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ABSTRACT

This paper presents an adaptive neural control scheme for trajectory tracking of a
nonholonomic wheeled mobile robot (WMR) under velocity constraints. The control objective is
to ensure stable motion tracking despite model uncertainties and external disturbances. An
adaptive neural network (ANN) is employed to approximate unknown nonlinearities in the robot
dynamics, while an auxiliary control law compensates for velocity limitations and ensures safe
operation within the admissible region. The proposed design combines model-based feedback with
data-driven adaptation to improve tracking accuracy and robustness. The stability of the overall
closed-loop system is demonstrated through Lyapunov analysis, guaranteeing the convergence of
the tracking errors. Simulation results validate that the proposed ANN-based controller achieves
faster convergence, smaller steady-state errors, and stronger robustness compared to
conventional model-based controllers.
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1. INTRODUCTION

Wheeled mobile robots (WMRs) have attracted significant attention in the fields of logistics,
industrial automation, and service robotics because of their high maneuverability, flexibility, and
ability to perform autonomous navigation tasks [1, 2]. However, the design of trajectory tracking
controllers for such robots remains challenging due to the presence of nonholonomic motion
constraints, which prevent direct linearization of the system dynamics [3, 4].

In the past decades, numerous control techniques have been proposed to address trajectory
tracking problems for WMRs, such as kinematic control, backstepping, sliding mode control
(SMC), and adaptive control approaches [5, 6]. These methods have demonstrated improved
robustness and tracking performance in ideal conditions; nevertheless, their effectiveness may
deteriorate when model uncertainties, parameter variations, or external disturbances occur [7, 8].

To overcome such limitations, intelligent control algorithms have been developed by
incorporating learning-based mechanisms like fuzzy logic systems and artificial neural networks
(ANNS), which are capable of approximating unknown nonlinearities in robotic systems [9, 10].
Compared to traditional model-based controllers, ANN-based schemes provide stronger
adaptability and generalization capabilities. However, some of these designs still exhibit slow
adaptation rates or approximation inaccuracies, especially when the robot operates under time-
varying environments or uncertain load conditions [11, 12].

Moreover, during practical operation, the velocity and input constraints caused by actuator
saturation and mechanical limits must be carefully considered [13, 14]. Neglecting such
constraints can result in excessive control effort, leading to performance degradation or even
system instability [15, 16]. Consequently, developing a control method that simultaneously
manages nonlinear dynamics, velocity constraints, and external disturbances is of both
theoretical and practical significance.
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In recent years, researchers have combined adaptive neural networks with auxiliary dynamic
systems or barrier Lyapunov functions to ensure constraint satisfaction and system stability [17,
18]. These approaches demonstrate that integrating adaptive learning with constraint handling can
enhance tracking precision and maintain safe operation. However, most existing methods either
assume ideal actuator behavior or do not fully address the coupling between velocity saturation
and nonlinear uncertainties [19, 20].

Motivated by these observations, this paper presents an adaptive neural control strategy for
trajectory tracking of a nonholonomic wheeled mobile robot subject to velocity constraints. The
neural network module is designed to estimate unmodeled dynamics and compensate for unknown
disturbances, while an auxiliary control term is introduced to prevent velocity violation and ensure
bounded control inputs [21]. The overall stability of the closed-loop system is rigorously analyzed
based on Lyapunov theory, proving that the tracking errors converge asymptotically to a small
neighborhood around zero. Finally, simulation experiments are conducted to verify the
effectiveness, robustness, and superior tracking performance of the proposed control scheme in
comparison with existing methods.

2. KINEMATIC AND DYNAMIC MODELING OF THE WHEELED MOBILE ROBOT

Consider the configuration of the mobile robot V, 4
as shown in Figure 1. The position of the robot is

defined by the vector g=[x,y, G]T wherexand y

denote the coordinates of point C (the center of
mass of the robot) in the global coordinate frame Y-
OX,v, and 0 represents the orientation angle of the

local coordinate frame CX_v. attached to the

WMR with respect to the global frameOX,y, . 8 L >
J X

The distance between the two driving wheels is 2a,

and the wheel radius is denoted by 7. Figure 1. Coordinates of the autonomous

vehicle system.

