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In this project we have experimented with basic potar vision algorithms

related to tracking, and used them to implemeningle human tracker
based on OpenCV mean-shift tracker. In addition,haee also developed
an open-source wrapper library for OpenCV to allssing it from a .NET

hosted environment, such as C#.

histogram for a selected region.

Tracking of humans is an important
computer vision building block. It is needed for
many applications, ranging from surveillanc%u
and military through computer-aided drivin
and advanced human-machine interfaces. T

g].f?'n ctha:!engesb '? humanbtricklng dare: S [4] suggests accumulating foreground pixels
merentiating eween ackgroun anGver time, where the pixel's age is represented

Iorelg(gr(()jun(tz)l_ar(teas;éZ)tﬂlfferhentlatlngbl:_)et\;veen t:l% its grayscale value; then, calculating the
racked object and other human objects on ctor of movement in the scene is done by

same scene; (3) changes in lighting, V\.'h'c% Iculating the gradient on the accumulated
causes the appearance of the tracked objecth gtory image

change; (4) two-dimensional scaling of the '
tracked object, for scenes where the objectsIn order to segment foreground and
change their distance from the camera; and (B&ckground, we subtracted from every pixel the

occlusions of the tracked object by otheweighted average of its history, and labeled the
objects. pixel according to some threshold: if the

subtraction yielded an absolute value higher

The_final tracker we c_levised consisted of fhan the threshold it was labeled foreground.
color-histogram mean-shift tracker [1] based o

i : Bnce foreground and background were
j[h_e_ OpenCV [7] implementation, _where th egmented, we applied the method from [4] to
initial histogram accuracy has been improved by
using a masked histogram instead of a box
histogram. The mask was calculated by
interactively allowing the user to place a
predefined template on the initial human being
tracked, and separating foreground from
background using a gray-scale region growing
[2] technique on both background and
foreground areas. Figure 1: Output frame from history
algorithm. As the grayscale gradient
suggests, object is moving to the right.

We have initially tried to use background
btraction combined with the approach
uggested by [4] to determine the vector of
ovement in the scene. The method described

The tracker has been compared with the
standard mean-shift tracker, where the initial o .
histogram is based on calculating a box cunr label(i, j) fg  white

1 b labeli,j) bg F™ c



determine the vector of movement in the scene The mean-shift search is performed using a
by preserving the short-term history ofredefined number of iterations, where in every
foreground pixels in any given frame: everyteration, OpenCV uses spatial moments to
foreground-labeled pixel was colored white (icalculate a new center of mass on the back-
the single-channel output frame) and for evenmyrojection.

pixel labeled background, we subtracted its
previous grayscale value by a constamis the
equation in figure 1 suggests. Thus, every non-

. ) Along our experiments with mean-shift, it is
zero pixel in each single-channel output frame

) ) . %pparent that one of the main challenges is to
describes a foreground pixel at some point | P : )
.Calculate a quality initial histogram. If this

“history”. The gradient of the grayscale image is ... | hi i qt | ¢
then equivalent to the vector of movement in th'(re]Itla Istogram Wit correspond 1o colors no
lastc frames (see figure 1). related to our object _(e.g. bgckg_round _color_s or
colors from other objects), it will not identify
This method can yield an understanding ahe tracked object accurately, and tracking it
the vector of movement in the lastframes of will be harder and less efficient.
the scene, but it lacked the ability tc
differentiate between multiple objects in the
scene. As soon as we introduced more than c
object (or moving background elements), thel
was no way of telling which one was the objec
being tracked. This method can be used as
auxiliary method to some other tracking
mechanism (to determine vector of movemel
and facilitate in path initialization for example).
or in applications where a single object is bein
viewed in the scene (e.g. the application frot
[4] — a music synthesis program). Therefore, w
have decided not to use it for our currer

implementation.

