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Abstract— Impedance control has been widely used in re-
habilitation therapies. Especially the control strategies with
adaptability are proved to be beneficial to patients. In this
paper, we present an adaptive impedance controller for upper
limb rehabilitation robots. Firstly, the stiffness and damping of
the patients are estimated by the least square method. Then, a
reward function is defined to encourage the patients’ efforts and
limit the tracking errors. To maximize the reward function, the
optimal robot stiffness is determined based on the estimation of
the patients’ stiffness. In order to validate the performance of
the proposed control method, a set of simulation experiments
considering both the constant and varying patient stiffness are
presented and the results have shown the adaptive impedance
controller leads to a significantly greater reward than constant
impedance controller.

I. INTRODUCTION

Spinal cord injury (SCI), cerebral injury and stroke are
the main causes of hemiplegia, and have a serious impact
on the ability of patients to conduct activities of daily liv-
ing [1]. Rehabilitation therapies are necessary for patients to
regain all or partial motor functions. Intensive, repetitive and
durable rehabilitation therapies with a high subject involve-
ment have been proved effective [2]. The labor intensive and
time-consuming rehabilitation exercises become a significant
burden for therapists, and thus limit the outcome of manual
rehabilitation therapy [3].

Compared to the traditional manual therapies, the robotic
rehabilitation therapy has the potential to provide intensive
and precision rehabilitation training consistently [4]. In ad-
dition, robotic devices can accurately record dynamics and
kinematics data to evaluate the patient’s performance. It pro-
vides the possibility for the therapist to adjust the parameters
or the modes of rehabilitation training based on the patients’
condition. Moreover, the virtual reality technology can be
adopted to promote the patients’ voluntary participation in
rehabilitation exercises [5].

The impedance control described in [6] is the primary
control paradigm used in robot-assisted therapies, because it
provides a compliant interaction between the patient and the
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rehabilitation robot. The purpose of robot-assisted therapy
is to maximize the patients’ involvement and help patients
complete desired tasks. In other words, robot devices only
provide assistance for patients when patients can not move
independently or deviate from the expected trajectory of
rehabilitation. Krebs et al. implemented a progressive robot
therapy on an upper limb rehabilitation robot MIT-MANUS
based on a virtual tunnel [7]. Duschau-Wicke et al. presented
a “path control” strategy, which kept the patient’s legs within
a “tunnel” using a virtual wall [8].

In order to enable robotic devices to adapt to patients’
condition, several adaptive impedance control algorithms
have been implemented in upper-limb robotic rehabilitation
systems [7], [9]–[12]. In these papers, the impedance con-
trol parameters influencing the level of assistance offered
by robotic devices are adjusted according to the patients’
performance or efforts during the rehabilitation process. The
performance can be evaluated by dynamical and kinematic
measurements, which are able to be recorded during the
rehabilitation exercises, such as forces and power provided
by the patients and the errors between a desired motion and
the patients’ actual motion. The estimation values of patients’
stiffness and the muscle electromyography (EMG) are also
used as the evaluation index. Papaleo et al. chose a set of
indicators to evaluate the patients’ biomechanical behaviors,
and applied a threshold strategy to update the discrete param-
eters associated to the robot stiffness and the task duration,
on a 7-DOF upper limb rehabilitation robot [13]. Since
each discrete parameter is only confined to three values,
the adaptability of controller is limited. Pérez-Ibarra et al.
investigated two adaptive impedance control strategies based
on the patients’ stiffness estimation [14]. The implementation
of the two control strategies are based on the complementary
and optimal principle of impedance control, respectively. But
their results showed that the damping parameter of patients’
impedance should be included into the patients’ impedance
model to improve the velocity-dependent correlation. Santos
and Siqueira used patients’ torque estimated by a disturbance
observer and the Kalman filter algorithm to identify the
patient’s impedance parameters [15]. After each walking
step, an optimization procedure minimizing a cost function
with respect to the errors and the robot torques, is performed
to adjust the control parameters for the next step. However,
the cost function can not directly reflect the patients’ efforts,
and the update of controller parameters is not performed until
a gait period is ended.

