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Abstract

Background: Arm weight compensation with rehabilitation robots for stroke patients has been successfully used
to increase the active range of motion and reduce the effects of pathological muscle synergies. However, the
differences in structure, performance, and control algorithms among the existing robotic platforms make it hard to
effectively assess and compare human arm weight relief. In this paper, we introduce criteria for ideal arm weight
compensation, and furthermore, we propose and analyze three distinct arm weight compensation methods (Average,
Full, Equilibrium) in the arm rehabilitation exoskeleton ’ARMin’. The effect of the best performing method was
validated in chronic stroke subjects to increase the active range of motion in three dimensional space.

Methods: All three methods are based on arm models that are generalizable for use in different robotic devices and
allow individualized adaptation to the subject by model parameters. The first method Average uses anthropometric
tables to determine subject-specific parameters. The parameters for the second method Full are estimated based on
force sensor data in predefined resting poses. The third method Equilibrium estimates parameters by optimizing an
equilibrium of force/torque equations in a predefined resting pose. The parameters for all three methods were first
determined and optimized for temporal and spatial estimation sensitivity. Then, the three methods were compared in
a randomized single-center study with respect to the remaining electromyography (EMG) activity of 31 healthy
participants who performed five arm poses covering the full range of motion with the exoskeleton robot. The best
method was chosen for feasibility tests with three stroke patients. In detail, the influence of arm weight compensation
on the three dimensional workspace was assessed by measuring of the horizontal workspace at three different height
levels in stroke patients.

Results: All three arm weight compensation methods reduced the mean EMG activity of healthy subjects to at least
49% compared with the no compensation reference. The Equilibriummethod outperformed the Average and the Full
methods with a highly significant reduction in mean EMG activity by 19% and 28% respectively. However, upon direct
comparison, each method has its own individual advantages such as in set-up time, cost, or required technology. The
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horizontal workspace assessment in poststroke patients with the Equilibriummethod revealed potential workspace
size-dependence of arm height, while weight compensation helped maximize the workspace as much as possible.

Conclusion: Different arm weight compensation methods were developed according to initially defined criteria. The
methods were then analyzed with respect to their sensitivity and required technology. In general, weight
compensation performance improved with the level of technology, but increased cost and calibration efforts. This
study reports a systematic way to analyze the efficacy of different weight compensation methods using EMG.
Additionally, the feasibility of the best method, Equilibrium, was shown by testing with three stroke patients. In this
test, a height dependence of the workspace size also seemed to be present, which further highlights the importance
of patient-specific weight compensation, particularly for training at different arm heights.

Trial registration: ClinicalTrials.gov, NCT02720341. Registered 25 March 2016

Keywords: Rehabilitation robotics, Arm weight compensation, EMG, Workspace assessment, Stroke

Background
Human armweight compensation in robotic rehabilitation
In the acute phase post-stroke, approximately 66% − 80%
of patients experience reduced arm function due to pare-
sis and subsequent arm weakness [1, 2]. In chronic stroke
patients abnormal synergies restrict the patient’s move-
ment [3] and workspace [4] as a loss of independent
joint control. In both acute and chronic patients, arm
weight compensation can extend the patient’s workspace
and, therefore, allow training of tasks that have higher
relevance for activities of daily living [4–6]. The train-
ing of these tasks is according to the known “use it and
improve it, or lose it” principle of neurorehabilitation,
which is considered a key factor for successful rehabil-
itation [7]. Therefore, many rehabilitation robots with
arm weight compensation functions have been developed.
The common robot types that provide system-dependent
arm weight compensation can be divided in gantry-based
robots [8–10], passive exoskeletons [11, 12], actuated
exoskeletons [4, 11, 13, 14], and actuated end-effector
robots [5, 6, 15–18].
For actuated rehabilitation robots, assist-as-needed

control strategies are also commonly used. These strate-
gies not only support the patients along the movement
direction, but also against the gravity in an indirect way
[19, 20]. However, in this paper, we focus only on the
arm weight compensation as an independent assistance
dimension, since the support along movement direction
may not always be desirable. Furthermore, there are adap-
tive control strategies that readjust assistance over time
[21]. However, since arm weight is constant over time,
we aim to estimate the arm weight parameters once in
the beginning of the therapy session and not to adapt
them during the therapy. From a literature review [8,
22] and our own experience, the following four require-
ments of ideal, generalizable weight compensation for
robot-assisted training of activities of daily living were
deduced: Freedom of movement, no additional distur-
bances, scalability, and applicability to other systems [13].

Freedom ofmovement
The degrees of freedom of the human arm joints should
not be restricted by the robot. From the shoulder
to the wrist joint, the human arm can be approxi-
mated by five degrees of freedom (shoulder horizontal
abduction/adduction, shoulder elevation, shoulder inter-
nal/external rotation, elbow flexion/extension, forearm
pronation/supination). Arm weight compensation should
be provided in any pose without restricting or hinder-
ing any possible degree of freedom. However, most end-
effector robots can restrict the user’s freedom of move-
ment while providing arm weight compensation due to
mechanical limitations and missing human joint angle
information, e.g., [5, 6, 15–18].

No additional disturbances
With the exception of arm weight compensation, each
robot should behave mechanically transparent during
physical human-robot interactions [23]. Ideally, weight is
a static force, and thus, the robot torques providing arm
weight compensation should only depend on pose, arm
weight, and arm length. Generally, end-effector robots
support arm weight only at the end-effector without
knowledge of the user’s arm joint angles, which can lead
to over- or under-compensation of arm weight. In partic-
ular, systematic disturbances due to spring properties are
present in passive exoskeletons [12], and unwanted hor-
izontal forces due to the vertical sling attachments are
present in gantry-based robots [8].

Scalability
A progressive reduction in arm weight compensation dur-
ing rehabilitation therapy can lead to an increased active
range of motion [24]. Furthermore, scalability of arm
weight compensation can be used for assessment of arm
weight-induced impairments [25]. Independent upper and
lower arm weight scalability could allow more individu-
alized assessments and therefore, tailored rehabilitation
therapies for arm weight-induced impairments.

https://clinicaltrials.gov/ct2/show/NCT02720341
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Applicability to other systems
The applicability of arm weight compensation methods to
other systems is robot type-dependent. Exemplarily, a pas-
sive exoskeleton can entail mechanical spring-based arm
weight compensation [12], which needs to be mechani-
cally adapted for applications in different types of robots.
Ideally, the method should be a software solution, that can
be easily applied to a variety of rehabilitation robots with
actuation.

Evaluation of arm weight compensation efficacy
The highest arm weight compensation efficacy is reached
through correctly compensating for gravity contributing
to arm weight in every possible arm pose, i.e., overcom-
pensation or undercompensation of arm weight leads to
a lower arm weight compensation efficacy. Arm weight
compensation has been proven to be an important fac-
tor for enabling patients to train for tasks that require
longer reaching distances [5] and an increased workspace
[6, 24–27]. Furthermore, improvements in arm weight
compensation efficacy are expected to lead to an even
greater increase in workspace for stroke patients [6]. How-
ever, most studies of arm weight compensation by reha-
bilitation robots have focused on the gains that stroke
patients achieve in clinical scores rather than the pro-
vided arm weight compensation [28]. While gains in
clinical scores are good indicators of performance devel-
opment in general, it is difficult to assess the contribu-
tion of the provided weight compensation to these gains.
Namely, the efficacy of weight compensation per se was
not evaluated in parallel, i.e., how much unloading is
effectively applied for a certain unloading condition and
arm pose. Therefore, the results of clinical studies that
evaluate weight compensation for one particular rehabil-
itation device are difficult to generalize to other devices,
as the weight compensation performance might differ
among devices. In summary, the efficacy of arm weight
compensation in rehabilitation robotics has been rarely
investigated [29]. However, several papers have investi-
gated the efficacy of arm weight compensation through
additional electromyography (EMG)measurements of rel-
evant muscles [29–33]. For example, arm weight compen-
sation decreased EMG activity during static holding [32]
and reaching tasks [29–31], and the transfer of this effect
to stroke patients was also shown [29]. However, static
holding was performed in only one pose [32], not over
the whole workspace to analyze pose-dependent effects of
arm weight compensation. Furthermore, previous EMG
signal analyses have mainly focused on individual mus-
cle evaluations [29–31] instead of a combined evaluation
of all relevant muscles with respect to their passive ref-
erence measurements as a score. Additional active EMG
reference measurements to adapt to a subject’s specific
behavior and physiology have not been a main focus

[13]. Finally, the arm weight relief efficacies of differ-
ent arm weight compensation methods have never been
compared, even for use of the same device.
In this paper, we present three different arm weight

compensation methods Average, Full, and Equilibrium.
These arm weight compensation methods are based on
arm models that are developed to address the presented
four critical requirements. Each method has advan-
tages and disadvantages regarding the technology used,
hardware costs, and calibration effort/time. All three
compensation methods are consecutively implemented
and compared using the rehabilitation robot ARMin. This
paper sequentially presents the following studies: First,
the estimation results of the arm weight compensation
methods are analyzed for spatial and temporal sensitivity.
The efficacies of all three methods are subsequently tested
with EMG measurements in healthy subjects. Finally, the
most successful method is tested in stroke patients. Dur-
ing the assessment with stroke patients, the horizontal
workspace is assessed at three different height levels to
determine if there is a height-dependence of arm weight
compensation over the workspace.

Methods
Armweight compensation methods
Average armmethod (Average)
Summary - This method models the arm as two con-
nected rigid segments, corresponding to upper and lower
arm, with no additional torques/forces at the joints. The
human arm tendon forces are neglected. The parameters
of these two segments, weight and center of mass (CoM)
location, are adjusted manually with the information from
anthropometric tables for each subject. Therefore, the
therapist enters their height/weight information in the PC
interface for calibration of themethod. As a simplification,
the locations of CoMs are assumed to lie on the rotational
axes of the arms. Once these weight and CoM parameters
are adjusted, the robot compensates the arm weight by
applying appropriate torques at each pose, using the vary-
ing pose information of the robot (therefore the human
arm), basic geometry, and mathematical calculations.

