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Abstract

Robot-assisted rehabilitation has demonstrated significant efficacy in improving motor
function among patients with physical and neurological impairments. The development of
effective rehabilitation robots requires careful integration of mechanical design and control
systems to ensure safe, compliant, and intention-oriented human–robot interaction while
delivering appropriate therapeutic assistance and feedback. Parallel robot manipulators
have increasingly gained attention in rehabilitation applications due to their superior
precision, structural stiffness, and high load capacity compared to their serial counterparts.
This paper presents a scoping review of control strategies specifically implemented in
parallel rehabilitation robots between 2015 and 2025. The control strategies include position
control, force control, compliance control, adaptive control, intelligent control, and hybrid
control. Our analysis showed a progressive shift from traditional position-based control
toward more sophisticated adaptive and intelligent strategies that better accommodate
patient-specific needs and therapeutic requirements.

Keywords: robot-assisted rehabilitation; control strategies; human–robot interaction;
parallel robot manipulators; cable-driven parallel robots; compliance control; adaptive
control; intelligent control

1. Introduction
The rising incidence of musculoskeletal and neurological injuries, such as stroke

and spinal cord injury, has significantly increased demand for physical therapy aimed at
regaining function and mobility. Physical therapy is a labor-intensive process, placing
high emotional and physical demands on therapists. At the same time, demographic shifts
toward an older population add further pressure on the therapists [1]. Yet, the shortage of
physical therapists is expected to persist, with higher demand and insufficient qualified
therapists [2].

In response, the interest in designing and developing robotic devices for rehabilitation
has increased. Globally, the current value of the rehabilitation robot (RR) market is around
USD 493 M, with a projected compound annual growth rate (CAGR) of 15–18%, depending
on the reports [3,4]. This trend is also reflected in the literature, showing a steady upward
trajectory in the number of publications on RR [5–7].
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Numerous studies and meta-analyses have reported that robot-assisted therapy can
promote neurorehabilitation and help patients regain muscle strength and joint mobil-
ity [8,9]. Compared with conventional therapy, robot-assisted rehabilitation offers more
consistent, intensive, repeatable movement training while providing real-time quantitative
feedback on the patient’s performance [10–13]. RRs have been designed to target multiple
levels of limbs needed, namely the upper limb, lower limb, and trunk. Structurally, they
can be divided into two broad categories, serial and parallel manipulators, each of which
has its own advantages and drawbacks. In recent years, parallel robot manipulators (PRM)
have attracted growing interest in other fields, such as machine operation and architectural
modeling [14,15]. PRMs have received more attention than serial robot manipulators (SRM)
due to their advantages, including greater stiffness, higher accuracy, greater speed, larger
payloads, and compactness compared to their counterparts [7,16].

A key challenge of PRMs lies in their architectural complexity. The mechanical con-
straints and coupling effects between the kinematic chains make their kinematic and
dynamic analyses highly nonlinear and, therefore, more difficult to solve than those of
SRMs. Consequently, control strategies developed for SRMs cannot be directly applied to
PRMs [16,17].

Compared to other fields of robotics, designing effective control schemes for RR in-
volves overcoming unique challenges: patient-specific functional capabilities, functional
goals, dynamic uncertainties in the human–robot system, and rigorous safety standards [5].
To address these, numerous control strategies have been developed, spanning from tradi-
tional position control schemes to modern impedance/admittance, adaptive, and intelligent
control strategies.

Over the past few years, numerous literature reviews have analyzed mechanical
design, performance, clinical outcomes, and control strategies for RR. Abarca et al. [16]
analyzed parallel robots in rehabilitation, assistance, and humanoid applications for neck,
shoulder, wrist, hip, and ankle joints. While this review focused on parallel rehabilitation
robots (PRR), it also emphasized mechanical design, workspace assessment, performance
methods, and material selections, with only a brief touch on control strategies. Another
review on PRMs in rehabilitation by Huamanchahua et al. [18] provided a general overview
of the use of parallel robots in rehabilitation and assistance and showed the state of this
technology. This study mainly focused on sensor types, degrees of freedom, controller
types, actuators, and their state of development, but did not explain the control strategies
applied for PRMs in depth. The work by Kalsoom et al. [19] reviewed the state-of-the-art of
RR devices but only focused on ankle RRs, including those with serial structures. At the
time this paper was written, there was no known literature review that solely focused on
analyzing control strategies for PRMs across different levels for rehabilitation training in
the last decade.

The objective of this study is to gather and present research on control strategies
developed for PRRs, with emphasis on establishing a taxonomy and identifying emerging
trends in control selection and implementation from 2015 to 2025. Control strategies to
be discussed include position control, force control, compliance control, adaptive control,
intelligent (AI/ML) control, and hybrid control. The main objective of this paper is to
provide readers with a better understanding of the state-of-the-art control strategies devel-
oped particularly for parallel manipulators employed in robot-assisted rehabilitation. The
paper is organized as follows: Section 2 describes the search strategy and results, including
inclusion and exclusion criteria. Section 3 provides a brief overview of the various types of
existing rehabilitation PRMs. Section 4 presents a detailed analysis of the above control
strategies, followed by discussion in Section 5 and conclusions in Section 6.
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2. Search Strategy
This section discusses the literature search for the paper, which includes the search

strategy, inclusion and exclusion criteria, and search results.

2.1. Search Strategy

The selection process was conducted using a multi-stage process inspired by a sim-
plified PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses)
framework to ensure transparency, systematic classification, and reproducibility of the pro-
cess [20]. The review combined the analysis of studies identified from previously published
review papers with a comprehensive search of major online databases.

The database search was performed using Google Scholar, Web of Science, Scopus,
and IEEE Xplore, covering publications from January 2015 to September 2025. Relevant
keywords and Boolean search strings were used, including: “parallel,” “rehabilitation,”
“robot,” “control schemes,” “adaptive control,” “compliance control,” and “intelligent
control,” (“parallel robot” OR “parallel mechanism”) AND rehabilitation AND (“control
scheme” OR “control strategy”); (rehabilitation OR “robot-assisted”) AND (impedance
OR admittance OR compliance) AND parallel; rehabilitation AND robot AND (“adaptive
control” OR “hybrid control” OR “intelligent control”). For Google Scholar, only the
first 100 most relevant results were screened to ensure manageability while maintaining
comprehensive coverage.

In addition to the database search, relevant studies identified from three previously
published review papers on rehabilitation robots and their control strategies [5,14,17] were
used as a supplementary source for identifying studies and were subsequently subjected to
the same screening and eligibility criteria as those retrieved from the database search.

2.2. Inclusion Criteria

Research articles were included for detailed analysis in this paper if they met all the
following criteria:

• The article considered parallel structures or hybrid serial-parallel structures.
• The primary application in the article was robot-assisted rehabilitation, i.e., physical

therapeutic recovery from neurological or physical injury.
• The article discussed the implementation, modeling, and evaluation of a control

strategy.

2.3. Exclusion Criteria

Research articles were excluded based on the following criteria to maintain focus on
the research objective of the paper:

• Articles that were not published between 2015–2025.
• Articles that did not consider parallel manipulators, rehabilitation applications, or

control schemes.
• Articles that were purely focused on assistive devices and humanoid robots, e.g.,

prosthetics or assistive exoskeletons designed for daily tasks rather than therapeu-
tic recovery.

• Articles that considered non-parallel manipulators, e.g., purely serial robots and
humanoid robots.

• Articles that were exclusively on mechanical design, optimization, or kinematics
analysis without substantial discussion of control strategies.

• Review articles, book chapters, and commentaries without original empirical data.
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2.4. Data Extraction and Screening Results

The literature search was completed on 30 September 2025, yielding a total of 1830
articles combined from all sources. After removing duplicates, book chapters, and non-
English language, 642 articles remained for preliminary screening. To enhance efficiency
and consistency, Anara AI, an AI-powered research assistant, was used to assist in the next
phase of screening. This tool automatically evaluates abstracts and keywords against the
inclusion and exclusion criteria, flagging studies that closely match the scope of this review.
Following this automated relevance filtering and manual verification, 99 articles were
selected for full-text screening and detailed analysis. Each selected paper was then read
thoroughly and categorized according to the year of publication, target types joint/limb,
and control strategies implemented. Figure 1 illustrates the PRISMA flow diagram of the
overall search strategy and selection process used.

Figure 1. PRISMA flow diagram of the search and selection process using online databases and
published reviews [5,7,16].

