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Abstract—In this paper we describe a novel approach, called
improbability filtering, to rejecting false-positive observations
from degrading the tracking performance of an Extemled
Kalman-Bucy filter. False-positives, incorrect obsesations
reported with a high confidence, are a form of norGaussian
white noise and therefore degrade the tracking pedrmance of
an Extended Kalman-Bucy Filter. Improbability filtering
removes false-positives by rejecting low likelihooabservations
as determined by the model estimates. It offers amputationally
fast and robust method for removing this form of wiite noise
without the need for a more advanced filter.

We describe an application of the improbability fiker
approach to Extendend Kalman-Bucy filters for tracking ten
robots and a ball moving at speeds approaching 5 &1 both
accurately and reliably in real-time based on the loservations of
a single color camera. The environment is highly dyamic and
non-linear, as exemplified by the motion of the balwhich varies
from free rolling under friction, to rolling up 45° inclined walls
at the boundary, to being manipulated in unpredictdle ways by
a mechanical apparatus on each robot. The sensingaratus, a
camera and color blob tracking algorithms, suffersfrom the
usual noise, latency, intermittency, as well as fro false-positives
caused by the misidentification of an observed obj¢ with a non-
negligible likelihood.

I. INTRODUCTION

application of this algorithm to small size robotser where
the tracking module must reliably track ten fasving robots
and the ball at the camera frame rate (~60Hz). HAigaly

dynamic nature of the environment, the presencdalisk-

positives caused by misidentifications, and thedniee fast
computations provide an ideal testing grounds rfquH.

The following section briefly describes the roboiceer
application that is the basis for the tracking eyst Section
Il describes the EKBF's that we implemented tockra
different objects and section IV describes the obability
filter algorithm, its approach and implementatidang with
the results of its performance. In section V, wecdss these
results and conjecture where the improbabilitefikkould be
used in other applications. Section VI concludesphper.

[I. TRACKING IN ROBOT SOCCER THE PROBLEM

RoboCup robot soccer is an exciting and challengatgpt
domain aimed at advancing robot intelligence androb[7].
This paper focuses on the tracking module impleatant in
a small size robot team where two teams of fiveot®b
compete autonomously in a game of soccer with amge
golf ball on a carpeted, ping-pong table-sizeddfieith 45°
inclined walls along the boundaries [1]. Figurehbws the
system structure with an illustration of two robfitsm either

THE Kalman-Bucy filter is a widely used algorithm foriogm

tracking observable parameters in linear systentemun

the presence of stochastic noise [4, 5]. In shibrhas
been described as the optimal tracking algorithrh f(8
parameters in the presence of Gaussian noise. Xteaded
Kalman-Bucy Filter (EKBF) extends the algorithminclude
non-linear systems whereby the model is linearasalt the
state estimate [11].

The filter algorithm is based on
assumption that the parameters of the observatams
dynamics have a Gaussian probability distributimother
words, any noise components in the system are Gauss
nature. Although noise is commonly not Gaussiandture,
with suitably chosen parameters, the filter is mftebust to
moderate violations of the Gaussian noise assumptio

This paper describes an extension of the EKBF &hgor
to remove white noise,
observations, from degrading the performance offilker.
False-positives, where incorrect observations agonted
with high confidence, violate the Gaussian assunpti
underlying the EKBF. Modifying the EKBF parametean
compensate for false-positives but at the expehseacking
ability. We describe a new approach, called Impbilig
Filtering (ImpF), developed to overcome this prohldmpF
uses the state and co-variance estimates of theFE&Elter
out unlikely observations, thereby removing falssifives
and enabling the EKBF to track reliably. We deserén

the fundamental

in the form of false-positiv

ﬁ; ° %ﬁ
Figure 1. Each robot is observed by the camera and tracked
via colored markers on top of its cover.

Each robot receives radio commands from an oft+feC.
The PC generates the commands based on its straedi
tactical algorithms, which in turn derive informatiabout the

world from an overhead camera. The overhead camera

provides interlaced fields at a rate of 60Hz. Efield is
processed using the CMVision color recognition eys{2]
and the results are reported along with an estinate
confidence measure. Thus, each object is reposted a

ObjECI?bS 0 <X]9bs' ytj:)bs!ejobslcjobs>

HereC®*is the confidence of the reported observation over

the range 0.0 to 1.9 refers to the object being tracked be it
one of the ten robots or the ball. For the opponeinbts and
the ball the orientatiof” has no meaning.



