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Abstract. In this paper a method for opticd tradk detedion besed onfuzzy dedsion
making is introduced. The method is robust to norhomogeneous lighting condtions,
changing badkground pattern, flash lights and aher spurious disturbances, and was
designed for red time implementation as part of the guidance system of an autonamous

mobil e robat.
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1. INTRODUCTION

International Mobile Roba competitions are
currently interesting fora where different research
and pedagogc solutions are presented for the same,
often challenging problem [1][4][6]. An autonamous
mobile roba was built, entirely from scratch, to
compete in the 5" and 6" editions of the Festival
International des Sciences et Technologies, both
held in Bourges, France, in 1998and 1999

In the Open class of the cntest, where IST has
competed since 1995 robas are desirably built from
scratch and are designed to follow a 5cm wide tradk
painted on a chessoard-like surface composed of
2m side sguares of aternating Hadk and white
colors. The tradk, shown in Fig. 1, has the oppdaite
color of the mrrespondng badkgroundsquare andis
composed of 2 meter long straight lines and ore-
fourth of a drcle ac segments with 1 meter radius,
in a total length of approximately 46m. There ae
tradk interruptions ©mewhere dong the path,
obtained by repladng the mrrespondng badkground
square by one with the same @lor but with notradck
segment painted on The roba must deted the
interruption, and remver the tradk at the dosest
segment. There ae dso tradk intersedions and the
end d the main tradk is sgnaled by a T-shaped
pattern.

op

Fig 1 Typicd setup for the mobile roba
competition.

In this paper, the red-time detedion and
identification o the opticd tradk to be followed,
consisting o determining the parameters which
charaderize tradk position and aientation with
resped to the vehicle, is fully described. The
estimated tradk parameters are provided to the
vehicle guidance system and shoud be robust to
non-homogeneous lighting condtions, changing
badkground gittern, flash lights and other spurious
disturbances. Moreover, the tradk detedion and



identification algorithm shodd na require prior
cdibration (e.g., histogram cheding to determine
the optimal threshold between bladk and white
colors) and shoud run as fast as possble, since its
performance ®nstrains maximum vehicle speal.

Severa authors have used fuzzy logic for the
navigation and behavior control of mobhile robds.
Tunstel and Jamshidi [11] introduced a hierarchicad
fuzzy control architedure which integrates fuzzy
behavior control, synthesis and design. Pin [10]
describes an automated generator of fuzzy rules
under his Fuzzy Behaviorist Approach framework
for rule-based development. Oriolo et al [8]
introduwced fuzzy maps to manage sensor uncertainty
when planning roba motion. Ollero et al [7] use a
fuzzy-based gudance ®ntroller for a mobhile robda,
designed to either foll ow programmed paths or wall s
and aher environment feaures. In ou work, afuzzy
guidance controller was aso used, but here we
concentrate on a fuzzy dedsion making [4]
agorithm that has been developed to evauate
several feaures of the observed trakk image and
deted a tradk in cases where a1 asciated
confidence fador, which is a function d those
fedures, exceals a given threshod. The tradk
fedures are then uwsed by the fuzzy guidance
cortroller. The method hes proven to be very robust
under the mpetition environment, where non
uniform illumination, flash lights and changes in the
light quality are mnstant sources of disturbances.
The robat using this s/stem got the 1% and 2" prizes
in its classamong 10teans from France, Portugal,
Russa and South Korea in 1998 and 1999
respedively.

The paper is organized as follows. In Sedion 2 the
track concept in this case study is gedfied. The
core of the paper is Sedion 3 where the trad
detedion agorithm is described. The purpose of
tradk detedion is to provide information to the
mobile roba guidance system so that it keeps the
vehicle on the track. Tradk parameter identificaion
is briefly referred in Sedion 4 Experimental results
show the dfed of applying the method ower red
image data on Sedion 5 The paper ends with
conclusions and future work plansin Sedion 6

2. TRACK SPECIFICATION

An 8 ht 200x150 jxel trak image can be &
complex as that shown in Fig. 2, where a track
intersedion and two red and Hadk billi ard bells are
visible. The track to be followed by the vehicle must
be wrredly deteded from such an image, so a first
necessary step isto spedfy what atrad is.