Details - The upper arm (ua) and lower arm (la) are
treated as two independent, rigid segments that are con-
nected to the robot. The weight of each arm segment
is compensated with the torques obtained from a model
using the anthropometric table approximation values:
mass m̃ and center of mass ( ˜CoM) location vector accord-
ing to the cuff location, cr̃. A wrench vector ω̃weight is then
constructed at each cuff frame c at upper arm, (c = cua),
and lower arm, (c = cla), as follows:

cω̃weight =
[

Rc
0
0 f̃

cr̃ × Rc
0
0 f̃

]
, (1)
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where 0 f̃ =
[
0, 0, f̃ = −m̃g

]T
is the approximated weight

vector, including the gravitational constant g, in the earth
frame (x0, y0, z0) and Rc

0 is the rotation matrix rotating
from the earth frame to the respective cuff frame. The
wrench vector ω̃weight of the upper and lower arm is
mapped to the joint space of the robot by multiplication
with the respective Jacobian at the cuff location at the
upper arm, cuaJTcua , and at the lower arm claJTcla to obtain
the arm weight compensation torque τ comp:

τ comp = − cuaJTcua
cua ω̃weight,ua

− claJTcla
cla ω̃weight,la.

(2)

The calculated arm parameters (masses m̃ua, m̃la and
center of mass ( ˜CoM) location vectors r̃ua, r̃la) in the
method Average are taken directly from anthropomet-
ric tables and are not estimated [34, 35] (see Fig. 1).
The anthropometric tables provide an approximation of
the upper and lower arm mass as well as the location
of the CoM based on the subject’s height and weight.

Fig. 1 The three arm weight compensation methods:
Method Average: Masses m̃ and center of masses ( ˜CoM) are approximated through anthropometric tables based on basic information of the subject.
The arm is modelled as two independent rigid bodies, upper arm (ua) and lower arm (la). The CoMs of the objects are assumed to lie on the arm
segment rotation axis.
Method Full: The parameters m̂ and ˆCoM are estimated through force/torque sensor data at each cuff. The arm is modeled as two independent rigid
bodies, similarly to method Average, though the ˆCoMs of each object are not assumed to lie on arm segment rotation axis and are fully estimated.
Method Equilibrium: A quasistatic equilibrium against gravity is created at each cuff. Upper and lower arm are assumed to be connected to each
other. The passive joint torques τ p,ua and τ p,la are partially taken into account. The support force parameters f̂ua and f̂la are calculated and achieve
an equilibrium against the wrenches created by gravity at the cuffs, ωmeas,ua ,ωmeas,la . The CoMs of the arm are assumed to lie on each arm segment
rotation axis
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The therapists must manually enter height and weight
information for each new subject to calculate the arm
parameters. Therefore, neither an estimation procedure,
nor force/torque sensors are needed. The method can
be applied to any rehabilitation device that allows for
compensation of arm weight by active mechanisms.
There are no external forces applied on these rigid

objects. In other words, the passive torques at the joints
created by the surrounding tissues, muscles, tendons, etc.,
are assumed to be zero. Furthermore, the CoMs of both
the upper and lower arms are assumed to be on the
axes of internal/external shoulder rotation and forearm
pronation/supination, respectively. Thus, only one dimen-
sion (xcua , xcla ) of the three dimensional CoM vectors for
both the upper and lower arm is adapted, while the other
two dimensions are always assumed to be zero, cr̂ =
c [
r̂x, 0, 0

]T (see Fig. 1). For a more detailed explanation,
mathematical derivation and implementation, interested
readers are referred to the Additional file 1 and our previ-
ous work [13].

Full estimationmethod (Full)
Summary - Thismethod is similar to theAveragemethod
with two main differences; the CoM locations of the arm
segments are not assumed to lay on the rotational axes
of the arms. Therefore, CoM locations are vectors with
three elements each, rather than one. Secondly, the arm
parameters are not adjusted with anthropometric table
information; they are estimated for each subject using
force sensor data. During a calibration phase, the robot
maintains two predefined poses, while the subject keeps
his/her arm slack for 10 s inside the robot. This method
estimates subject-specific arm parameters to increase the
efficacy of the arm weight compensation.

Details - This method is based on a model that assumes
that the arm is composed of the two independent seg-
ments, an upper arm and a lower arm, which are
rigidly connected to the robot. The weight vector 0 f̂ =[
0, 0, f̂ = −m̂g

]T
and the location of the ˆCoM relative to

the cuff location, cr̂ = c [
r̂x, r̂y, r̂z

]T , are estimated through
the force/torque sensor data and are not approximated as
in (1) and (2):

cω̂weight =
[

Rc
0
0 f̂

cr̂ × Rc
0
0 f̂

]
, (3)

τ comp = − cuaJTcua
cua ω̂weight,ua

− claJTcla
cla ω̂weight,la.

(4)

All the estimated parameters of the method (m̂, r̂x, r̂y, r̂z)
are assumed to be nonzero (see Fig. 1). The arm param-
eters must be estimated once at the beginning of therapy

in two static poses for calibration using force/torque sen-
sor data. During this process, it is crucial that the subject
does not apply any force to ensure accurate estimation
results of the arm weight compensation method. The
robot moves the passive arm to two arm poses by position
control, while the arm parameters are estimated; for more
details, please refer to the Additional file 1.

Equilibrium estimationmethod (Equilibrium)
Summary - This method combines the model from the
Average method and uses force sensor data to estimate
the model parameters like the Full method. During a cal-
ibration phase, the robot maintains a single predefined
pose, while the human keeps his/her arm slack for 10 s
in the robot. However, instead of estimating the mass m
and center of mass (CoM) location parameters separately,
it focuses on the total effect of the arm weight on the
robot joints. The method estimates fixed support forces
at the cuff locations that cancel the human arm weight
and create a force/torque equilibrium for the arm. This
method estimates only one parameter each for upper and
lower arm to minimize possible estimation errors, while
still partially compensating for the forces/torques at the
joints (e.g. tendon forces, muscle tone).

Details - For the compensation of the weight of the arm,
τ comp, the method Equilibrium applies two estimated vir-
tual support wrenches, each consisting of a single force
parameter, at the sensor locations on the upper and lower
arm (f̂ua, f̂la) (see Fig. 1). These support wrenches support
the arm against gravity (z0 direction):

τ comp = 0JTcua

⎡
⎢⎢⎢⎢⎢⎢⎣

0
0
f̂ua
0
0
0

⎤
⎥⎥⎥⎥⎥⎥⎦

+ 0JTcla

⎡
⎢⎢⎢⎢⎢⎢⎣

0
0
f̂la
0
0
0

⎤
⎥⎥⎥⎥⎥⎥⎦
, (5)

where 0JTcua and
0JTcla are the Jacobians in the earth coordi-

nate frame that project the support wrenches on the robot
joints.
The Equilibrium method estimates the values for the

two force parameters f̂ua and f̂la of the two wrenches while
the subject’s arm is passive and fixed by the robot in a
single pose. This calibration procedure is performed once
in the beginning of the therapy. A torque equilibrium is
formed using the measured interaction joint torques:

τmeas = 0JTcua
0ωmeas,ua + 0JTcla

0ωmeas,la. (6)

The measured interaction wrenches at the physical
human-robot interaction points at upper, 0ωmeas,ua, and
lower arm, 0ωmeas,la, are multiplicated with the respective
Jacobian in the earth coordinate frame to project torque
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on the robot joints. The torque equilibrium of the inter-
action joint torques τmeas is used to estimate the arm
weight-related torques on the robot joints caused by the
force parameters.

τmeas + 0JTcua

⎡
⎢⎢⎢⎢⎢⎢⎣

0
0
f̂ua
0
0
0

⎤
⎥⎥⎥⎥⎥⎥⎦

+ 0JTcla

⎡
⎢⎢⎢⎢⎢⎢⎣

0
0
f̂la
0
0
0

⎤
⎥⎥⎥⎥⎥⎥⎦

= 0. (7)

The method is built on the following assumptions:
The two arm segments cannot be considered as two
separated segments. Accordingly, passive joint torques
between body segments cannot be neglected, even in a
passive and relaxed arm pose [36]. Passive joint torques
are not assumed to be zero in the Equilibrium method.
The upper arm is connected to the shoulder, and the lower
arm is connected to the upper arm, as in real world sce-
narios. The passive torques the shoulder applies on the
upper arm, τp,ua, and the passive torques the upper arm
applies on the lower arm, τp,la, are nonzero and par-
tially included through the torque τmeas measured during
the calibration procedure (see. (7)). For the Equilibrium
method, the passive joint torques are assumed to point
around the global y0 axis direction in all configurations
and the ˆCoMs of the arm are assumed to lie on the rota-
tion axes (the same as in the Average method). Therefore,
only the joint torques that are in the gravity direction are
considered and partially compensated. The joint torques
contain tendon forces, torques due to muscle tone, and
other influences. As a future research step, these elements
could be modeled to improve the model.
The torque equilibrium in (7) is used to estimate the

support force parameters. Upon careful examination,
one will notice that there are more equations resulting
from this equilibrium equation than number of vari-
ables (two). In other words the equation system is over-
determined. Therefore, in order to determine the param-
eters, weighted least squared method is used. The weights
of the equations are selected according to the magnitudes
of the Jacobian values of each equation in (7) such that if
the Jacobian values are close to zero, the corresponding
weight is also close to zero. This way, estimation errors
due to sensor noise are minimized. Once these force
parameters are determined, they are multiplied with the
Jacobians of the respective cuff and applied to the motors,
τ comp, to compensate for the patient’s arm weight in each
pose (see (5)).

A conceptual overview of the threemethods
An conceptual overview of the differences between the
methods is presented in Table 1.

