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Dynamic Modeling and Adaptive Neural-Fuzzy Control for
Nonholonomic Mobile Manipulators Moving on a Slope

Yugang Liu and Yangmin Li*

Abstract: This paper addresses dynamic modeling and task-space trajectory following issues
for nonholonomic mobile manipulators moving on a slope. An integrated dynamic modeling
method is proposed considering nonholonomic constraints and interactive motions. An adaptive
neural-fuzzy controller is presented for end-effector trajectory following, which does not rely
on precise apriori knowledge of dynamic parameters and can suppress bounded external
disturbances. Effectiveness of the proposed algorithm is verified through simulations.
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1. INTRODUCTION

Intelligent and autonomous mobile manipulators
have attracted attentions from numerous scholars in
recent years since they have wide applications. A
nonholonomic mobile manipulator is normally
composed of a m-wheeled nonholonomic mobile
platform and a n-DOF onboard manipulator. This
combination extends workspace of the entire robot
drastically. However, dynamic modeling and
trajectory following become difficult to achieve due to
their interactive motions. Also moving on a slope
makes them even more complex.

Neural networks (NNs) and fuzzy logic systems
have been widely used for robotic control because
they are universal approximators. As a combination of
these two techniques, neural-fuzzy systems can make
good use of both sensory numerical data and expert
linguistic information. Unlike conventional NNs, the
proposed adaptive neural-fuzzy controller (ANFC)
does not need off-line training and can incorporate
expert experience easily.

In related research works, the authors investigated
vibration control for modular manipulators and
trajectory tracking control of mobile manipulators
exploiting back propagation NNs [1,2]. Real
experiment for mobile manipulators using NN control
was approached [3]. Dynamic characteristics between
the mobile platform and the manipulator were studied
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in [4]. A series of RBF NNs were adopted for dynamic
modeling and an adaptive controller was devised for
task-space  trajectory  following of  robotic
manipulators [5]. A multi-layer NN controller, which
did not need off-line learning was designed for rigid
robotic control [6]. A fuzzy-Gaussian NN controller
was proposed for trajectory tracking of mobile robots
[7]. A robust fuzzy logic controller was devised for a
robotic manipulator with uncertainties [8].

This paper is organized in five parts with the
following part establishing the dynamic model. In
Section 3, the ANFC is presented in task space and the
systematic stable characteristic is verified. A
simulation is carried out for a real mobile manipulator
in Section 4. Finally, some concluding remarks are
given in Section 5.

2. INTEGRATED DYNAMIC MODELING

In this paper, a 3-wheeled nonholonomic mobile
manipulator is analyzed, as shown in Fig. 1. The
coordinate systems are defined as follows:

OgXgYgZg forms an inertial base frame and
OsXsYsZg is a frame fixed on the slope; while
OnXYmZm is a frame mounted on the mobile
platform. In frame Op X \YnZm, On is selected at
the midpoint of the line segment connecting the two
fixed wheel centers; and Y, is along the coaxial-line
of the two fixed wheels. The heading angle ¢,
determines posture of the mobile platform. ¢, and
@r are rotating angles of the left and right wheel;
dn, s, lg, h, and 65 are all constants as
marked in Fig. 1.

Considering the mobile manipulator as an

integrated structure, we can obtain the transformation
matrix of the 1% link with respect to frame
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Fig. 1. Motion of a mobile manipulator on a slope.
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where Sg =sinfg,Cg = cosOg,Sy, =sindy,,Cy, = Cos@p,.
According to Denavit-Hartenberg notation, trans-
formation matrix of the i link with respect to
OgXgYgZp
positions ( Py, Py, P, ) and posture vectors (f,0,d )

can be derived. Furthermore, the

of the end-effector can also be obtained. The posture
can also be determined by 3 independent parameters
with Z—-Y —Z Euler angles (¢,0,y) [9]

¢ = arctanZ(ay,ax),
y = arctan2(0,,—n,), ()
0 = arctanZ(aX -cosg +ay ~sin¢,az).