The non-holonomic constraints of WMR are: xcos(0) + ysin(6) = 0. )

The nonholonomic constraint can be expressed as 4(q)g = 0. The matrix H(q)is formed by a

set of linearly independent vectors that span the null space of A(g),that is H' (q)A(q)=0.
Accordingly, the kinematic model of the WMR can be represented as follows:

cos(d) O
g=H(q)v;withH(q)=|sin(d) 0 2)
0 1
And the constraint coefficient matrix is given by: 4(q) = [cos(@) sin(6) 0] 3)

Here, wheel slip is not taken into account. Considering the three degrees-of-freedom WMR
models [17, 18], the nonlinear dynamic model of the WMR is expressed as follows:

M(q)g+C(q,.9)g + F(q) = B(q)t — A(9)A 4)

m 0 0 000 uNsin@ —sin(0) -—sin(9)

With: M(¢)=|0 m 0/;C(q,¢)=|0 0 0|;F(§)=| uNcosé ;B(q):l cos(0)  cos(0)
0 0 I 000 0 "I a —a
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where m is the mass of the WMR, 7 is the moment of inertia of the WMR, C(q,4) is the centripetal
and Coriolis matrix, B(q)is the input transformation matrix, r is the input torque vector, F(g)
represents the friction force vector, and 4(g)A denotes the nonholonomic constraint forces.

From (2) and (3), substituting into (4), we obtain:
M,(q)v+Ci(g,9)v+ F(4.9) = B/(q)7 (5)
with M,(q) = H' ()M (q)H(q). C,(q.9)=H" ()[M(9)H (9)+ C(9.9)H ()], F(g.9)=H" (9)F(4)

T Vi Vi

and B(q)=H" (9)B(q) , when v=| " |= (6)
vV, [0

where v, and o denote the linear and angular velocities, respectively. With H(gq), we have C, =0

and M, =diag[M,,,M,,,]" =diag[m,I ]T where M, is a positive definite diagonal matrix. The

=1,2,and v,; =[v,,,,V, ulz]T. Within the scope of this

paper, the model is implemented using the following system parameters:

3. ADAPTIVE NEURAL NETWORK CONTROLLER FOR WMR

velocity constraints are given by |v;|<v,

ulz 51

3.1. Trajectory tracking control law for WMR based on the model

The model-based control law is derived directly from the system’s mathematical dynamics,
capturing the physical relationships among variables within a unified framework. Using analytical
transformations and Lyapunov stability theory, the controller ensures accurate trajectory tracking
while meeting velocity constraints. The following section describes the controller design and
simulation results for validation.

3.1.1. Trajectory tracking control using auxiliary input velocity
The mobile robot is a nonholonomic system; therefore, the auxiliary input H(q) is introduced
to decouple the model and design a cascaded control structure, as illustrated in figure 2.

|
! Kinematic
Subsystem

Kinematic Dynamic | 7’ ‘ Dynamic V_ H(q) q J‘ 1id
Controller Controller Subsystem 4 |

Figure 2. Cascaded control diagram for the WMR.

The objective is to determine the control input values 7’ such that the actual trajectory of the
WMR follows the desired trajectory under the influence of system uncertainties and external
disturbances. Therefore, the design of the outer kinematic control loop is proposed. The goal is to

findv,,such that {qu (1)- q(t)} —0as t—oo where ¢, (1)= [xmf Vrer ] satisfies

0.y
A(q)¢ =0. In this case, A(qw/ )qu =0, which leads to the condition x,,, cos(&)+ y,,, sin(8) =0.

