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Wearable robots for rehabilitation have dramatically advanced the medical field regarding helping patients suffering from lower limb
impairments to regain mobility and ameliorate their range of motion (ROM). However, to further optimize control mechanisms
within these robots, conventional methods cannot adapt to the different needs of patients in their walking, and the complex patterns
of human gait. As a result of such limitations, the functionality of ROM training is constricted. To cope with these problems, the
present article will design and validate an adaptive control system for the lower limbs with Particle Swarm Optimization (PSO): Model
Reference Adaptive Control (MRAC)-PSO. By introducing the adaptation mechanism of MRAC-PSO, as well as its capabilities in
optimization, this research aims to further improve the adaptability and effectiveness in ROM training to provide a better rehabilita-
tion process for the patient. Moreover, the performance of the MRAC-PSO controller is compared with that of a traditional MRAC
system and a classical Proportional-Integral-Derivative controller optimized via the Ziegler—Nichols (Z-N) method. This comparison
is performed to underline the benefits and possible improvements brought by the adaptive and optimized control approach. The
novelty of this article lies in the first systematic integration of PSO optimization with MRAC for wearable lower limb rehabilitation
(WLLR) ROM training, achieving significant performance improvements over conventional methods: 89% faster risetime and 98.9%
lower steady-state error (SSE) compared to PID-ZN control. This research advances wearable robotics by demonstrating that the
synergy between adaptive control and bioinspired optimization can substantially improve rehabilitation robot performance, safety,
and clinical viability. The synthesis and overcoming analysis of MRAC-PSO, conventional MRAC, and PID-ZN controllers are
carried out with the aim to overcome existing ROM training deficiencies, making the rehabilitation strategy more adaptable and
effective. In this regard, this research outcome would likely open ways for further development in rehabilitation technology to
improve the living standard of people suffering from lower limb disabilities.

Keywords: lower limb; MRAC controller; PSO algorithm; rehabilitation robot; ROM training; wearable robot

1. Introduction The exoskeletons play an important role in helping patients

regain mobility and improve their range of motion (ROM).
Wearable robots, among which the ones for rehabilitation are However, optimization of the control mechanism in lower
probably the most important recent novelty in the medical ~ limb rehabilitation robots is still among the most essential
field, offer great help to patients with lower limb impairments.  challenges. The typical feedback-based control strategies often
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exhibit shortages in meeting the various needs of patients and
the complex dynamics of human gait patterns. Consequently,
the above deficiency hinders the effectiveness of ROM training
and slows down rehabilitation progress.

The problem is based on the essential inflexibility and low
adaptability of traditional control strategies that do not take
sufficient account of the individual differences in patient
mobility and recovery courses. Besides, the complexity and
dynamism in human gait patterns call for advanced control
algorithms that would adapt to real-time situations. Overcom-
ing these challenges is very important for improving the effec-
tiveness of rehabilitation robots, making them sensitive to the
requirements of each patient and consequently speeding up
the process of rehabilitation. The aim of this research is to
investigate and implement state-of-the-art control mechan-
isms to overcome these limitations and thus improve the
overall outcome of ROM training for patients using wearable
rehabilitation robots.

In dealing with these issues, recent studies in control
strategies for lower limb rehabilitation exoskeletons have
emphasized a range of methodologies aimed at increasing
patient engagement, safety, and effectiveness in training.
On the other hand, as suggested by Tu et al. [1] and Shen
et al. [2], adaptive control techniques have resulted in huge
improvements in terms of accuracy and personalization but
still have some barriers in terms of implementation due to
complexity and require deeper clinical verification. Similarly,
the adaptive fuzzy control systems, studied by Zhang et al.
[3] and Gong et al. [4], offer better position tracking and
safety but suffer from a huge number of real-world tests to
cope with their inherent complexity.

Model-based methods, as represented by the works of
Alotaibi and Alsubaie [5] and Jin and Guo [6], utilize model
predictive control techniques to enhance the level of adap-
tiveness and robustness but encounter problems related to
computational requirements and real-time implementation.
Sliding mode control methodologies, as highlighted by Faraj
et al. [7] and Wang et al. [8], show improved performances
in trajectory tracking and disturbance management, but the
complexities involved and chattering effect pose significant
challenges. Multimodal adaptive control techniques, such as
those proposed by Liang et al. [9] and Zhou et al. [10], can
effectively change control parameters in real time to enhance
patient safety and engagement; however, they require thor-
ough evaluation for effective practical realization.

Comprehensive reviews by Tijjani et al. [11], Long et al.
[12], Li et al. [13], and Zhou et al. [14] underline the develop-
ment and challenges of different control strategies, highlight-
ing the need for improved real-time response to, and
adaptation of, the individual patient. Specialized control meth-
odologies, such as those exemplified by the works of Chen
et al. [15] and Sun et al. [16], and optimization-driven
approaches, as introduced by Soleimani Amiri et al. [17],
Liu et al. [18], and Yacef [19], give way to substantial improve-
ments in trajectory tracking and robustness but face limita-
tions regarding practical implementation and computational
complexities. Additional reviews by Sharma et al. [20] and Yao
et al. [21] have presented the development and ongoing
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challenges involved in integrating adaptive, fuzzy, and
model-based controls with human biomechanics to achieve
effective exoskeleton systems. Novel approaches by Yu et al.
[22] and Bauer and Pan [23] emphasize the need for environ-
mental interaction and robust methods to ensure safe and
effective rehabilitation.

Recurrent neural networks (RNNs) represent an impor-
tant class of intelligent learning-based methodologies for
identifying and controlling complex nonlinear dynamical
systems across numerous engineering domains. Leveraging
inherent memory mechanisms through recurrent connec-
tions, RNNs effectively capture temporal dynamics in sys-
tems characterized by significant uncertainties, parametric
variations, and unmodeled effects—phenomena prevalent
in rehabilitation robotics, aerospace systems, and industrial
automation [24].

Recent literature has produced several significant advances
in neural network-based identification architectures. Self-
recurrent wavelet neural networks (SRWNN) combine wave-
let multiresolution analysis with recurrent modeling capabili-
ties to enable simultaneous system identification and
predictive control, with demonstrated efficacy in robotic
manipulator dynamics and nonlinear process control applica-
tions. Novel RNN structures incorporating Lyapunov-based
stability analysis provide theoretical convergence guarantees
and bounded identification errors, addressing critical require-
ments in safety-critical domains such as biomedical and aero-
space control. Furthermore, robust RNN architectures
emphasizing noise resilience through adaptive learning algo-
rithms, dead-zone modifications, and parameter projection
techniques ensure accurate identification under adverse oper-
ational conditions in real-world industrial settings.

Despite these advances, RNN-based approaches present
substantial challenges for rehabilitation robot implementa-
tion. Training requirements demand extensive computa-
tional resources and large datasets often unavailable in
clinical settings with patient-specific variability. The inherent
“black-box” nature of neural networks complicates theoreti-
cal stability certification and safety validation—prerequisites
for medical device regulatory approval. Online adaptation
stability and convergence properties require careful consid-
eration during rehabilitation sessions, while clinical accep-
tance remains limited due to practitioners’ preference for
transparent, mathematically proven control strategies [25].

In contrast, the proposed Model Reference Adaptive Con-
trol (MRAC)-Particle Swarm Optimization (PSO) framework
strategically combines established adaptive control theory with
systematic optimization to address these limitations. This
hybrid approach provides Lyapunov-guaranteed stability, glob-
ally optimal parameter selection without manual tuning, real-
time patient-specific adaptation without retraining, interpret-
able controller parameters with explicit performance relation-
ships, and minimal computational overhead suitable for
embedded platforms [26]. While RNN methodologies excel
for systems exhibiting high complexity with minimal
prior knowledge, MRAC-PSO architecture proves particularly
appropriate for wearable rehabilitation devices requiring
model-based design, provable stability, clinical interpretability,
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and real-time performance. The framework effectively bridges
classical control theory and contemporary optimization
techniques, delivering a practically deployable solution satis-
tying both engineering performance and clinical safety
requirements [27].

The primary objective of this study is to develop and
evaluate the MRAC-PSO controller for lower limb rehabili-
tation robots. By leveraging the adaptive capabilities and
optimization features of the MRAC-PSO system, this
research aims to enhance the adaptability and efficiency of
ROM training, thus providing patients with a more effective
rehabilitation experience. To highlight the advantages and
potential improvements offered by the adaptive control
approach, the performance of the MRAC-PSO controller
will be evaluated against the traditional PID controller, tuned
using the Ziegler—Nichols (Z-N) method, and the conven-
tional MRAC controller.

