] initialized background model using median
filter over time. Only stationary pixels were used to
construct initial background model. Foreground regions
were then extracted by comparing current pixel values
with the background model. This model was robust in
certain situation but became unstable when lighting
condition changed regularly as in outdoor scenes. Wren [4]
used a single running Gaussian average to model
background. The background was updated over the time
by weighting between current intensity value and the
background model.  However, as the weight was a fixed
value, errors could occur and accumulate over time. While
Wren [4] used a single modal background, Stauffer [5]
proposed a mixture of Gaussian model to cope with
multimodal backgrounds in outdoor scenes. The approach
required predefined number of Gaussians, to initialize
number of modes. In abruptly changing background
scenes, this approach was slow to adapt to the changes.
Elgammal [6] proposed - nonparametric model for
background modeling using kernel density estimation and
also shadow detection using chromaticity coordinates. This
method was insensitive to small changes in illumination
like shadows. However the method suffers from large
memory requirements, high computational cost, and the
chromaticity coordinate normalize red, green and blue into
very small values which is not stable for shadow detection.
Cucchiara [7] classified pixels into moving visual objects,
background, ghost and shadow and used this knowledge
for updating “background  model but require many
parameters and not very flexible. Horprasert [8] proposed
color model which calculated measured color value to
brightness distortion and chromaticity distortion to classify
each pixel as foreground, shadow, background, or
highlight. This method is non-adaptive and require
stationary background ‘sequence to estimate background
model. To apply moving object segmentation to traffic
video, Lai [9] proposed selection between running mode or
the running average algorithm depend on the record of the
intensity variations and then Lam [10] used [9] as a
background model and proposed texture-based background
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subtraction techniques with vehicle segmentation which is
robust to vehicle shadows by defining cast shadow as a
darken region on the background and texture of shadow
similar to texture of background but require enough
information, it is not suitable for small detailed traffic
video. Kiratiratanapruk [1] proposed vehicle segmentation,
NectecCAM, using edge information which is robust to
changing light conditions and is very fast due to the use of
binary edge information. However, it suffers from low
contrast image where edge information is lacking.

McFarlane [12] proposed a method to estimate gray scale
reference image by running median of the image sequence,
which is each pixel in reference image was incremented by
one if a new current pixel were greater than current
reference pixel and decreased by one if a new-current pixel
were less than current reference pixel. Finally, reference
image is converged into middle position of input pixels
which is called approximated median filtering. To apply
this technique to Horprasert [8] method (SBGS) which
works in color domain, we proposed a color approximated
median filter which is fast and can illuminate outliers
comparing to mean method, and achieve about the same
result as if we had buffered to compute median of input
pixels.

The organization of this paper is as follows: in Section 2,
we summarize the statistical background modeling or
SBGS [8]. Then, we analyses different methods of
background modeling by comparing mean, median, and
mode background models in Section 3. Then, we-propose
an extended version of the SBGS hy applying color
approximated median filter to make it adaptive to light
condition changes in Section 4. The three types of
background models and color approximated -median
filtering were evaluated on various video sequences in
Section 5. Finally, conclusions are drawn in Section 6.

2. STATISTICAL APPROACH FOR
BACKGROUND SUBTRACTION AND
SHADOW DETECTION (SBGS) [8]

Horprasert [8] proposed a color “model in three-

dimensional color space, as shown in Fig.1

Fig. 1: Horprasert [8] proposed color model

For each i" pixel, E;={Eg(i),Eg(i),Eg(i)} denotes the
expected color in the reference background image.
I; ={Ig(i),15(i),15(i)} denotes the current color in a
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current image. OE; is a reference line of the expected
color. The algorithm decompose distortion measure of
I; from E; into two components

2.1 Brightness Distortion (BD;)

BD; is a scaling factor where its multiplication to E;is the
point on the color line that yields shortest distance to I;,
which obtain by minimize

#(BD;)=(1; - BDE; f )

2.2 Color Distortion (CD;) which is an orthogonal
distance of [; to the line of the vector E; given by

CD; ={l; - BD,E| (2)

The background model composes of 4-tuple (E;,si,ai,b;)
where E; is background color, s; is the standard deviation
from background color, a; and b; is variation of brightness
distortion and color distortion respectively.

