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Abstract. Visual tracking systems are responsible for tracking a mgwbject through data gained from camera images,
using computer vision. The object position should be okthiinom an image, allowing the camera to move and keep it
inside the image. This work presents an algorithm for imag@yssis whose objective is to determinate the projecteelaibj
position on the image, based on the template matching miect his technique consists of defining an image pattern and
searching it inside a new image to discover the position teralit moved, using the sum of squared differences criteria.
The algorithm is also extended using incremental and nagltitution estimation techniques. Some possible aplitsitio
for this work is videoconference and monitoring cameras.
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1. Introduction

Computer vision is a technique that utilizes camera imagagasors, allowing to obtain informations from a dynamic
system. However, since these information are not giverctlijrean image should be analysed and interpreted to provide
values that can be measured. These data are usually thepadiee moving object, which can be used as a reference
point. Systems that should follow the object as it moves mgare called tracking systems. Their function is to keep the
tracked object projection on the center of the image, thnazegnera motion by any kind of external actuator.

This work presents a visual tracking algorithm to be appiteal camera control system. The camera has two rotational
degrees of freedom (pan and tilt) and zoom compensatiomeftire, it is called PTZ camera. The objective of the
algorithm is to determinate the projected position (hartaband vertical) and size changes (scaling) of a trackgetbb
in the image coordinates system, which the camera contretiald receive and use to assign the PTZ displacements.

The algorithm supposes that the tracked object is not pfieate Thus, specific shape, geometry, or color informations
are not accessible. The basic technique utilized is temptatching, used in a large range of applications. It cansist
defining a reference image, from which is obtained a windae-{snage) that contains the tracked object. This window
corresponds to the reference template and the algorithmdkestimate, on each acquired image, the position whose
window is the most similar to the template. The criteria usedefine the similarity between two windows is the sum of
squared differences (SSD) of each correspondent pixelsmidst similar window takes place at the position whose SSD
value is minimal.

Papanikolopoulos, Khosla, and Kanade (1993) accomplifiisdechnique through a simple search on the image.
The algorithm calculates the SSD values (pixel by pixel) ofdews at all possible positions. Its disadvantage is tha hi
computational cost if the window size enlarges. Thus, Hager Belhumeur (1998) presented a technique that models
the tracked template movement through a parametric fumatieveloped to provide calculus simplification and inceeas
its execution speed.

Jurie and Dhome (2001) made also use of template matchiogghra movement model function. Its parameters are
obtained through a learning stage, which uses known digplants and their respectives error values (SSD). After that
the algorithm can accomplish the tracking. A visual pericgpsystem for car driving applied this technique (Cladylgt a
2001).

Odobez and Bouthemy (1995) presented a algorithm applie@rétual and Chaumette (2000) to submarine visual-
ization. This procedure consists of converting the acquimeages to different resolutions and using robust estirsdto
improve the tracking efficiency.

Fayman, Sudarsky, and Rivlin (1998) developed a specifioritgn for zoom control. Its function is to compensate
the size changes of the tracked object projection on theasiagrough two possibles techniques: using the displaceme
perspective projections (optical flow) or the camera awtascsensor.

This work utilizes the sum of squared differences algorifinom Hager and Belhumeur (1998), due its low com-
putational cost. Moreover, two techniques from Odobez aodtiBemy (1995) are incorpored, intending a performance
improvement: incremental estimation and multiresolutgstimation. The algorithms are tested on example images,
which simulate some possible displacements.
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2. Visual Tracking Algorithms
2.1 Least SquaresBased Algorithm

Let an image window be defined agaget region® = {X1, X2, X3, ..., XN}, With X; = [z1,22]7 as a pixel
position (coodinates system with origin at the image cerfterizontalz,-axis positive to right and verticat,-axis
positive to up). Denoting the image obtained at the iniiialet (/o) as thereference imagethe pixel brightness values
of the target region on the reference image is defined atheence templateThe tracked pattern is located inside the
reference template.

Consider a parametric functidfl, which models the tracked pattern movement:

F(X;ut)=8X;+U 1)

where:

S(t;) = scaling parameter

U(t;) = [Ui(t;), U2(t;)]T = translational parameters (horizontal and vertical)
u(t;) = [Uy,Us, S)T = parameters vector

The function can determinate the projected displacements andxs directions, as well as the object scaling. Thus,
the algorithm objective is to calculate the parametersorexalue(u(ti)), which gives the positio#’, where the tracked
pattern is located at timg.

