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Abstract

In this work, an adaptive sliding mode controller (ASMC) for a flexible-joint robotic manipulator using reinforcement learning is
presented and validated by experiments and simulations. The control strategy has been designed to be implemented on a practical
platform, which has been designed and fabricated as a four-degree-of-freedom robotic manipulator equipped with a flexible joint. RL-
ASMC combines reinforcement learning and Adaptive Sliding Mode Control (ASMC) to adapt the parameters of the controller and
improve the position tracking performance under different operating conditions. The non-linear robotic system and control algorithms
were simulated in MATLAB/Simulink and real-time implementation of the control system was programmed in LabVIEW/ NI myRIO
for the fabricated Robotic Platform. The same external disturbances, no load and payload were applied to ASMC and RL-ASMC. The
key performance measures used were angular position error, settling time, the maximum estimated control torque, and disturbance
rejection. Experimental results demonstrated that the performance of RL-ASMC is superior to the standalone ASMC, which decreases
the angular position error about 71%, settling time about 16%, and the maximum estimated control torque about 10%, respectively.
Moreover, the simulated and experimental results were found to be in good agreement, with the average deviations of 4.8% and 4.3%
for ASMC and RL-ASMC at the reference angles of 135° and 45°, respectively. The results show the effectiveness, stability, and usability
of RL-ASMC for the robotic manipulators with flexible joints.

Keywords: Flexible-joint robotic manipulator; Adaptive sliding mode control; Reinforcement learning; Experimental validation; Four-
_spring elastic joint; LabVIEW; NI myRIO. »

1. Introduction

In recent years, a flexible-joint robotic manipulator has been gaining increasing attention in various fields of
robotics due to the benefits that can be gained from mechanical compliance, such as impact absorption, safe
interaction, structural protection, and adaptability to wide range of working environments. But the elasticity
of joints imposes extra nonlinear dynamics, elastic oscillations, motor-load coupling, and parameter
uncertainty, payload variation, and external disturbance sensitivity on the system when compared to
traditional systems with rigid joints. These features significantly make it more difficult to obtain accurate and
stable position tracking. Thus, many studies have been dedicated to the modeling and control design of flexible-
joint robotic manipulators, such as adaptive control, robust control, prescribed-performance control, passivity-
based control, model predictive control and intelligent control [1-8].

Sliding Mode Control (SMC) is one of the most popular and effective nonlinear control methods due to its
excellent model uncertainty and external disturbance rejection performance [9-12]. However, the abrupt
switching behavior of conventional SMC can introduce chattering into the system resulting in undesirable
oscillations and control effort in real robotic systems. There have been several modified sliding mode
approaches, therefore, proposed to guarantee convergence and eliminate chattering in flexible-joint
manipulators [9-13]. One such solution is Adaptive Sliding Mode Control (ASMC) which incorporates a variable
controller gain based on the behavior of the system. This adaptive capability can help to keep the system robust
even though operating conditions shift [12-16].

In recent years, flexible-joint robot control has evolved to increasingly incorporate adaptive, neural,
optimization and learning approaches to deal with uncertainties that are hard to be accurately represented by
fixed mathematical models [2-5, 14-18]. Adaptive neural and prescribed-performance controllers have been
shown to provide superior tracking performance in the presence of dynamic uncertainties and under input
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constraints [2-8] and hybrid and optimization-based controllers have been shown to perform better when the
model parameters change, such as joint stiffness, payload, and external disturbances [14-18]. Advanced
adaptive and sliding mode controllers have also been demonstrated to yield good tracking and disturbance
rejection performance in case of physical flexible-joint systems [12, 16-19]. These developments reflect a
gradual trend toward a model-free robust control approach and to architectures for intelligent control with
parameter adaptation based on the system behavior. The incorporation of such learning power has been
achieved by using Reinforcement Learning (RL) in the control system of the robots [20-23]. While a fixed set of
parameters for the controller is not used in RL, a control policy or controller parameters can be dynamically
adjusted according to the actual response from the system and a specified performance goal. This is especially
true of flexible-joint manipulators, where the effective dynamics might change depending on payload, flexibility
of the joints, and disturbances. Recently, Pavlichenko and Behnke [22] demonstrated the effectiveness of deep
reinforcement learning for improving the position tracking performance of a real Baxter with flexible joints,
which has 7 degrees of freedom. Their learning-based reference-correction approach enhanced the tracking
performance and established good generalizability to an unknown payload, supporting the transfer of RL from
a numerical environment to a physical flexible-joint robotic system. Recently, Zhong et al. [23] have proposed
a reinforcement-learning based adaptive tracking control for the flexible-joint robotic manipulators. They
solved the Hamilton-Jacobi-Bellman equation coupled with an optimal control method in a backstepping
manner with an actor-critic neural network architecture.