To decide object as show in Fig.2 follows
Foreground ;CD; <7, v BD, <7, ,else
Background ;BD; <7, A0 > T,p,,€l5€

M (i )= 3
() Shadow :BD; <0,else ®)
Highlight ;otherwise
g
R
8

Fig. 2: classification model

3. BACKGROUND MODEL
INITIALIZATION

It is rarely possible to find stationary background sequence
from traffic videos which is always changing light and
environment. The accuracy of background model is very
important in outdoor scene. In this section, we try to find a
good method for background modeling that is suitable for
traffic videos by comparing three kinds of background
models; mean, median, and mode. The three kinds of
modeling methods  apply to color images and are
decomposed into two components as described in Section
2.

3.1 Mean Model

This is the original SBGS’ background modeling method



which defines the expected color for each pixel as the
mean value of the pixels for N frames:

N x[n]
Xag = == ©

3.2 Vector Median Filtering Model (VMF)

According to Lukac [11], color median filtering can be
computed by first determining L-norm distance D; between
vector x; and x;

D = Z?‘leXi —X; HL (4)
where i, j=1, 2, 3,... ,N. Then, to compute vector median
filter value within the sliding window W,

VMF(W) = xu (5)
where Dy = Mini=123,.nDi

3.3 Vector Mode Model

To find maximum frequency color value, similar to vector
median filtering, find L-norm distance D;;
D; = xi - Xl (6)

The frequency of vector x; defines by the number of vector
Xj such that Dy <k ; for i, j=1,2,3,...,N.
To compute vector mode value,

VM =X, @)
where X, has a maximum occurred frequency.

4. RECURSIVE TECHNIQUE
IN TRAFFIC SCENES

From the previous comparative study of. background
modeling, we found the median model yields the best
result for traffic videos. To make the original SBGS
method adaptive, we then propose approximated color
median filter for background updating.

't} -
L B
_—— b Q
|i| 1:{_ i 'T' il }ﬁ
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e

Fig.3: Approximated color median filtering model

Fig. 3 shows RGB approximated median filtering model
for each i" pixel. The origin of the color coordinate at n"
frame is “at (RinGinBin) which" defines as current
background model and new input pixel is (rin+1, Gine1,
bin1). £ is a multiplication factor which defines speed of

median estimation. In our experiment, it was set to
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0.001~0.01. The new background pixel is (Rjn+1,G in+1,B
in+1) Which is calculated by:

Rin+1 = Rin + AD; p1Sind; n.g COSpi ng = Riy +ﬁ(ri,n+l - Ri,n)
Gin+1=Gip + BD naSiMY nasSing ng = Gip + ﬂ(gi,nﬂ _Gi,n)
Bin+1 = Bin+ BD, 141080 a1 = B +ﬁ(bi,n+1 - Bi,n)

.. (8)
where Dj is L-norm distance.

In additions, the updated rules for (owi, ogi, ogi), &, and b;
Are as follows:

ORin+ — J(lfﬁ)aéi,n +ﬁ(ri,n+1 - Ri,n
UGi,n+1=\/(l_ﬁ)‘7éi,n +ﬁ(ri,n+1_Gi,n €)
OBin+l = J(l_ﬁ)aéi,n +ﬁ(ri,n+1 —Bin

ai,n+1=\/(1_ﬂ)ai2,n+ﬁ(BDl,n+1 _1)2 (10)
b s = /=502, + B(CD1 sy P (11)

Background update. selection was included in binary
classification mask M;° to protect updated error due to
long sequence of steady foreground follow

ith s .
M = 1 TN plxelclassmedf?ls background (12)
;otherwise

5. EXPERIMENTAL RESULTS

We applied various traffic videos to compare the three
methods of background modeling. The experimental
results were compared in term of accuracy and speed of
computation shown below.

5.1 Background modeling and classification
results

Fig. 4 shows a comparison of (a) mean, (b) median, and
(c) mode background models. The results of the
segmentation are shown in' Fig.4 (d), (e), and (f)
respectively, while (g) is an input image frame that we
used ‘in subtraction..In the segmented images, the black
pixels are background scene, the cyan pixels are
segmented moving objects, and the red pixels are shadow.
Fig.5 is the same experimental result when applying to
different traffic video.




Fig. 4: The segmentation result froma video containing a
reasonable size of vehicles in traffic jam.(a) mean, (b)
median, and (c) mode background models. (d), (e) and (f)
are segmentation results respectively. (g) is the input
image frame used in background subtraction.