From the mmpetition rules, the tradk can be
quantitatively described by foll owing fedures:

i) the trad is well contrasted (blad tradk on
white badkground @ white tradk on Hadk
badkground;

i) the tradk has an approximate fixed width
(closeto 5cm);

iii) tradk and badkground are painted with
different uniform colors.

It is also reasonable to asume that the angle
between an image mlumn and the tradk as e in
the image never exceals a given value (e.g., 30,
correspondng to an initial and while-in-motion
vehicle dignment with the track such that this
condtionis met.

Fig 2 Tradk image.

3. TRACK DETECTION

Past and aher team's experience [6] had shown that
vision-based tradk detedion is highly sensitive to
changing lighting condtions and spurious noise
(eg., flash lights, light spots, nonuniform
illumination) along the tradk. Therefore, a basic
requirement for robust tradk detedion shoud consist
of using as much information regarding tradk
fedures as posdble to ensure that a trad is present
in some aquired image. Since the fedures are
qualitatively described and it is important to handle
their aswociated urcetainty (e.g., different pixel
brightness will correspond to the same white floor
under different light condtions), fuzzy lingustic
variables are good candidates to charaderize and
quantify them. After this charaderization is made,
fuzzy dedsion making can be used to find the track
on an image ad to identify its assciated
parameters.

To deted a tradk on the image, the usage of full
image processng methods [2] is naot feasible due to
the computational speed requirements. Instead, we
chose to processimage rows only. For agiven row, a
1% order 1-D spatial derivative is computed at pixel k
as

%:i[k+2]—i[k—2], 1)

where i[K], k=1,...200 is the pixel brightness A
derivative operator having hgh-pass filtering
charaderistics shoud aways be assciated with a
low-passfilter, to reduce noise. In this case the 1-D
[0.1 02 04 02 01] filter isapplied before (1).



The simplest approach to tradk detedion after
applying (1) would consist of determining the
maximum and minimum derivative values and
asaume that the tradk consisted of the intermediate
pixels. However, pixel noise, the presence of other
objeds and shadows would make this method \ery
unreliable. Tradk detedion robustnesswas increased
by the extradion d the threelargest absolute values
of the derivative maxima and minima as tradk
boundry candidates, followed by a seledion d the
best maximum and minimum pair of derivatives
(max-min pair), using fuzzy dedsion making.

)| filtered sarde Cernivetive
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Fig 3 Results of processng an image row, showing
the origina brightness its derivative, the three
largest maxima and minima and a mnfidence level
for the seledion d the best max-min pair.

Under the @owve asaumption d vehicle/track
aignment the results of processng an image row
diredly correspondto the trad feaures listed in the
previous fdion:

i) the derivative maxima and minima display
large values;
i) the number of pixels within tradk

boundxriesis approximately constant;

iii) the pixel brightness of the origina row is
approximately constant between the tradk boundaries
(agiven derivative max-min pair).

Fuzzy dedsion making analysis is used to grade
separately eadh tradk feaure, and to oltain joint
feaure grades for ead max-min pair, leading to the
determination d the best pair, with an associated
confidencelevel. Thisis detailed in the sequel.

3.1 Individual Features Grading

3.1.1 Feature 1: " Derivative amplitude is high"
To gade this feaure, the fuzzy lingustic term
derivative anplitude is high isdefined
for the fuzzy lingustic variable derivative
anpl i tude, whose universe of discourse
corresponds to the range of values taken by the
derivative of pixel brightness The crrespondng
membership function is depicted in Fig. 4 and was
tuned based on experimental data under average
lighting condtions.

derivative amplitude is high
T

confidence level
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derivative amplitude

Fig 4 Fuzzy membership function for derivative
amplitude.

Given a max-min pair with value-max and value-
min values, respedively, the @rrespondng x-axis
value will be cdculated as

‘valuema#&‘valuemir#
2

derivativemplitude=

@

and the associated confidence level is obtained from
the derivative anplitude 1is high
membership function.

