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Abstract

In size preserving video tracking, the camera’s focal
length (zoom) is adjusted automatically to compensate for
the changes in the target’s image size caused by the
relative motion between the camera and the target. The
accurate estimation of these changes is paramount to the
system performance. The existing method of choice for
real-time target scale estimation applies structure from
motion (SFM) based on the weak perspective projection
model [1]. We design a target scale estimation algorithm
with linear solution based on the more advanced
paraperspective projection model. Another key problem
in SFM based algorithms is the separation between
foreground and background features (image corners),
especially when composite camera and target motions are
involved. This paper also addresses a fast
foreground/background separation algorithm, the affine
shape method. The resulting segmentation automatically
adapts to the target’s 3D geometry and motion.
Experimental results illustrate the effectiveness of the
proposed scale estimation and segmentation algorithms in
tracking translating and rotating objects with a PTZ
camera while preserving their sizes.

1. Introduction

Video tracking systems with automatic zoom control
have attracted increasing research interests, due to their
added flexibility in interacting with changing
environments. In addition to the proper pursuit of the
target’s motion by adjusting the camera’s pan and tilt
angles, the camera’s zoom is also varied for desired target
details. The appropriate camera zoom is generated based
on the estimated changes in target image size caused by the
target’s relative motion, especially the motion along the
camera’s optical axis.

Although inherently zoom dependent, region based
methods are commonly used in literature due to their low
computational complexity [2, 3]. To account for changes
in target image size, additional parameters are derived
from the region of interest. However, since region based

algorithms are restricted to the 2D image plane and
disregard the target’s motion in the 3D real-world
coordinates, they will not be able to produce accurate
zoom controls even if additional parameters accounting for
the changes in target image size are obtained. Recently,
two new trends emerged. One led by Murray et al. [1]
utilizes SFM to recover the target’s 3D coordinates and
movements, and the other proposed by Fayman et al. [4] is
based on the optical flow of the image sequence. Apart
from pure space domain processing, the wavelet transform
is another promising approach [5].

Among existing size preserving tracking algorithms, the
SFM based algorithms appear to be the most promising
candidates primarily due to their superior accuracy and
moderate computational complexity [6]. The SFM based
algorithms require matched foreground features, for
instance image corners, among consecutive frames, which
introduces difficulties in separating the detected
foreground/background corners especially when complex
camera (pan/tilt/zoom) and target (translation/rotation)
motions are involved. For target scale estimation, the
proper selection of a camera projection model is crucial to
the system performance and is application dependent.

Murray et al. [1] used the weak perspective projection
model for target scale estimation, a highly simplified
representation of the real imaging process, and ignored the
influence of the center offset, the difference between the
target image center and the image center. In practice, the
target image may not be close to the image center due to
tracking latency and the center offset has to be taken into
consideration for accurate target scale estimation. The
second concern comes from the affine assumption, which
requires the target to be at a distance large enough
compared to its relief. When the target is too close to the
camera, the affine projection model is unable to describe
the actual imaging process, necessitating the use of the
perspective projection model.

We proposed target scale estimation algorithms based
on the paraperspective and perspective projection models
and restricted our interest to algorithms with linear
solutions for their applicability to real-time tracking
scenarios [7]. The extension from the weak perspective to
the paraperspective projection model accounts for the
center offset and still requires comparable computations.



The scale estimation algorithms based on the perspective
projection model only consider planar motion. Two SFM
methods for planar motion with linear solutions were
implemented, referred to as the direct geometry constraint
[8] and image decomposition [9] methods. We also
compared the performances of target scale estimation
algorithms based on various projection models and showed
that the scale estimation algorithm based on the
paraperspective projection model produces the most
accurate and robust performance [7].

Our foreground/background segmentation strategy is
inspired by the straightforward bounding box method. In
spite of its low accuracy compared with more evolved
motion segmentation algorithms, such as the famous
RANSAC algorithm, the conventional bounding box
method still finds wide applications primarily due to its
simplicity. In general, the bounding box is updated by an
inter-frame transform. The estimated transform, usually
obtained by minimizing the matching errors between two
consecutive frames, may not be optimal in its capability of
representing the target’s 3D geometry and motion. As a
special case, our proposed affine shapes can incorporate
the recovered 3D geometry and motion. The resulting
segmentation is automatically adapted to the composite
camera and target motions and produces more accurate
classification with only linear computations.

The remainder of this paper is organized as follows.
The proposed scale estimation and segmentation
algorithms are discussed in sections 2 and 3, respectively.
Experimental results are demonstrated in section 4.
Section 5 concludes this paper.