3. Parallel Robots in Robot-Assisted Rehabilitation
The structural advantages of PRMs lie in their featured design of having multiple

kinematic chains linking a fixed platform and a movable platform, offering rigidity, great
stability, and resistance to deformation [15]. While this paper focuses on control strategies
for PRMs, this section briefly addresses the ongoing development in their mechanical design
in the literature, as mechanical configuration could directly influence the implementation
of control schemes.

Each joint of the human body has unique motion characteristics and different rehabili-
tation needs and goals from patients. PRMs vary in structure depending on their kinematic
chain, which can consist of revolution (R), prismatic (P), universal (U), and spherical (S)
type joints. A combination of these joints allows for the creation of customized designs and
a wide variety of configurations, enabling the robots to perform movements like transla-
tions, rotations, inclinations, or a combination thereof [16]. Parallel mechanisms have an

https://doi.org/10.3390/eng7010044

https://doi.org/10.3390/eng7010044


Eng 2026, 7, 44 5 of 32

architectural advantage in rehabilitation because, unlike exoskeleton-based systems, they
do not require precise alignment between individual actuators and the patient’s anatomical
joint axes. By operating at the end effector or task level, parallel mechanisms avoid complex
anthropomorphic coupling, thereby simplifying mechanical design, improving robustness,
and enhancing adaptability across users with varying limb geometries. Beyond traditional
platform-type PRMs, i.e., adopting the Stewart Platform structure, other types have been
developed, including cable-driven parallel robots, parallel exoskeletons, and serial–parallel
hybrid robots. Representative examples of the above configurations are presented in Fig-
ure 2. The general relationship between mechanical design and control strategies is that
greater mechanical stability and force efficiency permit simpler control schemes, while
designs favoring a larger workspace demand more robust control, in another study [21].

Figure 2. Types of PRMs in rehabilitation. (a) 3-RRS ankle parallel manipulator [22]; (b) 2-UPS/RRR
parallel robot [23]; (c) PLANarm2 [24]; (d) 3-PRS parallel robot [25]; (e) FC-WREI exoskeleton [26];
(f) Portable parallel ankle exoskeleton [27]; (g) Parallel mechanism exoskeleton [28]; (h) ASPIRE [29];
(i) 2-S′PS′ rigid-flexible hybrid robot [30]; (j) 3SPS/S parallel ankle manipulator [31]; (k) 6-DOF
wearable exoskeleton [32]; (l) Overconstrained 3-RRR spherical parallel manipulator [33]; (m) 6-DOF
parallel cable-driven platform [34].
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3.1. Platform-Type Parallel Robot Manipulators

Platform-type PRMs consist of a fixed base and a movable platform connected by mul-
tiple kinematic chains in parallel, forming a closed-loop structure. The parallel kinematic
chains activated by actuators move the movable platform with respect to the fixed base.
These manipulators usually have an attachment point to interact with patients through a
distal point, like a hand or foot. Representative PRMs developed for rehabilitation include
the 3-PRS parallel manipulator for ankle rehabilitation [22] and the PLANarm2 robot with
3-PRS kinematic chains for the upper limb [24].

3.2. Cable-Driven Parallel Robot Manipulators

A cable-driven parallel robot (CDPR) manipulator is a PRM whose actuation is per-
formed by cables, i.e., tension elements rather than rigid links, connecting a fixed frame
to a moving platform. Motion of the moving platform with respect to the fixed frame is
carried out by winches adjusting cable lengths while maintaining positive cable tension.
Advantages of CDPRs include low moving mass, inherent compliance, large workspace,
and low cost, although their rigidity is generally lower than that of rigid-link robots. Fig-
ure 2e is a 6-DOF CDPR for upper-limb rehabilitation, which uses seven cables routed
through spherical-guide-wheel cable-guiding mechanisms [34].

3.3. Exoskeletons

Exoskeletons are external structures that closely follow the patient’s anatomy and
allow training of each individual joint involved in movement. These mechanisms use
parallel chains to interface with human joints, leveraging parallel mechanism properties in
a wearable form. Exoskeletons can form in multiple parallel mechanisms, such as FC-WREI
for the wrist [26] and the portable exoskeleton for the ankle as seen in Figure 2f [27].

3.4. Hybrid Series-Parallel Robots

A hybrid series-parallel robot (HSPR) manipulator is a combination of SRM and PRM
to leverage large workspace of the serial component and the high stiffness and precision of
the parallel component. Such a hybrid combination enables the robot to achieve kinematic
functions similar to those of the human limb with greater flexibility. Notable HSPRs
include the hybrid series-parallel robots with the H-bot mechanism for gait training and
balance [35] and the 9-DOF series-parallel hybrid motion platforms [36].

4. Evaluation of Employed Control Strategies
Control strategies for robot-assisted rehabilitation prioritize patient safety while pro-

viding precise, adaptive movement assistance tailored to individual functional capabilities.
Strategy selection depends on the patient’s recovery phase, muscle strength, and rehabil-
itation goals. This section examines key control approaches used in PRRs, with recent
application examples.

4.1. Position Control

Position control remains the most popular control strategy in PRR for its simplicity,
reliability, and ease of implementation. The strategy operates in a feedback loop that drives
the robot’s actuator to follow a planned trajectory by continuously minimizing the error
between the desired position and the actual measured position. This approach is commonly
adopted for passive training in the early stages of rehabilitation, when the primary goal is
intensive repetitive motion while keeping the muscular effort low. Figure 3 illustrates a
joint-space motion control scheme for passive training rehabilitation.
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Figure 3. Joint-space motion control scheme for PRMs.

As shown in the figure, the desired training motion specified by the therapist is trans-
formed into a set of desired Cartesian variables expressed in Vector Xd(t) by a trajectory
planner. Vector Xd(t) is then transformed to Vector qd(t) composed of desired joint vari-
ables by the manipulator inverse kinematics. The actual joint variables expressed by Vector
q(t) are measured by the joint sensors, and then the measured actual joint variables are
subtracted from the desired joint variables contained in Vector qd(t) to produce the joint
variable errors expressed by Vector qe(t). The joint variables errors are then sent to a
controller, which could be a Proportional (P) controller, a Proportional-Derivative (PD)
controller, or a Proportional-Derivative-Integral (PID) controller. The controller gains in
this case could be set at certain fixed values using standard control techniques, including
linearization and pole placement, to stabilize the closed-loop control system. The actuators
are then driven by the controller outputs so that the joint variable errors are minimized and
ultimately converge to zero. We observe that the above control strategy controls the joint
variables directly, as its name implies.

The convenience of the availability of actuators with built-in PID controllers has
allowed researchers to design and test more new rehabilitation robots. The majority of
selected studies that chose position control were for prototype testing and experimental
validation. Ennaiem et al. [37] used Dynamixel MX-106T servomotors with built-in PID
position control to develop a planar CDPR for upper-limb rehabilitation. They imple-
mented a simplified PID plus feed-forward scheme that achieved good trajectory-tracking
performance on the benchmark “8” trajectory. Similarly, Koszulinski et al. [38] also took
advantage of the same motor’s built-in capabilities to develop another CDPR for head-neck
joint training. However, the authors also noted that using internal motor controllers limits
the ability to compensate for uncertainties because the gains cannot be customized or tuned.

Several studies have reported improved position control for PRRs in different ways.
Zou et al. [22] implemented cascade control to improve trajectory tracking to meet the
precision needs of early-stage rehabilitation. This approach incorporated a double closed-
loop structure, where an outer proportional controller for position generates the reference
signal for an inner PI velocity controller. By managing both position error and motor speed
dynamically, the researchers were able to improve the disturbance rejection capability
while keeping the simplicity of linear feedback control. Zhang et al. [39] showed that the
effective compliance of a parallel mechanism could be changed from a “stiff” to a “soft”
assistive response simply by adjusting PID controller gains to achieve either critically
damped or underdamped trajectory tracking. This gain-tuning strategy allows the same
position control architecture to adapt to different therapy stages: providing firm guidance
during early rehabilitation when patients have minimal control, then transitioning to softer
assistance as they regain voluntary movement capability. The ability to tune mechanical
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compliance through software parameters removes the need for complex variable-stiffness
actuators while improving patient comfort.

Real-time trajectory adaptation also allows position control to respond dynamically
to patient intent without abandoning the fundamental position-tracking framework. Es-
carabajal et al. [21] integrated dynamic movement primitives (DMPs) into the position
control loop, creating a phase-dependent nonlinear system that allows controlled trajectory
execution with the ability to stop the exercise mid-movement without losing kinematic
control. This “phase stopping” capability ensures patient safety by allowing an immediate
pause when discomfort or fatigue occurs, while the DMP framework naturally resumes
motion from the stopped position. To further enhance patient-centered interaction, Wang
et al. [40] added EMG signal decoding to the framework. The patient’s muscle electrical
activity was mapped and translated into proportional motor commands. As a result, the
position control loop provided assistive force according to the patient’s measured intention.

