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ABSTRACT

Video-based tracking of small targets in a dense environment of clutter is very dcult, because the image
resolution of the target is too low to provide reliable information for matching, and in turn the clutter generates
a large number of false positive matches and distractions. Most tradibnal methods attempt to oppose the target
to the environment, and are thus confronted in handling the enormous distractions. In fact, a target is rarely
isolated and independent to the environment, e.g., when persistent disturbances are prest in the vicinity of the
target. Therefore, there may exist some objects that exhibit short-term or even lmger-term motion correlation
to the target. They constitute a very useful spatial contexts of the target. Thus, taking the advantage of the
contextual information in an e cient way can improve the robustness of target tracking, as the spatial contexts
provide extra constraints in target matching and additional veri cation in da ta association. This paper presents
a new approach of context-aware tracking for small targets, in which a sebf motion-correlated auxiliary objects
are automatically discovered on-the-y. The image region of one such auxiliaryobject generates a speci c spatial
context of the target, and leads to an individual contextual constraint to the motion of the target. Under the
small motion assumption on two consecutive frames, these individual contextuaconstraints have linear forms.
The collection of all such individual contextual constraints gives a contextualsystem, based on which the target
motion can be accurately estimated so that the association of the target aer consecutive image frames can be
reliably constructed. This new approach is computationally e cient. Extensive experiments on real test video
sequences show the e ectiveness and e ciency of the proposed approach.
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1. INTRODUCTION

Tracking targets is a critical task in many video analysis applications. In many cases, the target of interest can
be very small, e.g., the vehicles in aerial surveillance videos, and image regi of the target has only a couple of
hundred pixels such that the visual appearance details of the targets are not avaible. At such a low resolution,
tracking a small target is very challenging especially when the background is attered and distractive. Because
the background objects generate many false positive matches to the targethe tracker can be easily distracted
by such false positives. For example, it is not trivial to follow a carwithin a heavy tra c in an aerial video.

There are two general cases we may encounter. When cameras are xed, the moving foregmal may be
separated through background subtraction!? e.g., the example shown in Figure 1(a) where the separated fore-
ground consists of a number of moving blobs (shown in Figure 1(a.2)). Dependingn the quality of background
subtraction, small moving objects may or may not be well extracted. These movig blobs may split or merge.
In addition, this process inevitably introduces noises. In many other scenarios, cagras may move, e.g., the
example shown in Figure 1(b). As background subtraction is no longer applicabled obtain a reasonably clean
foreground (e.g., in Figure 1(b.3)), tracking small targets in a distractive environment is much more di cult. In
this paper, we propose a new approach that can uni ed the handling of both cases.

The major challenge in small target tracking is the false positive m#ches that lead to wrong association of the
tracks. Because the target is small, its low-resolution visual appearancdoes not provide enough discriminative
details to tell it apart form the distracters, especially when the distracting objects are similar to the target.
Many good tracking methods, such as the mean-shift tracker that matches histgrams? are not applicable. A
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Figure 1. Two general cases in small target tracking. The target car is highli ghted in a red box. (a) When cameras are
xed, the moving foreground may be extracted through background subtr action, which makes the tracking task easier
although the extracted foreground is noisy as shown in (a.2). (b) When cameras may move (two frames are shown in
(b.1) and (b.2)) and the background substraction is not applicable (as show n in (b.3)), it is di cult to track small targets
(e.g., the head of a person in the parade) in a distractive environment.

traditional solution to this problem is to make use of the dynamics, and use thesmoothness motion trajectories
to constrain data association, e.g., in PDFA and JPDAF methods#® Unless very accurate dynamics models are
available, it is still ambiguous for data association when objects moved a close vicinity.

