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Abstract formed. This analysis can assist sport experts to devise bet
ter training strategies and game tactics. Since we aredeali
The paper deals with the problem of computer vision with measurementsf human motion, we depend heavily on
based multi-person motion tracking, which in many cases the high-quality input video data. Among others, the strict
suffers from lack of discriminating features of observed pe requirement is that, for the sake of accuracy, the cameras
sons. To solve this problem, a physics based model of hushould have the bird’'s eye view of the players. As a side
man motion is proposed, which includes intertial forces of effect, the contacts between players are then visible not as
the persons by the means of the Kalman filter, and the cylin-occlusions, but as collisions. Note: lypllision, we refer
drical envelopes, which produce collision avoiding forces to the any contact between the different persons where they
when observed persons come to close proximity. We testedatisually come so close that the tracking algorithm would get
the proposed method on two sequences, one from squashonfused.
match, and the other from the basketball play and found out  In the case of “color-blind” tracking algorithms, such
that the number of tracker mistakes significantly decreased as background image subtraction, every collision, regard-
less of player appearance, is a potential problem with un-
known outcome. In the case of advanced tracking algo-
rithms, such a€ONDENSATION[7] or simpler color based
tracking methods [10], the problem is reduced to collisions
Vision based people tracking has in last decade becomeyf the players of same dress color.
increasingly important technology in several application |n this paper we present a model of person motion, which
areas. There are many promising uses of computer Vi-is pyilt on two premises:
sion based people tracking, among which are for exam-

ple surveillance [3, 6] and sport applications [5, 9]. The o thatthe human body has a certain inertia, which makes

main reason for this lies in cheaper and more powerful com- the extremely rapid changes in person’s motion impos-
puter and video equipment, which finally reached the levels sible, and

where such applications can be commercially attractive.

One of the main problems in computer vision based e that the persons have a tendency towards avoiding
multi-person human motion tracking is the reliability of head-on collisions and will try to find the path around
the tracking during collisions and occlusions. When the the other persons blocking their way.
persons being tracked have no obvious discriminating fea-
tures, the image segmentation phase of the tracker cannot We believe that these two premises are fully valid in
discriminate between two or more persons. As a conse-tracking of sport players and may have even wider use.
guence, the outcome of collision or occlusion of two per-  The paper is structured as follows: after a brief discus-
sons of the similar outfit is mostly random if no additional sion regarding image segmentation, we describe how the
models of human motion or behavior are present. Similar Kalman filter is used both to simulate the inertia of human
problems have inspired many researchers to develop varibody and provide predicted positions for a tracking in the
ous occlusion-proof tracking algorithms, such as [2, 11].  subsequent frame. Next, we describe the spatial model of

In our work, we are dealing with the tracking of peo- human body, and the corresponding collision avoidance al-
ple during the sport matches [9, 10]. The main purpose gorithm. In the last part of the paper, we present four sets of
of tracking people in sport games using computer vision is results on two different test video sequences, from squash
to acquire data of player's positions on the court. Based and basketball, which show that such model of human mo-
on this data, different types of games analysis can be per+ion significantly increases the chances of tracker prgperl

1. Introduction



choosing which player is which after the critical situaton Current image
of player collision.

Player’s next

2 Image segmentation Image predicted position
segmentation <«—

For each video frame, image segmentation is the first

step in measuring of players’ positions. These initial mea- i i

surements are fed into the proposed algorithm. We will Kalman filter

not discuss image segmentation method in this paper —our [ ——

framework is general enough to be used with any image segs— - Measurement update

mentation method which is able to provide object position S —

from the given video frame based on the position predic- C_ ,Predlcnorl?, o

tion. The actual image segmentation method used for the —

experiments is briefly described in the Experiments section Collision motion model
Let us simply assume that we are dealing with the black

box image segmentation method, which requires input im- Crifician Collision

frame. As a result, image segmentation method provides the
measurements of the positions of the player on the supplied | Colision=NO
frame. ‘

age (video frame) and the predicted player position on this W ”| avoidance algorithm
Colision = YES

Filtered player’s
positions

3 Kalman filter for human motion tracking

_ o o Figure 1. Tracker diagram. Lines and arrows
A major problem of computer vision based trackingisto  yepresent the flow of data between parts of

precisely define the next player position on the image and  the tracker.

thus reducing the search area for a image segmentation al-

gorithm in a subsequent frame. Additionally, good predic- In any modelling of human motion, articulated struc-

tions may guide the image segmentation algorithm throughture of human body poses a difficult problem. The full