Fig. 5: The segmentation result from a video with lots of
shadows. (a) mean, (b) median, and (c) mode background
models. (d), (e) and (f) are segmentation results
respectively. (g) is the input.image frame used in
background subtraction.

5.2 Background modeling performances

This subsection shows result of computational speed
comparisons of three methods of background modeling
which are applied to various traffic videos. The result is
shown in Table 1.
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Table 1: Background modeling performance comparison

‘ Scene type Time consumption (s)
Mean model Median model | Mode modeli
Big vehicles (general case) 56 218 138 |
Big vehicles with traffic jam 6 228 62 |
}»Big vehicles with shadow 9 219 62 |
sz;II vehicles and Small 7 191 98 B
vehicles with traffic jam
gmaﬁvehgles wich shadow 9 189 97 B
i Smmehicles with'low contrast 9 189 98 |

Considering the scene of traffic jam as shown in Fig. 4,
none of background models works well. The red circle in
Fig. 4(a) shows accumulated error due to learned
background model from non-background pixels. Fig. 4(c)
shows non-smoothness of mode method. Subtraction
results of both median and mode background models
shows the system can detect most of foreground pixels,
while not much foreground pixels were detected using
mean background models. This is due to the non-accuracy
of the background model. For the case of video with
shadows, Fig. 5(a) showed errors due to non-background
pixels which effects the background parameters, the
subtraction result shown in Fig.5(d) shows that it cannot
detect shadows in image, while median and mode models
can do better. From the experiments, we found the median
model yields highest accuracy in both traffic jam and
shadows condition. However, the method is the most
computationally expensive due to the sorting.

53 Background updating using an
approximated median filtering

In this experiment, we compare our proposed method
which updates background model using an approximated
median filtering and the original non-adaptive SBGS. We
applied the two algorithms on a set of videos with various
conditions. The segmentation performances are shown in
Table 2 in term of precision and recall values. The result
shows the proposed method is better for videos containing
reasonably big size of vehicles, while both methods give
similar performance when the vehicles’ size are small.

Fig.6 = 9 show the segmentation results of applying the
proposed method on various kinds of traffic videos: a
typical traffic condition (Fig.6), traffic jam (Fig.7),
shadows (Fig.8), and small vehicles (Fig.9). Most of the
cases, the results-show the proposed method outperform
the original SBGS.



Table 2: Performance Evaluation Results

Scene

Big vehicles (general case)

Big vehicles with traffic jam

Big vehicles with shadow

Small vehicles and Small
vehicles with traffic jam

Small vehicles with shadow

Small vehicles with low contrast

SBGS Proposed Method
Precision Recall Precision
61.33 57.67 71.33
80.13 65.13 89
70.8 58.5 75.21
80 36.25 81
61.25 55 N 65757
56 8225 59.25

Fig. 6: Segmentation result of a video with a reasonably
big size vehicles. (a) is the SBGS hackground model, (b)
is the proposed background model, (c) and (d) are the
segmentation results accordingly...(e) is the input image
used in background subtraction.
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Fig. 7: Segmentation result of a video with a reasonably
big size vehicles in traffic jam condition. (a) is the SBGS
background model, (b) is the proposed background model,
(c) and (d) are the segmentation results accordingly. (e) is
the input image used in background subtraction.

Fig. 6: Segmentation result of a video with shadows. (a) is
the SBGS background model, (b) is the proposed
background model, (c) and (d) are the segmentation results
accordingly. (e) is the input image used in background
subtraction.



(€)
Fig. 9: Segmentation result of a video containing small
size vehicles. (a) is the SBGS background model, (b) is
the proposed background model, (c) and (d) are the
segmentation results accordingly. (e) is the input image
used in background subtraction.