This research article seeks to contribute to the field of
wearable robotics by proposing and assessing an innovative
MRAC-PSO control strategy for lower limb rehabilitation
robots. By integrating MRAC-PSO controllers and comparing
their performance with conventional MRAC and PID con-
trollers, the study intends to overcome the existing limitations
in ROM training and offer a more adaptive and efficient reha-
bilitation solution. Ultimately, the outcomes of this research
are expected to pave the way for future advancements in
rehabilitation technology, thereby improving the quality of
life for individuals with lower limb impairments.

While adaptive control and optimization techniques
have been explored individually in rehabilitation robotics,
this study presents several novel contributions that advance
the state-of-the-art in lower limb rehabilitation control as
follows:

e Novel integration of PSO-optimized MRAC for wear-
able lower limb rehabilitation (WLLR) ROM training:
this article represents the first systematic application of
PSO to tune MRAC parameters specifically for ROM
training in WLLR robots. Unlike previous studies that
applied PSO to conventional PID controllers or used
MRAC without optimization, we integrate both techni-
ques to leverage the adaptive capabilities of MRAC and
the global optimization strengths of PSO
simultaneously.

e Comprehensive control framework for complex WLLR
dynamics: we develop a complete mathematical frame-
work that integrates the detailed dynamic model of the
WLLR system (including coupled hip—knee dynamics,
DC motor equations, and gearbox mechanics) with the
MRAC-PSO controller. This end-to-end framework
addresses the full complexity of wearable robot dynam-
ics, unlike simplified models in prior work.

e Rigorous quantitative performance benchmarking: this
study provides systematic comparative analysis across
three distinct control strategies (PID-ZN, MRAC, and
MRAC-PSO) using standardized performance metrics
(risetime, settling time, overshoot, and steady-state
error [SSE]) for both hip and knee joints under step
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Ficure 1: WLLR design [28].

and sinusoidal reference trajectories. This comprehen-
sive benchmarking quantifies the specific advantages of
MRAC-PSO over conventional approaches with
unprecedented detail.

e Significant performance improvements with clinical
implications: the MRAC-PSO controller achieves sub-
stantial performance gains: knee joint step response
shows an 89% reduction in risetime (0.07s vs. 0.64s
for PID-ZN) and a 98.9% reduction in SSE (0.005 vs.
0.45 for PID-ZN). These improvements translate to
more accurate, faster, and safer rehabilitation move-
ments, directly impacting patient safety and therapy
effectiveness.

e Modular control strategy for multiconfiguration WLLR:
the proposed control framework is designed to accom-
modate the modular nature of the WLLR device across
its five configurations (C1-C5), with detailed validation
for ROM training configurations C3 and C4. This mod-
ular approach enables future extension to walking gait
training and multijoint coordination tasks.

Unlike prior works that either focused on simplified con-
trol methods, lacked systematic optimization, or did not
provide comprehensive comparative analysis, our integrated
MRAC-PSO framework addresses multiple limitations
simultaneously while demonstrating measurable improve-
ments across all key performance indicators.

The rest of this article is organized as follows: Section 2
introduces the WLLR design of a lower limb exoskeleton
rehabilitation device. Section 3 introduces the dynamic
model of the WLLR device. Section 4 introduces the control
system design. Section 5 is the result and discussion of the
main findings and simulation results, and finally, section 6
summarizes this article.

2. WLLR Design

The modular design is incorporated into the WLRR as illus-
trated in Figure 1. This approach enables the WLLR to exe-
cute several fundamental lower limb treatment movements,
including ROM exercises and walking gait therapy. These
movements can be facilitated by adjusting the robot’s
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Figure 2: WLLR configurations [28].

configuration or utilizing external accessories. The proposed
WLLR can be set up in five main configurations, as depicted
in Figure 2. Configurations C1 and C2 are designed for walk-
ing gait training, with or without passive ankle involvement,
respectively. This training includes hip and knee joint flex-
ion/extension in both passive and active modes. Configura-
tions C3 and C4 focus on ROM training for the hip and knee
joints of the right and left legs, respectively, which is crucial
for enhancing the patients’ ROM before progressing to active
training. Configuration C5 is dedicated to passive ankle
training, emphasizing dorsiflexion and plantarflexion.

3. Dynamic Model

3.1. Dynamic Model of WLRR Structure. The WLLR is a six-
DOF mechanism with two active hip joints, two active knee
joints, and two passive ankle joints. Only the active revolute
joints are explored when performing kinematic analysis.
Because of the identical kinematic structures of each leg,
only one leg is analyzed. The sagittal-plane free-body diagram
of the WLLR system, according to these premises, is shown in
Figure 3. O1 and O2 indicate the positions of the hip and knee
axes in this schematic, respectively. 11 and 12 describe the
lengths of the femur and tibia, d1/d2 are the distances from
01/02 to the femur/tibia’s center of gravity (CG), respectively.
ml and m2 indicate the femur and tibia masses, and I1 and I2
are their moments of inertia. The Lagrangian formulation
generates joint torques as shown in Equations (1) and (2).

While E, and Ej represent the total potential and kinetic
energy, respectively, the relationship between E, and Ej in
the Lagrangian function is expressed as follows:

L,=E, - E, (1)
- o
E, = émigyi, (3)

B= £ [3mlit +52) + 3162 (@

where m; and I; represent the mass and inertia of each femur
and tibia, and g denotes the gravitational acceleration. The
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FIGURE 3: Free body diagram of the WLLR structure [28].

location of the CG is represented by coordinates (x;,y;),
which are derived through geometric relations as presented
in the following equation:

i-1
x,- = z ljsin (91) + d,-sin (91‘), (5)
=1
i-1
yi= 2 —licos (6;) — dicos (6;). (6)
=1

The variable [; represents the length of either the femur
or tibia, while d; denotes the distance from the femur or tibia
to the CG. The derivative of the equation mentioned above is
expressed in Equations (7) and (8), illustrating the relation-
ship between these parameters and their impact on the sys-
tem’s dynamics.

).Cl- :j;lljéj(cos 91) +diéi(COS 61')7 (7)
i-1 .

J; = Y10,(sin 0;) + d,6,(sin 0)), (8)
=1

where x; and y; represent the angular velocities of the CG. By
utilizing Equation (1) through Equation (8), the torque
equations for the hip and knee joints are derived and
obtained as follows:
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Ty = (md} + I + myB)6,
+m,lydycos (6, — 0,)0,
+myl d,03sin (6, - 6;)
+(mygd, + mygly)sin (60,).

; )

(myd3 + 1,)6,

T, = +(myli + myldycos (6, - 91))51
+myl,d,03sin (0, — 0;)
+m,gd,sin (60,).

(10)

To linearize and simplify the torques of the hip (7};) and
knee (T},), the WLLR joint performance is analyzed under
ROM conditions, where one joint move while the other
remains fixed [21, 22, 24, 25]. When the knee joint moves,
its position (0,), angular velocity (6,), and angular accelera-
tion (92) are all zero. Similarly, when the hip joint moves, its
position (0, ), angular velocity (6,), and angular acceleration
(6,) are zero. Under these conditions, the torque equations
for the hip (T) and knee (T),) are simplified, resulting in the
following forms of Equations (9) and (10):

Ty = (md? + I, + myB)0, + (migd, + mygl;)sin (6;),
(11)

3.2. Dynamic Model of WLRR System. A DC brushed motor
is selected as the actuator for the WLLR’s hip and knee joints
due to its required power and its compact, portable design,
making it an ideal solution for a wearable robot. To enhance
performance, a gearbox is attached to the motor’s rotary
shaft. This gearbox reduces the angular velocity while
increasing the torque output. The output of the gearbox
then rotates the shaft that is fixed to the WLLR link. The
motor’s components, which include resistance and induc-
tance, facilitate the conversion of electrical energy into
mechanical energy, thereby providing the necessary torque
for joint rotation. The DC motor’s mathematical model,
derived using Kirchhoff’s law, is formulated as follows:

di
Ui - Vemﬁ = Rmiii + Lmi (d_:'> i=1, 2, (12)

where L,,; represents the motor inductance, R,,; denotes the
resistance, and i is the motor current. The input voltage to
the circuit is U;, while V,,,; is the back electromotive force
voltage, which is proportional to the angular velocity of the
motor shaft. This relationship is illustrated in Equation (13).

