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ABSTRACT. This paper investigates the robust tracking control issues for wheeled mobile
robots with external disturbances using self-triggered reinforcement learning approach.
Firstly, based on the Euler-Lagrange motion equation of wheeled mobile robots, the aug-
mented system with discounted performance index is constructed such that the robust
tracking control issues can be converted into the stabilizing optimization control issues.
Then, the reinforcement learning approach is implemented by critic neural networks to
approzimately derive the optimal control schemes. Different from the time-driven or tra-
ditional event-driven control mechanisms, the triggering mechanism is designed such that
the triggering condition is derived only from the data sampled at the triggering instants,
providing the foundation for constructing a self-triggered adaptive control mechanism.
Furthermore, the self-triggered rule is proposed and embedded within the reinforcement
learning framework. This rule drives the control strategy to update at the predicted trig-
gering instants, reducing computational and communication resource consumption. In
addition, the system states and the critic weight error are demonstrated to be uniform
ultimately bounded via the Lyapunov theory. Finally, the simulation results indicate that,
with the derived self-triggered control scheme, the states can track the reference signal
well while using fewer sets of data than the comparative scheme, validating the effective-
ness of the proposed learning-based approach.

Keywords: Reinforcement learning, Adaptive dynamic programming, Robust tracking
control, Wheeled mobile robots, Self-triggered control

1. Introduction. Wheeled mobile robots (WMRs) are essential equipment for logistics
delivery, environmental exploration, and other fields, enabled by their mobility and envi-
ronmental adaptability [1]. Due to its essential role in task execution, tracking control for
WDMRSs has received widespread attention in the research community. For instance, in [2],
via introducing a passive steering angle, the proportion integration feedback tracking con-
troller was designed for tractor-trailer WMR by combining the motion speed relation and
directed Lyapunov approach. The trajectory tracking control issues for WMRs subject to
longitudinal slipping and lateral skidding were studied in [3] with the aid of disturbance
observer. In [4], an adaptive iterative learning approach was developed to tackle the tra-
jectory tracking control issue for a class of two-wheeled mobile robots subject to model
uncertainties and unknown disturbances.

For complex systems represented by WMRs, the design of control schemes usually re-
quires striking a critical balance between control performance and cost [5]. This typically
involves defining the performance index function and solving the Hamilton-Jacobi-Bellman
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equation (HJBE) for the optimal control issues (OCIs). The existence of nonlinear terms
and partial derivatives makes obtaining closed-form solutions for HJBEs extremely chal-
lenging [6]. Fortunately, owing to their powerful optimization capabilities, learning algo-
rithms offer a viable alternative for obtaining approximate solutions. Among these learn-
ing methods, reinforcement learning (RL) and adaptive dynamic programming (ADP) are
frequently viewed as equivalent in optimal control, as they share similar characteristics
(7, 8,9, 10]. Recently, RL and ADP approaches have been developed to tackle the OCIs
of different systems. In [11], the RL-based approximate optimal control method was pro-
posed to address the attitude reorientation problems of rigid bodies under multiple state
constraints. The off-policy learning approach was developed in [12] to solve two-player
Stackelberg differential games. By virtue of a self-learning optimal control formulation,
the trajectory tracking design of uncertain nonlinear systems was investigated in [13].
In [14], the system transformation based on barrier function was developed, and then
the safe reinforcement learning algorithm was employed to design the approximate opti-
mal controller under an online actor-critic framework. Based on the concurrent learning
technique, the ADP method which could work without persistent/finite assumptions was
developed in [15] to approximate the optimal tracking policy for the nonlinear systems.
In [16], the critic-only neural network ADP technique was utilized to design the optimal
tracking controller, which guaranteed the robot tracks the desired trajectory in fixed time.