Given the many novel implementation approaches that have been proposed, position
control has evolved beyond simple set-point tracking to accommodate more diverse re-
habilitation training tasks. Additional studies dealing with position control for PRMs in
rehabilitation are listed in Table 1.

Table 1. Position control of PRMs for rehabilitation.

No. Author Year Application Mechanism DOF Controller Type

1 Blanco et al. [41] 2015 Ankle PR 2 PID

2 Ruiz-Hidalgo et al. [42] 2016 Ankle PR 3 PID

3 Du et al. [43] 2017 Ankle PR 3 NS

4 Zhang et al. [44] 2017 Ankle PR 3 NS

5 Zhu et al. [45] 2017 Ankle PR 3 PID

6 Rastegarpanah et al. [46] 2017 Ankle HSPR 9 PID

7 Zhang et al. [47] 2018 Neck PR 3 NS

8 Azcaray et al. [48] 2018 LL PR 3 NS

9 Kitano et al. [32] 2019 Wrist EX 6 PID

10 Wang et al. [30] 2019 Ankle HSPR 2 NS

11 Yamine et al. [24] 2020 UL PR 2 PID

12 Escarabajal et al. [25] 2020 Ankle PR 3 PD

13 Tucan et al. [49] 2020 Elbow, Wrist PR 2 PLC

14 Li et al. [23] 2020 Ankle PR 3 PID

15 Zou et al. [50] 2020 Ankle PR 3 NS

16 Bo et al. [51] 2021 Gait PR 6 NS

17 Zhang et al. [52] 2021 NS CDPR 3 NS

18 Wang et al. [40] 2021 Wrist PR 3 NS

19 Lee et al. [26] 2021 Wrist EX 3 PD

20 Pulloquinga et al. [53] 2021 Knee PR 4 NS

21 Ennaiem et al. [37] 2021 UL CDPR 3 PID

22 Zou et al. [22] 2022 Ankle PR 3 NS

23 Liu et al. [54] 2022 Ankle PR 4 Zynq-7000 FPGA/CPU

24 Shi et al. [35] 2023 Gait and balance HSPR 5 NS
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Table 1. Cont.

No. Author Year Application Mechanism DOF Controller Type

25 Nursultan et al. [27] 2023 Ankle EX 1 NS

26 Li et al. [55] 2023 Forearm, Wrist CDPR 3 NS

27 Doroftei et al. [56] 2023 Ankle PR 2 NS

28 Koszulinski et al. [38] 2023 Head/Neck CDPR 5 PID

29 Zermane et al. [57] 2023 Balance PR 3 NS

30 Wu et al. [36] 2023 Balance HSPR 18 Elmo G-MAS

31 Ghrairi et al. [58] 2024 NS CDPR 3 PD

32 Pisla et al. [59] 2025 Hip, Knee, Ankle PR 4 TB6600 drivers

33 Zhang et al. [39] 2025 Ankle EX 3 PID
Abbreviations: UL: upper limb; LL: lower limb; PR: parallel robot; CDPR: cable-driven parallel robot;
EX: exoskeleton; HSPR: hybrid series-parallel robot; HSP-EX: hybrid series-parallel exoskeleton; NS: not specified;
PID: Proportional-Integral-Derivative; PI: Proportional-Integral; PD: Proportional-Derivative.

4.2. Force/Torque Control

Traditional force/torque control is primarily employed for simple guided movement
training in early-stage rehabilitation and for resistance training exercises, where the exerted
force is controlled. The ability to adapt the applied force based on patient muscle strength
and performance in real-time is essential for effective and safe training. With integrated
sensors, force/torque control enables the system to guide the patient’s limb along a de-
sired trajectory while remaining compliant with their voluntary movement and adjusting
force/torque output accordingly. The sensors also provide therapists with quantitative
insights into the patient’s strength and motor control that are otherwise difficult to obtain
with conventional therapy, enabling objective recovery progress tracking.

Figure 4 illustrates a general force/position control scheme for a rehabilitation PRM.

_
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Figure 4. General force/torque control scheme for PRMs.

As Figure 4 shows, the desired assistance or resistance forces are specified by Vector
Fd(t) which is then compared with the actual force being applied by the patient, measured
by a force/torque sensor, expressed as Vector F(t), to obtain the force error Fe(t). This error
signal is then fed to a controller, which in turn calculates the required actuating signals to
minimize the force error vector (t). and sends them to the actuators. The actuators generate
the required motion of the manipulator to achieve the desired forces/torques applied to
the patient with minimum force errors. The interaction force between the robot and patient
is continuously regulated using this feedback loop until the force error converges to zero,
ensuring compliant and safe physical interaction.
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Several studies have implemented force/torque control in their rehabilitation systems,
but instead of the classic continuous feedback, more advanced methods to improve safety
and personalization of the interaction were proposed. Some notable frameworks that were
proposed to improve force/torque control are described as follows.

Pisla et al. [29] replaced an open trajectory-execution loop with a closed-loop pro-
grammable logic controller (PLC) to enhance safety for the ASPIRE shoulder robot. The
PLC-based control allowed continuously reads motor-derived torque and comparison to
a preset safety limit. If the measured torque exceeds the limit, the system automatically
switches from “Normal Run” to a “Correction Run” (emergency stop, reverse motion,
or pause). This proposed control operates only on motor encoder data, without adding
external sensors.

Instead of switching between passive and active modes, Li et al. [23] proposed an
intention-based active training mode for an ankle RR using torque threshold detection
across its rotational DOF. When the patient’s torque exceeds experimentally determined
baseline forces, the robot provides assistive movement in the detected direction at a preset
speed. This approach simplifies intent detection by eliminating complex impedance or
electromyography (EMG) processing, improving clinical practicality while encouraging
active participation consistent with patient-driven motor learning principles. The shift to
motion intention detection, also demonstrated by Choi et al. [60] and Sammarchi et al. [61],
reflects a broader movement toward patient-driven interactions that have been shown to
improve motor-learning outcomes.

Fang et al. [28] addressed the long-standing challenge of applying model-based torque
control to parallel-actuated rehabilitation exoskeletons. A conversion algorithm that simpli-
fies parallel exoskeleton dynamics to an equivalent serial model was proposed, enabling
computed torque control for a 6-DOF modular upper limb rehabilitation exoskeleton. This
approach, previously incompatible with parallel actuators, overcomes low precision and
stiffness limitations of serial structures. By combining the conversion algorithm with joint
position decoupling and inverse dynamics, the controller generates precise actuator torques
for accurate trajectory tracking, achieving minimal position tracking errors in simulations.
Additional studies dealing with force/torque control of PRMs for rehabilitation are listed
in Table 2.

Table 2. Force/torque control of PRMs for rehabilitation.

No. Author Year Application Mechanism DOF Controller Type

1 Agarwal et al. [62] 2015 UL EX 3 PID

2 Tanaka et al. [63] 2016 Wrist EX 6 NS

3 Choi et al. [60] 2018 Gait EX 2 PD

4 Sammarchi et al. [61] 2018 Balance CDPR 6 PID

5 Fang et al. [28] 2019 UL EX 6 PD

6 Zou et al. [64] 2019 LL CDPR 3 PID

7 Li et al. [23] 2020 Ankle PR 3 PD

8 Pisla et al. [29] 2021 Shoulder PR 4 ROS

9 Wang et al. [65] 2022 Hip EX 2 PDD

10 Wang et al. [66] 2023 Gait EX 4 PI

11 Tijjani et al. [67] 2025 LL HSP-EX 20 NS

Abbreviations: UL: upper limb; LL: lower limb; PR: parallel robot; CDPR: cable-driven parallel robot;
EX: exoskeleton; HSP-EX: hybrid series-parallel exoskeleton; NS: not specified; ROS: Robot Operating System;
PID: Proportional-Integral-Derivative; PI: Proportional-Integral; PD: Proportional-Derivative; PDD: Proportional-
Derivative- Derivative.
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4.3. Compliance Control

Compliance control broadly refers to the robot’s ability to manage its interaction with
the environment by controlling the dynamic relationship between the patient’s applied
force and the manipulator’s motion. Unlike classic position or force control, which often
treat forces exerted by patients as disturbances to be rejected, compliance control allows
patients to influence the robot’s behavior by incorporating these forces into the control
loop. This behavior of the robot is primarily achieved through impedance or admittance
control. Impedance control defines how the robot resists external forces, while admittance
control defines how the robot moves in response to them. Each produces different control
outcomes suited to different rehabilitation goals.