Table 1 Overview and conceptual comparison of all three
weight compensation methods: If an estimation is performed,
the number of estimation poses needed the calculated degree of
freedom of the center of mass, the usage of force/torque sensors,
the costs of needed hardware, the number of parameters
needed for each method, whether passive joint torques are
considered, and the relative effort of calibration

Average Full Equilibrium

Estimation No Yes Yes

# of estimation poses No 2 1

CoM DoF calculation 1 3 0

Force/torque sensors No Yes Yes

Hardware costs Low High High

Number of parameters 4 8 2

Passive joint torques No No Partial

Calibration effort Low High Medium

The differences in hardware costs for all three methods
are purely based on the non/-usage of force/torque sen-
sors. The prices of currently available standard sensors
are high. Apart from the extra hardware costs, integrating
estimation of patient-specific parameters requires extra
calibration (estimation) time in exchange for possibly
higher efficacy for the methods. The calibration proce-
dure of the Average method needs the therapist to enter
patient’s height and weight information in the PC, the cal-
ibration procedure of the Equilibrium and Full methods
need 10 s of patient’s arm weight data passively held by
the robot in 1 or 2 poses, respectively. Varying and high
muscle activity of the arm during the passive calibration
of arm weight is a possible patient error during calibra-
tion of the Full and Equilibrium methods. This would
lead to higher estimation errors and, therefore, lead to
a necessary repetition of the calibration procedure. The
calibration time and effort of method Average is the low-
est, because it doesn’t need recorded arm weight data
and it is always reproducible. The parameter estimation
of methods Full and Equilibrium are reproducible within
limits that are discussed in more detail in a sensitivity
analysis.

ARMin rehabilitation robot
The ARMin IV+ exoskeleton robot has seven actuated
DoFs [37]: θ1 (horizontal shoulder abduction/adduction),
θ2 (shoulder elevation), θ3 (internal /external shoul-
der rotation), θ4 (elbow flexion/extension), θ5 (forearm
pronation/supination), θ6 (wrist flexion/extension), and θ7
(hand opening/closing). In this paper, the first five axes
are used and the hand module containing axis 6 (θ6)
and 7 (θ7) are removed. Six DoF force/torque sensors
are attached at the two physical human-robot interaction
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points at the upper and lower arm (F/T Sensor: Mini45,
ATI Industrial Automation, Apex, USA). To achieve a
high level of underlying robot transparency for physical
human-robot interactions, a velocity-based disturbance
observer was implemented, which has been shown to
achieve high transparency with low intersubject variabil-
ity and reliable performance across different movement
velocities [23].

Ethics
The following three studies were approved by the
responsible institutions (KEK-ZH-Nr. 2015-0013, Zurich,
Switzerland; clinicaltrials.gov NCT02720341).

Sensitivity analysis of the parameter estimation
Study design: sensitivity analysis of the parameter
estimation
The Full and Equilibrium methods are both based
on force/torque sensor data, and therefore, the arm
weight and center of mass need to be estimated with
the subject inside the ARMin robot. Since the estima-
tion quality differs for different subject anthropome-
tries and different estimation poses, an analysis of the
estimation behavior to achieve high and robust estima-
tion quality is needed. First, the temporal changes in
the estimation results, called temporal sensitivity, were
evaluated by the standard deviation of the estimation
results over time. Second, the influence of the estimation
pose on the estimation result, called spatial sensitivity,
was tested.
For evaluation of the spatial and temporal sensitivities

of the Full and Equilibrium methods, the subject’s pas-
sive arm was driven by the position-controlled ARMin
in p = 27 different poses. The 27 poses were defined
to cover the functional arm range of motion (RoM) of
healthy subjects [38]. Each pose is measured only once
per subject, since the physical human-robot interface
cuffs during ARMin usage are always attached tightly
to the human to prevent slipping during movement. In
each of these poses, the weight of the arm was mea-
sured over six seconds during each iteration with the
1800 Hz real-time system. Subsequently, the arm weight
data were used to calculate the estimation results of
each method. Since one estimation pose is needed for
the Equilibrium method, the p = 27 poses were eval-
uated in a straightforward manner. The Full method
requires a pair of poses. Therefore, estimation results of
all possible pose-pairs (2-permutations of 27 as binom-

inal coefficients),
(
27
2

)
= 27!

2! (27 − 2)!
= 351 are

calculated after making the 27 pose measurements. For
the Equilibrium and Full methods all pose-pairs and
poses are analyzed for temporal and spatial sensitivity,
respectively.

Primary outcome: sensitivity analysis of the parameter
estimation
The temporal sensitivity analysis is focused on the stan-
dard deviation of the estimated arm weight compensa-
tion forces

(
f̂ua, f̂la

)
and their estimated centers of mass

location vectors (r̂ua, r̂la) over time. Thus, imprecise esti-
mation poses with estimations comprising high standard
deviations outside possible biological arm values should
be identified.
The spatial sensitivity analysis focused on the average

standard deviation of the estimated parameters for all
subjects over all p = 27 arm poses. Furthermore, an algo-
rithm identified the estimation pose (for the Equilibrium
method) or pose-pair (for the Full method) that min-
imized the performance variability over the workspace
since the subject’s real arm weight is not known. The
data acquisition (6smeasurement, 10s pose to pose move-
ment) of all 27 calibration poses takes 7 min (27 · 16s)
of therapy time, therefore, as a fast calibration solution in
therapy the methods should just depend on the best esti-
mation pose or the best pose-pair, found respectively. The
goals of the algorithm are that the estimated force param-
eters are within the threshold of δf = 4N with respect
to the directly measured force signal of the force/torque
sensor in the direction of gravity (fua, fla) and that they
closely match the overall mean of all arm weight esti-
mation results. This way also singular estimation poses
are excluded that would bias the mean of all estimation
results. For more details including the joint angles of all
tested poses, please refer to the Additional file 2.

Subjects: sensitivity analysis of the parameter estimation
The sensitivity analysis was performed with 5 healthy sub-
jects (3 females; 5 right-handed; age: 24.50 ±2.17 years;
height: 177.50 ±10.21 m; weight: 69.67 ±10.71 kg). Their
left and right arm were considered for the evaluation,
resulting in a total of 10 arm data sets. The inclusion cri-
teria were at least 18 years of age, no serious medical or
psychiatric disorders, no cybersickness, no pacemaker or
other implanted electric devices, and a body weight less
than 120 kg.

Results: sensitivity analysis of the parameter estimation
The temporal sensitivity analysis for the Full and Equi-
librium methods revealed the following mean stan-
dard deviation of the estimated force parameters for
upper and lower arm (Full:μσf̂ua

= 0.34N ,μσf̂la
=

0.13N ,Equilibrium:μσf̂ua
= 0.54N ,μσf̂la

= 0.19N).
The mean standard deviation of the estimated force
parameters was below 3% of an average arm weight
(height:175 cm, weight: 70 kg, f̃ua = 20N , f̃la = 15N , [35])
for the upper and lower arm. Additionally, several esti-
mation pose-pairs of the Full method could be identified
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with standard deviations for the CoM of the upper arm
bigger than several meters. More details are shown in the
Additional file 2.
The spatial sensitivity analysis for the Full and Equi-

librium methods revealed a mean standard deviation of
the arm estimation forces below 23% of the same aver-
age arm weight for the upper and lower arm (Full :
μσf̂ua

= 3.89N ,μσf̂la
= 2.35N ,Equilibrium : μσf̂ua

=
6.74N ,μσf̂la

= 3.55N). The used misalignment avoid-
ance algorithm revealed that the pose-pair 14 and 20 (P1
and P2) yielded the best algorithm results for the Full
method, while pose 14 (P1) yielded the best estimation
pose for the Equilibriummethod (see Fig. 2). The Full and
Equilibriummethods used this respective best pose/pose-
pair to estimate arm weight for the following arm weight
compensation methods efficacy comparison in healthy
subjects.

Discussion: sensitivity analysis of the parameter estimation
According to the temporal sensitivity analysis, the mag-
nitude of the standard deviation of the estimation results
over time corresponds to 3% of an average human arm
weight. This is a precise estimation behavior. Follow-
ing, the variation in the passive joint torques and human
reflexes in arbitrary poses over time are negligible for the
arm weight force parameter estimations in healthy sub-
jects. However, the Full method showed high variance for
the estimated upper arm CoM location vectors r that were
mainly caused by several pose-pairs leading to nonconver-
gence of the method’s algorithm and to infeasible results.
The nonconvergence is probably due to the similarity of
both pose-pair poses, leading to singularities in the esti-
mation calculations. All poses and singular pose-pairs are
presented in the Additional file 2.
The spatial sensitivity analysis of both methods revealed

pose-dependent estimation differences with around 23%
mean of the standard deviation of the estimation results
projected on an exemplary average arm weight. This is

probably due to the simplifications of the armweight com-
pensation models for the Full and Equilibrium methods.
Therefore, the developed misalignment avoidance algo-
rithm presented in the Additional file 2 found the pose
and pose-pair with least disturbing torques that was taken
as estimation pose-pair and pose for the Full and Equilib-
riummethods. For the following studies the mean is taken
over six seconds in the robot-controlled estimation pose-
pair/pose for the model estimation parameters. The arm
muscles need to be passive and the arm is passively hold
in the calibration pose by the position-controlled robot.
Please note it is crucial for the subject inside to stay more
or less passive during the data acquisition; at least not
actively moving. Otherwise it is not possible to decouple
the weight of the arm from other forces the subjects apply.
The result of this calibration procedure would probably be
similar to the results obtained by using an adaptive con-
troller to estimate the weight. However, similarly, care has
to be taken to make sure that the subject stays passive oth-
erwise the arm weight is not extractable from the force
sensor data.

Efficacy comparison of the armweight
compensationmethods
Study design: efficacy comparison of the armweight
compensation methods
The efficacies of the three presented methods in effec-
tively relieving each subject’s arm weight for arm weight
compensation inside the ARMin robot were evaluated.
Approximately 15 s of EMG signals were acquired from
six upper limb muscles that are important for maintaining
the arm pose against gravity during each condition and
pose. Each subject was instructed to hold his/her arm in
five poses that covered the workspace of ARMin.
Data were acquired in each pose in randomized order

in five different conditions. In the first condition, the
robot was position-controlled and the subject fully relaxed
his/her arm in the exoskeletonARMin (passive condition).

