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2.2. OBJECT REPRESENTATIONS FOR TRACKING

7
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(a) b)
(e) (g) (h)

Figure 2.1: Object representations: (a) Centroid, (b) multiple points, (¢) rectangular
patch, (d) elliptical patch, (e) object contour, (f) object silhouette, (g) multiple patches
with joints, (h) object skeleton.

we follow the work in (Yilmaz et al., 2006) by firstly describing the common shape
representations and, subsequently, addressing the joint representations of shape and

appearance used in object tracking.

2.2.1 Shape Representations

There are a number of ways to represent an object using the characteristic of their
shapes and sizes. Figure 2.1 shows some of the most popular shape representations
including points, primitive shapes, articulated shapes and silhouette.

Points representation: The object is represented by a point as the centroid of the
object or by a set of points as shown in Figure 2.1(a) and (b), respectively. The former
representation can be suitable for objects whose size are significantly small compared
to the size of the frame such as individual birds of a bird flock, a tennis or a ping-pong
ball or human objects marching in a formation. The application domain for single-

point representation, as a result, is often associated with motion analysis of a cloud
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(a) (b)

Figure 2.2: Generic colour spaces: (a) The RGB colour space using additive colour
mixing; (b) The CMKY colour space using subtractive colour mixing.

by which we can specify, create and visualise colours. As humans, we may define a
colour by its attributes of brightness, hue and colourfulness. A computer may describe
a colour using the amounts of red, green and blue phosphor emission required to match
a colour. A printing press may produce a specific colour in terms of the reflectance and
absorbance of cyan, magenta, yellow and black inks on the printing paper. In general,
colour can be classified in two broad categories: tri-chromatic colours and monochro-
matic colours.

Tri-chromatic Colour Spaces: Tri-chromatic colour spaces are ones where each
colour is specified using three coordinates, or parameters. These parameters describe
the position of the colour within the colour space being used. They do not tell us
what the colour is, as that depends on what colour space is being used. There are a
number of tri-chromatic colour spaces, amongst which the RGB (Red, Green, Blue)
colour space is the most common 3D colour space (see Figure 2.2(a)). It is an ad-
ditive colour system based on tri-chromatic theory found in systems that use a CRT
to display images, hence it has become the most popular colour space in computer
systems. The RGB colour space, however, comes with a number a drawbacks. For
instance, the differences between colours in the RGB space do not correspond to the
differences perceived by humans (Paschos, 2001), i.e. the space is not perceptually
uniform. The RGB dimensions are also highly correlated. In contrast, L*u*v* and
L*a*b* are perceptually uniform colour spaces, whereas HSV (Hue, Saturation, Value)
is an approximately uniform colour space. Other notable colour spaces are CMYK
(see Figure 2.2(b)), YCbCr, YCC and normalised RGB.

Monochromatic Colour Spaces: A monochromatic colour space, as suggested by

the name, only offers one single channel for the colour intensity. In computer vision,
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(b)

(c) (d)

Figure 2.3: The performance of the Canny edge detector (Canny, 1986) with different

parameters for the Gaussian filter: (a) The original image; (b) ¢ = 0.5; (¢) 0 1.0

and (d) o = 1.5.

tensity, or in other words, discontinuity in the image gradient. As a result, algorithms
that track the boundary of the objects usually employ edges as the object representa-
tion. An evaluation of the edge detection algorithms is provided by K. Bowyer and
Dougherty (2001), amongst those, the Canny edge detector (Canny, 1986), the Sobel
method (Sobel and Feldman, 1968) and the zero-crossing method are the most popular
ones.

These edge detectors, however, often need to be “tuned’ with specific parameters
depending on the context of the problem. The Canny edge detector, for instance, re-
lies on two threshold parameters to distinguish between strong and weak edges, as
well as the standard deviation of the Gaussian filter used to filter the image. Similarly,
the Sobel method requires two thresholds and an optional parameter to specify which
direction the edge detector iterates, i.e. horizontal or vertical. Figure 2.3 shows the
results of the Canny method on an image of two parrots with different Gaussian filters
governed by the parameter o. It is obvious that the number of detected edges varies sig-
nificantly with different o. Consequently, the overall performance of the edge detector

can suffer from an incorrect selection of these parameters.
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(a) (b) (c)

Figure 2.4: SIFT features (Lowe, 1999): (a) the original image: (b) and (c) SIFT fea-
tures with supporting base as the area of the circles and the main orientation as pointed
by the arrows, respectively.

2.3.4 Texture

Texture is a measure of the image intensity on a surface of interest, which quantifies the
degree of smoothness and regularity on that surface. Texture descriptors are usually
much less susceptible to image noise and change in illumination, which is also the
main advantage over colour features. However, it also requires additional processing
steps to generate the descriptors from the colour information of the original image.
To date, there have been an increasing number of texture descriptors used in object
tracking. Amongst those, the following texture features are the most popular.

Scale Invariant Feature Transform (SIFT): The SIFT features (Lowe, 1999) are
based on the the appearance of the object at particular interested points that are invari-
ant to image scale and rotation. The method makes use of the Difference of Gaussian
(DoG) effect on an image to extract maxima and minima points, also known as ex-
trema points, which are invariant to scale variation. After the outliners are removed,
these extrema points are assigned one or more orientations based on local image gra-
dient directions, so as to achieve invariance to rotation. Due to its robustness against
changes in illumination, noise and minor changes in viewpoint, SIFT features have
been widely adopted in various applications such as object recognition (Beis and Lowe,
1997), panorama stitching (Brown and Lowe, 2003) and 3D-object tracking (Gordon
and Lowe, 2006). Figure 2.4 illustrates the SIFT feature points detected on the image
of the two parrots. Here, each feature point has a supporting base governed by the area
of the circle as shown in Figure 2.4(b), as well as an orientation vector denoted by the
arrow as shown in Figure 2.4(c).

Harr-like Features: The Harr-like feature introduced by Viola and Jones (2001) is
a multi-scale contrast operator that relies on a fast computation of the integral image.
In its simplest form, a simple rectangular Haar-like feature can be defined as the dif-
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Figure 2.7: Results of the particle filter tracker proposed by Pérez et al. (2002). The
yellow rectangles represent the final position of the tracking particles and the cyan
rectangle is the mean position, i.e. the object position, computed as the weighted

average of these particles.

2.4.1.2 Particle Filter

Particle filtering is often referred as the Monte Carlo importance sampling techniques,
the bootstrap methods (Gordon et al., 1993) or the CONDENSATION algorithm (Is-
ard and Blake, 1996, 1998) which is also the first application on video processing. The
abbreviation CONDENSATION arises from the name CONDitional DENSity propa-
gATION.