The performance index incorporated both tracking error and control input, allowing tracking performance
and control effort to be considered simultaneously. The effectiveness of the method was demonstrated through
numerical simulations of a flexible-joint robotic system. This study represents an important development in
learning-based flexible-joint control; however, the proposed architecture was based on optimal backstepping
and its evaluation was simulation-based rather than a direct experimental comparison between conventional
adaptive sliding-mode control and its reinforcement-learning-enhanced counterpart.

Other recent studies have continued to advance flexible-joint control through disturbance observers, safety-
constrained model predictive control, elastic-structure-preserving control, neural adaptation, and hybrid
optimization techniques [17-19, 24-27]. Collectively, these studies demonstrate substantial progress in
tracking accuracy, vibration suppression, robustness, and disturbance rejection. Nevertheless, the literature
indicates that comparatively limited attention has been devoted to determining the specific improvement
obtained by incorporating reinforcement-learning-based parameter adaptation into ASMC and verifying
whether the resulting improvement observed in simulation is preserved during real-time experimental
implementation. This issue is particularly important because physical robotic systems contain actuator
dynamics, sensor effects, mechanical elasticity, payload variations, and unmodeled disturbances that cannot
always be completely represented in simulation.

To address this issue, the present study develops a Reinforcement Learning-Based Adaptive Sliding Mode
Controller (RL-ASMC) for a four-degree-of-freedom flexible-joint robotic manipulator. A robotic manipulator
incorporating a flexible joint was designed and fabricated to provide a physical platform for real-time controller
evaluation. The nonlinear robotic system and control algorithms were investigated through
MATLAB/Simulink, whereas the experimental control system was implemented using LabVIEW and NI myRIO.
To isolate and quantify the contribution of reinforcement learning, the proposed RL-ASMC is directly compared
with standalone ASMC under identical no-load, payload, and external-disturbance conditions.

The comparison considers angular position tracking error, settling time, maximum estimated control torque,
and disturbance-rejection capability. In addition, corresponding simulation and experimental results are
quantitatively compared to determine the consistency between the numerical model and the physical robotic
system.

The main contributions of this study are: (1) integration of reinforcement-learning-based parameter
adaptation with ASMC for position control of a flexible-joint robotic manipulator; (2) implementation and
evaluation of the proposed RL-ASMC on a designed and fabricated 4-DOF flexible-joint robotic platform; (3)
direct quantitative comparison between ASMC and RL-ASMC under identical operating conditions to determine
the performance improvement attributable specifically to reinforcement learning; and (4) direct validation of
MATLAB/Simulink predictions against real-time LabVIEW/NI-myRIO experimental results under no-load,
payload, and external-disturbance conditions.

1.1 Significance of the Study

This study demonstrates the practical significance of integrating reinforcement learning with adaptive sliding
mode control for flexible-joint robotic manipulators. The proposed RL-ASMC provides an intelligent
mechanism for real-time tuning of the controller parameters according to changes in operating conditions. The
experimental validation on a fabricated 4-DOF robotic platform confirms that the proposed approach can
improve position tracking accuracy, response speed, disturbance rejection, and control efficiency. Therefore,
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the study provides a practical contribution toward the development of more adaptive and robust control
systems for flexible-joint robotic manipulators.