We are using the scheme implemented
OpenCV [7], which consists of three steps: (1
calculation of an initial histogram which
identifies the object being tracked; (2) applyin:

Figure 2: External box histogram: calculation of
initial box histogram (box depicted as a blue rexcjie
on the top image) and corresponding back projection
(bottom image) on the same frame. Shows low
accuracy of histogram, as background pixels are

the initial histogram onto every new frame fron
the input stream using a technique called bac
projection, yielding a single channel (grayscale)

image where each pixel contains the bin size of.'.o‘ lcoanon tr|V|aI_ approaclh to |dent|tf)y|ng dt_he
the initial histogram for the color of the/Ntial histogram is to place a bounding
ectangle on the target object, and calculate the

corresponding pixel in the new frame (this i$; ¢ thi i ; A ioned
sometimes referred to as the “probability” of th Istogram of this entire region. As mentione
&fore, this potentially leads to inclusion of

pixel to be part of the tracked object represent el direct] lated h ked
by the initial histogram); and (3) searching thg1any pixels not directly related to the tracke
object — mainly background. Unfortunately,

back-projection to find the region with the .
ckground pixels are most hazardous to mean-

highest intensity which corresponds to the aré]%.ﬁ : hev | h babil ;
where the tracked object most probably reside$ "'t Since they increase the probability o

contained within the bounding rectangle.
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consists of a grid of foreground and background
markers, devised to accommodate a common
human form, as we are tracking humans in this
application. A possible improvement of this
would be to accommodate to different types of
human templates (e.g. using some computer
: learning method). Figure 4 shows the template
Figure 3: Internal box histogram: calculating the we used in our tests; however any template may

being tracked rather than bounding the entire objec objects

yields better back-projects (right image).

Then, for each marker, we apply a single-

negative correspondence during the tracki lannlelb rlggionfgrowing d[Z] aldgori)thrril (roo%
phase (figure 2). A possible way to improve th )’. abeling foreground . an ackgroun
accuracy of such a histogram is to place Hggions with two different labels. Foreground

bounding box inside the object thus excludin gions are calculated

background pixels from the initial histogram. rst o ensure
foreground areas art _

This yields to a more accurate backaccommodated anc PR
projection (figure 3), but does not allowpackground markers I I
bounding of the entire human being trackedecond. @ The  resul L t1rt ]
possibly minimizing the number of applicationgontains three labels L !
such a tracker may be used for. We compafgreground areas in i
these two “box” histogram approaches (namelackground areas an R §
internal and external box histogram mean-shiffeutral areas (areas n« T +
to our approach below. included in foreground

The “masked histogram” approach tries t8" background regions).  Figure 5: Template
improve the accuracy of the initial histogram by Following the L?;rker& hugﬁl
using a simple segmentation technique to teegmentation stage, w crosses refer to
and include only foreground pixels in the initiajevise the final foreground areas

calculation, and exclude background pixels.  histogram mask. The ad red o

N .. K i bi tri background.
The initial step for devising the maskedNaSK IS a binary matrix

histogram is to place a human “template” on tH¢f Sizé corresponding to

target object (see figure 5). The templatg‘e bounding rectangle size, where each cell
indicates whether the corresponding pixel

should or shouldn't be part of the histogram
calculation. The mask matrix is devised by
scanning the segmentation image (with three
labels) and for each pixel, marking the
corresponding pixel in the mask accordingly. A
foreground label denotes inclusion in the mask,
Figure 4: Calculation of the histogram mask. Leftmost & background label denotes exclusion. Neutral
image shows placement of template markers on target@P€ls may then be regarded as foreground or
object. Notice the placement of foreground (bluejia background (see figure 5). In  our
background (red) markers. Middle image shows résylt  implementation, the decision of whether to
mask after region growing was applied on foreground jnclude or exclude neutral pixels in the

and background markers (foreground label is white,
background is black and neutral label is gray). lRigost foreground was left for the user. However, a

image shows an overlay of the mask on the original MOre automatic approach may be used for

image, where foreground pixels kept their origicalor
and background and neutral pixels are green. 3




neutral pixels, such as comparison to itseemedo be less satisfying (see figure 6, center
surroundings. image), it was actually “good” segmentation in
terms of mean-shift performance, as areas of the
target object that “merged” with the background
were not included at all into the histogram, thus
reducing the sensitivity of our tracker to the
gackground.

