TRACKING THROUGH CHANGES IN SCALE
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ABSTRACT

We propose a tracking system that is especially well-sudechck-
ing targets which change drastically in size or appearaficeac-
complish this, we employ a fast, two phase template matchligagr
rithm along with a periodic template update method. The tatap
matching step ensures accurate localization while the l&mpp-
date scheme allows the target model to change over time alithg
the appearance of the target. Furthermore, the algoritmuetver
real-time results even when targets are very large. We dsimaia
the proposed method with good results on several sequehoes s
ing targets which exhibit large changes in size, shape, ppda-
ance.

Fig. 1. First, middle, and last frame from th&AVES sequence.
Notice the drastic change in size, shape, and appearartoelaaves
move from a small blob in the distance to Il the entire frame.

target representation to the current frame and registeéniagrevi-
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1. INTRODUCTION

This paper addresses the problem of tracking objects thaigeh
drastically in size over time. When objects move closer ahtx
from the camera, signi cant changes in size, shape, anasitie
pro le occur, as demonstrated in Figlide 1. Methods that datake
changes in target appearance into account can not acgunaaéh-
tain track in these cases.

frame-to-frame movement and incorporates the in uencesibhle
model to minimize transient affects. Feature drift is acted for by
updating the key model in a way that limits spatial drift atidvas
smooth feature changes over time. This update allows thbadet
to track features which are speci c to the target's recemesgpance
and is robust against large changes in scale.

2. PROPOSED ALGORITHM

The proposed method is divided into two main components:- tem

Several techniques attempt to address this problem usig ttplate matching and template update. Template matchingyites

popular the mean-shift framework. Collins creates an aattit fea-
ture space based on target scale characteristics and soh&sale
parameters and translation parameters simultaneduslyP@hget

in Sectior Z1L, prevents spatial drift in the target modepbyform-
ing two registration procedures. First, translation pagtersp, are
determined, which register the imageat the current frame to the

al. and Qiaret al. adjust the window size and kernel bandwidth of model,M, obtained from the previous frame. This reduces frame-

the tracker based on estimations of target scale in suvedsaimes|[2,
3]. In these methods, localization is based on an uncharigteg-
sity histogram usually taken from the rst frame of the vidse-
guence. When the target is very far, its estimated histogreap
be very different from its histogram when the target is adodge-
cause these methods do not account for this, they can ladedsa
the appearance changes.

Template tracking is another approach that addressesirtgack
targets of variable sizel[4] 5, 6]. The goal of these methed® i
register a template image onto the current frame to determiove-
ment. When registration parameters allow scaling, it issitubs for
the template tracker to follow the changing size of the targlew-
ever, this method is defeated if the object changes signtlgan
appearance as it changes in size.

Based on areview of the literature, there appear to be twassu
of error as the target is tracke®Spatial driftis the change in the
model such that the model and target are misaligfedture driftis
the change of target appearance as it diverges from the i@ppea
of the model over time.

to-frame spatial drift. Next, a second set of translatiorapeeters
p, is found which alignV to the key modeNr . This reduces spa-
tial drift in the model. The two sets of translation parametare
summed to determine the nal translation paramepetbat specify
the location of the target and the next molfbl.1

Template update, described in Secfiod 2.2, is executeq &ver
frames, and allows the key moddl! to change over time in a manner
that limits spatial drift yet allows a smooth change in taygpear-
ance. EvenN frames, the key model is replaced by the best model
from the a set of the previous modelsf M; gL, . The diagram in
Figurel2 illustrates the algorithm with template matchingtee left,
and template update on the right.

