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Abstract. Robot-assisted rehabilitation has proven to improve a subject’s upper-extremity motor function. How-
ever, it is still challenging to control the robot to provide minimal assistance based on the subject’s performance.
This paper proposes a motion-trend-based assistance control strategy to solve this problem. The control strategy
provides the corresponding normal and tangential forces by constructing an adaptive virtual assistance force field
around a predetermined training trajectory. In the normal direction, a performance function based on the position-
tracking error and normal motion trend is established to adjust the normal assistance force field strength in real
time; in the tangential direction, a performance function based on the tangential interaction force and tangential
motion trend is established to adjust the tangential assistance force field strength in real time. Additionally, good
motion trends can quickly reduce the assistance force field. The normal motion trend represents the state of the
subject moving toward the target trajectory, and the tangential motion trend represents the state of increasing tan-
gential interaction force. Finally, the performance of this control strategy was evaluated by training experiments
with eight healthy subjects. Preliminary experiments showed that the normal assist force in the active movement
phase was 92.48 % smaller than that in the poor phase, and the tangential assist force was 90.73 % smaller than
that in the slack phase. And the normal assist force and tangential assist force will become zero within 0.2 s when
the subject has a good tendency to move. This shows that the control strategy proposed in this paper can quickly
adjust the assistance according to the subject’s motor performance. In addition, the assistance can be quickly
reduced when the subject has a good movement trend. Future work will incorporate OpenSim (muscle and bone
simulation software) to develop a pathway suitable for the subject’s arm rehabilitation.

1 Introduction

Epidemiology indicates that stroke is one of the leading
causes of disability in patients (Hatem et al., 2016), and it sig-
nificantly reduces functional capacity and activities of daily
living (ADLs) (Pilutti et al., 2011; Battiston et al., 2017).
Clinical studies have demonstrated that upper-limb rehabili-
tation robots can be effectively used relative to rehabilitation
therapists to improve upper-limb motor function and even
ADL abilities (Kwakkel et al., 2008; Milot et al., 2013).

In past research, various types of upper-limb rehabilitation
robots have been designed to better assist patients in rehabil-
itation training, and they are mainly divided into end-effector
type and exoskeleton type (Gassert and Dietz, 2018). The
end-effector upper-limb rehabilitation robots mainly include
MIT-MANUS (Krebs et al., 2004), GENTLE/S (Loureiro et
al., 2003), EULRR (Zhang et al., 2021), etc. The exoskele-
ton upper-limb rehabilitation robots mainly include ARMIN
(Nef et al., 2009), Rupert (Sugar et al., 2007), ALEX (Ruf-
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faldi et al., 2014), etc. Although exoskeleton-based upper-
limb rehabilitation robots can train subjects in specific joints,
end-effector upper-limb rehabilitation robots have a superior
advantage in ADL training (Chang and Kim, 2013).

In addition to the type of mechanics and actuators, the
control strategy of a rehabilitation robot has a significant
impact on the efficiency of treatment, and some studies
have reviewed the control strategies of most rehabilitation
robots (Proietti et al., 2016; Babaiasl et al., 2016; Tucker
et al., 2015). According to the Brunnstrom theory, the con-
trol strategy of the robot requires a rigid controller to drive
the patient’s arm for movement due to the difficulty of mov-
ing the limb in patients in the early recovery stage (Sawner
et al., 1992). As for the later rehabilitation process, as the
patient regains partial motor ability, it is necessary for the
patient to actively participate in the exercise as much as
possible at this time, which helps to induce neuroplasticity
and improve the rehabilitation effect (Houwink et al., 2013;
Muratori et al., 2013). Therefore, for patients who have re-
gained partial upper-extremity mobility, this is the time to
provide the least restrictive assistance, also known as assist-
as-needed (AAN) control, based on the patient’s motor per-
formance (Pehlivan et al., 2016).

In some past studies, some rehabilitation robots have im-
plemented AAN strategies in rehabilitation therapy (Cao et
al., 2021; Mounis et al., 2019). An important challenge of
the current AAN control strategy is to estimate the subject’s
motor ability to provide minimal assistance and to be able
to adapt to different performances of rehabilitation (Frullo et
al., 2017). Several control strategies have been proposed to
solve this problem. Mounis et al. (2019, 2020) determined a
subject’s motor performance by assessing their trajectory de-
viation, velocity, and time indexes in a trajectory-following
motion to self-adjust the control gain. Guo et al. (2022) pro-
posed to determine the subject’s motor ability through the
trajectory deviation and the assistance force. However, the
above approach is too one-sided in identifying the subject’s
motor ability.

To better assess the subject’s motor ability, Li et al. (2022)
assessed a subject’s abilities by electromyography (EMG)
and trajectory-tracking errors to determine the gain of the
assistance force field. Although EMG-based methods may
be suitable for low-degree-of-freedom robots, there are some
difficulties in interpreting these signals. Leconte and Ron-
sse (2016) achieved AAN control by using the subject’s out-
put power and trajectory deviation as evaluation functions.
Luo et al. (2017) combined the estimated subject impedance
parameters and used the minimum principle to determine
the impedance parameters of their controller. Papaleo et
al. (2013) used the subject’s motion accuracy and inter-joint
coordination as evaluation functions to adjust controller stiff-
ness and duration to achieve AAN control. In addition, Luo
et al. (2019) proposed the use of radial basis function (RBF)
neural networks to obtain the maximum output force of the
subject and then to adjust the control gain in combination

with the trajectory-tracking error. Estimation by RBF neural
networks can filter out the effects of perturbations due to fac-
tors such as subject laziness. Taheri et al. (2016) proposed
the evaluation of motor ability through deviations between
an unimpaired model of motor control forces and a kinetic
model of the subject, where the kinetic model learns the in-
ertial forces required to allow accurate motion. In addition
to the above studies, some of the studies assessed a subject’s
impedance parameters and others altered reference trajecto-
ries for assistance (Wang et al., 2019; Peng et al., 2018).