To obtain more accurate matching, most traditional methods attempt to oppose the target to the environment,
by learning the nuance between the target and the distracters either o -liné® or on-line ** if possible. Thus
more and more object detection components are included in designing the tracker. Fagxample, the score of a
support vector machine has been used for matching target. However, as the distracters from the clutter and
the similar moving objects nearby are so similar to the target, it is geneally very di cult, if not impossible, to
learn a good discrimination to tell them apart. Thus this approach is confrorted and limited.

In fact, a target is rarely isolated and independent to the environment, but it exists within its spatial contexts.
For example, if the target is the head of a particular person, it has to move wih a torso. Even if the target is
not a part of a large object, it may still interact with the persistent dis turbances that are present in the vicinity
of the target, unless all other moving objects in the scene present random walks. Ag matter of fact, in many
real cases, the spatial contexts of the target exhibit short-term or even longer-ten motion correlation to the
target. As the target is likely to have di erent contexts from its false p ositive matches, it is intuitive that spatial
contexts are useful to resolve the matching ambiguities. For example, if we wa to track the head of a person
in a crowd, it is very di cult if we only match the head region because the heads of oter people in the crowd
can also be good matches. However, if we check the context of the head such as ttlething, the ambiguities
can be largely resolved.

However, visual context is a vague term. What is context and how we can de ne it? Alhough context has
not been well studied in motion analysis and tracking!*® there have been some recent contextual models for
object recognition. Based on the use of spatial structures, these models can be rdug put into three categories.
Structure-sti  models enforce strict spatial con gurations, e.g., templates and spatial Iters. They are sensitive
to local deformation. On the contrary, structure-free models ignore the spatial relations in the context, e.g., by
using a bag of features or using feature histograms. A trade-o is thestructure- exible models that impose some
constraints on the structure and allow certain deformations, e.g., the deformable templates!® random elds?’
and shape contextst® 19

This paper presents a new approach of context-aware tracking for small targst based on a new contextual
model. As the context is insensitive to small local appearance changes and defortians, matching context leads
to more robust and resilient tracking performances. In the proposed contextuamodel, we use a number of
feature classes, each of which is associated with an individual context. One inddual context of the target is
represented by the posterior density at the target location of belonging to thisparticular feature class. Under
the small motion assumption on two consecutive frames, these individual contdéxal constraints have linear
di erential forms. Therefore, the total context is shaped by a linear contextual system, based on which the
target motion can be accurately estimated and the contextual saliency can alsoé determined. In the proposed
new tracking paradigm for small targets, the context is constituted by a set d motion-correlated objects (or
salient contextual points) that are automatically discovered on-the-y, and the motion is estimated based on the
contextual matching.



The paper is organized as follows. The proposed contextual model is introduced i8ection 2. This gives a
base for our contextual motion analysis as described in Section 3 in which the Isic formulation of contextual
matching and the contextual ow constraint are introduced. Section 4 describes our methd of determining
contextual saliency based on the contextual system, and Section 5 gives a method taitamatically discover the
context on-the-y. Based on these components, the proposed context-aware trackingaradigm is described in
Section 6, and the experiments are reported in Sec. 7.

2. CONTEXTUAL MODEL

Context is a general but vague term referring to the things in the vicinity of the target, and di erent levels of
semantics correspond to di erent types of contexts. At a high level, contexts ca be semantic objects, but at
a low level contexts can be salient regions and points. Regardless of di ererievels of semantics, we propose a
uni ed contextual model.

For a location x = fu;vgwhereu and v are the image coordinates, we denote bf (x) 2 RY the d-dimensional
feature vector associated to this location. Such features are clustered and quamtd into a number of N classes,

the context.
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Figure 2. The concept of context. In the context domain ( x) of the location of interest x, the collection of a particular
class of neighbors, e.g., the \red dots", constitutes a certain individ ual context. The total context of X includes a number
of N such individual contexts.

Within the context domain, the collection of the locations whose features fall h a certain feature class, e.g.,
I, constitutes an individual context associated with feature clasd ;. We denote it by:

G="fyjf(y)2!i;8y 2 ( x)g; i=1;::5N

And the total context is the union of all individual contexts, i.e., C = G. Such a non-parametric model

i=1
includes all the information of the context. In addition, here we represent the individual context G of x by its
posterior of belonging to the feature clasd i, i.e., p(! ijx; ( X)).

