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ABSTRACT

Although kernel-based methods have been demonstrated
effectively in solving single-target tracking problem, facing
more complicated multi-target tracking task, most of them
still suffer from ‘singularity’ problem because they usually
simply track each target independently ignoring their inte-
ractions and thus fail when occlusions occur or distracters
appear. In this paper, we discuss a very common scenario of
multi-target tracking, in which a moving object has its own
destination in a short time and pays attention on some of its
neighboring objects. This phenomenon exists in many
practical tracking applications such as human tracking,
traffic monitoring, video surveillance, etc., where an object
usually moves towards a particular direction but meanwhile
detours when close to others to avoid potential collision. In
particular, we propose two novel interaction models and
embed them into a kernel-based tracking framework to de-
rive our interactive kernel-based multi-target tracker. Ex-
perimental results on challenging videos demonstrate its
superiority.
Index Terms—multi-target tracking, kernel, interac-

tion model

1. INTRODUCTION

Kernel-based method [1] has achieved efficient and robust
performance for real-time single object tracking. However,
it usually suffers from ‘singularity’ problem [2] especially
when used for multi-target tracking. Although multi-kernel
approach [3] and multiple collaborative trackers [4] may
improve this problem by imposing constraints among dif-
ferent kernels, they still ignore the interaction among mul-
tiple objects which has been partially investigated for ar-
ticulated object tracking [5], where the interaction among
different tracking parts could be known by some prior
knowledge. However, for general multiple target tracking,
this problem is much more difficult since it is not easy to
discover the relationship among tracking objects. This is
why few successful kernel-based multi-target or articulated
object tracking methods have been reported in the literature
though some previous work has reflected the earlier efforts
[3-6]. Several models such as magnetic-inertial potential
model [7] and LTA [8] are proposed to simulate the inte-
raction among tracking targets. However, most of them are
only designed for probabilistic tracking framework such as
particle filtering. To the best of our knowledge, ker-
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Fig.1 An example of interactions between tracking targets

nel-based multi-target tracking with effective interaction
model has not been thoroughly studied.

What’s the interaction we are looking for? Fig. 1 illu-
strates an example, where a pedestrian walks in the street
and a car is coming closely fast and wants to turn right. In
such a scenario, the pedestrian will normally turn around to
avoid the oncoming car instead of continuing to walk for-
ward and the car will first slow down to let the pedestrian
pass and then turn right as shown in the right image.
Nonetheless, if there wasn’t this pedestrian, typically, a car
would just turn right keeping its original speed. Or if there
wasn’t this car, the pedestrian would just walk following
the yellow line. From this example, we can easily observe
the interaction happened between pedestrian and oncoming
car. Such kind of situation exists in many places such as
street scene, union station, airport, etc., where an object
does not move alone and its motion is affected by other
moving targets, obstacles and other surroundings. In this
paper, we study this observation and propose a novel inte-
raction model to simulate such kind of objects’ behavior.
Then we derive a new kernel-based multi-target tracker
based on this model. It achieves superior performance
comparing with the existing approaches.

The rest of paper is organized as follows. Section 2
presents the proposed interaction model. In Section 3, we
introduce a novel kernel-based multi-target tracking
framework by exploiting the proposed interaction model.
Experimental results are reported in Section 4. A short
conclusion is provided in Section 5.

2. OUR INTERACTION MODELS

Among many common tracking applications such as ve-
hicle tracking and pedestrian tracking in public video sur-
veillance, we observe an interesting phenomenon that
tracking objects often tend to keep their moving direction
without any outside interaction. In other words, it seems
that these targets have intentions to go to some destinations
during different particular periods. This is commonly true
in reality. Although there may exist some exceptions, this
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observation is valid not only in most time but also in a lot of
tracking scenarios. Therefore, it could be exploited to im-
prove tracking performance especially when many targets
appear simultaneously in the scene. On the other hand, we
also observe that moving objects normally do not tend to
collide with the others no matter how fast they move. They
can adjust their motion to avoid collisions or keep a dis-
tance away from others while still trying to reach their
destinations. In this section, we thoroughly investigate the
above phenomenon and propose two different interaction
models: One is about the interaction between a tracking
target and its virtual destination; the other simulates the
interaction between one tracking target and its neighbors.

2.1. Interaction Between A Moving Object and Its
Virtual Destination

Although a tracking target’s destination is usually unknown,
some points called “Virtual Destination” (VD) could still
be easily discovered and designated, where objects usually
intend to arrive. We could naturally assume that VDs are
attractive to those associated objects and we define this at-
traction force of a VD as its “Virtual Gravity” (VG). It’s
easy to understand that different targets may have different
VDs and thus enjoy different VGs. However, two confus-
ing cases need to be clarified. Firstly, VGs associated to
different VDs of the same tracking target may not be
equivalent. Secondly, different targets sharing the same VD
may also have different VGs because velocity and distance
affect VG. Target moves faster towards VD meaning the
VG is larger. Meanwhile, if an object is far away from its
VD, it has time and flexibility to vary its motion, meaning
the VG is small. So we define VG is proportional to
tracking object’s velocity towards its associated VD and
inversely proportional to the distance between it and its VD.
Specifically, we simulate the interaction between an object
and its VD with the model (1).