This makes it difficult to construct a suitable Lyapunov function. According to [18], the tracking
error can be transformed using a coordinate transformation matrix as follows:

e cos(d) —sin(@) O é we, —v+v,, cose,
. . de |. .
e=|e, |=|sin(@) cos(@d) O (qu - q) =eé= 7; =le, |=| —we —v,, sine, 7
e 0 0 1 e @,y — @

According to [ 18], the output of the controller is determined as an auxiliary velocity that ensures
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the tracking errors of g are asymptotically stable. The proposed control algorithm can thus be
expressed by equation (8):

Vo v, cose, + ke,
V(‘O = = . (8)
V.o v,, +k,v,e, +k;sine,
where k,k, and k;are positive constants with k, >1.v1ldv_{ld} v,, and v,, denote the desired
velocities, satisfying 0<v,, .. <Vi; <Vigmax < Vaii -

To design a controller that enables trajectory tracking while satisfying the velocity constraints,
the deviation between the actual velocity v and the auxiliary velocity v,, (introduced to ensure
stable tracking error convergence) is considered. Accordingly, we have:

T
z=[z,z,] =v-v, (9)

We select the following Lyapunov function for the constrained autonomous-vehicle model:
1
V=522 f(V)+ e (10)

where the function f (v) can be decomposed into two components corresponding to the linear
(longitudinal) and angular velocities.
S =10+ 1) (11)
With:

v

uli |Vi|

—In 0y >,
fiv)= Vai Ve "% and

0, others (12)

80520) =~ 0 =) s =)/ 02|

T . .. . . . . T
Where: v, = [vu21 ,vm] is a positive-definite matrix satisfying 0<v,,, <v,;; v, =[v.;, V.., ]

uli »

denotes the minimizer of the following function {%ZTZ + f (v)} (13)

V,is a continuous positive-definite function when the velocity constraints are present, since

f (v) is continuous, and g(vco) is a continuously differentiable function ofv, where —g(vco)
- 1 . . . .
corresponds to the minimum value of EZT z+ f(v).For the velocity constraint |v,| <v,,,,i =1,2, if

v, >V, than V| — oo,this indicates that the Lyapunov function (10) can be effectively used to
design a controller that satisfies the imposed velocity constraints.

It is noted that the Barrier Lyapunov Function (BLF) [18] used in other WMR control
approaches requires the desired values to remain within the predefined constraints. However, in
this study, the desired value of the BLF corresponds to the auxiliary velocity input, which may
exceed the constraint limits when the WMR is far from the desired position. Therefore, the
Lyapunov function (10) is specifically designed to handle this situation effectively.

. . 1 . .
The Lyapunov function (10) is constructed from three components: EZTZ is used to reduce is
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used to reduce |[v—v,|, /(v)is employed to enforce the velocity constraints, and g(v,,)is

introduced to ensure that the minimum value of V,is zero. The Lyapunov function ¥, can be

decomposed into two parts corresponding tov, andv,: V; =V}, +V}, (14)
1
Where: I/Ii = E (V chz) + f (V ) (vcll cOz ) f( Cll ) (15)
According to [32], the following control model is proposed:
A v .
r'=B" MlH 1l(—,o v, o) R (16)
I
RS A4; 70
where p denotes a positive constant: Alf = Ai =12, 17)
0, Ai =0
L T
A=[4, AZ] is defined as follows: A=v—v_,+ {sgn(vl)hl ) , sgn(v,) z(Vz)} (18)
Vi — Wil Vo2 =Vl
. . 1’ |X| > Vu21
Where A,(x),i =1,2 is defined as follows: A.(x) = (19)
! 0, others

v’ Stability analysis of the control law based on the model
Theorem 1: According to [19], for the system described by (14) together with the control law (16),
if the initial states satisfy the constraints|v.| <v .,i =12, then the system states will not violate the

uli?

<v

ui®

imposed constraints. Moreover, when |v i =1,2the velocity error signals z and the position

c0i
tracking errors e converge to zero. Consequently, the closed-loop system is asymptotically stable.