6. CONCLUSIONS

We analyzed different methods of background modeling
by comparing mean, median, and mode background
models. Then, an enhancement of a statistical method for
background subtraction (SBGS) was proposed. To create
an initial background model while the vehicles are moving
in the scene, we preprocess the data by median filter to
illuminate the outliers. In addition, we improve the SBGS
to make it adaptive using an approximated color median
filter. The experimental results of the proposed method
that was applied to various traffic scenarios show the
method is suitable and proved better results for outdoor
scenes that suffers by light changing and traffic conditions.
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Robust Outdoor Human Segmentation based on Color-based
Statistical Approach and Edge Combination
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Abstract-The statistical background subtraction and shadow
detection algorithm (SBGS) is fast and reliable in outdooer scenes
with shadows. However, its reliability depends on the number of
training frames to construct the initial background model. In
addition, the similarity between foreground and background
colors, i.e, camouflage problem, could lead to the worse
performance of background subtraction. In this paper, we
present a robust outdoor background subtraction technique based
on color statistics and edge information. Vector median filtering
technique was employed in the initialization of the background
model to address the SBGS's limitation. In addition, a
combination of color statistics and edge information is utilized to
improve the segmentation results over the original algorithm. Test
data was compiled from various outdoor conditions including
strong shadow, complex background, and low contrast scenes.
The background subtraction results show that the proposed
approach outperformed other well-known segmentation
algorithms such as non-adaptive and adaptive SBGS algorithms
as well as mixture of Gaussian algorithm based on precision-recall
and computational measurements.

I.  INTRODUCTION

Over the recent years, many surveillance systems have been
proposed and developed to monitor the public area. The initial
step for the automated visual “surveillance is the object
segmentation. Highly accurate segmented foreground is very
important especially to the applications such as object tracking
and recognition. The common technique for differentiating
foreground pixels from the background is background
subtraction. In this paper, the human segmentation is based on
background subtraction technique. In previous researches,
Wren et al. [1] proposed a background model by representing
each background pixel as a single Gaussian model and
updating background model by the smooth temporal running
average. Horprasert et al. [5] also used a single Gaussian model
as an expected background and proposed an efficient color
model which consists of brightness and color component, and
the shadow can be correctly detected. For more flexible model
to handle changes in the background, Elgammal et al. [4]

T.H. Chalidabhongse
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Bangkok 10520, Thailand
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S. Siddhichai
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proposed the non-parametric background model which can be
computed by using kernel density estimation. Moreover, the
multimodal  background models have been proposed.
Haritaoglu et al. [2] presented W4 system that background
scene model 1s in term of maximum, minimum intensity values
and the maximum inter-frame difference. Also Stauffer and
Grimson [3] modeled each background pixel as a mixture of
Gaussians.

To accurately segment objects, in many cases, only color
feature is insufficient to differentiate between background and
foreground. Thus several extracted features are needed in
addition of color feature. Texture feature was used by [6] to
differentiate the shadow from the background. In [7], edge
feature, which is less sensitive to illumination change, is used
and works well with the low contrast image and faster
processing time. The work in [14] proposed background
subtraction. method which is robust to fast and slow
illumination changes. Each pixel is characterized by five
dimension consisted of red, green, blue, normalized cross-
correlation and textureness. The model is a combination of
illumination and spatial likelthood which result in high
complexity and computational cost. Other researches combine
several features together for more accurate background
subtraction such as the works in [8], [9], [10]. In this paper, we
focus on the camouflage problem [13] which takes place when
the object color is similar to background color. This problem
leads to false negative problem and incorrectly segmented
objects. The statistical approach using color feature and simple
edge information combination is proposed to solve the above-
mentioned problem.

In section II, we describe our proposed object segmentation
system. Our proposed algorithm consists of background
initialization, and adaptive background modeling using
approximated color median filtering and edge features. The
experimental results.are shown in section III. Conclusions are
drawn in the last section.
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Figure 1. System Overview
II. PROPOSED SEGMENTATION ALGORITHM (1)), we can compute the brightness distortion (¢;) and color

The system overview is shown in Fig.1. Our proposed
algorithm is based on the statistical approach for real-time
background subtraction and shadow detection (SBGS) in
which edge-based and intensity background are modeled from
SBGS background model. The color-feature, edge-feature and
intensity background subtraction are integrated to achieve
better segmentation performance. The algorithm comprises of
five steps as follows.

A.  Background Sequence Initialization

In the outdoor scene, the learning background sequence
often contains non-stationary pixels due to moving objects.
The 3-D median filter [11] is applied to eliminate the outlier
pixels. The filtered sequence is used as an input to the original
statistical approach for background learning process [5].