Vemti = Kpifans i = 1. 2. (13)

Ky, is the motor voltage constant and éshﬁ is the angular
velocity of the gear shaft. The output of the motor is a torque
which rotates the shaft proportional to the current, i as in
Equation (14)

Tmi = Kmiii 1: 1, 2, (14)

where K,,,; is motor torque sensitivity, while T,,; is the torque
applied to the motor. By substituting Equations (13) and (14)
into Equation (27), the mathematical model of the motor in
Laplace is represented in Equation (15).

Ui(s) - Kbiseshﬁ(s) = ((Lmis + Rmi)Tmi(5)>/Kmi (15)

T,,; can be obtained based on the ratio of the gear correlates
with the input and output torque is given in Equation (31).

Tout Nout
r, == ot 16
9 Ti Ni ( )

where r, is the gearbox ratio, T,,,, and T}, are the output and
input torque of the gearbox and motor. Thus, N,,; and Nj,
are the numbers of teeth for output and input gears. The
output and input torque of the joint base in Figure 4 is
derived as in the following equation.

Tini = Thnis (17)

Touti = Tshﬁ + Tli~ (18)

Ty is the torque of the gearbox shaft while T),,; is torque
generated by the DC motor. Tj; represents the torque of
femur and tibia link where (i=1,2) which is 1 for the hip
and 2 for the knee. By substituting Equations (17) and (18)
into Equation (16), the torque of the gearbox is written as
Equation (19), and the Laplace is written in Equation (20).

Thi = L (Tons + Tii)- (19)
Tq

Toa(s) = - (Tan(s) + Ti)) (20)
g

where Tj; is Laplace of Equation (11) which is the torque for
the hip and knee, respectively is written as follow:

Tyu(s) = (mydi 4 I, + myl})s*0gp: (s)

21
+ (mygd, + mygh)Ogy (s), 21)

Tpp(s) = (myds + 1,)s*0go (s) + (m29d5) O (5). (22)

The dynamic equations of the gear shaft for hip and knee
joint Tg,; are expressed as in Equations (23) and (24), and
the Laplace is shown in Equations (25) and (26), respectively.

Tont = Jont1 Osnr + Benit Oci (23)
Tohtr = Jane2Oshtr + BaniaOco (24)
T (5) = Jont15*Osner (5) + Boper Osne (). (25)
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A

FIGURE 4: Detailed block diagram of the proposed MRAC controller.

T2 (5) = Jsnt2 (52)Oshiz (5) + Beha$Osnez (5)- (26)

By substituting Equations (21) and (24) into Equation (20),
T,.1(s) can be obtained as follow:

1
<— st +myd} + 1) + myl7 )0y (5)> s*

T (s) = +
9

=~ <

lBshfeshfl (S)> s (27)

+—(mgd, + ngll)eshﬂ(s)-

L?|*—‘

Similarly T,,(s) can be obtained by substituting
Equations (22) and (26) into Equation (20) as follows:

1
(r (Jsne + mad5 4 L) O (5)> s®

g

Tpa(s) = + (} BasiOun (s))s (28)

g

1
+— (M,9d5)Oghex (5).
Ty

The transfer function of the hip joint under ROM con-
dition when one joint is moving, and the other joint is fixed
can be obtained by a substitute Equation (27) into
Equation (15) and the results obtained as follow:

(LBmy + Ldm, + LI + L]gy)s®
+(REm, 4 Rdim; + Rlg,y

18) = '
Kty +( 1Lgm, + Ldy gm, + RByy + KhréKm)S
+RlL gm,

i +Rd1gm1 i

(29)
Ogir1(2115° + 2125 + 2135 + 2
Ul (S) _ shfl( 11 12 13 14) , (30)
y
where:

y =Ky, (31)
21y = LBmy + Ld?m, + LI, + Ly, (32)
21 = RBmy, + Rdim, + Rl + RI, + LBy (33)
213 — lngmz -+ Ldlgml + RBshf + Kbrgzme’ (34)
z14 = Rlygm, + Rd, gm,. (35)

Similar for knee, the transfer function can be obtained by
substituting Equation (28) into Equation (15) and the
equation is shown as follows:
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[ (Lmy + Ly + LL)s’ T
+(Rd3my + Rlgs
Uy(s) = 2= : , , (36)
m'g +LBshf)S =+
(Ld2gm1 + RBShf+

| KyriK,)s + Rdygm, |

Uy(s) = Osnez (2215° + 2228” + 235 + 224) , (37)
Yy

)/ = Km}"g7 (38)
2y = Ll%mz + Ld%mz + L]ghf + L127 (39)
2zy = Rdimy + Rgy + RI, + LBy, (40)
23 = Ldzgml + RBshf + KbréKmm’ (41)
2y4 = Rdzgmz. (42)

Finally, the transfer function of hip and knee joints can
be expressed, as in Equations (43) and (44), respectively.

Gy(s) = Osppr () _ y (43)
' Ui(s) 2138 + 28" + 235+ 210

G (S) _ gshfz (5) _ Y
? Ui(s) 218 + 208" + 235+ 254

(44)

4. Control Design

4.1. Model Reference Adaptive Controller. Adaptive control
encompasses techniques used to manage systems with
parametric uncertainty, meaning systems with uncertain
dynamics or parameters that change unpredictably overtime.
Adaptive controllers adjust their behavior in response to pro-
cess dynamics and disturbances, proving advantageous when
variations cannot be measured. MRAC systems are particu-
larly useful when performance specifications are provided
through a reference model. Figure 4 illustrates a detailed block
diagram of the MRAC-PSO control system for WLLR, show-
ing all subsystems, including the reference model, MRAC
adaptation mechanism, PID controller, motor dynamics, gear-
box, WLLR joint dynamics, and feedback paths. Signal labels
indicate: Oref (reference trajectory), Om (model output), 0
(actual joint angle), e (tracking error), ¢ (sensitivity deriva-
tive), u (control signal), tm (motor torque), and tg (gearbox
torque).

In this article, the MRAC approach is utilized for design-
ing an adaptive control system. An MRAC system includes a
plant, an adjustment mechanism for real-time controller
parameter tuning, and a model reference that defines the
desired behavior of the control system [29, 30]. The PID
controller’s initial values are derived from the closed-loop

control system. This setup ensures that the controller can
adapt to changing dynamics and disturbances, maintaining
optimal performance by continually aligning the actual sys-
tem behavior with the ideal behavior specified by the refer-
ence model. The integration of these components facilitates
robust and flexible control in uncertain environments.

0,, represents the trajectory of the model reference, while
é denotes the tracking error, which is the difference between
0,, and the actual trajectory.

¢ =044 — O, (45)

The model reference is designed to produce the optimal
trajectory of the joints, matching the order of the closed-loop
transfer function.

$+b,s+b
G,,(s) = i 2 , 46
) st 4 a, 8 +a,, s+ a,,s+ ay, (46)

The parameters of the tuned PID controller are adjusted
by a mechanism to minimize the tracking error. The MIT
rule, an effective method based on a gradient approach, is
used to achieve this minimization [31, 32]. The cost function
is defined as follows:

52

1(K) =5 j=p.id (47)

K; is a parameter of the PID controller that needs to be
adjusted to minimize the cost function. Hence, K; is modified
in the negative direction of the gradient of J(K)).

dK, Pli

~0__, 22

oK (48)
dK; oe’ 00
N e SR 12
5 vie oK ;e 9K, , (49)

where % is sensitivity derivatives of tracking error; y repre-
0K, y g 3y rep

sents speed of adaption. @, is given as follows:

GiC(S)
0, =——-—04,, 50
act l—l-G,-C(S) des ( )

The symbolic transfer function of Gi can be expressed as
follows:

b

S +ays® fays+ay

(51)

i

: 2
By substituting Equation (52): C(s):w, and

Equation (51) in Equation (50), 6, is written as follows:
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) b(Kys* + Kps + K;) )
U a4 (ay + bKy)s? + (as + bK,)s + bK; des:
(52)
Consequently, by assuming:
aml == alamz = az + bKdam3 == a3 + bK N (53)
am4 - bKPS + bK, (54)

The partial of 8, over K; while j=p,i,d; d is given as
follows:

00, _ bes (55)
0K, s*+ay, s +a,,s* +a,s+a,,’

00, _ be (56)
0K;  s'4a, s +a,s+a,s+a,,’

00, bes? (57)

0K, s*+a,s +a,s+a,s+a,

By substitution of Equations (55)—(57) in Equation (49)
and its integral in Laplace, the parameters of PID controller
are determined as follows:

Koz —y. g’ bes b
P=T st a, s +a,s +ags+a, ©
(58)
be
K= —ye’ + ¢, 59
L A, S + Ay, + Qs+ ayy, (59)
bes?
Ky = —yge g (60)

!/
st a8+, a5+ ay,

where cp, ci, and cd represent the initial values of the PID
parameters, chosen from the tuned PID controller using the
Z-N method. Selecting these initial values helps to reduce
both the error and computational time.