Vision sensing suffers from a number of the usuabjems The super-minus symbol indicates the results are
associate with sensors. Data is noisy, intermittantd has intermediate, pre-observation update, values. EKBKOrk
significant latency. Moreover, robot covers havétgras for by linearizing at each time step about the statémate,
individual robot identification which when viewedy the hence, the matrices, and W, are the process Jacobians at
overhead camera are occasionally misidentified vatre stepk of f(.) with respect to the state estim#&tend to noise
another causing the reported robot locations topjamound W, respectively. The Jacobians must be recalculatezshch
between frames. Misidentifications, or false-posi, act as a time step. The matrif is the process noise covariance and is
white noise source on top of the usual Gaussiasenioi the defineda priori based on knowledge of the dynamical noise
sensing stage. Such white noise causes havoc witfiy m components in the system.
tracking algorithms due to the deviations from @aussian The second stage of the filter requires incorpogati

noise pattern that they cause. observations of the real system into the statenesti. The
To accurately control the robots at speed, thekiingc measurement update equations are:

system needs to account for the deficiencies invik®n K =P H (H P HT +V.RVT)?

output. Additionally, it needs to derive velocityformation kK k( Kk RV )

that cannot directly observe. Finally, it needs pimvide X =X + Kk(zk _h(xk 0))

facilities to predict, with appropriate confidenogeasures, R, =(1—Kka)Pk‘

where the objects on the field will be at some gitiene in where K, is the so-called Kalman gainR, is the
the future. Although there are many stafisticalckiag  measurement noise covariance aeriori, while Hy, and Vi
algorithms that have been developed, the KalmaryBilter  gre the measurement Jacobians with respect to tite s
has proved to be one of the most capable filtehe. KBF and  ggtimate and noise, respectively. The operatiotheftwo
its extended variant for EKBF non-linear systems, widely  stages of the algorithm enable the state estinoateack the

used [3], have a solid and well-understood mathiealat mean of the observations and the variances to septehe
basis, and are computationally tractable when isetich a gnfidence range of the estimate.

system as the one discussed here. As such, the EKBF
represents a good choice for a tracking mechaniminveas ~ A. Robot EKBF
the one used for the robots described in this paperis To fully estimate the position and velocity of allyu

discussed next. holonomic robot constrained to a 2D plane, we nmeqgix
state variables as indicated in Figure 2. This estat
[ll. TRACKING WITH THE KALMAN -Bucy FILTER representation is used for all the robot objecksisT

Each of the eleven objects, two teams of five relaoid the X = (Xi y. 6 v, Vg w,)T

ball, is tracked using an independent EKBF. MuitipKBF's

are used due to the non-linear nature of the tnacgroblem.

Robot kinematics are inherently non-linear as ésrtiotion of

the ball both along the inclined walls and along field

surface. Multiple independent EKBF'’s are used basethe

assumption that the observations of different dijeare

independent. This is a reasonable assumption teiish . gin @center of

preserve limited computational resources. Therdveodilter field

types; the robot EKBF and the ball EKBF, where the (0.9

difference is due to the different dynamics of éhect being Figure 2. The six state variables and their relationshiphto t

tracked. We briefly describe the EKBF equations tra the regl world.

basis for the filters, which are an extension on nevious ] ] ] )

EKBF’s [8]. For a more detailed discussion of EKBRefer ~ CGiven that all the field objects are representegaticles

to [3, 9, 6, 11]. The symbols used here are idehti[11]. with ve]ocny and orientation, the process updatacfion
In the following discussions, the state estimatdl e Neglecting process noise is given by:

represented byx, and the state covariances By. Two X =B,,X_, +au, With B, = 3 RZ(Hj ).AtE

stochastic difference equations model the systenamics s | @-a)l,
and observations, respectively, as: whereR,(.) is the rotation matrix given as:
X = f(xk—liuk’wk—l) andz, = h(xk’vk) BCOS¢ -sing OH
Here z is_ an obse_rvation of the system at ske_plk is the_ Rz(¢) =[sing cosp O[]
command input at tim&, w andv are random variables with B 0 0 1H

zero mean. The EKBF operates in two stages. Thestiep is : . _ _
a dynamical update step where the state estimadeitan  The velocity command ig, the system input, given by:
covariances are updated according to the dynamiodel of u, = (0 0 0 ve(k=1) vemdi(k-1) @™ (k_|))T