As discussed in the previous section, the main limitation of the Kalman filter ap-
proach lies on the assumption that the state variables come from a Gaussian distribu-
tion. The particle filter addresses this problem by modelling a set of carefully chosen
sample points, so as to estimate the distribution of the state variables. These sample
points induce the true mean and covariance of the state variables. Hence, while being
propagated through a non-linear system, they capture the mean and covariance of the
posterior accurately to the second order of the Taylor series expansion. The particle
filtering formalism can be summarised as follows.

Given the object positions defined as a sequence of states X' : ¢t = 0.1,2,... as
in Section 2.4.1, the conditional state density P(X‘|Z") at time ¢ is represented by
a set of samples, or particles, S' = {s}. : k = 1,2,....] V} with weights {7} }xen,
i.e. sampling probability. In other words, the weight 7. defines the importance of the
sample s}, at time ¢, that is, its observation frequency (Isard and Blake, 1998). For each
tuple (s, 7k ), a cumulative weight ¢ is also stored with Zk\, ¢ = 1. Subsequently,
the new samples at time ¢ are drawn from S*' = {(s{;' 7/  ef) 1 k= 1,....] V}
at the previous time ¢ — 1 step based on the important sampling method as shown in
Algorithm 1. It is also worth noting that the particle filter can be initialised with the
first measurements of sf,, = X" and the initial weights 7, = 1/N, or by training the

system using predefined sample sequences.
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Figure 2.8: Kernel-based object tracking. (a) The target region (red rectangle) and the
search window (blue rectangle); (b) A 16 x 16 x 16-bin histogram viewed as a 3D cube
and (c) as a 1 x 4096-bin 1D array: (d) The two 1 x 4096-bin histograms corresponding
to the target region and the search window in (a).

mean-shift tracking. As a result, it is commonly found that both of these names are
used interchangeably in the literature of object tracking as well as in the work of this
thesis.

In the original kernel-based tracker (Comaniciu et al., 2003), the first instance of the
target is selected as a region by the user at the initial frame of the sequence. Depending
on the user preference, this region can be encapsulated within a rectangular or ellip-
soidal region as shown in Figure 2.8(a). Let X = {X;};=; v and &, = {x:}i=1..n,
be the coordinates of the N-pixels and N.-pixels in the target region and the search
window centered at y, respectively. The function b : R" ~ {1,2,..., M} allocates
the M bin indexes for each pixel x; in the quantised n-dimensional feature space. For
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Figure 2.9: Results of the mean-shift tracker (Comaniciu et al., 2003) on a sequence of
a football match.

Here, the shadow kernel G(.) can be omitted from Equation 2.19 as K'.(.) = a, where
« is a scalar. Hence, Equation 2.19 is reduced to

Ns 3
Lz Xiti 2.21)

n= :

2im Wi

Figure 2.9 shows the results of the mean-shift tracker (Comaniciu et al., 2003) on a
video sequence of a football match in which the tracking target is indicated by a rectan-
gle. In this sequence, the tracking target undergoes through severe conditions such as
fast blur motion, large displacement and partial occlusion. Despite these confounding
factors, the mean-shift tracker manages to track the target successfully throughout the
sequence. Here, a 16 x 16 x 16-bin histogram is used and the mean-shift iteration is
computed over a search window of twice the size of the target.

It is also worth stressing that the principle of kernel-based tracking is, in general,
not restricted to a set of image feature spaces or a fixed size of the M-bin histogram.
Furthermore, the tracker does not require a prior knowledge about the tracking object
or the tracking environment, and since it employs only low complexity features, the
computational cost is much lower than other probabilistic methods elsewhere in the
literature.

2.4.2.2 Literature on Kernel-based Tracking

As introduced in the previous section, the mean-shift tracker is introduced in (Comani-
ciu et al., 2003) as a robust optimisation method aiming at estimating the translation
shift of a sub-image area. Despite being effective, the original method also comes with
several drawbacks. Firstly, the algorithm does not specify an automatic mechanism to
compute a sufficient bandwidth for the search region, i.e. the size of the search win-
dow. Secondly, the method is not robust against non-rigid transformations in scale and
orientation. Finally, the tracker relies on the highly correlated RGB colour space to
construct the appearance model for the tracking target. This treatment can potentially




































2.6. CONCLUDING REMARKS a1

Synergry Map

Figure 2.11: Tracking Multiple Occluding People (Khan and Shah, 2006). The first
two rows show the foreground likelihood maps obtained from the background model
on the available views. View 4 is chosen to be the reference view. The third row
shows the synergy map obtained by warping views 1, 2 and 3 into view 4. The pix-
els representing the ground locations of the people are segmented out by applying an
appropriate threshold. The binary image shown is the result of applying the threshold

and rectifying with the ground plane (copyright IEEE 2006).

2.6 Concluding Remarks

In this chapter, we have provided the reader with a comprehensive review on the topic
of object tracking related to the work done in this thesis. We do this by dividing the
tracking task into three main components, namely Object Representations in Section
2.2. Feature Selection in Section 2.3 and Object Tracking Algorithms in Section 2.4

and Section 2.5, addressing the three following questions
e Which object representation is suitable for a given tracking environment.

e Which image feature(s) can best differentiate the object from its surrounding

background.

e What strategy is the most effective given the selected features and representa-

tions.
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N

Figure 3.1: An elliptical region covering the tracking target. The orientation and size
of the ellipse can be computed directly from the covariance matrix of the pixel set
X = {Xi}i=1..N-

make use of the polar coordinate system to estimate the target scale and orientation.
To do this, the target is represented by an ellipse parameterised by a centre pixel z, a
tilting angle @, a major axis a and a minor axis b as shown in Figure 3.1.

Recall that, in the previous section, the spatial coordinates X’ = {x;};—; x of the
N pixels in either the target model or candidate region is viewed as random variables.
Here, given the initial target pixels Ay, an elliptical region covering the target can
be computed directly from Aj, which in-turn gives rise to the initial orientation and
size of the target. In particular, the centre of the ellipse is also the target centre, i.e.
2= Z:;{__.XU x;. The covariance matrix of the spatial coordinates AXj is defined as
follows

Coy= Y Bl(xi—7)(xi —2)"] (3.26)
xX;€AXn

Note that C'y, is a 2 x 2 matrix, of which we can compute the eigenvalues matrix A and
eigenvectors matrix I, i.e. Cy, IT = AII, which, subsequently, can be used to compute
the initial orientation angle # and the lengths of the two axes @ and b as follows

f = arctan ——
1,2
la| = +/diag(\(1))
b = diag(A(2)) (3.27)

With the initial set of parameters defining the target ellipse at hand, we can proceed
to formulate the mean-shift procedure in the polar coordinates. For every iteration, the
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Angie (rad)

(a) (b)

Figure 3.2: Left: The target ellipse is translated to angle dimension. Right: The kernel
weights corresponding to the angles (pixels closer to the major axis have more weight).

changes in these parameters will serve twofold. In particular, the change in the angle
of the target ellipse ¢ gives rise to the new orientation of the target, while the change
in the axes a and b governs the new target scale.