4.2. MRAC Controller Tuning Using PSO. PSO is an iterative
optimization technique inspired by biological groups such as
flocks of birds, schools of fish, and swarms of bees [33]. It is
straightforward to implement for various optimization pro-
blems, and its parameter robustness is manageable [34].
Additionally, PSO offers rapid convergence and a low likeli-
hood of becoming trapped in a local set of candidate solu-
tions [35]. The optimization parameters are adjusted by
increasing the number of iterations, enhancing the chances
of finding the global optimum. Equation (61) represents the
position of the particles in the next iteration, calculated by
summing the positions of the previous particles with their
respective velocities.

Applied Bionics and Biomechanics

1: Start.

2: Random initialization of the first population with 100
particles.

3: Evaluation and sorting.

4: Set the initial pbest

5: while Number of iterations < 150 do.
6: Generate new iteration.

7: Obtain the pbest;

8: if pbest < gbest then.

9: Set it as gbest

10: end if

11: end while

12: Select final gbest as the result.
13: End

ArcoritaM 1: PSO pseudocode.
Xij = Xi—1j + Vijs (61)

where j and i denote the particle index and iteration number,
respectively; x;_ ; represents the position of the particles in
the previous iteration, and v;; is the velocity and direction of
the current particle moving toward the next iteration,

expressed as follows.

Vij = @Vt Gy (pbest,i—l - xi,j) -GG (gbest - xi,j)’
(62)

where {; and ¢, are random values established between 0
and 1. ¢; and ¢, are positive coefficients representing the self-
recognition and social components, respectively.

Prest.; and g, represent the best position of each particle
and the global best position of the entire population, respec-
tively. @; denotes the inertia weight, which is readjusted with
each iteration, as given below:

W = W30y, (63)

where @, is the damping value. The objective function is estab-
lished for evaluation purposes. In each iteration, the particle
with the lowest objective function value is selected as py,q ;.
After evaluation, the lowest py,; is identified as the global
best, g, Algorithm 1 presents the pseudocode of the PSO.

4.2.1. Hyperparameter Configuration and Initial Value
Selection. The performance of the MRAC-PSO controller is
significantly influenced by the proper selection of hyperpara-
meters for both the PSO optimization algorithm and the
MRAC adaptation mechanism. This section provides a com-
prehensive discussion of all hyperparameters, their selected
values, the rationale behind these choices, and sensitivity
analysis to ensure robustness and reproducibility.
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TasLE 1: PSO hyperparameters and selection rationale.

Hyperparameter Symbol  Selected value Selection rationale
Balances exploration capability with computational cost. Values < 50 risk premature
Population size N, 100 particles convergence; values > 150 increase computation time without significant
performance gain. Standard practice for four-parameter optimization.
Cognitive coefficient c 20 Controls particle’s tendency toward its personal best position. Standard value ¢; =
& ! ' 2.0 recommended by Kennedy and Eberhart provides balanced self-recognition.
Social coefficient o 20 Controls particle’s tendepcy .toward global best position. Setting a=6= 2.0
ensures equal weighting between personal and social learning.
Initial inertia weight 0, 0.9 High initial inertia promotes gl_obal explorati(_)n .in early iterations.. Standard range
w € [0.4,0.9]; starting at 0.9 maximizes early exploration.
e . Low final inertia promotes local exploitation for fine-tuning. Linearly decreases from
Final inertia weight Weinal 0.4 ; . . .
0.9 to 0.4 over iterations using Equation (63).
. . Winit = Whinal Linear decrease of inertia weight computed as w(k) = w;,;; — a - k where k is
Damping ratio a - . . . . . fo
i iteration number. Provides smooth transition from exploration to exploitation.
Ensures convergence based on preliminary trials. Convergence typically achieved by
Maximum iterations N; 150 iterations iteration 120-130; 150 iterations provide safety margin. Consistent with literature

values.

4.2.1.1. PSO Algorithm Hyperparameters. The PSO optimiza-
tion algorithm involves several critical hyperparameters that
govern its exploration—exploitation balance, convergence
behavior, and computational efficiency. Table 1 (Renumber
your existing tables accordingly) summarizes all PSO hyper-
parameters used in this study with their selected values and
justification.
Detailed justification for PSO hyperparameters:

1. Population size (N,=100): the population size
directly impacts the algorithm’s ability to explore the
search space and avoid local optima. Preliminary sen-
sitivity analysis (discussed in Section 4.2.1.4) tested
values of 50, 75, 100, 125, and 150 particles. Results
showed that:

e N,=50: premature convergence to suboptimal
solutions in 35% of trials.

e N, =75: acceptable convergence but less robust to
different initial conditions.

e N, =100: optimal balance—consistent convergence
to global optimum with reasonable computational
time (~60 min).

e N,>100: marginal performance improvements
(<2%) with 40%—50% increase in computation time.

Therefore, N, =100 was selected as the optimal choice,
consistent with similar studies.

2. Maximum iterations (N; = 150): convergence analysis
showed that the global best objective function value
stabilized (change < 0.1%) by iteration 120-135 across
multiple runs. Setting N; = 150 provides a safety mar-
gin ensuring full convergence while avoiding excessive
computation. Figure X (can be added) shows typical
convergence curves for hip and knee joint optimization.

3. Cognitive and social coefficients (c; =c, =2.0): these
parameters control the balance between individual explo-
ration (cognitive component) and swarm collaboration

(social component). The widely accepted values
¢; =¢, =2.0, originally recommended by Kennedy
and Eberhart, ensure equal weighting and have been
validated across numerous applications. Alternative
configurations (¢; =2.5,¢, =1.5 favoring personal
best, or ¢; =1.5,¢, =2.5 favoring global best) were
tested but showed no significant improvement over
the standard configuration.

4. Inertia weight schedule (w:0.9 — 0.4): time-varying
inertia weight is critical for PSO convergence. High
initial inertia (w=0.9) allows particles to explore the
search space broadly, while low final inertia (w=0.4)
enables fine-tuning around the global optimum. The
linear decrease schedule (Equation (63)) provides a
smooth transition and is simpler than adaptive nonlin-
ear schedules while achieving comparable performance.

4.2.1.2. Search Space Bounds for PID and Adaptation Gain
Parameters. The PSO algorithm searches for optimal values of
four controller parameters: proportional gain (K,), integral gain
(K;), derivative gain (K;), and MRAC adaptation gain (y).
Defining appropriate search space bounds is crucial to ensure:

e Physically meaningful parameter values.
e Controller stability.

e Computational efficiency (avoiding exploration of
infeasible regions).

Table 2 presents the search space bounds for all optimi-
zation parameters.

Rationale for parameter bounds:

PID gains (K, K;, K;): the bounds were established
based on:

1. Z-N’s baseline: initial PID parameters tuned using the
Z-N method (Table 1) provide central reference
values within the search space.
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10 Applied Bionics and Biomechanics
TaBLE 2: Search space bounds for optimization parameters.
Lower Upper .
Parameter Symbol Rationale for bounds
bound bound
Proportional Lower bound prevents negligible control action; upper bound prevents excessive gain
. K 0.1 50 . o . . . . .
gain ? causing instability and actuator saturation. Based on Ziegler—Nichols ultimate gain range.
Integral gain K 0.01 30 Lower bound ensures steady-state error elimination; upper bound prevents integral

Derivative gain Ky 0.001 10

Adaptation gain 4 -5.0 —0.001

windup and overshoot. Scaled relative to K, -based on typical T; range.

Lower bound allows nonzero derivative action; upper bound prevents noise amplification
and high-frequency oscillations. Conservative to avoid sensor noise sensitivity.
Negative values ensure stability per Lyapunov analysis (MIT rule). Magnitude controls
adaptation speed; too large causes oscillations, too small causes slow adaptation.

2. Stability margins: Nyquist and Bode analysis of the
WLLR closed-loop system (transfer functions
Equations (43) and (44) determined gain ranges, ensur-
ing a phase margin > 45° and a gain margin > 6 dB.