2. Materials and Methods

2.1 Flexible-Joint Robotic Manipulator

A 4-DOF robotic manipulator incorporating a flexible joint was designed and fabricated as the experimental
platform for this study. The manipulator consists of four actuated joints, with an elastic coupling introduced at
one joint between the motor side and the load side. The mechanical configuration was initially developed using
SolidWorks and subsequently manufactured and assembled to enable real-time implementation and
experimental validation of the proposed control strategies as shown in figure 1

Figure 1. Schematic of the 4-DOF flexible-joint robotic manipulator

The flexible joint follows the principle of a Series Elastic Actuator (SEA), in which an elastic element is
intentionally introduced between the actuator and the driven load. Consequently, the motor torque is
transmitted to the load through the compliant element rather than through a completely rigid connection. Such
mechanical compliance provides several advantages, including shock absorption, vibration isolation, reduction
of mechanical stresses transmitted to the actuator and transmission components, and improved operational
safety. However, the introduced elasticity also produces relative angular displacement between the motor and
load sides and may generate oscillatory behavior, thereby increasing the difficulty of accurate position control
[1,2].

In the developed manipulator, the flexible joint is represented by two coupled rotational coordinates: the
motor-side angular position, 8m, and the load-side angular position, 81. Their relative angular displacement,
0=0m- 0l . 1

represents the elastic deformation of the flexible joint and determines the restoring torque transmitted
between the motor and load sides. This configuration provides an appropriate physical platform for
investigating controller performance under joint elasticity, payload variation, and externally applied
disturbances.

The fabricated manipulator was used for the experimental implementation of both ASMC and RL-ASMC,
allowing their performance to be evaluated under the same mechanical and operating conditions. This also
enables a direct comparison between the numerical model developed in MATLAB/Simulink and the real-time
experimental system implemented through LabVIEW and NI myRIO.
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Figure 2. Developed 4-DOF robotic manipulator with a flexible joint

2.2 Flexible-Joint Mechanism and Mathematical Model

The flexible steel joint consists of a 140 mm diameter cylindrical frame composed of two main parts. The first
partis connected to the main motor, while the second part is connected to the firstload-side arm. Four identical
springs are symmetrically mounted around the circular frame between these two parts, as shown in Figure 3.
The flexible-joint mechanism was designed using SolidWorks and subsequently fabricated for experimental
implementation.

The proposed design provides torsional flexibility, thereby protecting the motor from high loads and absorbing
sudden shocks during operation. The flexible coupling also permits relative angular displacement between the
motor and load sides, introducing elastic characteristics and a phase delay that influence the dynamic response
of the robotic manipulator

ol / '
L o rrJ \

Figure 3. Schematic of the flexible joint

The relative angular displacement between the motor and load sides, previously introduced in Section 2.1, is
expressed as:

0=0m- 0] 1D

The four springs are symmetrically distributed around the flexible joint and are assumed to have identical
stiffness coefficients:

Ki=Ky=K3=K; = K oo 2)
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For the geometrical configuration of the proposed joint, the initial spring angle is

O =Tt/4 3)
The angular deflection of the flexible joint is defined as follows:
é = 00 -0 (4)

where 0 is the angular deformation and 8 is the remaining geometric angle.

Based on the geometry of the spring arrangement, the initial spring length is

At the initial position, the two radii form a right angle. Hence, the initial spring length is

lo= V2T e (5)

where is the radial distance from the joint center to the spring attachment point. After angular displacement,
the spring length becomes

ISRVl VL G X (+9) J (6)

Hence, the spring elongation is

A=1-1lo=A=V2r [V(1+5in(20)) = 1] orceererrerrrrrrernnnns (7)

Using Hooke's law, the spring force is

F=KA e (8)

The perpendicular moment arm of the spring force is

R=rsin(@) e (9

Therefore, the restoring torque generated by a single spring is

Ts=RF oo (10)

Substituting the spring force and elongation expressions gives

Ts = V2 r?K sin(8)[V(1 + sin(20)) = 1] .covreereenes (11)

Since the flexible joint contains four identical and symmetrically arranged springs, the total restoring torque is
Tfj = 4v2 r’K sin(8)[V(1 + sin(20)) = 1] w.e.un..e. (12)

The generalised coordinate vector of the comprehensive flexible-joint robotic system is defined as:
q=16,01 6,051 (13)

q : generalized joint-angle vector of the proposed flexible-joint robotic arm.

