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ABSTRACT

Object-tracking is one of the nost popular areas of video processing; most of the
methods so far are object-dependent and concentrates only on one constraint of the object.
In this report, | tried to combine multiple constraints for a faster and more robust tracking
algorithm. Dynamic use of multiple constraints is the ultimate god of the project, for the

specific video sequences of basketbal game.

INTRODUCTION

In the last decade object-tracking become very popular because of its applicability
to daily problems and ease of production e.g. surveillance cameras, adaptive traffic lights
with object tracking, plane detection. The superiority of object-tracking to object
recognition became apparent after the development in the video processing and motion
estimation.

Although object-tracking using motion vectors is a very powerful method, it fails to
give arobust and reliable answer al the time. There are additional methods for motion
vectors in order to overcome some deficiencies of this method, such as regularization
using smoothness mnstraint, multipoint neighborhood, and pel-recursive methods [1].
The methods of object recognition most of the underestimated and not used but in this
report | try to combine these methods in order to use the power of both sides.

The report concentrates on the basketball sequences because the object recognition

part of the algorithm uses feature detection, which is specific to the sequence. The



obvious choices for constraints are color information and edges. This study basically tries

to combine color and edge condraints with the motion estimation criterion.

CONSTRAINTS

This project tries to combine the

color constraint and edge constraint with
motion vectors, so let's look at these
methods separately and in detail, to see if

we can really use them to etimate the

position and size of the ball. Here is a

200
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Motion Vector Congraint

Block-matching algorithm is the most reliable and common motion vector
estimation algorithm of all (very subjectively stated). Although it's the most common of
all, it has some robustness problems. The problems most arise in the presence of noise
and occlusions. As seen in the dass, if the sequence has appreciable camera noise the
block-matching algorithm starts to give spurious motion vectors. This phenomenon
usualy happensif the estimation istried to be done in a smooth region.

If these spurious vectors are examined, it is easily can be seen that there is a strong
relation between the vectors and the mean sguared error. When the region that’s
examined has very similar values in a region, in the presence of camera noise these
values change constantly. As you may see from Figure 1, the image quality is very low in
terms of noise. So the normal matching criterion MSE is not enough to estimate the
motion vectors.

A simple but effective choice of matching criterion is a second term that will
dominate in these situations and also will cease in the presence of motion | propose to
use a distance pandlizing term as the second criterion. The ultimate form is asfollows:

S (%-x")2+ ?2digt

Formulal




The result of the proposed matching criterion is as follows:

Criterion=MSE Criterion = MSE+ 2digt
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Motion vectors above are calculated using 16x16 window size with 32x32 pixel
search area fro the whole image. The experimental value of the lamda is found to be 20.
Actually it gives similar values for the range 10-50. If we look at this term it can be seen
that even for the farthest point it gives an error bias of 2 out of 255 for each pixel. So if
there is only noise this diminishes the noise but in the presence of the motion it is too
small. Simple threshold for the MSE is tried too, but this scaling seems to work better
empiricaly.

Edge Congraint

Edge feature is one of the most popular object features in object recognition
because of its power to represent a non-transparent object effectively with fewer values.
Another reason is human eye is more sensitive to edges than the smooth areas. Because
of the above reasons edge congraint is attempted to be used as one of the congraint.

As mentioned before the image quality is low, but this time in terms of motion blur.
Because the ball is moving relatively fast the capture efficiency is very poor when the
ball is moving. See figure 1. So the edge feature of the ball is not easy to calculate.
Another problem is the images are not edge free. There are too many details around the
balls trgjectory including bar at the bottom of ball and the one playing with the ball. But
these values can be eliminated by using absolute frame difference for edge detection. The

results of both methods are given asfollows:
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Canny edge detection with threshold value of 0.1 is used. Edge detection applied to
only current frame suffers from the background detail and the player. The difference
frame suffers from doubling of the ball because of using frame difference. As a resullt,
edge constraint will not be used as one of the constraints in this project because of the
above problemsit has.
Color Congraint

The images that are captured by the camera are converted from Avi format to
Y CrCb format. The power of this format is it has all the information that is needed and
we do not need to convert the data into other color spaces. The luminance value is used
for motion estimation and the al Y, Cr, and Cb is used for the color constraint. The color
gpace is divided into inliers and outliers. The threshold value is the found with an
algorithm that will be discussed in the following section. There band-pass are gplied,
one for each color vector. The outputs are “anded” in order to get a binary segmented
image of the sequence. This part of the code is very fast because it only uses Matlab
matrix operations. The output image mostly has the values that are needed, ball is mostly
retrieved. But because the ball is smeared during capture, some of the pixels on the ball
are rejected. Actually the position of the ball can't be determined by looking at the
images (it isredly hard even for humans, refer figure 1).

