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Abstract: (1) Background: Motion planning is an important part of exoskeleton control that
improves the wearer’s safety and comfort. However, its usage introduces the problem of
trajectory planning. The objective of trajectory planning is to generate the reference input for
the motion-control system. This review explores the methods of trajectory planning for exoskeleton
control. In order to reduce the number of surveyed papers, this review focuses on the upper
limbs, which require refined three-dimensional motion planning. (2) Methods: A systematic search
covering the last 20 years was conducted in Ei Compendex, Inspect-IET, Web of Science, PubMed,
ProQuest, and Science-Direct. The search strategy was to use and combine terms “trajectory
planning”, “upper limb”, and “exoskeleton” as high-level keywords. “Trajectory planning” and
“motion planning” were also combined with the following keywords: “rehabilitation”, “humanlike
motion”, “upper extremity”, “inverse kinematic”, and “learning machine “. (3) Results: A total
of 67 relevant papers were discovered. Results were then classified into two main categories
of methods to plan trajectory: (i) Approaches based on Cartesian motion planning, and inverse
kinematics using polynomial-interpolation or optimization-based methods such as minimum-jerk,
minimum-torque-change, and inertia-like models; and (ii) approaches based on “learning by
demonstration” using machine-learning techniques such as supervised learning based on neural
networks, and learning methods based on hidden Markov models, Gaussian mixture models, and
dynamic motion primitives. (4) Conclusions: Various methods have been proposed to plan the
trajectories for upper-limb exoskeleton robots, but most of them plan the trajectory offline. The review
approach is general and could be extended to lower limbs. Trajectory planning has the advantage
of extending the applicability of therapy robots to home usage (assistive exoskeletons); it also
makes it possible to mitigate the shortages of medical caregivers and therapists, and therapy costs.
In this paper, we also discuss challenges associated with trajectory planning: kinematic redundancy
and incompatibility, and the trajectory-optimization problem. Commonly, methods based on the
computation of swivel angles and other methods rely on the relationship (e.g., coordinated or
synergistic) between the degrees of freedom used to resolve kinematic redundancy for exoskeletons.
Moreover, two general solutions, namely, the self-tracing configuration of the joint axis and the
alignment-free configuration of the joint axis, which add the appropriate number of extra degrees
of freedom to the mechanism, were employed to improve the kinematic incompatibility between
human and exoskeleton. Future work will focus on online trajectory planning and optimal control.
This will be done because very few online methods were found in the scope of this study.

Keywords: automatic systems; trajectory planning; exoskeleton; imitation learning; inverse kinematics;
machine learning
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1. Introduction

Developments in assistive robotic devices offer enormous prospects in medical fields, such as
surgical, rehabilitation, and assistive robotics [1]. Many robotic devices, referred to as exoskeletons,
have been developed for patient rehabilitation and physical assistance. Their efficacy has been proved
in these fields. For instance, rehabilitation robots interact with humans and can be successfully
employed in the early phase of recovery from stroke [2-5], but despite great progress, this introduces
the trajectory-planning problem, which is fundamental and widely dealt with in robotics. Indeed, in any
autonomous robotic system, trajectory planning is of crucial importance in moving the robot from its
initial position to the desired position because it finds the desired trajectory linking the two positions
or configurations (start and goal). In robotic systems such as exoskeleton robots, the motion planner
generates the desired trajectory, and the control algorithm ensures that the robot tracks this planned
trajectory (see Figure 1). Consequently, trajectory planning is an essential tool for understanding
and fine-tuning exoskeleton control. Because of the close physical interaction between exoskeletons
and humans, the problem of planning suitable trajectories is more relevant for their usage in order
to ensure user safety and comfort. Initially, exoskeletons were applied in rehabilitation for training
rather than to help therapists to perform training on patients. Even if their effect was satisfactory,
this method required the presence of the therapist [3,6]. Moreover, this approach restricted applications
to clinical use. Currently, when using exoskeleton robots to assist rehabilitation therapy, the motion
trajectory for training the user’s limb movements first needs to be planned. With an appropriate
trajectory-planning method, exoskeletons can operate in realistic environments, such as those of daily
life [7]. Accordingly, proper trajectory planning is essential to the use of exoskeleton robots in home
settings. Much work was done on trajectory planning for exoskeleton robots [8-15]. In this context,
this paper deals with trajectory-planning problemes, i.e., the computation of desired motion profiles
for the actuation system of automatic machines. We explore methods of trajectory planning used in
the literature for upper-limb exoskeleton robots. In robotics, trajectory planning can either be done in
task space or in configuration space for exoskeletons [16]. When trajectory planning is done in task
space, inverse kinematics is required to obtain joint motion. However, it is difficult to solve the inverse
kinematics problem because there is an infinite number of solutions [17]. Attempts to resolve the inverse
kinematics problem in robotics have used many approaches, including Jacobian [12], optimization,
dimensionality-reduction, and learning-based methods [18]. In [19], a method based on optimization
was proposed to implicitly resolve inverse kinematics. In addition, since exoskeleton control is done at
the joint level, trajectory planning in joint space makes it possible to avoid the calculation of inverse
kinematics. Most planning methods in joint space rely on learning human behavior and the transfer
of human skills to the robot through demonstration. However, demonstrations in joint space are
strongly time-dependent [16]. Although methods/algorithms based on dynamic time warping (DTW)
exist to deal with the time-dependence problem (as in [14]), their accuracy is low when applied to
approximate high dimensions. In addition to the above challenges, environmental changes related to
activities-of-daily-life (ADL) task scenarios add difficulties in trajectory planning. Because of these
challenges and the large number of papers in the field of exoskeleton control, this paper addresses the
trajectory-planning problem. The purpose of this literature review is to explore trajectory-planning
methods for exoskeleton control, especially for the upper limbs. We also identified challenges related
to trajectory planning for upper-limb exoskeletons.
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Figure 1. Trajectory planning based on Cartesian motion planners.