3.3.1 Automated Orientation Estimation

The automated orientation selection scheme presented here can be viewed as a 1D
mean-shift in the angle feature space, with respect to the mean angle # derived from the
previous section. To this end, the binning process for all pixels in the target ellipse is
similar to that of the original mean-shift tracker (Comaniciu et al., 2003). In particular,
the mapping function b : R™ +» {1,2,.... M} assigns each pixel in the target ellipse a
bin-number based on its RGB values.

Here, the kernelisation process governed by the kernel profile X(.), which asso-
ciates a spatial weight with each pixel based on the Euclidean distance to the target
centre, requires some adjustments since we are performing the mean-shift operation
on the angle coordinates #, as opposed to the zy coordinates. The key point of this
formulation lies in the partition of the target ellipse as shown in Figure 3.2(a). Here,
we have divided the target ellipse into two halves corresponding to positive angle gain
and negative angle loss, respectively. This hinges in the notion that the first half of
the ellipse “pushes” the ellipse along the clock-wise direction, whereas the second half
“pulls” the ellipse in the anti-clockwise direction and, in this formulation, the centre of
the ellipse serves as the equilibrium point of rotation.

In mathematics term, we commence by defining that, pixels belong to the first and
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Figure 3.3: Left column: The target ellipse is translated to @ and b dimension. Right
column: The kernel weights corresponding to the projected lengths (pixels closer to

the midpoints on each axis have more weight).

3.3.2 Automated Scale Estimation

In the previous section, we have utilised the angle information of the ellipse to perform
the mean-shift operation in the angle space to cope with orientation variation. Here, we
proceed to formulate an automated scale selection scheme making use of the major and
minor axis of the target ellipse. In particular, each axis can be cast into an 1D mean-
shift procedure which aims to find the ellipse that best fits the target in the current
frame. This treatment not only leads to the best scale of the object in the current
frame, but also is able to cope with possible sheer transformations the object might
experience, a common problem in human tracking.

With that in mind, the scale mean-shift can be formulated as a combination of two
1D mean-shifts on the major and minor axis of the target ellipse whose initial values
are @ and b, respectively. Similarly to the angle mean-shift in the previous section, it
is required that the spatial coordinates X = {x;};- . are translated into the axis-
coordinates corresponding to the major and minor axes of the target ellipse. We do this
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lf‘é

Figure 3.4: Spatial, orientation and scale mean-shift with the “Phone” sequence. Ex-
tracted frames: 6, 71, 91, and 106.

-

Figure 3.5: Spatial, orientation and scale mean-shift with the *“Tennis” sequence. Ex-
tracted frames: 1, 29, 67, and 105.

depicts a scene of a mobile phone undergone some severe transformations in scale and
orientation, while Figure 3.5 shows a tennis game in which the tracking player moves
quickly from the back to the front of the court. Despite these challenging factors,
the mean-shift algorithm presented here accurately tracks both targets, in both spatial,
orientation and scale domains. It is worth noting that, in both sequences, the target
ellipse is expanded and contracted in both axes simultaneously and independently, as
shown in frame 91 of the “Phone” sequence and frame 105 of the “Tennis™ sequence.

3.3.3 Tracking with Arbitrary Kernel Profile

Recall that, in Section 2.4.2.1, the specific choice of the kernel profile gives rise to the
name kernel-based tracking, whereas the mean-shift optimisation scheme is responsi-
ble for the name mean-shift tracking. In fact, the mean-shift tracker is not restricted to
a specific kernel profile K(.), but, on the contrary, can be used with a variety of kernel
profiles such as the Epanechnikov, the diffusion, the Tukey and the Hampel profiles
(Li, 2001). Figure 3.6 illustrates the effects of different kernel profiles on a target
ellipse presented in the previous sections. Here, we have plotted the pixel weights de-
rived by applying the Tukey kernel profile, the diffusion kernel profile and the Hampel
kernel profile on the target ellipse. Note that, despite the the difference in the shape of
these kernel profiles, they share a similarity in governing more weight for pixels that
are closer to the centre of equilibrium, or in particular, the centre pixel of the ellipse for
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/

Figure 3.6: Different kernel profile X(x, y) of the target ellipse. From left to right:
K(x.y) in the image coordinates; K(#.#) in the polar coordinates; X(A,,a’) and
K(A. V') as the projection on the major and minor axes, respectively. From top to
bottom: Tukey kernel; diffusion kernel and Hampel kernel, respectively.

the spatial mean-shift, the major axis of the target ellipse for the orientation mean-shift
and the midpoints of the major and minor axes for the scale mean-shift. In this sec-
tion, we focus on the two most popular kernel profiles used in kernel-based methods,
namely the Epanechnikov and the diffusion kernels.

3.3.3.1 Epanechnikov Kernel

In (Comaniciu et al., 2003), the profile kernel K(X',y) for each pixel {x;}i-; , is
defined as a function of the form

1 — ny)? if 0 <1
Elrie) = g9(xi,y)* if [lg(xi. )| (3.43)
0 otherwise

where g(x;.y) is a monotonic function which, for tracking purposes is defined with
respect to the centre pixel y of the tracking region in the current frame. Thus, for
rectangular tracking regions centered at y of width w and height z the square of g¢(-) is
typically given by
2 _ Ay —xill®
9(zi,y)" = —5— (3.44)

w* + 22
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Figure 3.7: Results for the “Falling” sequence at frames 600, 800, 900 and 1000. From
top to bottom: Ground truth, results yield using the Epanechnikov and the Diffusion
Kernels, EM-like Shift (Zivkovic and Krose, 2004), Particle filter (Pérez et al., 2002)
and Mean-shift (Comaniciu et al., 2003).

the Epanechnikov and Diffusion Kernels in the second and third rows. The forth, fifth
and sixth rows show the results of the EM-like shift (Zivkovic and Krose, 2004), Parti-
cle filter (Pérez et al., 2002), and the mean-shift (Comaniciu et al., 2003), respectively.
In this sequence, the outfit of the target is quite distinctive to that of the background.
As aresult, all the trackers under study manage to track the target throughout the scene
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Figure 3.8: Left: Target centre square error, Right: Target area square error of the
“Falling” Sequence.

with ease, except the particle filter tracker shows some mislocalisation between frames
700 and 900 in which the target falls down and hence, undergoes some moderate ap-
pearance deformations.

