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Abstract: To cope with multi-object tracking under real-world
complex situations, a new video-based method is proposed. In the
detecting step, the moving objects are segmented with the third
level DWT ( discrete wavelet transform ) and background
difference. In the tracking step, the Kalman filter and scale
parameter are used first to estimate the object position and
bounding box. Then, the center-association-based projection ratio
and region-association-based occlusion ratio are defined and
combined to judge object behaviours. Finally, the tracking scheme
and Kalman parameters are adaptively adjusted according to
object behaviour. Under occlusion, partial observability is utilized
to obtain the object measurements and optimum box dimensions.
This method is robust in tracking mobile objects under such
situations as occlusion, new appearing and stablization, etc.
Experimental results show that the proposed method is efficient.
Key words: multi-object tracking; projection ratio; occlusion
ratio; behaviour; partial observation; Kalman filter

he researches for detecting and tracking multi-object
have received great attention. Although many tracking
algorithms have been proposed in the literature, the problem
of multiple objects tracking in a real complex scene is still
far from being completely solved. There are two main diffi-
culties. The one is occlusion. The other is the change in
scale, shape and illumination. State estimation and data asso-
ciation are main facets of multi-object tracking and identifi-
cation. For state estimation, the Kalman filter is a commonly
used method, which can reduce the research space in data as-
sociation and is more efficient than those algorithms which
match objects throughout whole images'"’. But the Kalman
filter cannot be applied to solve occlusions'”, because the
object measurement cannot be accurately obtained in this
case. Refs. [3 —9] proposed different algorithms to deal with
this problem, but they only cope with one kind of occlusion.
The contribution of our work is: first, the observability of
bounding edges and fragments is used to obtain object meas-
urement under occlusion, which makes the track more robust
than those measurements roughly deduced. Secondly, the
projection ratio and the occlusion ratio are defined based on
a scene model and combined to judge object behaviours. Fi-
nally, the tracking scheme and Kalman parameters are adap-
tively adjusted according to object behaviours. Experimental
results demonstrate that this method is effective.
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1 Proposed Methods

1.1 Motion detection and representation
1.1.1 Motion detection

Here, the traditional background difference and the three-
level DWT are adopted. Since the low-resolution sub-images
bear analogy to the original images and reduce high frequen-
cy noise in varied backgrounds[”, here, the third-level
wavelet sub-images of background and image sequences are
applied to background difference so as to detect mobile ob-
jects with decreased computing costs and image noises''” .
1.1.2 Motion representation

1) Bounding box parameters

A 2-dimensional bounding box is used to represent the
mobile object. The center coordinates (x'(¢), y'(#)), length
L'(t) and width W'(¢) are the main parameters of the i-th
object bounding box in frame ¢.

2) Velocity

Center velocity (vi( 1), V,i( t)) is used to represent the mo-
tion features of the object. The horizontal velocity v. () is
computed as
X() -x'(t-1)

Vi) =avi(t=1) +(1 =2) Az

v (1) =0
(D

where A is the weight, and Ar is the time interval between
frames.

3) Scale parameters S( )"

S(1t) is used to estimate and rectify the box change in di-
mension caused by the motion component along the optical
axes away from or towards the camera.

1.2 State estimation and behaviour reasoning

The flowchart of the proposed tracking algorithm is shown
in Fig. 1. The bounding box of a moving object in the next
frame is first estimated with the Kalman filter and scale pa-
rameter S(¢). Then the object’s behaviour is judged with the
association process. Finally, the track scheme and the Kal-
man gain are adaptively adjusted to obtain object measure-
ment and optimum box dimensions under different behav-
iours.

1.2.1 State estimation with Kalman filter

A Kalman filter based on a first-order motion model is
used to estimate object states in the next frame. Since our
system mainly aims to monitor vehicles, each target is as-
sumed to be along a linear trajectory with constant velocity
and constant size. The state vector used is X = {x, y, v , vy}T
and measurement vector is Z = {x, y}T.

1.2.2 Defining object’s behaviour
Because the camera is fixed, an object’s behaviour can be
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Fig.1 The flowchart of the tracking algorithm
defined for a specific camera position. Five types of basic
behaviours in a public transport environment are defined as
follows:

1) New appearing. It represents that objects enter into the
field-of-view.