2.1. Template matching

The goal of template matching is to estimate the transfdonata-
rameterp = fp:1 :::pngthat best align a reference templatéx)
to an imagel (x), wherex = (x;y)" is a vector of template co-

We propose a method that deals with these two sources of eordinates. Borrowing the notation of Baker and Matthews Y63

ror separately. Spatial drift is prevented by registerimg previous

assume thatV (x; p) warps reference coordinates accordingto
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Fig. 2. Flow chart representation of the proposed method

This problem may then be formulated as a sum of squared diffeProcedure 1Registration

ences (SSD), Determine dominant subskt |
X repeat
p =argmin (W (x;p))  TX)?; (1) Computel (W (x; p))
P X Compute residudIl (x) 1 (W (x;p))]

Computer | @Y and form the HessiaH as in [B)
Solve for p asin[3)
p p+ p

until p has converged

where the sum is computed over template coordinatéd/e begin
by reforming this expression with the introduction of a stagable

p and use a truncated Taylor expansion to separate it from the
warp:

X
= (W (x;p+ p) TP @
X 2.2. Template Update

. 2,
LW OGP+ 1 @ poTO: @) The goal of template update is to allow the appearance ofetfee-r
ence image to change in order to reduce feature drift whiliet

We now take the gradient with respect t@ and rearrange terms to Same time preventing spatial drift from entering the systefo

X

yield the step solution: achieve this, the key mde is updated everil frames with the
procedure outlined in Figuféd 3.
b= X oot av ' During the template matching step, we collect the pashod-

ri @ [T) rwoGe (4 els, denoted aM; g, . The new key modelyy+; is chosen as

X the best representative of this set as determined by a magtehior,

whereH isthen n Hessianmatrix: €
H_x I@NT e i e(M; M)= kM MK (7)
L, e e © N,

If we examine the Hessian matrix, we notice that the terms tha
most effect its computation are those with large image eradi | .
These coordinate locationé | contain the most information af-
fecting the transformation parametgrs As suggested by Dellaert
and Collins|[7], using only this subset of pixels in the conapions
can increase speed by orders of magnitude with little losscou-
racy. Following this technique, at the start of each iteratiwe
compute [Yb) and necessary derivatives only on a dominamt s
setX . Procedure 1 details the iterative estimatiompas described
in [4,[5].

This process is well suited for arbitrary transformatiomgpa-
eters, but we nd that allowing more complex transformasidhan

translation introduces unnecessary degrees of freedormnantad ) Lo
to inaccurate registrations. Hence, we tak® be translation in the  Fig- 3. We update the key mod¥ft periodically to prevent feature
x andy direction, and drift. The new key modeNf.; is selected by choosing a model

from the sef M gL, that has the lowest errerwhen compared to
W(x;p)=x+p (6)  the previous key modeiT,

= MWW NN ©




M. = argmin e(f Mgk, ; M) (8)

The setof Mg\, represents optimally registered image patche

from the previousN frames, but many will exhibit image noise or
slight misalignments that make them poor choices for a keglgho

We choose the new key model to be the candidate with the lowes
matching energy so that the key model changes smoothly utitho

introducing spatial or feature drift.

Note that the size of the models never varies as the models ar

updated. Although we maintain track of the target as it cbarig
scale, we do so without changing the size of our representafihis

is accomplished by tracking features available at the atigeale of
the target. Hence when the target is small, the key model may i
clude the entire target, but if the target grows such that iaiger
than the model, the model holds ner details of the targeppesr-
ance that allow the algorithm to maintain its track point.

3. EXPERIMENTS

We applied this tracker to several sequences chosen to dématen
robustness against large changes in appearance of th¢ éapme
cially due to scale change. Additionally, we discuss thepeaters
that can affect system performance. Videos from all traglde-
quences can be found at the author's webfkite.

3.1. Tracking Results

First, consider the EAVES sequence shown in Figuié 4. Here we
use the proposed method to track a small bunch of leavese Insth
frame, when the track is initialized, the leaves appear serall, and
little detail can be seen. Over the course of the video, timeeca
approaches the leaves and their size and detail level sedramat-
ically. Three full frames are shown with the tracking resaitthe
rst row of FigureE. Rows two and three show model8; from
selected frames. Notice how the information in the modepesito
represent features speci c to the current scale of the tafigee pro-
posed method maintains a stable track point on the front-feaé
throughout the sequence.