In this paper, an adaptive impedance control method is
proposed for upper limb rehabilitation, and is validated
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through simulation experiments. The method is based on
the assumption that patients’ forces can be easily obtained,
which often applies in actual experiments because there are
many methods to measure the forces directly or indirectly,
such as force sensors, dynamics identification or disturbance
observer technologies [11]. The values of stiffness and
damping of the patients’ impedance in Cartesian space are
estimated based on the least square method, which uses
position errors and velocities of the end effector and patients’
forces. Then, a reward function associated to the patients’
power outputs and the position errors is built. Finally, the
optimal stiffness of the robot impedance control is calculated
based on the estimation values of the patient’s stiffness to
maximize the reward function.

II. METHOD

A. Dynamic Model of Patient-robot System

To validate the proposed adaptive control strategies, the
CASIA-ARM [16], a 2-DOF upper-limb rehabilitation robot
is used as the experiment platform (see Fig. 1). The CASIA-
ARM consists of a five-link parallel mechanism in the hor-
izontal plane, which has lower inertial and is back-drivable.
Of all the revolute joints, only the two joints at the base
are driven by motors while the others are passive. In this
way, the device is a redundantly actuated mechanism. The
robot device can assist the patient to conduct shoulder ad-
duction/abduction and elbow flexion/extension rehabilitation
training in the horizontal plane, and provides vision and force
feedback to the patient. During the training, the patient’s
hand is fixed on the end effector of the CASIA-ARM.

The diagram of the patient-robot system is shown in
Fig. 2, where the robot construction is simplified as a parallel
mechanism involving two active rotation joints and three
passive rotation joints. The patient’s shoulder and elbow
joints are simplified as a two-link mechanism, which is
connected with the end effector of the robot. Thus, the
dynamic equation of the patient-robot system can be written
as:

M(θ)θ̈ + C(θ, θ̇)θ̇ +G(θ) = τr + JT
r J

−T
h τh (1)

where θ, θ̇, and θ̈ are the vectors of the active joints angle
position, velocity and acceleration, respectively. M(θ) is the
inertia matrix, C(θ, θ̇) is the Coriolis and centrifugal matrix.
G(θ) is the gravity vector which is a zeros constant because
the motion of the robot is only in the horizontal plane, τr
is the vector of torques provided by the active joints, τh
is the vector of torques applied by patient’s joints in the
patient’s joint space. Jr is the robot Jacobian matrix, Jh is
the Jacobian of the patient arm.

The robot Jacobian matrix can be written as:

Jr = B−1A (2)

where A and B are the 2 × 2 matrices associated with the
joint angles θ1, θ2 and the position of the end-effector in the
plane. The details can be found in [17].

Virtual Environment Robot Movement Trajectory

Fig. 1. CASIA-ARM: a 2-Dof plane rehabilitation robot. The robot can
assist the participant to conduct shoulder and elbow rehabilitation exercises
in the horizontal plane, where the participant’s hand is fixed on the end
effector of the CASIA-ARM, and provides vision and force feedback to the
participant.

The patient’s Jacobian matrix can be written as:

Jh =

[
−l6 sinα1 − l5 sin (α1 + α2) −l5 sin (α1 + α2)
l6 cosα1 − l5 cos (α1 + α2) l5 cos (α1 + α2)

]
(3)

where l5, l6 are the lengths of the patient’s forearm and upper
arm. α1, α2 are the joint angle of the patient’s shoulder and
elbow, respectively.

In the system, the level of robotic assistance is deter-
mined by an impedance controller. The implementation of
the impedance control is set in the Cartesian space for
computational simplicity. Then, the forces are mapped into
the joint torques by robots Jacobian matrix:

Fr =

[
Frx

Fry

]
=

[
Krx 0
0 Kry

]
(Pd − P )−

[
Brx 0
0 Bry

]
V

(4)

τr = JT
r Fr (5)

where Fr is the equivalent force vector of the robot joint
torques in the end-effector space and Frx, Fry are the
elements. Krx, Kry are the robots stiffness in the X-axis
and Y -axis direction, respectively. Pd, P are the desired and
actual position vector of the robot’s end-effector. Brx, Bry

are the robots damping in the X-axis and Y -axis direction,
respectively. V is the velocity vector of the end-effector.

During rehabilitation training, the virtual games are usu-
ally used to provide a feedback for patients. Therefore, the
patients will modify the movement when they see their own
motions deviating from the desired trajectory. Considering
the elastic-viscous properties of the patient’s joints, we
applied an impedance control model to represent a patient’s
actuation.