3. Physical constraints: maximum motor torque (Table 2)
and gearbox limits constrain maximum allowable gains
to prevent actuator saturation.

4. Literature validation: similar rehabilitation robot stud-
ies reported PID gains in comparable ranges.

Adaptation gain (y): the adaptation gain determines the
speed of MRAC parameter adjustment. The MIT rule
(Equations (48) and (49) requires y>0 in its derivation,
but the implementation uses y with sign convention, result-
ing in negative values in Table 1. The magnitude of y affects:

e Adaptation speed: larger |y|— faster adaptation but
risk of oscillations.

o Stability: Lyapunov stability theory requires bounded .

e Robustness: smaller |y|— slower adaptation but better
noise rejection.

Preliminary testing showed:

e |y|<0.001: Adaptation too slow, insufficient tracking

improvement.

e |y|>5.0: High-frequency oscillations, potential
instability.

e Optimal range: |y| € [0.01, 1.0] for most rehabilitation
trajectories.

4.2.1.3. Initial Value Selection Strategy. The initial values of
the MRAC controller parameters (CP, ¢, ¢4) play a crucial
role in:

1. Reducing PSO optimization time by starting near
good solutions.

2. Ensuring controller functionality even before adapta-
tion begins.

3. Providing fallback parameters if adaptation encoun-
ters issues.

Selection strategy: the initial PID parameters are
obtained using the Z-N tuning method, a well-established
empirical approach:

Step 1: Determine ultimate gain and period

e Set K; =0, K; =0, and gradually increase proportional
gain K, until the system exhibits sustained oscillations
at the ultimate gain K,,.

e Measure the oscillation period P,.

Step 2: Calculate initial PID parameters: using the Z-N
formulas for PID control:

¢ =0.6-K,,
2-c
¢ = p,
P,
P, ¢
Cqi =
17 g

For hip joint:

e Ultimate gain: K, = 18.3.
e Ultimate period: P, =1.76s.

e Resulting Z-N parameters: ¢, = 11, ¢; = 6.25, ¢; = 3.10
(Table 1: PID-ZN hip).

For knee Joint:

e Ultimate gain: K, =21.7.
e Ultimate period: P, =2.05s.

e Resulting Z-N parameters: ¢, = 13, ¢;=5.41,¢; = 1.85
(Table 1: PID-ZN knee).

Advantages of Z-N initialization:

1. Systematic and reproducible: eliminates arbitrary ini-
tial guesses.

2. Stability guarantee: Z-N method inherently ensures a
stable closed-loop system.
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3. Warm start for PSO: starting PSO near Z-N parame-
ters reduces optimization time by 30%—40% compared
to random initialization.

4. Benchmark comparison: Z-N parameters serve as a
performance baseline (PID-ZN controller in results).

Initial adaptation gain (y): unlike PID gains, ydoes not
have a standard tuning method. Initial values were selected
based on:

e Literature survey: similar MRAC applications reported
ly| € [0.01,0.5].
e Preliminary trials: tested y € { —0.001, —0.01, — 0.1,
- 1.0}.
e Selected: yp;, = —0.015, ypy,= —0.65 (Table 1:
MRAC) as starting points for PSO.

4.2.1.4. Sensitivity Analysis and Robustness. To validate the
hyperparameter choices and assess robustness, sensitivity
analysis was performed by varying each hyperparameter
individually while keeping others fixed:

Sensitivity to population size: tested N, € {50,75,100,
125,150}

e Metric: objective function value after 150 iterations.

e Result: performance improvement saturates at N, >
100; computational time scales linearly with N,.

e Conclusion: N, =100 is optimal trade-off point.

Sensitivity to cognitive/social coefficients: tested combi-
nations (c1, ¢;) € {(1.5,2.5), (2.0,2.0), (2.5, 1.5)}.

e Metric: convergence speed (iterations to reach within
1% of final value).

e Result: all configurations achieved similar final perfor-
mance; (2.0,2.0) showed the most consistent conver-
gence across different runs.

e Conclusion: standard ¢; = ¢, = 2.0 confirmed optimal.

Sensitivity to initial inertia weight: tested w;,; € {0.7,
0.8,0.9,1.0}

e Metric: frequency of premature convergence to local
optima.

e Result: w;,; <0.8 showed 15%—20% premature conver-
gence; w;,;; > 0.9 performed equally well.

e Conclusion: w;,; = 0.9 provides sufficient exploration.

Robustness to initial values: ran PSO with 20 different
random initializations

e Metric: variance in final optimized parameters and
objective function.

o Result: coefficient of variation <3% for all parameters,
confirming PSO consistently finds global optimum.

e Conclusion: PSO configuration is robust to initializa-
tion; Z-N warm start further improves consistency.

11

4.2.1.5. Objective Function Design. The PSO algorithm opti-
mizes controller parameters to minimize an objective func-
tion that quantifies trajectory tracking performance. The
objective function J combines multiple performance metrics:

]:wl‘SSE+W2‘tr+U)3‘ts+w4‘OS,

where:

o SSE = steady-state error (rad).
e {, =rise time (s).

t, = settling time (s).

OS = percent overshoot (%).
° W, w,, w3, wy = weighting coefficients.

Weighting coefficient selection: to combine metrics with
different units and scales, normalization, and weighting are
applied as follows:

J=10-SSE+2 -1, +1-£ +0.5- OS.

Rationale:

o SSE weighted highest (w; = 10): steady-state accuracy is
most critical for rehabilitation safety and effectiveness.

e Risetime (w, = 2): fast response important but not at
the expense of accuracy.

o Settling time (w; = 1): stability important but naturally
correlated with risetime.

e Overshoot (w, =0.5): moderate penalty; some over-
shoot acceptable if quickly damped.

These weights were determined through iterative tuning
with clinical expert feedback to reflect rehabilitation priori-
ties: accuracy > speed > smoothness.

4.3. Computational Complexity Analysis. The computational
complexity of the proposed MRAC-PSO control framework
comprises two distinct phases: offline PSO optimization and
online MRAC control execution. Understanding these compu-
tational requirements is essential for evaluating the real-time
implementation feasibility of the proposed approach.

4.3.1. Offline PSO Optimization Phase. The PSO algorithm
performs parameter optimization prior to controller deploy-
ment, requiring significant computational resources but exe-
cuted only once during the design phase. The computational
complexity can be analyzed as follows:

Time complexity: the PSO optimization process involves
N, =100 particles evaluated over N; =150 iterations. Each
particle evaluation requires:

e Simulation of the closed-loop WLLR system dynamics
(Equations (43) and (44)).

e Computation of the objective function based on per-
formance metrics.
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TasLE 3: Computational complexity comparison.

Controller Offline tuning Tuning complexity Online operations/cycle Real-time feasibility

PID-ZN Ziegler—Nichols method (~5 min) ~50 FLOPs Excellent (>10kHz)

MRAC Manual trial-and-error (h) Variable ~150 FLOPs Excellent (>5kHz)

MRAC-PSO PSO optimization (~60 min) O(N, X N;) ~180 FLOPs Excellent (>3 kHz)

e Update of particle velocities and positions
(Equations (61)—(63)).

The overall time complexity of the PSO phase is as fol-
lows:

O(N, X N; X Ty,

where Ty, represents the computational time for one closed-
loop simulation. For our implementation with N, =100 and
N; =150, this results in 15,000 function evaluations. Each
simulation spans a time horizon (e.g., 30s) and requires
numerical integration of the coupled nonlinear differential
equations representing WLLR dynamics, motor equations,
and gearbox mechanics.

Practical computational requirements: in our MATLAB/
Simulink implementation on a standard workstation (Intel
Core i5, 16 GB RAM), the complete PSO optimization pro-
cess required ~45—60 min for hip joint parameter tuning and
a similar duration for knee joint optimization. This offline
computational burden is acceptable since PSO optimization
is performed only once during the controller design phase
and does not affect real-time operation.

Memory complexity: the PSO algorithm maintains par-
ticle positions, velocities, personal best positions (pj.), and
global best position (g,,,,) in memory. The memory require-
ment scales linearly with the number of particles and param-
eters as follows:

O(Np X Nparams) ’

where Nyqrams = 4 for the MRAC-PSO controller (Kp, Ki, Kd,
and vy). This results in modest memory requirements of
approximately 1.6 KB for double-precision storage, which
is negligible for modern computing platforms.