Conventional time-triggered schemes incur growing computational /communication ov-
erhead with rising system complexity, as continuous policy and data updates impose sig-
nificant resource demands [17, 18]. To counteract these limitations, event-triggered mech-
anisms (ETMs) have been incorporated into control frameworks. In general, the design of
triggering conditions critically governs event-triggered mechanisms. By strategically con-
structing these conditions, event-driven methods achieve control performance while up-
dating control policies only with essential data, thereby alleviating computational loads
and communication bandwidth constraints. In [19], an event-triggered state-dependent
switching method was proposed to solve the adaptive fuzzy control problem of switched
nonlinear systems. In [20], the leader-following dissipative fault-tolerant consensus issue
was investigated for the nonlinear multi-agent systems with semi-Markov switching topolo-
gies. Furthermore, the dynamic memory event-triggered mechanism and memory-based
distributed fault-tolerant controllers were designed to reduce the triggering times. Com-
pared to conventional ETM, the dynamic triggering mechanism adaptively expands the
triggering threshold through a dynamic variable, thereby suppressing triggering frequen-
cy. Based on dynamic triggering mechanism, an optimal control scheme of multiplayer
nonzero-sum game was developed in [21] for modular robot manipulator systems. In [22],
the robust tracking control issue for the constrained nonlinear stochastic systems was in-
vestigated using an ADP approach based on dynamic triggering mechanism. The particle
swarm optimization-based ADP method was proposed in [23] to derive the decentralized
event-triggered tracking control strategy for a class of nonlinear large-scale interconnect-
ed systems. Control approaches incorporating ETM significantly conserve computational
and communication resources while achieving control objectives. However, ETMs passive-
ly rely on continuous hardware-based state monitoring, whereas self-triggered mechanisms
(STMs) actively eliminate persistent sensing demands, easing the associated computation-
al burdens. In [24], the sectionalized self-triggered control scheme was developed for au-
tonomous underwater vehicles under deferred quantitative constraints. However, research
on STM-based learning approaches remains insufficient, particularly for robust tracking
control of Mecanum-wheeled mobile robots (MWMRs).

Inspired by existing approaches, the STM-based learning algorithm is proposed to tack-
le the robust tracking control issues (RTCIs) of MWMRs. The contributions are presented
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as follows. First, unlike the works in [1, 16], the robust optimal tracking control issue for
MWMRSs is investigated. Accounting for Mecanum wheel slippage, the Euler-Lagrange
equation governing MWMR dynamics is derived to establish the foundation for the de-
sign of robust tracking control scheme. Then, the augmented system together with the
discounted performance is constructed such that the tracking control issues can be con-
verted into the optimal control issues. Based on the critic neural network, the learning
approach is implemented to obtain the approximate solution of HJBE. Finally, different
from the ETM presented in [21, 23|, the triggering condition is designed which only relies
on the states at the triggering instants and the Zeno phenomena can be avoided. Building
on this foundation, the proposed STM-based learning approach achieves control objectives
while actively reducing computational and communication burdens.

The remainder of this work is organized as follows. Section 2 presents the model con-
struction for MWMRs and the formulation of the RCTIs. The derivation of triggering
condition and the self-triggered learning algorithm is provided in Section 3. In Section 4,
the simulation results are presented. Section 5 presents the conclusion.

2. Problem Statement and Preliminaries. To facilitate the study of the movement
of the mobile robot chassis, the coordinate frames are designed as the ones presented in
Figure 1. The coordinate frames OXY and CXpy Yy are the global inertial frame for the
robot and the body-fixed frame. Note that the origin of CXg Y frame coincides with the
center of mass. When the Mecanum wheels rotate forward, the rollers come into contact
with the ground passively. For the first wheel, the total friction force can be represented
by Fi, which can be decomposed into Fj; and Fj,. Similarly, for the other two wheels,
the component forces Iy, Fs, F31 and F35 can be derived from the friction forces F5 and
F3. A Mecanum wheel consists of a hub and rollers mounted around its periphery, with
each roller’s axis oriented at an angle ¢ to the hub axis. In this paper, we consider the
situation that § = w/3. The hubs of the wheels rotate with angular velocities wy, wq, and
ws, respectively, while the chassis rotates about its center with angular velocity w.. In
the global inertial frame OXY, p = (z,y,0) and ¥ = (i,g),@) are utilized to describe
the motion of the robot chassis. Correspondingly, the velocity of the robot chassis in the
CXpg Yy frame is denoted as 9, = (1913, Uyr, 9).

