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Behavior-Based Neuro-Fuzzy Controller
for Mobile Robot Navigation
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Abstract—This paper discusses a neuro-fuzzy controller for m, the wheel thickness is 0.03 m, and robot’s speed is 0.4—-0.6
sensor-based mobile robot navigation in indoor environments. my/s.

The control system consists of a hierarchy of robot behaviors. The exteroceptor system consists of a total of nine
Index Terms—Behavior, mobile robot, neuro-fuzzy control, sen- Sharp—GP2D12 infrared (IR) range sensors and four
SOrs. Sharp—GP2D15 contact sensors, as shown in Fig. 1. Using IR
range sensors instead of sonar sensors allows avoiding some of
|. INTRODUCTION the drawbacks that the later are usually suffering from multiple

reflections, limited speed of firing, and little energy returned

botb it ble of making inf éo the transducer if sensor does not point normal to the target
robotbecause itis capable ot maxing Interences eVen Un@fte e these sensors are purposefully arranged to cover the

uncertainty [1]. Having a hierarchical arch_itecture that diwd%ﬁhole field around the robot. Four forward facing range sensors
the FLC into several smaller subsystems will reduce the negatlye,  <od for collision avoidance. Two lateral range sensors
effect that a large rule-base may have on real-time performan

dth bl finsufficient k ledae for desianing th ﬁﬁs‘(ced at a 9angle relative to the forward moving direction
and the problem of insu |§:|ent howledge for designing the ru e used to control smooth contour following movements. Two
base can be solved by using a neuro-fuzzy controller [2] and [

) . ckward looking range sensors are used while turning corners,
Learning allows autonomous robots to acquire knowled

. ) . . Yhen no other sensor can provide useful data. The four contact
by interacting with the environment and subsequently adapuggnsors are placed diagonally at°4angles relative to the
their behavior. Behavior learning methods are used to soly

: irol probl that aut bot : ot’'s forward moving direction. They provide supplementary
compiex control problems that autonomous robots encountelig, ., aiion in situations when the range sensors fail to detect

an unfamiliar real-world environment. Neural networks, fuzz bstacles. Such a situation may occur, as an example, when

Ioglct,) and ;etmf_ormlament-t gnd_ ek\)/oLuthnar?/f—Iear:[mng Teﬂ;o e distance to an obstacle is less than the minimum detection
can be used to implement basic behavioral func ions [4]1-[ ]'range, (e.g., 0.1 m for a Sharp GP2D12 range sensor).
This paper discusses an experimental neuro-fuzzy con-

troller for sensor-based mobile robot navigation in indoor
environments. The autonomous mobile robot uses infrared and
contact sensors for detecting targets and avoiding collisions\We have adopted Mataric’s definition for thebot behavioy
The control system is organized in a top-bottom hierarchy & behavior is a control law that satisfies a set of constraints to
various tasks and behaviors. When multiple low-level behavioashieve and maintain a particular goal” [8].
are required, command fusion is used to combine the outpuilhe hierarchical organization of the behaviors used for the
of several neuro-fuzzy sub-systems. A switching coordinati@@ntrol of the robot is shown in Fig. 2. Each primitive behavior
technique selects a suitable behavior from the set of possilsleself-contained and reacts to data from specific sensors. For
higher level behaviors. instanceGo-Tangenbehavior reacts to forward facing sensors,
Follow-Wall behavior reacts to wall sensors, aharn-Corner
[I. MOBILE ROBOT behavior reacts to backward facing sensors.
The circular shaped mobile robot has a differential steerin The architecture of the behavior-based controller of the mo-

system. Two dc motors independently control two wheels Bie robot is shown in Fig. 3. Using the information received

n . . .
a common axis. A third wheel (caster) is provided for suppo?{.om theexteroceptorand from its dead-reckoningopriocep-
g, once every control cycle (100 ms) the controller recalcu-

The distance between wheels is 0.70 m, the wheel radius is 01}2:63 the turn angle to be assumed by the moving robot.

All but two primitive behaviors are implemented Bsizzy
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Contact sensors:
Cl1-C4
Range sensors:

F1-F3 front sensors

01-02 oblique sensors
W1-W2 ‘wall’ sensors
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direction
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Fig. 1. Sensors of the mobile robot.