Compliance strategies enhance interaction safety and comfort and enable different
therapy modes for different stages of recovery. The dynamic coupling between force and
motion is modeled using a virtual mass-spring-damper equation as

Fex(t) = M
..
x + B

.
x + Kx (1)

where Fex(t) is the external force; M, B, K are the desired inertia, damping, and stiffness
matrices, respectively; and x is the desired position trajectory. By tuning these parameters,
therapists can tailor the robot’s behavior to fit different treatment goals.

4.3.1. Admittance Control

Admittance control is a position-based approach that translates measured interaction
forces into motion commands. The system takes force as input and produces motion as
output, feeding these commands to a lower-level position controller. This allows patients
to control their own movement and effort level. A block diagram of a simple admittance
control is illustrated in Figure 5.
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Figure 5. General admittance control scheme for PRMs.

As Figure 5 shows, admittance control is implemented in a two-layer cascade architec-
ture. The desired force/torque vector Fd(t) is first compared with the force being exerted
by the patient, measured by a force/torque sensor and expressed as F(t), to obtain the force
error vector Fe(t). Vector Fe(t) is then passed through a virtual admittance mass-spring-
damper model to compute the desired position vector Xd(t), which is then transformed
to its corresponding desired joint vector qd(t) by the manipulator’s inverse kinematics.
The actual joint vector q(t) is measured by joint sensors, and the measured joint vector is
compared with the desired joint vector qd(t) to produce the joint error vector qe(t). The
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joint variables errors are then sent to a controller, which drives the actuators so that the
joint variable errors are minimized and ultimately converge to zero.

This strategy was used as a flexible framework that can be adapted to suit the diverse
rehabilitation goals by modifying its parameters. For example, Huo et al. [68] implemented
admittance control on a 3-DOF parallel robot to support patients through all three stages of
recovery using this same framework. In the early stage, admittance control acts mainly as a
safety feature during assisted training. If a patient cannot reach the full range of motion,
the robot provides an elastic assistive force to help them complete the movement. When
the patient drifts off the intended path, the robot applies gentle corrective forces to guide
them back, making the training both safer and more effective. As patients start regaining
muscle strength in the middle stage, the robot’s stiffness is reduced to zero so it moves
freely with the patient’s effort. This provides natural resistance and encourages patients to
actively participate in their own movement. In the late stage, when patients are ready for
strength training, the controller increases the resistance significantly. The virtual spring
pulls the limb back to its starting position when the patient stops pushing, creating a more
challenging workout.

Pulloquinga et al. [69] were the first to address the singularity configuration challenge
in parallel RRs during active training. When patients control their own movement, the
risk is high that they could unintentionally drive the robot into singular configurations
that cause uncontrolled motion and loss of end-effector control. The authors proposed
a real-time Type II singularity avoidance algorithm that modifies the reference trajectory
based on the actual robot pose measured by a 3D vision tracking system. This approach
avoids the inaccurate forward kinematics that occur near singularities and enables safe
patient-active interaction with minimal trajectory deviation, without requiring workspace
optimization or mechanical limits.

Additional studies dealing with admittance control of PRMs for rehabilitation are
tabulated in Table 3.

Table 3. Admittance control of PRMs for rehabilitation.

No. Author Year Application Mechanism DOF Controller Type

1 Yamine et al. [24] 2020 UL PR 2 ROS

2 Dong et al. [70] 2021 Ankle PR 3 Admittance

3 Pulloquinga et al. [69] 2023 Knee PR 4 Admittance

4 Huo et al. [68] 2024 Ankle PR 3 Beckhoff TwinCAT2 PLC, PD

5 Zhang et al. [71] 2024 Wrist EX 2 HAP-PS
Abbreviations: UL: upper limb; PR: parallel robot; EX: exoskeleton; ROS: Robot Operating System; HAP-PS:
hybrid admittance-position; PD: Proportional-Derivative.

4.3.2. Impedance Control

Impedance control is a force-based strategy that regulates the robot’s mechanical
response to motion inputs. Mirroring admittance, impedance control takes displacement
as input and generates corresponding force/torque as output. As shown in Figure 6,
impedance control is also implemented in a two-layer cascade architecture. In the outer
impedance loop, the actual joint position vector q(t) of the end-effector is measured by joint
sensors and transformed to the actual Cartesian variable vector xd(t) by the manipulator
forward kinematics. They then pass through a virtual impedance model to produce the
desired force vector Fd(t). The measured actual contact force vector F(t) is compared with
the desired contact force vector Fd(t) to produce the force error vector Fe(t) which is then
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transformed into joint force error by the Jacobian transpose. The joint force error is fed to
the controller, which in turn drives the actuators so that the desired force is achieved.
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Figure 6. Impedance control of PRMs for rehabilitation.

By adjusting these forces according to position feedback, the PRM continuously adapts
to the patient’s movements. When properly tuned, impedance control enables the manipu-
lator to monitor where the patient is trying to move and then adjust how much it pushes
back or assists, much like how a therapist might provide just enough resistance during
an exercise.

This flexibility is crucial for safety. If a patient has a spasm or suddenly loses muscle
control, the robot can yield rather than forcing the limb along a rigid path, reducing the
risk of secondary injury. Recent studies have emphasized developing more robust lower-
level control to handle the complexities of different actuation systems and varying robot
configurations. Goyal et al. [72] proposed an impedance controller for a 3-DOF wrist
rehabilitation robot using four biomimetic muscle actuators. These artificial muscles mimic
biological muscle behavior but introduce nonlinear dynamics that make standard control
approaches less effective. The proposed control scheme employed a Koopman operator-
based autodidactic stiffness estimator that learned each subject’s active wrist stiffness in
real time, enabling the controller to adapt assistance according to the participant’s effort
and joint stiffness.

Ghannadi et al. [73] addressed a different but equally important challenge by exam-
ining how impedance parameters should change based on where the robot is positioned
in its workspace. The authors proposed configuration-dependent optimal impedance
control (OIC) employing a linear quadratic regulator to compute configuration-dependent
impedance gains that continuously map operational-space dynamics to joint-space torques.
This approach recognized that optimal performance cannot be achieved with constant
impedance gains, and the controller recalculated optimal parameters as the robot moved
through different configurations. The OIC achieved improved stability and adaptability
across passive, assistive, and resistive rehabilitation modes compared to fixed-gain con-
trollers.

These studies show a shift toward impedance controllers that adapt not just to patient
behavior but also to the physical characteristics of the robot itself, whether that means
compensating for nonlinear actuators or adjusting for geometric configuration changes.
Additional studies that have implemented and optimized impedance control can be found
in Table 4.

https://doi.org/10.3390/eng7010044

https://doi.org/10.3390/eng7010044


Eng 2026, 7, 44 14 of 32

Table 4. Parallel robot manipulators for rehabilitation with impedance control.

No. Author Year Application Mechanism DOF Controller Type

1 Erdogan, et al. [74] 2017 Ankle EX 3 CS

2 Jamwal, et al. [75] 2016 Ankle PR 3 NS

3 Hsieh, et al. [76] 2017 Shoulder EX 6 CS

4 Ghannadi et al. [73] 2018 UL PR 2 IM

5 Zou et al. [50] 2020 Ankle PR 3 NS

6 Oyman et al. [77] 2021 Elbow, Shoulder, Hip, Knee CDPR 1 IM

7 Lee et al. [26] 2021 Wrist EX 3 IM

8 Goyal et al. [72] 2022 Wrist PR 4 IM

9 Zou et al. [34] 2025 UL CDPR 6 NS

10 Tan et al. [78] 2025 Ankle PR 6 NS

Abbreviations: UL: upper limb; PR: parallel robot; CDPR: cable-driven parallel robot; EX: exoskeleton; NS: not
specified; CS: cascaded; IM: impedance.

4.4. Adaptive Control

In RRs, providing the right amount of assistance is essential to keep patients actively
engaged and to promote neural recovery. Excessive assistance can lead to “slacking”, a
phenomenon where patients rely passively on the robot instead of activating their own
muscles [79]. Adaptive control addresses this issue by continuously adjusting the assistance
level in real time according to the patient’s performance, maintaining active participation
throughout training. This attempts to keep human-in-the-loop optimization.