For a given time instant t in motion analysis, based on the Bayes rule, it is clear that
p(tijx;t) 1 p(xjti;t)p(tijt)
where the prior p(! jjt) can also be easily estimated within a given context domain. We can compute theontextual
likelihood p(xj! i;t) by kernel density estimation,
X
p(xjli;t)/ K (X; Xkjt)
Xk 2Ci

whereK (; ) is a kernel function. Through this, the context of any location x can be computed.



3. CONTEXTUAL MOTION ESTIMATION

Now we impose acontext constancy constraintfor matching: the context of the target does not change after a
small motion. In other words, in two consecutive image frames where the motin is small, the context of the
target keeps the same:

p('ijx;t) = p(tijx+ x;t+ t); 8i (1)

As we have a set of individual contexts, this gives a set oN constraints for the motion. As the motion x is
small, we use the rst order Taylor approximation for the LHS of Eq. 1, so we end up with a di erential form of
the constraint:

rxp(tijx;t) x+rp(lijx;t) t=0; 8i @)
where we callr «p(! ijx;t) the contextual gradient and r (p(! ;jx;t) the contextual frame di erence. r x denotes
the derivatives w.r.t. x, andr  w.r.t. t.

As context can be computed and the t is small, we can approximater (p(! jjx;t) by the di erence of the
context at x at two time instants:

reptijxst)y  pCtijx;t+t)  p(lijx;t)

The computation of the contextual gradient is not straightforward, but the result turns out to be quite
simple and elegant. To make this paper self-contained, we give the derivatioroflowing the idea in the method
of contextual ow.?° We de ne a local conditional shift ¢(x) for each individual context G at time t (here we
omit t without confusion):

1 Z
¢ 4: i l.g= —— il
i(x) = Ef(y x)iy21!ig S (y  x)p(yj!i)dy
R
where Z; (x) = p(yj'i)dy * V p(xj!;i). Using the second order Taylor approximation of p(yj! ;) and consid-
ering the symmetry of ( x), we have

rxp(xj!i) r2
———~-_2: wherec= —
p(xj! i) 2

Similarly, we can de ne a local total shift for the total context:

f0) = ¢

r xp(x) .
p(x)

which is the weighted average of all the conditional shifts. The contextual gadient is computed in the following
way:
h

o)L Ef(y x)jy2 g=c¢

. Xjli 1 . !
R0 = e p0 P = Sai0 s ot ©
Putting Eqg. 3 into Eq. 2, for each context G, we have acontextual ow constraint equation
h iT by
p(!ijx;t+1) .
°(x X X+c ———— =0; 8i 4
) o(x) ) @)

where the motion x here is called thecontextual ow and t =1 is used without loss of generality. When we
denote [ 1

Lijx;t+
4 c 1 p(! ij : ) :

p(tijx;t)
where ;(x) is called centered shiftand b change of the context ratio we see a simple linear constraint on motion
for context G:

(0L fx) ox); and h

ix)" x h=0; 8i (5)




In practice, as the conditional shift F(x) and the total shift (x) can be easily estimated, we can estimate
the centered shift by: 0 1 0 1

X X
~(x) = @i yA @E
nj n
y2C; y2C

yA; 8i

where n; is the number of samples inG, and n is the total number of samples in the total context C.