The above elaborations become more evident in Figure 3.8. In particular, we have
evaluated the performance of the trackers under study making use of two numerical
measurements. The left graph plots the target centre error in pixel distance of each
tracker against the ground truth, while the right graph shows the target area error in
pixels square. In the target centre error graph, the implementations of our tracker
with the Epanechnikov kernel and Diffusion kernel score the lowest target centre of
7.50 4+ 3.41 and 7.41 % 3.42 pixels, respectively. This is followed by the EM-like
mean-shift, the original mean-shift and the particle filter with the target centre errors of
7.51 +3.23, 9.47 +4.25 and 13.97 & 5.98 pixels, respectively. Furthermore, Figure 3.8
shows that mislocalisation for all four trackers is worst from frame 700 to 900, when
the tracking object falls down and experiences some moderate degree of deformation.

In the scale error graph, we have employed the logarithmic scale to better illustrate
the pixel square error for the target area, thus the closer the tracker scores toward the
line 10°, the better the tracker performs. In this sequence, the EM-like mean-shift
(Zivkovic and Krose, 2004) yields the best scale approximation between frame 700
and 900. The EM-like tracker, however, also gives the most inaccurate scale estimation
during the first and last 100 frames. This inconsistency in performance of the EM-like
mean-shift (Zivkovic and Krose, 2004) results in a large target area error of 821.74 +
910.47 pixel square. The original mean-shift (Comaniciu et al., 2003), on the other
hand, shows a poor performance in estimating the scale of the target, resulting the
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Figure 3.9: Results for the “Browse” sequence at frames 400, 500, 700 and 800. From

top to bottom: Ground truth, results yield using the Epanechnikov and the Diffusion
Kernels, EM-like Shift (Zivkovic and Krose, 2004), Particle filter (Pérez et al., 2002)
and Mean-shift (Comaniciu et al., 2003).

Table 3.2.

Throughout the experiments, we can conclude that our approach performs much
better than the EM-like mean-shift (Zivkovic and Krose, 2004), the particle-filter based
tracker (Pérez et al., 2002) and the original mean-shift tracker (Comaniciu et al., 2003)
with the tracking object that exhibits moderate to significant scale and orientation de-
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Figure 3.10: Left: Target centre square error, Right: Target area square error of the

“Browse” Sequence.

Falling sequence
Mean Centre | STD Centre | Mean Area STD Area
Error Error Error Square | Error Square

GroundTruth 0 0 0 0
Epanechnikov kernel 7.50 3.41 647.53 382.33
Diffusion kernel 7.41 3.42 684.87 384.16
EM-like mean-shift 7.51 3.23 821.74 910.47
Particle Filter 13.98 5.98 729.44 507.50
Original mean-shift 9.47 4.25 839.11 501.32

Table 3.1: Tracking performance evaluation for the “Falling” sequence.

formation, which is highly likely in a practical setup. It is also worth to stress that we
have showed and consolidated the generalisation of the algorithm by achieving sim-
ilar results with different monotomic kernel profiles, i.e. the Epanechnikov and the

diffusion kernels.

3.5 Conclusions

In this chapter, we have presented a new probabilistic interpretation for kernel-based

object tracking. By viewing the coordinates for the pixels as random variables, the

tracking task can be cast into a maximum likelihood framework. This treatment natu-
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Figure 4.1: Results for the “Football Players™ sequence. Top row: results yielded by
the original mean-shift tracker (Comaniciu et al., 2003); Bottom row: results yielded
by our method.

brightness values as a scalar on the image plane akin to gray-scaled pixel intensity. As
a result of this treatment, the LBP can then be considered to capture the contrast of the
image as an encoded string. We use these two features, i.e. pixel intensity and contrast,
as those that are least affected by both, illumination changes on monochromatic videos
and colour map transformations in thermographic videos. Following (Comaniciu et al.,
2003), we use the intensity and LBP values as indices to allocate each of the pixels in
the target image region to a bin in a 16 x 16 histogram. In this manner, our choice of
feature space implies a mean-shift iteration on a two-dimensional feature vector set.
This compares favourably with those kernel-based tracking approaches based upon
colour spaces, where the feature vectors are three-dimensional in nature.

4.1.1.1 Normal RGB Inputs

To show the robustness of the LBP in coping with blurred, fast moving targets in
monochromatic videos, we have used the “Football Players™ sequence as shown in
Figure 4.1. This video sequence consists of 83 frames depicting a close-up of an
American Football down. The target is given by the helmet of the player number 59.
The reasons for using this sequence are twofold. Firstly, it is a challenging one that
has been used elsewhere in the literature. Secondly, this is a colour-native sequence
that permits direct comparison with the approach of Comaniciu et al. (2003). In the
bottom row of Figure 4.1, we show example results for our algorithm. The results for
the kernel-based approach in (Comaniciu et al., 2003) are provided in the top row of
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Figure 4.2: Results for the “Cat” sequence. Top row: results yielded by the origi-

nal mean-shift tracker (Comaniciu et al., 2003); Bottom row: results yielded by our
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Figure 4.3: Results for the “Person in the Woods™ sequence. Top row: results yielded

method.

by the original mean-shift tracker (Comaniciu et al., 2003); Bottom row: results

yielded by our method.

Figure 4.1. To provide a fair comparison, the input to our method has been gray-scaled
as a preprocessing step, whereas the results for the alternative have been computed
using the full-colour information. From the figure, we can conclude that, despite being
deprived of the colour information, our algorithm does not lose the target. Furthermore,
the performance is comparable to that provided by the original mean-shift (Comaniciu
et al., 2003).

4.1.1.2 Monochromatic and Thermographic Inputs

With similar performance achieved in full-colour sequences, we now turn our attention
to the case of monochromatic and thermographic inputs. To do this, we make use
of two real-world image sequences. The first of these is that of a cat jumping on
and off a fence which we have called the “Cat” image sequence. The second of our

thermal footages is the “Person in the Woods™ sequence, which depicts a passer-by in
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Figure 4.4: Number of shifts per frame for the “Cat” and “Person in the Woods™ se-
quences. Top row: results yield by the original mean-shift tracker (Comaniciu et al.,
2003); Bottom row: results yielded by our method.

a wooded area. In contrast with the “Football Players™ sequence, in these cases, the
colour information is not available at capture. Hence, to provide comparison with the
alternative, we have resorted to the pseudo-colour image frames. In our experiments,
the pseudo-colour palette is given by the sequence of the black body radiator colours in
the thermal scale. Thus, our colourmap is such that warm objects appear bright orange,
while cold surfaces in the scene are black.

In Figure 4.2 we provide example results for the “Cat” sequence. Figure 4.3 shows
the results for the “Person in the Woods” footage. From the figures, its clear that our
method is capable of tracking the subjects in situations where the original method fails
follow the target. Furthermore, as a result of the use of the LBP, our algorithm can
cope with changes in background texture and target temperature. It is worth noting
that normalisation can always be applied as a preprocessing step. However, the use
of LBP also accounts for thermal phenomena, such as convection, which may change
relative brightness between objects in the scene, but preserves inter-object contrast.