Although some of the above control strategies can bet-
ter assess the subject’s motor ability, most of them follow
a timed trajectory, which has a relatively large limitation for
the subject’s active freedom. Some of the studies achieved
this by adding an assistance force field around the trajec-
tory to obtain freedom in the timing of movement. Lin et
al. (2020) proposed a path control technique that constructs
a free-motion region around the desired path and designs a
moving window to propel the user’s limb along the target
path. However, the temporal freedom is still limited because
the moving window moves at a predefined velocity along the
path. Some papers provided assistance by adding gradient-
varying assistance force fields around the trajectory so that
it moves freely with less or no assistance force within the
assistance force field; outside the assistance field, its assis-
tance force increases in gradient with increasing deviation
(Zhang et al., 2020; Pan et al., 2022; Zhang et al., 2023). Suf-
ficient time freedom is provided by using this approach. In
addition, Asl et al. (2020) constructed an ideal velocity field
around the path and defined a path-tracking task in the veloc-
ity field, after which the AAN performance was obtained by
adjusting the target impedance in real time through the sub-
ject’s motion trajectory deviation. Although the abovemen-
tioned control systems can be adapted to different rehabili-
tation phases by changing the control parameters, they can-
not provide adaptive assistance by accurately assessing the
subject’s motor ability as their assistance force fields are pre-
defined. Vergaro et al. (2010) proposed an adaptive variable
force field scheme in which the controller adaptively varies
the strength of the normal-assisted force field by assessing
the subject’s motor ability based on the average value of the
motor deviation. However, this approach ignores the more
complex motor abilities of the subjects.

In this paper, we develop an adaptive force field-assisted
control strategy based on motion trend, which can adjust the
assistance in real time according to the subject’s motion per-
formance and quickly remove the assistance when the subject
has a positive motion trend. We construct an assistance force
field around the rehabilitation training path, consisting of a
normal and tangential assistance force field. For the normal
assistance force field, the subject can move freely within the
first layer of the force field, and outside the first layer of the
force field they will be subjected to an assistance force that
increases in a gradient along the increasing deviation. The
strength of the normal assistance force field is determined in
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real time by trajectory deviation and normal motion trend.
For the tangential assistance force field, the strength of the
tangential assistance force field is determined in real time
based on the tangential interaction force and the tangential
motion trend. In addition, a coefficient determined by the
motion trend is introduced in the normal and tangential direc-
tions, which can reduce the strength of the assistance force
field immediately when the subject’s motion trend is good.
Moreover, the above performance indexes are calculated by
the method of weighted mean filtering, which can effectively
filter out the influence caused by interference. The trend of
normal motion is determined by the normal interaction force,
and the trend of tangential motion is determined by the rate
of change of the tangential interaction force. Finally, the ef-
fectiveness of the control strategy was verified experimen-
tally with three healthy male subjects under different con-
ditions. The experimental results illustrate that the control
strategy can be quickly adapted to different motion perfor-
mances and, in addition, quickly reduce the assistance when
the movement trend is positive.

Compared to existing work, the main contributions of this
paper are summarized as follows:

1. This paper proposes a way to obtain performance in-
dexes in real time based on moving-weighted-mean fil-
tering and processing of data from the previous period,
which can eliminate the influence of reduced perfor-
mance indexes due to a subject’s interference or laziness
rather than weak motor ability, and it can better reflect
the current period of a patient’s motor ability compared
to the general way of calculating the mean.

2. Given the current inadequacy of the existing perfor-
mance parameters based on position error and other
performance parameters to represent the patient’s mo-
tor ability, this paper additionally introduces the sub-
ject’s interaction force into its motor ability evaluation
and processes it as a motion trend indicator, which can
quickly and comprehensively analyze the subject’s mo-
tor ability. In addition, by adding a motion trend coef-
ficient, the intensity of the assistance force field can be
reduced immediately when the subject moves in the di-
rection of a good motion trend, promoting active partic-
ipation of the subject in the motion.

The rest of this paper is organized as follows: the struc-
ture and admittance control of the rehabilitation robot are
described in Sect. 2; the implementation of the motion-trend-
based control strategy is presented in Sect. 3; the experi-
mental analysis of the designed control strategy using eight
healthy subjects is presented in Sect. 4 to illustrate the ef-
fectiveness of the control strategy; and the discussion and
conclusion are presented in Sects. 5 and 6, respectively.

Table 1. Upper-limb rehabilitation robot performance parameters.