2. Materials and Methods

A search ranging from 1999 to 2020 was conducted in Ei Compendex, Inspect-IET, Web of Science,
PubMed, ProQuest, and Science-Direct using the following search strategy. “Trajectory planning”,
“upper limb”, and “exoskeleton” were used and combined as high-level keywords. Additionally,
“trajectory planning” or “motion planning” was combined with the following keywords:
“rehabilitation”, “humanlike motion”, “upper extremity”, “inverse kinematic”, and “learning machine”.
These keywords were selected after performing an initial search to ensure that there were no areas
within this field that were excluded due to inadequate keyword selection. Abstracts and full texts were
then collaboratively evaluated by the authors for direct relevance to the topic and scope of this study.
A total of 67 papers were discovered.

Figure 2 shows that analytic expression-based (polynomial methods, sigmoid functions, Fourier
series) and computational or optimization-based methods are the most prevalent methods used for the
trajectory planning of upper-limb exoskeletons. The number of studies involving trajectory planning
for exoskeleton robots has increased, especially over the last three years (Figure 3). Of the papers
collected involving trajectory planning, 32.07% were from 2018 to 2020 and were related to analytic
expression-based and optimization-based methods. This evolution justifies the growing interest in
this topic.
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Figure 2. Trajectory-planning methods in the literature, 1999-2020.
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Figure 3. Papers retrieved from January 2009 to August 2020 for the two most common
trajectory-planning methods.

3. Review of Trajectory Planning

First, the trajectory-planning problem consists of finding a relationship between two elements
belonging to the domains of space and time. Thus, the trajectory is usually expressed as a parametric
function of time, providing the corresponding desired position at each moment. For exoskeletons,
trajectory planning can either be carried out in task space or in joint space, depending on the control
method. It can also be a point-to-point or predefined path. Inverse and forward kinematics are
very important for moving from one space to another. Inverse kinematics consists of finding the
Cartesian position of the end effector given the angular position of a joint. As illustrated in Figure 1,
trajectory planning provides the desired trajectories of the end effector in task space or the desired
joint angles in joint space. We highlight the high stakes of inverse kinematics in the trajectory-planning
problem. When planning in task space, the Cartesian trajectory is first transformed into a sequence
of joint displacements through inverse kinematics (IK). Then, to complete the planning process,
the motion profiles for each joint are generated by interpolation while considering a specific set of
constraints (in accordance with the design requirements) [20] or by approximation [21]. The common
method of interpolation is by using third- or fifth-degree polynomials [9,12,22,23]. In concrete terms,
the desired motion is defined by only assuming initial and final points or by also considering a set
of intermediate via-points that must be properly interpolated. These polynomials make it possible
to describe the trajectory between any two positions. For example, Li et al. [12], and Ghobadhi et
al. [24] employed fifth-order polynomials for the trajectory planning of an upper-limb rehabilitation
exoskeleton. There are many potential advantages to using B-spline as the interpolation function.
Similarly, when trajectories are planned in joint space, the joint positions obtained manually or by
inverse kinematics are interpolated. Planning in joint space involves a higher computational cost
because the transformation from Cartesian to joint-space coordinates takes place in real-time since
control happens at the joint level. However, planning in joint space is faster. The difficulty of trajectory
planning in task space is related to the resolution of the inverse kinematics problem. Depending on
the control method and the space in which constraints are given, planning in each space is applicable.
Several methods are available for planning the desired movement of upper-limb exoskeletons, and they
can be classified into two main approaches.
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3.1. Approaches Based on Cartesian Motion Planning

This approach is based on path planning (in task space) and the resolution of inverse
kinematics (IK). Inverse kinematics is necessary to compute joint motion for exoskeletons.
Cartesian coordinates (all points or knot points) are transformed into joint angles by using inverse
kinematics. Inverse kinematics can be resolved using Jacobian-based methods [12], which exploit
the available degrees of freedom (DOFs) of the robot’s kinematic chain to achieve the desired
end-effector pose. However, since the kinematic redundancy of the human arm allows for multiple
arm configurations to complete the task in the three-dimensional workspace, it is difficult to obtain a
nonunique solution for inverse kinematics in the human-robot workspace [25,26]. To overcome this
difficulty, an alternative approach based on swivel-angle computation is often used [26,27]. In [25],
the resolution of the redundancy through computation of the swivel angle made it possible to obtain
unique solutions for the joint space. The application of trajectory planning based on path planning and
inverse kinematics was presented in many studies [12,28,29]. In [28], the authors proposed a general
kinematic model with Denavit-Hartenberg (DH) convention for the path generation of upper-limb
exoskeleton robots. Li et al. used the reverse coordinate method to complete the inverse kinematics
solutions; they also proposed a new multicubic polynomial-interpolation method for planning joint
trajectories [12].