2. Scale estimation

For the purpose of camera calibration and 3D
reconstruction, two major types of projections are
established, perspective and affine projection models. The
perspective projection model describes the imaging
process under the pin-hole assumption. An image point x
expressed in homogeneous coordinates is projected from a
scene point X by: x=MpX= K(R t)X, where Mp, a
3x4 matrix, is the perspective projection matrix and K, R,
t are the camera intrinsic matrix, rotation matrix, and
translation vector, respectively.

When a target’s relief is small enough compared with
the overall distance separating it from the observation
camera, an affine projection model can be used to
approximate the imaging process. The affine projection is
characterized by the following equation in inhomogeneous

coordinates: x = m, X where M,,a 2 - 4 matrix, is the
1

affine projection matrix. The weak perspective and

paraperspective models are two types of affine projections.

If we denote the camera’s intrinsic parameters as follows,

skew: s, aspect ratio: a, and focal length: f, and the
target’s center of mass (X,,Y,,Z,), the weak perspective

projection matrix can be written as,

f 1 s
Mg =—

Z, 0 a
rows of the rotation matrix and translation vector,
respectively.

In the weak perspective projection, the target’s image
simply translates when the target translates parallel to the
image plane. However, under perspective projection, the
target’s image presents a different view of the target,
which may introduce a changed image size. This amount
of image size change is determined by the center offset,
target relief, and target depth. The paraperspective
projection is evolved from the weak perspective projection
and takes into account both the distortions associated with
the center offset and possible variations in target depth. It
yields a closer approximation of the perspective projection
by modeling the position effect. Meanwhile, it also retains
some of the linear properties of the weak perspective
projection. The paraperspective projection matrix can be

(R, t,) where R, and t, are the first two

expressedas:ME:L 1 s x/f o 1 , - The

Z, 0 a y//f 0 a
image of the target’s center of mass, X, and y,, appears in
the projection matrix. Letting x, =y, =0, we have the

same expression as the weak perspective projection.
Assume that the target’s feature points are tracked
throughout the sequence. The unregistered j" image point
in the i" frame, Xij, is projected from the scene point X;
(inhomogeneous coordinates) as X; = M;X; +m;. The

registered points are formed by removing the estimated
P

Xi: -
j=17 1
From P registered point correspondences established over
I frames, Tomasi and Kanade [10] recovered the affine
structure and motion in a batch mode from the SVD of the

translation x';; = x;; - m; wherem, :[mix m'y]' :%

21 -P registered measurement matrix:
X'y X'p .

W = -ysyT » and used its rank-3 property
X' X'ip

to find the optimal affine projection matrices from the
ordered columns of U =(/77i) and S=diag(s;):

Ml
=(sym Symy Simy) -

MI
matrix relating the recovered affine structure to the
Euclidean structure.  The following equation holds:
Mg =M;H . Assuming zero skew and unit aspect

ratio and exploring the orthogonality of R, we have

Denote H as the non-singular
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For the purpose of size preserving tracking, our concern
is the ratio between f and Z,, g - _f . The camera’s
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focal length is adjusted for a constant S; and thus a
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The image of the target’s center of mass, x,; and y,;, can be
obtained from the estimated translation m; [11].

The vector h has 6 unknowns and for | frames there are
(I-1) S;. For each frame we can obtain three constraints
and need 31 $6+1 -1 or equivalently | £3 frames to
solve the above equations. With known f, the resulting
algorithm requires similar computations as those based on
the weak perspective projection model. With unknown f
and following the algorithm proposed in [12], we need
| >3 to solve a polynomial equation of the second degree

in 2, resulting in non-linear computations. Since the

current camera zoom is available, our implementation
follows the reasonable assumption of known f. The
paraperspective projection model takes the target position
into consideration and can produce more accurate scale
estimates when the target image is away from the image
center. The use of the paraperspective model considerably
reduces the error introduced by non-ideal tracking.

3. Segmentation based on affine shapes

The bounding box has been traditionally used to provide
a rough approximation of the target’s boundary and to
separate the target from its background. The prominent
advantage of this method lies in its simple and fast
implementation.  Conventionally, the bounding box is
defined in the 2D image plane and is updated using an
inter-frame transform [13]. This inter-frame transform is
obtained by minimizing the errors  between
correspondences in two consecutive frames. No additional
constraints are applied for a better description of the
target’s 3D geometry and motion. When more
complicated camera or target motions are involved, simple
inter-frame transform may produce erroneous updates due
to image noise and non-ideal corner matching. To obtain a
more accurate segmentation, we intend to exploit the
additional knowledge provided by SFM and translate it
into practical constraints to be imposed on the
optimization process. The newly developed bounding box
carries the information of the target’s 3D geometry and is
able to closely trace the target’s movement.