Fh =

[
Fx

Fy

]
=

[
Khx 0
0 Khy

]
(Pd − P )−

[
Bhx 0
0 Bhy

]
V

(6)
where Fh is the equivalent force vector of the patient’s joint
torques in Cartesian space. Fx, Khx, Bhx and Fy, Khy, Bhy



Fig. 2. Diagram of the patient-robot system. The robot construction is
simplified as a parallel mechanism, where only the joint θ1 and θ2 are active.
The patient’s shoulder and elbow are simplified as a two-link mechanism,
which is connected with the end effector of the robot. The angle α1 and α2

represent the joint angle of the patient’s shoulder and elbow, respectively.

are the forces, stiffness and damping of the patient, in X-axis
and Y -axis direction, respectively.

B. Estimation of Patient’s Impedance

Since the values of the patients’ stiffness and damping
can depict the participation and performance of patients, it
is meaningful to estimate the parameters and apply them to
the adaptive controller. Considering that the parameters are
constant or varying smoothly within a short time window,
we used the least square fitting method to identify them.
Equation (6) is rewritten as:

Fx = Khx(xd − x)−Bhxvx

Fy = Khy(yd − y)−Bhyvy
(7)

where xd, x, and vx are scalar values in X-axis direction,
yd, y, and vy are scalar values in Y -axis direction.

During the short time, N samples of forces, positions
and velocities are recorded. As shown above, the patient’s
impedance in X-axis direction and Y -axis do not affect each
other. If we only consider the stiffness and damping in X-
axis direction, the following matrices can be defined:

ψ =
[
Fx1 Fx2 · · · FxN

]T (8)

ϕ =

[
(xd1 − x1) (xd2 − x2) · · · (xdN − xN )

vx1 vx2 · · · vxN

]T
(9)

where ψ is the time sequences of the patient’s force in X-
axis direction. ϕ is the time sequences of the position error
and velocity of the robot end-effector.

Then, the values of stiffness and damping are calculated
by: [

Khx Bhx

]T
=
(
ϕTϕ

)−1
ϕTψ (10)

where (ϕTϕ)−1ϕT is the pseudo-inverse of matrix ϕ.
Similarly, the parameters of impedance in Y -axis can be

obtained.

C. Optimal Impedance Control

As shown before, to improve the outcome of the robot-
assisted rehabilitation therapy, the robots controller should
encourage the patient to produce active efforts. Meanwhile,
it needs to be restrained if the patient’s motion deviates from
the desired motion. In order to balance the patient’s active
efforts and the error, we define the reward function as:

r = η
FT
h V

a1
−
∥∥∥∥ ea2

∥∥∥∥2
=

(
η
Fxvx
a1

− e2x
a22

)
+

(
η
Fyvy
a1

−
e2y
a22

) (11)

where FT
h V is the output power of the patients which

measures the patients’ efforts. ex and ey are the trajectory
errors, η is a parameter weighing the patient’s efforts and the
errors, a1, and a2 are constant parameters with units.

Substituting (7) into (11), we obtain:

r =

(
η
Khxexvx

a1
− η

Bhxv
2
x

a1
− e2x
a22

)
+

(
η
Khyeyvy

a1
− η

Bhyv
2
y

a1
−
e2y
a22

) (12)

Then, the partial derivatives of r with respect to ex and
ey are written as:

∂r

∂ex
= η

Khxvx
a1

− 2ex
a22

∂r

∂ey
= η

Khyvy
a1

− 2ey
a22

(13)

To maximize the reward function, we have:

e∗x = η
Khxvxa

2
2

2a1

e∗y = η
Khyvya

2
2

2a1

(14)

Since the CASIA-ARM has lower inertial and the veloc-
ities and accelerations are small during the rehabilitation
training, the inertial forces and Coriolis forces can be ne-
glected. In addition, compared with the robots forces, the
friction forces can also be ignored. Assume that the end-
effector is approximately in a steady state within a short time
window, where the robot’s forces are equal to the patient’s
forces:

Frx + Fx = 0

Fry + Fy = 0
(15)

(Krx +Khx)ex − (Brx +Bhx)vx = 0

(Kry +Khy)ey − (Bry +Bhy)vy = 0
(16)

Substituting (16) into (14), we can obtain the optimal



stiffness of the robot’s impedance controller as follows:

K∗
rx =

2a1(Brx +Bhx)

ηKhxa22
−Khx

K∗
ry =

2a1(Bry +Bhy)

ηKhya22
−Khy

(17)

where K∗
rx and K∗

ry are the optimal stiffness of the robot’s
impedance controller to maximize the reward function.