The Cartesian trajectory is commonly obtained by kinematic analysis [30], the Jacobian equation,
geodesic curves [27,31], DH convention, and other methods. Another way to define the Cartesian
trajectory is by using motion models on the basis of the kind of task, such as circular motions [32] and
periodic movements [33,34]. These motion models can be derived from the results of the trajectory
transformation corresponding to each joint movement during an ADL task. Accordingly, Meng et al.
proposed circular-arc trajectory planning for an upper-limb-exoskeleton rehabilitation robot [13].
For exoskeletons, once Cartesian trajectories and joint positions (through the inverse kinematics) are
obtained, trajectory planning is completed in joint space using a polynomial-interpolation method.
Although polynomial methods, of which so-called Bezier polynomials is the most popular, are a
regular method for planning the desired trajectory of robotic systems, they require significant
computing resources. For this reason, an alternative strategy based on the use of sigmoidal functions is
proposed to construct reference trajectories [21]. However, such trajectories, which use mathematical
expressions, are not exactly natural human trajectories since they are not related to the principles
governing the control of human arm movements (such as optimization theory [35] and isochrony
principle [32]). Thus, the trajectory can be planned in joint space by formulating a mathematical
model of human motor behavior in order to plan the desired trajectories in a way similar to
that of humans. Many mathematical models of human behavior, known as optimization-based
methods, were proposed for humanlike motion planning [27,31,36-38]. These methods assume
that human motions are generated by optimizing a known cost function. The most common of
these models are the minimum-jerk [25,32,39], minimum-torque [40,41], inertia-like [31,42] and
minimum-potential-energy [37] models. In [25], the spatial trajectory of the end effector was generated
on the basis of a minimum-jerk model. A minimum-jerk approach was also adopted in [24,39,43,44].
In [37], Li et al. exploited the minimization of potential energy. In the literature, the choice of the cost
function to be optimized in typical approaches to generating human likeness in robotic motions is a
hotly debated topic. In order to not have to choose a cost function, Averta et al. exploited functional
principal-component analysis (fPCA) for humanlike motion planning [42]. Their method was to extract
principal motion patterns from recorded data by using fPCA and optimize the weights of a reduced
set of these components. fPCA is the functional equivalent of principal-component analysis (PCA)
in the temporal domain, and Tang et al. confirmed that kinematic synergies (principal components)
could be used for exoskeleton motion planning [45]. They also proved that different principal
components contributed to the motion trajectory. Another computational approach based on motion
primitives (principal components) was used in [46-50]. However, these typical computational methods
used to generate humanlike motions in the literature are only appropriate for simple point-to-point
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movements with a limited range of motion because they assume a fixed shoulder. Consequently,
they are not suitable for most ADLs, during which the center of the shoulder joint moves significantly.
Faced with this drawback of the fixed shoulder assumption, Soltani-Zarrin et al. proposed a generation
method of exoskeleton path that considers the effect of scapulohumeral rhythms. In this work,
the authors adopted geodesic curves to generate the joint angular path [27]. Rather than planning the
trajectory offline, which optimizes the trajectory to perform a specific task in a structured environment,
Frisoli et al. proposed a method of bounded-jerk online trajectory planning [51]. In their planning
method, the generation of upper-limb-exoskeleton trajectory paths relies on determining the immediate
motion intention of the user through gaze exploitation. Moreover, their method not only permits
online humanlike trajectories but also guarantees the synchronization of joints during multi-DOF
movements. Another advantage of such online trajectory planning is its ability to adapt to changes in
the environment [7].

3.2. Approaches Based on Learning by Demonstration (LbD)

Learning by demonstration (LbD), also known as programming by demonstration (PbD),
is sometimes employed in robotic programming for complex and nonstrict motion trajectories [52].
LbD consists of two stages (Figure 4): (i) a learning phase that first acquires behavior data and encodes
them through a learning model, and (ii) a reproduction phase that uses appropriate control models
to reproduce similar behavior [15,53,54]. Planning based on LbD is an alternative approach to the
traditional approach to path planning and IK illustrated in the previous section since it either makes it
possible to avoid motion planning in Cartesian space (as in [11]), or it helps to find a unique inverse
kinematics solution (as in [18]). However, this approach requires learning the target joint configuration.
For upper-limb exoskeletons, the generation of reference trajectories is grounded in learning models,
the most common of which are neural networks (NNs) [8,11,54], hidden Markov models (HMM) [55],
dynamic-motion-primitive (DMP) models [45], and Gaussian mixture models [14,56]. Concretely,
the idea behind LbD is to extract an adequate control law from demonstrations of human motion
during ADL tasks.