Assumingl (X, t;) as theN x 1 vector that contains the brightness values of all targebrepixels in the image at
timet;, letI(u,t;) be the brightness vector with the target region pixels disgdl byF'(X;; pu(t;)). Thus, the reference
template isl (u(to), to)-

Consider now an incremental calculus:

p(t;) = p(tio1) + dp(t;) @)

As there are no displacementstgt F(X;; u(to)) = X; andpu(ty) = [0,0,1]T. Therefore, theSu(t;) values need
to be determined, allowing the estimationoft each time. Through the sum of squared differences @;jtéré objetive
functionO is defined:

0(6p) = |[I(p(t:), t:) — I(n(to), to)|? ©))

Using least squares estimation, the function is minimize(Hager and Belhumeur, 1998):

op = —(MTM)"" M [I(p,t;) — I(to)] 4)
(3x1)
o, Jor | o1 | o1
where: M =Vl = [8U1 U, as]

Using Hager and Belhumeur’s (1998) procedure, the matfigan be calculated by:

1 1 [0I(to) | 0I(to) | OI(to) 0I(to)
M = SMO a S [ Bxl ‘ 6112 83:1 1+ (9562 2 (5)
The spatial derivates applied to the reference templatdeabtained using Sobel convolution masks (Young, Ger-

brands, and van Vliet):

oI 1
87(.%17562) = g[I(I1—|—1,l‘2—|—1) — I($1—1,$2+1) + 2[(],‘1—|—1,1‘2) — 21(.131—1,.732) + I(]?l-i-l,ai‘g—l) —
1
—I(z1—1,25—1)] (6)
or

o (1,2) = ST+ 2 +1) = T4, 25 1) + 20 (0,0 1) = 20, 25-1) + (=1, 2+1) —
—I(x1—1,29—1)] @)

Substituting Eq. (5) in Eq. (4):

puti) = p(tio1) — (Mo Mo) ™ Mo™ [I(ps,t;) — I(t0)]S(ti-1) )

Fig. 1 contains a summary of the procedure.
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Offline:
e Storel(to)
e CalculateV x I(to) using Eq. (6) and (7)

dI(to) | OI(to) | OI(to) aI(to)
623'1 ’ 6.1‘1 o1+ 856‘2 T2

e StoreA = (Mo" Mo) ' Mo™

Ui (to) 0
-1
1

e CalculateMo = [ o
2

e Initialize pu(to) =

S(to)
Online:
FORi=1,2,3...
p(ti) = p(ti-1) = AT (p(ti-1), ti) — I(to)]S(ti-1)
END

Figure 1. Least squares algorithm scheme.

2.2 Extended Algorithm by Incremental Estimation

The previous technnique is extended through a incremetaja) as the one used by Odobez and Bouthemy (1995).
The approximations applied to the least squares basedtalganake it accurate only for small displacements. However
assuming thad . does not give the exagt value but provide aloser estimate, another application of the algorithm can
give a still more satisfactory estimate (because the velalisplacements decrease). Therefore, this algorithemeidn
consists of iterating the previous one for the same acquimedje, untildp. becomes smaller than a pre-defined error
value or a determined number of iterations is reached.

With respect to the parametél, each value update would need a pixels transform on the irtsgding), which
consumes a considerable time. Thus, it is considered thihgaisplacements are small afds not iterated. Then the
image do not need to be transformed and the target regioslieaited at each iteration only b% andUs.

The algorithm summary can be found in Fig. 2.

Apply offline initializations from the previous algorithm
Definen_iterations anderror

FORi =1,2,3...
p(ti) = p(ti-1)
iteration = 0
DO
dp = —A[L([Ur(t:), Ua(t:), S(ti—1)]", ti) — L(t0)]S(ti-1)
p(ti) = p(ti) +op
iteration = iteration + 1
WHILE (iteration < n_iterations) OR (maxdu) > error)
END

Figure 2. Scheme of the extended algorithm by incrementmhaton.

2.3 Extended Algorithm by Multiresolution Estimation

This technique is also extracted from Odobez and Bouthel®95)L If the tracked object displacement is huge and
the template goes outside the target region, the trackingtipossible. But if the image is acquired at a lesser resolut
and the target region size is constant, tHative size of the target region increases (see Fig. 3).

Thus, the algorithm can track in a larger area of images withaller resolutions. However, lower resolutions bring
also lower number of pixels representing the tracked obfesthe pattern knowledge decreases, also does the algorith
precision. Therefore, the technique is applied to threeluéisn levels: original, 1:2 and 1:4. The incremental restiion
algorithm is first used on the 1:4 image (smaller resolutitgn on the 1:2 and at last on the original image. At lower
resolutions, the tracking of higher displacements can Ipedred. And at higher resolutions the displacements agadyr
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target region (constant)

tracked template

Original image (150 x 100 pixels) Converted image (75 x 50 pixels)
Figure 3. Multiresolution principle estimation example.

smaller and the accuracy is increased.