Now we turn our attention to a more quantitative analysis on the performance of
both, our method and the original mean-shift tracker, by focusing in the number of
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Figure 4.5: Graph embedding technique: (a) A planar graph of the emblem of the Yale
University and (c¢) with the middle part removed; (b) and (d) are the corresponding
embedded graphs on a 2D coordinates using the eigenvectors of the two smallest non-
zero eigenvalues of the Laplacian matrix of the graph.

particular, the eigenvector of the Laplacian matrix of a graph can be viewed as a func-
tion on the vertices, that is, it assigns a real number to each vertex. This treatment, in
turn, allows the use of eigenvectors to embed a graph G, for instance, onto a metric
plane X. For example, Figure 4.5(a) shows the emblem of the Yale University' as a
connected planar graph. This planar graph is embedded to an Euclidean 2D space as
shown in Figure 4.5(b). In particular, the embedding process makes use the eigenvec-
tors corresponding to the two smallest non-zero eigenvalues of the Laplacian matrix of
the graph as the x and y coordinates for each vertex. This embedded graph, however,

"The MATLAB code for the planar graphs in Figure 4.5 can be accessed from
hup://www-math.mit.edu/ spiclman/cigs/
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Figure 4.6: Histogram blending operation: (a) The PDF of P(Qo.l?o.) ~
N(0.8.0.33); (b) The blended histogram is heavily weighted in favour of the candi-
date histogram, o,, = 0.818; (¢) The blended histogram is kept the same with the
current histogram, 0., = 0.875; and (d) The blended histogram is an even combination
of the current histogram and the candidate histogram, g,, = 0.751.

Here, we present an on-line feature weight updating method based upon the cross-
correlation between the histograms of the current target model and that correspond-
ing to the recovered target-centre after each mean-shift application. This technique is
based upon the weighted cross correlation between histograms and, thus, is devoid of
pixel-sample selection and injection. Moreover, we calculate the total cross-correlation
as a weighted average similarly to one presented in Section 4.3.

To commence, let {Q,, }4, <+ be the set of the M-bin histograms obtained from the
new target position and g, be the cross-correlation between Q,, and the current target

histogram Qc,.. That is
QO Q@n
6 = = — (4.16)
: <IIQa.II ||Q¢.u>
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Figure 4.7: Results for the “Meet and Walk Together 1™ sequence at frames 250, 290,
380 and 420. From top-to-bottom: results yielded by our algorithm using the 49-
feature set and the 11-feature set (first and second rows), the on-line VR-based tracker
(Collins et al., 2005) using the 49-feature set and the 11-feature set (third and forth
rows), and the on-line PCA-based tracker (Han and Davis, 2004) using the 49-feature
set and the 11-feature set (fifth and sixth rows).

of these sequences, the tracking target is manually selected by the user at the initial
frame.

We have compared our results to those yielded by two competing algorithms. These
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Figure 4.8: Results for the “Group Walk 1”sequence at frames 190, 250, 280 and 320.
From top-to-bottom: results yielded by our algorithm using the 49-feature set and the
I 1-feature set (first and second rows), the on-line VR-based tracker (Collins et al.,
2005) using the 49-feature set and the 11-feature set (third and forth rows), and the
on-line PCA-based tracker (Han and Davis, 2004) using the 49-feature set and the
| I-feature set (fifth and sixth rows).

description of the mean-shift tracker used in (Collins et al., 2005) and (Han and Davis,
2004).

In Figure 4.7, we present the sample results for frames 250, 290, 380 and 420 of
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Figure 4.9: Target Centre Error for our method, the on-line VR-based tracker (Collins
et al., 2005), and the on-line PCA-based tracker (Han and Davis, 2004). (a)(b): “Meet
and Walk Together 1" sequence using the 49-feature set and the 1 1-feature set, respec-
tively; (c)(d): "Group Walk 1" sequence using the 49-feature set and the 11-feature
set, respectively.

which we track the female target. In this footage, there is no significant illumination
change as in the previous sequence. However, as the group approaches the camera,
their bodies overlap one another before exiting the scene. The similarity in their outfit
colour further complicates the tracking task.

In this sequence, the VR-based tracker (Collins et al., 2005) performs well in the
first 100 frames with both feature sets. However, it quickly loses the target once the
target is partially occluded by another member of the group. This results in target
centre errors of up to 46.47 -+ 49.50 pixels and 46.75 + 47.52 pixels, as shown in
Figure 4.9 (c¢) and (d). The performance of the PCA-based tracker (Han and Davis,
2004) has high variation across the sequence. In particular, the PCA-tracker shows a
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Figure 4.10: Individual weights for each of the feature in the 11-feature set used in our
tracker for the “Meet and Walk Together 1" sequence (left-hand panel) and the “Group
Walk 17 sequence (right-hand panel).

similar performance to that of the VR-based tracker when the 49-feature set is used.
It also loses the target at the frames where the subject bodies overlap, being unable
to recovery afterwards. However, in the |1-feature set case, the PCA-tracker only
manages to track the target in the first 20 frames. As a result, the error measurements
are significant, 38.42 + 41.00 pixels and 86.65 + 60.16 pixels for the 49-feature set
and the 11-feature set, respectively. For our tracker, the model integrity is preserved as
a consequence of the use of the total correlation as a measure of tracking confidence.
Our tracker successfully follows the target throughout the scene with low target centre-
errors, i.e. 6.09 + 3.03 pixels and 6.25 + 2.31 pixels for the 49-feature set and the
1 1-feature set, respectively. The results for the two sequences are tabulated in Table
4.1.

Figure 4.10(b) shows the contribution of each feature to the global “strong” shift,
whereas there are 37 updates throughout the footage. These mainly occur when the
subject bodies occlude one another. Nonetheless, the vertical 3-rectangle Harr-like
feature is dominant across the sequence. From our experiments we also notice that the
normalised RGB colour channels are not as discriminant as the other features in the
set. This can be attributed to the fact that the clothing colour of the subjects in the
scene does not separate the target from the rest of the crowd.

As can be seen from Figure 4.9, the performance of each tracker under study does
not vary significantly with the two different sets of features, with a slight edge towards






4.7. CONCLUSIONS 93

l ':Il‘ r,::, ‘;

Figure 4.11: Results for the “EnterExitCrossingPath1front™ sequence at frames 170,
220, 290 and 360. From top-to-bottom: results yielded by our algorithm using the
1 1-feature set, the on-line VR-based tracker (Collins et al., 2005) using the 11-feature
set, and the on-line PCA-based tracker (Han and Davis, 2004) using the | 1-feature set.

have been corrupted with “poor” samples after the initial mislocalisation.