Across the literature, several key themes consistently emerge in the implementation
of adaptive control of PRMs for rehabilitation. It is frequently described as a solution
for managing uncertainty and complexity inherent in RRs. PRMs face challenges such as
nonlinear actuator dynamics, complex kinematic coupling, patient-specific biomechanical
differences, and time-varying human factors like fatigue and spasticity. Adaptive control
enables the system to adjust assistive force simultaneously with the patient’s performance
while compensating for modeling errors and external disturbances to ensure stability
and safety.

Model-based approaches were considered for adaptive control of PRMs. In particular,
model reference adaptive control (MRAC) gained substantial popularity among control
researchers due to its simplicity in implementation and effectiveness. MRAC is a control
technique that can make the closed-loop feedback control system of a PRM behave like a
desired reference model even though the system dynamics and the working environment
change over time. An MRAC system achieves the above objective by continuously adjusting
the gains of the PID controllers based on the error between the reference model output
and the system output. An MRAC scheme using a PD controller for PRM is illustrated in
Figure 7. As the figure shows, the measured actual joint variables q(t) is obtained from
the joint sensors and subtracted from the desired joint variables qd(t) to generate the
joint variable errors qe(t). On the input side, a task space trajectory generator produces
the desired Cartesian variables Xd(t) according to the task to be completed. Then the
PRM inverse kinematics converts the desired Cartesian variables xd(t) to the desired joint
variables qd(t). The MRAC adaptation law block takes the joint variable errors qe(t) and
its derivative

.
qe(t) and generates gain-adjusting actions based on the adaptation law,

constantly adjusting the gains P and D of the PD controller in real time accordingly. The
adaptation law of the MRAC scheme is derived based on a specified reference model
that is designed to satisfy the control requirements of the system. We see an obvious
advantage of this adaptive control scheme is that it has the ability to monitor changes
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in manipulator dynamics and the working environment through the joint variable errors
and their derivatives and to constantly adjusting the gains of the PD controller so that the
closed-loop system follows the specified reference model very closely. In addition, the real
time implementation of the MRAC adaptation law does not require the dynamics of the
PRM and its working environment; as a result, it is very computationally efficient, making
it very suitable for real-time applications.
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The common approach of adaptive controls toward the trade-off between patient safety
and active engagement through AAN and virtual tunnel–based control frameworks, in
which robotic assistance is provided only when patient performance falls below predefined
safety or task-related thresholds. Patient safety is primarily ensured by maintaining com-
pliant HRI through impedance or admittance control laws, together with the enforcement
of strict bounds on adaptive gains, interaction forces, and joint limits. Common approaches
include the use of passivity-based constraints, barrier Lyapunov functions, and restricted
sliding-mode or adaptive controllers to prevent instability and excessive force generation
during online adaptation. Active engagement is promoted by gradually reducing assis-
tance as voluntary effort, motor output, or tracking accuracy improves. This is commonly
achieved using performance-related metrics such as active joint torque, tracking error, or
measured interaction forces. In addition, supervisory mechanisms, including force caps,
therapist-defined motion boundaries, and real-time stability monitoring, are employed to
balance responsiveness with safety. Together, these mechanisms enable adaptive controllers
to remain responsive to patient intent while intervening only when necessary to ensure
safety and therapeutic effectiveness.

An MRAC scheme proposed by Aljuboury et al. [80], enabled the robot to track a
predefined stable reference model even when patient reactions or system parameters were
uncertain. An adaptive backstepping sliding-mode controller (ABS-SMC), proposed by Ai
et al. [81], provided layered robustness by stabilizing subsystems against nonlinearities
and disturbances. Meanwhile, Shi et al. [82] used Radial Basis Function neural networks
(RBFNNs) to estimate and compensate for unmodeled dynamics or external forces in real
time. Adaptive control also forms the foundation of the Assist-as-Needed (AAN), a clin-
ically driven approach that promotes active patient involvement. Instead of delivering
constant support, AAN adjusts assistance in proportion to the patient’s effort, encouraging
voluntary engagement and preventing over-reliance on the robot. This is typically achieved
through compliance adaptation, where the robot modifies its virtual stiffness and damping
to match the patient’s current capability. For example, a hierarchical compliance controller
developed by Liu et al. [83], adapted both joint stiffness and task-space impedance simulta-
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neously. It adjusted joint-space stiffness via nominal pressure and task-space admittance,
using active torque estimates and movement errors to adapt assistance while preserving
coordinated motion. Similarly, Luo et al. [84] proposed a greedy AAN (GAAN) controller
that employed Gaussian RBF networks to learn a patient’s maximum force and a greedy
update to reduce assistance as performance rose, forming a feedback loop that adjusted
support to foster motor learning and sustained engagement.

Beyond model-based approaches, novel adaptive control strategies were proposed to
enable assistant level adaptability without requiring an explicit model of the system. This
was particularly valuable for systems with strong nonlinearities such as pneumatic muscle
actuators (PMAs). Techniques like iterative learning control (ILC) and iterative feedback
tuning (IFT) allowed the system to improve performance using operational data, learning
from previous trials without requiring an explicit mathematical model. For example, data-
driven adaptive iterative learning control (DDAILC) developed by Qian et al. [85] updated
its control law using only input–output data from earlier movements, while normalized
iterative feedback tuning (NIFT) developed by Meng et al. [86] optimized PID gains through
repeated experiments. These data-driven techniques enabled personalized, experience-
based training, adapting to each patient’s behavior and improving performance through
repetition. More recent work explored AI-based adaptive control to further enhance
personalization and responsiveness. Fuzzy neural networks (FNNs), proposed by Gao
et al. [87], integrated fuzzy logic and neural learning to process biofeedback signals such
as surface EMG, enabling self-learning adaptation to individual users. Similarly, Yang
et al. [88] developed an adaptive controller with a fuzzy tuner for a CDPR, dynamically
adjusting control parameters based on position error and its rate of change to improve
tracking performance under uncertain human–robot dynamics. More about AI/ML-based
control will be discussed in the next section. Additional studies dealing with adaptive
control are tabulated in Table 5.

Table 5. Adaptive control of PRMs for rehabilitation.

No. Author Year Application Mechanism DOF Controller Type

1 Pehlivan et al. [89] 2015 Wrist HSR-EX 4 AAN

2 Yang et al. [88] 2016 Elbow, Shoulder CDPR 3 FTA

3 Aggogeri et al. [90] 2016 Ankle PR 1 ASTA

4 Ai et al. [81] 2017 Ankle PR 2 ABS-SMC

5 Liu et al. [83] 2017 Ankle PR 3 AHC

6 Peng et al. [91] 2017 UL PR 2 I-AAN

7 Meng et al. [86] 2017 Ankle PR 3 PID

8 Asl et al. [92] 2017 Gait CDPR 3 CARF

9 Luo et al. [84] 2019 UL PR 2 Greedy AAN

10 Akgun et al. [93] 2019 Hand EX 1 AIM

11 Gao et al. [87] 2020 LL EX 3 FNTA

12 Lozano et al. [94] 2022 Neck PR 4 SMCR

13 Qian et al. [85] 2022 Ankle PR 3 AL

14 Shi et al. [82] 2022 LL HSR-EX 4 RBFNN

15 Aljuboury et al. [80] 2022 Knee PR 1 RBFNNs

16 Escarabajal et al. [95] 2023 Knee PR 4 PD
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Table 5. Cont.

No. Author Year Application Mechanism DOF Controller Type

17 Goyal et al. [96] 2023 Wrist PR 3 FLA

18 Khan et al. [97] 2024 Ankle PR 3 AIM

19 Ahmadi et al. [33] 2024 Ankle PR 3 SB

20 Lu et al. [98] 2024 Gait CDPR 6 EADP

21 Ma et al. [99] 2025 NS CDPR 2 Coordinated AIM

22 Pérez-Ibarra et al. [100] 2025 Ankle PR 2 AAN-AIM

Abbreviations: UL: upper limb; LL: lower limb; PR: parallel robot; CDPR: cable-driven parallel robot;
EX: exoskeleton; HSP-EX: hybrid series-parallel exoskeleton; NS: not specified; AAN: Assist-as-Needed;
FNTA: fuzzy-neural-network adaptive; FTA: fuzzy tuner adaptive; ASTA: Adaptive structure-based torque-
assist; ABS-SMC: Adaptive Backstepping Sliding-Mode Controller; AHC: adaptive hierarchical compliance;
I-AAN: Assist-as-Needed with impedance control; AIM: adaptive impedance; SMCR: Sliding-mode controller
with adaptive, state-dependent gains; AL: adaptive learning; RBFNN: Radial Basis Function Neural Networks;
PD: Proportional-Derivative; FLA: fuzzy logic adaptive; SB: Self-tuning backstepping; EADP: Event-triggered
adaptive dynamic programming; CARF: Cascade adaptive-robust feedback.