6,, denotes the motor-side angle of the flexible joint, while 6,, 6, 6,and 6,

specify the angular orientations of the remaining joints of the robotic arm.

Using the Euler-Lagrange formulation, the nonlinear dynamic model of the robotic manipulator can be
expressed as

M(@)g+H(q,q9) +6G(@q) =Q s (14)

M(q): is the inertia matrix, H(q, ¢): velocity coupling vector, G(q): gravitational force vector, and Q;:
generalized torque vector.

The nonlinear torque produced by the flexible joint is introduced into the generalized torque vector through

Q=1+BT, (15)
where denotes the actuator torque vector and the flexible-joint torque distribution vector is
Bi=[-1100]" (16)

he negative and positive signs indicate the opposite action of the internal flexible-joint torque on the motor-
side and first load-side coordinates, respectively. Substituting Eq. (15) into Eq. (14) yields the coupled
nonlinear dynamic model of the developed flexible-joint robotic manipulator:

M(q)q+H(q,q) + G(q) =7, + BT, SR i |

2.3 Controller Design

2.3.1 Adaptive Sliding Mode Controller (ASMC)

To achieve accurate position tracking in the presence of the nonlinear flexible-joint dynamics, payload
variations, and external disturbances, an Adaptive Sliding Mode Controller (ASMC) is employed. The tracking
error is defined as the difference between the desired and actual joint-position vectors:

e(t)=q4t) -qt), (18)

where:

q4(t) : the desired joint trajectory vector, and q(t) : the actual joint position vector

The sliding surface is delineated as follows [28]:

S) =é(@) +Ae(t) v (19)

S(t):is the sliding surface vector.

where A is a positive diagonal matrix that determines the convergence rate of the tracking error.

To reduce the chattering associated with the discontinuous switching action of conventional SMC, a continuous
hyperbolic tangent function is employed. The adaptive switching component is expressed as

S
Ugy = -n(t) tanh [5) ..................... (20)
where: 1(t): is a time-varying adaptive switching gain,@: is the boundary Layer Thickness parameter, @ >0
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the ASMC control law is written as.
5
U = U,q -1(t) tanh ( 5) SRR— 74 §

where u,, denotes the equivalent control component.

The switching gain is continuously adjusted according to the magnitude of the sliding variable using the
adaptive law

n=vIS| (22)

where y > 0 represents the adaptation gain that dictates the rate of gain modification.

his adaptive mechanism allows the switching gain to increase according to the tracking condition instead of
relying on a fixed, conservatively selected gain, thereby maintaining robustness against uncertainties and
disturbances while reducing excessive switching action.

For stability analysis, the following Lyapunov candidate function is considered:

_1lcr 1 . 2
V—Z s's +Zy M-1%)° i (23)

By applying the adaptive law in Eq. (21) and appropriately selecting the controller parameters, the time
derivative of the Lyapunov function satisfies the required stability condition, ensuring convergence of the
sliding variable toward the sliding surface and maintaining closed-loop stability.

The overall structure of the proposed ASMC and its interaction with the flexible-joint robotic manipulator are
illustrated in figure 4.
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Trajectory ASMC Controller Robotic Manipulator
q4(t) (See below) (Nonlinear Plant)
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Stiding Surface Adaptive Switching Control | Uew ASMC Control Law
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Figure (4) Block Diagram of the Proposed ASMC

2.3.2 Reinforcement Learning-Based Adaptive Sliding Mode Controller (RL-ASMC)

Although the ASMC provides robust position-tracking performance under nonlinear dynamics, payload
variations, and external disturbances, its performance is influenced by the selection of the adaptive controller
parameters. Therefore, a (RL-ASMC) is introduced to provide online tuning of the adaptive parameters
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according to the observed system behavior. In the proposed approach, reinforcement learning does not replace
the ASMC structure; instead, it acts as an intelligent parameter-tuning mechanism for the underlying adaptive
controller.

A Soft Actor-Critic (SAC) agent is employed because of its suitability for continuous action spaces. The agent
receives information describing the instantaneous tracking behavior of the robotic manipulator. The state
vector is defined as:

st=[e(t), e(), S(O]T e (24)
were e(t), é(t), and), S(t) represent the position-tracking error, its time derivative, and the sliding variable,
respectively.