In the literature, many planning methods based on LbD were proposed for redundant and
nonredundant exoskeleton robots [11,14,45,54-57]. These methods usually utilize machine-learning
methods (supervised and reinforcement learning [58]) to learn the IK of exoskeletons robots. For tasks
with little to no interaction with the environment, such as writing, the observation of human motion
(demonstration) makes it possible to train a movement model that can replicate the task. LbD is
also used for complex tasks involving interactions with the environment, where the robot learns
using HMMs. In [11], a motion-planning method based on LbD was adopted to generate reference
trajectories in joint space. The authors used an NN to learn motion features (DMP) and the robot’s
inverse kinematics. Indeed, depending on the task and object position, an NN trained through the
Levenberg-Marquart supervised learning algorithm can provide distinctive features (DMP parameters)
and target joint positions. These DMP parameters are then processed to provide the exoskeleton with
reference joint trajectories. In [54], three trained artificial NNs (ANNs) were combined in the form
of a closed-loop model that generated elbow angles similar to experimentally recorded trajectories.
Garrido et al. adopted a planning approach based on LbD [55]. From human demonstrations, they
generated the desired joint trajectory by using a learning method based on an HMM [55]. A supervised
artificial neural network was employed in [18] to conduct the motion-trajectory models from a
set of training patterns collected through a motion capture system. Other studies employing the
proposed planning method based on LbD were [45,56], wherein a DMP and a Gaussian mixture model,
respectively, were used to generate trajectory planning for reaching movements.
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4. Discussion

4.1. Challenges in Trajectory Planning of Exoskeleton Robots

Great advances in robotics have enabled the use of exoskeletons for functional movements with
repeatability and intensity in rehabilitation and for assistive goals. In addition, with trajectory planning,
their usage can be extended to home usage. Despite the advantages of these robotic devices, there are
still challenges associated with their use. In this section, we discuss the challenges that make trajectory
planning more difficult.

Due to the physical coupling between the human body and the exoskeleton, typical strategies
for determining the desired trajectory to be tracked by the exoskeleton during complex tasks consist
of reproducing the movement of the human limb. However, it is difficult to accurately replicate
human kinematics with robots because of the morphologic variability between individuals and the
complexity of joint kinematics [59]. The differences between kinematic chains, referred to as “kinematic
incompatibility”, of human limbs and robots lead to hyperstaticity or overconstraint [60]. As a
result, this can hinder the security and comfort of the user. In the literature, it was indicated that
adding more DoFs into the configuration of an exoskeleton improves kinematic compatibility [61].
For this goal, there are two configurations—self-tracing and alignment-free exoskeletons of the joint
axis (center)—that are exploited for upper-limb exoskeletons [62]. In the self-tracing configuration,
an appropriate number of DoFs of active or passive joints are added in series into the main exoskeleton
configuration. The alignment-free configuration consists of introducing an appropriate number of
passive joints into the link between the exoskeleton and the user’s upper limb. Both exoskeleton
configurations present their own advantages and problems that are not addressed in this paper.
With the aim of combining the benefits of both configurations, Li, Jianfeng et al. recently proposed a
4-DOF self-aligning mechanism for upper-limb exoskeletons [60]. Moreover, the kinematic redundancy
of the human arm poses challenges with respect to joint-space trajectory planning for upper-limb
exoskeletons. The essence of the issue here is the inverse kinematics problem, whose solution is
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complicated when the number of DoFs at the joint level exceeds one at the hand level. A review indicates
that two approaches are typically exploited to resolve kinematic redundancy in exoskeletons [63].
In the first approach, angular excursions at the joint are minimized in some way. On the basis of
this concept, some previous studies used methods based on the calculation of swivel angles [25,47].
The second approach relies on the relationship between the degrees of freedom. In addition to these
limits, two main challenges were identified in trajectory planning for exoskeleton robots [7]. The first
is trajectory optimization [7,10,64], also known as the optimal-control problem [64,65]; it is challenging
to optimize a trajectory in order to suit a user’s motion profile [66]. This difficulty results from user
motion profiles being unique to the kinematics and dynamics of the wearer and to environmental
settings. There are two approaches to solving the trajectory-optimization problem for exoskeletons,
offline, and online trajectory optimization. In the online approach, there are two possibilities. The first
is that optimization is run in the background, and the trajectory is periodically updated, leading to
the low computational performance and poor reaction time of the trajectory planner. An alternative
possibility consists of using a simplified model to accelerate calculation, but there is no guarantee
of convergence since the definition of a trajectory-optimization problem entails the definition of the
dynamic environment [64]. The second approach, offline trajectory optimization, makes it possible to
overcome the computational cost and guarantees convergence. In the literature, there are (i) methods
that use a function approximation through trajectory learning from a set of optimal trajectories, such as
an optimal-control method that was used in [10]; and (ii) other methods of optimal control based on
nonlinear programming, as proposed in [46,65] for optimal-control problems.