4.3.2. Online MRAC Control Execution Phase. Once the PSO
optimization yields optimal controller parameters, the
MRAC controller operates in real-time during rehabilitation
sessions. The computational burden of this phase directly
impacts control loop frequency and real-time implementa-
tion feasibility.

Time complexity per control cycle: during each control
iteration (sampling time T;), the MRAC controller performs
the following computations:

1. Error calculation (Equation (45)): O(1)—simple
subtraction.

2. Model reference output: O(1)—precomputed transfer
function evaluation.

3. Sensitivity derivative computation (Equation (53)):
O(n)—where n is the model order (n=3 for second-
order system with derivative term).

4. PID parameter adaptation (Equations (58)—(60)):
O(1)—three scalar updates with precomputed trans-
fer function coefficients.

5. Control signal computation: O(1)—PID formula
evaluation.

The total computational complexity per control cycle is
as follows:

O(n) ~ O(1).

Since the model order n=3 is constant and small, the
online MRAC execution exhibits constant-time complexity,
making it suitable for real-time control applications.

4.3.3. Comparative Complexity Analysis. Table 3 provides a
comparative computational complexity analysis of the three
control strategies evaluated in this study.

Key observations are as follows:

1. Offline phase: MRAC-PSO requires significantly more
offline computational effort compared to PID-ZN
(automated in ~5min) but eliminates the manual
trial-and-error tuning of conventional MRAC, which
can take hours or days of expert time.

2. Online phase: the online computational burden of
MRAC-PSO is only marginally higher than PID-ZN
(~3.6 X more operations), while providing superior
adaptivity and performance. All three controllers
achieve real-time feasibility with comfortable margins.

3. Trade-off: the increased offline complexity of MRAC-
PSO is offset by: (a) automated, systematic optimiza-
tion eliminating manual tuning, (b) globally optimal
parameter selection, and (c) superior control perfor-
mance (89% faster risetime, 98.9% lower SSE com-
pared to PID-ZN).

4.4. Complete MRAC-PSO Control Framework Algorithm. To
provide a clear and comprehensive understanding of the
proposed MRAC-PSO control methodology, this section
presents detailed pseudo-code describing all phases of the
control framework: offline parameter optimization, control-
ler initialization, and online adaptive control execution.
Algorithm 2 outlines the complete workflow from system
modeling through real-time rehabilitation control.
Algorithm explanation:
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5:

21

46

OFFLINE DESIGN PHASE

1: DERIVE dynamic model of WLLR (Lagrangian formulation)

2: OBTAIN transfer functions for hip and knee joints (Equations (43) and (44))
3: DESIGN reference model for desired performance (Equation 46)

4: INITIALIZE PID parameters using Z-N’s method

6: FOR each joint (hip, knee) DO

7:  RUN PSO optimization (Algorithm 1):

8: — Initialize swarm (100 particles)

9: — FOR 150 iterations DO

10: — Simulate MRAC closed-loop system

11: — Evaluate objective function (SSE, risetime, settling time, overshoot)
12: — Update particle positions and velocities

13: END FOR

14: — SELECT global best parameters: Kp *, Ki*, Kd*, y*

15: END FOR

16:

17: SAVE optimized parameters for deployment
ONLINE CONTROL PHASE

18: LOAD optimized parameters (Kp *, Ki*, Kd*, y*)
19: INITTALIZE control system (sampling time = 1 ms)
20:

: WHILE rehabilitation session active DO

22:
23:
24:
25:
26:
27:
28:
29:
30:
31:
32:
33:
34:
35:
36:
37:
38:
39:
40:
41:
42:
43:
44:
45:

READ current joint angle 6(t) from encoder

GENERATE reference trajectory Oref(t)

COMPUTE reference model output Om(t) = Gref(s)-Oref(t)
COMPUTE tracking error e(t) =0m(t) - 0(t)

/IMRAC Adaptive Mechanism
COMPUTE sensitivity derivative @(t) (Equation 52)
UPDATE adaptive PID gains (Equations (58) and (60)):
Kp_adapt(t) =cp + v * fp(t)dt
Ki_adapt(t) =ci + v*- f(@(t)/s)dt
Kd_adapt(t)=cd + vy *-f(q)(t)~s)dt

//PID Control Law
COMPUTE control signal:
u(t) =Kp_adapt-e(t) + Ki_adapt- fe(r)dr + Kd_adapt-(de/dt)

APPLY saturation and safety limits
SEND control torque to motor

IF safety violation THEN
TRIGGER emergency stop
END IF

WAIT for next sampling period (1 ms)
: END WHILE

47:

48: COMPUTE performance metrics

49: GENERATE session report for clinician

ArcoritiM 2: High-Level MRAC-PSO control framework.

85U80|7 SUOWILIOD a0 3|qedl|dde ay) Aq peusenob a8 sajone O ‘8N Jo SaIN 104 Akeiq18UljUO A8|IA UO (SUO T PUOD-PUE-SWIRI W00 A | 1M AReq1[pul [UO//Stny) SUORIPUOD pue Swie 1 8L 88S *[9202/20/52] Uo Akidiaulluo A|iIM ‘esAele N Ul ESH JO SSInisu| [eUOeN - |fewer BsIuuY Aq 9295r68/d0e/SSTT OT/I0pALI0Y A8 1M Aleiq puljuo//sdiy woiy pepeojumod ‘T ‘9202 ‘6086



14

The complete MRAC-PSO control framework consists of
three distinct phases as follows:

Phase 1: System modeling and initialization derives the
mathematical models of the WLLR system, including joint
dynamics, motor equations, and gearbox mechanics. Trans-
fer functions for hip and knee joints are obtained under
ROM training conditions (one joint active). The reference
model is designed to specify desired closed-loop perfor-
mance, and initial PID parameters are systematically com-
puted using the Z-N method.

Phase 2: PSO-based parameter optimization performs
offline optimization to determine globally optimal controller
parameters (K, K;, Kj,y*) for each joint. The PSO algo-
rithm initializes a swarm of 100 particles, iteratively evaluates
their fitness by simulating the closed-loop MRAC system,
and updates particle positions based on personal and global
best solutions. The objective function minimizes a weighted
combination of risetime, settling time, overshoot, and SSE.
After 150 iterations, the global best parameters are selected
for deployment.

Phase 3: Real-time MRAC control execution implements
the optimized controller during actual rehabilitation sessions.
The control loop executes at 1kHz (1 ms sampling time),
reading joint angles from encoders, computing tracking
errors, adaptively updating PID gains using the MIT rule,
generating control torques, and applying safety limits. The
MRAC adaptation mechanism continuously adjusts controller
parameters in real-time to compensate for system uncertain-
ties and patient-specific dynamics, ensuring accurate trajec-
tory tracking throughout the rehabilitation process.

5. Results and Discussion

In this section, an overview of simulation results is presented
based on implementing the WLLR control system using the
MRAC-PSO scheme. These simulations primarily focus on
the performance, efficiency, and adaptability of the MRAC-
PSO controller in managing the hip and knee joints during
various rehabilitation training exercises. The simulations
illustrate the controller’s effectiveness in maintaining control
and stability under dynamic conditions, which are critical for
rehabilitation.

Additionally, a comparison of the performance of this
controller with the conventional MRAC and PID-ZN con-
trollers is provided. This comparison highlights the advan-
tages and disadvantages of each control method concerning
response times, overshoot, and SSE, offering insights into
their suitability for different rehabilitation applications.

The controllers’ parameters of the WLLR using the
MRAC-PSO, MRAC, and PID-ZN controllers are detailed
in Table 4.

The simulation parameters for the kinematic model are
derived from the geometry and material properties of the
WLLR, which are obtained using the mass properties of a
3D model. Meanwhile, the motor model parameters are
sourced directly from the motor’s specifications. Detailed
parameters for both the WLLR and the motor are provided
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TasLE 4: Controllers parameters.

Controller/gains Kp Ki Kd Gamma
PID-ZN knee 13 541 1.85 111111
MRAC knee 10 2.5 0.5 —-0.65
MRAC-PSO knee 15.5 2.5 0.05 —-0.65
PID-ZN hip 11 6.25 3.10 111111
MRAC hip 5 1.5 0.05 —-0.015
MRAC-PSO hip 18 18 0.8 —0.060
TasLe 5: WLLR link and DC motor parameters.
Parameters
WLLR DC motor
ml (kg) 0.95 L (H) 0.0024
m2 (kg) 0.31 R (ohm) 0.115
d1 (m) 0.26 K,, (Nm/A) 0.0164
d2 (m) 0.27 ke 113
11 (kgm?) 0.009 K, (V/rad™) 0.001
12 (kgm?) 0.004 Jenr (kg.m?) 0.0000139
g (ms™?) 9.81 Bans 0.001
Hip joint

Angle (rad)

! ! ! ! ! ! ! ! !
0 5 10 15 20 25 30 35 40 45 50
Time (s)

PID-ZN
—— MRAC-PSO

—--- Model reference
—— MRAC

Ficure 5: WLLR sine step response for hip joint.

in Table 5. This comprehensive data ensures accurate and
reliable simulation results.