. O
the~s_ystem~as. here u, is the delayed command whekeis the system
Xk = f(Xk—l’uk ’0)

latency of 6 frames corresponding to a delay oflah00ms.
P = APLA +W,Q W,/



The dynamics update equation is developed strdight
the kinematics of the system where a point partiteves
with velocity v, parallel to its given orientationys
perpendicular to this orientation, while rotatingca The o
term approximately models the slop in the PID sdoaps
running on the robots. Ther term is set to 0.5, which
empirically corresponds to the average slop obsemehe
robots when responding to velocity commands.

Based on this difference equation, the Jacobianghie
dynamics update are:

HL 0 —(v,,sin6’+v]cosé’)At CoOsgAt  —sing.At OB

AD 1 (v, cosf —v,sing)At | sind.At  cosfAt 00
B %b 0 1 0 0o atd
0 oL -

andW = (03 ‘ |3)T

positives, situations where the vision reports whantly, but
incorrectly. False-positives, which have a disastrampact
on tracking performance, are solved with the impiolity
filter discussed in section IV.

The state estimate and covariance matrix need to
initialized to reasonable values to ensure theiration is
sensible. Similarly, as robots can be removed bsti#tuted
during the game, it becomes necessary to reseEKREF
filter to its default, start up state. EKBF resate driven by
user input. In all reset/initialization cases thates estimate
and covariance matrix are set to default values of:

%, = (x°, y**=, 6% 000) andP, = diag(0?,, 02,02 000)
In short, the state estimate is set to the firsseobed
location and orientation and the covariance matisx

initialized to the noise in location produced bysiag.
B. Ball EKBF

Here,0, andl, indicate a zero matrix and identity matrix of The ball EKBF is a little different to the robot BK’s as it

sizen x n respectively. Finally, the process noise mafix
Q = diag(avzﬂ ,avzj ,aj,) , Wherediag(.) indicates a diagonal

matrix.

has different dynamical properties. The state veasto

ik:(x y Vv, vy)T

Orientation and angular velocity are dropped ay tieve

The standard deviations were chosen to reflect th® meaning for the ball. The ball is not driven tisere is no

accelerations that robots are limited to due to eitsdip.
Typically robots can accelerate on the order ofs3ror so,

input command, but it has different motions depegdbn
where it is on the field. When traveling freely rdpthe

thus, a working value of 4méawill robustly describe even the surface of the carpeted field, the ball travels istraight line

fastest robot. Working from an acceleration of 4masrobot
can change its velocity by 66mnl.i the Y5, of a second
between iterations. Hencej, was set to 66mnilsfor all
robot types. The exception to this was the difféedrdrive
robot that had its lateral
corresponding to lateral acceleration of 0.25nhtaused by
wheel slip. It was naturally assumed that opponearts
capable of omnidirectional motion. For rotatione $tandard
deviations were set to 0.2 rad.corresponding to an

acceleration of 4m%sat the robot wheel. The exception is for

the opponents where no orientation can be reliabserved.
Hence opponents hawg, is set to zero.

Observations are only made on the positions obtljects
on the field based on the vision output. Velocitiase
estimated purely on the observation of positionsraime
and the properties of the EKBF. The observationagqn,
neglecting measurement noise is straightforward:

.
Zk = h(Xk '0) = (Xobs yobs Hbs)
This is just the observation reported from the orisi

module and gives Jacobians and measurement noise as
H=(,|0,) .V =1, andR=diag(0?,02,02)

All robots are treated identically witty, set to 25mm and

o, set to 0.173 rad (~1p as obtained from empirical

measurements of the vision output.

The observation update step is not applied blinBbjise-
negatives, low confidence values in the vision aut@are
rejected immediately and the sensing update ipadormed.

but slows due to friction. If the ball hits an edtfehe field, it
rolls up and along the 45° inclined walls wherectfan is
comparably negligible.