Lastly, the final challenge identified in [7] is associated with trajectory planning in an unstructured
environment. Trajectory planning in an environment that is subject to changes is difficult because
exoskeletons do not have complete information regarding their surroundings [7]. In such situations,
the trajectory-planning method must be able to manage variability in the environment while preserving
performance. In the literature, most trajectory-planning methods proposed for upper-limb exoskeletons
rely on offline planning (Tables 1 and 2); this is the state of the art in trajectory planning. Moreover,
in online trajectory planning for exoskeleton robots, the generation of trajectories relies on the immediate
intentions of the user, and its extraction is carried out by sensors, the limits of which are well-known.

4.2. Methods Applied to the Currently Available Exoskeleton Robots

In robotic rehabilitation, exoskeletons have been developed to assist patients after stroke by
moving their impaired limb through a predefined trajectory. Trajectory generation is a fundamental
topic in the design of these robots because of the growing number of stroke patients. The usual
approach with most exoskeletons is to use a prerecorded trajectory as a look-up table. There are some
limitations to this method, including data storage limitations and poor tuning relating to the motion’s
parameters. According to the classification in Section 3, two motion planning approaches are used for
current upper limb exoskeletons: the traditional approaches based on Cartesian motion planning and
inverse kinematics and approaches based on learning by demonstration (LbD).

In the first approach (Table 1), cubic and polynomial methods are the most used in current
exoskeletons. The limitation of these methods is that they require the calculation of too many
parameters (polynomial coefficients), and the generated trajectories are un-natural. An alternative is
the optimization-based methods: (i) based on optimization of a cost function such as minimum-jerk,
minimum-torque-change, and inertia-like models; (ii) based on the extraction of principal motion
patterns like principal component analysis (PCA) (as in [45]) and functional PCA (fPCA) (as in [42]),
which were used to derive kinematic synergies. Optimization-based methods usually involve
hypotheses on the motion generation that limit the variability of the planned movement. These methods
generate humanlike motions, but they are only appropriate for simple point-to-point movements
with a limited range of motion. So, they are unsuitable when applied to complex tasks like those of
activities-of-daily-life (ADLs).
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To produce the greatest effect in robotic rehabilitation, exoskeleton robots require the online
trajectory capacity to operate in a real environment. Trajectory planning methods in the first trajectory
are unsuitable for unstructured environments like in the real world. This is why research groups have
been interested in the second type of approach (Table 2), imitation-learning methods (LbD methods).
These methods rely on trajectory learning, where robots learn human skills from demonstrations and
later reproduce the movement through a trained model or a function approximation. Deconvolutional
neural networks (DNN) (as in [10]), multilevel convolutional neural networks (as in [8]), and artificial
neural networks (ANNSs) (as in [18,54]) are used for function approximation; Gaussian mixture models
(GMM)) (as in [14,56]), hidden Markov models (HMM), and dynamic-motion-primitive (DMP) models
(as in [11]) are used as models for upper-limb exoskeleton robots in the training phase. The training is
achieved using expectation-maximization (EM) algorithms (as in [14,56]) and the Levenberg-Marquart
algorithm (as in [11,54]). The LbD methods have the advantage of avoiding the calculation of the
inverse kinematics. These methods have high computational costs, but this limit no longer exists once
the learning phase is complete. However, demonstrations in joint space are strongly time-dependent.
This issue is considered in the literature using methods based on dynamic time warping (DTW),
which destroys the accuracy of the generated trajectories. Garrido et al. used Lloyd’s algorithm
to encode input signals and a modified HMM to more accurately plan trajectories in joint space.
Although the study has not been tested on patients, we think that this method of generating the
desired trajectory in joint space should be explored. Our opinion is motivated by two reasons: firstly,
because there are few works in joint space; secondly, because trajectory learning is still unexplored for
exoskeleton robots in comparison to policy learning.

The studies presented in this review are summarized in Tables 1 and 2. The last column of these
tables indicates if the proposed methods have been tested on humans (patients or healthy subjects)
and, if so, the number of patients. From the results presented in these columns, we observed that
45.4% of these studies conducted testing only by numerical simulations, 31.8% performed testing on
healthy subjects, and only 9% on patients (Table 3). The tests have been performed on patients in
two studies [11,43]. Considering the presented studies, only a few robotic devices for upper limb
rehabilitation have been tested in the clinical environment, likely due to the lack of standardized data
measurement and evaluation procedure, since verifying their efficacy is a critical issue related to robotic
therapy. In addition, these tests were performed on a small number of subjects (maximum of four
subjects). Consequently, we report only two kinds of problems encountered during the clinical tests:
(i) control problems: test provided low accuracy, which could limit the application of the proposed
method to a given domain [11,47]; (ii) generalization problems: low generalization capacity and low
accuracy [43].

From a rehabilitation point of view, the efficacy and reliability are still clinically unproven, so we
hope that researchers will focus on advancing rehabilitation robotics from technical laboratories
to clinics. This would help increase the use of robotic devices in rehabilitation therapy. Moreover,
careful attention needs to be paid to clinical tests and the effectiveness of diagnosed stroke patients
because clinicians will be interested in devices with proven efficacy.
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Table 1. Summary of studies on trajectory planning for upper-limb exoskeletons (approaches based on Cartesian motion planning). DoF, degrees of freedom.

