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Abstract— This paper introduces a solution to the >'<(t)=vcos€ v +Vg
reference trajectory tracking problem done by ) T 9
a differential wheeled mobile robot Khepera Il. Thepaper y(t)=vsing = V. —v @)
includes a mathematical model of mobile robot, whit we é(t)zw a)=%

use for the acquisition of a set training data forcreating
forward and inverse neural model. The purpose of ta
control structure was the reference trajectory traking,
which we verified using the Neural Network Toolboxof
Matlab/Simulink.

where the inputs into the kinematic model are speed
wheels v, respvg and the outputs asey,8. The kinematic

model (Fig.1) allows us to determine the positiod gotation
of the robot under the condition that we know thiéal state
of the robot and we have updated information allveispeed
of the individual wheel [10].

Keywords— mobile robot, MLP neural network, forward
neural model, inverse neural model.

I. INTRODUCTION

The primary task of every mobile robot in the indyss to
track predefined trajectory form its initial to mdl position.
Track trajectory of mobile robot is possible byngsineuro-
fuzzy controller [9]. In our paper, we have useduroe
approach for tracking trajectory. Training datacessary for
proposal nonparametric controller, we have obtaifredn
simulation model of the robot, which was controlléte
proposed control structure. Simulation model of thebile
robot was used for verify algorithms of trackingfided
reference trajectory. Simulation model of the mebibbot is
based on a real mobile robot Khepera Il of K-teaonpC|[8].

y A

II. MATHEMATICAL —-PHYSICALMODEL OFMOBILE ) ) ) . X
ROBOT Fig. 1 Kinematic model of mobile robot

Created a model is based on several assumption&iyia  The kinematic model does not include friction fareeting
that the robot moves on a perfect flat surfacéauit sliding 5, the wheel and the total mass of the mobile robotwe
and also neglects the rolling resistance of theelghdosition 5ve extended the mathematical — physical modelitathe
of the mobile robot is given by the coordinatgsy and dynamic part (Fig.2), which has the following shape
angled, which represents the rotation of the mobile robot
relation to the chosen coordinate system. Mobilbotois ma =F_+Fg
controlled by the angular velocities of the whealswy . (FL —FR)b

Between the angular velocities, ,wg and peripheral speeds Je = 2
Vv, ,Vg there are the following relations

®3)

where tangent acceleratiag is given by mass of the robot
1)

mand tangent force$; a Fg, which acting on the wheels

due to change in the (b}ation speed. Angular acatide £ is
where r is radius of the wheel. Position and rotationhef t determined by the same forces, the moment of mefithe

V| =T, Vg =rag

robot in the space can be based on (1) to exgnedsitowing
equations, which form a kinematic model of the nebbbot

(Fig.1)

robot Jand distance between the whedid3]. Angular
velocities w_ andwy (@ =6, ,wz =0g) of the mobile
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robot are driven by the voltage), andJUg. Differential
equations expressing this fact have the followimgpe [1]

J6,(t)+F 6, (t)+Fr=u,

4
365 (t) + Fr6:(t) + Far =Ug @

where F; is friction force acting on the wheel. From

equations (3) and (4), we have obtained dynamicemoidthe
mobile robot in the state space :

(®)

where the state variables and their derivates haee
following physical meaning:

X(1) =[x, (1), %2 (1), X5 (), X4 (0] = [V(t), @x(t), @, ), wr (1)]
() = [ (1), % (1), % (), %, )] = [a, (1), £(1), £ (1), - (1)]

and inputs into the system are:

u=[uy (1), U (1), U3 (1), Uy (O] = [FL, Fr,U L U]
And outputs from the system are:

Y =[y10), Y2 0] = [x30), x4 0]

Fig. 2 Dynamic model of mobile robot
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Fig. 4 Simulation scheme of model robot — dynamics

We proposed a control structure to ensure thantbbile
robot can track one of the set reference trajecf@ly The
inputs into control structure of model robot arembnates of
current position of model robox, y and coordinates of
reference trajectorker, Yerr We have calculated Euclidean
distance between current and desired position efntiodel
robot by means of these coordinates. The outpais fontrol
structure are angular velocities for left and righbeels.
Subsystems control structure and model robot (Figeused
in the simulation schemes for acquisition of tmagnidata
necessary for design forward and inverse neural einod
Simulations were carried out in the sample pefipd= 001s.
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Fig. 5 Simulation scheme is designed for to simulat
movements of the mobile robot