A sample output of the color congtraint looks like as follows:
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As you may see the proposed scheme works pretty good. But unfortunately not all
the results are that good. Sometimes the ball is mostly rejected or the hand of the player
(color properties are close) is included in the ball too; which resultsin an offset in the
edimation of the bdls position and radius.

GENERAL PROCEDURE

Direct implementation of the above constraints will not give us a robust and fast
agorithm. In this project, the constraints are used sequentialy and the results of one
affect the other in terms of where to make the search.

The motion estimation is the most computationally expensive constraint to calculate
so we need to fit a window for that and decrease the number of calculations. The color
congtraint doesn’t do anything by itself so a circle fit function is used in order to find the
ball in this binary image. The search window is again adjusted using the result from the
motion vector condraint.

Before going into the details of the general procedure, let’s look at the simplified
block diagram of the overal program.
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The program starts with initialization; this includes a pre-definition of the position
of the ball (taken as input from mouse by means of clicking on the image), pre-definition
of the bal’ s gpproximate color.

The motion estimation is done only for a window which has a size of 80x80 pixels,
where size of the blocks are 16x16, and has a search area of 32x32. | have used pixel
accuracy because the motion vectors are extracted fast enough with windowing; but this
procedure may become faster if sub-sampling was used.

The second constraint is color constraint and the whole image is used in order to
threshold the image, because the operations are done at matrix comparisons and dividing
the matrix itself costs more than applying the threshold to the whole image. The lower
and upper threshold values are calculated recursively at the end of each frame, so the
images are pretty good after this step.

The third step is the circle fitting, which uses the motion vector constraint result as
a starting window and searches on a 30x30 window for the ball. Actually this window
doesn’'t have to be this big most of the time; the motion vector estimates are pretty close
to the actual values Here are the statistical results of the motion vector estimation error
with respect to the find result.

Horizontal Vertica
Mean of absolute difference 1.6 17
Mean of difference 0.82 0.51
Variance of difference 4.87 797
Maximum difference 12 13

Tablel




The variance in vertica dimension is more because of the more movement in the
vertical dimension and the color estimate of the ball is not aways correct but this shows
why we need to use these methods together to get more robust algorithm. The circle fit
function takes only the binary image from the color constraint and the window search and
gives the position, radius and an image of the approximate ball. The radius of the ball
may change so an expanding radius method is used in order to find the ball. With
synthetic images these function is tested. Unfortunately, there was no video sequence to
test thisso it couldn’t be shown as aresult.

The last step is the parameter and window update. The balls estimate point and the
estimate circle is used to extract balls color information. This is done by finding the
histogram of the enclosed region by the ball and extracting the threshold values from
these histograms. Because the point that is found is only an estimate and always has the
probability of being false, the update function uses a window size of 3 in order to
approximate the threshold values. Finite size is used in order to allow changes, like
illumination. The weights are 0.5, 0.25 and 0.25 for the current, previous and the one
before previous respectively.

An optional choice which is not directly related to the project is the animation part.
There are two choices of animation which is circling the ball and making ghost balls in

the motion trgectory. The examples of these are asfollows:

o
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Figure 6
The first animation isreally easy to do because all the information for the animation
is dready found. Only a circle is drawn on the image with the found radius to the
estimate point.



The second animation needs nore calculation and more data than the first one. As
you may see from the figure 6, the original ball is not deformed and the previous balls are
shown with respect to their time of appearance. The last ball is at the farthest back and
then the third and then second and finally the current ball is on the top. This animation
requires good estimate of the current plus all last three frames. The values of the ball are
directly copied from the corresponding frames.

This kind of animations are done mostly with fame difference methods, as you
may see in this method only the ball shows this property and all the other moving objects
are not affected. The overlap of the estimate circles are the main source of animation.
Refer to the gppendix for the function “anim.nt’ for further details.

FURTHER IMPROVEMENTS

The initialization of the procedure is done by user input. The whole search for the
image for the ball istried but this procedure doesn’t always converge to the desired point
in the approximate ball color values and shows weakness in other aspects like non
recoverability. Motion vector initiaization is tried but when there are other things in the
scene this is not a very good approximate either. So the solution for the initialization
remains as an open question But if the failure of the overall is somehow not a problem
than one of these weak procedures can be used.