As we have a set ofN such linear constraints on the target motion, the total context gives a linea system,
called contextual system In this system, each constraint is weighted by the strength of its correspnding context,
i.e., Wi(x) = p(!jx;t). Stronger contexts result in larger weights. We collect all the weights inb a diagonal
matrix, W (x) e diag[W1(x);:::; Wy (X)]. Introducing the following terms:

L iT 4 ;
Ur(x) = a(x)i; n(X) 5 br(x) =[biibpiibn];

U(x)= W X)Ur(x); b(x) = W (x)b (x)

the contextual system at location x is written as:
U(X) x=b(x); orsimply U x = b: (6)

If U is not rank de cient, the unique solution to the motion (or the contextual ow) is g iven by the weighted
least squares solution, x = (UTU) U Th. In practice, we can also adjust the weights adaptively based on the
consistency of individual contexts.

4. CONTEXTUAL SALIENCY

When U (x) is rank de cient, the solution to the motion is not unique. Let's look at an example as illustrated in

Figure 3(a), where there are only two individual contexts and their contextual gradients happen to be co-linear.
This leads to a rank-de cient U matrix. It is clear that the motion along the direction of the contextual gra dient

can be uniquely determined, but the motion along the direction perpendicular to the contextud gradient can be
arbitrary.

Figure 3. Unique solution to the motion. (a) An example where the two con textual gradients are co-linear so that the
motion along the dash line can be arbitrary. (b) An example where the U matrix is of a full rank and is not close to
singular so that the solution is stable.

Even if the U matrix is of a full rank, the solution to the motion estimation can be unstable and can be
largely in uenced by noise, if U is close to a singular one. In other words, if some singular values &f are close
to zero, the corresponding contextual system is not stable. The ideal case is that lasingular values of U are
more or less the same. One such example is shown in Figure 3(b).
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Figure 4. The concept of the discriminative margin . Red star is the location of interest, and blue dots are its spatial
neighbors. (a) Red star and blue dots in the image grid, (b) Red star and blu e dots in the context spaceRN . The distance
between the red star and its closest neighbor in the context space is ce ned as the discriminative margin. The larger the

margin, the less likely of being distracted by its neighbors.

This can be explained in a more intuitive way as follows. If the solutionto the motion is not unique, it means
that there are many false positive matches (corresponding to di erent moton estimates) in the neighborhood.
This implies that the location x is not discriminative as there are so many similar things nearby. Of course,
di erent locations have di erent properties for motion estimation. Certain locations give stable and unique
motion determination, while others don't. Now the question is how we can automaically determine them. The
following is our method.

In Figure 4(a), the red star is the location of interest, and the blue dots ake its spatial neighbors in the image
grid. As we can compute thecontext vector, (x) = [p(! 1jx; ) ;:::;p(! njx; )] T, for each location, we can
project it to a context spaceRN where all context vectors reside. As illustrated in Figure 4(b) of the context
space some blue dots are closer to the red star than the rest. We de ne tha&iscriminative margin as the distance
in the context space between the red star and its closest neighbor:

4 A .
(X)—yg"(nx)u x) Wi (7)

Obviously, the larger the margin, the more discriminative the location is, and thus the less likely of tracking
failure. The locations that have local maximum discriminative margins are called contextual salient locations
Let's see a special case where the motion is not unique. In this case, there exists laast one location, e.g.,z,
in the neighborhood that contributes to a false positive match to x. As this false positive match has the same
context as that of x, i.e., (x)= (2), the discriminative margin of x is O by de nition. If none of the neighbors
leads to false positive matches, a question of interest is how we can detemd the salient locations that have the
maximum discriminative margin, i.e., those that have the smallest chances of being distracted.

As we are considering the small neighborhood of, we can still apply the rst order Taylor approximation
of (y)= (x+ x). Based on the de nition of U (x) matrix, we have:

(x+ x)= (0+ UK X

Putting this back to Equation 7, we have a simple quadric programming problem

argmin jj (x+ x) (x)j?= argmin x"UX)TUX) x:
x+ x2 ( x) X+ x2 ( X)
Without loss of generality, we assume (x) to be a unit sphere, and then we can easily see its closed-form
solution:
(x)= min . xTUX)TU(x) x= 2 (8)
i xii=



where ¢ is the smallest singular value ofU (x). This is quite intuitive. When U (x) is close to singularity so that
the motion estimation is unstable, its margin is close to O indicating that there are some distractions nearby.