Accuracy Maximum Degrees of Working Payload
of force velocity freedom radius
sensor of motion

0.1 N 1 m s−1 6 850 mm 5 kg

2 Description and conductive control of an
upper-limb rehabilitation robot

2.1 Description of upper-limb rehabilitation robot

This paper’s upper-limb rehabilitation robot is of the end-
effector type and is based on the UR5 robotic arm design
(Jiang et al., 2022; Xu et al., 2022). It has 6 degrees of free-
dom and carries a six-dimensional force sensor at the end.
Compared to the general design of upper-limb rehabilitation
robots, it can perform not only planar task training but also
task training in space. To more clearly describe the upper-
limb rehabilitation robot in this paper, Fig. 1 shows a 3D
model drawing. In addition, the performance parameters re-
lated to the upper-limb rehabilitation robot are given in Ta-
ble 1.

2.2 Implementation of admittance control

To ensure a certain degree of suppleness during the interac-
tion between the robot and the subject, admittance control is
used here to produce a mass-damping-spring interaction ef-
fect during the interaction between its subject and the robot.
For ease of expression, the control law for admittance control
in Cartesian space in a single-degree-of-freedom system can
be expressed as

M (ẍout− ẍdes)+D (ẋout− ẋdes)+K (xout− xdes)

= Fext+Fassist, (1)

M= diag(mi)

D= diag(di)

K= diag(ki)

 i ∈ {xyzrxryrz} , (2)

where Fext ∈ R6×1 is the combination of the interaction force
and the interaction torque, which can be measured by the end
sensor. Fassist ∈ R6×1 is the combination of assistance force
and assistance torque, xout ∈ R6×1 is the actual controlled po-
sitional pose, and xdes ∈ R6×1 is the desired positional pose.
M is the mass matrix, D is the damping matrix, K is the stiff-
ness matrix, and xyz and rxryrz are the position and Euler
angle of the robot end-effector, respectively.

In this paper, we mainly consider the interaction control
strategy between the subject and the robot in the Cartesian
position, while for the interaction control on the orientation
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Figure 1. The three-dimensional model of the end-effector-type upper-limb rehabilitation robot.

we just consider the pose angle restriction. Therefore, it is
necessary to decompose the admittance controller in Eq. (1)
into the admittance controller of the Cartesian space position
and the Cartesian space orientation. For the interactive con-
trol of Cartesian spatial position, we have to ensure the active
nature of the subject’s motion, then the desired spatial linear
velocity and the desired spatial linear acceleration are both
zero, and the effect of the position directional stiffness term
is removed. For the interactive control of Cartesian spatial
orientation, the robot end pose cannot be uncontrollable or
in a fixed position due to the consideration of the interaction
between the robot end and the subject. Therefore, a Carte-
sian pose guide controller based on one target Euler angle
θd ∈ R3×1 is used to manage the orientation at the terminal
end of the robot. The overall admittance controller is as fol-
lows:

Fassist =

[
Fat+Fan

0

]
, (3)

Fext =

[
Fh
Th

]
, (4)

Fah = Fat+Fan+Fh, (5)
MLẍL_out+DLẋL_out = Fah , (6)
Kθ (θd− θ )−Dθ θ̇out = Th . (7)

Here, Fan ∈ R3×1 and Fat ∈ R3×1 represent the normal as-
sistance force and tangential assistance force, respectively,
which will be described in detail later. Fh ∈ R3×1 and Th ∈

R3×1 represent the interaction force and the interaction
torque, respectively; Fah ∈ R3×1 is the combined force of the

assistance force and the interaction force. ML ∈ R3×3 and
DL ∈ R3×3 are the mass and damping matrix of the Cartesian
position admittance controller, respectively; ẋL_out ∈ R3×1

is the actual controlled end line velocity; Kθ ∈ R3×3 and
Dθ ∈ R3×3 are the stiffness and damping matrix of the Carte-
sian orientation admittance controller, respectively. θ ∈ R3×1

is the robot end Euler angle, and θ̇out ∈ R3×1 is the controlled
end angular velocity.

Since the upper-limb rehabilitation system uses the UR5
robotic arm as a carrier to complete the assistance function,
the robot motion is controlled by driving the joint velocity
in this paper, and the joint angular velocity whose input is
required is calculated as follows.

ẋout =

[
ẋL_out
θ̇out

]
, (8)

q̇out = J(q)−1
· ẋout(t) . (9)

J(q) ∈ R6×6 is the Jacobi matrix of the robot, and q̇out ∈

R6×1 is the joint angular velocity input to the robot.

3 Assistance control strategy based on motion
trend

3.1 Assistance force field design

In this subsection, to facilitate the subjects to actively partici-
pate in the rehabilitation training and follow the trajectory as
much as possible, an assistance force field that can provide
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normal assistance force and tangential assistance force is de-
signed in this section, as shown in Fig. 2. For the normal as-
sistance force field perpendicular to the trajectory direction,
the normal assistance force field is designed as a force field
with a variable three-layer virtual region to allow the subject
to stay within the tolerance range and have a certain degree
of freedom as much as possible. The first virtual region is de-
signed as a free motion region; in the second virtual region,
the subject will be subjected to a smaller assistance force that
increases with the trajectory deviation; in the third virtual re-
gion, the assistance force is designed to increase rapidly with
the trajectory deviation in this region. In addition, to prevent
subjects from being lazy during training, a variable assistance
force field is added in the tangential direction, which can be
adapted to the subject’s exercise performance to change the
intensity of the assistance force field and promote the sub-
ject’s participation in rehabilitation training. The following
is the specific design of the assistance force field.