Y

o X

FiGURE 1. Coordinate frames for wheeled mobile robot



1624 P. LIU, H. ZHANG, W. AO AND H. QIN

Then, we derive the following relation
¥ = R(0)9,, (1)
where
cos) —sinf 0
R(#) = |sinf cosf O
0 0 1
Considering the kinematic characteristics of Mecanum wheels, the actual direction of
motion at the wheel center is determined by the roller orientation. Let A;X,;Y.; be the
coordinate frame with its origin at the centroid of the wheel center. Define k as the
distance from C' to the geometric center of each wheel, and 7 as the wheel radius. The
velocity vector at the wheel center can be presented as ¥4; = r¢cosd where ¢ denotes
the angular velocity for the wheel 7. Applying instantaneous center method, we have

Aly = 16 cos d, (2)
where
sin(a; +6) —cos(ag +9d) —kcosd
A= |sin(ag + ) —cos(ag +9) —kcosd
sin(ag +0) —cos(az+3d) —kcosd
Herein, let oy; = (2i — 1)7/3 and § = 7/3. To account for wheel slip conditions, the slip
parameter is defined as

rgz.ﬁi cos O — U a4

= i 3
X r¢; cos ()
Then it is obtained that ¥ 4; = (1 — x)r cos d¢;. The velocity ¥ becomes
¥ =(1-—x)rcosd (.AR_l(Q))*1 . (4)
Based on Lagrangian mechanics, the kinetic energy for the robot can be expressed as
1 1 1 . . .
=m0+ 02) + S du? + Ty (R + 3+ &) (5)

where m is the mass of the robot, J, is the moment of inertia for the robot about its
center of mass, and J, is the moment of inertia for the wheels. When 6 = 7/3, we obtain

K= [(1 —x)? (mr2 + Jﬁ) + %Jqﬁ} (gz'sf + P2+ gﬁ%)

18 18K2
T2 2\ L
+(1—x)? ( 9]; - %) <¢1¢2 + Q203 + ¢1¢3> : (6)

Since the robot undergoes planar motion, its potential energy U is equal to zero. Then
Lagrangian function can be deduced that £ = K — U = K. Considering the generalized
force K = (K1, Ka,K3)T as the control input, we can derive the Lagrange equation as

4 (2) 08 00
dt aﬁbi 8gbi 3@
where D = 1/2u <¢% + gb% + ¢§> is the Rayleigh’s dissipation function, and p denotes the

viscous friction coefficient of the wheels. According to Equations (6) and (7), the robot
chassis dynamics equation is deduced that

N + pud = K, (8)

Ki, (7)
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where
B 9 r2  Jur? 9 Jor? mr? 9 Jor? mr?
(1X)< 9 +9k2>+‘]¢ (1X)<9k:218 ="\ g7 ~ 15
— e Jer? mr? e fmr? Jur? e Jer? mr?
R=| (=% ( 9Kz~ 18 =g+ 9z ) F 0=z ~ T3
Jw 2 2 Jw 2 2 2 Jw 2
o) () e (k)
By differentiating Equation (4), we obtain
0 = (1 —x)rcosdR(0)A™ o+ R(O)R™L(H)D. 9)

Substituting Equation (8) into Equation (9), we have
¥ = (1 — x)rcosdR(A)ATIRTIKC + [R(H)R’l(e) — pR(G)ATIRT! (R(G)Afl)_l} 9. (10)

Then we derive the system that

#(t) = f(2(t) + g(x () (K1) + w(t)), (11)
where x = [p7, } flx) = [19T (fp( )9) ]T, and g(x) = [O,gp(p)T}T. Furthermore,
£(p) = ROR(0) — pR(O) AR (R(O)A) ", g,(p) = rcosSR(O) AR and w(t)

denotes the dlsturbances caused by slippage and other factors. The reference trajectory
signal is described by

T = cr(x.(1)). (12)
The tracking error is defined as e,(t) = x(t) — z,(t), such that the augmented state can

be presented as Z = [el(t), xf(t)}T Then the augmented system is constructed as

Z(t)=F(Z(t) + G(Z(1)(u(t) + du(Z(1))), (13)
where
F(2(1) = |:f(€z(t) + (1)) — c;(rzz;it()t));t gle.(t) + 2, (t))K, |

duw(Z(1)) = G(Z)w(ex(t) + z.(t)).

Herein, u = K — K, and K, = (¢ (z,)g(z,)) 9% (2,) (¢, (@ (t)) — f(2,(t))). The function

F(Z(t)) is locally Lipschitz continuous with Lipschitz constant vz and G(Z(t)) is bound-

ed with vg. The disturbance term d,,(Z(¢)) is bounded with wy,(Z). For simplicity of

presentation in what follows, these functions are abbreviated as F(Z2), G(Z), and d,,(Z).
The nominal augmented system is derived that

Z(t) = F(Z2)+ G(2)u(t). (14)

