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Abstract: Detection and tracking of multiple targets in complex environment with anlibnased CCD camera is developed in this
paper. 1) A background initialization algorithm based on clustering is ptedeAll stable non-overlapping intervals in the temporal
training sequence of each pixel are located as possible backgrourslip bvindow; then the background interval is obtained from
the classified data set of possible backgrounds by unsupervisediclgs®) Moving multi-targets are tracked through integration of
the motion and shape features by Kalman filter model. In order to enseireotitinuity and the stabilization, occlusion processing
is performed. The proposed approach is validated under real tsaffices. Experimental results show that detection and tracking
algorithms are robust and adaptive and could be well applied in reddtwor
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1 Introduction non-overlapping sub-intervals in the training sequence
could be located for each pixel as possible background,
Vision-based detection has become an efficient techniquand the most stable sub-interval in temporal is denoted as
support for control and management of urban traffic [ the background interval based on heuristic principle.
Eliminating background, extracting moving objects These methods work well when the proportion of
efficiently and adaptively in complex environment is foreground objects in the training set is above 50%. While
necessary for a robust detection and tracking system. lithey could not overcome the impact by the slow motion of
the video sequence, the background is more stable tohassive objects.
detect than foreground. Background initialization is the  In the field of motion tracking, several methods have
fundamental component of background model. been studied. Kolle]] uses 3D model to track vehicle at
Background models such as Gaussian Moddl dnd  intersections which depends on detailed geometric object
Mixture Gaussian Model J assume that the initial models. Paragios7] tracks moving objects based on
background could be obtained using a short temporahctive contour models, but this approach needs a suitable
training sequence with foreground objects exist. Howeverdesign for tracking initialization, which is easy to cause
these models could not deal with some practical situationsome significant measurement errors; Kanhef} [
including moving foreground objects efficiently. presents an automatic technique for detecting and
Temporal average methodl][considers the average of tracking vehicle with vehicle base fronts (VBFs) at a low
pixel values in temporal sequence is the background, buaingle, even in the presence of severe occlusion. Chachich
it could not get over the influence of continual moving [9] uses color signatures in quantized RGB space for
objects in the training set; Median method has beentracking vehicles. However, the process of tracking could
employed for initializing the background model. But the not well deal with the case of occlusion. The limitations
Median could tolerate up to only 50% outliers, which of the method would result in a serious impact for its
cannot satisfy the requirements of some complicateduniversal application. Zhangl{] presents a multilevel
environments. Furthermore, referendg hssumes that framework consisting of the intraframe, interframe, and
the background pixel always be stable. All stable tracking levels to handle vehicle occlusion. Tskl][and
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Yang [12] propose multiple pedestrians tracking with interval set, and the interval= {x;,---,x;} in it should
occlusion handling in dynamic scenes based on colobe satisfied:

models. These algorithms were studied from different
angles, and achieved some good results on occlusion
processing.

We propose a novel algorithm for detection and where @ is the initial length, Snay is the largest
; . . RS , Omax
tracking of multiple objects. A background initialization variation permitted. We s — 6, Grax = 5 in this paper.

algorithm based on clustering classifier is developed, all i . . .
stable non-overlapping intervals in the temporal sequence G€nerally, the median of interval is robust, a classify

of each pixel are located as possible backgrounds by slig€t < St > is made up of medians of all stable
window, and then the background interval is obtained!Ntérvals, and the median is expressed as:
from the classified data set of possible backgrounds by
unsupervised clustering; multiple targets tracking sj = median(lj), 1< j <k 2)
algorithm is presented, which is modeled by extended
Kalman filter combined with occlusion processing. In The distance between medians expresses the
experiments, the proposed algorithm is tested undekjmjlarity between intervals. The classify set could be
different traffic scenes. The results show that the methog|assified into some sub-class according to the distance.
the case of temporal occlusion. distance between interval elements should be less than the
largest variationdmax . A circular regions is constructed
with s as the centerdmax as the radius, the number of
2 Background Initialization samples located in the region is denoted as “density”.
According to the third assumption, the interval which has
the highest density is the background interval. And the
sample which is nearest to the center of the background
interval is the initial background point.
The algorithm is valid unless the density is less than 2
the distance between samples in the interval is larger
an dmax - If the density is 0 (no stable interval in the
emporal sequence), this may be caused by the continuous
change of the background (trees rocking). The median

two steps: the first is to obtain all stable non—overlappingmethOd Is used under this condition. If the density equal

intervals in the temporal training sequence for each pixell' there may be two reasons: firstly, the temporal training
as possible background: the second is to get th sequence is completely covered by the background;

o eSecondIy, it's covered completely by still objects. The
background sub-set from the classified data set bymedian method is used for the first case to initialize the