Since the relative relationship between the ideal tra-
jectory position PN (xNyNzN ) and the actual position
Pact(xactyactzact) determines the value and direction of the
robot assistance force and since the position of the robot end
varies with time, a search algorithm would be needed to de-
fine the ideal reference position in real time during the train-
ing process. The actual position defined here corresponds to
the ideal position of the subject as the minimum Euclidean
distance from the current point of moving to the target tra-
jectory, which can generally be approximated by iterative
lookup (Zhang et al., 2021).

The Euclidean distance d between the actual position Pact
and the ideal position PN can be obtained as

d =

√
(xN − xact)2

+ (yN − yact)2
+ (zN − zact)2 . (10)

Variable d also represents the deviation between the cur-
rent motion position and the target trajectory. Combined with
the above description, the proposed force field control strat-
egy is as follows:

Fan = Fan1+FD , (11)

Fan1

=

{
0 d < Rs

Kan(d −Rs)n Rs ≤ d < Rm
(Kan+ a ·Kan (d −Rm)) (d −Rs)n d ≥ Rm

, (12)

FD =−KDḋn , (13)

Fat =KatFatmaxt , (14)

n=
PN −Pact

|PN −Pact|
. (15)

Here, Fan1 ∈ R3×1 and FD ∈ R3×1 denote the stiffness term
and damping term of the normal assistance force, respec-
tively, where the damping term FD is to ensure that the nor-
mal assistance force is damped with the damping term co-
efficient KD ∈ R3×3 to make its system stable. The section
from 0 to Rs is the first virtual region, which is not subject
to normal assistance force, the section from Rs to Rm is the
second virtual force field region with a stiffness coefficient
of Kan ∈ R3×3, and the section above Rm is the third virtual
force field region, where the stiffness coefficient increases at
the rate of a ·Kan deviation increases. n ∈ R3×1 represents
the direction of the normal force, which can be calculated
by Eq. (15). Fatmax ∈ R3×1 is the maximum tangential assis-
tance force, and Kat ∈ R3×3 is the tangential assistance coef-
ficient. t ∈ R3×1 is the direction of the tangential assistance
force, which is the same as the velocity direction V N of the
ideal locus position point PN corresponding to the current
position; a is the coefficient of variation.

For ease of control, it is simplified here that the normal
stiffness coefficients Kan and tangential assistance coeffi-
cients Kat have only diagonal terms, and their diagonal terms
all have the same elements. They satisfy the following rela-
tionship:

Kan = diag(Kani,Kani,Kani) , (16)

Kat = diag(Kati,Kati,Kati) . (17)

Here Kani and Kati are named as normal force field strength
coefficient and tangential force field strength coefficient,
respectively. In the following, the strength of the assis-
tance force field is adjusted by changing Kani and Kati,
mainly by assessing the subject’s exercise performance.
Therefore, once the training trajectory is determined, adap-
tive assistance force fields can be generated around the
trajectory, whose force field distribution in the case of
Kan = diag(400,400,400) and Kat = diag(0,0,0) is shown
in Fig. 3.

3.2 Motor ability assessment based on motion trend

In the above, the implementation of the assistance force field
has been defined. The following section focuses on chang-
ing the strength of the assistance force field in real time by
assessing the subject’s normal and tangential motor ability.

3.2.1 Assessment of normal motor ability

For the rehabilitation process, subject position deviation has
a significant role in the subject’s arm position sense exercise.
In this paper, it is determined that the error index is calculated
only after the subject exceeds the free motion zone, so the
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Figure 2. Conceptual diagram of the assistance force field with two directions.

Figure 3. Assistance force field distribution diagram using circular trajectory as the target trajectory.
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error index etp for the current period t is defined as follows:

etp =

 Rm−Rs d t >Rm
d t −Rs Rs < d

t
≤ Rm

0 d t ≤ Rs

. (18)

Here, d t is the positional deviation at moment t .
We ensure that a subject’s motor performance indicators

can be updated in real time based on motor performance
in the previous time window and also to weaken the effect
of motor performance further away from the current mo-
ment on the motor performance indicators. In this paper, we
use weighted moving-mean filtering to achieve this, which
means introducing weight coefficients Kw based on moving-
mean filtering. For performance indexes in the previous time
window, the following are true: first, the closer the index is to
the current time, the larger the weight factor is; second, the
further away the index is from the current time, the smaller
the weight factor is. So the weighting factorKw is calculated
as follows:

K i
w =Kw_min+

(
Kw_max+Kw_min

)
i/Tall , (19)

whereKw_min andKw_max represent the minimum weighting
coefficient and maximum weighting coefficient, respectively.
i represents the number of frames in the current time window,
and Tall is the number of frames in the time window.

In summary, its weighted average error index Ew is calcu-
lated as follows:

Ew =

(∑t
i=t−m+1K

i−(t−m)
w · eip

)/∑m
i=1K

i
w

Rm−Rs
. (20)

Here, Tall =m, the move time window is m ·1T , m is the
number of frames in the time window, and 1T is the con-
troller control period.

However, it is not enough to consider only the subject’s
motion deviation, we also need to consider the subject’s nor-
mal motion trend. This is because we expect the control sys-
tem to provide smaller assistance when the direction of the
interactive force tends to the target trajectory, even if the tra-
jectory deviation is relatively large; in contrast, we expect the
control system to provide larger assistance when the direc-
tion of the interactive force is far from the target trajectory.
The design normal motion trend index is as follows.