Therefore, maximizing the margin (x) can be done by maximizing the smallest singular value ¢ of U (x). It
is clear that (x) increases with detU (x)" U (x)), and then the problem becomes meaningless. But considering
the fact that det( U (x)T U (x)) is bounded in reality and that o is upper bounded by the largest singular value
of U, we can see that maximizing the margin (x) amounts to minimizing the condition number of U (x):

argmax (x) = argmin cond(U (x)) 9)

In practice, there are two methods to determine salient locations. A simple and diect method is to threshold
the condition number of the U matrix associated to this location. Instead of using a threshold, another method
is to nd the local minima of the condition numbers directly. This can be done through a gradient-based search
method.?!

These salient contextual locations in the images are more resilient to lodgerturbations and distractions,
matching them in di erent image frames leads to more reliable and more accuratenotion estimation. This serves
as a base for the context discovery described in the next section.

5. CONTEXT DISCOVERY

As the target is small and the environment is distractive, matching the target itself is very likely to end up with
ambiguous matches where most of them are false positives. This will in turtead to tracking failure. Fortunately,
the ambiguities may be resolved by checking the spatial context of the targetbecause the false positive matches
of the target may not have similar context as the target. Here the matching citerion we impose is the context
constancy. The target is surrounded by many di erent contexts, some of which keep aostant in the motion and
some don't. Therefore, a critical issue here is how we can nd the right contexts fo matching.

An interesting special case is the following. Suppose the location of the tget is x(t) at time t. There are

strong motion correlation to the target, while others don't, as shown in Figure 5. Those moving objects that
are strongly correlated to the target are calledcontextual objects Now the question is how we can automatically
discover these contextual objects. This object-wise scenario can be similarly ®nded to the pixel-wise or
point-wise scenarios, so we don't need to discuss them separately.

Figure 5. Context discovery. The target is located at x. In its spatial vicinity, there are many other moving objects. Some
of them have strong motion correlation to the target, while others don't.

The contextual objects and the target form a motion consensus group, and the rest ming objects can be
treated as noise. Discovering contextual objects amounts to identifying this cosensus group. This is fundamen-
tally di erent from conventional clustering or grouping problem, because noise oljects don't cluster. Here, we
propose a new method for this task.



consensus graplG = fV;EgwhereV is the set of vertexes. For any pair of objectsz; and z;j, based on their
motion, their a nity is assigned as f0||OV8\IZ

< +1; if z; and z; strongly agree
W; =, 0 if z and z; are indi erent (20)
1, if z; and z; strongly disagree

The agreement between two objects can be computed based on their motion history, and problem-dependent.
In this formulation, our task is to nd the subgraph (or group) that includes zy and has the largest agreement.
Before we solve this, let's consider a more general problem of identifying generamnsensus groups (that may not
include zp). It is now clear that the degree of consensus of a subs& V is de ned by the sum of the weights
in C:

X
s(C) = Wi (12)
ij 2cC
Then, the solution to this general consensus grouping problem is to nd the subseC V that achieves the
maximum consensus: X
C =argmax s(C) = argmax W : (12)
c Vv CV o jac

The solution to this general consensus grouping problem (e.g., in Eq. 12) may not necesfly be the group
that includes the target zy. To satisfy this constraint, we can simply manipulate the W matrix by giving more
weights to the edges associated tay. Speci cally, for the pairs fzg; zxg wherek 6 0, we can set their a nity to
bef+ ;0;, gwhere > 1. In practice, we can set to be a large number, e.g., =10 in our experiments. By
this treatment, the strongest consensus group in almost all cases includes the taegzo.