Fig. 2 The five EMG measurement poses (P1, ... , P5 ) for the efficacy comparison study: The poses represent the ADL usage of a stroke subject: P1)
Mouth and head reaching (-45,90,90,100,0), P2) Ipsilateral reaching on shoulder level (-45,70,5,60,0), P3) Contralateral reaching (10,70,30,40,60), P4)
Medial reaching at shoulder level (-15,65,15,50,0), P5) Ipsilateral reaching on abdomen level (-50,55,30,40,0). Pose coordinates of the axes (1,2,3,4,5) in
degree are according to anatomical axes definitions [39]. Axis 1 (horizontal shoulder abduction/adduction), axis 2 (shoulder elevation), axis 3
(internal /external shoulder rotation), axis 4 (elbow flexion/extension), and axis 5 (forearm pronation/supination). P1 and P2 are the chosen
estimation poses (14,20) of the sensitivity analysis and P3, P4 and P5 complement the workspace for stroke patients in ARMin. All coordinates of the
poses of the sensitivity analysis and efficacy comparison study are shown in the Additional file 2
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In the second condition, the subject had to hold his/her
arm against gravity while ARMin operated in trans-
parent control mode (active condition) [23]. The sub-
ject was told to maintain the pose with minimal effort.
The three following, randomized measurements were
made with the three arm weight compensation meth-
ods previously described and the subjects were again
told to maintain their pose with minimal effort. Sum-
marized for each randomized pose, a passive and an
active condition were tested subsequently. Then, the three
arm weight compensation methods were tested in a
random order.
Two of the five tested poses were the estimation poses

found as a result of the sensitivity analysis for the Full
method and the Equilibrium method. The three other
poses should complement the functional RoM of stroke
patients (see Fig. 2). Furthermore, they should represent
some of the most important reaching poses also per-
formed in activities of daily living (ADLs). The robot
automatically guided the arm via position-control to the
next pose between the measurements. Then, a position-
controlled resting time of 10 s was provided before the
next measurement was started. The subjects received
auditory feedback, when each measurement was started.
Each condition was measured once per subject.

EMG signal processing: efficacy comparison of the arm
weight compensation methods
Surface EMG signals are recorded with a commer-
cial 16-channel electromyographic system, Telemyo DTS
(Noraxon, USA) and the sampling frequency was set
to 1500 Hz. The EMG system uses EMG preampli-
fiers with a gain of 500, the common mode rejection
ratio (CMRR) is higher than 100 dB, and the input
impedance higher than 100 M�. Dual EMG surface
self-adhesive Ag/AgCl electrodes (Noraxon, USA) were
placed at a constant inter-electrode distance of 1.75 cm
on the belly of six upper-limb muscles, along the lon-
gitudinal direction as shown in Fig. 2. Recordings were
acquired from the pectoralis major (PM, shoulder hori-
zontal flexor), the upper trapezius (UT, shoulder elevator),
the posterior deltoid (PD, shoulder extensor), the ante-
rior deltoid (AD, shoulder flexor), the biceps brachii (BB,
elbow flexor) and the lateral triceps (LT, elbow extensor)
as reported in [13].

Primary outcomes: efficacy comparison of the armweight
compensation methods
To evaluate the efficacy of the arm weight compensation
methods, each condition was tested in each pose with
EMG activity recordings one time for 15 s. Each EMG
recording of 15 s was shortened by 1/3 (1/6 of the sam-
ples at the beginning and end were removed) to guarantee
stationary data.

For the remaining 10 s of data, the smooth rectified
EMG (SRE) using linear envelopes was calculated. For fur-
ther analysis the mean of the SRE (SRE) was taken. In each
pose j and for each muscle i, the mean SRE (SRE) values
of a passive condition with the position-controlled robot
as a lower limit (SREpassive,i,j) and of an active, isomet-
ric test condition with a transparent robot as upper limit
(SREactive,i,j) were used to normalize the SREi,j values of
each method to between "0" and "1", called nSREi,j:

nSREi,j = SREi,j − SREpassive,i,j
SREactive,i,j − SREpassive,i,j

. (8)

For computation of the overall effort of the subject in each
pose j, the mean effort index (MEI) [13]

MEIj = 1∑6
i=1 wi,j

6∑
i=1

wi,jnSREi,j, ∀j ∈ [1, ..., 5] (9)

was computed for each pose j as a weighted average of
the nSRE-values of the 6 tested muscles. The weights were
computed as follows, so that the muscles that were more
physiologically involved in the weight support have more
influence in the effort estimation

wi,j = 1 − SREpassive,i,j
SREactive,i,j

,∀i ∈ [1, ..., 6] ,∀j ∈ [1, ..., 5] .

(10)

The MEI represents the subject’s mean effort: Accord-
ingly, the lower the MEI, the less force is required for the
patient to maintain his/her arm in the particular pose.
Therefore, the primary outcome measure assesses the
efficacy in removing the subject’s arm weight including
method induced disturbances (Fig. 3).

Subjects: efficacy comparison of the armweight
compensation methods
The study was performed with 31 healthy subjects (9
females; 29 right-handed; age: 25.09 ±2.28 years; height:
177.28 ±8.95 cm; weight: 70.81 ±11.23 kg). The domi-
nant arm was evaluated in the study. Inclusion criteria
were at least 18 years of age, no serious medical or psychi-
atric disorders, no cybersickness, no pacemaker or other
implanted electric devices, and body weight less than
120 kg.

Statistical methods: efficacy comparison of the armweight
compensation methods
The statistical analysis was performed with R (version
3.4.2, R Core Team, 2017). Linear mixed effect mod-
els were used with “lme4” [40] to assess the relationship
between EMG activity and the different pose- andmethod
combinations. As each subject has different anatomical
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Fig. 3 Data interpretation of raw EMG data to the smooth rectified
EMG (SRE): Raw EMG data of a bizeps brachii measurement in position
P1 for the active and passive reference measurement (SREactive,
SREpassive). The dashed lines correspond to the shortening of EMG
recording 2.5 s in the beginning and end. Finally, the SRE is calculated
as the linear envelope of the selected raw EMG data

and physiological features which can influence the sig-
nal detected by the surface electrodes, a random intercept
for the effect of the different subjects was introduced
into the statistical model. Chi-squared-based p-values
were obtained with ANOVA to compare all of the sta-
tistical models for a given possible effect. The resulting
mixed effect statistical model includes method and pose
effects:

MEI ∼ method + pose + (1|subject). (11)

The statistical model assumptions were checked through
visual examination of residuals plots by experts. Addition-
ally, a Dunnet’s test for multiple comparisons was carried
out using “multcomp” [41] to test for possible significant
differences betweenmethods. Holm’s method was applied
to adjust for multiple comparisons. The statistical signifi-
cance level was set to p < 0.05 (’*’). A p-value of p < 0.001
(’***’) corresponds to a highly significant result.

Results: efficacy comparison of the armweight
compensation methods
As shown in Fig. 4, an increase in the median MEI from
the Average method to the Full method was present,
except for pose P1. Additionally, P1 possessed the overall
lowest median MEI values for every method. The Equilib-
riummethod had the lowest MEI median for all of the five
tested poses. For position P1, the Equilibriummethod had
the lowest of all MEI medians and the lowest upper and
lower quartiles and whiskers. The confidence interval plot
in Fig. 5 shows that the Average method had the lowest

Fig. 4Mean effort index (MEI) results of the methods for all poses
over all subjects: The boxplot shows the subjects’ activity according to
the MEI over the five tested poses Pi for each of the three arm weight
compensation methods in healthy subjects. The whiskers end at the
most extreme data points, the median is displayed, and the bottom
and top box edges show the 25th and 75th percentile respectively

standard deviation (0.035 MEI) compared to the Average
method (0.055MEI) and the Averagemethod (0.041MEI).
The Fullmethod had the highest MEI mean and the Equi-
librium method had the lowest MEI mean. The upper
confidence interval bound of the Equilibriummethod was

Fig. 5 Confidence intervals of theMean effort index (MEI) results of the
methods over all subjects and poses: The plot shows the MEI mean in
95% confidence intervals for the three arm weight compensation
methods summarized for all participants and poses. Method Average:
0.435 ± 0.035 MEI, method Full: 0.491 ± 0.055 MEI, and method
Equilibrium: 0.353±0.041 MEI. Dunnet’s multiple comparison revealed
that method Equilibrium is highly significantly better as method
Average (p < 0.001) and method Full (p < 0.001) respectively
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below the lower confidence intervals of the Full method
and the Averagemethod.
The Dunnet’s test revealed that the Equilibriummethod

highly significantly reduced the mean EMG activity com-
pared to the Average method (p < 0.001) and the Full
method (p < 0.001). More precisely, differences of 0.082
MEI (95% confidence interval 0.027-0.137) between the
Equilibriummethod and the Averagemethod and of 0.138
MEI (95% confidence interval 0.083-0.192) between the
Equilibrium method and the Full method were identi-
fied. The statistical model presented in (11) revealed no
significant interaction between method and pose. Table 2
summarizes the arm weight compensation method char-
acteristics and the main results of the arm weight com-
pensation comparison in healthy subjects.