_uns_uper\(ised clustering to realize the baCkgroundbackground. If the temporal sequence is completely
|n|t|aI|zat|9n: q b d val f covered by still objects, all of methods are invalid. It is
theLesta{rﬁ('al zi xlei“ 'I\ln} or?jr:a?te't\looostiglii \elx?l uesstact))le not taken into account in the paper. If the distance
non-overlapping iﬁtervals a slip window with the fixed between any two elem'ents n the.mtervakofsl,--- > 5 >
initial lenath is defined, in the temporal sequence is more 'gharﬁmax,the interval which has t_he most stable
Initial leng P 4 ‘degree is chosen as the background interval, and the

Cantinuous qbsgrved values are Iocated at first, th‘?nedian of it is chosen as the background point, the stable
number of which is equal to the initial window length. If degree is expressed as:

the variation of any two observed values is in a
permissible range, the next observed value is pulled into

the window, and the length of the window increase by 1; D = lj.ength 1<j<k ©)

if the variation of observed values is out of the J lis '

permissible range and the length of the window is larger

than the initial length, observed values in the window are  In (3), j is the number of the interval; engh is the
marked as a stable interval, and then renew the sligength of intervalj , |; 5 is the variance of intervaj . In
window beginning with the value after the last interval order to overcome the influence of the variety of
marked. If the variation of observed values is out of theillumination, weather and other environment facts, the
permissible range and the length of the window is notbackground should be updated reasonably and timely.
larger than the initial length, the length does not alted an Based on the initialization background algorithm,
the window moves one value. A set of stable intervals carbackground update model depending on Stauffer's
be obtained when the window slips all observed values ofmethod P] combined with object’s spatial property was
the pixel. LetL =< I1,---,lx > represent the stable utilized to detect moving objects.

W< j—i, V(st) —Xs—X| < Omax 1)

Generally, if a pixel is the background point in the image,
its value should keep long-term stable relatively, and it
would not be changed obviously until foreground objects
passing. Therefore, for each pixel, a set of values would
be observed in the temporal sequence, and some stab
non-overlapping intervals in the sequence could bet
located as possible background candidates.

The initialization background algorithm consists of
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3 Motion Tracking than a threshold, it means the target is tracked
successfully; Else, it maybe occur occlusion during the
When moving objects are extracted by backgroundtarget moving process.
subtraction, Kalman filter is used to predict the location  Generally, then th moving object would not appear or
of moving objects and the shape feature of a target indisappear suddenly inside the detection region, and it
frame sequences is utilized to reduce the cost of matchingvould move with constant velocities by the limitation of
operation. The state vector of the moving target inklle  acceleration. If the tracked target doesn’t match with any
frame can be defined as follow: observed objects &t th frame, it may be occluded by
background or other objects close-by. These are cases
where objects are hidden by background (trees, telegraph
St = [Cks Cyks Wk, Hic, Vi Vs AW, AH]T (4)  pole, etc.) in the process of moving or where objects
. ] move very close to each other. Thus the contours of the
And the observation vector could be defined as:gpject will interfere and the state estimation process
Ok = [Cxk;Cyk, Wk, Hi] T, So Kalman filter model could \would be confused. Therefore, for the temporary

be expressed as: occlusion of the motion tracking process, we use Gray
Model (GM) to achieve the target state prediction. The

S=AS1 (5)  method could be made quantitative prediction of the

future state of the system depending upon historical data.