Here, we decompose the interaction force into the tangen-
tial direction parallel to the trajectory and the normal direc-
tion perpendicular to the trajectory, as shown in Fig. 2. The
interaction forces in these two directions are calculated as
follows:

Fha = Fh ·
PNP act

‖PNP act‖
, (21)

Fht = Fh ·
V N

‖V N‖
, (22)

where Fha ∈ R3×1 and Fht ∈ R3×1 are the normal interaction
force and tangential interaction force of the subject, respec-
tively.

Based on the above theory, the index Inmt for the trend of
normal motion is determined as follows:

I tnmt_i

=

{
1+ sign(PNP act ·F h)

∣∣F tha

∣∣≥ Fha_max,

1+ |F
t
ha|

Fha_max
· sign(PNP act ·F h)

∣∣F tha

∣∣< Fha_max;
(23)

Inmt =
1∑m

i=1K
i
w

∑t

i=t−m+1

(
K i−(t−m)

w · I tnmt_i

)
, (24)

where Fha_max is the upper limit of normal interaction force
calculation, and F tha is the normal interaction force at time
t . Here, the moving-weighted-mean filter is still used, and
the moving time window is m ·1T . From Eq. (23), it can be
obtained that when the subject tends to the target trajectory,
the result is less than one, decreasing the normal force field
strength; when the subject is far from the target trajectory, the
result is greater than one, increasing the normal force field
strength.

The normal integrated performance index Incm is

Incm = Inmt ·Ew . (25)

Then, the normal assistance force field stiffness coefficient
Kani is determined as follows:

Kani = β

(
Kani_min+

Kani_max−Kani_min

2
· Incm

)
, (26)

where Kani_max and Kani_min are the upper and lower lim-
its, respectively, of the normal force field strength coeffi-
cient. Fan1 is obtained by substituting the obtained Kani into
Eq. (12). In addition, a normal motion trend coefficient β
is added here. This is because when subjects tend to move
toward the trajectory, changing the strength of the normal as-
sistance force field by Incm alone is slow and does not pro-
mote the active participation of subjects in the movement
well. This problem is solved here by adding a normal mo-
tion trend coefficient β. The definition of coefficient β is as
follows:

γ t =

{
1 sign(PNP act ·F h)> 0,

1− F tha
Fha_max

sign(PNP act ·F h)≤ 0;
(27)

β =
1∑n

i=1K
i
w

∑t

i=t−n+1
K i−(t−n)

w γ t . (28)

Similarly, the values of coefficient β are implemented
using a moving-weighted-mean filter. The time window is
n ·1T . Equation (27) shows that the coefficient β decreases
rapidly as the subject tends to move toward the trajectory,
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resulting in a rapid decrease in the strength of the normal as-
sistance force field. When the subject is moving away from
the trajectory, β is 1, and the normal assistance force field
strength only changes slowly according to the normal com-
posite performance index Incm. This indicates that adding the
normal motion trend coefficient β only restricts the subject’s
motion toward the outside of the trajectory and does not pro-
mote the subject’s motion toward the inside of the trajectory.

3.2.2 Assessment of tangential motor ability

To assess the subject’s tangential motility assessment, we
first introduced tangential interaction forces. When the tan-
gential interaction force is greater, this represents a better
tangential motion of the subject and the robot can provide
as little or no assistance force as possible. When the subject
is too weak to move, the robot needs to provide tangential
assistance force to drive the subject to move.

In addition, we also need to consider the subject’s tangen-
tial motion trend and analyze whether the subject now tends
to actively increase the tangential interaction force or ac-
tively decrease it. With the same tangential interaction force,
the control system should provide a smaller assistance force
for positive trends and a larger assistance force for negative
trends. As with the calculation of normal performance in-
dexes above, the same moving-weighted-mean filter is used
here for the calculation of tangential performance indexes.
Therefore, the tangential performance index Itcm is obtained
by combining the subject’s tangential interaction force and
its rate of change Fhtd.

I ttcm_i

=


1 Fht < 0(

1− F tht
Fatmax

)(
1− F thtd

Fhtd_max

)
0≤ Fht < Fatmax ,

0 Fht ≥ Fatmax

(29)

Itcm =
1∑m

i=1K
i
w
·

∑t

i=t−m+1
K i−(t−m)

w · I ttcm_i , (30)

where the time window ism·1T . Fhtd_max represents the up-
per limit of the force transformation rate. The right-hand term
in Eq. (27) is the tangential motion trend. Therefore, the tan-
gential force field strength coefficientKati can be determined
as follows:

Kati = g · Itcm . (31)

Similarly, to allow for a rapid decrease in the assistance
force when the subject has a positive motion trend, the tan-
gential motion trend coefficient g is introduced here and de-
fined as follows:

ht =

{
1 Fhtd < 0,

1− Fhtd
Fhtd_max

Fhtd ≥ 0, (32)

Table 2. Details of five able-bodied subjects recruited for the eval-
uation experiments.

Subject Gender Age Weight Height Impairment
history

1 Male 26 70 kg 1.80 m No
2 Male 25 78 kg 1.79 m No
3 Male 25 62 kg 1.70 m No
4 Male 27 68 kg 1.72 m No
5 Male 28 81 kg 1.79 m No
6 Male 24 75 kg 1.78 m No
7 Female 25 55 kg 1.65 m No
8 Female 24 51 kg 1.60 m No

g =
1∑n

i=1K
i
w

∑t

i=t−n+1
K i−(t−n)

w ht . (33)

Equation (30) demonstrates that the adaptive coefficient g
decreases when the subject increases the tangential interac-
tion force, leading to a rapid decrease in the assistance force;
when the subject decreases the tangential interaction force,
its coefficient g is 1 and the tangential assistance force in-
creases gradually according to Itcm.