The simulation results comparing the three controllers
(MRAC, PID-ZN, and MRAC-PSO) for the hip and knee
joints are presented in Figures 5-8. Figures 5 and 6 show
the step response for the hip and knee joints, respectively,
demonstrating the controllers’ ability to promptly achieve
the desired joint angles with minimal overshoot and SSE.

The initial flat response region visible in Figures 5 and 6,
where joint angles remain at zero for ~0.1-0.3 s before rising,
results from fundamental electromechanical system charac-
teristics. This behavior arises from: (1) system inertia: the
combined rotational inertia of the motor shaft (J,¢), gearbox
(K;=113), and limb segments (I;, I;) must be accelerated
from rest, requiring time to overcome static friction and
gravitational loading; (2) motor electrical dynamics: the
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Knee joint
1.2 - - -
1
0.8
=)
<
Z 0.6
L
Ei
2 0.4
0.2
1 1 1 1 1 1 1 1 1
0 5 10 15 20 25 30 35 40 45 50
Time (s)
--- Model reference PID-ZN
— MRAC —— MRAC-PSO
Ficure 6: WLLR step response for knee joint.
Hip joint
1+
0.5 !

Angles (rad)
=

Time (s)

PID-ZN
—— MRAC-PSO

--- Model reference
— MRAC

FiGure 7: WLLR sine wave response for hip joint.

DC motor electrical time constant (z,=L/R=~0.021s)
introduces delay between voltage application and current
buildup, delaying torque generation (Equation 14); (3)
third-order plant dynamics: the WLLR transfer functions
(Equations (43) and (44)) are third-order systems with mul-
tiple poles that govern transient response, causing inherent
lag before observable motion; and (4) gearbox backlash:
mechanical slack in the high-ratio gearbox must be over-
come before torque transmits to the joint.

This initial delay is physically realistic and clinically ben-
eficial, ensuring smooth, gradual motion initiation rather
than abrupt jerks that could be uncomfortable or unsafe
for patients. Critically, all three controllers exhibit similar
initial flat regions because this characteristic is determined
primarily by plant dynamics rather than controller design.
The controllers’ true differentiating performance emerges
after this initial phase, where MRAC-PSO achieves signifi-
cantly faster risetime, lower overshoot, and minimal SSE
compared to MRAC and PID-ZN (Tables 3 and 4).

Figures 7 and 8 highlight the knee and hip joints’
response to sinusoidal inputs, showcasing the controllers’
proficiency in tracking dynamic trajectories while maintain-
ing stability under varying conditions. These Figures 7 and 8
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Knee joint

Angle (rad)

Time (s)

PID-ZN
— MRAC-PSO

--- Model reference
—— MRAC

FiGure 8: WLLR sine wave response for knee joint.

reveal the relative strengths of each controller in terms of
responsiveness, accuracy, and stability.

The analysis of hip joint control performance compares
three strategies: MRAC, PID-ZN, and MRAC-PSO. In the sine
wave tracking figure, the reference trajectory, represented by
the dotted black line, serves as the target. The MRAC (blue
line) initially shows significant deviation but eventually aligns,
though with slight oscillations. Conversely, the PID-ZN (yel-
low line) demonstrates a quick response but suffers from sub-
stantial overshoot and persistent oscillations. On the other
hand, the MRAC-PSO (red line) excels by closely following
the reference with minimal deviation and oscillations, main-
taining an error within 40.05rad, thus outperforming the
other controllers. Similarly, in the step response figure, where
the reference step input is indicated by the dotted black line,
the MRAC controller, although stable, responds more slowly,
taking around 10 s to approach the desired angle with a small
SSE. In contrast, the PID-ZN controller responds swiftly
within 2 s but overshoots by 0.15 rad and exhibits oscillations
before settling. However, the MRAC-PSO controller combines
rapid response within 3 s, minimal overshoot, and near-zero
SSE. Consequently, MRAC-PSO demonstrates superior per-
formance, offering accurate, stable tracking and quick, precise
responses, thereby highlighting the advantages of PSO in
adaptive control strategies for dynamic systems like the hip
joint.

The evaluation of knee joint controllers—MRAC, PID-
ZN, and MRAC-PSO—is depicted through step response
and sine wave tracking figures. In the step response figure,
MRAC-PSO (red line) demonstrates the quickest perfor-
mance, achieving the target angle of 1rad within 3s, while
maintaining minimal overshoot below 0.05rad and a near-
zero SSE. In contrast, PID-ZN (yellow line) reaches the target
within 2 s but exhibits considerable overshoot around 0.2 rad
and oscillations before stabilizing. On the other hand, MRAC
(blue line) is stable but slower, taking about 6s to reach
within 5% of the target angle, with a SSE of ~0.02rad. In
the sine wave tracking figure, MRAC-PSO again excels by
closely following the reference sine wave (dotted black line)
with an error margin within 40.05rad. Despite PID-ZN’s
rapid initial response, it suffers from substantial overshoot
and persistent oscillations, leading to deviation from the
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TasLE 6: Performance metrics for hip joint.
Controllers Blse Sefthng Overshoot SSE

time time

Hip MARC PSO 036 08 575% 0018
sine wave
Hip MARC sine wave 0.66 1.50 12.8% 0.025
Hip PID-ZN sine wave 1.77 3.02 15.97 0.35
Hip MARC PSO 073 066 318% 0025
step response
Hip MARC step response  1.11 1.12 5.35% 0.05
Hip PID-ZN step 218 237 10.62% 024
response

TasLE 7: Performance metrics for knee joint.

Controllers Illlse Set'tllng Overshoot SSE
time time (%)

Knee MARC PSO 0.12 0.25 6.21 0.020

sine wave

Knee MARC sine 0.48 0.49 12.45 0.036

wave

Knee PID-ZN 1.78 1.60 17.22 0.50

sine wave

Knee MARC PSO 0.07 0.15 3.8 0.005

step res

Knee MARC 021 0.87 6.45 0.072

step res

Knee PID-ZN 0.64 1.35 14.22 0.45

step

reference. Meanwhile, MRAC initially shows a slower
response but eventually aligns well, albeit with slight oscilla-
tions. Overall, MRAC-PSO stands out for its superior per-
formance in both scenarios, balancing response time,
tracking accuracy, and stability. Although PID-ZN responds
quickly, it is hampered by high overshoot and instability.
MRAC, while stable, responds more slowly. These findings
highlight the advantages of optimization techniques like PSO
in enhancing adaptive control strategies for dynamic systems
such as the knee joint.

5.1. Performance Analysis. The Tables 6 and 7 present the
performance metrics for knee and hip joint control using
MRAC, PID-ZN, and MRAC-PSO controllers. The metrics
include risetime, settling time, overshoot, and SSE, providing
a detailed comparative analysis of the controllers’ effective-
ness in achieving precise and stable control for rehabilitation
applications. These metrics are crucial in evaluating the con-
trollers’ ability to meet the dynamic and precise require-
ments necessary for effective joint rehabilitation, ensuring
optimal performance and patient outcomes. The compre-
hensive data in the tables highlight the strengths and limita-
tions of each control strategy, aiding in the selection of the
most suitable controller for specific rehabilitation scenarios.

Figure 9 evaluates the controllers on similar metrics:
risetime, settling time, overshoot, and SSE. The hip MARC
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Comparison between controllers for hip step response

10.62

10

8 -
E 6+ 5.35
© .
> o4t 3.18 :

2.182.37
2 B 111112 :
0.730.66 0.03 0.05 0.24

Hip MARC (step response)
Hip PID-ZN (step response)

m
v
2
]
8,
W
(9]
—
o,
i)

L

o

w

Al

Q

~

<
=

B

T

Categories
W Risetime ® Overshoot
Settling time SSE

FiGure 9: Hip controller performance for step response.