Define general coordinates of the mobile platform

as <‘;=[Xm VYm Om 9L 9Rr ]T ; on the assumption of
low speeds, nonholonomic constraints of the mobile

platform can be given by [10]:
A()-S(&) =032, 3)

where A(&) and S(&) can be detailed by

d
Cn  Sm —7”’ -y 0
dn
A(&)=|Cn Sm ES 0 -rs |,
Sy —C, O 0 0
ST
ffCm fSm 00
2 2 d
S(¢)= " BN C))
It Cm Tf Sm Tt 01
2 2 d,

Let q:[¢L PR ql"'qn}T’ C:[Xm Ym #m qTT,

T
Xz[px Py P, ¢ 6 \u] , then we can obtain:

_Q_g|:8(é) 05><n‘| (5)

g &

0n><2 In><n

In short J :g—Z~S_ ; here J is the Jacobian matrix.

Let L be the Lagrange function,
constrained dynamics can be determined by

(2] (2] - e o100

then the

dtlac) e
N
where B:[O(n+2)x3 I(n+2)x(n+2)} e R =

[AE) O3xn}T e RIS, E eR® is a vector of
external forces or moments added to the end-effector;
t=[1 R T Ty ]T e R(™?) s the driving torque
vector; A= [?»1 Ay A3 ]T are Lagrange multipliers.

(6) can be rewritten as:
M-§+V-§+G::B(I+JT-&H)+C-k, 7)

where M, V and G represent the inertial matrix, the
centripetal and coriolis matrix, and the gravitational
force vector respectively.

From (5) we can obtain:

c=5.3"x. (8)

Substituting (8) and its derivative into (7) and left
multiplying J .57, yields:
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M-X+V -x+G=7, 9)
where M=JT8§TMSJ™!, 7=07T5TBt+J"Ry),
V=3T§TMSJ'+MSj+vSah, G=0Tg"
G;the term J 7' 5TC =0 is eliminated.

Remark 1: The following properties hold for (9):
M =M>0.
2) for any ye‘Ré, yT -(M—2\7)-y=0.

3) M, V and G are all bounded if J keeps
nonsingular.

3. ADAPTIVE NEURAL-FUZZY
CONTROLLER DESIGN

It is verified that multiple input single output
(MISO) fuzzy logic system with center average
defuzzifier, product-inference rule and singleton
fuzzifier, and Gaussian membership function can
uniformly approximate any nonlinear functions over a

compact set U e R" to any degree of accuracy [11].

If the fuzzy logic system described above is realized

by a NN, we can obtain a NFS, as shown in Fig. 2.
The output of a MISO NFS in Fig. 2 is

il 5]
ool {27

where X is the ith input variable; w;j denotes a

(10)

real weight of the consequent part; i=12,---,N;, and
j=L2,---,N, , with N; and N,

number of input variables and rules respectively. @j;

denoting the

and © ji are the mean and standard derivations of the

Gaussian membership functions.

Fig. 2. A multiple input single output NFS.

The desired trajectory, velocity, and acceleration are
supposed to be X (t), xq(t), and %4(t). To avoid

measuring accelerations, the error system can be
defined by

oft) = x(t)-% ()
Xy(t) = xa(t)=A-e(t), (1)
y(t) = e(t)+A-e(t),

where y(t) is the well known tracking error

measure; A e ROC s a constant, positive definite
matrix.
Substituting (11) into (9), yields

M-y (t)+V y(t)+M %, +V %, +G=7. (12)

Define (5, &, Xy %) =M %, +V - %, + G e RC.

From (11) and Remark 1, we can see that g is bounded
and belongs to a compact set as long as J keeps
nonsingular. Therefore, according to the universal
approximation theory mentioned above, each element
of g can be approximated by a MISO NFS in the form
of (10). Furthermore, from the nonholonomic velocity
constraints and the error system defined above, inputs
to these NFS can be selected as y=

T
[CT qT Xg X-g XH . Then,
9k (%) = fnrs (6 @k 0k Wi ) + &k (1) » (13)

where gy is the k™ element of g; @, ,0y € RjNeNi
and w € RNV are adjustable parameter matrices for
the NFS; g (x) is the
k=12,---,6.