B.  Background Model Initialization

Fig. 1 shows that the system consists of three background
model, the color-based, edge-based and intensity background
model. The color-based background is modeled” by the
statistical approach for real-time background subtraction
(SBGS) [5]. The color model is shown in Fig. 2. The color-
model decomposes color component into color and brightness
components. For each ™ pixel, the expected background color
(E) is the mean of color values of' learning background
sequence. The color line (OE;) is drawn from origin (0,0,0) to
the expected background color value. For each incoming input

distortion (CD;) as shown in eqs. (1) and (2).

—o,E )

iEi M

%% argmina(l i

o, =l - £ @)

The background model is in term of 4-tuple (E.s;a;b;)
where s; is the standard deviation from background color, a;
and b; is the variation of brightness distortion and color
distortion, respectively.

The edged-based background model is computed by canny
edge detection of SBGS. background model. The intensity
background model is computed by grayscale conversion of
SBGS background model.

Figure 2. proposed color model by Horprasert [5]

The pixel classification of SBGS color model is in form of
cylindrical model is shown in Fig.3. The interval to classify
foreground pixel .is determined by error rate which is
empirically about 0.01% = of “all learning = pixels. Edge
foreground pixel is the current binary value which is opposite
to the binary value of background. Foreground intensity pixel
is defined by the current intensity pixel which differentiates



from background intensity value usually more than 1~2 times
of intensity deviation.

Figure 3. pixel classification of [5] model
C. The Combination of Color and Edge Features

The SBGS color model can accurately detect shadow but is
also sensitive to low contrast image. In general scenario and
especially the low contrast scene, the foreground object can
also be detected by the edge feature howewver the results are not
quite good. Thus, in the proposed system in Fig.l, shown in
block A, the temporal edge frames are combined together by
an OR operation for more accurately foreground detection. In
contrast, when the camouflage problem occurs, the color
feature cannot detect the foreground pixel. The temporal edge
frames are combined to achieve more accurately foreground
segmentation in block B. The result of two features are
combined together using OR operation in block C. The results
show the higher recall value but the segmented area is bigger
than the real object. Thus, the current intensity background
subtraction is employed as a mask to correct the size of
foreground object and to eliminate the noises, as shown in
block D.

D.  Adaptive Model

Considering the background changing due to time of the
day or different lighting condition in outdoor secene, we apply
an adaptive model called approximated color median filtering
to the SBGS background model. The model is shown in Fig. 4.
The approximated color median does not only slowly converge
the background model to the ground truth background, but also
does not accumulate the error due to incorrect pixel
classification.
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Figure 4. Approximated color median filtering model [12]

The color approximated median filtering model is proposed
in [12]. E;, = {R;,G;,B;,} defines as the current expected
background color value and /;, = {7, 8,b;,} 1s defined as
any incoming input color value. £ is a multiplication factor

which defines the speed of the median estimation. For each i"
pixel, We can compute the new expected color model, E;,.; =
{R;i+1,Gini1,Binii}, as shown in eqgs. (3) and (4).

R[,nH :Ri,n +/8R,[

G[,n+l = Gi,n +ﬂG,[ (3)
Bi,nJr] = Bi,n +ﬂB,i
iR
e e IR et e
0 otherwise
Ein — Gi n
Lin Zin_ |\ _p 0
Bep=1lin — Eir| [ E,n|| * w
0 otherwise
bi n _B,' n
e ol lin—E; 0
1. ||1l.,n _Ei,n" " in ,_,," #
0 otherwise

We assume that the distribution of the background model
has the least change. For the value of standard deviation (s;),
the variation of brightness («;) and color (b;) should have the
corresponding statistics relative to the previous model. The
new updated background model is robust to the error
classification.

E. = Update Selection

There . are two different approaches for updating
background model [13]: unconditional and conditional updates.
For unconditional update, every pixel is updated. In our
method, we use conditional update in which only pixels that
classified as background pixels or considered as short term
foreground objects. For any i pixel, the conditional mask can
be defined as shown in eq. (5).

ME = A MNi>TMN

1

®)

1 For Background Pixel
0 Otherwise

We assume that any pixels should not be detected as only
foreground in long term period. The parameter, MN; is
proposed as the number of recent adjacent frames that a
particular pixel is detected as a foreground pixel. 7, is the
threshold of A/N;. The value corresponds to the object size and
camera position. This conditional update helps solve the
problem of misdetection of the background pixels moving out
of the scene and the pixels that belong to the new incoming
background objects.