To take our analysis further, we revisit the example of a thermographic video de-
picting a cat jumping on a fence in Section 4.1.1.2. In this sequence, there is an abrupt
change in the scene illumination due to camera self-calibration. Despite this prob-
lem, the tracker presented here was able to maintain consistent tracking on the target,
with a few mislocalisations at the peak of the illumination variation. The VR-based
tracker and the PCA-tracker, on the other, are unable to perform the tracking task in

this extreme scenario.

4.7 Conclusions

In this chapter, we have presented a feature combination approach for object track-
ing. We have shown how the target-centre may be recovered from a weighted linear
combination of “weak” mean-shifts. This feature combination method is based upon
graph embedding techniques. Thus, it provides a principled link between feature com-
bination, graph-spectral methods and graphical models. The method performs on-line
updating based upon the correlation between the target current model and that of the
new target position at the current frame. The updating scheme presented here is gov-
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Figure 4.12: Results for the “WalkByShop1™ sequence at frames 1610, 1700, 1865 and
1878. From top-to-bottom: results yielded by our algorithm using the 11-feature set,
the on-line VR-based tracker (Collins et al., 2005) using the 11-feature set, and the
on-line PCA-based tracker (Han and Davis, 2004) using the | 1-feature set.

Figure 4.13: Results for the “Cat” sequence at frames 60, 130, 170 and 350. From
top-to-bottom: results yielded by our algorithm using the 11-feature set, the on-line
VR-based tracker (Collins et al., 2005) using the 1 1-feature set, and the on-line PCA-

based tracker (Han and Davis, 2004) using the 1 I-feature set.
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(a) (b) (c)

Figure 5.1: Difference between the sampling strategies of the 2D and 3D cases: (a)
Sample points are discretised into pixels in a 2D image. (b,c) Sample points are dis-
cretised into a set of 3D points in a volume by different sampling rate, i.e. sparser in
(b) and denser in (c).

To construct the mean-shift in 3D, we consider a scene observed by N cameras
whose camera centres are {C; },-v. These cameras share some overlapped view of the
ground plane, on which the tracking target is represented as a 3D cube as shown in
Figure 5.1(b) and (c). As we move from 2D to 3D, by introducing the z-component,
the input parameters for the mean-shift summation in Equation 5.1 need to be adjusted
accordingly.

Firstly, the sampling window X', for either the target model or the candidate re-
gions, becomes a sampling volume consisting of /A" sample points, i.e. V = {X,};-1 k.
which can be a cube or a sphere in the 3D scene based on the tracking preferences. As
a result, a sampling rate, say s,, must be defined to discretise this 3D volume V into
a collection of 3D points. To this end, a high sampling rate will produce a finer and
denser set of sample points, yet comes with higher computation cost. A low sampling
rate, on the contrary, is faster to compute but can potentially miss out important feature
points, and subsequently results in poor tracking performance. These differences are
depicted in Figure 5.1(a) and (b) as an example of a tracking target viewed in 2D and
3D, respectively.

Secondly, the kernel profile K(.), which regulates the weight of a sample point
based on how far it is from the object centre, now consists of a 3D Euclidean distance
between the sample point and the object centre in the 3D space. For instance, we
consider the Epanechnikov kernel with its generic profile

1 (d+2) Ix=ylI? co (2=y)

: sar=(] — ) iaf || =5 < 1

K.(Xy) == 2 x:d( h ) “ h | (52)
0 otherwise

-
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Figure 5.2: 3D Kernel-based Object Tracking. The sample points of the target in the
3D scene are mapped to each camera view i through the mapping ;. The mapped
points are used to construct the corresponding M -bin histograms Q; and P;, which are
then used in the 3D mean-shift as in Equation 5.6.

Bhattacharyya weight proposed in (Comaniciu et al., 2003)

N

M
. Qiv <
w(X;) = Z B; l'—‘()[b(x,]) — ) (5.7)
Piy
i=1 yP=1
where f3; is the weight associated with view i and, for the sake of simplicity, we call
it camera weight in this chapter. This camera weight 3; defines how well the target
is sampled in view i. To this end, one can simply nominate this camera weight to be
the average of the number of viewpoints, i.e. 4, = 1/N. This approach, however, can
substantially lead to mislocalisation if the target is fully occluded, or being too close
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Figure 5.3: The ground plane is commonly selected as the reference plane for a multi-
camera tracking scenario. In this example, the even sampling points (yellow dots) are
computed by mapping a grid of points on the ground plane from the 3D scene to each

camera making use of the corresponding homography matrices.

same vanishing points in the 3D scene, we have

vi=vh Vi,i €N
vi=v) Vi,ieN
vi=v)i Vi, eN (5.8)

Let I’V = v7 x v! be the vanishing line yielded by the two vanishing points v{ and v/
in view i where x denotes the cross product (Hartley and Zisserman, 2004). Similar to
the 3D consistency of the vanishing points, we also have these vanishing lines in each

camera refer to the same vanishing lines in the 3D scene. That is
Ty — 12y < ol AT
ll =t !]; Vi, 1 (S .\
=1 Vi,i'eN
=1 Vi,ieN (5.9)

In practice, however, most applications employ only the horizon line, i.e. 1*Y, and
the vertical vanishing point, i.e. v as shown in Figure 5.4. This is due to the fact that
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Figure 5.5: Point mapping between two camera views using the consistency of the
vanishing lines and a reference object. The reference object (AB) is marked as a red
line in both camera views. Top row: two points of the first target (o, and x;). Bottom

row: Two points of the second target (0 and ;).

in the 3D scene, without the need for manual selection or visibility in each pairs of
camera viewpoints. Although it is encouraged to have the real-life measurements such
as width and height of the reference object, it is not strictly necessary. For instance,
Figure 5.5 depicts a scene in which the reference object is selected as the leg of the
table visible in both camera views. The height of the leg can be either its real-life
measurement of 70cm or, without loss of accuracy, be denoted as a constant .

We now turn our attention to the mapping of an arbitrary sample point from one
view to another. Let x and o be the sample point of the object and its corresponding
ground position in view 7, respectively. Also, let A and B be the bottom and the top of
the reference object in view i whose vanishing point in the 2-direction is D (see Figure
5.4). Similarly, let X, o/, A’, B’ and D’ be the corresponding projected points in view
i'. Furthermore, we define H;_; as the homography of the ground plane between views
iand i, ie. o' = H, yoand A’ = H,_A. With the above information at hand, the
goal is to compute the projected point x" in view 7".

To commence, we aim to compute the projected distance xo on the reference line
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Figure 5.7: Multiple planar homography of 15 planes parallel with the ground plane
that map a set of 3D points in space ((a) and (d)) to each camera view. Top row: Target
number 1. Bottom row: Target number 2. The reference object is marked as a red line

in both cases.

where x; = [z1,22,1]7, vi = [v1,12,1]T, O = [04,0,,1]" and hy,y, is the entry
indexed k. ks of the homography matrix Hsp_;.