Reaching 2D location (XY)

2 ﬁ;":h’l_e"d Open-Space Goto-Target Follow-Contour Dead-End
Low-level

(primitive) Goto-XY Go-Tangent Follow-Wall Turn-Corner Turn-Around
behaviors

Fig. 2. Hierarchy of the sensor-based robot behaviors.

high-level behaviors that are currently activated by the sensdrgvior is activated, which cancels the original command from
information. For example, if none of the sensors detects sontlee Goto-XYprimitive behavior.
thing, theOpen-Spacdigh-level behavior will be selected. If

there_ is information coming from all th(_a thrge sides., front, left IV. NEURO-FUZZY IMPLEMENTATION OF

and right, thd)eadTEndmgh—.IeveI behaworwnl be activated. If GO-TANGENTBEHAVIOR

the controller receives only information from the sensors on one _

of its sides, th&Soto-Targehigh-level behavior oFollow-Con- ~ The Go-Tangentbehavior calculates a turn angle that puts

tour high-level behavior will be selected. Choosing betwedh€ robot on a trajectory parallel with the surface of the ob-
these two high-level behaviors depends on the total rotatigidcle reflecting the sensor signal. Although real life obstacles
angle of the robot relative to the direction toward the targdtave irregular shapes, we consider the object surface detected
When this angle passes a certain threshold, the robot is congigund the sensor’s impact point as planar and normal to the
ered 'lost’, and it is only allowed to follow a contour but not tonain sensor axis. The angle between this plane and the current
go directly to its target at th¥Y location. robot direction is the angle required for steering the robot on a
The Very-Closeprimitive behavior is an “internal behavior” trajectory parallel with this reflection plane. Because the reflec-
used only by theCommand fusion modute invalidate com- tion plane can be assumed tangent locally to the irregular surface
mands that could lead to collisions in situations when the rob@kthe obstacle, the behavior has been na@eeTangent
is very close to an obstacle. For example, the controller acti-There are two cases to be considered for this behavior.
vates theGoto-XYprimitive behavior based on dead-reckoning 1) The obstacle is detected by only one sensor oblique to the
information fromproprioceptors However, it may happen that robot’s direction, Fig. 4. Based on the sequence of mea-
the robot actually is too close to an obstacle because dead-reck- sured range values to the obstacle we can also calculate
oning is prone to error. In this case tiery-Closeinternal be- the speed of approach. The distance and speed are fed to a
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Fig. 3. Architecture of the behavior-based controller.
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Fig. 4. Sensors used {Bo-Tangent-Oblique-Sensoase. Fig. 6. Generic triangular ~membership  functions for  both

Go-Tangent-Oblique-SensandGo-Tangent-Front-Sensaases.

F2 andF3, in Fig. 1) are fed to a Sugeno-ty@o-Tan-
gent-Front-SensoANFIS, which calculates the proper

turn anglea.
/ The general form of a fuzzy rule for a 2-input and 1-output
/ first-order Sugeno fuzzy controller is

IF xis A; AND yis B; THEN Fy, = ppx + qry + 7;
Obstacle fOI"L.::l,...,L; jzllM,
k=1,....N; N=LxM 1)

Fig. 5. Sensors used {Bo-Tangent-Front-Sensaase. . L. . .
g g wherez andy are the linguistic variabled’;, is the output for

the k-th rule, L is the size of the fuzzy set, M is the size of
Sugeno-typéso-Tangent-Oblique-SensANFIS, which  the fuzzy set3, andN is the size of the rule base.
calculates the proper turn angle For Go-Tangent-Oblique-SensoANFIS, input = is the
2) The obstacle is detected by two sensors, Fig. 5. The rardistance to the obstacle with the corresponding fuzzy
data provided by the pair of active sensdr@@ndF1,or set A = {short, medium long}, input y is the speed



1338 IEEE TRANSACTIONS ON INSTRUMENTATION AND MEASUREMENT, VOL. 52, NO. 4, AUGUST 2003

Input Input MF Rule Output MF Sum Weighted sum  Output

Fig. 7. Neural network identification of the Sugeno ANFIS parameferts, b;; } and{p, qr.r+}.

toward the obstacle with the corresponding fuzzy senly fixed nodes implementing a product operatibfetween
B = {slow, medium, fast}. Ouput F; is the turn the membership degrees of the two inpuis;) andu(y), corre-
angle for thek-th rule, andV = 9 is the size of the rule base. sponding to the two propositions in the antecedent of each fuzzy

Go-Tangent-Front-SensdkNFIS is described by a similar rule. The third layer consists of adaptive nodes, which include
Sugeno model with the single difference that in this case bdthe output membership function. The other two layers consist of
inputs, z andy, are range values. The fuzzy set forbeing fixed nodes that implement the weighted average procedure for
A = {short, medium long}, and fuzzy set foy beingB = the outputF representing the turn angle to be assumed by the
{short, medium long}. OuputF, is the turn angle for the robot
k-th rule, andN = 9 is the size of the rule base. Because of N N N
this similarity we will limit our discussion to th&o-Tangent- g _— Wher)enk Whev)eak Wkerk.
Oblique-SensoANFIS. ;<Wk %) pk+;(Wk v) qk+; Wherk. @)