Our method consists of several steps, ea
using various parameters. We list below th
parameters and their effect on our method.

. . The forth parameter we experimented with
e T e o guas henumber of mean 1t traions to
histograms: more histogram bins allow erform during the trgcklng phase. Increasmg
differentiating our object from other object he numb_er of Iterations allows tracking of
Yaster moving objects (where the center of mass

with similar (but not exactly similar) colors. .
: o . . "changes more dramatically between frames). As
Less histogram bins increase the sensitivity
e purpose of our work has been to track

our tracker to changes in the target's color . : . -
. I umans, a single iteration was sufficient, and
histogram (e.g. due to lighting changes), bu .
: . elded quicker results.
allows it to accommodate to changes in targgi
colors during the scene. A common value of 3p..
histogram bins empirically yielded satisfactory
results. In order to compare the two methods, we

A second parameter that affects our methgbave decided to use OpenCV's mean-shift

is the flood-fill threshold used to determine racker implementatiorcyMeanShijt We have

whether a pixel should be included in the regio?\ls'O used OpenCV's histogram calculation

being grown or not. The larger this value is, the
less sensitive the flood fill algorithm is, forming
larger foreground or background regions. As the
majority of humans wear single color garments
(shirts and pants are usually single-colored), we
used a low threshold on the flood fill (usually
2). We do take into account some typical
characteristics of human clothing using our
template markers. The shirt area contains more
markers, since it is more likely for shirts to have Fi _ : .

. . igure 6: Inclusion vs. excluson of neutral
multiple colors, and the pants area contained ,iyqs [eftmost image shows region grow
two markers (see figure 4 above). Thus, the results (black = bg, white = fg, gray = neutre

flood fill will “catch” both typical shirts' and Middle image shows mask overlaid on ta
pants' colors. image while excluding neutral pixels an
rightmost image shows the overlay with neu

Another possible trade-off that we pixelsincluded.

experimented with, which is also mentioned

a'bove,. is whether tmclude or exclude_neutral capabilities.
pixels in the mask. From our experiments, we
have concluded thaxclusionof those pixels is  In order to effectively use OpenCV to create

the correct behavior for the tracking algorithm2 more elaborate user experience (which allows
In most situations excluding neutral regionmanipulating the various parameters in real-
growing pixels yielded a good segmentatiofime), we created a wrapping library that allows

between the tracked object and the backgrourEcessing OpenCV's functionality from a .NET

In situations where the resulting segmentatidtested environment (such as C#). This library
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has been released as open source [8]. results of the masked histogram tracker.

A more insightful comparison can be viewed
when observing the back projection images
calculated from the three sequences. Figure 7c¢

We compared our method to the pboghows the back projection from the external
histograms mean-shift method (where thBistogram tracker, which supports our thesis
histogram calculated is based on calculating ttggarding the divergence of this tracker at a very
histogram of a rectangle). We used the bogarly stage (the mean-shift tries to find the
histogram calculation in two ways: (1) bycenter of mass on the back projection but fails to
calculating the histogram for the entire objecglfferentlate between the tracked obpctl and its
using a rectangle that bounded the object froRfickground). Images (a) and (b) of figure 7
the outside (external box); and (2) b@how the results of the masked histogram
calculating the histogram of a small, singleacker and of the internal box histogram

colored region placethsidethe object (internal tracker. Even through the basic tracking
box). performance of those trackers seem similar, the

) ) o back-projection results show that the masked

The right-hand side sequence in figure lfisiogram tracker is more robust than the
below shows the performance of teeternal jnternal box tracker. The masked histogram

box histogram mean-shift tracker. The (ORracker uses a more accurate and complete
images in the figure show the initialization statg;i) histogram of the tracked object, resulting
of both trackers, where the tracking boxeg, 4 brighter back-projection, which may be
bound the entire tracked object. The followin@gasier” for the tracker to follow in more
images show a divergence of the external bmplex situations (the calculation of the center

tracker at a very quick stage of the sequence, §Smass of the object results in a higher area
oppose to a successful track of the masked|,e).