Discussion: efficacy comparison of the armweight
compensation methods
The differences in MEI for each pose show that all three
algorithms perform differently in the evaluated workspace
(see. Fig. 4). Since each subject has different anatomi-
cal and physiological predispositions that influence the
signals detected by the surface electrodes, a higher inter-
subject variability can be observed in Fig. 4. However, no
significant interaction was found between weight com-
pensation method and pose, i.e., no simple systematic
effect could be shown. That means that other factors such
as passive joint torques (e.g., shoulder stiffness), and other
disturbing factors (e.g., pose-dependent twisting of the
upper and lower arm in the cuffs of the robot) could be
responsible for the changing muscle activity in different
poses and should be considered in further research.
The Average method showed the lowest median MEI

value in pose P1 (see Fig. 4). This result is consistent
with the result of the sensitivity analysis, since P1 is the
pose with the least disturbing forces and furthermore,
indicates the validity of the spatial sensitivity algorithm.
Figures 4 and 5 show that the Average method has the
lowest intersubject variability, leading to more steady per-
formance of the algorithm for each subject than the two
force/torque sensor based methods. The errors intro-
duced by the anthropometric tables of theAveragemethod

Table 2 An overview of the study results and details of all three
weight compensation methods

Average Full Equilibrium

MEI reduction Second Third Best

Lowest variability Best Third Second

Estimation No Yes Yes

Calibration time Low Medium Low

Number of parameters 4 8 2

Hardware costs Low High High

seem to have a smaller influence on theMEI variance than
estimation errors of the other two estimation methods,
since the Average method confidence interval in Fig. 5 is
the smallest.
The Full method also showed its lowest median MEI

value in pose P1 (see Fig. 4). Since poses P1 and P2 are the
arm weight compensation estimation poses, it is expected
that these poses will yield better results in the study than
the complementary poses. However, the median MEI of
estimation pose P2 and the three remaining complemen-
tary poses are on similar levels, suggesting that the Full
method was successful in the whole workspace outside
of the calibration poses. Furthermore, the Full method
shows the highest variance in Fig. 5, probably because the
algorithm that requires two different estimation poses and
the additional calculation of two full CoM vectors, result-
ing in higher variance. Overall, the passive joint torques
and the other disturbing torques, such as twisting of the
upper and lower arm in the cuff, seem to influence the
more detailed and combined estimation of force parame-
ters and CoM vectors of the Fullmethod more intensively,
leading to lower estimation quality and resulting in lower
performance.
The Equilibrium method has the lowest mean MEI

and the second lowest variance (see Fig. 5). Therefore,
subjects using the Equilibrium method for arm weight
compensation can expect the highest performance with
low intersubject variability in every pose. Figure 4 reveals
that P3 has the lowest median MEI, however, the esti-
mation pose P1 would be expected to have the best
performance and the lowest median MEI. Overall, the
similar MEI distribution over all poses underlines that
the method is valid outside of the estimation pose P1
and shows successful results over the tested workspace
of ARMin (see Fig. 4). Dunnet’s multiple comparison
in Fig. 5 using the derived linear mixed effect model
showed that the Equilibrium method is highly signif-
icantly better than the Full method and the Average
method.
According to Table 2, each method has advantages and

disadvantages. The gold-standard Average method does
not need an estimation or expensive sensor hardware
and has the lowest calibration time of all methods. Fur-
thermore, the Average method still performs as the sec-
ond best method in reducing muscle activity and as the
method with the lowest intersubject variability. The Full
method fails in the comparison due to higher estimation
errors caused by a high number of inaccurate estimation
parameters, including a freely estimated CoM in three
dimensions. The Full method has the worst results and
shows highest variability in the arm weight compensa-
tion efficacy comparison, although expensive sensors are
needed. The novel Equilibrium method used the same
costly sensor hardware to reach the significantly best
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result with the second lowest variability and a comparable
low calibration time. All methods sufficiently fulfill the
four ideal criteria set in this paper, as they provide free-
dom of movement, no additional large disturbances, scal-
ability of upper and lower arm weight compensation, and
a software solution that is applicable for all other actuated
robots.

Workspace analysis in stroke patients
Study design: workspace analysis in stroke patients
In the stroke patient study, the horizontal workspace of
stroke patients was assessed at different height levels.
In this way, the study protocol by Ellis et.al. [26] was
extended to evaluate height-dependent arm weight com-
pensation effects at the shoulder, chest, and abdomen
height of each patient and to simultaneously test the
developed arm weight compensation method in a fea-
sibility study. The starting pose of the circular move-
ment was chosen to be 40◦ shoulder flexion and 90◦
elbow flexion [26]. The patient was asked to perform
the largest possible circular horizontal movement, which
was repeated two times clockwise and counterclockwise.
The evaluation was repeated under three loading condi-
tions: With a haptic table [26], with the transparent robot
without arm weight compensation (Transparent), and
with the Equilibrium arm weight compensation method
(Equilibrium). The three height levels (shoulder, chest,
abdomen) were adapted to the individual anthropome-
try of the patient and the height levels were randomized
block-wise for every patient. Concurrent visual feedback
was provided for each test condition in order to obtain
the correct height. For each condition, the movement
direction of the two repetitions was block-wise random-
ized. After each movement, the patient could relax for
approximately 30 s in the position-controlled start pose
to minimize the influence of fatigue. To obtain a hor-
izontal workspace measure, a vertical bar showed the
allowed vertical range of the patient in all conditions
(Fig. 6).
As shown in past studies [26], the horizontal workspace

analysis is an appropriate method to assess the efficacy
of arm weight compensation, since over- and undercom-
pensation of arm weight always leads to further patient
activity for doing corrections. If the patient’s arm was too
high or too low, an additional arrow indicated to move
the black height tracker from the red panel back into the
green panel. If a maximum of 10 cm vertical deviation
was exceeded, the trial was ended and the patient was
moved to the starting pose by position control. Patient
errors such as moving in the wrong direction would lead
to a repetition of the trial. In the haptic table condition,
the patient could fully rest on the virtual haptic object
as indicated by the green area in the vertical height bar
(Fig. 6).

Fig. 6 Patient display for the Haptic table, Transparent, and
Equilibrium condition: The arm pose of the patient in ARMin was
projected to the virtual avatar arm. The hand (end-effector) of the
patient paints in black the boarders of the horizontal workspace on a
virtual plane. The black target cursor in the red/green height panel
shows the current height of the hand in the room. On the left side
(haptic table), the patient can fully lean on the haptic table in the
lower green panel part, which leads to passivity. Nevertheless, the
haptic table condition provides a valuable measurement to show the
physically maximal possible workspace for the patient. On the right
side, the patient has to hold his/her arm actively in the middle green
panel part, else the trial was ended and the patient was guided back
to the starting pose

Primary outcomes: workspace analysis in stroke patients
Themaximum horizontal workspace (inm2) for each con-
dition (haptic table, Transparent, and Equilibrium) at each
height level (shoulder, chest, and abdomen) reached with
the summarized 2 circular clockwise and anti-clockwise
measurements is the primary outcome of this study. The
calculation of the visual maximum horizontal workspace
was done with the “boundary” function in MATLAB.

Subjects: workspace analysis in stroke patients
Three chronic stroke patients were recruited as sub-
jects for the study. Their characteristics are presented in
Table 3.

Results: workspace analysis in stroke patients
Patient 1 The workspace in the transparent condition
with maximum sagittal axis values of 0.04 m are closer to
the body than for the Equilibrium method with a max-
imum value of 0.14 m (see Fig. 7). For the transparent
condition, the initial position is the right-most point on
the transverse axis. The area of the Equilibrium method
condition is approximately 17% to 30% smaller than that
of the haptic table condition (see Table 4).

Patient 2 The total area covered for each condition is
always approximately 0.04 m2 (see Fig. 7). In comparison
with the other two patients, the area gains with armweight
compensation are lower (see Table 4).

Patient 3 The area of the gravity condition decreases
with table height (see Fig. 7). The weight compensation at
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Table 3 Stroke patient characteristics for patients P1, P2, and P3
for the workspace analysis study and the estimated force
parameters of method Equilibrium

Patients P1 P2 P3

Age (years) 65 51 65

Gender (F/M) F F M

Years after stroke 6 4 3

Dominant arm Right Right Right

Affected arm Right Right Right

Fugl-Meyer (max. 66) 26 - 39

Chedoke-McMaster - Arm: 3/7 -

Hand 5/7

Upper arm length (cm) 30.0 26.4 28.3

Lower arm length (cm) 29.7 29.9 29.6

Estimation force f̂ua (N) 23.3 36.3 27.7

Estimation force f̂la (N) 11.9 11.0 9.5

least doubles the workspace of P3 for every table height
(see Table 4). During armweight compensation about 50%
to 63% of the maximum reachable workspace of the hap-
tic table scenario was reached. At the middle table height
the most sagittal point 0.58m is reached in the haptic table
scenario. The other two scenarios only reach a maximum
sagittal axis value of approximately 0.51m.

Discussion: workspace analysis in stroke patients
General The condition Haptic Table shows the maxi-
mum possible workspace for the patients at each height
level. Patients can fully lean their arm on the haptic table.
However, usage of the haptic table leads to passivity,
reduced dimensionality, and no scalability [42]. There-
fore, usage of a haptic table is not desired in rehabilitation
training but can be used as patient-dependent maximum

Fig. 7Maximum horizontal workspace of stroke patients on three different height levels: Maximum horizontal workspace of three stroke patients
Pi , i ∈ (1, 2, 3) on the three different horizontal height levels of abdomen height, chest height, and shoulder height. The haptic table condition
(black line), the unsupported transparent condition (red dotted line), the novel arm weight compensation Equilibriummethod condition (blue
dashed line), and the initial hand pose (green star) are displayed
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Table 4 Maximum horizontal workspace relative to the Haptic
Table condition in percent: The maximum horizontal workspace
of the conditions Transparent and Equilibrium relative to
condition Haptic Table (percentage %) are presented for each
subject and height level

workspace normed to table condition in %

Shoulder height

Patient Transparent Equilibrium

P1 13.9 69.8

P2 75.7 81.6

P3 0.2 56.5

Chest height

P1 7.4 82.7

P2 49.7 67.9

P3 32.4 54.7

Abdomen height

P1 8.2 78.4

P2 79.7 93.0

P3 34.8 53.8

Three stroke patients Pi , i ∈ (1, 2, 3) on the three different horizontal levels
(abdomen, chest, and shoulder height) are presented

possible workspace reference for arm weight compensa-
tion methods.