Proof: Taking the time derivative V,of (19) with respect to time yields:

Vi=zz+ () +8 () (20)
m V>V,
Where: f'(v)= Z |Vl-| (21)
O, others
’ _ . ’ T, . 2 M’ |vcli| > Vu2i
g'00) =22 = 'O} |vmr, = Oy =¥e0) Gt =Ve0) = L4 Vi P (22)
0, others
S 1%
T 2 gn( Cll) cli | c11|>"
we have: (v, —Vv,q) V. + Z Val |Vc11 =0. (23)
- 0, others
Then, substituting (23) into (22), we obtain: g'(v,,)=—(v,; =V, )T Vo (24)
Substituting (17), (21), and (24) into (20), we have: V1 =A"V—(v-v, )T Vo (25)
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Split V1 into two components corresponding to v, and v, we have:

S v, . .
V1:V11+V12 C>|: '11 :AV_(V_VCI)VCO (26)
12 |
T . . _Vll Vll
Substituting (22) and (16) into (26) yields: | . |=p (27)
ILZPY I P
and then substituting (14) and (27) into (25) gives: V1 =-pV (28)

From the Lyapunov function above, we conclude that ¥, converges to zero. If|v,,,| <v,,,,i =1,2,
1
then v, =v  andV, = EZT z.Hence, z converges to zero.

3.1.2. Simulation of the control law based on the model for the wheeled mobile robot (WMR).
Kinematic parameters of the WMR: r =100mm,a = 250mm,m = 45kg, I = Tkgm’ ;
The parameters of the proposed controller for each agent include the control gains and the
auxiliary velocity parameters: x=0.01,k, =10,k, =5,k, =4, p=[15 s7.6]" ; (29)
For a simulation duration of ¢==80s the desired trajectory is defined as x, =2sin(0.1¢);
v, =2-2co0s(0.1¢); 6, =0.1t -7 /2,

At the initial point: ¢(0)=[-05 -0.5 -05] ;¢(0)=[0 0 0] (30)

We obtain the following simulation results:
v" In the absence of disturbances and model uncertainties

i 2
-1
€ oly
3.: 1 ;-;_(1)
-2
2.5
—_— 4
£ =
1 >‘(1) .
0.5 =
o % "
0.5 9 I i
2 1.5 1 05 o0 0.5 1 1.5 2 E 0 10 20 30 40 50 60 70 80
xm) Offset=0 Time (s)
Figure 3. Trajectory response using the Figure 4. Deviation between q,,, and q.

model-based controller.

y(m)

35 o — —————— o -
Sy e
ik e
B 0 p——t ]
2 A5 A .5 0 0.5 1 1.5 2 T o 20 40 60 80 100 120 140 160
x{m) | Time (s)
Figure 5. Trajectory response using the Figure 6. Deviation between q,, and q.

model-based controller.
When the model parameters are accurately identified and the robot operates under ideal
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conditions with no external disturbances, the model-based controller enables the robot to perfectly
track the desired trajectory.

v" In the presence of disturbances and model uncertainties

It is clearly observed that when external disturbances are present and the model parameters are
accurately estimated, the model-based controller can no longer enable the robot to track the desired
trajectory. The error at this time is very large, nearly 1.5m (Figure 5 and Figure 6).

3.2. Design of an adaptive neural network controller considering velocity constraints
3.2.1. Adaptive neural network control algorithm considering velocity constraints

For the neural network-based controller, according to [20], the following adaptive neural
network control law is proposed:

R i e B

where pis  the  control  gain;  W'S(Z)  represents the neural  network;

S(Z)= [Sl (2).8,(2),....8, (Z)]T , n =64 denotes the basis function of the RBF neural network

4 4,

(Vl ~Veni ) ’ (Vz Ve

T
with input; Z = {\'}CTO, ),VT} , S(Z)is the Gaussian function; W= [VIA/I,VIA/Z],