The RL agent is used to tune the adaptive switching gain and its adaptation-rate parameter. Accordingly, the
action vector is expressed as:

at=[tvyt]T e (25)

where nt is the adaptive switching gain and yt is the corresponding adaptation-rate parameter at time step ¢ .
The sliding-surface parameter A and ¢ the boundary-layer thickness are retained as fixed design parameters
so that the fundamental ASMC structure is preserved.

The parameters supplied by the SAC agent are incorporated into the ASMC control law:

U=1Upq - (1) tanh(s(t) R (26)

Thus, the RL agent contlnuously modifies the magnitude and adaptation rate of the switching action according
to the instantaneous position-tracking behavior of the flexible-joint robotic manipulator.

The learning objective is formulated to simultaneously reduce the position-tracking error and avoid
unnecessarily large control actions. The reward function is therefore defined as:

Rt = — (wee"e + WU UTU) wrvrnerrennnen (27)

Here, e denotes the tracking error vector we want, u is the control input vector, and we and wu are positive
weighting coefficients that are related to tracking error and control effort, respectively. This reward design, as
such, incentivizes the RL agent to minimize tracking error while avoiding excessively large control activities
thus enhancing both tracking precision and energy efficiency

Consequently, the proposed RL-ASMC combines the robustness of adaptive sliding mode control with the
online parameter-optimization capability of reinforcement learning. This configuration enables the controller
to adapt its switching behavior to variations in payload, nonlinear flexible-joint effects, and external
disturbances while maintaining the basic ASMC control structure.

The overall architecture of the proposed RL-ASMC controller, including the interaction between the ASMC
structure and the SAC-based adaptive parameter-tuning mechanism, is illustrated in figure 4.
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3.Results and Discussion

The performance of the ASMC and RL-ASMC controllers was evaluated through both numerical simulation and
experimental investigation to assess their position-tracking capability under different operating conditions.
Two reference angles (45° and 135°) and three representative operating conditions, namely no-load condition,
external disturbance, and 1000 g payload, were used in the tests for both controllers. To facilitate comparison,
the same test conditions were established during the simulation and experimental investigations. Position
tracking error, settling time and the estimated control torque were used as criteria for evaluating controller
performance. The performance gain of the RL-ASMC with respect to the conventional ASMC was quantified and
the validity of the results obtained from the simulation was compared with the results from the experiments.
3.1 Simulation Results

Numerical simulations were carried out with MATLAB/Simulink, based on the developed nonlinear dynamic
model of the 4-DOF flexible-joint robotic manipulator. Both the ASMC and RL-ASMC controllers were designed
and tested in the same manner for consistent comparison of their position tracking responses. The
performance of both controllers is shown at the reference positions and operating conditions.

3.1.1 ASMC Controller Simulation Results

o
1.Angle 45
Motor/Load angular position va. refuerence
Bl
- — Saet-point - “n.ABmc Y Aasmc
o9
o.n o s s e i B S
=
0.7 /.—f‘/
- o~
= oo
=
ﬁ‘ o.5 Foom: t= [3.57, 5.57] =
= P e S A
= w F —
8. 0.4 . P
= P N gl -
- 8 o778 i B A
0.3 g oTr T
s A )
By O.768 ¥ N
0.z g X
o.7e - ~
- amn - nn
0.3 Time (=)
o
o =z -1 - 0 e 14 T

=
Time [=]

Figure 5. Simulated response of the ASMC controller under the no-load condition
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Figure 6. Simulated response of the ASMC controller under a 1000 g pavyload

Figure 6. illustrates the simulated response of the ASMC controller under a 1000 g payload. The controller
maintained accurate tracking of the desired angular position despite the increased payload. The tracking error
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rapidly converged to zero, while the estimated control torque remained smooth with only minor transient

variations, demonstrating the adaptive capability of the ASMC controller to compensate for payload changes
while preserving system stability.
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Figure 7. Simulated response of the ASMC controller under a 1000 g with external disturbance