Assume y e[y, 7], 9€[g.0], if we know the

approximated error;

system very well, then the adjustable parameters can
be initialized according to human experience.
However, if we does not have any apriori knowledge
of the system, the adjustable parameters can be
initialized in such a way that the centroids are
scattered evenly in the fuzzy sets, i.e.,

X —X; Zi —X;

@ijio =X; ) N Gijio = N,
r r

_ (14)
' gk

Wijo =9, +J-

r

Let &k, 6k, and Wy be estimates of @y, oy,
and w, respectively. Taking the Taylor series
expansions of gnesk = fnes (X @0k, W) around

Gnesk = fnes (X @k Gk Wi ) » we can obtain
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Fig. 3. An adaptive neural-fuzzy controller.

O NEsk = %{%[O(ﬁ%i)*()(&ﬁiiﬂ+O("~"§j>}

j=1 Li=1
99 nFsk - OG NFsk -
+ w Wi

Ny [N o4
+z{z { NFSk - Fkji + %, Ok .
j=1 kji Kj

8wk],

(15)
where  Gnegk = InFsk —Inpsk - Tkji = Pkji — ki
. L A2 -2
Gkji = Okji ~ G kji » Wig =W —Wij 3 Ola@ig) » O(&)

Odnrsk 99 NFsk

andO(W2) are higher-order terms; s
(WkJ) g 6wkji ackji

and % can be detailed as follows
N; R
H{exp {—( Xitmk") :I}

99 NFsk __i=l ou

OG nFsk _ 2-(x _‘5kii)2'(wki ~Gesk) O9nEsk

- -3 .
doyji i OWg

The ANFC presented in this paper is given by (17),
and a control system diagram is shown in Fig. 3.

oo )
©=(57-B) 37 {ges — K, -s0n(7)

t ) (17
-Kp -v—K, -on(t)dt}—\] “Fext

where K, Kje R&6 are respectively proportional and
integral gain matrices; K, = diag {k, ks, and

kak > ‘Sk“f'

j”zfl{i“z‘l[o(@gjipo(&gﬁ)]+o(ng)}.

Substituting (17) into (12), and considering (9),
(13) at the same time, yields

_ t
M-y+V-y+Kp-y+K|-on(t)dt (18)
+Onrs — G nes + &+ K -sgn(y) =0,

where s:[sl sé]T.

Theorem 1: If Kp >0, K| =K, >0, the close-

loop system in (18) is asymptotically stable under the
following parameter adaptation laws given by (19).
The error signals are convergent along with time, i.e.,
e(t), é(t)>0,as t— +oo.

- 9 NEsk
@i = LT Yk g

: g NESk
i = Lo V- ooy (1)
: 99 NFsk

Wi :_kaj Yk 'aw—kj,

where ka ,Fck“ and kaj are all positive constants.

Proof: Conside the
Lyapunov candidate:

following nonnegative

20)
o N[N B2 s2) W (
> { /LI . oI LI . I DY

Dji Okji
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The time derivative of Lyapunov candidate is

Vs=7 {M 7+K, U (t)dt}}+%«fl\ﬁy

. . . 21)
6 Ne| Ni[ miid Gui G ~-~.(
kji @ Okjio Wkj Wi
+ZZ z J kJ|+ J1 O kji L+ ki .
prirer] o | Iy, |
k=1 j=1| i=1 @i Okji Wj

Substituting (18) into (21) and considering Remark
1 at the same time, yield

\/s:_YT KPY‘YT [GNFS+8+K5'Sgn(Y)J

N i LA YRy ?
+ii Z': wkjuwk]. O'klekji +ijij (22)
r Ty |
k=1j=1| i=l @i Skii Wi

_ij , substituting (15), (19) into (22) and considering

(17) at the same time, yield
Vs<—7 -Kp-y<0. (23)