Patient 1 For arm weight compensation, patient P1
reached 0.1 m higher sagittal axis values and reached
workspace gains of 500% to 1500% in comparison to the
Transparent condition, which shows that the patient was
able to extend the elbow more with arm weight compen-
sation. The small differences from the maximum possible
workspace in the haptic table condition in Table 4 under-
line that the patient could complete the given task with
weight compensation to a similar quality as with a sup-
portive haptic table.

Patient 2 From the data and performance of patient P2
and visual observations during the experiment, it is likely
that P2 was not able to cognitively understand the instruc-
tions or the task. The movements for each condition
and scenario seemed to be similar by visual inspection
of Fig. 7. In addition, the weight compensation and the
virtual haptic table did not lead to important differences
in the horizontal workspace. P2 likely moved on a pre-
planned movement trajectory independent of the trans-
parent, Equilibriummethod, or haptic table condition. At
least the test with this patient showed the feasibility of all
conditions and, in particular, the calibration of the arm
weight compensation Equilibriummethod.

Patient 3 Patient P3’s workspace showed clearly height-
dependent effects, as the patient did not improve with
arm weight compensation at the abdomen level. In the
shoulder height condition the patient was not able to
hold the arm with own power against gravity. Never-
theless, with weight compensation or the haptic table,
the patient was able to perform movements similar
to those showed on the abdominal height. Similar to
P1, P3 could extend the elbow in the weight compen-
sation and haptic table scenario more in sagittal axis
direction.

Overview We analyzed the height-dependent effects
of workspace size related to weight compensation in
patients. While previously reported effects of arm weight
compensation (increased workspace) [26] could be con-
firmed, we also saw that patient-specific effects on the
workspace size were present dependent on arm height
level. Each patient showed different workspaces in the
haptic table condition on different height levels. Higher
height level implied for patient P1 loss of the workspace
on the positive side of the transverse axis. For patient P3,
both extreme height levels (shoulder, abdomen) caused
a decrease of workspace on the sagittal axis. Individual
height-dependent effects were also present in the trans-
parent condition, which showed the patients’ capabili-
ties without support. Patient P3 showed a clear loss of
workspace for higher height levels and patient P1 main-
tained the workspace on both extreme height levels. Over-
all the Equilibrium arm weight compensation method
always reached the maximum possible workspace (haptic
table condition) to a high percentage, underlining its suc-
cessful performance. While three subjects do not allow to
draw general conclusions, this study showed the feasibility
of our arm weight compensation method Equilibrium in a
first place and further indicates that height dependence in
weight compensation requires further investigation.

General discussion
Quantitative evaluation and high efficacy of human arm
weight compensation are crucial for the quality of assess-
ment, individuality, and intensity of training that can be
provided to patients. The evaluation presented in this
paper contains a sensitivity analysis (for understanding
the robustness of the estimation to estimation poses and
time), efficacy comparison of different arm weight com-
pensation methods (for understanding the performance
implications of different methods), and a workspace anal-
ysis in stroke patients (to show the applicability of the best
performing method in the target population).
Not all weight compensation methods available on the

market can achieve a highly efficient arm weight compen-
sation against gravity. For example, in passive mechan-
ical devices that use spring-based elements to support
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the human arm against gravity, the support level is not
the same in every arm pose [12] . Robotic devices with
actuation can use human arm models that utilize sensor
information (e.g. arm pose) to achieve a more consis-
tent armweight compensation efficacy independent of the
arm pose. However, end-effector robots mostly can nei-
ther track nor actuate the upper and lower arm separately.
Therefore, the exact pose-dependent torque to compen-
sate arm weight is not applicable. On the other hand, for
the exoskeleton robots, arm weight compensation is lim-
ited by the number of degrees of freedom with respect to
the human arm.
With the ARMin rehabilitation exoskeleton, we pro-

vide arm weight compensation using five degrees of
freedom (shoulder elevation, shoulder horizontal abduc-
tion, shoulder rotation, elbow flexion/extension, lower
arm pronation/supination) that allows sufficient com-
pensation against gravity in most arm poses. Three
methods according to the four introduced criterions for
ideal arm weight compensation have been introduced
and evaluated: freedom of movement of human arm
joints in the robot, no additional disturbances due to
the method, independent scalability of upper and lower
arm support, and applicability to other actuated sys-
tems. The methods can either approximate the arm
weight using anthropometric tables (e.g.Average method)
or estimate it for each subject (e.g. Full and Equilibrium
methods).
Since the estimation accuracy affects the efficacy of the

armweight compensation, the sensitivity estimation study
was conducted to analyze how the estimation pose and
the time affect the model parameters, and to find the
best pose for estimation. Temporal effects during esti-
mation, therefore the estimation time, had no relevant
influence on the estimation quality. On the other side, the
estimation results are affected by the arm pose, probably
due to the passive joint torques of the human arm and
the misalignment effects between the arm and the robot.
Therefore, care has to be taken to choose an estimation
pose that will minimize these effects for the highest weight
compensation efficacy.
Furthermore, the efficacy comparison of the arm weight

compensation methods study highlighted a systematic
way of evaluating the efficacy of any arm weight com-
pensation method and showed that all three presented
methods are successful in removing the arm weight of
the subjects. It follows, that low-cost solutions that do
not need force sensors like the current gold standard, the
Average method, are a feasible solution for arm weight
compensation. However, the Equilibriummethod was sig-
nificantly better at reducing the EMG activity of the sub-
jects than theAverage and Fullmethods. The performance
of the Equilibriummethod underlines that with estimated
arm weight data acquired by force sensors, higher efficacy

of arm weight compensation can be reached. The supe-
riority of the Equilibrium to Average method is mainly
due to having a parameter estimation phase. Nevertheless,
parameter estimation with force sensors does not guar-
antee better performance than the gold standard Average
method. The method Full had the highest remaining
EMG activity because of having too many parameters
to estimate and its estimation being very sensitive to
the forces/torques caused by passive joint torques and
misalignment between the human arm and robot axes.
Having fewer parameters to estimate solves this prob-
lem as it can be seen with the Equilibrium method. Since
the data used for parameter estimation is limited by the
duration of the calibration (or estimation) phase, the sim-
ple model (Equilibrium) has less variance in estimation
results and therefore is more robust to the estimation
errors.
Finally, the Equilibrium method was tested in the

workspace analysis study with stroke patients. The hor-
izontal workspace evaluation study design of Ellis et.al.
[26] was extended to evaluate height-dependent arm
weight compensation effects at the shoulder, chest, and
abdomen height of each patient and to simultaneously
test the developed arm weight compensation method in
a feasibility study. Our results confirm those from Ellis
et.al. [26] : Horizontal workspace increases with arm
weight compensation. Therefore, our results also highlight
the importance of arm weight compensation for robot-
assisted stroke rehabilitation. Different height-dependent
effects in all three tested height conditions underline the
need for individualized and scalable arm weight compen-
sation in therapy.

Conclusion
Three arm weight compensation methods were devel-
oped according to initially defined ideal arm weight
compensation criteria, analyzed for temporal and spa-
tial sensitivity of the resulting estimations, and com-
pared using the ARMin rehabilitation robot towards
their efficacy in reducing EMG activity in healthy sub-
jects over the entire arm workspace. All three meth-
ods decreased the mean EMG activity to at least 49%.
The force/torque sensor-based Equilibrium method per-
formed significantly better than all other methods, includ-
ing the Average method, which employs the current gold
standard of using anthropometric table data for arm
weight compensation, and the Full method, which is an
arm model estimation method that employs force/torque
sensors.
The horizontal workspace size evaluation with the best

arm weight compensation method Equilibrium in stroke
patients validates and expands upon previous studies by
a qualitative evaluation at shoulder, chest, and abdomen
height, suggesting individual height-dependent effects.



Just et al. Journal of NeuroEngineering and Rehabilitation           (2020) 17:13 Page 16 of 17

Supplementary information
Supplementary information accompanies this paper at
https://doi.org/10.1186/s12984-020-0644-3.

Additional file 1: Arm Weight Compensation Methods.

Additional file 2: Sensitivity Study.

Acknowledgements
The authors would like to thank Giada Devitorri, Andrea Grassi, and Giancarlo
Crameri for their help with the measurements and their valuable support. The
authors would like to thank Yves Zimmermann, Eduardo Villar, and Jaime
Duarte for their supportive inputs. The authors are grateful for Michael
Herold-Nadig’s constant support with the technical maintenance. We thank
Springer Nature Author Services for the language corrections.

Authors’ contributions
FJ participated in all study designs, the robot control software development,
the measurements, the data analyses, the statistics, and writing of the
manuscript. ÖÖ developed the arm weight compensation methods,
participated in sensitivity and EMG study design, the robot control software
development, and writing of the manuscript. ST participated in all study
designs. VK participated in all study designs. RR supervised the research
project. GR participated in all study designs and data analyses. All authors were
revising the manuscript. All authors read and approved the final manuscript.

Funding
This work was supported by ETH research grant 0-20075-15, ETH, UZH and the
CRRP Neuro-Rehab, University of Zurich.

Availability of data andmaterials
The dataset used and/or analysed during the current study are available from
the corresponding author upon reasonable request.

Ethics approval and consent to participate
All studies were approved by the responsible institutions (KEKZH-Nr.
2015-0013, Zurich, Switzerland, and on clinicaltrials.gov NCT02720341).

Consent for publication
Written informed consent was obtained from all human subjects for the
publication of this report and any accompanying images.

Competing interests
The authors declare that they have no competing interests.

Author details
1Sensory-Motor Systems (SMS) Lab, Institute of Robotics and Intelligent
Systems (IRIS), Department of Health Sciences and Technology (D-HEST), ETH
Zurich, Switzerland and Reharobotics Group, Spinal Cord Injury Center, Balgrist
University Hospital, Medical Faculty, University of Zurich, Switzerland,
Lengghalde 5, 8092 Zurich, Switzerland. 2Motor Learning and
Neurorehabilitation Laboratory, ARTORG Center for Biomedical Engineering
Research, University of Bern, Freiburgstrasse 3, 3010 Bern, Switzerland.
3IAS-Lab, Department of Information Engineering, University of Padova, via
Giovanni Gradenigo 6a, 35131 Padova, Italy. 4Institute of Occupational
Therapy, School of Health Professions, Zurich University of Applied Sciences,
Technikumstrasse 81, 8401 Winterthur, Switzerland. 5BIROMED-Lab,
Department of Biomedical Engineering, University of Basel, Düsternbrooker
Weg 20, 4123 Allschwil, Switzerland.