Major challenges in adaptive control for PRMs are modeling uncertainty and external
disturbances. Developing accurate kinematic, dynamic, and disturbance models is inher-
ently difficult due to closed-chain geometry, actuation redundancy, and the frequent use of
soft or pneumatic actuators, which introduce strong nonlinearities. Even small modeling
errors can generate antagonistic actuator forces and compromise system stability. This
difficulty is compounded by the human limb, which acts as a dynamic and intentional
disturbance. Adaptive controllers must distinguish between true model uncertainty and
voluntary patient input; failure to do so may lead to instability or patient dependence
(“slacking”). Noise from sensors, drift, and soft-tissue deformation also make adaptive
control sensitive to imperfect disturbance observers and noisy measurements. These effects
can slow adaptation, cause parameter drift, or induce transient overshoot. The presence of
singularities, redundancy, and actuator constraints in PRMs complicates stability guaran-
tees, while rehabilitation applications demand strictly bounded adaptive gains to prevent
abrupt or oscillatory behavior. Designing adaptive laws that remain responsive yet are
provably stable remains a central challenge.

4.5. Intelligent Control

Intelligent control represents an emerging generation of control strategies that integrate
conventional feedback laws with artificial intelligence methods such as neural networks,
fuzzy logic, genetic algorithms, and adaptive learning algorithms. These approaches
manage modeling uncertainties, nonlinear dynamics, and variable patient conditions while
ensuring stability and safety. Unlike traditional position and force control, intelligent
control enables the robot to sense, learn, and adapt to the patient’s natural movement
patterns, similar to how the human body continuously adjusts to its environment.

Escarabajal et al. [25] proposed a learning-based framework combining learning from
demonstration (LfD), DMPs, and ILC. The therapist first demonstrates the target motion,
allowing the robot to learn the desired trajectory and interaction forces. The system then
reproduces and refines these movements, adjusting based on sensed forces during op-
eration. Through repeated sessions, the robot reduces the patient’s exerted effort and
gradually restores the range of motion. DMP phase-stopping allows soft, safe halts during
disturbances, demonstrating adaptive control that responds to patient-specific variations.
Chen et al. [101] implemented intelligent control in a cable-driven waist RR using a hier-
archical structure. A PID controller managed motion tracking at the low level, while a
fuzzy logic controller adjusted PID gains in response to cable tension variations. The fuzzy
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controller used rule-based reasoning to adapt control parameters for improved stability and
comfort. An additional support vector machine (SVM) monitored sensor data to identify
abnormal conditions and initiate safety stops, demonstrating the integration of rule-based
adaptation and data-driven fault detection. For wrist rehabilitation, Goyal et al. [102]
introduced a Koopman-operator-based approach to address nonlinear interaction dynam-
ics. The Koopman operator transforms the nonlinear system into a linear representation
in higher-dimensional space, enabling a model predictive controller (MPC) to optimize
trajectories in real time. This achieved high tracking accuracy despite actuator hysteresis
and represents one of the earliest applications of Koopman-based predictive control in
compliant parallel robots for rehabilitation.

Salem et al. [103] applied intelligent control to lower-limb rehabilitation by replacing
traditional forward kinematic models with a neural network trained to predict patient
motion patterns from sensor data. The network mapped input motor signals to spatial
positions using Kinect motion captures, achieving sub-millimeter trajectory accuracy. This
demonstrated how data-driven models can substitute analytical kinematic equations to
deliver flexible, adaptive control. Escarabajal et al. [104] developed an imitation-learning
framework for self-paced, passive lower-limb rehabilitation using reversible dynamic
movement primitives (RDMPs) and Gaussian mixture regression (GMR). The system
learned expected force thresholds from the patient’s healthy limb and used these to guide
the impaired limb. When the measured force exceeded the learned threshold, the RDMP
phase variable reversed automatically, allowing the trajectory to move backward to a safe
position. This allowed the robot to modulate movement pace and direction in response to
real-time forces, ensuring comfort and safety without external intervention.

These studies demonstrate how intelligent control is reshaping RR. The field is moving
from fixed, preprogrammed schemes toward adaptive, learning-based controllers that
incorporate reasoning, prediction, and data-driven adaptation. Through AI techniques,
these systems deliver rehabilitation exercises that are safer, more responsive, and better
tailored to individual patient needs. Additional studies that explored intelligent control
methods for PRMs are listed in Table 6.

Table 6. Intelligent control of PRMs for rehabilitation.

No. Author Year Application Mechanism DOF Controller Type

1 Chen et al. [101] 2019 Trunk CDPR NS PID, FL

2 Zhang et al. [105] 2019 Wrist EX 2 FL

3 Escarabajal et al. [25] 2020 Ankle PR 3 ADI

4 Goyal et al. [102] 2022 Wrist PR 3 NMP

5 Xu et al. [31] 2022 Ankle PR 2 BPNN-PID

6 Escarabajal et al. [104] 2023 LL PR 4 RDMPs, GMR

7 Salem et al. [103] 2023 LL CDPR NS IN
Abbreviations: LL: lower limb; PR: parallel robot; CDPR: cable-driven parallel robot; EX: exoskeleton; NS: not
specified; PID: proportional-integral-derivative; FL: fuzzy logic; ADI: admittance-based intelligent; NMP: non-
linear model prediction; BPNN-PID: back-propagation neural-network-based self-tuning proportional-integral-
derivative; RDMPs: reversible dynamic movement primitives; GMR: Gaussian mixture regression: IN: intelligent.

4.6. Hybrid Control

Hybrid control refers to a class of control frameworks that combine the complementary
strengths of multiple control schemes to compensate for the limitations of each when
implemented independently, thereby enabling safer and more intuitive rehabilitation
training. Using hybrid force–position control as an illustrative example, pure position
control enforces rigid trajectories and may lead to excessive interaction forces, whereas
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pure force control often sacrifices motion accuracy. In hybrid force–position control, the
task space is partitioned into subspaces governed by position and force control, respectively.
This separation allows the robot to achieve precise motion in selected directions while
maintaining compliance and flexibility in others.

This strategy is commonly implemented for guidance-based training in ankle and
gait rehabilitation, where the robot guides the patient’s limb along a desired trajectory
and applies corrective forces when deviations occur. By enabling simultaneous regulation
of motion in constrained directions and force in compliant directions, hybrid control
allows parallel rehabilitation robots to support a wider range of therapeutic exercises and
accommodate varying levels of patient functional capability.

Despite these advantages, hybrid control faces challenges similar to those of other
advanced control strategies during implementation. Accurate kinematic and dynamic
modeling remains difficult due to the closed-chain structure of parallel mechanisms, which
are highly sensitive to modeling uncertainties, actuator constraints, and singular configu-
rations. Reliable force sensing and calibration are also critical, as sensor noise, drift, and
misalignment can compromise interaction stability and transparency. Although hybrid con-
trol has improved interaction safety compared with solely position control, guaranteeing
bounded forces and closed-loop stability in the presence of unpredictable patient behavior
remains an open research challenge.

A block diagram of hybrid position-force control, adapted from Asada’s frame-
work [106], for PRMs is illustrated in Figure 8. As the figure shows, the control scheme
consists of two control loops: the upper position control loop and the lower force control
loop. In the position control loop, a trajectory planner produces the desired Cartesian
variables xd(t) from the desired training motion specified by the patient’s trainer. Then
the manipulator’s inverse kinematics transforms the desired Cartesian variables xd(t) into
desired joint variables qd(t). The measured actual joint variables q(t) are compared with
the desired joint variables qd(t) to produce the joint variable errors qe(t), which are then
fed to the position controller to produce actuating position control signals. Similarly, to the
position control loop, in the force control loop, the measured actual contact force F(t) is
compared with the desired contact force Fd(t) to produce the force error Fe(t), which then
drives the force controller to produce actuating force control signals. The position control
signals and the force control signals are combined to produce control actions to the actua-
tors so that the desired position and force are achieved with minimal errors. Furthermore,
selection matrices can be used in the loops to select which DOF is position-controlled and
which is force-controlled.