This optimization problem (in Eg. 12) can be reformulated by introducing an indicator vector e. If z; is in
C, then g = 1; otherwise g = 1. With this, we can rewrite Eq. 12 as:
X
max Wi
€ e=1g~=1 (13)
st.eg= 1, k=0;:::;K 1

To solve this optimization problem Eqg. 13, we use a soft indicator, i.e. g is a real-valued vector but its norm
keeps the samee” e = K . Using the fact that 1;‘3 is the indicator vector for ¢ = 1, where 1 is the all-one vector,
we rewrite Eq. 13 by relaxing its constraints:

X

+e)T +
max (1+e) W(1+ e (14)
st.efe=K

where W is the consensus a nity matrix of the graph, and e"e = K keeps the Euclidean norm ofe in the
relaxation. Grouping is then based on the sign ofe. To solve this problem, we construct its Lagrangian:

L(e; )=(1+e)TW(@1+e) (ee K) (15)

The necessary condition is given by:
W({l+e)= e;

e’e =K (16)
Denote byv = W (1+ e ). We designh a xed-point iteration procedure to solve this problem.
vin+l) = WIJ1+ e(n)]
(n+1) = | vin+1)Tv(n+1)=K

e(n+1)

vin+1)=(n+1)

Upon convergence, we can easily check the signs of the elements in the indicator vectoto identify the consensus
group of the target. Once the consensus group is discovered, the contextual ow method desbed in Section 3
is used to estimate the target motion for matching and tracking.



6. CONTEXT-AWARE TRACKING
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Figure 6. The paradigm of context-aware tracking.

Based on the components described above, we design a new paradigm of context-awaracking for small
targets. When a new image frame comes in, if the moving foreground cannot be eassegmented by background
subtraction, we compute the contextual saliency of the image by the method describechi Section 4 and collect
the set of salient contextual points in the predicated vicinity of the target. Unless we have a very high quality
segmentation of the moving objects, the use of contextual saliency is very usefaind critical.

Along with the target and the salient contextual points, we perform context discovery described in Section 5
to identify the motion consensus group. If a high quality foreground segmentatn is available, we can also apply
this context discovery process to the set of moving foreground segments instead sélient contextual points.

Once the consensus group is identi ed, the motion of this target can be estimated basednothe contextual
ow method described in Section 3 by solving a linear contextual system. This motdn implies the matching of
the target in the new image frame.

7. EXPERIMENTS

We evaluate the proposed method on a testing database that contains many chalhging cases, and we compare
the proposed context-aware tracking method with the well-known mean-shift methal in our experiments . In
most of the sequences, because the cameras are not xed, background subtraction is not ajgable.

Figure 7. Comparison between the context-aware tracking and the mean-shift tracking. A particular person is the target,
and is indicated by a red bounding box. (top) Sample frames from the re sults of our method. The contextual salient
objects are automatically discovered and highlighted in blue bounding boxes. (bottom) Sample frames from the mean-
shift tracking. It fails because the tracker is distracted by the su rrounding people who have similar clothes and visual
appearances as the target.

Figure 7 shows one example on a parade sequence in which the target is one particufagrson in the parade
and is speci ed by the user. The target is indicated by a red bounding box. This is a verydi cult testing case,
because all the people in the parade wear the same uniform and their visual appearancese very similar, if

All examples shown in this paper can be downloaded at http://vision.eecs.northwestern.edu/research/Tracking/



not exactly the same. The image resolution of such small targets are not enotigto show the subtle di erences.
Our method identi es salient locations in the image and automatically discoverscontextual objects on-the-y.
These contextual objects are scattered around the target and exhibit strong motia correlation to the target.
We highlight them in blue bounding boxes. The motion of the target is estimated baed the contextual system
constituted by the target and these contextual objects. The use of contextual objed is able to resolve the
ambiguity in matching the target over time, as shown in the top row of Figure 7. On the contrary, the mean-
shift tracker is simply distracted by the people nearby because they also giveapd matching, as shown in the
bottom row of Figure 7.