Tiajectory Planning TReCtoy:  pyie Type (DofsyExoskeleton  ASIEES Nk e Healh
Scheme Methods Generation Method 8 yp Design Limitations PP Subjects (Yes /Ng)
L Finds angular Pros: quickly giving
(Li, 2019) [12] 1\:)[;1 IITCC;E;_ positions through a solution and the Reach-to-gras
Cartesian ilritel}:pola tion inverse kinematics Offline. Six DoFs. flexibility of being moveme(%l ts P No
coordinates. (IK; using reverse able to refine human ’
Method. coordinate method). trajectories.
(Wang, 2019) [25] . Inverse kinematics Provides optlmal .
Planning based on . . reference trajectory Reaching and
Recorded data . . with swivel-angle + . .
(to calculate swivel minimum-jerk minimum-ierk Offline. Five DoFs. (because generated reach-to-grasp No
angles) model. metho d] joint trajectories are movements.
&les). ’ humanlike motions).
Simple and
(Ballesteros 2019)  Planning based on Predefined tra!ectory improves execu.tlon
. . by therapist . time in comparison . Yes (two healthy
[21] sigmoidal . . Offline - . Assistance. .
Recorded data functions (desired articular to planning based subjects)
’ ’ positions). on polynomial
methods.
(Frisoli, 2013) [51] Allows for full
Recorded data + synchronization
machine system Bounded-jerk aman joints during
vision .(to planning + motion Bounded-jerk Online. Five DOFs. multi-DOF Reaching tasks. Yes (fou.r healthy
automatically o method. subjects)
identify and synchronization. movements.
localize target Generates
online) & humanlike motions.
Well-suited to
(Meng, 2018) [13] Task-based Task analysis in rehabilitation
Recorded planning method order to find a . because such motion Rehabilitation
(circular-motion) (circular-arc planning task Offline. Four DoFs. predefinition can tasks. Yes ()
data. planning). (circular motion). clarify the training

target.




Appl. Sci. 2020, 10, 7626 11 0f 21
Table 1. Cont.
. . . Dimensionality Tested on
Trajectory Planning Trajectory- . Advantages and s .
Scheme Methods Generation Method Planning Type (DoFs)/Ex.oskeleton Limitations Applications Patl.ents/Healthy
Design Subjects (Yes/No)
Suited to most
(Soltani-Zarring upper-limb motions
2017) [27] ' Optimization such as complex
method based on  Trajectory generated . activities of daily life  Rehabilitation and
Captured . . : Offline. Four DoFs. . No
Kinematic data + Riemannian by geodesic curves. (ADL) tasks during ADL tasks.
therapeutic values geometry. which the center of
p ' the shoulder moves
significantly.
Yes (One healthy
subject)
two types of
problem: (i):
. . . Transmission
(Kim, 2014) [75] Fourier ggg;;;?iﬁ;iﬁe; Joint and muscle system (vibrations
recorded human . . . rous Offline. Four DoFs. Pro: low cost. rehabilitation: due to reduction
approximation. motion builder
data. frozen shoulder. gears and
(AutoCAD). .
compliance was
noted)
(ii) Customization
problem: height
adjustable system
Kinematic resolution
. - by modghng human Proposed method Upper-limb
Cubic and quintic ~ upper limbs: robot g e
. . . reduces the process rehabilitation Yes (one healthy
(Xie, 2019) [28] polynomial parameters Offline. Four DoFs. . . . . .
methods substituted into of kinematics (taking task); subject)
’ . . calculation. ADL tasks.
model kinematics
equation.
Planning based on Hand
(Meng 2014) [34] motion m.odels Cycloid law. Offline. Three DoFs. con: method tested r'ehablht.atlon: No
(cycloid in too basic a system. index-finger
movement). movements.
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Table 1. Cont.
. . . Dimensionality Tested on
Trajectory Planning Trajectory- . Advantages and s .
Scheme Methods Generation Method Planning Type (DoFs)/Ex.oskeleton Limitations Applications Patl.ents/Healthy
Design Subjects (Yes/No)
Inverse kinematics Proposed method Industrial
(Li-Zhan, 2020) Planning based on  (IK) resolution based guarantees elegant apolication:
[37]’ potential-energy  on zeroing dynamics - Six DoFs convergence of mgr?i ula tio;l No
minimization. method (ZD): inverse kinematics £ e?s ks
IK + ZD. solution. '
Method efficaciously
. - . plans reaching angle Assistance:
(Enya, 2011) [43] Piﬁ;‘;ﬁiﬁfgfkon Mltr;;r‘r;zltrs r]erk Offline. Four DoFs. when tested by a reaching Yes (one patient)
Jers. J ¥ patient with brachial movements.
plexus injury.
Table 2. Summary of studies on trajectory planning for upper-limb exoskeletons (approaches based on learning by demonstration (LbD)).
Y J yP 8 PP PP &by
Trajectory
. . .. . Tested on
Trajectory Motion Features/ Learning Models Training Generatl(?n Ad‘{an.tag.es and Applications Patients/Healthy
Scheme Parameters Methods (Reproducing Limitations .
Phase) Subjects (Yes/No)
Cons: method
(Naghibi, 2020) requires phasing
[54] Amplitude, - Predictive model of ADL task (360
. Three distinct . phases here)
Angular duration, and g consisted of three o ADL movements
. . - artificial neural ~ Levenberg-Marquart Pros: predictive .
trajectories + start time of h ANN s (generates such as eating No
. networks algorithm. . model can correct .
extracted minimal (ANNS) angular joint rediction error. so and drinking.
minimum-jerk submovements. ' profiles). P onerated !
submovements &
movements are
accurate.
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Trajectory
. . .. . Tested on
Trajectory Motion Features/ Learning Models Training Generatu?n Adxfan.tag.es and Applications Patients/Healthy
Scheme Parameters Methods (Reproducing Limitations .
Phase) Subjects (Yes/No)
DMP with Yes (4 patients)
well-defined It can work in
landscape unstructured One problem: Test
(Lauretti, 2018) Dynamic-motion- Neural-network NN trained by attractor allgwin environments. Reachin provided higher
[11] r}i]mitives (DMP) (NN) training +  Levenberg-Marquart for re li,cation o fg The moveme r?ts position errors, so the
Recorded P arameters DMP supervised-learning movpementb accomplishment of raspin ’ proposed method is
trajectories P ' computation. algorithm. weighted sumyo ¢ tasks in a feasible grasping. not applicable to
o ti%nall spaced workspace is domains that do not
qussianykeinels guaranteed. require a very high
' accuracy
It improves
(Garrido, 2016) Codebook Modified hidden accuracy
[55] (discrete values) + Markov model Lloyd'’s Trained modified compared with Writing task No
Trajectory Kev points (HMM) (discrete algorithm. HMM. dynamic & '
database. yp HMM). time-warping
methods.
(Sabbaghi, 2014) Enables gesture
[14] . learning using
Captured Gaussian Gaussian mixture EXP.eCFatIC.m_ Gaussian mixture only a St gle Healthcare and
. maximization . camera without . -
monocular images components. model (GMM). . regression (GMR) .. education.
algorithm (EM) equipping
of 3D human
oses demonstrator with
poses. color or patches.
GMM trained Interaction-force (é(ojrrll::rl;f:l t};};}flstlligl
(Deng, 2020) [56] GMM using expectation- generation by exoskeleton Manipulation Yes (two health
Sensed interaction GMM. maximization using Gaussian . . prat . Y
force. parameters. (EM) algorithm  mixture regression and Varlabll.lty tasks: drawing. subjects)
offline. (GMR). among multiple