From the above equation we can see: (1) the robot’s
stiffness is in inverse proportion to the stiffness of the patient.
That accords with the assist-as-need principle that the robot’s
assistance should be reduced when patients’ capability is
increasing. (2) the increasement of the parameter η will result
in the reduction of the robot’s stiffness. In other words, if the
η is set to a larger value, we should pay more attention to
the patients’ efforts than the error, which is consistent with
the definition of the reward function.

When the patients have few voluntary participation(Khx ≈
0,Khy ≈ 0), the K∗

rx and K∗
ry tend to infinity. To avoid the

situation, a limitation for the robot stiffness is defined as:

K̂r = max {Kmin, min{Kmax, K
∗
r }} (18)

where Kmin, and Kmax are the minimal and maximal
stiffness the robot controller is able to provide.

III. SIMULATION RESULTS

The modeling of the patient-robot system according to the
mechanical structure of the CASIA-ARM, is based on the
SimMechanics toolbox. The proposed adaptive impedance
controller is implemented, using the modules of Mat-
lab/Simulink. The parameters of the patient-robot system
are shown in Table I. The circular training, an exercise
commonly used in upper-limb rehabilitations, is adopted in
the simulation, and the desired trajectories of the end-effector
are predefined as :{

xd(t) = C cos(2π t
Td

)

yd(t) = 0.4 + C sin(2π t
Td

)
(19)

where xd and yd are the desired position of the robot’s end-
effector. C = 0.15 m is the radius, and Td = 8 s is the
period.

A. Patient’s Stiffness Estimation

In this experiment, the robot’s impedance controller are
set as Krx = Kry = 150 N/m, Brx = Bry = 50 N · s/m.
The torques provided by the robot and the patients are input
the simulation model of the upper-limb rehabilitation robot.
The robot’s joint angle position, velocity are recorded. As
in the previous section, the patients’ forces are modeled by
the impedance control. To simulate a real situation, we add
a disturbance term to the patient’s force. Since the stiffness
can depict the level of the patient’s strength better, in this
simulation, we keep the value of damping fixed and the value
of stiffness varied between 50 N/m and 100 N/m. The length
of time window is set as 50 ms (N = 50) and the frequency
of data recording is 1000 Hz.

Fig. 3 shows the results of the estimation of the patient’s
stiffness. Both the X-axis and Y -axis estimation values can
track the real value of the stiffness. In addition, Table II
shows that both RMS errors are less than 1.718 N/m, and
the MAX error is less than 6.987 N/m. The results verify
the feasibility of using the least square method to estimate
the patient’s impedance, and provide the possibility for the
implementation of the adaptive impedance controller.

TABLE I
THE SYSTEM PARAMETERS IN SIMULATION

l1 0.30 m m1 0.629 kg
l2 0.30 m m2 0.629 kg
l3 0.40 m m3 0.815 kg
l4 0.40 m m4 0.815 kg
l5 0.37 m m5 1.785 kg
l6 0.35 m m6 1.887 kg
d1 0.06 m −− −−
d2 0.85 m −− −−

TABLE II
THE ROOT MEAN SQUARE(RMS) ERROR AND THE MAXIMUM(MAX)

ERROR OF PATIENT’S STIFFNESS ESTIMATION

Patient Stiffness RMS error(N/m) MAX error(N/m)
X-axis 1.718 6.987
Y -axis 1.505 3.607

B. Verification of Optimal Impedance Control

As shown in Section 2.3, the reward function combines
the patient’s efforts and the training errors. The optimal
robot stiffness, which is calculated based on the estimation
of the patient’s stiffness, is used to maximize the reward
function. To verify the performance of the proposed adaptive
impedance control, we consider the following two condition-
s:

(a) the values of the patient’s stiffness are set to be
constant (Khx = Khy = 50, 75, 100 N/m);

(b) the values of the patient’s stiffness are varied from
50 N/m to 100 N/m;

In the following simulation, we chose Brx = Bry =
50 N · s/m, Bhx = Bhy = 10 N · s/m and Khx = Khy,
Krx = Kry . The other parameters of the adaptive impedance
control are shown in Table III. To compare the different robot
impedance controllers, some indicators are defined as:

R =
1

Te − Ts

∫ Te

Ts

r(t) dt (20)

FV =
1

Te − Ts

∫ Te

Ts

FT
h V (t) dt (21)

E =
1

Te − Ts

∫ Te

Ts

∥e(t)∥2 dt (22)
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Fig. 3. Patient’s stiffness estimation(above is X-axis stiffness, below is
Y -axis stiffness.)

where R, FV , and E are the means of the reward function,
the patient’s effort and the tracking error, respectively. To
avoid the influence of the initial response of the system, the
integration time Ts is set as 10 s, and Te is the end time of
the simulation.