Figure 8 shows another example of tracking tiny targets in a distractive ewironment. The tiny target is the
head of a person. It is di cult to track this target because there are so many smilar things in such as distractive
environment that match the target well. The use of contextual objects provides nore clues in predicting the
target motion, and avoids wrong matching.

Figure 8. Another example of distractive environment. The targetis th e head of a particular person in the parade indicated
by a red bounding box. It is tiny in the images. The contextual salien t objects are some image regions that have the
same motion as the target. They are used to predicate the motion of the small target and avoid wrong matching.

Figure 9 shows tracking one aircraft in formation ying. Such a task is generally di cult as the aircrafts
in the formation are the same. Any of them is a good match to the target. As a matter of fact, the only
way to following the target aircraft is to match the whole formation and then locate the targeted one based on
its relative location in the formation. This is implicitly done in the pro posed contextual model, because the
contextual matching takes in account other aircrafts in the formation.

Figure 9. An example of contextual objects: tracking an aircraft in formati on ying. The target of interest is in red, and
the contextual objects are in blue.

Figure 10 shows a good example of tracking a tiny target, a soccer ball mawy in the view of a soccer eld.
The soccer ball is so small that it is very dicult to detect it in video. In this exam ple, the soccer ball is
accompanied by a player. This knowledge is unknown in advance, but it is automaticallydiscovered on-the-y,
as the player's motion is strongly correlated to the soccer. Although there ag many other players who are in the
same uniform, the group of the soccer and the player is very distinctive in the imge, and matching this group
is not ambiguous. This enables a very robust tracking of the tiny target of the sacer.

Figure 10. Tracking a tiny target: the soccer ball in the eld. The targe t of interest is in red, and the contextual objects
are in blue.
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Figure 11 gives an example of handling cluttered background. The target of interests a car moving in the
street. Buildings, pedestrians, trees and other vehicles result in a cluttered background Although the visual
appearance of the target car is not informative, we can always nd some salidnegions in its vicinity. The target
and its spatial context largely reduces the ambiguity in matching and tracking.

Figure 11. An example of handling cluttered background. The target of inte rest is in red, and the contextual objects are
in blue.

Figure 12 and Figure 13 show two examples of tracking car in trac ow from a bird-eye view. Matching a
tiny car does not give good tracking performance because it is easy to be disicted by similar cars in the trac
ow. Because the cars in the tra c ow are not random walks, they follow trac  rules and thus it is quite often
to spot other cars that constitute stable contexts to the target. For example, some cars behind and/or in front
of the target car in the same lane, as demonstrated in these two examples. Our proped tracking method has
an excellence performance on these test sequences.

Figure 12. Tracking a car in trac ow. The target car of interest is in red , and the contextual objects are in blue.

Figure 13. Another example of tracking a car in tra c ow. The target car of in  terestis in red, and the contextual objects
are in blue.

8. CONCLUSION

It is a very challenging task to track small targets in cluttered and distractive environments, because the clutter
and distracters generate many false positive matches to the target to faithe tracker. Considering the fact that
the matching ambiguities can be largely resolved by checking the spatial contdg, this paper presents a novel
approach to small target tracking based on contextual matching and a new contetxial model. In this new model,
the spatial context is represented by posterior densities. Imposing a small otion assumption on two consecutive
frames, the context constancy is nicely expressed by a linear contextual ow constrain Then the context is well
characterized by a linear contextual system, based on which motion can be relidy estimated and the context
saliency can be easily determined. Besides contextual saliency determination and contestl motion estimation,
our new tracking approach includes a context discovery process that automatically idetify the right contexts
that keep constant with the target. This new context-aware paradigm gives outsanding performances in tracking
small targets in real life sequences.

11



ACKNOWLEDGMENTS

This work was supported in part by US Army Research Laboratory and the USArmy Research O ce under
grant ARO W911NF-08-1-0504.

1.

2.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.
20.

21.

REFERENCES
Toyama, K., Krumm, J., Brumitt, B., and Meyers, B., \Wall ower: Princi ples and practice of background
maintenance," in [Proc. IEEE Int'l Conf. on Computer Vision ], 255{261 (1999).