Assuming N, bounding box points (usually the

corners) R [a;f} aly_,%]r and

j=123, ,N,, in the (i-1)" and (i-2)" frames, their
affine coordinates can be estimated, which are in turn used
to predict the bounding box points a; ; in the i" frame.
Mi_
Given the recovered motion M,;_;
M.

j_2,j»

for three consecutive

+
M. Qj_p i —M;_
frames, we have a;; =M, "2 1 2 oam
Miy g —-Miy

where ()" denotes the matrix pseudo inverse. Note that
neither A;; nor its projection a;; corresponds to a

physical feature. Indeed the bounding box and its corners
are virtual.

The above affine bounding box is not stable due to
image noise. Without additional constraints, the bounding

box points A, ; =[A§<’j A Aiz,j]T may assume
different Aizvj along the Z axis and the differences may be
exaggerated by the numerical errors in SFM. To avoid
unnecessary distortions caused by A'Z' j» itis reasonable to
impose additional constraints on A} ;. Keeping A} |

constant with an unknown value for consecutive frames is
one possible solution. This is done by constructing

Ai=[A;<,1 A\i(,1 A;(,Z A¢,2 Aix,3 N,3 A;<,4 A\i(,A Aiz]T’
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with N, =4. From three consecutive frames, we have

i
ay4-m

A = Mi, di2 | The estimated bounding box vertices
M

are a; ; = MjA j +m;, where A =[Aixyj A A‘Z]T.
Compared with M;, Mi has a higher dimension. To
save the computations, we further assign Aiz' j to a fixed
and known value, for instance the Z coordinate of the gaze
point, G} . LetM; = [M, |m}] , where M;" includes the

first two columns of M; and m;’ the third column,
respectively. Thus, we have
+

- -2,
Mi, @igj-Mi, -G M,

=M; M Gl
i-1 QAjgj —Mij -6z My

a;; =M +Gym'+m;.
Since the origin of the reconstructed affine bases

corresponds to the center of mass of all tracked corners,
we can also simply set AIZ,j =0 and arrive at

B +
M., &2 —Mi

Miy &) —Mia

a i

+m;. Indoing so, no a

i

priori solution of G} is necessary.

The Z axis corresponds to the direction with the third
largest singular value of the measurement matrix W
(defined in section 2), equivalently the smallest dimension
in the target’s reconstructed geometry or variations in the

target’s relative motion. By choosing a fixed Aiz’j , We

only consider the variations in the first two principle axes.
Furthermore, by forcing Aizvj =G} or Az ; =0, the affine

bounding box is centered at the gaze point or the target’s
center of mass (Figure 1).  This arrangement is
representative of the target’s 3D geometry and motion.

The aforementioned algorithm is efficient in handling
camera’s motion and target’s translation. However, as the
target rotates, the bounding box restricted to a plane keeps
tracking and rotating with the originally visible sides and
excludes the newly detected target corners in the
previously hidden sides. When the rotation angle is large,
the hidden sides of the object become dominant while the
originally visible sides diminish. With fewer and fewer
matched features, the system performance drops.

To accommodate a large rotation angle, the variations

along the Z axis must be taken into consideration as well.
Therefore, two affine bounding boxes are used (Figure 2),
each passing the extreme points of the Z axis and parallel
to the plane determined by the other two affine bases. In
doing so, the relative position between these two bounding
boxes embodies the changes in the Z axis.

Unconstrained Aiz ¥

N AiZ,j =0

Ay =Gy
Figure 1 Illustration and comparison of bounding boxes in the
recovered 3D affine space with various Alz, i

Affine bounding box with A; =Zax
Image plane

Updated bounding box

Original bounding box

Affine bounding box with A; =Znin

Figure 2 Illustration of bounding box refinement based on two
affine planes.

In summary, the proposed foreground/background
separation algorithm proceeds as follows.

1. Obtain X; from the SVD factorization of W.

2. Find the maximum (Xnaxw Ymao and Zps) and
minimum coordinates (Xuin, Ymin, @and Zyin) along the
affine bases.

3. Construct two affine bounding boxes based on
these extreme points:

Xmin Xmax Xmin Xmax
A :[Aitl A1_2 A1_3 Ai_,4]: Ymax  Ymax  Ymin  Ymin

Zmin Zmin Zmin Zmin
and

Xmin Xmax Xmin Xmax
AiJr = [A|+l A1+2 A|+3 AiTA]: Ymax Ymax Ymin Ymin

z z z z

max

4. Project the affine bounding boxes to the 2D image
plane: aj; = MiAj +m;.

max max max

5. Update the affine bounding boxes by:
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The use of two affine bounding boxes helps to capture
the target’s motion more precisely. The changes caused by
the target’s rotation can be incorporated. Note that the
affine bases are time varying and must be updated
frequently.

