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ABSTRACT

In this paper, the algorithm of mixed Gauss background modeling is analyzed from two aspects of theory and
application. Accurate and robust vehicle detection and the recognition still a challenging task in the field of
intelligent transportation surveillance systems. This exhibits promising potential for implementations with
real-world applications.
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INTRODUCTION

A traffic surveillance camera system is an impdrtpart of an intelligent transportation system [It].mainly
includes automatic monitoring digital cameras tetanapshots of passing vehicles and other mowpects, as is
shown in Fig 1. The recorded images are high-réisolistatic images, which can provide valuable slf@ police
and other security departments, such as a vehlate pumber, the time it passed, its movement paith the
driver’s face, etc. In prior days, massive amourtditstored images were processed manually, butré¢ojsired hard
work and resulted in poor efficiency. With the ihpievelopment of computer technology, the latesitutomatic
license plate recognition software is utilized atiacreasing rate in the field with great succ&ls Unfortunately,
sometimes we may not discover the license platevahicle because of cloned license plates, midgiagse plates,
or because the license plate can't be recognizéik i why automatic vehicle detection and recagnitis
becoming the imminent requirement for traffic sultaace applications [3]. This technology will sagdot of time
and effort for users trying to identify blacklisteghicles or who are searching for specific velsidlem a large
surveillance image database [4][5].

Vehicle detection and recognition is a vital, yeakenging task since the vehicle image is distbeted affected by
many factors. Firstly, the number of vehicle tygessing with new car model promoted regularly.ddhen there is
also a great deal of similarities between someckehnodels. At last there are also significantedghces among
vehicle images due to differences of road enviramsjeweather, illumination, and the cameras usexdvadays,
most of the published research mainly focuses @ncihssification of vehicles into broad categorigsch as
motorbike, cars, buses, or trucks , but this daeprovide sufficient functionality to satisfy usedemands. Some
researchers studied vehicle logo detection andgréton using frontal vehicle images to accessitifiermation that
would reveal the vehicle’s manufacturer. Recendlyme researcher have recently adapt feature ewtraahd
machine learning algorithms to classify vehicle®iprecise classes. V. Petrovic and T. Cootes ibestran
investigation of feature representations and reitiogiy which is to create a rigid structure recdigm framework
for automatic identification of vehicle types witte recognition rates of over 93%. In recent yeaogputer vision
and pattern recognition has made great progrefiseilevelopment of image feature description awcdgeition,
especially in the field of face recognition [16Jade recognition continues to be an active, hotarebepoint in
image processing and computer vision research,hwields many useful and effective methods andrétyas.
Compared to face recognition, vehicle recognitisrvéry similar. For examples, each face consistthefsame
components, such as eyes, mouth, and nose, andreatdi vehicle consists of the same componenish &s lights,
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bumper, and windscreens. Based on current, higfibctere face recognition methods, the paper prepoan

integrated vehicle detection and classificatiorteays. However, this is not a valid technique wHearé are vehicles
with non-symmetrical front license plates and tledigle contour may not be accurate enough for stymes of

vehicles, particularly those that are either largesmaller than the average. This paper proposebust vehicle
detection scheme based on an AdaBoost algorithm.bBEisic idea is to extract the Haar-like featuremfvehicle

samples and then use the AdaBoost algorithm to whissifiers for detection, which is distinct frgmnevious

research on vehicle detection for static image® 3écond part of this paper concentrates on veraclegnition,

which can also be called vehicle type classificatids vehicle images are subject to their enviromnaad vehicles
position can vary, a Gabor wavelet transform antbaal binary pattern (LBP) operator are used toraett

multi-scale and multi-orientation vehicle featurésen, the principal components analysis (PCA)sisduto reduce
the feature vector dimensions; finally, an euclidééstance comparison algorithm is used to measersimilarity

of vectors with lower dimensions in order to fizalithe vehicle types.

2 Gauss mixture model overview

Gauss mixture model is the expansion of a singles§arobability density function, through the dgndistribution
function of a plurality of Gauss density functioh[1 weighted to form multi peak functions
to smooth approximation of other shapes. A singtlirdensional Gauss probability density functiog i), such as

the formula(1)
-\ _ 1 _]_ﬂ_ﬂT a(s_ T
g(x)—(zn)%z}/zexp{ E(x ,u) > (x ,u)}
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In it ,#is the me\En vecto,Z is the covariance matrix which is usually simplifiento a diagonal matrix:

> i
The shape center,"width and direction of Gaussalitity density function are decided by this twaaraeters. The
mathematical definition of GMM as shown in form(#:

o)-Saald

Where M is the mixing coefficient of Gauss mixtymmbability density,X represents a point in D - dimensional

space,afi weighted for each value of a Gauss function andtrsatisfy the condition of (3) representing, itdue
is bigger, the Gauss function is more dominantlidensity distribution function.

i a, =1
3)

X U
Thus to know, p( ) is decided bya' ,’u' i i=1,2,.. MY

3 Gauss mixture background model

Stauffer and Grimson first proposed the based oaus&mixture model in 1999, which is a very
typical background modeling algorithm currently.au8s mixture model according to each image sample
values (the color values of pixels) into differgmtobability models and updates the parameters ef Gauss
distribution all real-time . Conduct of operatidnsthe Gauss mixture model, it include Gauss ifhistion of
weights, such as mean and covariance parameteeiXdl value distribution of the background comesr to one

or several Gauss distribution, clustering to achigkie background pixel values, thus the vehiclgetaemerged
from video image.