Rittscher, J., Kato, J., Joga, S., and Blake, A., \A probabilistic bac kground model for tracking," in [ Proc.
of European Conf. on Computer Vision], 336{350 (2000).

. Comaniciu, D., Ramesh, V., and Meer, P., \Real-time tracking of non-rigid objects using mean shift,” in

[Proc. IEEE Conf. on Computer Vision and Pattern Recognition], Il , 142{149 (2000).

. Bar-Shalom, Y. and Fortmann, T., [Tracking and Data Assaociation], Academic Press, Orlando, FL (1988).
. Rasmussen, C. and Hager, G., \Probabilistic data association methodof tracking complex visual objects,"”

IEEE T-PAMI , 560{576 (Jun. 2001).

. Avidan, S., \Support vector tracking," IEEE Trans. on Pattern Analysis and Machine Intelligence 26,

1064{1072 (Aug. 2004).

. Avidan, S., \Ensemble tracking," in [ [IEEE Conf. on Computer Vision and Pattern Recognition], 2, 494{501

(Jun. 2005).

. Zhao, T. and Nevatia, R., \Tracking multiple humans in crowded environment," in [ IEEE Conf. on Computer

Vision and Pattern Recognition], (Jun. 2004).

. Collins, R. and Liu, Y., \On-line selection of discriminative tracking features," in [Proc. IEEE Int'l Conf.

on Computer Vision], (Oct. 2003).

Jepson, A, Fleet, D., and El-Maraghi, T., \Robust online appearance modelsdr visual tracking," in [ Proc.
IEEE Conf. on Computer Vision and Pattern Recognition], I, 415{422 (Dec. 2001).

Ho, J., Lee, K.-C., Yang, M.-H., and Kriegman, D., \Visual tracking using learned linear subspaces," in
[Proc. IEEE Conf. on Computer Vision and Pattern Recognition], (Jun. 2004).

Yang, M. and Wu, Y., \Tracking non-stationary appearances and dynamic feature selection," in [Proc. IEEE
Conf. on Computer Vision and Pattern Recognition], Il , 1059{1066 (June 2005).

Grabner, H. and Bischof, H., \On-line boosting and vision," in [IEEE Conf. on Computer Vision and
Pattern Recognition], 1, 260{267 (Jun. 2006).

Yang, M., Hua, G., and Wu, Y., \Context-aware visual tracking," |IEEE Trans. on Pattern Analysis and
Machine Intelligence 31, 1195{1209 (July 2009).

Yang, M., Wu, Y., and Lao, S., \Intelligent collaborative tracki ng by mining auxiliary objects," in [ Proc.
IEEE Conf. on Computer Vision and Pattern Recognition], (June 2006).

Wu, Y.-N., Si, Z., Fleming, C., and Zhu, S.-C., \Deformable template as ative basis," in [Proc. of IEEE
Int'l Conf. on Computer Vision ], (Oct. 2007).

Torralba, A., Murphy, K. P., and Freeman, W. T., \Contextual models for object detection using boosted
random elds," in [ Advances in Neural Information Processing Systems 17 (NIP¥], 1401{1408 (2005).
Belongie, S., Malik, J., and Puzicha, J., \Shape matching and object recognibn using shape contexts,"
IEEE T-PAMI 24, 509{522 (2002).

Tu, Z., \Auto-context and its application to high-level vision tasks," i n [IEEE CVPR ], (June 2008).

Wu, Y. and Fan, J., \Contextual ow," in [ IEEE Conf. on Computer Vision and Pattern Recognition],
(June 2009).

Fan, Z., Yang, M., Wu, Y., Hua, G., and Yu, T., \E cient optimal kernel pla cement for reliable visual
tracking," in [ Proc. IEEE Conf. on Computer Vision and Pattern Recognition], (June 2006).

12