W:[W;lapﬁiza'“’W

i in

T
] is the weight matrix of the neural network, updated according to the
following adaptive law:

W,=-T, [S(Zi)(v' Vv

i cli

)+ ol |.i=1,2 (32)

In which I'=[I',,T, ]T is a positive definite matrix, o =[o,,0, ]T is a small constant matrix. The

neural network term 77 (Z)is an approximation of #*"S(Z) which is defined as follows:

4

WTS(Z) = M1 (v =ven)
(Z)=Mpo+| " "V @F e, (33)

2

(Vz Va2 )

Where &, = [821,822]T denotes the approximation error. In this work it is assumed that ¢, = 0.

Figure 7 shows the block diagram of the controller.

Neural
Ww's

T q.9
Adaptive NN }—»‘ WMR }——»
v

v

sin@ cosé O

GurGa cos® —sin€ 0
0 0 1

.9

Figure 7. Block diagram of the proposed controller.

v’ Stability analysis of the neural-network-based control law
Theorem 2: According to [20], for the system described by (5), with the control law (32) and
the adaptive law (33), if the initial states satisfy the velocity constraints |vl.| <v,;;»i =1,2 then the
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system states will not violate the imposed constraints. Moreover, when

VCOi < Vu2i’i = 1’2’ the
closed-loop system is semi-globally ultimately bounded; in this case the error signalszande

converge to the compact sets Q, and Q, respectively, which are defined as follows:

Q, ={ze R <VD} (34)
Q, = eeR3|||e||< ig4+i +2 Eg4+i +l ig4+i +2 kf284+£ (35)
kY2, kY 2k, kot 2k, k' 2k,
C. g & . . .
Where D=4—= ¢ =[D,e, =2 +—2_ andlis the smallest value satisfying the given
P2 4k, 4k,k,
condition / > 5, 10 <0.2, ks ~<0.5, ks <0.1,
2Vid min 2ky] KsVigind
11
L, 0y A e Ky 105
Zvldmin l lvldmin Sl lk2v1dmin
k, 10k . . .
and (1+1.1kv,,,.. —— +—=) <0.2. with C,, p,,k,,k;is a positive constant.
2V1d min 1d min

Wl WIW, (36)

2
Proof: Consider the following Lyapunov function V, =V, + %ZM
i=1

With W, = W. — W is the weighted error.

2

Derivative (36) with respect to time we get: V, =V, + ZM MWW, (37)
i=1
¥V, can also be divided into two parts corresponding to v, and v, , respectively
=yt =h =V, +V, (38)
V;l I)11 MlilllrlilwlTWI . . -1 FIIWIT \ 1
= . =l . + . B :A®V_(V_vcl)®VCO+M1 ~ 2 (39)
Vol Vol | MLT;'WIW, W)W,
By substituting (5) and W = Wl ~ W, into (39), we obtain:
I)21 -1 . -1 1—‘I_I\XIIT\’%]I
S| =AM, (Br-F)-(v-v,)®v ,+M, . (40)
22 W, W,

Using the control law (32) and W, =W, — W, we have:

1

VZI _ -1 Vll -1 I—TIWTW -1 * X7\ -1 -
S |=-pM, +M, - a +M7{(v=v, )®W +W) S(Z)—AQ M, F))-(v-v,)®v, (41)
Vi Mo r;'W/'W,

Since M, is a positive definite diagonal matrix, we have:

V'21 _ -1 Vll -1 FIIWTWI -1 x7T
2 =—pM; +M; M=) ®(WTS(2) + e, ) (42)
Var Vs W, W,
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Substituting (32) into (42) and using VNVI = WI — W, we obtain:

% I LT N P\ R
=-pM, M M (v, ® s (43)
_sz Vl2_ O'2W2W2

2

S _le;l [Vll | + lM;1 {"Vl i VC“ 2 _ - 1M71 O-l ||Wl|| + lA471 Gl ||“]1*||22 + %M;l {::f21||||z}' (44)
822