From (20), (23), we can see that Vg isa Lyapunov
function. Furthermore, Vg =0 and \g=0 have
only one solution y=0. According to LaSalle’s

theorem, we can conclude that the system is
asymptotically stableand y >0 as t— .
1
_ +00 p p
Define ”X"P_UO |x(t)| dt) p-norm for Xx(t)

and /(= {X(t) eR" :||X||p < oo} the functional space
over which the signal p-norm exists. From (20),(23),
we can conclude that y(t)e/, N {, . From (11), we
can see that e(t)e/, N/, , é(t)el, and in fact
Vgel, ,
which implies that g i, G kji, Wij € (o » if I keeps

e(t)>0 as t—o . Since Vg<O0,

nonsingular, g will be bounded and @, oy,
ij EEOO,SO, Zﬁ-kji’&kji’wkjegoo and g is bounded.

It is obvious that the higher-order terms in (15) are
bounded, so K, e/, . Then, from (18), we can see

that y(t)el, y(t)el,NE, and y(t)
el, , we can conclude that y(t)—>0 as t—oo,
which is followed by é(t)— 0. This is the end of
proof. 0

Since,

4. SIMULATION RESULTS

In this simulation, the mobile manipulator is
composed of a 3-wheeled nonholonomic mobile

platform, called “Pioneer 3-DXe”, and a 4-DOF
onboard manipulator, named “POWER-CUBE”.

In this simulation, each element of ¢ is
approximated by a NFS in rules number of N,= 200;
and all the adjustable parameters are initialized
according to Eq. 14. The gradient angle of the slope is

supposed to be 30°. To ensure the system far away
from singularities, a singularity free trajectory is
predefined, as shown in Fig. 4(a). Simulation time
interval is chosen as 12 seconds. Gain matrices and
constants are selected as

Kp =diag {100}, Fckji =0.1,

K, =diag {10}, kaji =0.1, (24)
A =diag {2}, Ty =0.2.
To examine the disturbance  suppression

characteristics of the controller, a series of disturbance
torques are applied which are sampled from band-
limited white noise, as shown in Fig. 4(b); and an
external force Ky =20N is added to the end-

effector along Og Xy at the time instant t=2s.

Fig. 4(a) gives the desired and controlled locus of
the end-effector; tracking position and Euler angular
errors are shown in Figs. 4(c)-4(d) respectively;
Figs. 4(e)-4(f) show tracking linear and Euler angular
velocity errors accordingly; time-variant torques will
not be presented here because of page limitations.
From these figures, we can see that the ANFC has a
strong disturbance suppression ability. Small errors
can be eliminated soon.

Remark 2: The ANFC is designed in task-space
directly, so calculation of inverse Jacobian can be
avoided. However, this scheme needs some task-space
information, such as X and X, which is difficult to
measure. In this case, the task-space information is
calculated by forward kinematics and differential
kinematics respectively. Another solution is to
construct a vision-based control system. However,
such a system will not be widely used in practice until
a very powerful but not too expensive camera with
high speed data processing ability appears. This paper
aims to present a theoretical analysis method and the
experiment will be carried out in our future study.
Furthermore, the combination of a mobile platform
with a manipulator make the robot easy to overturn in
case of moving on a slope. Such a problem can be
solved by adding extra balance weights or by
adjusting  self-motions for redundant mobile
manipulators [12].

5. CONCLUSIONS

This paper investigates the trajectory following
problem for nonholonomic mobile manipulators
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Fig. 4. Simulation results.

moving on a slope. Firstly, an integrated dynamic
modeling method is presented, which takes the
nonholonomic constraints as well as interactions
between the mobile platform and the manipulator into
thoroughly consideration. Secondly, an adaptive
neural-fuzzy controller is designed for trajectory
following of mnonholonomic mobile manipulators
moving on a slope. Lastly, simulations for a real
mobile manipulator composed of a 4-DOF onboard
manipulator and a 3-wheeled nonholonomic mobile
platform are carried out which demonstrate that the
ANFC is robust in case of external disturbances
existed. The integrated modeling method and the
ANFC can be ecasily extended to study other
nonholonomic systems as well.
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