Liu et al. [107] developed a hierarchical force–position control framework for a 3-DOF
ankle RR actuated by pneumatic muscles and cables. The control architecture consisted
of two primary loops: a position loop employing an adaptive backstepping sliding-mode
controller for trajectory tracking and a force loop optimizing joint torques through Karush–
Kuhn–Tucker (KKT) conditions. An analytic–iterative solution ensured that all muscle
tensions remained positive, maintaining cable safety and continuous operation. This
hierarchical design delivered trajectory-tracking performance comparable to pure position
control while guaranteeing safe, stable tension distribution across all actuators.

Zhang et al. [108] proposed a cascade hybrid controller for a pneumatic-muscle-driven
parallel ankle robot. The outer loop uses foot-plate orientation feedback to track the task-
space trajectory, while the inner loop uses measured muscle forces to enforce joint-space
force control and keep all muscles in tension. An analytic-iterative optimization distributes
the required torque among the four actuators, minimizing total force and expanding
the workspace with lower energy consumption. This layered scheme, combined with a
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movement-intention-directed trajectory-adaptation algorithm, provides smooth, adaptive
motion that naturally follows the user’s intent.
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Figure 8. Hybrid force-position control of PRMs for rehabilitation.

A trajectory-tracking hybrid controller was developed by Xie et al. [109] for a lower-
limb parallel robot by combining feedforward and feedback control within a joint-space
coordination scheme. The feedforward component compensated for pneumatic-muscle
hysteresis using a modified sigmoid generalized Prandtl–Ishlinskii (MSGPI) model, while
a feedback PID loop corrected residual errors. A human-like reference trajectory was
generated using Fourier series and mapped through inverse kinematics, resulting in natural
movement coordination. With hysteresis compensation, the system was able to achieve
high precision while maintaining low position and angular errors.

A fuzzy-logic-based adaptive admittance control for a 2-DOF redundantly actuated
parallel ankle robot was developed by AYAS et al. [110] This hybrid framework integrated
admittance, adaptive, and intelligent control elements to personalize assistance and re-
sistance according to the patient’s ability. A fuzzy logic regulator dynamically adjusted
admittance gains based on patient-measured forces and therapist-defined support levels,
while an inner position loop tracked the reference trajectory. The fuzzy membership bound-
aries were optimized using the Cuckoo Search Algorithm, which yielded roughly a 50%
reduction in steady-state tracking error compared with an optimally tuned PID controller.

Asl et al. [111] proposed a hybrid adaptive–neural controller that merged an online-
trained multilayer neural network with an adaptive robust term. The neural network
learned unmodeled dynamics in real time, while the robust term ensured system stability.
An auxiliary dynamics block generated bounded cable-tension commands to prevent
actuator saturation and maintain positive tension. This approach represented the first
adaptive neural-network controller for cable-driven parallel robots that simultaneously
guaranteed stability, bounded inputs, and safe tension control during rehabilitation tasks.

Pulloquinga et al. [112] implemented a vision-based hybrid controller for a parallel
knee RR to address Type II singularities, which can cause a loss of control authority. Their
design combined an inner algebraic closed-loop position controller with an outer loop that
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used real-time 3D pose data from an OptiTrack tracking system. The outer loop computed
geometric indices to identify limbs contributing to the singular configuration and adaptively
modified their reference commands, guiding the robot safely out of the unstable region
without disrupting trajectory continuity. This “singularity-releaser” mechanism marked
the first use of real-time vision feedback for singularity-safe hybrid control in RR. Other
variations in hybrid control that have been introduced to address specific challenges in RRs,
are listed in Table 7.

Table 7. Hybrid force/position control of PRMs for rehabilitation.

No. Author Year Application Mechanism DOF Controller Type

1 Vallés et al. [113] 2015 Ankle PR 3 HIP

2 Azar et al. [114] 2016 LL PR 6 HIIA

3 Asl et al. [111] 2017 Gait CDPR 6 HAN

4 Zhang et al. [115] 2017 Ankle PR 3 HAA

5 AYAS et al. [110] 2017 Ankle PR 2 HAA

6 Bian et al. [116] 2017 Elbow, Forearm, Wrist HSR-EX 3 HFP

7 Zhang et al. [108] 2018 Ankle CDPR 3 HFP

8 Yamine et al. [24] 2020 UL PR 2 RCH

9 Xie et al. [109] 2020 LL PR 3 HFF

10 Xiong et al. [117] 2020 Gait CDPR 3 HDDPG

11 Li et al. [118] 2021 UL CDPR 3 PH

12 Pulloquinga et al. [112] 2021 Knee PR 4 VS

13 Wang et al. [79] 2022 UL PR 2 HAI

14 Liu et al. [107] 2022 Ankle CDPR 3 HFP

15 Dong et al. [119] 2023 Rehabilitation Massage PR 3 HFP

Abbreviations: UL: upper limb; LL: lower limb; PR: parallel robot; CDPR: cable-driven parallel robot; HSP-EX:
hybrid series-parallel exoskeleton; HIP: hybrid impedance-position; HFP: hybrid force-position; HIIA: hybrid intel-
ligent combined with impedance and adaptive; HAN: hybrid adaptive–neural; HAA: hybrid adaptive-admittance;
RCH: ROS_control-based hybrid; HFF: hybrid feedforward/feedback; HDDPG: hybrid deep deterministic policy
gradient; PH: performance-based hybrid; VS: vision-based hybrid; HAI: hybrid adaptive-impedance.

5. Discussion
5.1. Trend in Publication

The number of publications serves as a strong indicator of research momentum and
reflects the collective commitment of the community toward advancing control strategies
for PRMs for rehabilitation. As shown in Figure 9, the data reveal peak publication years in
2017 and 2023, each yielding 14 publications, followed closely by 2021 and 2022. Although
there has been a slight decline in the most recent years, the publication in 2025 remains
approximately 30% higher than in 2015, suggesting a sustained and maturing interest in the
field. This steady growth demonstrates the continued recognition and interest in control
strategies for PRMs.
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Figure 9. Publications addressing control strategies for PRMs from 2015 to 2025.

5.2. Trend in Research

Analysis of the temporal distribution of control algorithms in robotic-assisted reha-
bilitation reveals a gradual shift toward high-level control strategies, particularly compli-
ance and adaptive strategies, as illustrated in Figure 10. Within compliance control, the
impedance strategy was more popular. The predominance of position control implementa-
tions in early prototype validation studies suggests that the mechanical design of PRMs has
reached sufficient maturity. This technological advancement enables researchers to focus
on implementing control strategies that more effectively address the nuanced requirements
of rehabilitation therapy.

Figure 10. Distribution of control strategies implemented from 2015 to 2025.

5.3. Trend in Control Strategies

Control strategies in RR must be carefully tailored to accommodate specific clinical
applications, individual patient functional capabilities, and therapeutic objectives. Figure 11
presents a comprehensive statistical analysis of control strategy distribution across the
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2015–2025 period. Position control and adaptive control emerge as the predominant
approaches, accounting for 34 and 22 publications, respectively. This distribution pattern
reflects position control’s accessibility and straightforward implementation, making it ideal
for rapid design validation. Meanwhile, adaptive control’s popularity stems from its ability
to deliver assist-as-needed paradigms that mirror traditional therapeutic approaches while
maintaining lower computational complexity than AI/ML-based strategies.

Figure 11. Distribution of control strategies implemented between 2015–2025.

5.4. Trend in Application

Table 8 presents the distribution of rehabilitation applications across different anatom-
ical regions. Lower limb applications dominate the research landscape, comprising over
60% of all studies, with ankle rehabilitation representing the largest subcategory within
this domain. This concentration likely reflects both the prevalence of lower limb mobility
impairments and the technical feasibility of implementing parallel mechanisms for these
applications.

Table 8. Distribution and percentage of rehabilitation robots by application.

Application Target Limb No. of Publication Percentage

Upper Limb

Wrist 11

27.7%Shoulder 2

Others 15

Lower Limb

Ankle 36

63.4%
Gait/Balance 12

Knee 5

Others 11

Head, Neck 3 3.0%

Trunk Waist 1 1.0%

Others 5 5.0%

5.5. Trend in Manipulator Types

The selection of appropriate mechanical architecture is crucial for delivering effec-
tive rehabilitation therapy, with design choices influenced by target limb anatomy and
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functional requirements. Table 9 illustrates the distribution of parallel manipulator config-
urations employed in rehabilitation applications. Parallel platform robots emerge as the
predominant design choice, likely due to their well-established kinematic and dynamic
models developed through decades of research. This extensive theoretical foundation
makes parallel platforms particularly suitable for control algorithm validation and perfor-
mance benchmarking.

Table 9. Distribution of parallel manipulator types in rehabilitation applications.