2) Merging. Where more than one dynamic object group to-
gether because of being too near. There are three types of mer-
ging, i.e., PDO (partially dynamic occlusion), TDO(totally dy-
namic occlusion) and grouping(before or after PDO).

(a)

Fig.2 Judging object behaviours with R,. (a) Tracked boxes in frame ¢ —1; (b) Detected boxes in frame #; (c) Expectantly tracked boxes in frame ¢

Under PSO, the un-occluded fractional object can be de-
tected. If the projecting process succeeds ( The estimated
center hits a detected box), R, = 1: 1, which will confuse
stablization and PSO. If the projecting process fails, R, =
1: 0, which will confuse PSO and TSO. So it is not adequate
only using center-based association to classify object behav-
iours.

2) Region-based association and occlusion ratio

To avoid confusion, occlusion ratio R,(?) is proposed for
further classifying object behaviours. R, (¢) is the ratio of
Au.(1) to A, (1), and computed by Egs. (2) and (3).
Where A_,;(t) is the area of the estimated box with S(¢),
A,.(1) is the area of the detected one, and A,(t) is the
overlapped region of the estimated box and the detected
one. To n merged objects, A,,(?) is the area of a mini-
mum box enclosing n estimated boxes. 8 and y are given
threshold values. R () =1 represents TSO and R,(?) =0
represents no static occlusion.

. Adele(t)
0 lfl_A_.(t)gﬁ
Ko =3 4,0 1A )
- Aesti( t) ' - Aesu( t)

3) Static occlusion. It represents that objects are occluded
by static background. There are two types of static occlu-
sion, i. e. , PSO( partially static occlusion) and TSO( totally
static occlusion) .

4) Disappearing. There are two types of disappearing: One
is outside the limit of the field-of-view; the other is outside
the time limit of TSO.

5) Stabilization. It represents that objects move individu-
ally without any of the above-mentioned behaviours.

The complex behaviour of objects can be viewed as the
synthesization of the five basic behaviours.

1.2.3 Reasoning and judging object behaviour

1) Center-based association and projection ratio

To associate the same object in adjacent frames, we first
estimate the object center in the next frame with the Kalman
filter, then project this center toward detected bounding bo-
xes, and finally label the projection ratio. In Fig. 2, the same
intensity box denotes the same object. The projection ratio
value R, on every arrow represents the quantitative relation-
ship between Figs.2(a)and (b). In Fig. 2,0, 1 and n are the
numbers of associated objects. R, =1:1 denotes stablization
or PSO, R, =1:0 denotes PSO, TSO or disappearing, R, =
0: 1 denotes new appearing, and R, = n: 1 denotes merging
or continuing merging.

(b) ()

if Ag(1) <yA..(1)

if YA e (1) SAL(1) <A, (D) (3)

0
A ={y

3) Judging object behaviour

According to the projection ratio and the occlusion ratio,
the object behaviours can be judged as follows(see Tab.
1). Under R, =1:1,if R, =0, the object is in stabilization,
or else PSO. Under R, =1:0 and R, =1, the object is in
TSO. If TSO continues and goes beyond the time limit, the
object disappears. In addition, if the estimated object center
is out of the field-of-view, the object is directly judged as
disappearing. Under R, =n:1 and 0 < R, < 1, the object is
in merging and PSO synchronously( complex behaviour).

Tab.1 Object behaviours judgement with projection ratio
and occlusion ratio

Occlusion ratio

Projection ratio

0 (0, 1) 1
0:1 New appearing — —
1:0 — PSO TSO or disappearing
1:1 Stabilization PSO —
n:l Merging  * Merging and PSO —

Notes: — denotes non-existence; * denotes complex behaviour.
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1.3 Tracking algorithm

Object behaviour is changeable. In special situations
(e. g. static occlusion), the object measurement Z (t) is
partly or completely unavailable. To adapt to these, our
tracking scheme is adjusted adaptively.

1.3.1 Initialization and quitting track

Initialization: if an object first appears in the field-of-
view, we record its position but do not track it in the current
frame. Once this object appears in next frame, we initialize
its velocity and scale parameter and update the projection
ratio with 1: 1.

Quitting track: If an object is judged to be disappearing,
the track quits.