Figure 7. illustrates the simulated response of the ASMC controller under a 1000 g payload with an external
disturbance. The controller effectively compensated for the applied disturbance while maintaining accurate
angular position tracking. Only slight transient variations were observed in the tracking error and estimated
control torque immediately after the disturbance, after which the response quickly returned to the steady-state

condition. These results demonstrate the improved adaptability and disturbance rejection capability of the
ASMC controller compared with the conventional SMC controller.

o
2.Angle (135°)
—
Motor/Load angular position ve. Set-point
3
— — Set-point P n.Aasmc — ¢ .Asmc
2.5
--./f’
e
=z
="
=
.
b=
=
- 4.5 Zoom: t= [A.87 5.7 =
= Y e o L e g i Yy R T
= " £2 z
g‘, £ 234 = e
- s /- -\\Tff// -
8 2 / ~ -
£ e
- b
o.n F.I8 il
Bl an ™ nn
Time (=)
o+
o =2 Y . " 10 1= 14 16
Thrme =]

Figure 8. Simulated response of the ASMC controller under the no-load condition
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Figure 10. Simulated response of the ASMC controller under a 1000 g with external disturbance

The simulation performance of the ASMC controller was evaluated in Tables 1 and 2 summarize the obtained
performance indices for reference angles of 45° and 135°, respectively.

Table 1. Simulation performance indices of the ASMC controller at the 45° set point

Payload Condition Average Estimated Torque (N-m) | Settling Time (s) | Simulation = Angular
Position Error (%)

No Load 2.95 5.47 0.62

1000 g 3.16 5.57 0.78

External Disturbance | 3.3 5.80 9.9

Table 2. Simulation performance indices of the ASMC controller at the 135° set point
Payload Condition Average Estimated Torque (N-m) | Settling Time (s) | Simulation Angular
Position Error (%)
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No Load 4.1 5.6 0.48
1000 g 4.7 5.8 0.60
External Disturbance | 5.1 6 0.81

3.1.2 RL-ASMC Controller Simulation Results
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Figure 11. Simulated response of the (RI-ASMC) controller under a 1000 g with external disturbance

Figure 11. shows the simulated angular position response of the motor and load sides using the RL-ASMC
controller at a 45° reference angle (0.785 rad). During the initial transient response, the load-side angular
position reaches a maximum value of approximately 1.05 rad at about 0.6 s, corresponding to a maximum
overshoot of approximately 34%. The subsequent oscillations progressively decay with time, and both the
motor and load responses approach the desired position within approximately 5 s. The steady-state error

becomes very small and approaches zero, indicating accurate and stable position tracking despite the initial
oscillations caused by the flexible-joint dynamics.
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Figure 12. Simulated response of the (RI-ASMC) controller under a 1000 g with external disturbance
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Figure 12. shows the simulated angular position response of the motor and load sides using the RL-ASMC
controller at a 135° reference angle (2.356 rad). During the initial transient response, the angular position
reaches a maximum value of approximately 3.10 rad at about 1.1 s, corresponding to a maximum overshoot of
approximately 32%. The oscillations subsequently decrease as the system approaches the desired position,
with the main transient response largely attenuated within approximately 5.54 s. The enlarged view between
6.56 and 8.56 s reveals small residual oscillations around the reference position, particularly on the motor side.
Nevertheless, the steady-state error remains small, demonstrating stable and accurate position tracking at the
higher reference angle.

It is noteworthy that, although the required angular displacement increased threefold from 45° to 135°, the
system reached the steady-state region within approximately the same time range. This demonstrates the
ability of the RL-ASMC controller to preserve a relatively consistent convergence performance even when the
required angular displacement is significantly increased.

The simulation performance of the RL-ASMC controller was evaluated in Tables 3. and 4 summarize the
obtained performance indices for reference angles of 45° and 135°, respectively.