In summary, Fig. 4 shows a diagram of the proposed
motion-trend-based assistance control strategy. The red box
shows the calculation of the stiffness coefficient Kan of the
normal assistance force field proposed in this paper; the
green box shows the calculation of the assistance coeffi-
cientKat of the tangential assistance force field; the blue box
shows the control strategy of the assistance force field pro-
posed in this paper; the right-hand side shows the interaction
between the subject and the robot.

4 Experiments and results

4.1 Experimental setup

The experiments were performed on an end-effector upper-
limb rehabilitation robot with 6 degrees of freedom. The
main objective of the experiment was to validate and evaluate
the feasibility of the proposed motor-trend-based rehabilita-
tion strategy and to analyze the performance of the control
system when the patients were in different stages of reha-
bilitation. In this experiment, eight able-bodied subjects (six
males and two females, average age (mean 25.50 years, stan-
dard deviation (SD) 1.4142), weight (67.5 kg, SD 10.7836),
and height (1.7288 m, SD 0.0745)) were recruited. Details of
these subjects are shown in Table 2.

This study was approved by the ethics committee of
the Yueyang Hospital of Integrated Traditional Chinese and
Western Medicine. We assumed that the right arm of the sub-
ject was used during the experiment. Written informed con-
sent was collected from all subjects before participation in
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Figure 4. Diagram of the assistance control strategy based on the motion trend.

this study. During the experiment, subjects were required to
wear a virtual reality (VR) helmet and hold the robot end
handle by placing their forearms on the robot’s end handle
holder, as shown in Fig. 5. The subject’s training task was to
follow a specified three-dimensional spatial trajectory. In the
experiment, the trajectory of its 3D space is defined as a cir-
cle in space, and the center and radius of the circle are (0 m,
500 mm,−50 mm) and 120 mm, respectively. In addition, we
developed a Unity-based visual 3D feedback scene to help
subjects perceive spatial trajectories, as shown in Fig. 6. The
red ball represents the hand position, the red curve represents
the intended target trajectory, and the display bar on the left
side represents the value of the combined force of the inter-
action.

To verify the effectiveness of the control strategy designed
in this paper at different rehabilitation stages and the perfor-
mance of the control system, here the subjects were asked
to complete a total of six revolutions of the trajectory. Dur-
ing the first two laps, subjects were asked to actively fol-
low the trajectory, occasionally with appropriately large de-
viations, to simulate a situation in which the subject’s arm
performance was excellent (active). In the third and fourth
laps, subjects were required to deviate from the target tra-
jectory with a larger force to simulate a situation of poor
motor performance of the subject (poor). In the fifth and
sixth laps, subjects were required to completely relax, and
the robot drove the patient’s arm through movements to sim-
ulate muscle weakness (slacking). The detailed parameters

Table 3. Parameters during the experiments.

Parameters Value Parameters Value

ML (kg) diag(0.5,0.5,0.5) m 375
DL (N s m−1) diag(50,50,50) n 50
Kθ (N rad−1) diag(10,10,10) Kw_min 0.4
Dθ (N s rad−1) diag(0.3,0.3,0.3) Kw_max 1
Kd (N rad−1) diag(15,15,15) Fatmax (N) 5
a 50 Kan_min 50
Rs (mm) 15 Kan_max 400
Rm (mm) 40 Fhtd_max (N) 0.2
1T (s) 0.008

of the proposed control strategy in the experiment are shown
in Table 3.

Before experimenting, subjects were able to perform some
simple tasks until they became familiar with the upper-
extremity rehabilitation robotic training system. Hardware
and software safety protection was implemented to ensure
the safety of the subjects during the experiments.

In the experiments, we collected and calculated the normal
assistance force, tangential assistance force, and robot’s mo-
tion trajectory data, and we processed the data by Gaussian
low-pass filtering.

To allow for a better assessment of the subject’s trajectory-
following ability, here the mean trajectory deviation (MAE)
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Figure 5. The experimental test scenario of subject 1.

Figure 6. The 3D visual feedback scene.

is calculated as follows:

MAE=
1
N

∑N

i=1
‖PN (i)−Pact(i)‖2 , (34)

where N is the number of sampling points in the predeter-
mined task. Similarly, to further analyze the normal assis-
tance force and tangential assistance force provided by the
robot, we define the average normal assistance force (ANAF)
and average tangential assistance force (ATAF), respectively,
as follows:

ANAF=
1
N

∑N

i=1
‖Fan(i)‖2 , (35)

ATAF=
1
N

∑N

i=1
‖Fat(i)‖2 . (36)

4.2 Results

The green channel and the red channel in Fig. 7 represent the
virtual force field region boundaries of the first and second
layers, respectively. Where the green, blue, and black curves
represent the trajectory of subject 1 in the active, poor, and
slacking states, respectively, and the red curve represents the
intended trajectory. The subject’s motion trajectories in the
first two laps were mainly inside the red channel; in the mid-
dle two laps, they were mainly concentrated at the boundary
outside the red channel. In the last two laps, it was mainly
directly below the target trajectory.