TABLE III
THE PARAMETERS OF THE ADAPTIVE IMPEDANCE CONTROLLER

η a1 a2 Kmin Kmax

0.3 0.1 W 0.05 m 0 N/m 400 N/m

a) To simulate the different levels of the patient’s strengths,
we consider three different values of the patient’s stiff-
ness (Kh=50, 75, 100 N/m). Meanwhile, we choose some
different values of the robot’s stiffness for each of the patien-
t’s stiffness, which include the optimal stiffness calculated
by (17). The results of the simulation are shown in Fig. 4,
where the average rewards rise first and then decline with
the increasement of the robot’s stiffness. The red circles
represent the optimal robot stiffness corresponding to the
patient’s stiffness. It can be seen that the optimal values are
located at or extremely close to the peak of waves. On the
other hand, the increasement of the patient’s stiffness results
in the increasement of the reward function for the same
Kr. As shown in Fig. 5, more robot’s assistance produces
less tracking error, while the patient’s efforts are restrained.
It should be noted that the efforts of the patient become
negative when the robot stiffness is too large. The negative
efforts mean the patient’s active forces are less than passive
forces. In other words, the robot provides so much assistance
that the patient forms dependence on the robot during the
rehabilitation training.

b) To validate the performance of the proposed adaptive
impedance control method, we change the values of the
patient’s stiffness between 50 N/m and 100 N/m to simulate
the variation of patient’s strengths during the rehabilitation
training. The adaptive impedance controller is compared
with some constant impedance controllers, which are chosen
with different stiffness. The implementation of the adaptive
impedance control is based on the estimation of the patient’s
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Fig. 4. Average reward in fixed patient’s stiffness. The red small circle
is the point of the optimal robot stiffness corresponding to the patient’s
stiffness.
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Fig. 5. Average effort and error in fixed patient’s stiffness

stiffness. As shown in Fig. 6, the maximal average reward
is located at the Kr = 150 N/m among these constant
impedance controllers. However, the average reward of the
adaptive impedance control is far greater than all of the
constant impedance controllers. That verifies the proposed
adaptive impedance has the potential to promote the reward.
The patient’s stiffness and the calculative optimal robot
stiffness are show in Fig. 7, where there is a significant
inverse correlation between the robot stiffness and the pa-
tient’s stiffness. The increasement of the patient’s voluntary
participation results in the decline of the robot stiffness,
and vice versa. Thus, the adaptive impedance can achieve
the goal of assist-as-need therapy, in which the robot will
not provide assistance unless the patient can not complete
the desired task. Meanwhile, it is noted that some slight
fluctuations are found in the local of the robot stiffness curve,
which may be caused by the inaccurate estimation of the
patient’s impedance. But it does not impact the conclusion
that the performance of the adaptive impedance controller is
better then the constant ones.

IV. CONCLUSION

In this study, an adaptive impedance control is proposed
and implemented for an upper limb rehabilitation robot with
simulation experiment. We present a procedure to calculate
the optimal robots stiffness based on the estimation of
the patients stiffness. The simulation results show that the
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optimal stiffness achieve more mean rewards then others.
Moreover, the adaptive impedance controller is capable of
rapidly adapting to the changing of the patient’s stiffness.
Although the simulation results show a satisfactory perfor-
mance of the proposed method, it is necessary to investigate
its effect on actual robot devices. In future work, we will test
the proposed method on the prototype of the CASIA-ARM
with healthy subjects and patients, and then focus on the
clinical work to enhance the patient’s voluntary participation
and improve the therapeutic outcome. In clinic therapy, it
may be necessary to adjust the reward function for different
patients. For an example, if patients have great strength but
poor coordination, we can decline the parameter η to pay
more attention to the accuracy of rehabilitation therapy.
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