Here, we have shown how to compute the homography Hsp_; given the correspon-
dence pair x; and X;sp. This treatment allows the computation of a range of planar
homography matrices bounded by 5, and 7, corresponding to the two points x;; and
X;». To illustrate this further, Figure 5.7 shows how this method can be used to compute
a range of homography matrices between the head and the foot positions of a human
object. In particular, the object is modelled as a cube in a 3D scene as shown in Figure
5.7(a) and (d), in which an arbitrary number of slides is chosen to sub-sample the oc-
cupied volume. Here, the reference object marked as a solid red line in each sub-figure
is used to project the object head from one view to another. A set of homography
matrices is then computed for each camera view as shown in Figure 5.7(b),(c).(¢) and
().

To sum up, the point sampling strategy presented here allows a set of 3D points in
the 3D space, V = {X,},cx. to be projected into different viewpoint 7, from which
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(a) (b) (c) (d)

Figure 5.8: Sampling quality of various viewpoints. The tracking target and its corre-
sponding set of sample points being viewed from different cameras:(a) Camera 1; (b)
Camera 2; (¢) Camera 3; (d) Camera 4.

the sample correspondences {X;;};cx are drawn to construct the M-bin histograms
for the mean-shift procedure. This sampling method makes use of the ground plane
homography between different viewpoints and a reference object, so as to derive an
arbitrary number of planar homography matrices between two given points in each
view, for example the head and the foot of a human object. This treatment, in turn,
permits the flexibility in the number of planes or “slides™ in the target volume by sub-
dividing the range 7, and 7, into |®| intervals, which can be directly beneficial for the

overall tracking performance.

5.3 Camera Weights Estimation

Recall that, in Section 5.1, the weight w(X,) associated with each 3D sample point
X; is defined as a linear combination of the Bhattacharyya distances between the M-
bin histograms in each participating view as shown in Equation 5.7. This combination
is regulated by the set of camera weights {3, }.c~, in which the individual weight 3
defines how “well” the target is sampled in view 7. In this section, we quantify the
“goodness™ of each view based on the coverage of the sampling area and the cross-
correlation between the corresponding M -bin histograms. In particular, we do this by
computing the following quantity

€; = Ti0; (52')

where 7; represents the fraction of the image area covered by the projected sample

points {X;; }jcx, we call it h,;, over the image area of the projected target in view i,
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(a) (b)

Figure 5.9: The ground plane of the “Laboratory” sequence is discretised into a 59 x 59
grid coordinates viewed in the topview image (a); and in Camera | image (b). The
coloured shades show each camera coverage of the scene, or in particular, red, green,

blue and yellow correspond to view of Camera 1, 2, 3 and 4, respectively.

new object position is computed by applying the 3D mean-shift on a search volume V'

with greater or equal size to that of the original object volume V.

5.5 Experiments

In this section, we illustrate the effectiveness of our tracking algorithm by presenting
the results on two sequences from the POM-EPFL multi-camera pedestrian dataset'.
The first sequence, called the “Laboratory™ sequence, depicts a laboratory room ob-
served by four cameras, in which there are four people moving around the scene. The
second sequence, called the “Terrace™ sequence, were shot outside of a building on a
terrace. In this sequence, there are up to seven people evolving in front of four cam-
eras. For both sequences, the cameras are mounted in the corners of the scene and the
ground plane homography matrices of the cameras with respect to the bird eye view of
the scene is provided. Furthermore, these bird eye views, called topview for the sake
of convenience, are discretised into a grid system such as one shown in Figure 5.9, in
which the ground plane of the “Laboratory™ sequence is a 59 x 59 grid.

We have compared our results to those yielded by a benchmark algorithm by Khan

'"POM-EPFL dataset can be accessed from hup://evlab.epfl.ch/data/pom/index.html
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Figure 5.10: Results for the “Laboratory” sequence using 2 cameras at frames 1730,
1790, 1880 and 1905. Left: results yielded by our algorithm. Right: results yielded by
the synergy map method (Khan and Shah, 2006).

the initial frame and the tracking course is performed on two, three and four cameras.

In Figure 5.10, we present the sample results for frames 1730, 1790, 1885 and
1905 of the “Laboratory” sequence using two cameras. In this sequence, there are
four people constantly moving around the scene, amongst which the target experiences
several full occlusions in both camera views. In particular, the target is completely
occluded in Camera | at frames 1780 and 1905, while full occlusion occurs between
frames 1800 to 1880 in Camera 2. Here, we make use of the leg of the table next
to the entrance door in Camera | view as the reference object and, using the method
presented in Section 5.2.2, estimate the target head in Camera 2. The set of the planar
homography matrices is then computed to facilitate the 3D sampling scheme. Note
that, this procedure is performed only at the initial frame. The 3D mean-shift presented
here, subsequently, takes over the tracking task and successfully follows the target

throughout the sequence. Moreover, using the head estimation at the initial frame, the
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(a) (b) (c)

Figure 5.11: The drawback of the synergy map method (Khan and Shah, 2006): the
quality of the synergy map is highly dependant on the number of cameras observing
the scene. From left to right: synergy map generated at frame 1870 of the “Laboratory™

sequence by (a) two cameras, (b) three cameras and (c¢) four cameras.

bounding box of the target is correctly projected across the cameras, at every frame.
This hinges in the assumption that the object volume in the 3D scene does not vary
significantly during the course of tracking.

The alternative method (Khan and Shah, 2006), on the other hand, shows a less im-
pressive performance due to the lack of foreground pixels on the synergy map. In fact,
this problem occurs if the target is partially occluded in both camera views and can
be negated by increasing the number of cameras observing the scene. This becomes
evident through Figure 5.11(a), (b) and (c) showing the synergy map recovered from
two, three and four cameras, respectively. It is also worth stressing that, the tracking
procedure of both of our algorithm and the alternative is not performed on each indi-
vidual image, but, on the contrary, in a unified framework and the results are projected
to each camera view. Here, the unified framework for the alternative method (Khan
and Shah, 2006) is the synergy map as shown in Figure 5.11, whereas a 3D scene such
as those shown in Figure 5.7 is used as the unified framework for our tracker.

We now turn our attention to the quantitative analysis on the tracking performance
of each tracker under study. As per specification of the sequence, the ground plane
is discretised into a 59 x 59 grid and the ground truth is given as the coordinates of
this grid in the topview image. In Figure 5.13(a), we have plotted the target centre
error as a function of frame index with respect to the ground truth provided with the
“Laboratory” sequence. Note that our tracker has a significant lower target centre error
of 3.18 + 2.09 grid points, whereas the alternative (Khan and Shah, 2006), due to the

poor quality of the synergy map obtained from 2 cameras, has a higher target centre
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Figure 5.12: Results for the “Laboratory™ sequence using 3 cameras at frames 1730,
1770, 1845 and 1975. Left: results yielded by our algorithm. Right: results yielded by
the synergy map method (Khan and Shah, 2006).

error of 8.31 4 3.69 grid points. This is consistent with the behaviours described above.