Received: 30 May 2019 Accepted: 19 January 2020

References
1. Nakayama H, Stig Jørgensen H, Otto Raaschou H, Skyhøj Olsen T.

Recovery of upper extremity function in stroke patients: The Copenhagen
stroke study. Arch Phys Med Rehabil. 1994;75(4):394–8. https://doi.org/10.
1016/0003-9993(94)90161-9.

2. Langhorne P, Coupar F, Pollock A. Motor recovery after stroke: a
systematic review. Lancet Neurol. 2009;8(8):741–54.
10.1016/S1474-4422(09)70150-4. S1474-4422(09)70150-4.

3. Dewald JPA, Sheshadri V, Dawson ML, Beer RF. Upper-Limb
Discoordination in Hemiparetic Stroke: Implications for
Neurorehabilitation. Top Stroke Rehabil. 2001;8(1):1–12. https://doi.org/
10.1310/WA7K-NGDF-NHKK-JAGD.

4. Sugar TG, He J, Koeneman EJ, Koeneman JB, Herman R, Huang H,
Schultz RS, Herring DE, Wanberg J, Balasubramanian S, Swenson P,
Ward JA. Design and control of RUPERT: A device for robotic upper
extremity repetitive therapy. IEEE Trans Neural Syst Rehabil Eng.
2007;15(3):336–46. https://doi.org/10.1109/TNSRE.2007.903903.

5. Jackson A, Culmer P, Makower S, Levesley M, Richardson R, Cozens A,
Williams MM, Bhakta B. Initial patient testing of iPAM - A robotic system
for Stroke rehabilitation. In: 2007 IEEE 10th International Conference on
Rehabilitation Robotics, ICORR’07, vol. 00; 2007. p. 250–6. https://doi.org/
10.1109/ICORR.2007.4428435.

6. Westerveld AJ, Aalderink BJ, Hagedoorn W, Buijze M, Schouten AC,
Kooij HVD. A damper driven robotic end-point manipulator for functional
rehabilitation exercises after stroke. IEEE Trans Biomed Eng. 2014;61(10):
2646–54. https://doi.org/10.1109/TBME.2014.2325532.

7. Hidaka Y, Han CE, Wolf SL, Winstein CJ, Schweighofer N. Use it and
improve it or lose it: Interactions between arm function and use in
humans post-stroke. PLoS Comput Biol. 2012;8(2):. https://doi.org/10.
1371/journal.pcbi.1002343.

8. Stienen AHA, Hekman EEG, Van Der Helm FCT, Prange GB, Jannink MJA,
Aalsma AMM, Van Kooij HD. Freebal: Dedicated gravity compensation for
the upper extremities; 2007. p. 804–8. https://doi.org/10.1109/ICORR.
2007.4428517.

9. Knuth S, Passon A, Dähne F, Niedeggen A, Schmehl I, Schauer T. In:
Ibáñez J, González-Vargas J, Azor\’\in JM, Akay M, Pons JL, editors.
Adaptive Arm Weight Support Using a Cable-Driven Robotic System.
Cham: Springer; 2017, pp. 1317–21. http://dx.doi.org/10.1007/978-3-319-
46669-9_215.

10. Stienen AHA, Hekman EEG, Prange GB, Jannink MJA, Aalsma AMM,
van der Helm FCT, van der Kooij H. Dampace: Design of an Exoskeleton
for Force-Coordination Training in Upper-Extremity Rehabilitation. J Med
Devices. 2009;3(3):031003. https://doi.org/10.1115/1.3191727.

11. Sanchez RJ, Wolbrecht E, Smith R, Liu J, Rao S, Cramer S, Rahman T,
Bobrow JE, Reinkensmeyer DJ, Shah P. A pneumatic robot for re-training
arm movement after stroke: Rationale and mechanical design. In:
Proceedings of the 2005 IEEE 9th International Conference on
Rehabilitation Robotics, vol. 2005; 2005. p. 500–4. https://doi.org/10.
1109/ICORR.2005.1501151.

12. Perry BE, Evans EK, Stokic DS. Weight compensation characteristics of
Armeo®Spring exoskeleton: implications for clinical practice and research.
J NeuroEng Rehabil. 2017;14(1):1–10. https://doi.org/10.1186/s12984-
017-0227-0.

13. Just F, Özen Ö, Tortora S, Riener R, Rauter G. Feedforward model based
arm weight compensation with the rehabilitation robot ARMin. IEEE Int
Conf Rehabil Robot. 2017;July:72–7. https://doi.org/10.1109/ICORR.2017.
8009224.

14. Frisoli A, Borelli L, Montagner A, Marcheschi S, Procopio C, Salsedo F,
Bergamasco M, Carboncini MC, Tolaini M, Rossi B. Arm rehabilitation
with a robotic exoskeleleton in Virtual Reality. In: 2007 IEEE 10th
International Conference on Rehabilitation Robotics, ICORR’07, vol. 00;
2007. p. 631–42. https://doi.org/10.1109/ICORR.2007.4428491.

15. Kanzler CM, Gomez SM, Rinderknecht MD, Gassert R, Lambercy O.
Influence of Arm Weight Support on a Robotic Assessment of Upper
Limb Function. In: Proceedings of the IEEE RAS and EMBS International
Conference on Biomedical Robotics and Biomechatronics, volu.
2018-Augus; 2018. p. 1–6. https://doi.org/10.1109/BIOROB.2018.8487682.

16. Runnalls KD, Anson G, Wolf SL, Byblow WD. Partial weight support
differentially affects corticomotor excitability across muscles of the upper
limb. Physiol Rep. 2014;2(12):1–12. https://doi.org/10.14814/phy2.12183.

17. Ellis MD, Lan Y, Yao J, Dewald JPA. Robotic quantification of upper
extremity loss of independent joint control or flexion synergy in
individuals with hemiparetic stroke: a review of paradigms addressing the
effects of shoulder abduction loading. J NeuroEng Rehabil. 2016;13(1):
1–11. https://doi.org/10.1186/s12984-016-0203-0.

https://doi.org/10.1186/s12984-020-0644-3
https://doi.org/10.1016/0003-9993(94)90161-9
https://doi.org/10.1016/0003-9993(94)90161-9
http://dx.doi.org/10.1016/S1474-4422(09)70150-4
http://arxiv.org/abs/S1474-4422(09)70150-4
https://doi.org/10.1310/WA7K-NGDF-NHKK-JAGD
https://doi.org/10.1310/WA7K-NGDF-NHKK-JAGD
https://doi.org/10.1109/TNSRE.2007.903903
https://doi.org/10.1109/ICORR.2007.4428435
https://doi.org/10.1109/ICORR.2007.4428435
https://doi.org/10.1109/TBME.2014.2325532
https://doi.org/10.1371/journal.pcbi.1002343
https://doi.org/10.1371/journal.pcbi.1002343
https://doi.org/10.1109/ICORR.2007.4428517
https://doi.org/10.1109/ICORR.2007.4428517
http://dx.doi.org/10.1007/978-3-319-46669-9{_}215
http://dx.doi.org/10.1007/978-3-319-46669-9{_}215
https://doi.org/10.1115/1.3191727
https://doi.org/10.1109/ICORR.2005.1501151
https://doi.org/10.1109/ICORR.2005.1501151
https://doi.org/10.1186/s12984-017-0227-0
https://doi.org/10.1186/s12984-017-0227-0
https://doi.org/10.1109/ICORR.2017.8009224
https://doi.org/10.1109/ICORR.2017.8009224
https://doi.org/10.1109/ICORR.2007.4428491
https://doi.org/10.1109/BIOROB.2018.8487682
https://doi.org/10.14814/phy2.12183
https://doi.org/10.1186/s12984-016-0203-0


Just et al. Journal of NeuroEngineering and Rehabilitation           (2020) 17:13 Page 17 of 17

18. Dipietro L, Krebs HI, Fasoli SE, Volpe BT, Stein J, Bever C, Hogan N.
Changing Motor Synergies in Chronic Stroke. J Neurophysiol. 2007;98(2):
757–68. https://doi.org/10.1152/jn.01295.2006.

19. Guidali M, Duschau-Wicke A, Broggi S, Klamroth-Marganska V, Nef T,
Riener R. A robotic system to train activities of daily living in a virtual
environment. Med Biol Eng Comput. 2011;49(10):1213–23. https://doi.
org/10.1007/s11517-011-0809-0.

20. Pehlivan AU, Losey DP, Omalley MK. Minimal Assist-as-Needed Controller
for Upper Limb Robotic Rehabilitation. IEEE Trans Robot. 2016;32(1):
113–24. https://doi.org/10.1109/TRO.2015.2503726. arXiv:1406.0261v4.

21. Slotine JJE, Li W. on the Adaptive Control of Robot Manipulators,. Int J
Robot Res. 1987;6(3):49–59. https://doi.org/10.1177/
027836498700600303.

22. Stienen AHA, Hekman EEG, Prange GB, Jannink MJA, van der Helm FCT,
van der Kooij H. Freebal: Design of a Dedicated Weight-Support System
for Upper-Extremity Rehabilitation. J Med Devices. 2009;3(4):041009.
https://doi.org/10.1115/1.4000493.

23. Just F, Özen Ö, Bösch P, Bobrovsky H, Klamroth-Marganska V, Riener R,
Rauter G. Exoskeleton transparency: feed-forward compensation vs.
disturbance observer. Automatisierungstechnik. 2018;66(12):1014–26.
https://doi.org/10.1515/auto-2018-0069.