For normal free rolling, the primary assumptiontlit

deviation set to 4mm.sfriction acts as a constant retarding force agadhesdirection

of motion unless the ball is traveling sufficienthfowly,
where its velocity decays away quite rapidly. Thedel is:

Bl 0 At OH B]/zaXAtZB

. _ 1 0 At 2a At?[0

% = MR, , +acq, = e G
a At

O % 0

+
0 1 ol
00 1@

Ba,cosy |v>a,.At
a,=0 -y,
B /nt
Here ¢ is the angle of travel of the balls the ball speed,
ay is the empirically determined acceleration cortsthre to
friction (set to 245mm§. A similar expression is developed
for they component of acceleration. When the ball is rgllin
on the wall, the component of acceleration tangémdi the
wall is set to zero and the parallel componenétfds
S ghe (f + ])
J27
This equation is developed from the dynamics ofad b
rolling on a frictionless 45° wall under the infhee of
gravity. Herei andj are the unit axis vectors ands the unit

H ant H

otherwise

af+a,j=

The dynamics update is still performed meaning theector pointing down the slope of the wall (eitheor £j).

covariances on the state estimate will grow unslacessful
observation is reported. While this approach comlfalse-
negatives robustly, it does not overcome the proliéfalse-

To use the full Jacobians for these equations woesdilt
in an overly complex computation that proves unesasgy for
the level of tracking required. The Jacobian be@mme

be



A, =M whereM is specified above.

performance of the EKBF causing the state estinmjamp

The remaining dynamics matrices are as before bait Cr0SS the field. The impact on the robot conth@tsgies is

lower dimensional. They are:

H :(Iz ‘ 02)' Q« :diag(af,avz), W (02 ‘ Iz)T
obs

z, =[x, y**), R=diaglo2,02 ), V=1,

The standard deviatiotr,, was again chosen on empirical
observations and had a value of 25mm. The velatitydard
deviation g, was more complicated. To allow the filter to
react quickly to ball-robot collisions without argxplicit
dynamic modeling, the state variances are increatet the
ball nears a robot. This was achieved through wagrys,
depending on the proximity of the ball to a robsit a

R R
g, :ma%aaR +E1—d§70,JRE

Here d is the distance between the ball and the nearest

robot and R is the maximum robot width. The nedroto
value gz was set to 100mm’s and the open field value
was set to 10mmi’s

C. Performance

The EKBF algorithm, described above, tracks thddfie
objects well except when false-positives occur. hWMihe
appropriate choice of noise covariance parametieesfilter
is able to compensate for the Gaussian noise coamp®n
present in the sensing process but not the whitiseno
components. Handling intermittency in the sensotada
relatively trivial by only performing the sensingdate step
whenever that field object is confidently identifieT hat is, if
the confidence of identification for that partiaufeeld object
is above a preset, empirically determined threshaoi:
sensing update step is computed. Otherwise theégprgutiate
step is the only one computed. Due to the natutbeoEKBF
equations, the covariance matri¥ values will increase
representing the increased uncertainty in the sitimates.
The EKBF algorithm enables one to make smal
predictions about the future location of a paracufield
object. By repeated application of the predict upda
equations to the current estimate of the stateovefor a
particular object, one can estimate its future estand
covariances enabling one to make future predictiaiosg
with their respective likelihood. Indeed, this ietapproach
used for overcoming the inherent latency in th@wiprocess
and by the behavior algorithms used to control riblgots.
Using the EKBF to predict through the inherentrateof the
vision sensor substantially improves the level dfi@vable
control with the robots, however, this is beyond #tope of
this paper.

V.

Although the EKBF works well under most conditioris,
does have one flaw that severely degrades its ipeafice.
Occasionally, the vision system will misidentiffield object.

|MPROBABILITY FILTERING

substantial.