[ll. FORWARD NEURAL MODEL OF MOBILE ROBOT

Neural model, which approximates dynamic of theesysis
called forward model. Neural network is placed mrgilel
with identification system and error between outpéitthe
neural network 9(k +1) and output of the dynamic

systemy(k +1), the so-called prediction error, is used as

We programmed simulation scheme of the mobile rob&@ining signal for neural network (Fig.6). Forwaretwork of

(Fig.3)(Fig.4) in the Matlab/Simulink, based on #mguations
of the kinematic (2) and dynamic model (3) (4) :

12

L N Constantl
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Fig. 3 Simulation scheme of mobile robot - kinematis

MLP type was used as neural network.

ld
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Fig. 6 Identification scheme based on output predimon
error

If the output of the neural model Ez(k +1) then we can
express the equation by approximation
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9(k +1)= f[y(Kk).....(k = n+2),u(K).....u(k - m+1)]
where the

representation by the neural model ay(di) resp. u(k) isn -
output respm - input of the previous values [4].

(6)
fis represents non-linear

input—outpurth

|V(1§)IVERSE NEURAL MODEL OF MOBILE ROBOT

Inverse neural model of the system is an imponpent of
e theory of control. If the forward neural modehs
described by the equation (6), then the inverseeaioan be
expressed in the form:

Training data for proposal forward neural model, we
obtained from simulation scheme to simulate the enmant of
the robot along defined reference trajectory. Rafee u(k) = f
trajectory was represented by vectrrandy coordinate. For
training the forward neural model, we used a fodvaeural . .
network of Multi Layer Perceptron (MLP) type witlent where y(k+1) s an unknown value, therefore it is
neurons in the input layer, with ten neurons initzlen layer Substituted by the reference value of the control
and with two neurons in the Output |ayer (F|g7|)e'|'tra|n|ng Variabler(k +1) To obtain inverse neural mOdel, we have

4l r(k+D, y(k),...,y(k—n+1),...

LK), u(k —m+1) @)

of forward neural model was carried out by the lberg-

Marquardt algorithm using Neural Network Toolbox.
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Fig. 7 Forward neural model of the mobile robot

The validation of the model is the next step dftgining of
the neural model. The result of testing of trairfedvard
neural model (Fig.7) is shown in the Fig.8. Fronctynie
(Fig.8) shows that forward neural model can appnate with
accuracy, which meets for its further use at thecking
defined reference trajectory.
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Fig. 8 Comparison outputs of the system and the farard
neural model

chosen General training architecture (Fig.9), whiebjuires
a known reference trajectar‘k). Signal u(k) is applied to

the inputs of structure based on input predictiverewith the
aim of to obtain a corresponding system outg(k), while

the neural network is trained by the errq;(k), which is
obtained as the difference of the neural modeluiuﬁ(k) and
input signalu(k) into the system [4].

*
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Fig. 9 General training structure

For training the forward neural model, we used fmav
neural network of Multi Layer Perceptron (MLP) typéth
fourteen neurons in the input layer, with five rang in the
hidden layer and with two neurons in the outpuetayig.10).
Training of forward neural model was carried out the
Levenberg-Marquardt algorithm.
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Fig. 10 Inverse neural model of mobile robot

We applied inverse neural model (Fig.10) togethé&h w
forward neural model (Fig.7) into control structul®IC
(Fig.12), which we have used for tracking defineference
trajectory. We proposed the IMC filter into contsitucture
for better tracking trajectory. The goal of theckiag is to
control the movement of the mobile robot from tloénp A to
the point B along the chosen reference trajecteiy.11).
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reference trajectory
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Fig. 11 Reference trajectory
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Fig. 12 Control structure Internal Model Control
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The output from control structure IMC is currergjéctory (6]
of simulation model of mobile robot (Fig.13), whidl

controlled nonparametric neural controller. 7]
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Fig. 13 Comparison the defined reference trajectoryand
output from IMC structure

From Fig.13, we can see that simulation model obileo
robot tracks the defined reference trajectory. \Wdfied the
functionality for other sinus trajectories with ethamplitudes.
When we have changed trajectory is necessary rgithie
new inverse and forward neural model.

V. CONLUSION

We have analyzed the problem of tracking predefined
reference trajectory of the mobile robot in the grapAs
solution to the problem, we have proposed nonpdrame
neural controller, which we implemented into thentcol
structure IMC together with forward neural modetaifing
data, necessary for proposal nonparametric coetralle have
obtained from simulation model of the robot. Theadted
knowledge in the field tracking reference trajegtaf the
mobile robot, we want to use for real mobile roBdiepera
Ill, which are in our laboratory at the Departmeot
Cybernetics and Atrtificial Intelligence.
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