The occlusion of the ball results in bad approximates but maybe a limit to the match
can be put and this can be detected. Because this is the same question of the initialization
problem, there is no answer can be given to this for the time being. The above procedures
are tried for this methods but their reliability is very low and may converge random
points.

Multiple ball detection can be supported, but this questioncan be solved very easily
with an object oriented programming language. If the ball was defined as an object that
can move and if this ball detection method is written as a function then the number of
balswill not be aproblem at all.

The aim of this project is try to come up with a fast but robust method, rather than
trying to answer fancy question which may ort may not result in correct solution all the

time.



CONCLUSION

This project tries to combine video processing algorithms with image processing
algorithms in order to get more robust and faster tracking algorithm. The proposed
methods so far lacks either in robustness to noise and resolution or too slow to work in
rea-time.

The proposed method works really fast even in the presence of error when
compared to the other conventiona methods. The code is written in Matlab and each
frame takes around 10 seconds without additional animation and it takes around 17
seconds with animation. The same machine makes a full 320x240 block based notion
vector estimation (that is told in motion vector constraint) in 8 seconds. This shows that
this method can be applied in real timeif it was written in C or C++ which are capable of
doing iterative loops much faster than Matlab.

Motion vectors are very powerful when they are combined with another more
robust method like color matching. The details of the cross usage of these constraints can
be found in the “ Congraints’ part of the report.

This project directly shows a daily life application of the proposed method, ghost
ball animation, e.g. think this is applied to basketball games in NBA; it will be more
interesting to watch games. The animations may be varied and modified by the need, too.

As aresult using multiple constraints for object-tracking is a very powerful, robust

and faster way when compared to the conventiona methods.
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APPENDICES

Man.m

functi on mai n(vi deoi n, vi deoout)

%rhis Function tracks the ball in an basketball video sequence
%vul tiple constraints are used for the estimation of the bal
%These constraints are notion vectors and the col or information

odefinitions

bl ocks=16;

nmvsi ze=256/ bl ocks;

rows = 240; % mage size
cols = 320;

fid = fopen(videoin, 'r");

fid2= fopen(vi deoout,' W );

i mml=ones( 240, 320);

i mmR=ones( 240, 320);

i mMB=ones (240, 320);

| ast =250;

%li f fernece between the estimated mv and the output result

xdi f=zeros(l ast, 1);

ydi f=zeros(l ast, 1) ;

%Position of the bal

xpos=zeros(last, 1);

ypos=zeros(l ast, 1);

% he col or val ues

YUV=[ 105 112 142];

var=[50 8 10];

YUV1=YUWV;

var 1=var,
(0)/4)
% ead very first image first inmage
[y1l,ul, vl count]=nyread(fid,rows,cols);
figure;
i mgesc(yl);
col or map(gray);
[ xi n, yi n] =gi nput
0/0/0/0 0/0/0/0 0/0/0/0/0/0

fini sh=0;
for i=1:1ast

9%
% ead second i mage
[y2,u2,v2, count] =nyread(fid,rows, cols);

%check end of file
i f count==
finish=1;
i =l ast +2;
end

if finish==0

9%

%-ind the notion vectors
[x,y]l=mv22(yl,y2, bl ocks,[yin xin], 2);




%The estinmate notion
transx=sum(sum( x. *(abs(x) >2))
transy=sum(sum(y. *(abs(y)>2))
xX=r ound( xi n+t ransx) ;
yy=round(yi n+transy);

O 0 0 0 0

(sum(sum(abs(x)>2)) +1le- 20);
(sum(sum(abs(y)>2)) +1le- 20) ;

~ ~

)
)

O 070
i mout =col or _constrai nt2(y2, u2,v2, YUV, var, round(x)', round(y)"');
rmax=11;
%lhe wi ndow cones fromthe mv22 the estimate is pretty accurate so snal
wi ndow
i mer ound( [ xXi n+t ransx-15 xi n+transx+15; yi n+transy-15 yi n+transy+15]);
%-it the ball to the i mge
[immimf, xin,yin, r]=fit2(imut, rmax,|lin;
%-ind the color information
[ YUV3, var 3] =col or _updat e(y2,u2,v2,xin,yin,r);
xpos(i)=xin;
ypos(i)=yin;
xdi f(i)=xin-xx;
ydi f(i)=yin-yy;
AL AL LA L LA LA,
%ol or update
if i==
YUV=( YUV1+YWV3) / 2;
YUV2=YUV3;
var =(var 1+var 3) / 2; var 2=var 3
el se
YUV=(1/ 2* YUV2+1/ 4* YUV1+1/ 4* YUV3) ;
var =( 1/ 2*var 2+1/ 4*var 1+1/ 4*var 3) ;
YUV1=YUV2;
YUV2=YUV3;
var l=var 2
var 2=var 3