1.3.2 Stabilization tracking

The center and dimensions of the detected box are regar-
ded as Z(¢) and the optimum dimensions of the tracked
box, respectively. R(t) and Q(t - 1) are initialized with
constants.

1.3.3 Occlusion tracking

The occlusion tracking steps are as follows:

1) Obtaining prior estimating center by the Kalman filter;

2) Estimating box dimensions by Eq. (4);

3) Adjusting the estimated box to obtain Z (¢) and
(L, (1), W, (1) according to partial observability;

4) Adjusting the Kalman parameters to obtain the poste-
rior estimate center.

Lesli(t) :S(t)Lupli(t_l)
Wesli(t) =S( t) Wop(i(t_ 1) (4)
Assume that (x,;, Y.) 1S a prior estimate center, and

(xadjrm, yudjrem) is an adjusted one. ( x ) and
) are the corner positions at the upper left

min_esti> Y min_esti
(Xpax esti> Vimax st
and the lower right of the estimated box, respectively.
(Xin deie> Yimin dere) AN (X geies Vinax aere) @T€ the corner posi-
tions at the upper left and the lower right of the detected
box.

The adjustments of the estimated box and the Kalman
gain are different for every type of occlusion.

1) PSO tracking

The detected partial region usually overlaps with the esti-
mated bounding box, so we can use the former to rectify the
latter. R(¢) is set as R,(¢) and Q(¢r-1) as 1 — R, (¢). The
track scheme is as follows:
Aol hen z(1) = " and
Ay = then Z(0) = (a (0, ye (D) an
{Lopi (D), Wi (1) } = { Ly (D), Wi () }.

Ao(1) T
Iy e Ly D then Z(0) = [y oo (1) g (D)
dete
and {L,,;(), Wi(0)} = (L i (s Wy (D }.
Xy exi (1) and L eui
mated bounding box to enclose the detected box. The mov-
ing rules are as follows:
Xei (D) = Axy,

If

(t) can be obtained by moving the esti-

lf ‘ Axmin ‘ < ‘ A‘xmax ‘ and Axmin Axmax >0
'xudj ,esli( t) = ‘xesli( t) - Axmux
lf ‘ A‘xmin ‘ > ‘ Axmax ‘ and A'xminA'xmax >0

if Ax . Ax__ <0

min max

(5)

0' S(Xmin,dele( t) + xmax,dele( t) )

Ludj,es(i( t) = max{ ‘ xmux,esti( t) - xmin,esli( t) ‘ >
‘ xmux,dele( I) - xmin,dele( t) ‘ } (6)

Where Ax = xmin,esti( t) - xmin,dele( t) and A'x = xmax,esti( t)

= Xinax dete( t) .

For an object being always in PSO, our algorithm can
track it according to the partially observable region.

PSO tracking can also be utilized to track the complex
behaviour mixed by merging and PSO.

2) TSO tracking

R(t) and Q(t - 1) are set as infinity and zero, respective-
ly; thus, the Kalman gain K,(7) is a zero value. That is to
say, if an object is totally occluded, the system will trust the
predicted results completely; i. e., Z(t) = {x, (1),
Veu(D )T and (Lo (1), W, (1)} = {Loy (1), Wy (1) ).

3) PDO tracking(or group tracking)

R(?) and Q(t-1) are initialized with constants. The ad-
justment and tracking rule'” is as follows:

Step 1 Judging observable bounding edge and adjusting
box.

Step 2
edge.

Step 3 The adjusted box center is regarded as object
measurement Z(t) to feed back to the Kalman filter. The
dimensions of the adjusted bounding box are the optimum
ones.

4) TDO tracking

Under TDO, one estimated box is embedded in another
box, so the track scheme of the former is the same as TSO.
But the latter box need be adjusted to fit in the detected
box, and R(t) and Q(r—-1) are initialized with constants.

