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ABSTRACT

This paper proposed a neural network model algoritontrol (NNMAC) method for the path tracking
control of differentially steered wheeled mobilédots (WMRS) subject to nonholonomic constraintse Th
model algorithm control (MAC) is a one-step-aheaddjctive controller, in which the control law is
obtained by minimizing the output error. The MACthad needs the well known model of the controlled
system to design the controller. But sometimes idlifficult to get the accurate model of the coltch
system or the model of the controlled system isgoaid because of the inside and outside disturlsasod
unknown parameters. Neural network has the abitityestimate the nonlinear system’s model and its
corresponding inverse model. In this paper the NNOViAethod which combines two neural networks and
MAC method is proposed to do the path tracking mdrdf a wheeled mobile robot. Some simulations are
conducted to show the performance and feasibifith® proposed control strategy. In these simutetithe
WMR is controlled to track two difference referemmahs such as the circular shape path and thsH&je
path.
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1. INTRODUCTION autonomous mobile robot trajectory tracking. Ye
[7] proposed a tracking control approach for
The differentially steered wheeled mobile robohonholonomic mobile robots by integrating the
which possesses the advantages of high mobilitpyeural network into the backstepping technique.
high traction with pneumatic tires, and a simple&Sun [8] designed a trajectory tracking controller f
wheel configuration is a kind of nonholonomicthe mobile robot based on pole assignment
system [1]. Nonholonomic systems most commonlgpproach. Park et al. [9] solved the point
arise in finite dimensional mechanical systemstabilization of mobile robots via state-space éxac
where constraints are imposed on the motions thétedback linearization.
are not integrable. In the case of the differeltial This paper proposed a NNMAC method for the
driven WMRs, the constraints involved are basepath tracking control of a WMR. MAC is a one-step
on the assumption that there is no slipping of thehead predictive controller, in which the control
wheels. There are two fundamental statuses law is obtained from the minimization of the output
controlling a mobile robot: posture stabilizatiamda error at timek+r [10]. The closed-loop MAC
path tracking. The aim of posture stabilizationds method still requires a plant model which is
stabilize the robot to a reference point, whilet thfa sufficiently accurate to obtain good control
path tracking is to have the robot follow a refe®n performance. However, in practice, because of the
path. For WMRs, path tracking is easier to achievigaside and outside disturbance and the unknown
than posture stabilization. This comes from th@arameters the model of the WMR is not good.
assumption that the wheels make perfect contaeural networks have the ability to “learn” the
with the ground, resulting in nonholonomicsystem characteristics through nonlinear mapping to
constraints. represent arbitrary nonlinear functions and their
The tracking control of nonholonomic mobileinverse functions and provide a strong degree of
robots aims at getting them to track a given timgobustness because of their ability to exhibit tfaul
varying path (reference path). It is a fundamentablerance. MAC control method can be designed
motion control problem and has been intensivelgasing on this neural network model. And neural
investigated in the robotic domain [2-5]. Felipe ehetworks can improve the adaptability of the
al. [6] proposed an adaptive controller forcontrol scheme through both off-line and on-line
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weight adaptation. We propose in this paper a MAC k+DN=H

. ; y(k+1) = h[X(K],
method using back propagation (BP) neural . 5
networks to do the path tracking control of a WMR. y(k+n) =h"{d X B, ¢ K} )

Simulations are conducted to show the performance [=0,..r-1

and feasibility of the proposed control method. . )
Thereforey is the smallest number of sampling

2. MAC CONTROL METHOD periods after which the manipulated inpuaffects
the output y . With a finite relative

Consider the nonlinear systems described by a ahrfl(q)(x, u))
discrete-time state-space model of the form: order r S TE—

Xn(K+1) = ®[x,(K), U k= 1] ) algebraic equation:
Ym(K) = H X,(K] (% U] = y ©)

#0 implies that the

. wherexdenotes the state variablesienotes the is locally solvable im. The corresponding implicit
input, y represents the output to be controlled anﬂmction is denoted by:

the subscripmis added to indicate the estimates B

of xandy obtained in the model simulations and u(k) =Wy (X(K, X k+ 1) (7

differentiate the measuredandy . ®(x,u) is an and is assumed to be well-defined and unique
analytic vector function orX xU , andh(x)is an OnXxh(X).
analytic scalar function oX . Herer is the relative ~ When the predicted changes shown in Eq. (2) are
order of the system (1), i.eis the smallest number added to the measured output signabne obtains
of sampling periods after which the manipulatedhe following “closed-loop” predictions of the
inputu affects the outpuy . output:

The online simulation of the model described b N
Eqg. (1) can be used to predict the future changesyi Y(k+1)= y(k+ H 3 (B1- by B
the outputy as follows: Y(k+2)=y(k+ K[ %(B- b x( W

Ym(k+D) =y, (W= Hx(B1- b x( K N o (8)
v (k+2)- y. (K = H[X):n( B - h)ii( ) Y(k+r=1)=y(K)+H[%(R]- bx( K
v " g(k+ 1) = y(K + HO (B @ K]
2 -h
okt =D)= Y, (9= HLx(RI- B B by €]
Y (k+ 1) =y (K= HY x( B @K} where y(k) represents a prediction of the
~hx, K )l outputy(k) .

) o Here a desirable valug, , of the output at
Here the following notation is used:

h°(x) = h(%
h()=H*d(xy], I=1..r-1

the(k + r)"time step is designed by:
3 Ya(k+ 1) =(1=a)y,(K+a Yk+ r-1) ©)

whereg is a tunable filter parameter such that

System (1) has the relative ordeneans that 0<a<1andy,,is the set-point value. Equation (9) is

oh' (®(x, u)) referred to as the “reference trajectory” in the ®A
— 5 =0,1=01..r-2 literature
ou :
o ( (4)  One can derive a nonlinear MAC controller by
M;to requesting that the output prediction match the
ou reference path in the sense of minimizing the
performance index of Eq. (10):

Furthermore, the following relations will hold:
min{y, (k+ )= y(k+ 1)’ (10)

Considering Egs. (8) and (9), this becomes
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i - —HL Input Layer Hidden Layer  Output Layer
TL';]{(l 0’) e( k) f { q )$n( k (J H} (11) consists of p Consists of 1 consists of j
+ahr—1[ Xn( k)] +(1 _ a) |‘|i xﬂ( &]} 2 neurons neurons neurons
wheree(k)=y,, (k)= y(K). M

pl
In the absence of input constraints, this 4

minimization problem is trivially solvable. ’Q<
Inputu(k) is the solution of the nonlinear algebraic :

X

-

. /'

equation: . . :
W (D(%,(K, uR)) = H{ x(B ¢¥  (12) __'%pé %4 SO__'

Ea

whereb(x & =a K (3+1-a)( H{ 3+ ¢&.
Recalling the definition oM, (Eq. (7)), the

solution can be represented as: Figure 1: Configuration Of The BP Neural Networks
u(k) =Wy (%,(K, H %,(B, € ) (13) x(k-1)
e
Therefore, the derived control law is given by
Eqg. (13). ’
x(k-a
% Neural )q“(k)
L
3. MACUSING NEURAL NETWORKS u(k-r) Network
—

Two neural networks, NN1 and NN2, are

employed in deriving the NNMAC method. In this ’

proposed control scheme, the neural network NN1 u(k-r-o

is trained as the model of the controlled systedh an

the neural network NN2 is trained to produce the Figure 2: The NNARX Model Structure

control inputs. In this paper, we adopt the BP akur

network and use the NNARX (AutoRegressive The neural network NN1 is used to estimate the

External input) model structure as the structure ¢fodel of the controlled system and the neural

the two neural networks. For this model structurgyetwork NN2 is trained as the inverse model of the

the inputs of the neural network are the past d&ta controlled system. For the controlled system the

the system output and input of the system. Figuregyperiment is first conducted to get the trainiagad

shows the configuration of the BP neural networkan test data for the neural networks NN1 and NN2.

Figure 2 depicts the NNARX model structure. Thgp, the experiment the input signawill be designed

parameterlandCare the numbers of past data ofarefully in order to cover all of the operatingige

the  system output and control inputof the controlled system. After doing the

respectivelyXis the estimated system’s outlis  experiment a series of input signaisnd their

the system’s inputX, is the neural network’s corresponding controlled system’s outpxtare

output and is the relative order of the nonlinearobtained. The half of the data gotten in the

system. experiment is used as the training data of theateur
networks NN1 and NN2, and the rest of the data is
used as the test data. Based on the NNARX model
structure the inputs of the neural network NN1 are
the present sampling time system input and several
past sampling times system output and input. The
error signal used to adjust the weights of the aleur
network NN1 is the difference between the
controlled system’s output and the neural network’s
output. Figure 3 shows the structure used to train
the neural network NN1. The inputs of the neural
network NN2 are the present sampling time
system’s output and several past sampling times
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system output and input. The error signal used generatex, (k) ; and the neural network NN2 is

adjust the weights of the neural network NN2 is th?rained to estimate the function @f . Then the
difference between the controlled system’s input ]

and the neural network’s output. Figure 4 shows th(*eontrol input can be generated by gsing the neural
structure used to train the neural network NN2. networks NN1 and NN.Z' The <_j|aglram of the
proposed control system is shown in Figure 5.