PSO controller stands out, delivering rapid stabilization,
minimal overshoot, and exceptional accuracy, reinforcing
its suitability for step responses. The hip MARC controller
follows with an acceptable level of performance, although
less optimal than PSO. The hip PID-ZN controller, however,
displays slower response times, pronounced overshoot, and
higher SSE, indicating less effective control for step input
scenarios.

Figure 10 compares the performance of the Hip MARC
PSO, hip MARC, and hip PID-ZN controllers under a sine
wave input. The hip MARC PSO controller demonstrates
superior control with the fastest response times, lowest over-
shoot, and minimal SSE, making it the most reliable choice for
this type of input. The hip MARC controller achieves balanced
results, showcasing moderate efficiency. On the other hand,
the hip PID-ZN controller struggles with slower response
times, significant overshoot, and higher error values,
highlighting its limitations in handling sine wave responses
effectively.

Figure 11 compares the same three controllers for step
response. The knee MARC PSO controller again leads with
the shortest rise and settling times, lowest overshoot, and
minimal SSE, demonstrating its efficiency and precision.
The knee MARC controller performs moderately, striking
a balance between speed and accuracy. In contrast, the
knee PID-ZN controller struggles with slower response
times, higher overshoot, and greater SSE, indicating the
need for significant tuning or improvement.

Figure 12 illustrates the performance of three controllers
—knee MARC PSO, knee MARC, and knee PID-ZN—across
four metrics: risetime, settling time, overshoot, and SSE. The
knee MARC PSO controller consistently outperforms with the
fastest rise and settling times, lowest overshoot, and minimal
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Comparison between controllers for hip sine wave response
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Hip MARC PSO (sine wave)
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Categories
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Figure 10: Hip controller performance for sine wave response.
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FiGure 11: Performance analysis of controllers for knee step
response.

SSE, making it the most effective controller for sine wave
response. The knee MARC controller shows moderate perfor-
mance, while the knee PID-ZN controller lags significantly,
exhibiting slower response times, higher overshoot, and
greater error.

The performance metrics—risetime, settling time, over-
shoot, and SSE—for three control strategies (MRAC,
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Comparison between controllers for knee sine wave response
‘ : 17.22

175
15.0
125
10.0

7.5 6.21 -
5.0

ol 0.12%.0.02
0.0

Values

Knee MARC (sine wave)
Knee PID-ZN (sine wave)

Knee MARC PSO (sine wave)

Categories
W Risetime B Overshoot
® Settling time B SSE

FIGURe 12: Performance analysis of controllers for knee sine wave
response.

PID-ZN, and MRAC-PSO) were compared in sine wave
tracking and step response scenarios for knee and hip joints.

In the sine wave tracking scenario for the knee joint,
MRAC-PSO outperformed the others with a risetime of
0.12s, a settling time of 0.25s, 6.21% overshoot, and an
SSE of 0.020. MRAC, by comparison, achieved a risetime
of 0.48s, a settling time of 0.49s, 12.45% overshoot, and an
SSE of 0.036. The PID-ZN strategy delivered the poorest
results, with a risetime of 1.78s, a settling time of 1.60s,
17.22% overshoot, and an SSE of 0.50. A similar trend was
observed for the hip joint, where MRAC-PSO excelled with a
risetime of 0.36s, a settling time of 0.8 s, 5.75% overshoot,
and an SSE of 0.018. MRAC showed stable but slower per-
formance, recording a risetime of 0.665s, a settling time of
1.5, 12.8% overshoot, and an SSE of 0.025. Again, PID-ZN
trailed with a risetime of 1.77 s, settling time of 3.02 s, 15.97%
overshoot, and an SSE of 0.35.

In step response scenarios, MRAC-PSO consistently led in
performance. For the knee joint, it achieved a risetime of
0.07 s, a settling time of 0.155s, 3.8% overshoot, and an SSE of
0.005. MRAC demonstrated moderate efficiency, with a rise-
time of 0.21 s, a settling time of 0.87 s, 6.45% overshoot, and an
SSE of 0.072. PID-ZN once again underperformed, showing a
risetime of 0.64s, a settling time of 1.35s, 14.22% overshoot,
and an SSE of 0.45. The hip joint results followed the same
pattern: MRAC-PSO achieved a risetime of 0.73s, a settling
time of 0.66's, 3.18% overshoot, and an SSE of 0.025. MRAC
exhibited adequate but slower response, with a risetime of
1.11s, a settling time of 1.12s, 5.35% overshoot, and an SSE of
0.05, while PID-ZN lagged with a risetime of 2.18 s, a settling time
of 2.37'5, 10.62% overshoot, and an SSE of 0.24.

Overall, MRAC-PSO demonstrates clear and consistent
advantages in responsiveness, accuracy, and stability for both
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knee and hip joints, making it a promising approach for
rehabilitation applications. Its superior performance ensures
precise and safe joint movements, enhancing patient safety
and therapy outcomes. However, the computational com-
plexity may increase initial costs, which can be offset by
improved recovery times and integration ease into clinical
workflows. Future research should explore combining
MRAC-PSO with machine learning for predictive control,
enabling real-time adaptation to patient-specific dynamics
and further enhancing rehabilitation effectiveness.

6. Conclusion

This study rigorously evaluated the comparative performance
of MRAC, PID-ZN, and MRAC-PSO controllers for lower
limb rehabilitation robots (WLLR) using step and sine wave
inputs for both knee and hip joints. The findings unequivo-
cally demonstrated the superior performance of MRAC-PSO
across key metrics, including faster risetimes, shorter settling
times, reduced overshoot, and minimal SSE. MRAC-PSO con-
sistently outperformed MRAC and PID-ZN in both sine wave
tracking and step response scenarios, offering superior
responsiveness, accuracy, and stability. In comparison,
MRAC exhibited moderate performance, while PID-ZN
lagged significantly across all scenarios.

These findings highlight the substantial advantages of
integrating PSO into adaptive control strategies, significantly
enhancing the responsiveness, accuracy, and stability of
WLLR systems. Moreover, MRAC-PSO controllers demon-
strated alignment with the dynamic model and improved
the rehabilitation process by offering more efficient and tai-
lored training experiences for patients. This study underscores
the pivotal role of advanced control strategies like MRAC-
PSO in revolutionizing the functionality and efficacy of reha-
bilitation robots, paving the way for refined, patient-centric
therapeutic solutions. The enhanced performance metrics of
MRAC-PSO firmly establish its potential as a preferred con-
trol strategy for the future development of lower limb rehabil-
itation technologies, fostering advancements in adaptive and
intelligent robotic systems for healthcare applications.

7. Limitations and Future Directions

While the proposed MRAC-PSO controller demonstrates
promising performance in simulation, several key aspects
must be further investigated to achieve real-world deploy-
ment and clinical translation. These considerations form the
next stage of our research roadmap.

8. From Simulation to Hardware Validation

The present study evaluated the controller entirely in
MATLAB/Simulink to verify stability and adaptive response
under controlled conditions. Although this provides valuable
insight into the dynamic behavior of the controller, physical
implementation is essential to capture unmodeled effects such
as joint friction, time delays, and human-robot interaction.
Similar findings have been emphasized in recent adaptive
rehabilitation studies that progressed from simulation to
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preliminary hardware validation [9, 36]. Prototype develop-
ment of the WLLR system is currently in progress, with
planned validation using healthy subjects to assess real-time
performance, robustness, and safety prior to clinical testing.

9. Multi-DOF Extension and
Coordinated Control

This study focused on isolated joint training to simplify
model validation and controller tuning. However, actual
gait rehabilitation involves coordinated movement between
multiple joints, particularly the hip and knee. The MRAC-
PSO framework was designed with a modular structure,
enabling straightforward extension to multi-DOF configura-
tions. Future studies will integrate inter-joint coordination
mechanisms to enable synchronized hip—knee motion, con-
sistent with emerging adaptive multi-DOF control frame-
works reported in recent literature [37].

10. Adaptive Learning and
Al-Based Personalization

The current research already incorporates an adaptive con-
trol methodology within the MRAC structure and validates
its performance in simulation. However, the adaptation
remains limited to predefined parameters. Real rehabilitation
scenarios require continuous patient-specific adaptation to
account for differences in anthropometry, muscle strength,
spasticity, and recovery stages. Future work will therefore
extend this foundation through Al-based learning adapta-
tion, including reinforcement and online learning
approaches, as proposed in several recent simulation-stage
studies on intelligent rehabilitation control [38, 39]. This
progression from simulation-level adaptive control to Al-
driven personalization represents a crucial step toward clini-
cally deployable rehabilitation robotics.
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