Besides, when the algorithm shifts from a lower to a highexgmresolution{/; and U, must be multiplied by 2,
because the resolution doubles. The same happens fromigfireabto the 1:4 resolution: they must be divided by 4.
The scaling parametef is not directed altered by resolution changes and is updathdin the end, as the incremental
algorithm.

In Fig. 4 there is the algorithm summary. The half resolutimages are obtained splitting up each four pixels
neighbourhoods from the original one. The pixels from thegoresolution image are the mean of each four pixels block.

Offline initiations from the previous algorithm for the three resolutions (the“2’ and “3” subscripts refer to 1:4, 1:2 and
original resolution, respectively):

° StOfeIl(to), Iz(to) eI3(t0)
e Calculate and store the mat, usinglx (to), k = 1,2,3
o Initializate p(to) = [0,0, 1]

e Definen_iterations anderror

FORi =1,2,3...
w(ti—1)
) =
w(ts) 1
FORk=1to3

iteration =0
DO
op = —Aw[Ix([Ur(t:), Uz(t:), S(ti-1)]", t:) — Ii(to)]S(ti-1)

p(ti) = p(ti) +op
iteration = iteration + 1

WHILE (iteration < n_iterations) OR (maxdu) > error)
IF k < 3 THEN Us () = 205 (t;) andUs(t:) = 2Us(t:)
END
END

Figure 4. Scheme of the extended algorithm by multiresmhugistimation.

3. Experiment Description

This work utilizes a AXIS 2130 PTZ Network Camera, with IP aommication, and position and velocity control
for pan-tilt angles and zoom. The development of a contrfilveoe is accomplished on Microsoft Visual C++ 6.0
environment, including an image analysis stage that costaie previous three algorithms. Each algorithm is appbed
two groups of some grayscaled image examples and theitsesel compared. The first images group show a created
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feature, which was produced only for testing (Fig. 5). Thensel one are real images that were obtained from the camera,
for practical situations simulation (Fig. 6). The first inesgof Fig. 5 and 6 correspond to the reference image and the
others the previous one after some displacements. Theaeftwns in a Pentium 3 — 800 Mhz computer, with Microsoft
Windows 2000 and 160 MB RAM.

Figure 5. First group of image examples for the tracking atgms.

Figure 6. Second group of image examples for the trackingrahgms.

The original resolution of the example images3i® x 240 pixels. The utilized target region is@® x 50 pixels
window centralized at the image center. Théterations value is 50 andrror value is 0,01.
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4. Results

Fig. 7 to 12 contain the experiment results. The “real” dispinents are approximated values, because they were
manually obtained by image examination. The algorithms &n2 3 corresponds to the least squares, the extension by
incremental estimation, and the extension by multiresmhugstimation, respectively.
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Figure 7. Experimentat; (U;) displacement results for the first image examples group.
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Figure 8. Experimentat, (U) displacement results for the first image examples group.

Fig. 7 to 9 show that the first algorithm produces bad resaltghfe first image group, even for not so large displace-
ments. The incremental estimation technique can trackeeife at averaged distant positions and the multiresaoluti
algorithm covers the highest range. The scaled imagestlliast ones) produces similar results fgrandz, displace-
ments, but the scale factors are not so accurate.
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Figure 9. Experimental scaling] displacement results for the first image examples group.
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Figure 10. Experimentat; (U;) displacement results for the second image examples group.
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Figure 11. Experimental, (U:) displacement results for the second image examples group.

The second image group shows similar results. The first idthgoidoes not work properly and the third one produces
the best results. Scaling displacements obtained are atsmprecise, and for larger values (last two images) thdtees
are very poor.
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Figure 12. Experimental scaling) displacement results for the second image examples group.

5. Conclusions

This work presented three visual tracking algorithms basetemplate matching. The least squares based algorithm
produced poor results, but contains the basic principkzed by the others techniques. The incremental estimation
extension tracked a template at considerable distantiposiand the multiresolution estimation extension covehed
largest area inside an image. The scaling displacemeikiigaérom the first algorithm is the same used by the others.
Therefore, it is quite limited to small variations.

Though the multiresolution technique has presented thgeefrmance, its application in the camera control system
maybe do not show the best results, due its computational Tls processing time of the incremental algorithm is nyearl
70 ms and of the multiresolution algorithm is 120 ms. If thegassing time is reduced, the delay between the image
acquisition and the displacements calculation is alsoaeduThus, the camera motion can be sooner adjusted, inmgrovi
the tracking accuracy. Moreover, for a higher processimg ta higher sample period should be used, and the control
system becomes slower. Therefore, an analysis for the leefstrmance can be only achieved by the camera control
system application.

The next step in the work is to use the obtained tracked oljsptacements to feed a control system, allowing the
camera motion. Then the application of proper camera madwlscontrol strategies with the previous visual tracking
algorithms can give a whole robotic visual tracking system.
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