Manipulator Type No. of Publication Percentage

Parallel Robot 55 55.0%

CDPR 20 20.0%

Exoskeleton 21 21.0%

Hybrid Series-Parallel 4 4.0%

5.6. Current Challenges and Future Prospects

The development of control strategies for PRMs in rehabilitation applications has
advanced significantly over the past ten years. However, several persistent challenges
continue to limit their translation into clinical settings. These challenges span across me-
chanical design, control implementation, and ethical considerations. Recurring challenges
and promising future directions across the reviewed studies include:

5.6.1. Mechanical and Design Limitations

Contemporary PRMs encounter fundamental design constraints that hinder widespread
clinical adoption:

• Cost and Complexity: Advanced rehabilitation systems remain prohibitively expen-
sive and mechanically complex, featuring cumbersome configurations that restrict
deployment in clinical settings. These limitations particularly impact home-based
rehabilitation programs and prevent implementation in resource-constrained health-
care environments.

• Safety-Stiffness Trade-offs: Rigid actuation systems pose inherent risks of secondary
injury to patients with compromised musculoskeletal integrity. Although compliant
actuators, such as pneumatic muscle actuators (PMAs) enhance safety, they demon-
strate reduced torque capacity at maximum contraction, limiting their effectiveness in
strength-building exercises.

• Kinematic Alignment: The intentional lack of direct joint-to-joint alignment between
the device and anatomical joint axes. Unlike exoskeletons, which require precise an-
thropomorphic coupling, parallel mechanisms operate at the end-effector or platform
level, prioritizing mechanical simplicity, robustness, and ease of use. This architectural
choice, while advantageous in practice, shifts kinematic compatibility to the control
strategy. The mismatches between robot-induced motion and anatomical joint behav-
ior may introduce coupled or non-physiological motions if not properly addressed,
potentially affecting comfort, particularly for joints with complex kinematics, such as
the ankle or shoulder. Thus, kinematic misalignment should be viewed as an inherent
design trade-off rather than a limitation. Compliance-based, impedance, and adaptive
control strategies play a critical role in mitigating these effects and ensuring safe,
functional rehabilitation across diverse users.

• Cable System Inaccuracies: Cable-driven architectures experience positioning er-
rors arising from cable elongation under load and potential interference within the
workspace, compromising trajectory tracking accuracy.
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• Human–Robot Interface Limitations: Current coupling mechanisms demonstrate insuf-
ficient adaptability to accommodate anatomical variations across patient populations,
thereby constraining system versatility and therapeutic applicability.

5.6.2. Control and Modeling Challenges

Control system design and dynamic modeling present equally significant barriers to
technological advancement:

• Dynamic Modeling Precision: Accurate dynamic modeling remains elusive due to
the inherent complexity of parallel/hybrid mechanisms, nonlinear characteristics of
compliant actuators (particularly hysteresis in PMAs), and time-varying dynamics of
human limb biomechanics during rehabilitation.

• Singularity Management: The presence of kinematic singularities within the opera-
tional workspace of parallel robots creates critical safety concerns, as these configu-
rations can result in loss of controllability. This risk intensifies when implementing
compliance control algorithms such as admittance control, where force amplification
near singularities may occur unexpectedly.

• Assistance Optimization: Conventional control approaches, including standard PID
and fixed-gain impedance controllers, lack the capability to modulate assistance based
on instantaneous patient performance or evolving functional capacity. This static
assistance paradigm may inadvertently foster patient dependence and reduce active
participation in therapy.

• Human–Robot Interaction Control: Managing physical human–robot interaction sys-
tems with ambiguous or dynamic leader-follower relationships remains an unresolved
challenge, necessitating sophisticated control architectures.

• Physiological signal Integration: While physiological signal-based control (e.g., EMG,
EEG) offers potential for patient-initiated movements, these physiological signals
exhibit high environmental sensitivity and require complex sensor configurations.
Current pattern recognition algorithms lack the precision necessary for reliable motion
inference in clinical settings.

5.6.3. Clinical Translation and Future Directions

Future research must address these limitations through innovative mechanical designs,
intelligent control algorithms, and comprehensive clinical validation:

• Clinical Validation Requirements: Establishing therapeutic efficacy demands extensive
randomized controlled trials with substantial patient cohorts and appropriate control
groups. Long-term studies must demonstrate the comparative effectiveness of robotic
interventions against conventional therapy across diverse pathological conditions.

• Tele-rehabilitation Infrastructure: Integration of advanced visualization with robotic
middleware platforms will facilitate remote monitoring and teleoperation capabilities.
This infrastructure expansion will improve access to specialized rehabilitation services
while standardizing therapeutic protocols.

• Enhanced Assessment Metrics: Development of comprehensive evaluation frame-
works incorporating multimodal physiological signals and kinetic data will enable
precise quantification of patient progression, motor learning trajectories, and engage-
ment levels throughout rehabilitation.

• Ethical Considerations in Intelligent Control: The integration of AI/ML-based control
strategies into rehabilitation robots introduces ethical challenges that extend beyond
technical performance. Unlike deterministic controllers with transparent behavior,
learning-based approaches often lack interpretability, which complicates clinical vali-
dation, regulatory approval, and responsibility attribution. Within the scope of the
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studies reviewed, ethical considerations were largely not explicitly addressed, with
only one work briefly discussing safety and human subject protection. The potential
risks associated with misprediction and poor generalization underscore the need for
future work on rigorous validation and ethical oversight [101].

The limited attention to ethics in the included literature reveals an important gap.
AI/ML-based controllers may exhibit unpredictable behavior outside their training condi-
tions, raise questions of accountability when autonomous adaptation leads to faults, and
introduce bias if trained on non-representative patient data. Additionally, the black-box
nature of neural network decisions may reduce clinician trust or encourage over-reliance
on automated systems. Addressing these concerns will require greater emphasis on explain
ability, safety verification, and human-in-the-loop optimization to ensure that intelligent
control strategies can be safely and responsibly translated into clinical practice.

• Advancing Technologies: Continued developments in enabling technologies are ex-
pected to be closely linked to advancements in robotic control strategies. In particular,
progress in sensing systems. In particular, progress in sensing systems such as high-
resolution force/torque sensors, wearable inertial measurement units (IMUs), and
soft tactile sensors is likely to significantly improve the estimation of HRI and muscle
capability. More accurate and reliable sensing will enable controllers to better infer
patient intent and adapt assistance in a safer and more patient-specific manner. Con-
currently, ongoing improvements in embedded computing hardware and real-time
control platforms are anticipated to play a critical role in supporting the increasing
computational demands of advanced adaptive and AI/ML-based control strategies.
High-frequency, low-latency processing capabilities will be essential for implementing
learning-based controllers, real-time optimization, and online adaptation without
compromising system stability or responsiveness.
As these technologies continue to mature and become more affordable, they are ex-
pected to facilitate the broader translation of advanced control strategies from labora-
tory environments to clinical and home-based rehabilitation settings. Future research
should therefore consider the co-development of control algorithms and enabling
hardware to fully leverage these technological advances while maintaining safety,
reliability, and clinical usability.

6. Conclusions
Control strategy development for PRMs for rehabilitation has advanced significantly

in the last ten years. This process has been made possible with the advancement in sensing
technologies, actuation systems, and high-level controls. This paper presents a scoping
review of control strategies for parallel rehabilitation robots spanning 2015 to 2025. By
organizing the diverse literature into a systematic taxonomy, we identified key trends in
control selection and implementation, providing a structured framework for researchers
and practitioners. Position control remains the most popular control strategy implemented
for PRMs due to its simplicity and convenience for prototype evaluations; yet, it does
not explicitly account for nonlinear dynamics and requires precise tuning. Force control
enables real-time feedback but can be prone to instability without proper implementation,
while compliance control provides safer interaction through impedance/admittance strate-
gies but relies heavily on precise sensors. Adaptive control allows the interaction to be
dynamically adapted in real-time based on patient performance and keeps the patient ac-
tively engaged during training; however, the complexity in implementation also increases.
Intelligent control, with AI/ML algorithms, is starting to emerge in rehabilitation robotics
to deliver more personalized training but is challenged by high computational costs and
ethical concerns. Hybrid control allows for combining the benefits of multiple strategies
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but is complex to implement, especially given the current state of PRRs. Despite these tech-
nological advances, many challenges remain in mechanical design and control architecture
development to accommodate diverse rehabilitation requirements and applications while
maintaining patient safety during the interaction. Clinical validation studies with larger
patient sample sizes are also needed to further investigate and understand the effectiveness
of these control strategies in robot-assisted rehabilitation.
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