The difficulty is caused by the Gaussian assumptiat
underlies the EKBF. When an observation differing
significantly from the state estimate, as deterahifrem the
state covariances, is incorporated into the ststienate, the
resulting Gaussian deviates significantly fromptgor shape
and position. A 1D example of this problem is shoinn
Figure 3. The left Gaussian represents the inisitdte
estimate, the right Gaussian the false-positiveeniadion.
The product of the two, after normalization, gitks middle
Gaussian, which is no longer a useful estimatb®tiue state
of the system in the short term. Although the filtebustly
recovers after some time, the impact of the shertnt
deviation on the system as a whole remains sigmific

estimate
0.01 — - : : T T
i result
0.008} 0 1
Observation
0.006 - ) (false-positive)
0.004}- ' & / 1
0.002} P iy T
0 I S l‘\ L S LN 1 L

0 500 1000 1500 2000 2500 3000 3500

Figure 3. A 1D schematic of the effect of false-positives.

There are a number of methods that one could comdei
address the problem. Clearly, a suitably complextimu
hypothesis tracking algorithm, for example [6], kbaddress
this problem. The computational cost, however, wobé
prohibitive for the application discussed here. &tover,
given the frequent occurrence of false-positivessirapler
method is desirable.
rt More ad-hoc techniques include increasing the mgnsi
covariances, thB matrix parameters. The drawback though is
degraded performance of the EKBF under normal dimmdi
due to its decreased sensitivity to sensor infhg K matrix
has smaller values). We developed another solutii
filters false-positives from observation updates dgded
domain knowledge. Our early investigations trieathswan
approach where if the observation deviated by séirea
value from the previous observation it was rejeded the
filter reset. This approach however proved sereitio
parameter choice and is somewhat brittle. The oqurest: is
there a principled way to recognize and rejectefqlssitives
that is computationally reasonable? We have dessett a
method have called improbability Filtering (ImpF).

The ImpF approach is related to multi-modal EKBRhat
it uses the current state and covariance estimetesthe
Gaussian basis of the EKBF to estimate the likelthaf
observing the given observation. That is: to deteenif an

On most occasions such misidentifications occur nvhePbservation should be rejected or accepted, ongsrteefirst

attempting to identify robots that are partiallychuzied,
something that occurs regularly in general playchSfalse-
positives in the sensing stage have a disastropadtron the

calculate the conditional probability density fupoot (pdf)
Plz!|xPd evaluated for the given observation and state



estimates and then use this likelihood to rejecteolations
with too low a likelihood as false-positives.

The conditional pdf is simply the Gaussian curvetkie n-
dimensional space of the state vector) with the mmfathe
state estimate and the covariances of the statexmdtere
both are transformed into the observation spaceluating
this Gaussian for the given observation will proslute
likelihood of the observation with the current mbdéus:

F{Z’|Xk, P ] - - e %(i_Hkiki J e (Z-Hi&)
(2ric kl)

with C, = HkPka +R

Cy is the state covariance matrix transformed to oladEm
space,n is the number of state variables amdis the
observation. If an observation is sufficiently Iike as
determined by an empirically fixed threshold setrefect a
large majority of false-positive observations, tieservation
is accepted and the filter is updated as per nor@thlerwise
the observation is rejected and the update is ski@s in the
false-negative case.

The ImpF algorithm rejects false positives in
computationally efficient manner, but does not haime
robust nature of the EKBF to incorrect state edéima
Skipped observations cause the state covariandessvio

increase without bound via the dynamical update.sté
observations are persistently different from tteesestimate,

the variances will soon become large enough that ar

observation will become likely and the new obseoratwill
be accepted. Moreover, the large covariances wilse the
state estimate to jump immediately to the new olagem.

A. Experimental Results

To confirm the correct operation of the ImpF, waaacted
experiments in both simulation and the real appbtca The
results reported here focus mainly on the simutatiResults
are qualitatively similar for the real applicatiomhich cannot
be presented here a systematic way as false-pssitiannot
be generated on demand.