3.1.2 Feature 2: "Track width is approximately
WE

The value W=15 pxels has been cdibrated for the
situation when the trad is orthogoral to the image
sample row. In nonorthogoral scenarios, the tradk
width will be slightly larger, as shownin Fig. 5.

H -

Fig 5 Trad width in dff erent situations.

Therefore we defined the aymmetric fuzzy
membership function dotted in Fig. 6 for the
lingustictermtrack wi dth approxi nately
We15 over the universe of discourse for the
lingusticvariablet rack wi dt h.

track width approximately W=15
1 T T T r
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Fig 6.: Fuzzy membership function for tradk width.

For eadr max-min pair the cnfidence level is
determined for a tradk width correspondng to the



distancein pixel between the locaion d the max and
min onthe x-axis.

313 Feature 3: "Different background and
track pixel brightness'

The major difficulty in this case, is to define the
threshold to discriminate black and white wlors. A
fuzzy threshold is robuwst to ill li ghting condtions,
and is obtained by establishing ore fuzzy
membership function per color (blad and white), as
depicted in Fig. 7.

—#—  black
white

Fig 7. Fuzzy membership functions for bladk and
white mlors, defined ower the universe of pixel
brightness

The fuzzy membership functions are dynamicdly
adjusted for eat sample, and were tuned based on
experimental data, leading to the following
expressons for the parametersin Fig. 7:

C, =cor_min

- H + 39Ac0r
C2 - COI‘_mII’] E (3)

. 2190,
C, =cor_min+ ——%
255

c, =cor_max

where

cor_max : sample maximum color vaue (in
pixel brightness

cor_min: sample minimum color value (in
pixel brightnesg

A = COr_max - cor_min 4

The 39 and 215 \alues represent the maximum and
minimum pixel brightnessfor which some lor can
be cmnsidered badk or white, respedively. Within
those bound, the threshold changes from sample to
sample ajusting itself to changesin light conditions.

Next, afuzzy sentenceis built to represent feaure 3.
Asaming that the badkgroundis represented by all
sample pixels except those between the max and min
positions (for some pair) and that the tradk is
represented by those pixels between the max and
min pasitions of the same pair, we have two
aternatives for these mlors, asill ustrated by Fig. 8:
ablad track onawhite badkground @ a white track
onabladk badkground

Fig 8 Blad tradk on white badkground (left) and
white tradk on Hadk badkground(right) images.

Given the fuzzy membership functions for the blad
and white mlors and these two passhble tradk
configurations, we ae ale to state the last fedurein
fuzzy lingustic terms:

{
(average mlor urtil the first edge

is white) A

(average wlor between the two edges
is black) A

(average wmlor after the second edge
is white)

\Y,

(average wlor urtil the first edge

is black) A

(average wlor between the two edges
is white) A

(average wmlor after the second edge
is black)

}.

The sentence ®nfidence level is obtained by the
applicatlion d traditional fuzzy logic conredives [3]

[9]:

Confidence level = max[min(color, is white, color,
isblad, colors iswhite) ,

min(color; is blad, color, is white,
colorzishlak) ]

with:  colory:
pixels until the first edge

average lor of the

colory: average mlor of
the pixels between the two edges

colors: average mlor of
the pixels after the secondedge

XisA: membership of x

(x O{ colory , color,, colorg}) in the fuzzy set A,
A={blac, white}.

32 Joint Feature Grading

After grading ead max-min pair with resped to eadh
tradk feaure we have to combine dl thisinformation
and infer which combination represents the tradk
locaion kest. The following matrix data
representation was used:



B«ll]_(ci) le(ci) ng(ci)[

feature?: 21(Ci) .U22(Ci) .U23(Ci)[ ©)
B31(G)  H32(G) H33(G)E
Were i (c) represents the pair  (max;,min)

membership function concerningfeaure, i,j,k=1,2,3.