histogram tracker. This is caused due to the fact
that the histogram calculated on the external box SO far we have seen better performance of
area contains many background pixels, whidRe masked histogram tracker that resulted in a

divert the tracker during the tracking phase. ~ Detter initialization phase (more accurate initial
histogram of the target object). However, during

The performance comparisons to theernal - 1he fracking phase, the masked histogram
box histogram mean-shift are shown in figure Qracker regards the entire tracking rectangle
As expected, since the internal box does n@len it searches for the center of mass. This
contain any background pixels, the initiabynoses the tracker to potentially more
histogram is more accurate, thus deliveringyerfering objects than that of the internal box
better results of the tracker, rather similar t® th,;cker (in that sense the masked histogram

# n

(@) (b) (©)

Figure 7: Back projections. Shows the back projection images resulted dutimg tracking
sequences captured in figure 9 and 10 below. @hfmasked histogram tracker; (b) from internal
box histogram tracker; and ( from the external box histogram track
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tracker is similar to the external box trackerXo perform segmentation of the tracked object.
The internal box tracker suffers less from thiklsing the segmentation data, we created a mask
problem because the tracking rectangle te be used when calculating the initial histogram
smaller, and tends to stay “inside” the objectf the object. This histogram is then used to
while the masked histogram tracker bounds aalculate the back-projection for every incoming
larger region that includes non-target pixeldrame, yielding a more accurate alignment
When the tracking rectangle moves over arehstween the back-projection and the actual
(or objects) with similar histograms, it may bebject being tracked. The more robust the back-
diverted more easily, as the center of magsojection image is, the “easier” it is for the
search may contain those objects (see figure &ean-shift algorithm to locate the center of
A possible solution to this problem may be tonass of the actual object.

“shrink” the tracking rectangle during the
tracking phase, such that it will contain
smaller amount of background noise. This m

The external box mean-shift tracker could
Fot track most of the objects we experimented

"With, as the back projection calculated usually

be done autc_)matlcally “5'”9.”.‘? segmentatiql, i sined high correspondence with background
data we obtained during the initialization Sta0Siaments. The internal box tracker yielded

(e.g._forT ?1 r_ectarf1gle flhewsedt US'??ha regll? erall tracking abilities similar to the masked
growing technique from the center of the mas istogram tracker, however it has one major

However, this is not in the context of OUlyrawback which is that the tracking rectangle
current work. does not represent the actual human being
tracked, but rather a small box inside the object.
This may not be useful in applications where the
bounds of the entire human are important, and
not just its estimated position based on a small
rectangle.

As it was out of scope for this work, no
improvements have been made to the tracking
stage, in which case the large bounding
rectangle used for the masked histogram tracker
resulted in a more sensitive tracking stage, as
oppose, for example, to those of the internal box
tracker.

Figure 8: tracking rectangle is larger . .
fO? our maskedg histogf]am tracgker Advances from this work can be done in two

exposing the tracker to other objects, major aspects: (1) use of automatic generation
with potentially similathistoarams of the human template used for the mask
generation, using for example, machine learning
methods to generate a more generic template;
and (2) improvement of the tracking phase by
choosing a smaller tracking region, possibly

. . ~ based on the segmentation data from the
The masked histogram mean-shift trackingjtialization phase.

method we presented in this paper improves

upon the initialization stage of the mean-shi

method as oppose to using a simple rectangle o )
bounding the tracked object. We used pril] D. Comaniciu and V. RamesRgal Time
existing knowledge of the human form to create  Tracking of Non-Rigid Objects using

a template of markers used with region growing ~ Mean Shift, Computer Vision and Pattern
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Figure 9: sequence shows behavior of box histog
mean-shift when box is inside the object (hefird sid
sequence) against the masked histogram (figime sid
sequence).As box does not contain “junk” pixe
(background in this base), performance of the teaslare
generally similar

Figure 10: sequence shows behavior of box histogram
mean-shift when box bounds the entire object (+igirtd

side sequence) versus masked histogram mean-shift
(lefthand side sequence).