The simulation environment has a rich model of nibigot
application including the full kinematics of thessym, some
limited dynamics, and modeling of the latenciesolaed in
the various components of the application. Forghgoses
of this discussion, it will suffice to argue th&etsimulator
captures all the essential parts of the world lmésenthat are
required for tracking. Noise, an integral part ofcking
problem, was modeled in two ways. Gaussian noisayrd
from a Gaussian pdf, provides the usual small $igoéése
observed during sensing. It accounts for any sreaibrs
introduced from vision artifacts such as pixeliaatiimage
blur, and pixel noise, among other things. Falssitpes,
which occur due to misidentifications, were modekesl a
Poisson process where the interval time betweentgv@
multiples of frames) was drawn from a Gamma digtidn.
The Gamma parameter was set such that on averagesdsd
between false-positive events. Intermittency wasimadeled,
as it is not realistic.

tracking a ball while it rolls down the field ang a wall. The
results for the robot tracking provide qualitativedlentical
and have not been shown here due to space cordsra
The three graphs in Figure 4 demonstrate the raBFEK
tracking ability in the presence of false-positiv€he graphs
are, in order: A) the X, Y path of the ball as kad by the
EKBF and as reported by the simulated vision. B) ¥
component of the EKBF and observations over timghg)
distance between the real ball position and thekéd

A) XY Tracking
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1000 f
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0 5 . 4
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-1000 L L L L
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-2000 . . . . .
14 16 18 Tin‘zug (S) 22 24 26
C) Distance Error
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i N KW
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Figure 4. Performance of the raw EKBF tracking the ball
hitting a wall with occasional false-positives. (g path of
the ball, (B) the tracked position and observati¢@$ the
distance error between tracked position and resitipo.

The jagged steps in the EKBF output are clearlyblés
from the distance error graph. There is a one-®-on
correlation between the large jumps in error antbefa
positives. Although the EKBF does recover quitecklyi (in
the order of ~250ms) these intermediate jumps fEogmitly
degrade the controllability of the system as a wh®he poor
quality of the tracking is apparent by the distaao®r mean
of 35.7mm (standard deviation of 70.0mm).

Figure 5 shows the tracking performance of the EKBtR
the ImpF tracking a rolling ball hitting a wall @ghA) and
the distance error (gra). Note the different scales on the

The following graphs show the tracking performancg-axis as compared to Figure 4, graphThe error plot no

comparison between the raw EKBF and the ImpF + EKBF

longer has the large peaks corresponding to fadséipes. In



comparison to above, the tracking was significaimigroved
with a mean error of 4.6mm (standard deviation &irén).
Clearly, the ImpF performs its job as desired ameaty

false-positives in a system that is not multi-moiiahature.
Moreover, the approach rejects false-positives awuth
introducing additional latency in observation umsator

improves the overall robustness of the EKBF to efals predictions and does not overly complicate the kirag

positives.
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500 | iy /f.‘/'/’
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Figure 5. The ImpF + EKBF performance with (A) the path
of the ball hitting a wall and (B) the distancecliag error.

V. DISCUSSION

The experimental results verify the observed peréorce of
the algorithm during game play, which is diffictdt express
guantitatively, as robust and accurate. Indeed stisem is
able to operate robustly even when faced with Bogmit
occlusion and periodic misidentifications. Furtherm its
performance degrades gracefully with degraded wigiput.
Hence, the improbability filter performs the task was
designed for in both a principled fashion and wittually no
‘tweaking’ required. The lack of ‘tweaking’, an miute of
robust systems more often than not, is emphasizeth®
rather arbitrary likelihood threshold chosen toecgjfalse-
positives. No real effort was required to tune thésameter
for the level of tracking required in this applicat

The above results demonstrate that in this paaicul

application ImpF successfully removes false-pos#tiviWe
conjecture that the ImpF approach
applicable as a computationally light means of rémp

module as a whole. Although applied here to an EKBE&
believe the approach may be applicable to a wideiety of
probabilistic state estimators provided that aimege of the
likelihood of the observing the reported observativen the
current estimated state of the system can be made.

VI. CONCLUSIONS

In this paper we have described a novel modificatiothe
standard extended Kalman-Bucy filter approach ftedting
and rejecting false-positives that would otherwiseve a
drastic affect on the tracking performance of tierf We
have implemented the algorithm in a working systeat
must track multiple robots, traveling at high speed a
confined space, with vision as the primary sengour
experimental results clearly demonstrate the pewdoce of
the improbability filter approach in rejecting fetpositives
while not detracting from the otherwise desirabteperties
of the Kalman-Bucy filter. Future work must now be
performed to extend this algorithm to other systems
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