VG(xhg7) oc exp (= DEEDyexp ity s — 95 v, (1)
i oy
whereN,is the number of tracking targets at time ¢, X} and v;}
represent i"object’s state and velocity at frame ¢ respec-
tively, g' denotes i™ object’s VD. @is the angular dis-
placement between v} and g'.

2.2. Interaction between A Moving Object and Other
Neighboring Objects

When an object is moving, it usually does not ignore its
surroundings. However, intuitively a person could not no-
tice all of his surroundings because of his sight and some
other factors. Research about inter personal space distance
and the corresponding actions in anthropology pointed out
that within a certain distance (called “Public Distance” (PD)
in [9]), people would become aware of objects in front and
begin to take actions to avoid the oncoming collisions with
them. We refer the area in front of an object and within its
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PD as “Front PD” (FPD). In this paper, we simply assume
that object A has effect on object B if and only if when A is
in FPD of B. So apparently the interactions among moving
objects are asymmetrical.

In most cases, if B is in A’s FPD, A will take actions to
avoid collision with B or keep a certain distance with it. It
seems as B has a kind of repulsion force that prevents A
from getting closer to it. Similar to VG, we refer the effect
of'an object to another as its “Virtual Repulsion” (VR) force.
Intuitively VR between different objects is not the same
and the distance and relative velocity are two objective
factors. Assuming C is in A’s FPD, if B is closer to A than
C or its relative velocity to A is faster than C’s, A will give
B more priority and first take actions to avoid colliding
with B meaning B has stronger VR toward A than C. So we
consider two objective factors: distance and velocity, and
model the VR between two objects in the following way.

Let i;, denotes ID of k'™ neighboring objects of target i,
9 represents angular displacement between x. — x;" and

vi" — vi. Then repulsion model between an object and its
interactive neighbors is formulated as (4).

. 2(yi ik 2(yi ik
VR(x, x,©) o exp <— 2 ();tz'xt )> exp (T ():z'xt )> Jk=12..N (2)
p t
Here Nfis the number of interactive neighbors of x. and
T(xi, x;") = ”Xé —x* /(”V;k - v}” cos \9) 3)

p(xi,x?‘) = |x§—x£" ctan 9 4)

2.3. Relationships between Tracking Object’s Interac-
tion and Motion

Virtual forces are applied on a moving object and similarly
to [10], we derive its acceleration.
£ xk,vi) # VG(xk gt) + S, VR(xk ) ()
ap o« fi(xt,vi) (6)
As the VG and VR are always changing especially in
low-frame videos, acceleration of the object varies all the
time. So we assume that object moves with uniform
changes in acceleration from previous frame to current
frame. According to ai_; and ai, we can derivev! and xi,
Vi = Vi + @+ ai-1)/2 2 g(xg, vi) @)
xt=xty+viy+(al+2al_,)/6 & &(xk,vi) ®)

3. KERNEL-BASED MULTI-TARGET TRACKING
USING THE PROPOSED MODELS

According to classic kernel-based methods, multi-target
tracking could be formulated as an optimization problem,

RE = arg minxinn(xg) oD i=12..,N, 9
where Tt(x,) is the prior model of tracking target and ¢(x%)
is the observation of candidate region. As discussed in [11],
(9) has the same solution with (10).

7t = Cilxi+ 8y (10)

where zg = q)(xé) - T[(Xf)) ,Cé = q)’(xf)), Axi = Xi - xf,.



Unfortunately, no target interaction is usually taken
into account in (10) due to the difficulties of analyzing re-
lationship among tracking targets. We propose to integrate
our interaction models (7-8) as constraints for kernel-based
multi-target tracking (9). Then by using Taylor extension,
we derive the following linear equations group (11-13)
which has the same solution with (7-9).

Ax{ = AiAx}_; + Bi(Av +uf) + wi_, (11)
Avi = MiAv_; + DiAxt + 1L+ €l (12)
zp = Cidx{ +&_; (13)

where Avf = vi - v, Bi=(1 - ®}(x5,v1))

A= B (xhvh). M = (1= 006, v8))

D} = MWy (xb,vh) , ul = v + %(fti(xf),vf)) +2al )+ Avi g,
Il = %M;(fg(xf,vb) +al_;) and wi_;, €_; , &_, are noise
terms and we use Kalman Filter [12] to obtain its solution.
It can be seen that without exploiting interaction models,
the proposed method could degenerate into the classic
kernel-based tracking [1], which only has observation eq-
uation (13).