In the above discussion, a quadrangle bounding box
(N, =4) is assumed. More points can be added

producing general shapes such as polygons and ellipses.
An extreme case is to use the points on the target’s
detected contour, where the affine shape and an active
contour algorithm can be applied to predict and refine their
positions, respectively. The choice of the shapes is
application dependent. In our experiments, a quadrangle
bounding box with four point update is implemented.

The prominent advantage of the proposed segmentation
method is its simplicity. Since the affine structure is
readily computed for the purpose of target scale
estimation, the additional computation is an update with
N, points. Once the affine bounding box is determined,

the separation reduces to identify the corners inside the
bounding box.

The proposed method substantially improves the
segmentation accuracy of the conventional bounding box,
especially for scenarios with composite and complicated
camera and target motions. To further increase the
accuracy, multiple cues can be incorporated to reject
outliers. Color information is a popular choice. After the
first round selection by the affine bounding box, the
number of candidate points is much smaller. Thus, the
successive process of rejecting outliers will not bring in
noticeably increased complexity.

The ability of rotation handling is also nontrivial. The
target presents a different view to the camera during
rotation, which impedes the use of appearance based
methods [2, 3] unless timely update is conducted.
Although RANSAC based algorithms can be used at the
cost of considerably increased computations [1], it is
equally difficult to separate foreground features merely
based on the 2D image velocity during the target’s
rotation. The ability of rotation handling, provided by the
incorporation of the target’s 3D geometry and motion,
facilitates view independent target pursuing and provides a
promising segmentation method when target’s rotation is
involved.

4. Algorithm implementation and results

Our size preserving tracking algorithm proceeds
following the general procedures of a feature based
tracking algorithm as described in [1].

1. Motion detection
2. While object motion detected
3. Corner detection

4.  Corner tracking

5. Foreground/background segmentation

6.  Apply SFM and recover M;

7. Gaze point estimation and pan/tilt control
8. Scale estimation and zoom control

9. End while

We focus on two decisive steps, foreground/background
segmentation and scale estimation, and implement our
proposed algorithms. Background differencing is applied
for motion detection. Corner detection employs the
algorithm based on “good features to track” [14]. A
pyramidal Lucas-Kanade tracker [15] is used to track the
detected corners. The affine structure reconstruction
follows the conventional factorization approach [10] and
the gaze estimation is conducted in the similar fashion as
in [1].

Offline and real-time sequences, representing the motion
of traffic and pedestrians, are collected to examine and
compare the performances of the proposed algorithms. In
the interest of space, only the experimental results from a
pedestrian sequence are demonstrated.  The offline
sequence is collected by a Sony camcorder DCR-TRV730
with a constant zoom and is used for the evaluation of the
scale estimation algorithms. The real-time sequence is
collected by a Pelco Spectra 11l SE series dome system.
Real-time pan/tilt/zoom commands are issued to pursue the
target’s motion and maintain a constant target image size.

4.1. Scale estimation

Figure 3 shows sample frames and performance
comparison of the offline pedestrian sequence. The target
is walking at a normal speed towards the camera from a
distance of 15 m to a distance of 5m. We manually
measured the target image size and use it as a reference to
evaluate the performances of algorithms based on the weak
perspective and paraperspective projection models.

When the target is far away, the algorithms based on
both affine models can produce accurate estimation. As
the target approaches the camera, the affine projection
model is unable to capture the characteristics of the
imaging process. Since the target image is close to the
image center in this pedestrian sequence, the performances
are similar for both affine projection model based
algorithms. However, as the target approaches the camera
resulting in increased influence from the center offset,



accuracy improvement is gained from the paraperspective
projection model at the end of the sequence. The
advantage of using the paraperspective projection model
becomes more evident when there exists decent amount of
center offset, such as the case in real-time tracking.
Compared with algorithms based on the weak perspective
projection model, essentially no additional computations
are introduced while conspicuously improved immunity to
the center offset or tracking errors is achieved.
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Figure 3 Sample frames of the offline pedestrian sequence: (a)
the first frame and (b) the last frame. Yellow and red dots
present the detected corners in the background and foreground,
respectively. The bounding box separating the foreground and
background corners is depicted by a black quadrilateral. A
purple circle shows the gaze point, to which the camera is
directed. (c) Comparison of measured and estimated target image
size (normalized to the target image size in the first frame).