The max-min pair chosen to be the trak
representative is the one that maximizes the product
of the feaure membership functions,
D”l?% %
tha3cs
Lhaglcy

qalcftalCol i ales]  Higler]HalCaltoles)l  ger]tgcr
MaYhoq|Cy | Llipq|Co | HHalC3 ] HoolC1 | HipalCaf tHoolCs] Hogler | ThaglCo
galer) aaleo | thaalcs] HaalelthaalCo)tisalcs] HaalerlHaaico

This corresponds to choasing the best confidence
level in the worst case, i.e., the one @rrespondng to
the fuzzy intersedion d all the fedures, therefore
increasing the robustness of the method In this case
the intersedion is represented by an agebraic
produwct, instead of the more usual min conredive.
The track intersedion with the image row under
analysis is asumed to be the middle point between
max; and miny, with a p, confidence level. When py
is below a pre-defined threshadld, the trad is not
considered as deteded.

4, TRACK IDENTIFICATION FOR
VEHICLE GUIDANCE

The purpose of tradk detedion is to provide
information to the mohile roba guidance system,
which keeps the aror between the vehicle and the
track reference frames snall. To adieve this, the
guidance system nedds ate least two parameters: the
angle a between the vehicle longtudinal axis and the
tradk tangent and the distance o between the vehicle
and the trad reference points. Even ower curves, the
portion d the trak seen by the vehicle's vision
system can be rredly approximated by a straight
line. This is acomplished by determining the tradk
intersedion with two rows in the image (seeprevious
sedion) one placal close to the top, and the other
close to the bottom of the image. A straight line is
adjusted to the intersedion pants. The equation o
the straight line is used to determine a and o, as
depicted in Fig. 9. When the trad is not deteded in
one of the image rows, the crrespondng row is
moved down (in the case of the top row) or up (in the
case of the bottom row) the image to seach for a
tradk. Thisis also useful to deted tradk interruptions,
which were part of the ampetition challenge.

The trakk detedion confidence level is used to
weight the vehicle speel. When confidence
deaeases, so does the spedd.

Hg 9 Track angle and offset with respect to the
vehidelongitudind axis

5. EXPERIMENTAL RESULTS

Fig. 10 shows the results of applying the method to
an image with severa tradks of different widths and
colors. In the figure, small circles represent the max-
min peir chosen as the trak representative, and
crosss represent tradk intersedions with image rows.
Verticd and haizontal lines were analyzed, as well
as bladk tradks on a white badkground and a white
tradk on a dark badkground with widths dightly
different from the nominal 15 pxel. For ead line,
pixel brightnessand its derivative ae shown, as well
as the (non-normali zed) confidence matrices for eah
of the 3 feaures. It can be seen that only one
significant edge is deteded ower verticd lines,
leading to very low confidence levels (1-2%) for the
max-min pair. Over horizontal lines, the crred pairs
are deteded, with a larger confidence fador (17-
37%). A straight line is adjusted to the straight line
based onthe threetrad intersedions with the rows,
resulting in a goodestimate of trad to be used by the
guidance system.

Track test program

Fig 10 Experimental results. Pixel brightness is
shown inred, its derivativeis shown in blue.

The developed agorithm, based on fuzzy dedsion
making theory, has proven to be very effedive, fast
and extremely robust, even at ill li ghting condtions.
The onfidencelevel provided can be used to control
the spead o the vehicle, making the vehicle
slowdown when the cndtions of visibility are bad
and speedupwhen the condtions are good



6. CONCLUSIONS AND FUTURE WORK

In this paper, a method for vision-based track
detedion wing fuzzy dedsionmaking was
introduced. The dgorithm presented runsin red time
as part of the guidance system of a mobile roba
designed to follow as fast as passhle an opticd tradk
in a roba competition. Results $how the robustness
of the method undr noisy condtions.

Future work includes the expansion d the dgorithm
usage for detedion d the resuming padnt after an
interruption, as well as, based on the processng o
the tradk deteded ahead of the vehicle, to increase or
deaease the vehicle spead online, depending on
whether a straight line or a arve is approacding,
respedively. This has been dore before with a less
robust algorithm, which needed cdibration for light
condtions[6] .
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