In Figurel® tracking results for theeHICLE sequence are shown.
This tactical imagery shows a vehicle being tracked stguftiom a
very far distance and closing quickly until the target beesmery
large in the frame. In the initial frames, the target is barasible,

and can only be seen in the zoomed-in models shown in the decon

and third rows of the gure. The model adapts to the changing s
of the target, and the sequence is accurately tracked debpitarge
scale and appearance change.
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Fig. 4. Tracking results on theEAVES sequence demonstrating
ability to track through large scale change. First row: ctelé full-
size frames. Second and third row: target models from sadect
frames throughout the sequence.
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registration procedure (SectibnP.1) and the leniythof the history
used for key model updates (Sectionl 2.2).

First, we discuss the pixel percentage used in registratits
ing fewer pixels increases the speed of the algorithm siamitly.
It can also increase the accuracy of registration in somescak
the BOAT sequence, the background water is noisy and low contrast.
If 100% of the pixels are used in registration for this seqaeme-
sults are not as accurate due to many ambiguous backgroxeld pi
being included in the registration. We use 25% of pixels wjitlod
results. Alternatively, in the EAVES sequence the background is
very high-contrast. In this case using only a small pergmt the
pixels can cause the template matching step to favor ragistrto
the background instead of the target. In this imagery, wel0886
of the pixels to ensure the object is tracked despite the togitrast
background.
The second parameter of interest is the lergttof the model
history used during the template update step. This parameist be
set to re ect how quickly the target is expected to changepipear-
ance. For instance, in theeAVES sequence, the target undergoes a

The BOAT sequence demonstrates the robustness of the teclf2’d€ appearance and scale change very quickly. For thesiexpnt

nique against factors besides scale change in Figure 6. ithe s
change of the target is not as drastic as those in Fillires B,and
this sequence exhibits poor resolution, sporadic illutidmechanges,
signi cantimage noise, and signi cant target variabildye to crash-
ing waves and the varying pose of the boat. Fillire 6 shows thte
size frames with tracking result, and eight models from uigreut
the sequence.

3.2. Parameters

The proposed method has two parameters which control itavbeh
ior: percentage of pixels used as the dominant sulset | in the

http://www.shawnlankton.com

we use a relatively short history &f = 5. In the vVEHICLE and
BOAT sequences, the target changes more slowly, and a hist8fy of
frames is used.

3.3. Efciency

Finally, we point out the ef ciency inherent in this algdrih. Other
methods that are capable of tracking objects though scaleges
may continuously change the size of their tracking windovinto
clude the entire object. Hence, the number of pixels andljzer-
der to localize the target increases with target size. Titieease can
lead to slower frame rates when the target appears largauBeour
algorithm uses a xed window size and updates the featusskéd
within that window, the frame rate remains roughly constiedpite
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Fig. 5. Tracking results on thgEHICLE sequence demonstrating
ability to track through large scale change. First row: ctelé full-
size frames. Second and third row: target models from sadect
frames throughout the sequence.

changes in target size. Furthermore, the simplicity of theréhm
allows it to run at real time speeds. In our prototype Matlaple-

First, middle, and last tracked frame
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Model at frames 257, 308, 359 and 410

Fig. 6. Tracking results on thBOAT sequence demonstrating ability
to track through noise, illumination changes, and targetidity.
First row: selected full-size frames. Second and third réavget
models from selected frames throughout the sequence.

Alliance for Medical Image Computing (NAMIC), funded by the
National Institutes of Health through the NIH Roadmap fordidal

mentation we achieve speeds between 17 and 26 Hz. [Mable 5 shoResearch, Grant US4 EB005149. Information on the Natiomal-C

the frame rates achieved for each of the three experimeotensh

Table 1. Frame rates achieved during experiments

Sequence Figure Frame Rate

LEAVES a 17.54 Hz

VEHICLE 3] 25.46 Hz
BOAT a 24.62 Hz

4. CONCLUSION AND FUTURE WORK

We have shown a novel tracking algorithm capable of trackamg
gets through signi cant changes in size and appearance.sBya
two-phase template matching scheme and an intelligent &enpp-
date procedure, the system can prevent spatial drift andréedrift
in order to maintain accurate track. Furthermore, the ehciy of
the algorithm makes it useful for real-time applications.

Future work may include using robust estimators rather siiam
of squared differences to determine correlation betweetietsand
targets as well expanding the current approach into a paitiering
framework to make the system more robust against extremediie
target motion.
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