Figure 8a shows the relationship between the trajectory
deviation and the normal assistance force of subject 1, and
Fig. 8b shows the variation curve of the normal force field
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Figure 7. Motion trajectories of subject 1 during the experiment. (a) Motion trajectory in 3D view; (b) motion trajectory in XOY view;
(c) motion trajectory in XOZ view; (d) motion trajectory in YOZ view.

strength coefficient Kani. The green and red dotted lines
represent the switching boundaries of the normal assistance
force field, respectively. Consistent with the results in Fig. 7,
in the first two laps (active), the trajectory deviations are
mainly under the second virtual region boundary, where
the normal stiffness coefficients and assistance forces were
small. In the middle two laps (poor), the trajectory deviation
exceeds Rm, and the assistance force andKani were larger. In
the last two turns (slacking), the trajectory deviation, assis-
tance force, and Kani were maintained in a range of values.
In addition, the normal assistance force and Kani decreased
rapidly at the end of the middle two laps.

Figure 9a shows the relationship between the tangential in-
teraction force and the tangential assistance force of subject 1
during the experiment, and Fig. 9b shows the variation curve
of the tangential force field strength coefficient Kati. Under
the first to fourth laps (active and poor), the Kati values are
almost zero; in the last two laps, the tangential interaction
force fluctuates slightly around 0 N, and the tangential assis-
tance force and Kati reach a maximum at this stage. In addi-
tion, at the end of the experiment, the tangential assistance
force and Kati decrease rapidly.

Figure 10 displays the mean and standard deviation of
MAE, ANAF, and ATAF of eight healthy subjects in the
first two laps (active), third to fourth laps (poor), and fi-
nal two laps (slacking). The mean MAE, ANAF, and ATAF
of the three subjects were 19.3383 mm (SD: 4.4170 mm),

1.2098 N (SD: 0.2888 N), and 0.1415 N (SD: 0.0525 N) in
the first two laps; 46.3379 mm (SD: 6.6120 mm), 16.0966 N
(SD: 3.7407 N), and 0.1675 N (SD: 0.0783 N) in the third
to fourth laps; and 34.8901 mm (SD: 3.9886 mm), 5.6494 N
(SD: 1.9739 N), and 4.3244 N (SD: 0.4299 N), respectively,
in the final two laps.

5 Discussion

In this paper, a motion-trend-based assistance control strat-
egy for an upper-limb rehabilitation robot is proposed, which
includes adaptive assistance force fields in two directions. In
addition, the performance of the control strategy was prelim-
inarily verified and evaluated through a series of experiments
with eight healthy subjects.

The above experiment analyzed the performance of the
control strategy by analyzing the performance of eight sub-
jects in different states. During the active phase, the average
MAE, ANAF, and ATAF values were 19.3383 mm, 1.2098 N,
and 0.1415 N, respectively (as shown in Fig. 10). It indi-
cates that the two directions provide less assistance and that
the tangential assistance force is almost zero. In the case of
normal-assisted force, most of the subject’s motion trajec-
tory deviations are concentrated under the virtual boundary
Rs, when the normal-assisted force is 0 N. Even if it occa-
sionally exceeds the virtual boundary Rs , its normal assis-
tance force is small and does not increase rapidly (as shown
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Figure 8. Normal force field assistance performance of sub-
ject 1. (a) Normal assistance force and trajectory-tracking deviation;
(b) normal force field strength coefficient Kani.

in Fig. 8a). Its normal force field strength coefficient Kani is
mostly below 200 (as shown in Fig. 8b). For the tangential
assistance case, the tangential assistance force provided by
the robot and the tangential force-field strength coefficient
Kati is almost zero, since the tangential interaction force is
mostly larger than the maximum tangential assistance force
(as shown in Fig. 9). The above results indicate that the robot
intervention is very small when the subject is actively moving
and can filter out excessive assistance forces due to perturba-
tions, which allows the subject to have better initiative.

During the poor phase, the average MAE, ANAF, and
ATAF values were 46.3379 mm, 16.0966 N, and 0.1675 N,
respectively (as shown in Fig. 10). This indicates that the
mean normal assistance force and the mean trajectory de-
viation are large, while the mean tangential assistance force
is almost zero. For the case of normal assistance, at the be-
ginning, the subject was actively moving out of the trajec-

Figure 9. Tangential force field assisted performance. (a) Tan-
gential assistance force and subject’s tangential interaction force;
(b) tangential assistance force field strength coefficient Kati.

Figure 10. The mean and standard deviation of MAE, ANAF, and
ATAF of eight subjects.
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tory, and the trajectory deviation increased to 69.5 mm and
finally stabilized at about 45 mm (as shown in Fig. 8a). The
normal force field strength coefficient Kani is also gradually
increased to 400 and remains at its maximum value for a
subsequent period when maximum normal assistance is pro-
vided (as shown in Fig. 8b). In addition, the trajectory devia-
tion gradually decreases at 44.9 s when the subject is actively
converging to the trajectory motion. At this point, the normal
assistance force provided by the robot decreases rapidly and
decreases directly to 0 N before the subject reaches the vir-
tual boundary Rs, providing no assistance to the subject (as
shown in Fig. 8a). Similarly, Kani decreases rapidly to zero
until the subject does not actively converge on the trajectory.
At this point, the normal motion trend coefficients β do not
work, and Kani values rebound quickly and are followed by
slow changes influenced only by the normal integrated mo-
tion state indicator Incm (as shown in Fig. 8b). For the tan-
gential motion and assistance cases, which are the same here
as for the subject in the 1–2 lap motion case, the robotic sys-
tem provides little tangential assistance force (as shown in
Fig. 9a). Similarly, the tangential force field strength coeffi-
cient Kati is smaller (as shown in Fig. 9b).