u(k=r)
|

— Controlled System » X(K Yo l‘ U | Controlle
3t . X(K) B WY R ) | SN > © St:ll; S
E : _ L X,

¥<

NN1 j
L1 gt
[ Figure 5: Principle Of The Nnmac Control System
L [ o ; 4. SIMULATION
Network Xy (K)
q* The proposed NNMAC control method can be
used to do the path tracking control of the WMR.
q? Consider a nonholonomic WMR with two
differentially steered wheels, as shown in Figure 6
q° This WMR has two driving wheels (radiug and
one caster. Poitd (x,, ¥, ) defines the intersection

Figure 3: Structure Used To Train The Neural Networ o the axis of symmetry with the driving wheel axis
Nnl and is assumed to be the origin of the coordinate
frame{X,, Y.} . PointC(x,Y,) is the center of

u(k) x(k+r) . A )
{ Controlled system F" mass of the mobile robot. Lengtlis the distance

* between poinH and poinC, and is the length of
- the rear wheel axis.
YA
NN2 u'(k) X
Neural H
Network
YH 0
C
Figure 4: Structure Used To Train The Neural Netivor ¢
Nn2
For MAC method the control input can be o
calculated using Eq. (13). In Eq. (13) the function
WY, is obtained from Eq. (7) and,(k) comes from -
Eq. (1). Analogizing to the MAC method presented 0 X
in Section 2, the NNMAC method presented in Figure 6: Sketch Of A Nonholonomic Wmr

Section 3 uses the two neural networks, NN1 and

NN2, to do the control job. In this case it is First the neural networks NN1 and NN2 are
assumed that the model and inverse model of theined to estimate the model and inverse model of
controlled system are hard to obtain. This meartke WMR. Then apply these two neural networks to
that Eg. (1) and Eq. (7) are unknown. In this casthe NNMAC method described in Section 3. After
the neural network NN1 is trained to estimate thebtaining the NNMAC controller, it is used to do
controlled system's model Eg. (1) tothe path tracking control of a WMR. We simulated
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the proposed control law to demonstrate its
effectiveness. First a circular reference pathsisdu
to do the simulation. The tracking performance of
the NNMAC controller for the circular reference
path is shown in Figure 7. And Figure 8 shows the
linear and angular velocities of the mobile robot i

reference path
tracking path

this case.
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Figure 7: Tracking Performance In The Case Of Clacu
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Figure 8: Linear And Angular Velocities In The Ca3k
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Figure 9: Tracking Performance In The Case Of “8”
Shape Reference Path

Next we choose the reference path as an “8”
shape path. The tracking performance of the
NNMAC controller for the “8” shape reference path
is shown in Figure 9. And Figure 10 shows the
linear and angular velocities of the mobile robot i
this case.
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Figure 10: Linear And Angular Velocities In The @a3f
“8" Shape Reference Path

From the accurate performance of the simulation
it can be seen that the proposed NNMAC control
method can provide a good control result for the
path tracking of the WMRs.

5. CONCLUSION

In this paper we study the path tracking problem
of the wheeled mobile robots subject to
nonholonomic constrains. The NNMAC control
method is proposed for tracking control of the
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wheeled mobile robot. MAC is a one-step-aheafb] Felipe N. Martins, Wanderley C. Celeste,
predictive controller, in which the control law is
obtained by minimizing the output error. Two
neural networks, NN1 and NN2, are introduced to
cooperate with the MAC control method. The
neural network NN1 was trained as the model of

the controlled system and the neural network NN

was trained to generate the control inputs. The
numerical simulation is conducted to show the
promise of the proposed NNMAC control method
in terms of tracking performance. In the simulation

a circular reference path and an “8” shape refaenc[:g] Shuli Sun

path are used.
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