“dangerous” situations, where it might jump between the and detailed body model would be too complex for our use.
players with similar visual properties. Once the positions Kalman filter allows usage of simple motion models (con-
are obtained, they usually contain noise, which has an ad-stant velocity or acceleration) and at the same time it allow
verse effect on the subsequent trajectory processing. As weahe knowledge of the modelling error to be built into the

will see, the noise has extremely negative influence on ourmodel.

collision avoidance mechanism, which calculates player ve  In ourimplementation, we are dealing with the calibrated

locities on-the-fly. system. Therefore, we are able to translate image coordi-
Kalman filter algorithm [4, 12] is an elegant and efficient nates to the real world coordinates and back on the fly. This
answer to both problems, as it: way, image segmentation algorithm is working in the image

coordinates, yet Kalman filtering and collision avoidance

e considerably reduces the noise of the measurementare performed in real world coordinates. This means that
stage and thus provides the more stable data for theall the coefficients and method parameters introduced here
the Collision avoidance algorithm have physical meaning and could be set up independently

. . N L of the actual imaging setup.
e provides next predicted player position which is then

supplied to the image segmentation module to improve 3.1 Kalman filter motion model
chances of finding the player on the next frame. '

The Kalman filter algorithm consists of two separate The primary information gained Whef‘ tracking players
are their positions on the court. That is why the human

stages, as shown in Fig. 1, the prediction part and the mea-

- : . body movement can be modelled as a motion of a single
surement update part. The prediction part is responsible fo oint. where the selected boint represents the aravity cen-
the projection forward (in time) of the current player'steta pornt, P P g y

: ) . . ter of player’s body. Therefore we can write the state space
and error covariance estimate, to obtain the a priori or Pre- ' ctor of the plaver's aravity center in the Cartesian coord
dicted estimate of the player’s state at next time step. The pay 9 y

measurement equations are on the other hand responsibl@ate system as:
for feedback, incorporating the measurement (at next time T
step) into the predicted player’s state estimate in ordebto Xk = {Pr; Ur, O, Py, Uy Oy} @
tain a new improved a posteriori estimate from which, given where variableg, v anda represent the current position,
the motion model, a new prediction can be calculated. velocity and acceleration of gravity center, respectively



Player's motion model can be defined by two indepen- player motion during several squash matches. It is also im-
dent equations, the state update equation (2) and the obseportant to stress that based on our experience, this param-
vation equation, (3). The first one describes the state-inter eter does not need to be changed for the different types of
dependence of two consecutive time steps: players, i.e. for players that play either more aggressive o

defensive type of game.
Xk+1 = Axyp 4+ wy, (2)

wherex; 1 represents the player state at the next time step,s'3 Measurement noise covariance

X, IS the player state in the current time step, the mairix ) ]

is the state transition matrix and is system noise, which In Equation (3), another random variablg that repre-

is assumed to be white and gaussian. On the other hand, th&€Nts the system measurement noise can be observed. Itrep-
observation equation (3) gives the connection between the'®Sents the observed player’s gravity center motion inscase

actual position measurements and the state space vector; When player is standing still and therefore no motion should
be observed. The measurement noise covariance matrix can

25 = Hyxp + Vi, 3) be derived [1] as:

whereH,, stands for the observation matrix, is again the

current player state and, is the measurement noise matrix.
Experiments showed that the state transition mairjx

can be defined based on the assumption of constant player’s h he i digitalizati q ) i

acceleration between two consecutive measurements, anﬁf ers_t € Image Igitalization and compression artn‘act;

that actual change in players’ acceleration can indeed be e noise of the 'mage segme,ntanon phfase, and the noise

modelled as a Gaussian white noigge. Therefore, we de- caused by the motion of player’s extremities.

fined the state transition matrix as:

Rk =F [vkvﬂ = |: T(l)l 7“(2)2 :| . (8)

Measurement noise is a result of several factors, among

4 Collision detection and avoidance

1 At A2
2
Ap=Ine® | 0 1 At |, (4) Kalman filter represents good model for a linear human
0 O 1

motion and may reduce the possibility of mislabelling the

whereAt represents the length of an interval between two Players when they come to close proximity. However, an-
consecutive measurements, and can be calculated from th@ther solution is needed to cope with highly non-linear mo-
frame rate of the actual video sequence used for tracking. tion, which iscausecboth by collisions and the human ten-
represents the Kronecker product. The observation matrixdency to avoid them.