As more cameras are added to the tracking scenario, the performance of both track-
ers improve significantly. In particular, Figure 5.12 shows the tracking results for
frames 1730, 1770, 1845 and 1975 using 3 cameras. The synergy map tracker (Khan
and Shah, 2006), with better foreground map, follows the target successfully with a
target centre error of 5.28 + 2.23 grid points. The performance of our tracker is also
improved, resulting in a target centre error of 2.02 + 1.11 grid points. These errors are
further reduced as we add the forth camera to the tracking framework. In particular,
the target centre error for our tracker and the alternative methods are 1.88 =+ (.98 and
3.08 £ 1.77 grid points, respectively.

Furthermore, in Figure 5.13(d), we have plotted the target centre error of our
method as a function of the number of parallel planes used for purposes of tracking. In
particular, the tracker only fails to track the target using 5 parallel planes, results in a
target centre error of 10.86 + 6.33 grid points. Reasonable performance is obtained as
the number of planes increases to 10 with a target centre error of 4.95+2.48 grid points.
Good and excellent performance is achieved when this number is raised to and beyond
20 parallel planes, with the target centre error records at 3.18 & 2.09, 3.11 + 1.92 and
2.86 4 1.71 grid points for 20, 30 and 40 planes, respectively. Here, the performance
of the tracker does not improve linearly with the number of planes used for purposes of
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Figure 5.13: Target Centre Error of the “Laboratory™ sequence: (a) using 2 cameras;
(b) using 3 cameras and (c) using 4 cameras. (d) The Target Centre Error versus the
number of parallel planes used in the point sampling process.

tracking, and in particular, minor improvement is obtained beyond 20 parallel planes.
This result is important as there is significant overhead on the computational cost as
the number of parallel planes increases. The “sweetpot™ for the tracking performance,
in this case, lies between 15 and 20 planes, as shown in Figure 5.13(b).

Moving on to the second vehicle of our experiment, in Figure 5.15, we present
the example results for frames 820, 875, 980 and 1143 of the “Terrace sequence”
using two cameras. Here, the target experiences consistent occlusion throughout the
footage, or in particular, partial occlusion occurs between frames 850 to 950 and full
occlusion takes place between frames 950 to 1050 and between 1100 to 1200. Here,
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(a) (b)

Figure 5.14: The ground plane is discretised into a 100 x 100 grid coordinates viewed
in the topview image (a) and in Camera | image (b). The coloured shades show each
camera coverage of the scene, or in particular, red, green, blue and yellow correspond
to view of Camera 1, 2, 3 and 4, respectively.

we have used another person at the initial frame of Camera | as the reference object, so
as to map the head of the tracking target to other cameras, prior to the multiple planar
homography mapping process. For this sequence, we have used 15 planar homography
planes between the foot position and the head position of the target. Additionally, as
the ground plane of this scene is larger than that of the “Laboratory” sequence, we opt
to quantise the reference plane into a 100 x 100 grid as shown in Figure 5.14. From
Figure 5.15, it is clear that both trackers still manage to track the target during the first
half of the sequence, in which the target is only partially occluded from Camera 1 view.
However, in the second half of the sequence where full occlusion occurs, both of the
trackers fail to follow the target temporarily, but are able to recover once the target is
visible in both views afterward.

We now turn our attention to the numerical results plotted in Figure 5.16(a), the
visual elaboration above becomes more evident. In particular, high target centre errors



5.5. EXPERIMENTS 121

Figure 5.15: Results for the “Terrace™ sequence using 2 cameras at frames 820, 875,
980 and 1143. Left: results yielded by our algorithm. Right: results yielded by the
synergy map method (Khan and Shah, 2006).

are recorded for both tracker in between 950 to 1050 and between 1100 to 1200 due
to the fact that the target is completely occluded from both camera views. Moreover,
the mean target centre errors for our tracker and the synergy map tracker (Khan and
Shah, 2006) are 7.49+2.79 and 6.02 + 3.26 grid points, respectively. Here, our method
records a higher target centre error due to the fact that the outfit colour of the target is
similar to other moving targets in the scene, hence, the tracking window is drift every
time a full occlusion occurs.

As we increase the number of camera observing the scene, the performance of both
trackers is improved significantly. Figure 5.17 shows the example results from frames
830, 965, 1080 and 1145 of the “Terrace™ sequence using three cameras. Here, the
additional view helps mitigate the missing information of the target during the frames
where full occlusion occurs. The alternative method (Khan and Shah, 2006), thanks to
the better synergy map constructed using three camera views, manages to follow the
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Figure 5.16: Target Centre Error of the “Terrace™ sequence: (a) using 2 cameras; (b)
using 3 cameras and (¢) using 4 cameras.

target from the beginning of the sequence up to frame 1150, and subsequently drift
further from the target centre as target approaches to other people in the scene. This
effect results in a rather high target centre error of 5.57 + 3.11 grid points even though
the tracking performance is significantly improved. Our tracker, on the other hand,
successfully tracks the target throughout the sequence, with a lower target centre error
of 4.524+2.11 grid points, as shown in Figure 5.16(b). In the case of four cameras, these
figures are further improved thanks to the redundant information provided by the forth
camera. In particular, Figure 5.16(c) shows the target centre error of the synergy map
tracker (Khan and Shah, 2006) and the method presented in this chapter as 4.78 + 3.20
and 3.58 + 2.07 grid points, respectively.
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Figure 5.17: Results for the “Terrace” sequence using 3 cameras at frames 830, 965,
1080 and 1145. Left: results yielded by our algorithm. Right: results yielded by the
synergy map method (Khan and Shah, 2006).

Sequence name “Laboratory™ “Terrace”

Our tracker | Alternative | Our tracker | Alternative
2 cameras 3.18+2.09 | 8.31 +£3.69 | 7.49 + 2.79 | 6.02 £ 3.26
3 cameras 2.02£1.11 | 5.28 £2.23 | 4.52 £2.11 | 5.57 £ 3.11 |
4 cameras 1.88 + 0.98 | 3.08 + 1.77 | 3.58 £2.07 | 4.78 + 3.20 |

Table 5.1: Target Centre Error as grid-point distance for the two sequences “Labora-
tory” and “Terrace™.

Throughout the experiment, we have evaluated the performance of the trackers
under study on two challenging sequences, in which there are a high number of moving
objects in the scene and, hence, revokes constant occlusion upon the tracking target.
Here, we can conclude that our approach performs reasonably better than the synergy
map tracker (Khan and Shah, 2006), especially in the case of two and three cameras.
The difference in performance, however, is narrowed down significantly as the number
of cameras increases.
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