demonstrations.
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. . .. . Tested on
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Scheme Parameters Methods (Reproducing Limitations .
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Phase)
Simpler and more
convenient for
(Tao, 2020) [8] Human-pose . rehabilitation
. i Trajectory
Recorded video . recognition . robots because
. . Multilevel . extraction (by - .
(depth information . algorithm video-based Upper-limb Yes (one healthy
Human pose. convolutional OpenPose) + . ey .
and color OpenPose s teaching greatly rehabilitation. subject)
. ) NN. threshold-filtering e
information) by (open-source reduces difficulty
. . method. . L,
Kinect camera. library). in redesigning
rehabilitation
trajectories.
(i) Distance
between shoulder
and end effector,
and elbow height;
(ii) angle between .
shoulder and end Ejg;?iigﬁ Performs similar Writing, hand
(Chung, 2012) [18] effector, angle Supervised ANN . . waving, beating,
ANN model. resolve inverse motions to human . No
Recorded data between shoulder approach. . . . and throwing a
kinematics motions.
and end effector roblem ball.
with respect to p '
elbow, and
distance between
end effector and
shoulder.
Produces more
Optimal Deconvolutional Online trajectories acc urate ar.1d
. . . . reliable online
trajectories neural network  Guided-trajectory- generated by . .
(Duburcq, 2020) . . : trajectories based
[10] generated (DNN) as learning (GTL) trained function on LbD by No
through trajectory function algorithm. approximation .
o . . . guaranteeing
optimization. approximation. DNN. .
prediction

feasibility.
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Scheme Parameters Methods (Reproducing Limitations .
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Phase)
. Functional Simplicity: only
(Averta, 2020) [42] Fur}ctl.onal principal S three fCPs I
e principal Optimization of o Rehabilitation,
Recorded joint component fPCA. . represented 80% of . No
. : components : fPCS weights. . assistance.
trajectories. analysis (fPCA) the motion
(fPCs). N .
characterization. trajectory.
Pros: simplifies
. motion planning
(Tang, 2019) [45] Spatllotemp.oral . because only the Rehabilitation:
Recorded kinematic . . Singular-value- . o .
. . . Kinematic-synergy . o first four principal multi-DoF
kinematic data + synergies : PCA algorithm. decomposition . No
. .S analysis . components were movement in
(angular velocity (principal (SVD) algorithm. .
. enough to upper limbs.
matrix). components).
represent the
motion.
Yes (15 healthy
subjects)
Problems: low
generalization
capacity, low accuracy
(i) The subjects chosen
Dramatically Rehabilitation, for the tes.ts were
Kinematic-synergy simplified Simple planning assistance: among subjects who
(Liu, 2018) [47]. Postural synergy. . PCA method. . . participated in the
analysis. mechanism method. reaching .
data collection
system. movements. . .
experiments;
(ii) The exoskeleton
robot did not replicate
the

supination-pronation
motions of the elbow
joint
with high accuracy
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Table 3. Kind of tests performed by presented studies.