H,, that links the measurements to state vector is defined as: N real world situations, it is obvious that people will
smoothly adapt their motion if they find themselves on a

10 0 0 00 collision path with another person. In some sport games,
Hy = 00010 0] ®) this observation is perhaps less valid, since some sports re
quire the players tblockthe motion of the opponents. Such
3.2 System noise covariance sport is for example basketball, where defensive players us

their body to block the opponent’s way to the basket. On the
other hand, the players in the offensive role will still toy t

The player's constant acceleration assumption men--""%
avoid the defense players.

tioned above is only an approximation of the actual player’s ;

dynamics. As we observed from the experiments, the ac- HOWeVer, in some sports, such as squash, players are by

tual player's acceleration is randomly changing all thestim  the rules of the gameequiredto clear the way for the op-

Considering these facts and given the formulation of the POSite player, or risk a penalty.

system state update equation (2), we are able to statigtical

determine the properties of the noise and consequently werét.1  Collision motion model

able to derive the system covariance matrix [1] for Gaussian

noise in advance as: To address the problem of collision, we devised a simple
physical model of human motion when approaching possi-
ble collision. The behavior of the players is modelled as

Qr = E[wiw{]= (6) non-elastic collision of two cylindrical objects. Since we
LAt LAt IA$ use bird’s eye view of the players and deal with calibrated
q¢-Io® | LA iAt:i gAtz (7 position data in 2D plane (X and Y coordinates of players
%Aﬁ?’ a2 At on a court plane), the model is essentially reduced to two
dimensions.

Detailed derivation of the Equation 7 can be found in [1]. Fig. 2 shows the situation during the collision of two
The only free parametey, represents the variance of accel- objects as a projection to a 2D plane (e.g. bird’s eye view
eration for player motion, and was determined by analyzing of two players, or persons in general).



be same as input coordinates, or corrected using the pro-
cedure described above, when the algorithm has detected a
possible collision.

In actual processing of the measuremspy, the values
of A, B, B,,, r4 andrg are always known, either as con-
stants {4 andrg) or as the results of previous or actual
measurements. Projectiodg anddz, , and the corrected
position B. have to be calculated.

Mathematically the projection of vectér onto vectora
can be calculated as:

b
projb = 22 2a (10)
aea
wheree denotes the scalar product of vectors. Therefore,
. By the projectionslz andds . can be calculated as follows:
Object
7777 . A—B) L] dB -
Figure 2. Collision motion model. Detailed ds) = projzpds = @.ﬁAB (11)

explanation in text. A8 o .

dsL = projzp, ds %ABL, (12)
The objects4 andB3 are modelled as circles (cylinders in LeAblL
3D space), with the center pointsand B and radiuses 4
andrg, respectively. For the clarity of the presentation, let
us assume that the objedtis stationary, and that the object
B is in motion, in the direction of vectaiz, which means
thatitis on a collision path with object. PointB,,, denotes
the measurement of the position of the obj8éh a current

whereAB , denotes the vector, perpendicular to the vector
which connects the object centersl3. This perpendicular
vector can be calculated from the vectbB in two dimen-
sional space as follows. Given the two components of the
vectorAB, x andy,

frame, which is unreliable and may need a correction by the — [z

collision avoidance mechanism. Let us also assume, that AB = y } (13)
we have the reliable measurement of position of the point . )

B. dg is the motion vector of objed§, anddz; andds. the vectorA5 | can be calculated as:

are its orthogonal components. The first one is oriented in _

the direction of the vectoA 5, which connects the centers AB, = | Y } (14)
of both objects, and the second one is perpendicular to the L Z

same vector. _ o _
Since the point3,, is actually the measurement of the 4.2 Implementation of collision detection and

position of the objec in this frame (as given for exam- avoidance mechanism

ple by the image segmentation method), it is assumed to

be wrong, if, as a consequence, the objetnd B would During the tracking, the measurements of players’ po-
overlap. sitions are continuously obtained by image segmentation

If the objects would not overlap, the measurement of the methods, coupled with Kalman filter. These measurements
position B,,, and the object motion vectat are accepted  are fed into the collision detection and avoidance algorjth
without any further processing. On the other hand, if the Which essentially works as an observer, remembering mea-

objects would overlap, the following condition is true: surements from the previous step, and internally recon-
structing object velocities (that is, motion vectats,je..)