The performance index is given that
J(Z2) = / e P (Z2TQZ + uTRu + wi,(2)) du, (15)
t

where Q = [Q,, 0;0, 0], and matrix Q. and symmetric matrix R are the positive definite
matrices. Differentiating Equation (15) yields
H(Z,u,VT)=VI(Z)F(Z)+G(2)) — pT (2) + ZTQZ + u"Ru + w3, (2). (16)

According to Bellman optimality principle, the optimal performance index is defined as
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J(2) = minH(Z,u,9.7). (17)
Furthermore, the optimal control policy is got
W(Z) = —%S‘i‘lgT(Z)Vj*(Z). (18)
Based on Equations (17) and (18), the HIBE is derived that
H(Z %)
- (VT (@) F(E) - L7 (@ 2R (2)T(2)  pT"(2) + 2702 + uky(2)
—0. (19)

Note that obtaining a closed-form solution for Equation (19) is challenging due to the
partial differential terms and nonlinear terms. Therefore, based on the aperiodic triggering
mechanism, we propose an RL-based approach to overcome this challenge.

3. Self-Triggered Robust Tracking Control Scheme Design for Wheeled Mobile
Robots. In this section, the event-triggered RL method is proposed to approximate the
closed-form solution of HIBE. The ETM operates solely on data sampled at triggering
instants, avoiding the frequent triggering threshold computations required by conventional
event-based control. Then, the main theorem and the stability analysis are presented to
prove that the proposed event-based method can guarantee the ultimately boundedness of
the tracking error. Finally, an STM designed to actively predetermine the next triggering
instant is constructed and incorporated into the learning algorithm framework.

3.1. The implementation of event-triggered learning-based approach. To elim-
inate the need for continuous computation and update of control strategies in time-
triggered approaches, the aperiodic triggering mechanism is designed to reduce the con-
sumption of computational and communication resources in the system. Using the time
sequence {g; 72 containing the triggering instants, we define the triggering error as er(t)
— Z;, — Z(t), t € [5j,541). Herein, Z; denotes the state vector at the triggering instant
;- The event-based control policy is presented as

() = —%m—lgT (ZJ) VI (z,)  tE G, g). (20)

From Equation (20), one can deduce that once the control policy is updated at triggering
instants, it remains unchanged due to the zero-order holder during this triggering period.

To implement the learning-based approach, the critic neural network is utilized to
obtain the optimal performance index

T (2) = @ ¢e(2) + e 2), (21)

where @, € RV is the ideal weight vector, ¢. € R is the activation function, and ¢, € R
is the approximation error. The optimal control policy can be further derived as

1
= —59%‘1QT (VoL (Z2)w.e +e.). (22)
With the construction of ETM, the event-based control is obtained as

o 1 y -\ 7T y
i = — R g7 ( zj) ((wc (ZJ)) e+ € (zy)) . (23)
Since the ideal weight is usually unknown, the approximation of performance index is

derived that
T(2) =&l ¢.(2), (24)
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where 0, is the approximated weight. Then the optimal control is approximated that

i = —%m—lgT (ZJ) (ngc <2j>)T . (25)
Furthermore, the event-based Hamiltonian is reformulated as
H(Z, @, 1)
= &1V, (ZJ) (F(2)+ G(2)i) — pel6.(2) + 2702 +u?, (zj) + TR
2 ey (26)

The learning target for critic network is set as &y = 1/2¢%. Utilizing the gradient
descent approach, the critic weight update law is derived that

w. = —L.0€m, (27)

where ¢ = o/ (0" 0 + 1)2, and o = VoI (Z2)(F(Z) + Gu) — po.(Z2).

Remark 3.1. In order to further enhance the robustness of the proposed method, the
robust term and judgement function can be added to the critic learning law, which s
presented as

R, = %T (Z,1) V. (zj) G (zj) RIGTVL, (28)

where
0, if VLI (F(Z2)+G(2)u) <0,

2
1, otherwise. (29)

T(Z,ﬁ):{

The robust term (28) and judgement function (29) can work together to suppress distur-
bances and be integrated into the E'TM constructed in this paper. Nevertheless, it requires
continuous monitoring of system states and thus cannot be generalized to proactively trig-
gered control schemes.

Let @, = w. — w,, of which the dynamic is presented as
YLDC = _EcééT@c + Ecéecv (30)
where 5 =0 /(070 + 1), and e, = =Vl (F(2) + G(2)1) + pec(Z).

3.2. Stability analysis and the design of self-triggered control scheme. Prior to
stating the main theorems, two assumptions are requisite [10, 26].

Assumption 3.1. The optimal control u*(t) is Lipschitz continuous, satisfying that ||u*(t)
2
—w@|P <v Hz —z|.