Table 3. Simulation performance indices of the RL-ASMC controller at the 45° set point

Payload Condition Maximum Estimated Torque Settling Time Simulation Angular
(N-m) (s) Position Error (%)

No Load 2.15 4.33 0.163

1000 g 2.46 4.46 0.278

External 2.8 4.96 0.438

Disturbance

Table 4. Simulation performance indices of the RL-ASMC controller at the 135° set point

Payload Condition Maximum Estimated Torque Settling Time Simulation Angular
(N-m) (s) Position Error (%)
No Load 014 4.31 0.14
1000 g 1.18 4.7 0.192
External 1.235 5.14 0.235
Disturbance
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Figure 5.30: Load torque response of two controllers under external disturbance (45°)

3.2 Experimental Results
The practical performance of the ASMC and RL-ASMC controllers was validated by experiments on a fabricated
4-DOF flexible-joint robotic manipulator. The controllers were real-time programmed using LabVIEW and NI
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myRIO and angular responses and control variables were measured directly from the experimental platform.
The experimental tests were conducted in the same reference positions and operating conditions used in the
simulation and so could be compared consistently to the simulation. The results are evaluated in terms of
position-tracking error, settling time, and estimated control torque, with particular emphasis on the practical
improvement achieved by the RL-ASMC over the ASMC.

3.2.1 Experimental Results of (ASMC)

1.45° Noload

0.785

0.754

Angular Position (rad)
<
N

0.25- Motor Angle

Set Pointl

- Load Angle

0 T T T T T T T T T T T T T T J
0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

Time (s)

Figure 13. Experimental response of the ASMC under the no-load condition
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Figure 14. Motor, load, and set-point response positions under 1000g
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Figure 15. Experimental response of the ASMC with 1000 g and an external disturbance

3.2.2 Experimental Results of (RL-ASMC)
1.No-Load Condition with Set Point 45°
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Figure 16. Experimental response of the ASMC under the no-load condition
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Figure 17. Motor, load, and set-point response positions under 1000g
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Figure 18. Experimental response of the ASMC with 1000 g and an external disturbance

4. Conclusions
Based on the simulation and experimental investigations, the main conclusions of this study can be summarized

as follows:
1. A 4-DOF flexible-joint robotic manipulator incorporating a fabricated four-spring flexible-joint mechanism

was successfully developed, mathematically modeled, and experimentally implemented.
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2.Both ASMC and RL-ASMC achieved stable position tracking at the reference angular positions of 45° and 135°
under no-load, 1000 g payload, and external-disturbance conditions.

3. The proposed RL-ASMC significantly improved angular position accuracy compared with ASMC. The average
experimental angular position error decreased from approximately 0.85% with ASMC to 0.25% with RL-ASMC,
corresponding to an improvement of approximately 70.6%.

4. The average settling time was reduced from approximately 5.4 s for ASMC to 4.2 s for RL-ASMC**,
representing an improvement of approximately 22.2%. This demonstrates the faster convergence of RL-ASMC
toward the desired angular position.

5. The average estimated control torque decreased from approximately 3.1 N-m with ASMC to 2.5 N-m with RL-
ASMC, corresponding to a reduction of approximately 19.4%. Thus, the improved position tracking and
response speed were achieved with reduced control effort.

6. The performance improvements of RL-ASMC were maintained under payload variation and external
disturbance, demonstrating greater adaptability and robustness than the conventional ASMC.

7. The simulation and experimental studies demonstrated the same trends of performance. Overall, RL-ASMC
showed an average reduction of about 70.6% in the angular position error, 22.2% in settling time, and 19.4%
in estimated control torque compared to ASMC.

8. The results demonstrate the effectiveness of the proposed RL-ASMC in improving the position accuracy,
response speed, and control efficiency of the developed flexible-joint robotic manipulator.

The SAC-based reinforcement-learning agent effectively tuned the adaptive parameters () and (y) while
preserving the underlying ASMC structure.

6. Recommendations and Future Work

1. The proposed RL-ASMC can be extended to control multiple flexible joints simultaneously and evaluated on
robotic manipulators with higher degrees of freedom.

2. Future studies can investigate the performance of other reinforcement learning algorithms and compare
them with the SAC-based approach used in this study.

3. The proposed controller can be evaluated under wider operating conditions, including different payloads,
continuous trajectories, and various types of external disturbances.

4. Future work can focus on real-time optimization of additional controller parameters and investigate the
implementation of RL-ASMC in more complex industrial robotic applications.
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