Ok = BSc+ & (6) GM (1, 1) is the most classic gray model. The model is

_ _ ~ the use of some new data generated from the raw data
In (4), (Cxk,Cyk) is the geometric center of the moving accumulated. To a certain extent, the randomness of the
target in thek th frame. (v, W) is the velocity whichis  original data is weakened and the varieties of data could
calculated by the location displacement of interval frames be well reflected. So it could well solve the nonlinear
W is the width andHy is the length of the boundary box of state prediction. Suppose there is an original data
the target and\\W, AH are varieties of them respectively. sequence Uy of n raw data observations:
The shape feature is reflected by these paramétesshe Uy = [ug(1),Up(2),up(3)---,ug(n)] . A new sequence
state transform matrix arflis the observation matrixdx  could be generated by accumulating the original data:

is tthe noise of the system. In the process of calculation, wej;, = [ur(1),u1(2),us(3)--- ,ur(n)] , where
set: k
ur(k) = ¥ uo(i), (k=1,2,3,---,n) . The corresponding
. i=1
é (13 8 81;).? 8 8 differential equations of GM (1,1):
001000TO du,
000100 0T ——+ali=b )
A= (7) dt
00001000 R T .
00000100 wherea’= (a,b)" is the parameters to be estimated,
00000010 which could be calculated by least squares:
00000001 a=(B"B)"'B"U (10)
1000000 r 1 T
0100000 —5lu()+u(2)] 1
B=10010000 (8) 1
0001000 —5lu(@+u(3)] 1
. . ) where B = ,
T is the temporal interval. In order to track a moving . .
object in consecutive frames, the previous state of the
tra.cked target should be predicted to estimate parameters —}[ul(n— Drwm] 1
as: Sikr1/k) = AS, ) L 2 i
St1 = Skgak) + Okr1(Okr1 — BSkyqp)- 61 is the Uo(2)
Kalman gain matrix, which is the modifiability of the B Uo(3)
state prediction. Since more than one vehicle is detecteéiJ - :
inside the search region, every detected foreground object uo&n)

shou!d be compareq with tracked targets to select the best 14 prediction model could be constructed:
candidate. We realize the matching between observed N —a(k-1) B

state values of the target in the present frame ando(K+1)=I[B—auo(1)le , Wherea =
predicted state values of the previous frame by b

minimum-distance method. If matching cost between oneP = 1+0.5a
of objects in the present frame and the predicted target If the tracked target could not be tracking latth
which is tracked in previous frames is least of all, and lessframe, we keep the unmatched object with labels firstly,

14+05a’
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(a) Source frame (b) Initial background  (c) Foreground objects
extracted by our method detected
proposed

Fig. 1: Multiple objects detection results based on background subtraction(Feotogow to the bottom row are test sequence 1/ test
sequence 2/ test sequence 3.

Fig. 2: Multiple vehicles tracking in the bidirectional roadway. From left to right faaene 1320, frame 1324, frame 1332 in the test
sequence 4.

and construct a temporal occlusion list for the object,4 Experimental Results
which save state information frok— 1 th frame when

Lhe ﬁccllusion 3ccur§. fThe GMI (1.’ 1) mﬁdel Is CondStrUCtﬁdSeveral video sequences with complex environment were
y the latesm data before occlusion. Then we update the 4 qineq from realistic scenarios by an uncalibrated CCD

motion and the shape parameters and predict the state;mera to test the validity of the proposed approach. The

with the past known data continuously in the process Ofalgorithm was implemented with VC.NET in a computer

the occlusion. When the new data generated, the °|de%ith Pentium 2.4GHz processor and 256M DDR.
one of them data in the sequence would be replaced. If in For validating background initialization algorithm,

an occlusion time threshol@ fames the target matches three different traffic scenarios are tested in Fig.In

again, it means there has been a real occlusion, and w : ; :
move the matched object of the current frame into thegach video sequence, every two frame in the video

L \ . ) sequence is chosen as a training sample. We extracted a
tracking list; if the target doesn’t match with any objects training temporal sequence of 100 frames with existing

in T frames, it means the target leaves the dEteCt'or}noving objects for initial background. Sequence 1 was

region. captured from an evening peak of an expressway. In the
process of background initialization, the proportion of
existing foreground objects in the training sequence is
almost above 50%. Sequence 2 is an unsignalized
intersection video captured at a location about 10 meters
@© 2014 NSP
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Fig. 3: Pedestrian tracking under background occlusion of trees.
sequence 5.

Fig. 4: Two person tracking with motion occlusion. From left to right are fram@0l@&rame 1020, frame 1040 in the test sequence 6.

high. In this scenario, multiple pedestrians move slowlytracking. At last, we validate the proposed approach under
with together. Sequence 3 was urban mixed trafficreal traffic scenes. And the results show the algorithm is
captured from a location about 20 meters high. From therobust and has better self-adaptability.
processing results, good detection performances of
background and foreground extracted are showed.
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