The above results indicate that when the subject’s mo-
tion performance was consistently poor, the control system
gradually increased the assistance level to provide a larger
normal assistance force to limit the subject’s motion toward
the outside of the trajectory. And when the subject has a
trend toward good motor performance, the control system
can quickly reduce the assistance force.

During the slacking phase, the average MAE, ANAF, and
ATAF values were 34.8901 mm, 5.6494 N, and 4.3244 N, re-
spectively (as shown in Fig. 10). This indicates that the robot
provides some normal and tangential assistance.

For the case of normal assistance, the robot provided nor-
mal assistance because the subject was in a relaxed state and
the subject’s arm naturally drops with a certain weight, and
the robot needed to provide normal assistance to balance the
arm’s weight. Similarly, we can see from Fig. 7 that the mo-
tion trajectory in this phase is mainly concentrated below
the target trajectory. In addition, the tangential interaction
force fluctuates around 0 N, with a maximum of 2.32 N and
a minimum of −2.16 N (as shown in Fig. 9a). This is be-
cause the subject is dragged by the robot in a circular motion,
and in a completely relaxed state the end force of the sub-
ject’s arm changes slightly with the position of the limb joint
where it is located. For the tangential motion and assistance
cases, as the subject’s tangential interaction force decreases
until it reaches about 0 N, the tangential assistance force in-
creases slowly to about 4 N. Similarly, the tangential force
field strength coefficient Kati increases gradually from zero
to one, providing the maximum tangential assistance to drive
the subject’s arm. At 66 s, the tangential assistance force and
the tangential assistance coefficient Kati drop rapidly to 0 N
and 0, respectively (as shown in Fig. 9). Similarly, this is due
to the subject’s active motion, and the tangential motion trend

coefficient decreases, causing a rapid decrease in the tangen-
tial assistance force field. The above results demonstrate that
the control system provides a tangential assistance force that
varies with the subject’s tangential interaction force to drive
the subject’s arm when the subject moves without force. And
when the subject moves actively, the assistance is rapidly re-
duced.

Traditional rehabilitation training assistance control strate-
gies generally adjust robot assistance by basing control on
performance indexes such as motion deviation. The control
strategy proposed in this paper additionally introduces mo-
tion trend indexes on this basis and can provide adaptive
assisted control in the normal and tangential directions. In
the normal direction, the strength of the normal force field
is changed in real time according to the subject’s motion
deviation and normal motion trend; in the tangential direc-
tion, the strength of the tangential force field is changed
in real time according to the subject’s tangential interaction
force and tangential motion trend. And additionally, by intro-
ducing coefficients determined by the motion trend in each of
the two directions, the assistance force field strength can be
reduced quickly when the motion trend is positive. Based on
the above experimental analysis, it can be seen that the nor-
mal assistance force in the active motion phase is 92.48 %
smaller than that in the poor phase and that the tangential
assistance force in the active phase is 90.73 % smaller than
that in the slack phase. This suggests that the control system
can quickly and adaptively provide assistance based on the
subject’s motor performance to meet the assistance needs of
different motor states. In addition, it can be seen from the
graph of assistance force change that when the subject has
a good motion trend, the normal assistance force or tangen-
tial assistance force will change to zero within 0.2 s. This
indicates that the assistance force can decrease rapidly when
the subject has a good motion trend. The control system pro-
vides little or no assistance in the normal and tangential di-
rections during the normal motion phase and reduces the ef-
fect of sudden disturbances that cause the assistance force
to increase rapidly, allowing the subject to have better active
motion when performance is positive. During the poor phase,
the strength of the assistance force field of its control system
gradually increases with the subject’s performance, provid-
ing a strong assistance force field that restricts the subject’s
movement away from the target trajectory. As the subject
tends to move toward the target trajectory, the control system
can quickly reduce the assistance force without facilitating
the subject’s movement toward the inside of the trajectory. In
the slack phase, the tangential assistance force field gradually
increases, driving the subject to perform rehabilitation move-
ments, and the tangential assistance force rapidly decreases
when the subject is actively moving.
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6 Conclusion

In this paper, a motion-trend-based robot assistance control
strategy is proposed to provide adaptive assistance control
in the normal and tangential directions, which can quickly
adjust the normal and tangential assistance levels according
to the subject’s motion performance and quickly reduce the
assistance when the motion trend is positive. To validate and
evaluate the performance of the control strategy, we recruited
eight able-bodied subjects to conduct experiments based on
an end-effector robot in three different states. Preliminary ex-
perimental results show that the proposed motor-trend-based
assistance control strategy works well. It changes the level
of assistance according to the subject’s motor performance
to adapt to different rehabilitation stages and rapidly reduces
the assistance force when the subject’s motor trend becomes
better. This control strategy encourages subjects to actively
participate in rehabilitation training.

Future work will incorporate OpenSim to develop a path-
way suitable for the subject’s arm rehabilitation and recruit
patients for further trials.
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