%Cr eat e ani mati on

if i==
y3=y2;
u3=u2;
v3=v2;
i mB=i mf ;
y_3=y2;
u_3=u2;
v_3=v2;

el seif i==
y3=y2;
u3=u2;
v3=v2;
i m2=i mf ;
y_2=y2;
u_2=u2;
V_2=V2;

el seif i==
y3=y2;
u3=u2;
v3=v2;
i mil=i mf ;
y_1=y2;




u_1=u2;
v_1=v2;
el se
[y3 u3
v3]=animy2,u2,v2,imf,y 1,u 1, v_ 1 imm,y 2,u 2,v_2,im2,y 3,u 3,v_3,imB,inmm,;
i MmB=i m2;
i Mm2=i mm;
i mil=i mmf ;

<ge<
W W w
i
<Es
R

<E<
NN N
ol
<Es
R

%WNite the output to disk
mywrite(fid2,y3,u3,v3);
0/0/0/0/0/0/0/0/0/0/0/0 0/0 0/0 0/0/0

end

%t the end switch the second i mage as one
yl=y2;

ul=u2;

vi=v2,

end
fclose(fid);
fcl ose(fid2);

Mv22.m

function [x,y]=mv22(Y1, Y2, bl ocks, poi nt, wi ndow)

%rhis function finds the notion vectors between two i mages
%lhe notion vectors are extracted for only the w ndow
%onstruct the enpty notion vector

not i on=zer os(si ze( Y1, 1)/ bl ocks, si ze(Y1, 2)/ bl ocks, 2);
%Const ruct the w ndow

limt=zeros(2,2);

%oint is in the formof (y,X)
limt(1,1)=floor(point(1)/Dblocks)-w ndow,

limt(1, 2)=ceil (point(1)/blocks)+w ndow,
limt(2,1)=floor(point(2)/blocks)-w ndow,
limt(2,2)=ceil (point(2)/blocks)+w ndow,

%lhe search is confined into the w ndow size

if limt(1,1)<2

limt(1,1)=2;
end
if limt(2,1)<2
limt(2,1)=2

end




if limt(1,2)>size(Y1,1)/blocks-2
limt(1,2)=size(Yl, 1)/bl ocks-2;
end
if limt(2,2)>size(Yl,2)/blocks-2
limt(2,2)=size(Y1, 2)/bl ocks-2;
end
% ver the image with the step size of bl ocks*bl ocks
SAD=zer os(2*bl ocks, 2*bl ocks) ;
for i=limt(l, 1):1imt(1,2)
for j=limt(2,1):1imt(2,2)
%eke the initializiations
m n_x=0
m n_y=0;
m n=100000
A=Y2(i *bl ocks+1:i *bl ocks+bl ocks, j *bl ocks+1: ] *bl ocks+bl ocks) ;
for k=-(blocks-1):blocks
for |=-(bl ocks-1): bl ocks
y=i *bl ocks+k;
x=j *bl ocks+l
%plit the desired part out of the inmges
B=Y1(y: y+(bl ocks-1), x: x+(bl ocks-1));
%Cal cul ate the absolute error
%he total estimation error + snoothness + di stance neasure
SAD( k+bl ocks, | +bl ocks) =sum( sum( abs( A- B))) +20* ( (k- 1) *2+(| -

1) ~2);
end
end
%wite the notion vector to the notion matrix
[val , mi n_y] =mi n( SAD) ;
[val , m n_x]=m n(val);
nmotion(i,j,1)=-(m n_y(mnm n_x)-bl ocks) +1
nmotion(i,j,2)=-(m n_x-bl ocks) +1;
end
end
%reke the flip action and plot the MWs
x=motion(:,:,2);
y=notion(:,:,1);

colorseperator.m

function inout=col or_seperator2(Y, UV, YUV, var)
%imnis sizey x sizex x 3 (YUV i mage)