III. EXPERIMENTAL RESULTS

The proposed system was tested with offline outdoor input
dimension of 352x288 pixels such as high density of people
scene during learning period, a strong shadow scene and the



low contrast scene. The experimental results are compared
with the original statistical background subtraction [5], mixture
of Gaussian background subtraction [3] and an improved
statistical background subtraction [12] with the objective and
subjective evaluations. The objective evaluation is measured in
terms of precision and recall values, as shown in Table I.

TABLE 1
EVALUATION OF PERFORMANCE
Precision (%) Recall (%) Speed (fps)
'SBGS 48.96 54.37 80
‘MOG 21.45 56.39 16
*A-SBGS 69.06 67.12 42
Proposed SBGS 75.79 71.00 22

'SBGS - Original SBGS [5]
’MOG — Mixture of Gaussian [3]
*A-SBGS — Adaptive SBGS [8]

The proposed method is tested with many cases of outdoor
scenes. The precision and recall is calculated from the some
random samples from different 5 test cases. The precision and
recall values show that the proposed method outperforms other
methods with the tradeoff of the computational speed. In figs.
5, 6 and 7 show the comparison of the original background
subtraction algorithm, the Mixture of Gaussian background
subtraction algorithm and the proposed method. Fig. 5 shows
the experimental result in general case. The background
subtraction results of Mixture of Gaussian method shows a lot
of noise as shown in fig. 5(b) while the results of the original
statistical method in fig. 5(c) is better, but the limitation of
background sequence requirement for background learning
leads to the error background model (as shown in red circle).
The proposed method which uses an adaptive background
model shows the better result among all methods, as shown in
fig. 5(h) by combining color, edge and intensity, as shown in
figs. 5(e), 5(f) and 5(g) respectively.

Fig. 6 shows the scenario of the bootstrapping problem of
human segmentation in outdoor scene [13] in which the
background model is learned from the non-stationary sequence.
The results show that the MOG method, as shown in fig. 6(b)
can adapt the background model but there remains some
noises. The SBGS background subtraction, as shown in fig
6(d), cannot correctly detect foreground pixel because of the
erroneous background model. The proposed method, as shown
in fig. 6(g), shows better background subtraction result in fig.
6(j) in which noise removal by intensity mask in fig. 6(i). Edge
background subtraction in fig 6(h) can help detect some
foreground pixels that cannot be detected by only color feature
such as a missing shirt of woman in fig. 6(f). In addition, the
current background model of the proposed method is adapted
accurately among changing frames was shown in fig. 6(g).

In fig. 7, this case shows the camouflage problem (highlight
in red circle) in which the color of human's cloths is similar to
the background color. The foreground object in camouflage

region cannot be detected using original SBGS method, as
shown in fig. 7(b). The result of MOG method also has some
noises, as shown in fig 7(c). An adaptive SBGS method, as
shown in fig. 7(d), can solve the camouflage problem in some
extent but there are remaining amount of noise due to the auto-
contrast function of the vision camera. The proposed method in
fig. 7(h) shows the best result, in which the noises are
eliminated by the intensity mask in fig. 7(g), and also obtains
the accurate foreground detection.

(c) SBGS Background Subtraction

(d) Proposed background model

Intensity mask (h) Our proposed method

Figure 5. The experimental results of human segmentation in general case



(c) SBGS Background Model (d) SBGS Background Subtraction

(g) Proposed current background (h) Edge temporal mask

(i) Intensity mask (3) Our proposed method

Figure 6. The experimental results of human segmentation in case of
bootstrapping image with shadow at frame 5520™

(d) A-SBGS method

(e) Proposed current background (f) Edge temporal mask

(g) Intensity mask (h) Our proposed method

Figure 7. The experimental results of human segmentation in case of low
contrast image

IV. CONCLUSIONS

There are many state-of-art background subtraction
techniques that have been developed over the recent years. For
many surveillance applications, the essential step is the
background subtraction. In this work, we propose the
framework of the combination of SBGS color model and edge
based model to achieve the highest accuracy of background
subtraction results. The proposed techniques can handle
shadowing and low contrast scenes well.. In addition, it is
computational efficient. It also does not require the stationary
scene to build the background model and less complexity
which can work well with typical real-time outdoor scenes in
surveillance system.
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