9 for all of the objects, as shown in Fig. 3. It is obvious that
©) - . :
the collision avoidance algorithms needs the measured po-
In that case, we have to correct initial position mea- sitions of all of the objects tracked, in each stepefore the
surementB,,, in a way that the overlapping does not oc- collision avoidance on each object can be performed.
cur. The simplest way of doing it is by discarding the If the collision avoidance algorithm corrects position of

| ABy, |[< 714+ 18-

collision-generating component of the motion veatiy . a particular player, the corrected position is filtered tigio
This way, the corrected motion vectordg; | , and the cor-  same Kalman filter for a second time. This way, both a re-
rected measurement of the center of the obfei B,., in- fined measurement and new prediction of player position

stead of discarded,,. Therefore, for each pair from the are obtained from the collision-corrected position measur
temporal sequence from the measured input coordinatesment. If collision avoidance algorithm does not perform a
B, (t) = (z5(t),ys(t)), the algorithm will provide the set  correction, this entire step is skipped, and the refined mea-
of output coordinatesB’(t) = (z(t), y5(t)), which can  surement and prediction from the first Kalman step are used.



Collision detection/avoidance video sequences have been captured at 25 frames per sec-
ond and have the resolution 264 x 288 pixels. One frame

4| | constants History Reconstructed | from each video sequence is shown in Fig. 4.
m ] A’
Cm c’
TA A'(t—1) da
7 TR B'(t — 1) dp
re C'(t—1) de

Figure 3. Use of the collision motion model.
A, B, C ... denote different objects.

If such behavior of two objects is simulated using the
constant velocity of objects, it can be seen that in the situ-
ation which is shown in the Fig. 2, the objdgtwill slow
down and smoothly slide around and along the objéct
Smoothness of the motion heavily depends on the sampling
rate at which the motion is sampled or simulated. If the
sampling rate is low, the objeét will abruptly move right
of the object4 and continue its motion.

4.3 Multiple collisions and pile-ups

In contrast to the above discussion, it is usual that more
than one object is in motion and that more than two ob-
jects are tracked simultaneously. In this case multiple col
lisions may occur, and the motion correction for some ob-
jects may introduce new collisions. This simple collision
avoidance algorithm makes no attempts to explicitly solve
this scenario. Instead, the detection/correction phagis
in multiple iterations, until either the motion vectors fat Figure 4. One frame from each of the test
objects are set up in a way that there are no collisions any- video sequences in the moments of players’
more, or until certain predefined number of iterations has  collision.
been reached. This way, the algorithm makes the best effort  11q first video shows the bird’s eye view of the squash

to solve the possible pile-up of objects, but does not slow match, and was 10 minutes long. It features two players,
down or even block the entire system if the solution is not |, wearing white T-shirts, during the squash game. On

found quickly. many occasions players come to close contact, and after
that the Condensation algorithm alone cannot distinguish
5 Experiments between them anymore.

The second video shows several players on a basketball

Both the Kalman filter and the collision avoidance mech- court and is two minutes long. We tracked only the two
anism were coupled with the image segmentation methodplayers, which are both wearing white T-shirts, and perform
to perform the experiments on real world video sequences.positional dribbling. This video is not a recording of a ac-
We have chosen theONDENSATIONalgorithm, similar to tual basketball match, and players are essentially wnegstli
[8]and [7], which was modified to take advantage of the for the better position on the court, which would probably
static camera setup. The observed players are modellediot happen for such a long time in the actual basketball
with adaptive ellipses and the color histogram is used to match. The condensation algorithm alone failed completely
differentiate between different players. The algorithneslo  to distinguish the two players in this sequence (the two po-
good job of discriminating between players of the different sitions always converged to one after a just few processed
color and the background, but it fails often when the collid- frames), so itis fair to say that this type of motion repreésen
ing players are of the same color. an extremely difficult challenge.

Since our work is motivated by the problem from sport ~ To quantify the improvement, achieved by introducing
tracking domain, we used two sport video sequences toKalman filter and the collision avoidance into the scheme,
test the performance of the above described methods. Botlwe have done four runs of the tracker for both sequences:



The Condensation tracking algorithm alone was used. avoidance adds to the tracker both the inertia and the possi-
The Kalman filter was disabled by setting its parame- bility to predict the nonlinear motion when that is needed.
ters to such values that it did not modify the input data  Such algorithm has perhaps even the wider use, although
(very high dynamics). This was done for practical rea- we did not test it further. It could be perhaps useful for
sons to avoid heavy modification to our code by com- tracking persons through the partial occlusions. However,
pletely removing it. The collision avoidance algorithm this would require careful tuning of the parameters, since
was disconnected. they would probably not correspond to real-world variables
(e.g. body size in centimeters as approximate value for the

. The Kalman filter was enabled with the parameters .qjision radiuses).

that have been previously found to work well (on other
videos, on other matches). The collision avoidance al- 7 Acknowledgement
gorithm was disconnected.
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