% YUV is a vector for desired YUV val ue

% Var is the all owed variance of the col or
mapl=zeros(size(Y, 1), size(Y,2));

map2=zeros(si ze(Y,1)/2,size(Y,2)/2);

map=zer os(si ze(Y, 1), size(Y,2));

YUV=doubl e( YUV)

%Y val ue

mapl=Y>( YUV(1)-var(1));
mapl=and(mapl, Y<(YUV(1) +var(1)));

%J val ue
map2=U>( YUV(2)-var(2));




map2=and( map2, U<(YUV(2) +var(2)));
% i gure;

% magesc(map2) ;

%ol or map(gray);

%/ val ue
map2=and( map2, V>( YUV(3)-var(3)));
map2=and( map2, V<( YUV(3) +var(3)));

for i=1:size(Y,1)
for j=1:size(Y,?2)
i nd1l=round(i/2);
i nd2=round(j/2);
i f and(map2(indl,ind2), mpl(i,j))
map(i,j)=1;
end
end
end

i mout =map;

Fit2.m

function [inR,iml, best x, best_y,best _r]=fit2(imrmax,|imt)
%rhis function tries to fit an circle to the i nage wi ndowed with
“limt"

Wimt is on the formof [xm n xmax;ynm n ymax]

best =0;

best r=0;

best den=0;

best x=100;

best y=100;

for j=limt(2,1):1imt(2,2)

for i=limt(l,1):limt(1,2)

nonzer o=1;
% or every posible r val ue
for r=11:rmx

i f nonzero==
Osearch for the best fit
mat ch=0
for k=-r:r
for I =-r:r

if (kN"2+l72)<=r"2
if and((j+k)<size(im1l), (i+l)<size(im?2))
mat ch=mat ch+doubl e(i m(j +k, i +l));
el se
mat ch=0
end
end
end
end
%onvert to density
density=match/pi/(r)"2
i f mat ch>best Ydensi t y<0. 6




best _den=density;
best =mat ch;

best y=j;
best x=i;
best r=r;
%€l se
% nonzer 0=0;
end
end
end
end
end
best x;
best y;
best r;

i mM=zeros(size(im1),size(im?2));
for j=-best r:best r
for i=-best _r:best r
if (i”2+)"2)<=best _r~2
i m2(j +best _y, i +tbest x) =1;
end
end
end
i ml=i n2;
% i nd the outher shel
i mM=doubl e(edge(i n2, ' sobel '));
% nsert the inmage
i m2=(i m2==0);

Color_update.m

function [YUV, var]=col or _update(Y, U, V, xx, yy, r)
%rhis function estimates the col or properties of the bal
%Jses the current image and estimate position and radius
Yl=zeros(1, 4*r"2);
Ul=zeros(1, 4*r"2);
Vl=zeros(1l, 4*r"2);
var=zeros(3,1);
k=0;
%Extract thye values of image if they are in the circle
for i=yy-r:yy+r
for j=xx-r:xx+r
if ((i-yy)"r2+(j-xx)"2)<=r~"2

k=k+1;

i nd1l=round(i/2);

i nd2=round(j/2);

YLI(k)=Y(i,]);

Ul(k)=U(i nd1, i nd2);

V1(k)=V(indl,ind2);

end
end

end
%Cl ip the data
Y1=Y1(1:size(Yl, 2)-sum Y1==0));




Ul=U1( 1: si ze(Y1, 2)-sunm(Y1==0));

V1=V1(1l:size(Yl, 2)-sum Y1==0));

%ind statistical data such as nean

errorY=sort (abs(Yl-nmean(Y1l)));

error U=sort (abs(Ul-nmean(Ul)));

errorV=sort (abs(V1-nmean(V1)));

%Assi gn the val ues

YUWv=[ mean( Y1) nean(Ul) nean(V1)];
var=[errorY(round(size(errorY,2)*2/3))
errorU(round(size(errorU, 2)*2/3)) errorV(round(size(errorV,2)*2/3))];

Myread.m

function [y, u,v, count]=nmyread(fid,rows, cols)
%Read the next frane
[temp,count] = fread(fid,[cols,rows], ' uchar');

y = tenp';
[temp2, count1l] = fread(fid,[cols/2,rows/2], uchar');
u = tenmp?2';

[temp2, count1l] = fread(fid,[cols/2,rows/2]," uchar');
v = tenp2';

Mywritem

function nywite(fid,y,u,vVv)

WV¥ite the next frame
fwite(fid,y'," uchar');
fwite(fid,u',"'uchar');
fwite(fid,v'," uchar');