3.1The model definition

The background modeling method based on Gauss mairtodel, according to the pixel frame image coklues,
such as RGB, HSV color space values for modelimgthe Gauss mixture model, each frame of the image
pixels, it is regarded as a random process sysiem|[2

(%o x}={roo v asisg

Based on the formula, the color value of pi@P’yo) in the moment of 1 is' (XO’VO'i). For the (Xo:Yo) it build a
Gauss mixture model with hybrid coefficient K value
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K
P(Xl):Za)l,l'”(xt'/ji.l’zi,l)
= (5)
Kol 2iy) Wy " :
In it, “is the weight of Gauss distribution in the momentl7t( vy z"‘) 'lis the probability density

function of Gauss distribution in the moment t. Thean i ! ,the covariance isziv‘.P(X‘), appear probability
of pixel values which is observed in the momeiiitte value of K is decided by the memory space reqments and
operational capability of computer, its value igd®r, it needs more memory and the speed is sl@earerally, it is
selected from 3 to 5.

For simple operation, we make K=3, and the blueegy red tricolor channels are independent of edbér,

— 2

variance covariance is consistent. Namely, covagarmatrix is diagonal, andzi~t =a;] .When each
frame color image of the video is  into graysqalecessing, formula (5) can be transformed as

K (6

P(X,)=2 a, "7(Xtuui.w0i,t)
i=1
2

Init, s the average variance of the Gauss mogel,is the Gauss model, which is expressed as

1 _(Xe=p4)?
”(Xt’ﬂi.t!a—i,t)zmo_ e *?
it

@)

3.2 Matching and updating of the model

Gauss mixed background modeling algorithm can dtintag according to the current image pixel valaed K
Gauss distribution, if the matching successful daips the model. If the pixel value in the image.is times
variance range of Gauss distribution, that a swfakmatch. No successful matching parts remairhanged.

When the pixel value in the image are not match &3 distributions, then use the new Gauss disiribto

replace the Gauss distribution ,which has minimusam the new distribution is the current pixel ealét the

same time, we distribute a larger initial covarmrend a smaller initial value for it. If there dsisa Gauss
distribution can joint distribution, we can do flelowing adjustments to the weights of the varidlistribution:

a{,t = (l_ a)cq,t—l + aMi t (8)

Init, 9is learning rate and its value is between 0 andrltire Gauss distribution which match the curraerelp

M. M.
value, "'=1,0or 't=0.Thus,we make the Gauss distribution weight meee and the Gauss distribution weight
decrease. For the new matching degree, we adpi§&dluss distribution parameters are as follows:

= (1P et PR )

o?=(1-p)o2, +p(X. — 1) (X~ 1) (10)

Init, Pis another learning rate, its valué’is an (X lu..o;) .

3.4 Background description
For traffic flow videos, the images in an arbitragriod of time need to choose a Gauss mixture nmda few
Gauss distributions for background modeling.

According to the calculation steps of backgrounddetimg and updating described above, the Gausshdigbn
which has greater weight and smaller covarianceatgzdconstantly and is more likely to be the bamlgd pixel.
Therefore, in order to clear the background mofielany pixel in the image of each frame, we actwrdo the

value of W/U, then , we make the K Gauss distribution basedrder. The first B Gauss distributions which
match the equation (12) is background value.
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B=arg min,(i@ >Tj (11)

T is the minimum proportion of the background moaetounting for all values of the Gauss distributilf the T
value is smaller, the Gauss mixture model will degate into single Gauss distribution model; WhenT value is
slightly big, it can build a plurality of Gauss mik distribution models for vehicles, walking grougsd other
complex dynamic background.

4 Experiment analyze

For the intelligent traffic, traffic flow video poessing requirements of precision and real-timery high, in order
to perform the various traffic flow video contratis paper adopts three kinds of road conditiontes$t. The three
kinds conditions are less traffic flow and no shaddarge vehicle flow and complexvehicle shadow. Through the
simulation experiment, drawing as that part ofréaults (3), (4), (5) are shown:

background

Fig. 2 large vehicle flow and complex
CONCLUSION

the Gauss mixed background modeling has relative gdfect on three conditions: (1) The algorithns lasagood
processing effect when the traffic is less and rsiihtion is simple, but the algorithm is compléhxe operation
time is long. When can achieve the same in backgtaxtraction effect, it's longer than the averagethod and
simple algorithm. Therefore, this kind of video slibbe used in other algorithm of high real-timefpamance.
(2)On the contrary, for the condition of large \v@diflow and complex, compared with other backgrbartraction,
this algorithm effect is better. But in actual pgesing, it required operation space is large aaadtdmputing time is
slow, we need to improve the method to match thairement of real-time.
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