Judging and adjusting unobservable bounding

2 Experimental Results and Discussion

Testing sequence 1 (see Fig. 3) is the Nibelungen-Platz
sequence. Testing sequence 2 (see Figs. 4 and 5) is from
video captured by us. These videos simulate several cases of
condition for moving objects, such as new appearing, mer-
ging and static occlusion etc. For both sequences, we use
the following parameters: the state transition matrix

1 0 Ar O
01 0 At
A= 00 1 O
0 0 0 1

and the measurement matrix

H:[l 0 0 O

01 00

When R(t) and Q (¢ —1) are initialized, @ =0. 11 (I is a
4 x4 identity matrix)and R =0. 11 (I is a2 x 2 identity ma-
trix). 8 =0. 1, and y =0. 6. In Figs. 3 to 5, the gray dashed
box represents foreground detection. We process testing se-
quences at a sampled rate of 30 frame/s.

In experiment 1, the proposed method is mainly evaluated
by testing the case of new appearing, TSO, PSO and
stablization. We process sequence 1 at an image size of 268
x201. Figs.3(a) to (d) are the detected results of frames
315,331,335, and 343, and Figs. 3 (e) to (h) are corre-
sponding tracked results with the proposed method, where
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two moving cars are moving across a clumpy road. The ob-
ject tracked with the black box undergoes stablization( see
Fig.3(e)), TSO(see Fig. 3(f))and PSO(see Fig.3(g))and
comes back to stablization ( see Fig. 3 (h)). The object,
tracked with the white box, appears in Fig. 3(e), and then
maintains stablization( see Figs. 3 (f)to (h)). The tracked
results show that our method can accurately track the ob-
jects in these cases.

Fig.3 Region detection and the tracked results of experi-
ment 1 with proposed method

In experiment 2, merging( PDO, TDO and grouping) and
unmerging are mainly tested. Blind tracking under the typi-
cal Kalman filter is used for comparison with our method,
in which uniform scale parameters and velocity rectification
are adopted. We process frames 4302 to 4541 of sequence 2
at an image size of 320 x 240. Figs. 4 (a) to(d) are the
tracked results of frames 4482, 4488, 4492 and 4502 with
blind tracking, and Figs. 5(a) to(d) are ones with the pro-
posed method. The car tracked with black box groups with
the one tracked with the white box in frame 4482, then is
partially occluded by the latter( see frame 4488), and is in
TDO from frame 4492. Two cars depart from each other in
frame 4502. The motorcycle tracked with the gray solid box
keeps stablization. Since the position and velocity of occlu-
ded objects cannot be rectified in time under blind tracking,
the tracked box is incorrect( see Figs. 4(b) to (d)). In Fig.
4(d), the object formerly tracked with the black box is now
tracked with the white one and no object is now tracked
with the black one. These errors do not occur in Fig. 5. Ob-

viously, our method can effectually track objects under
these cases.

(0)
Fig. 4 The tracked results of experiment 2 with blind

tracking

@ @
Fig.5 The tracked results of experiment 2 with proposed
method

In experiment 3, frames 895 to 997 of sequence 2 are
processed, and merging among foreground objects and dy-
namic background is mainly tested.

Tab. 2 shows the tracking ratios. In experiments 1 and 2,
our tracking ratios are up to 100% . In experiment 3, our
tracking ratio is 88.7% . The erroneous tracking in experi-
ment 3 is mainly from the deep disturbance in the back-
ground, which leads to imperfect foreground detection in
several frames. But this error can automatically disappear in
the case that the occlusion is over.

Tab.2 The results of objects tracking

. Moving  Correctly Correction Error
Experiment  Frames . . . .
objects tracking ratio/ % ratio/ %
1 347 933 933 100 0
2 240 720 720 100 0
103 309 303 88.7 11.3

3 Conclusion

In this paper, an adaptive method is proposed to track
multiple moving objects in transportation. The projection ra-
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tio and occlusion ratio ( based on center and region associa-
tion, respectively) are used to judge object behaviours so as
to adjust tracking schemes and the error covariances of the
Kalman filter adaptively. For occlusion tracking, partial ob-
servabililty and adjustment of the bounding box are uti-
lized. The proposed method can track the moving object in
some kinds of real-world situations such as objects mer-
ging, static occlusion, stablization, disappearing and new ap-
pearing. The new algorithm has advantages over traditional
blind tracking and group tracking schemes and has a high
tracking ratio. It is noted that the correct identification rate
highly depends on the performance of motion detection.
This problem can be improved by better background recon-
struction and other improved detection methods in the fu-
ture.
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