Assumption 3.2. The terms w., Vo.(Z), €.(2), e. are bounded, satisfying that ||w.| <
bo, [[VO(Z)|| < by, [[ec(Z2)] < be, and [|ec|| < be.

The triggering condition is designed that
(1 = B1)B2An(Qe)
R + (&~ 1) Au(Q)

where 51 € (0,1) and 3, € (0, 1) are the parameters determining the triggering frequency,
and €,; denotes e, when ¢ = g;.

Theorem 3.1. Consider the system (14) while Assumptions 3.1 and 3.2 hold. The crit-
ic weights are tuned according to Equation (27), and the control input is given by Equation

ler|* < 1é=51* = 7o, (31)
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(25). The triggering condition satisfies Equation (31), and then the tracking error and the
error of critic weights are uniformly ultimately bounded (UUB).

Proof: The Lyapunov candidate is selected as

oy 1
Lo=JT(2)+T" (Zj) +oele, . (32)
T 2
L Lo L3

Since the triggering mechanism is introduced, the discussions should be presented in two
situations. .

Situation i. For ¢ € [g;,;41), events are not triggered. In this situation, £, = 0. Differ-
entiating £, we derive

L1 =(VI)'(F(2)+G(2)m)
= (VIN(F(2)+ G(2)u") + (VIHTG(2) (1 — u¥)

= -ZT'9Z — w3, (2) —uwTRu* + pT*(2) — 2T R(1 — u¥). (33)
Through appropriate transformations, Equation (33) becomes
Ly < —ZTQZ —wi(Z) + pT(Z) + R [[i — v, (34)

According to the Young’s inequality and Assumption 3.1, we have
8 — u]?
< 20 — || + 2 — )
2

< Weq|? +2 H%m-lgT (2) Vo (2) (@~ @) + 39767 (2) e ()

< 2vlep||? + B202 [|RH||* + B202 | R Y| Nl (35)
From Equations (34) and (35), it is derived that
Ly <—(1=B)(1 = B)Z]QZ; — (1 - B1)BZ] QZ; + 71 + vallel® + b,
1
(2130 + (5 1) (@) ferlP, (36)
1

where 71 = bR R[N, 72 = 0503 |RI9R7|?, and b, denotes the bound of pJ*(Z).

Based on Equation (30), one can obtain

Z:S = _gcﬁgééTﬁc + Zc'ézwéec
1 1
< —gledm (02") [[2e]” + 7. (37)
According to Equations (36) and (37), it follows

Lo == B0 = M@ = (SteAn (22) — 2 ) 1l

1
+ égcbg + bp + Y1- (38)

Situation ii. Consider the event occurrence scenario when ¢ = ¢;;;. Leveraging limit
properties with Situation i analysis, we can derive AL, < 0. The proof is completed.

Remark 3.2. The condition (31) is essential for the successful operation of the ETM.
When this inequality fails to hold, an event is triggered with subsequent control law up-
date. During the triggering interval, the updated control policy remains unchanged due to
the zero-order holder. The parameters 1 and Py can be used to requlate the triggering
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threshold value and triggering frequency. Unlike conventional triggering conditions, the
proposed triggering threshold relies only on system state information at the triggering in-
stants, thereby avoiding persistent evaluation of triggering threshold and further alleviating
computational load.

Remark 3.3. The results of Theorem 3.1 can be generalized to the case of uncertain
system (13). Leveraging the boundedness of disturbances that dL(Z)Rd,(Z) < w3, (Z)
and differentiating J*, one can deduce that both critic weight error and tracking error for
system (13) are UUB.

Next, the STM is constructed and Zeno is proved to be excluded. Assumption 3.3 is
required [25].

Assumption 3.3. The term G(Z)d,,(Z) is norm-bounded with positive constant byqg.
Based on Assumption 3.3, and the properties of F(Z) and G(Z), one can deduce

|2]| < 9121+ 7 [w (2)]| + boa- (39)

According to Assumption 3.1, we have
lw (2)] = |w@ v (2) -w@)| < wller@ll + @) ()
Recalling the definition of triggering error, one can derive HZ’ = ||ér||- In light of As-

sumption 3.2, it can be deduced that u* is bounded with Z;. Then it follows
lerll = |2|

< rll2]l + Vvreller®)|l + 76Er + bga

< el Zll + (vr + Vie) ller(t)]| + Zs, (41)

where =y = 7¢E1 + byq. Applying comparison lemma [27], we derive

1 + /v
Aj=gu—g>———TIn|[1+ iﬁfilﬁ-xmb > 0. (42)
TP+ Ve VP ‘Zj + =2

Inequality (42) reveals that Zeno behavior can be avoided. Thus, the self-triggered rule is
constructed as

S =G+ A (43)

Theorem 3.2. Suppose Assumptions 3.1-3.3 are satisfied. The critic weight vector and
the control policy are updated utilizing Equations (27) and (25). The self-triggered rule
(43) is applied, and then the tracking error and critic weight error of the closed-loop
systems are guaranteed to be UUB.