Intuitively, by introducing two proposed interaction
models, target trackers could know how to keep moving
toward different VDs as well as taking action to avoid col-
lisions simultaneously. Therefore, the multi-target tracking
performance could be greatly improved. For simplicity, we
refer our derived tracker as Interactive Kernel-based Mul-
ti-target Tracker (IKMT).

According to [6] [11] and Observability Thereom [11],
the observability matrix Olof the system (11-13) is,

Of=[ci CiAb, .. ciTizhall’ (14)

As analyzed in [11], many classic kernel-based track-
ing methods [1] [13] could be unified into one observation
equation as shown in (13). In this case, the observability
is rank(C!) . Since rank(0}) > rank(C{), the proposed
method has the ability to increase tracking observability
due to introducing more effective interaction models. So it
could achieve much better tracking performance.

In a word, our interaction models provide a much
better description for object’s motion by considering both
object’s VD and the interaction with its neighbors. Thus our

Frame 124 Frame 131 Frame 177
Fig. 2: IKMT (1% row) vs. CKMT (2" row) on the first video. Pink ~ Fig. 3: IKMT (1* row) vs. CKMT (2™ row) on the second video.

and blue sectors are FPD of target 4 and target 3.
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IKMT has more potential to increase the observability so
that the tracking performance is more robust.

4. EXPERIMENTAL RESULTS

In order to test our proposed multi-target tracking method,
we have compared the performance of our proposed IKMT
with one of the Collaborative Kernel-based Multi-target
Tracker [4] (CKMT) on various experiments on different
videos using C++ code on 3.4-GHz Pentium IV PC. In all
test, we empirically select FPD (7) as, g, € [10,20],0; €
[2,5], r = A X max(width, height),A € [3,5] and o4 =
op =T.

In the first video which comes from database[14], there
are 180 frames with a resolution of 720X 576. Four boys
run and chase each other in the scene. Two boys wear same
white shirts, which brings some difficulties for the tracking
methods. Moreover, occlusion occurs once in a while,
which makes multi-target tracking more difficult. Since
four boys don’t have a constant destination, their VDs don’t
remain the same and change all the time. Therefore we
manually labeled several potential VDs on both sides of the
road. During tracking process, the closest pre-selected VD
in front of a particular target would be selected as its current
VD. When it reaches to this VD, a new one would be as-
signed. In frame 124, the appearance s of target 3 and target
4 are very similar, so when occlusion happens in frame 131,
CKMT fails in tracking target 3. Benefiting from the pro-
posed interaction models, IKMT achieves much better re-
sults as shown in Fig. 2, because target 4 is in the FPD of
target 3 and has VR towards target 3. Meanwhile, because
target 3’s VD (yellow triangle linked to target 3 through a
blue arrow) has VG, he would run toward his right. This
explains why IKMT could track target 3 correctly.

The second is “Egtest01” coming from [15]. There are
1821 frames and the size of each frame is 640 by 480. In
this video, some similar cars loop around on a road and
their appearances vary because of sunlight. So CKMT
could not track all of the cars accurately as shown in Fig. 3.
However, our proposed interaction models help our IKMT
track those cars successfully through the whole video.

The third is a low-frame rate (12.5 fps) video which

Frame 221 Frame 266 Frame 1792

CKMT starts to lose target 1 and 2 in frame221.



Frame 869

Frame 703

Fig. 4: IKMT (1* row) vs. CKMT (2™ row) on the third video.
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Fig. 6 Mean Error of tracking targets in each frame of the
second video using IKMT and CKMT.

contains 900 frames with a resolution of 80 X 608. Al-
though the number of targets varies, all of them move to or
away the elevator which is on the left side of every frame.
Thus we could easily label their potential VDs such as the
yellow triangles in Fig. 4. Sometimes the background is
similar to targets (e.g. target 8§ in the second row of Fig. 4)
or occlusion happens (e.g. target 1 and 2 in the second row
of Fig. 4), CKMT fails in tracking them. However, as our
interaction models could provide a better prediction for
targets’ motion, IKMT performs better as shown in Fig. 4.

In order to make quantitative comparisons between
IKMT and CKMT, we consider the Euclidean distance of
tracking results and ground truth as tracking error. Fig.5-7
present average error of tracking targets using IKMT and
CKMT in each frame of the three videos. The average
tracking speed in the three videos is 25fps, 42 fps and 50 fps
using IKMT vs. 5fps, 8fps and 7fps using CKMT.

o

200 400 600

5. CONCLUSIONS

In this paper, we studied a common scenario of multi-target
tracking problems, where tracking targets have both virtual
destinations and interactions. By a thorough investigation
and deep analysis, two sophisticated interaction models
were proposed to simulate target’s motion behavior.
Moreover, these two models were further integrated with
kernel-based framework and proposed a novel kernel-based
multi-target tracking approach. Experiments on challeng-
ing videos demonstrated that the proposed IKMT outper-
forms the state-of-the-art.
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Fig. 5 Mean Error of four tracking targets in the first video using
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