1 1
v 2 202 Pl 2 W
12 "vz Vel | 0, " 2

To compare V|, and %(vi —v,,)’,i =1,2,by partially differentiate /;, with respect tov,:

2
. . h (v,
%:Ai®86’=1+ ’(Vl) > 21 (45)
v, o] (vu” —|v]|)
the partial derivative of %(Vi —v,,,)* with respect tov,, we have: V,, > %(v,. —v.,) (46)

From equations (40) and (46), it follows that
3 _ B ~ 2 B L2
I:Vn:l < —(,0 _ I)M—l |:V11 :| 4 lel l:"gzllr :l _1 M”llal "Vvl" " l M‘ 1110_1 "Vvl " <—p [Vn :| 4 |:C1 :| (47)
. = 1 1 1 - - 2
Va Nl 2 el ] 2 Mo W | 2 Mo W[ 1 LG
=V, <—p,V,+C, Where: p, = rmin((,o1 -1, (Ml’l),rgigl(ail“,.)); G =C+C, (48)

According to the Lyapunov function described above, it can be concluded thatV, can converge
to an arbitrarily small value by increasing p, . If the auxiliary velocity v, is large, or even exceeds

the constraint bounds

>V, 0r

>v,,the proposed method can effectively limit the

Veol Veoz

velocity within the admissible constraints to ensure safety, which is even more critical than

maintaining tracking stability. If

, 1 r
Vil <V,2-i=1,2,we have v, =v_ and E(V—VCO) (v=v,)<V,.

Since V, can converge to an arbitrarily small value by increasing p, , it follows that z can also

converge to any sufficiently small neighborhood. That is, for any ¢; >0 and the initial condition

v.(0)<v,,;,i=12, let & = /ﬂ, there exists a time 7 >0, such that for allz>7 and
P>

Veoi| <Viari =1,2, we have |[v—v,| < &,z <& va z, <&,. According to the model-based control

analysis presented in the previous section, it can be directly inferred that the tracking error e
converges, and therefore

 zecRld<| [La +2|v2 [oo v et Lo+ |va| [Fog + 2|l o)
k' 2k k, * 2k, k-t 2k k, * 2k,

with Q,being arbitrarily small by properly selecting k,,k, va k;. the overall closed-loop system
is ultimately bounded in a semi-global sense, as stated in [21].
3.2.2. Algorithm simulation on Matlab

Recommended  controller  parameters: H=0.0Lk =10k, =5;k, =4;p = [1350,21.6]T ;
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o =[0.0001 0.0001]" ; T'=[20000 800]"; v,

=[1 15]";v,=[0s8 1.3]". The centers of the 64
neural networks are selected in the region: [—1,1]x[-11]x[-L1]x[-11]x[-11]x[-1,1]. Simulation

time, simulation trajectory, and starting point are the same as in section 3.1.2 above, in the case
where the model parameters are not clearly defined and there are external disturbances. We obtain
the following simulation results:

g s 6 =
4.0 — L e——— =
3.5 - & E 2t
3.0 / & _g j =
2.5 Refrence , ‘ ‘
;"‘::'I‘;:I":‘;:;":“‘,'l‘:I““"' \ 0.6 error with neural controller
g 2° \ ) ’E 0.4} error with controller
= / = o
= 15|\ / > 0.2 |
\ / o gt
20, N 4 0.2 k ! 1 | ! ) : T y
0.5 \\\7\ “//// g 0 T ; y I T T = ]
o ==t s -0.4E I [ j
7} |
0.5 =" = £ -0.8 I i I i i i |
e ¥ @ 0 10 20 30 40 50 60 70 80
21 15 0.9  -03 0.3 0.9 1.5 2.1 .
x (m) L Time (s)
Figure 8. Trajectory of the WMR. Figure 9. Tracking error.
\,\