24. Ellis MD, Sukal-Moulton TM, Dewald JP. Impairment-based 3-D robotic
intervention improves upper extremity work area in chronic stroke:
Targeting abnormal joint torque coupling with progressive shoulder
abduction loading. IEEE Trans Robot. 2009;25(3):549–55. https://doi.org/
10.1109/TRO.2009.2017111. NIHMS150003.

25. Sukal TM, Ellis MD, Dewald JPA. Shoulder abduction-induced reductions
in reaching work area following hemiparetic stroke: Neuroscientific
implications. Exp Brain Res. 2007;183(2):215–23. https://doi.org/10.1007/
s00221-007-1029-6.

26. Ellis MD, Sukal-Moulton T, Dewald JPA. Progressive shoulder abduction
loading is a crucial element of arm rehabilitation in chronic stroke.
Neurorehabil Neural Repair. 2009;23(8):862–9. https://doi.org/10.1177/
1545968309332927.

27. Krabben T, Prange GB, Molier BI, Stienen AH, Jannink MJ, Buurke JH,
Rietman JS. Influence of gravity compensation training on synergistic
movement patterns of the upper extremity after stroke, a pilot study. J
NeuroEng Rehabil. 2012;9(1):1. https://doi.org/10.1186/1743-0003-9-44.

28. Mehrholz J, Pohl M, Platz T, Kugler J, Elsner B. Electromechanical and
robot-assisted arm training for improving activities of daily living , arm
function , and arm muscle strength after stroke ( Review ) SUMMARY OF
FINDINGS FOR THE MAIN COMPARISON. Cochrane Database Syst Rev.
2015;11:. https://doi.org/10.1002/14651858.CD006876.pub4.www.
cochranelibrary.com.

29. Prange GB, Suenen AHA, Jannink MJA, Van Der Kooij H, Ijzerman MJ,
Hermens HJ. Increased range of motion and decreased muscle activity
during maximal reach with gravity compensation in stroke patients. In:
2007 IEEE 10th International Conference on Rehabilitation Robotics,
ICORR’07 (July 2007); 2007. p. 467–71. https://doi.org/10.1109/ICORR.
2007.4428467.

30. Prange GB, Kallenberg LAC, Jannink MJA, Stienen AHA, van der Kooij H,
IJzerman MJ, Hermens HJ. Influence of gravity compensation on muscle
activity during reach and retrieval in healthy elderly. J Electromyogr
Kinesiol. 2009;19(2):40–9. https://doi.org/10.1016/j.jelekin.2007.08.001.

31. Prange GB, Jannink MJA, Stienen AHA, van der Kooij H, IJzerman MJ,
Hermens HJ. Influence of Gravity Compensation on Muscle Activation
Patterns During Different Temporal Phases of Arm Movements of Stroke
Patients. Neurorehabil Neural Repair. 2009;23(5):478–85. https://doi.org/
10.1177/1545968308328720.

32. Runnalls KD, Anson G, Wolf SL, Byblow WD. Partial weight support
differentially affects corticomotor excitability across muscles of the upper
limb. Physiol Rep. 2014;2(12):1–12. https://doi.org/10.14814/phy2.12183.

33. Prange GB, Jannink MJA, Stienen AHA, Kooij HVD, Ijzerman MJ,
Hermens HJ. an explorative, cross sectional study into abnormal muscular
coupling during reach in chronic stroke patients. J NeuroEng Rehabil.
20101–10. https://doi.org/10.1186/1743-0003-7-14.

34. Drillis R, Contini R, Bluestein M. Body Segment Parameters. New York:
Research Division, NY: New York University, School of Engineering and
Science; 1966. https://doi.org/10.1049/ecej:19890011.

35. Winter DA. Biomechanics and Motor Control of Human Movement; 2009.
https://doi.org/10.1002/9780470549148. arXiv:0712.2824v3. http://doi.
wiley.com/10.1002/9780470549148.

36. Marieb EN, Hoehn K. Human Anatomy & Physiology: Pearson Education;
2007, pp. 1095–9. https://doi.org/10.1007/BF00845519. 1110.4742.

37. Just F, Baur K, Riener R, Klamroth-Marganska V, Rauter G. Online
adaptive compensation of the ARMin Rehabilitation Robot. In: 2016 6th
IEEE International Conference on Biomedical Robotics and
Biomechatronics (BioRob). IEEE; 2016. p. 747–52. https://doi.org/10.1109/
BIOROB.2016.7523716. http://ieeexplore.ieee.org/document/7523716/.

38. Gates DH, Walters LS, Cowley J, Wilken JM, Resnik L. Range of motion
requirements for upper-limb activities of daily living. Am J Occup Ther.
2016;70(1):. https://doi.org/10.5014/ajot.2016.015487.

39. Holzbaur KRS, Murray WM, Delp SL. A model of the upper extremity for
simulating musculoskeletal surgery and analyzing neuromuscular control.
Ann Biomed Eng. 2005;33(6):829–40. https://doi.org/10.1007/s10439-
005-3320-7.

40. Bates D, Mächler M, Bolker B, Walker S. Fitting Linear Mixed-Effects
Models using lme4. 2014;4:2–3. https://doi.org/10.18637/jss.v067.i01.
1406.5823.

41. Hothorn T, Bretz F, Westfall P. Simultaneous inference in general
parametric models. 2008. https://doi.org/10.1002/bimj.200810425.

42. Housman SJ, Scott KM, Reinkensmeyer DJ. A randomized controlled trial
of gravity-supported, computer-enhanced arm exercise for individuals
with severe hemiparesis. Neurorehabil Neural Repair. 2009;23(5):505–14.
https://doi.org/10.1177/1545968308331148.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

https://doi.org/10.1152/jn.01295.2006
https://doi.org/10.1007/s11517-011-0809-0
https://doi.org/10.1007/s11517-011-0809-0
https://doi.org/10.1109/TRO.2015.2503726
http://arxiv.org/abs/arXiv:1406.0261v4
https://doi.org/10.1177/027836498700600303
https://doi.org/10.1177/027836498700600303
https://doi.org/10.1115/1.4000493
https://doi.org/10.1515/auto-2018-0069
https://doi.org/10.1109/TRO.2009.2017111
https://doi.org/10.1109/TRO.2009.2017111
http://arxiv.org/abs/NIHMS150003
https://doi.org/10.1007/s00221-007-1029-6
https://doi.org/10.1007/s00221-007-1029-6
https://doi.org/10.1177/1545968309332927
https://doi.org/10.1177/1545968309332927
https://doi.org/10.1186/1743-0003-9-44
https://doi.org/10.1002/14651858.CD006876.pub4.www.cochranelibrary.com
https://doi.org/10.1002/14651858.CD006876.pub4.www.cochranelibrary.com
https://doi.org/10.1109/ICORR.2007.4428467
https://doi.org/10.1109/ICORR.2007.4428467
https://doi.org/10.1016/j.jelekin.2007.08.001
https://doi.org/10.1177/1545968308328720
https://doi.org/10.1177/1545968308328720
https://doi.org/10.14814/phy2.12183
https://doi.org/10.1186/1743-0003-7-14
https://doi.org/10.1049/ecej:19890011
https://doi.org/10.1002/9780470549148
http://arxiv.org/abs/arXiv:0712.2824v3
http://doi.wiley.com/10.1002/9780470549148
http://doi.wiley.com/10.1002/9780470549148
https://doi.org/10.1007/BF00845519
http://arxiv.org/abs/1110.4742
https://doi.org/10.1109/BIOROB.2016.7523716
https://doi.org/10.1109/BIOROB.2016.7523716
http://ieeexplore.ieee.org/document/7523716/
https://doi.org/10.5014/ajot.2016.015487
https://doi.org/10.1007/s10439-005-3320-7
https://doi.org/10.1007/s10439-005-3320-7
https://doi.org/10.18637/jss.v067.i01
http://arxiv.org/abs/1406.5823
https://doi.org/10.1002/bimj.200810425
https://doi.org/10.1177/1545968308331148

	Abstract
	Background
	Methods
	Results
	Conclusion
	Trial registration
	Keywords

	Background
	Human arm weight compensation in robotic rehabilitation
	Freedom of movement
	No additional disturbances
	Scalability
	Applicability to other systems

	Evaluation of arm weight compensation efficacy

	Methods
	Arm weight compensation methods
	Average arm method (Average)
	Summary
	Details

	Full estimation method (Full)
	Summary
	Details

	Equilibrium estimation method (Equilibrium)
	Summary
	Details

	A conceptual overview of the three methods

	ARMin rehabilitation robot
	Ethics

	Sensitivity analysis of the parameter estimation
	Study design: sensitivity analysis of the parameter estimation
	Primary outcome: sensitivity analysis of the parameter estimation
	Subjects: sensitivity analysis of the parameter estimation
	Results: sensitivity analysis of the parameter estimation
	Discussion: sensitivity analysis of the parameter estimation

	Efficacy comparison of the arm weight compensation methods
	Study design: efficacy comparison of the arm weight compensation methods
	EMG signal processing: efficacy comparison of the arm weight compensation methods
	Primary outcomes: efficacy comparison of the arm weight compensation methods
	Subjects: efficacy comparison of the arm weight compensation methods
	Statistical methods: efficacy comparison of the arm weight compensation methods
	Results: efficacy comparison of the arm weight compensation methods
	Discussion: efficacy comparison of the arm weight compensation methods

	Workspace analysis in stroke patients
	Study design: workspace analysis in stroke patients
	Primary outcomes: workspace analysis in stroke patients
	Subjects: workspace analysis in stroke patients
	Results: workspace analysis in stroke patients
	Patient 1
	Patient 2
	Patient 3


	Discussion: workspace analysis in stroke patients
	General
	Patient 1
	Patient 2
	Patient 3
	Overview



	General discussion
	Conclusion
	Supplementary informationSupplementary information accompanies this paper at https://doi.org/10.1186/s12984-020-0644-3.
	Additional file 1
	Additional file 2

	Acknowledgements
	Authors' contributions
	Funding
	Availability of data and materials
	Ethics approval and consent to participate
	Consent for publication
	Competing interests
	Author details
	References
	Publisher's Note