Proof: According to the self-triggered rule (43), we can derive that self-triggered mech-
anism is more conservative when compared to the event-triggered mechanism (31). Thus,
it is not difficult to prove this theorem based on the analysis of Theorem 3.1.

Remark 3.4. Although the event-triggered mechanism conserves resources via aperiodic
control policy updates, it necessitates continuous state monitoring by hardware compo-
nents and incurs additional computational overhead from persistent triggering-condition
evaluation. The self-triggered learning-based approach can overcome this difficulty through
the proactive prediction of triggering instants.
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4. Numerical Example. In this section, the experiment is simulated to validate the al-
gorithm’s efficacy. For the critic network, similar to the vector in [5], the activation func-
tion vector with a dimensionality of 51 is constructed by multivariate polynomials. The
initial critic weight is set as w.(0) = 130 * 15, where 15, is a 51-dimensional column vector
whose entries are all equal to one. The initial state is set as xo = [0.5,1,1,0,0,0]7. The
reference signal is selected as c,(z,(t)) = |4, Tps5, Trg, —4201, —0.252,9, —2,3]7. For the
MWMR, the parameters are set as m = 12, r = 0.05, £ = 0.6, J,, = 2.16, J4, = 0.1,
x = 0.05, i = 1. The other parameters are set as follows, #; = 0.05, 8, = 0.5, Q). = 1001,
R=ILv=20p=0.015 v =2, 75 = 1.

After constructing the augmented system, the proposed learning method was imple-
mented for 150 seconds. With a sampling period of 0.0001 seconds, the experimental
results are presented in Figures 2-7. In Figures 2 and 3, Z7 to Z;5 denote the 7th to 12th
elements of the augmented state Z, and these elements are equal to the reference states.
The figures show the trajectories of the tracking states and the reference states, indicating
that the tracking states can follow the reference signals well. Given the high dimensional-
ity of the evaluation network weights, we depict only the curves of the first twelve weights
in Figure 4, from which the convergence of neural weights can be observed. Figure 5 shows
the trajectories of the control inputs that drive the system states to accurately track the
reference signals. In addition, during the learning phase, the control input signals exhib-
it significant fluctuations due to the injected noise signals. Following the learning phase,
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signals decay to smaller values. Figure 6 presents the aperiodic triggering periods which in-
dicate the effectiveness of the STM. Comparative experiments were conducted to evaluate
the triggering times of the proposed self-triggered learning method against those of the
classic time-triggered reinforcement learning method, and the simulation results are pre-
sented in Figure 7. Similar to the comparative experimental design in [23, 26|, all ex-
perimental setups and algorithm settings were identical, except for the sampling mech-
anism. By using only 281809 sets of data compared to the latter method’s 1500000 sets
during the experimental phase, the former method obviously reduced computational and
communication resource consumption in the system. Furthermore, the self-triggered con-
trol method eliminates the need for continuous monitoring of system states by hardware
devices through proactively predicting the next triggering instant.

5. Conclusion. In this paper, the self-triggered learning approach has been proposed to
solve the robust tracking issues of MWMRs. Firstly, considering sliding effects in MWMRs
featuring roller alignment angles of 7/3, the model is established through integrated
kinematic and dynamic equations. Through system transforms, the RTCI for uncertain
system is converted into the optimal issue for the transformed system. Then, the critic-
only learning-based method is developed to approximate the solution of HJBEs. The
triggering condition is constructed such that the triggering threshold is computed using
only the data sampled at triggering instants. Furthermore, the STM-based RL method is
proposed to derive the robust optimal control policy. Finally, theoretical and experimental
results validate the algorithm’s efficacy. In the future, our work will focus on expanding
the applications of reinforcement learning approaches in mobile robots and refining self-
triggered rules to further improve the efficiency of adaptive learning methods.
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