Figure 10. Update of the first-layer weights.  Figure 11. Update of the second-layer weights.
As shown by the simulation results, the WMR trajectory closely follows the desired path (figure
8), and the Lyapunov function rapidly converges to zero (Figures 10 and 11), verifying the
effectiveness of the controller in (44). The linear and angular velocities remain within allowable
limits, indicating satisfactory control performance, although the response speed is moderate.
Comparative results (Figure 9) show that the model-based controller deviates from the desired
trajectory as soon as external disturbances are introduced, whereas the ANN-based method maintains
good adaptive tracking, with a steady-state error of approximately 0.0005 m. These results
demonstrate that the ANN-based controller preserves trajectory tracking despite model uncertainties
and disturbances through adaptive self-adjustment. The larger transient oscillations and slower
convergence observed in ANN control are inherent characteristics of adaptive learning, as initially
nonoptimal weights gradually converge, as guaranteed by Theorem 2. Furthermore, enforcing
velocity and control constraints leads to a more conservative transient response. This reflects the
typical trade-off between convergence speed and robustness in adaptive neural network control.

4. CONCLUSIONS

In this study, two trajectory-tracking control algorithms for wheeled mobile robots (WMRs)
with velocity constraints have been proposed and analyzed. The first method is a model-based
controller designed using the Backstepping algorithm, in which system stability is proven based
on the Lyapunov criterion. This approach achieves high trajectory-tracking performance in
simulations but requires precise knowledge of the robot’s kinematic and dynamic parameters,
which is difficult to ensure in practical applications. The second method is an adaptive controller
based on an artificial neural network (ANN), capable of approximating nonlinear functions and
compensating for parameter uncertainties. Although its trajectory tracking performance in
simulations is slightly lower than that of model-based controllers, it demonstrates greater
applicability in real-world environments due to its noise immunity and adaptability to model
deviations. Simulation results in MATLAB/Simulink verify that both controllers ensure closed-
loop system stability, maintain the end-effector motion closely along the desired trajectory, and
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keep both linear and angular velocities within their physical constraints. These outcomes confirm
the correctness and effectiveness of the proposed control strategies. Future work will focus on
experimental validation of the ANN-based adaptive controller on a real WMR platform, as well as
optimization of the neural network structure and adaptation law to further improve control
performance and reduce system response time.
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ABSTRACT

B§ diéu khién thich nghi mang noron cho bai toan bam quy dao robot di ddng banh xe
xét dén rang budc van toc

Bai bdo ndy trinh bay mét phwong phdp diéu khién thich nghi sir dung mang noroncho
bai todn bam quy dao cua robot di dong banh xe khong toan phuwong (WMR) dudi cac rang
buéc ve van toc. Muc tiéu diéu khién la dam bdo chuyén dong bam quy dao on dinh ngay cd
khi ton tai bat dinh mé hinh va nhiéu bén ngodai. Mot mang noron (ANN) dwoc stk dung aé
xdp xi cdc phi tuyén chiea biét trong dong hoc ciia robot, trong khi mét ludt diéu khién phu
tro duoc thiét ké dé bu cdc gioi han van téc va dam bdo van hanh an toan trong mién cho
phép. Thiét ké dé xudt két hop gitta phdan hoi dwa trén mé hinh va co ché thich nghi dwa trén
dit liéu nham ndng cao dg chinh xdc bam quy dao va tinh bén viing. Tinh 6n dinh ciia todn
bé hé kin dwoc chitng minh théng qua phdn tich Lyapunov, dam bdo sw héi tu ciia sai s6
bam. Két quad moé phong cho thdy bé diéu khién dwa trén ANN dé xudt dat dwoc toc do hoi
tu nhanh hon, sai s6 xdc ldp nhé hon va kha ndng chong nhiéu tot hon so véi cac bé diéu
khién truyén thong dwa trén mé hinh.

Tir khéa: Robot di dong; Diéu khién thich nghi; Rang budc van téc; Mang no-ron; Backstepping; Bam quy dao.

Journal of Military Science and Technology, 110 (2026), 22-33 33