4.2. Segmentation based on affine shapes

As discussed in section 3, the affine bounding box with
unconstrained A'Z' j is not stable and may undergo sudden

distortions even under strictly controlled scenarios, which
include a single moving target with uniform background
such as the toy car sequence (Figure 4 and 6). In this
sequence, the target moves towards the camera at a
constant speed from a distance of 10 meters to a distance
of 5 meters and rotates approximately 20 degrees. Two
consecutive frames are shown in Figure 4(b) and (c),
where a sudden distortion in the estimated affine bounding
box occurs.

To fully understand the cause of the observed sudden
changes in the estimated bounding box and illustrate the

effect of restricting Aizv j» We look into the behavior of the

+

. M;_ ~ V. .
matrix M;*= "% or M = Miz for cases with
Mi-l i-1
constant A; ;. The largest singular value of M ,S ., is

studied since it best describes the characteristics of Mi+ .
From Figure 5(a), we observe frequent spikes in S, . .

These spikes are responsible for the sudden distortions in
the affine bounding box.
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Figure 4 Sample frames from the toy car sequence with
unconstrained Aiz' i (@) Reference frame. (b) and (c) Two
consecutive frames with a sudden change in the estimated affine
bounding box ( SMi+ =35).
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Figure 5 Comparisons of the pedestrian sequence with

. i T
various Ay ; : (a) plot ofSM+ and (b) distribution of SM_+ .

From unconstrained Aizvj to constant but unknown



A'z although the spikes occur occasionally, the and fast solution to foreground/background sepamati
! However, compared with existing segmentation

algorithms, we have the following major concerns) (

decreasing from 11.74 to 5.87. Whe¥ ; is restricted to ~ &ccuracy degradation introduced by erroneouslysitiad
) background corners and (2) bounding box initialorat

variations in SM is reduced, with a standard deviation

a fixed and known value, the observed variatiomghéw
decrease, with a standard deviation dropping fro8i %o
1.35. More importantly, there are no obvious sudde
changes inS,,., eliminating undesired distortions in the

affine bounding box.
Under similar experimental conditions, the bounding

box with A'z'j = 0 presents considerably improved

stability, as shown in Figure 6. The resulting tding (@) (b)
box is able to trace the moving target closely anaghtain
its shape consistently throughout the sequence.

/" Motion trace
' (c) (d)
(a) (b) () Figure 7 Sample frames from the men’s face sequeith a

Flgure 6 Sample frames from the toy car sequencd wi single bounding bOXAizj =0). (a) and (d) O degree. (b) 90
A, . =0. (a) Reference frame. (b) and (c) Frames bedace '
! degrees. (c) 45 degrees.

after small angle of rotation.

The following two sequences examine the performance
of the proposed bounding box in handling large amhaof
target’s rotation (>45 degrees). The subject ramat the
same position and turns his head from 0 to 90 @ésgaed
then backwards. Figure 7 demonstrates sample frame
with a single bounding box implemented. The résgit
bounding box is able to locate and trace the oaityin (@) (b)
visible side of the target (the frontal view of thgbject’s
face) precisely. However, apparently, with a sngl
bounding box, the variations along tAeaxis are absent
and the resulting affine bounding box closely rdsies
the target’s frontal view. As a consequence, thaly
emerged features from the target’s side view, tarioee
specific the features near the target’s ear, ackidad.

Flgur_e 8 shows sample f_rames W'th two affine bougd_l Figure 8 Sample frames from the men’s face sequeitbetwo
boxes implemented. It is obvious that the resgltin 4ffine hounding boxes depicted in blue and gred@he affine
algorithm is capable of handling large degrees of hounding boxes are updated every 20 frames. (a) (dpd
deformation and accommodating target's rotation. degree. (b) and (c) 90 degrees before and aftending box
Compared with Figure 7(b) and (c), the featuremftbe update.
target’s side view are included automatically.

Figure 9 demonstrates sample frames, estimatedttarg The coarse segmentation from the bounding box
size, and corresponding zoom control from a reaéti introduces outliers in the foreground corners. Skhe
pedestrian sequence. The camera zoom changes8from corners induce errors in successive scale and lnuybdx
to 2x and the target image size is maintained witly estimation. However, if the ratio between the nembf
slight variations, approximately 5% of the totaligtions falsely classified corners and the number of cdiyec
if no size preserving zoom control is conducted. classified corners is sufficiently low, the estiethtscale

The proposed affine bounding box provides a simpleand bounding box are still able to describe thgetks

geometry and motion with acceptable precision. oum
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