We have experimented with several types of membership i )
functions for the fuzzy sets A and B and with various sizes for AS the size of the rule base of the Sugeno FIS is
L and M. Thetriangular membership functionsnd a size 3 = 9, we will have to identify 27 consequent parame-
for each of the two fuzzy setd, — M — 3, were found to (€S {P1;---:P9,d1,---, 9,71, .., 7o} This will be done by

be the simplest and best suited for this case. Fig. 6 illustrafdlyl USIng a training Se{x>y2 F} of Size P. . . .
a generic triangular membership function described by the'Ve Use aback-propagatiorlearning algorithm to identify
following equation: these para_meters_ln two st_eps. In foeward pass the input
membership functions are fixed and the consequent parameters
1 fora,; — % < . < q;. + b associated with the output are calculated by applying the least
"”(xj):{ ’ wise s timation method. Using th ters, the NN gen-
0, otherwise guare estimation method. Using these parameters, the gen
(2) erates an estimate of the turn angle. The difference between this
Fig. 7 shows the structure of the Neural Network (NN) used fastimate and the turn angle’s value from the training set is then
the identification of the parametefs;;, b;;} in (2) and{px,rr} back-propagateth asecond paswhen the premise parameters
in (1). associated with the input membership functions are calculated.
The square elements representdldaptive nodedepending  The data set we used for traini@gp-Tangent-Oblique-Sensor
on the parameter set of the adaptive network. The circles régNFIS consisted of 29 measurement data points (range, speed,
resentfixed nodeswhich are independent of the parameter setirn angle). We have also used a checking data set obtained by
The first layer is composed of adaptive nodes representing tygplying a 10% random noise to the training data set. The root
membership functions associated with each linguistic value imean squared errors of the output over 25 training epochs are
(2). The second layer implements the fuzzy rules. It includgdotted in Fig. 8.

_ 2zj—aig]
b.. b
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Fig. 8. Plot of the errors during the training &0-Tangent-Oblique-Sensor
ANFIS
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Fig. 10. Input-output characteristics Go-Tangent-Oblique-Sensor ANFEIS
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Fig. 9. Membership functions for the two inputs (range and speed) Efg 11.  Shape of the four test settings

Go-Tangent-Oblique-Sensor ANFEBe measurement unit for “Range” is the

meterand for “Speed” is the m/s.

IF ( Range is Medium and Speed is Fast)

One result of the training is the generation of the set of THEN (TurnAngle = —1.113z — 7.021y + 2.762)

premise parametef$a;;, b;;)|i = 1,2,3;j = 1,2,3} from the
(2) of the triangular membership functions.
Fig. 9 shows the resulting membership functions for#mge

input and respectively thepeednput. It may be interesting to

IF ( Range is Long and Speed is Slow)
THEN (TurnAngle = 3.907x + 4.525y — 3.954)
IF (Range is Long and S peed is Slow)
THEN (TurnAngle = 1.249z + 3.560y — 2.943)

note that, although the training started with symmetric member-IF ( Range is Long and Speed is Slow)
ship functions, their shape eventually became asymmetric aftemMHEN (TurnAngle = —0.951x + 4.639y — 3.477).

training.

The second result of the training is the generation of the set of

consequent parametef&y., qr, rr )|k = 1,2,,9} in (1). With
these parameters the Sugeno fuzzy rules are as follows.

IF ( Range is Short and Speed is Slow)
THEN (TurnAngle = —3.253x — 8.858y + 1.561)

IF ( Range is Short and Speed is Medium)
THEN (TurnAngle = 4.215z — 8.077y + 1.133)

IF ( Range is Short and Speed is Fast)
THEN (TurnAngle = 0.006z — 6.715y + 2.008)

IF ( Range is Medium and Speed is Slow)
THEN (TurnAngle = 2.967x — 9.659y + 3.276)

IF ( Range is Medium and Speed is Medium)
THEN (TurnAngle = 2.241x — 8.763y + 0.933)

Fig. 10 shows the input-output characteristics of the resulting
ANFIS controller. It has a good continuity as is normally ex-
pected from a Sugeno fuzzy controller.

V. EXPERIMENTAL RESULTS

The behavior-based robot controller has been tested in
four simulated maze-like indoor environments, Fig. 11, for
over 2,000 endpoints (start point, target point). We used the
Rossum’s Playhouse simulation environment based on a 2-D
robot simulator developed by Lucas [9]. This is a tool specially
designed for testing navigation algorithms and control logic
for robots and it is based on a client-server architecture. We
developed our own client application for the behavior-based



1340 IEEE TRANSACTIONS ON INSTRUMENTATION AND MEASUREMENT, VOL. 52, NO. 4, AUGUST 2003
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