Studies Tested on Studies Tested on Untested on Others Effective
Healthy Subjects Patients Human Beings
7 2 10 3 22
31.8% 9% 45.4% 13.6%

4.3. Clinical Needs in Robotic Rehabilitation of Upper Limbs

Besides the efficacy/effectiveness aspect [67] mentioned in Section 4.2, other needs of the clinical
practice should be considered by the researchers when designing rehabilitation robots. These clinical
needs can be grouped into four aspects [68]:

(1) Psychological: The patient should not be afraid of robotic rehabilitation devices. They should not
replace the therapist but make their job easier.

(2) Medical: The robot should be adaptable to the human limb in terms of segment lengths, range of
motion, and degrees of freedom (DoFs) [68,69]. To adapt the robot to different human bodies
(sizes and weights), the segments of exoskeletons should be adjustable. A robot with a high
degree of freedom (DoF) offers a wide variety of movements with many anatomical joint axes [68].
Modularity would be welcome in the medical aspects because the modular prototype, as the
one previously proposed [12], can offer single-joint rehabilitation training, as well as multi-joint
composite training. This feature increases the flexibility of exoskeleton robot applications in
rehabilitation [70].

(3) Ergonomic: The design of an upper limb exoskeleton robot must allow some additional space for
the patient.

(4) Control: The robot should be back-drivable. The weight of the robot should not be felt by the
patient, and they should be able to move the robotic device. Assist-as-needed control is the
most common approach used in robotic rehabilitation devices [25,56,71]. This method allows the
patients to initiate the movement on their own and to be partially assisted when they start regaining
their lost motor function (active therapy) [70,72]. The need here is control sharing, which is the
ability to control the forces applied by the robot [68]. A previously proposed prototype [43] is
back-drivable (instrumented compliance). There are two kinds of back-drivability [73], the most
advantageous of which, mechanical back-drivability, is strongly dependent on the transmission
mechanism of the exoskeleton [73]. Consequently, back-drivability is an important clinical need
that must be considered by researchers.

The spasticity measurement is a potential clinical need because spasticity is the most common
symptoms of stroke patients [74].

5. Conclusions

Trajectory planning is an important part of the control of intelligent robotic systems such as
exoskeleton robots. It has been proven in the literature that trajectory planning helps to better control
the movement of exoskeleton joints and improve the ADLs of stroke patients, helping them return to
society and their occupation. This review explores the methods of trajectory planning for exoskeleton
control, especially at the upper limbs. From 67 relevant papers found in the literature, we categorized
trajectory-planning methods into two main approaches:

1. Approaches based on Cartesian motion planning and inverse kinematics using
polynomial-interpolation or computational methods such as minimum-jerk, minimum-torque-change,
and inertia-like models.

2. Approaches based on learning by demonstration (LbD) using learning models such as neural
networks (NNs), HMMs, Gaussian mixture models, and DMP models.
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As shown in this review, each method has its limitations. In the first approach, generated trajectories
by methods based on polynomial trajectories are not natural. Moreover, optimization-based methods
that rely on humanlike motions are only appropriate for simple point-to-point movements with a
limited range of motion. They are not suitable when applied to complex tasks like those of ADLs.
Second, imitation-learning methods have high computational costs.

In this paper, we also discussed challenges associated with trajectory planning: kinematic redundancy
and incompatibility, and the trajectory-optimization problem. For upper-limb exoskeletons, methods
based on the computation of swivel angles and other approaches commonly rely on the relationship
(e.g., coordinated or synergistic) between degrees of freedom to resolve kinematic redundancy
for exoskeletons. Moreover, two general solutions, namely, the self-tracing and alignment-free
configurations of the joint axis, which add the appropriate number of extra degrees of freedom to the
mechanism, are employed to improve kinematic incompatibility between humans and exoskeletons.

Although online trajectory planning can be adapted to manage the variability of the environment,
very few of the proposed methods for planning trajectories in upper-limb exoskeletons generate offline
trajectories. Future work will focus on online trajectory planning and optimal control because very few
online methods were found during this study. In future works, tests should be completed on more
patients. In any study on exoskeleton robots, we recommend considering the clinical needs presented
in this review.
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Abbreviations

ADL activities-of-daily-life

ANN artificial neural network

DH Denavit-Hartenberg

DMP dynamic motion primitives
DNN deconvolutional neural network
DokF(s) degree(s) of freedom

DTW dynamic time warping

(fPCs) functional principal-components
fPCA functional principal-components analysis
GMM Gaussian mixture model

GMR Gaussian mixture regression
HMM hidden Markov model

IK inverse kinematics

LbD learning by demonstration
M-DH modified Denavit-Hartenberg
NN neural network

PCA principal-components analysis
PbD programming by demonstration
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