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Abstract— End-effector type robots have been popularly
applied to robot-aided therapy for rehabilitation purpose.
However, those robots have a key drawback for the purpose:
lack of the user’s posture (joint angle) information. This paper
proposes a novel end-effector rehabilitation robot system that
contains a contactless motion sensor to monitor upper- extremity
posture during robot-aided reaching exercise. The sensor allows
the posture estimation without complicated procedures but has
an inaccuracy problem such as occlusion and an unreliable
segment length. Therefore, we developed a posture monitoring
method, which is an analytical method without training
procedure, based on the combined use of the information
obtained from the sensor and the robot. Eight healthy subjects
participated in the experiment with planar reaching exercise for
validation. The results of joint angle estimation, high correlation
coefficient (0.95 ± 0.03) and small errors (3.55 ± 0.70 deg), show
that the proposed system can provide affordable upperextremity posture estimation.

I. INTRODUCTION
Since robots are able to provide task-specific, repetitive
and intensive exercise to stroke patients, robot-aided therapy
has been widely used for rehabilitation purposes [1-3]. The
rehabilitation robots are classified into two types: end-effector
type and exoskeleton type [1]. In reaching movement exercise
for upper-extremity (UE) rehabilitation, the end-effector type
robots show better clinical applicability due to their easy
adaptation, simple structure, and compact size [2]. However,
those robots cannot monitor the correctness of the user’s
(patient’s) UE posture during the reaching exercise because of
the lack of the user’s UE joint angle information. Many studies
which used the joint angle as a main feature for clinical
assessments on UE motor function [4, 5] support that this lack
is a key drawback of end-effector type rehabilitation robots.
In order to overcome this drawback, several studies
estimated the UE kinematics by using inertial sensors or
electro-goniometers attached to the user’s arm [6-10].
However, the alignment of the sensors to body segments
should be ensured for accurate estimation. Moreover, their
required procedures have inconveniences, such as sensor
attachment and initial sensor calibration. In addition, the
number of sensors used would be increased for more joint
angle estimations. There were attempts to estimate UE joint
angles based on a simple inverse kinematics approach [11, 12].
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However, those approaches required the assumptions on
several strict motion/posture constraints, such as no trunk
(shoulder girdle) movement and fixed shoulder abduction
angle, which are different from natural reaching movement in
activities of daily living [11, 12].
Since an RGB-D sensor that is vision-based and
contactless type has the advantages of solving various
attachment issues (i.e. misalign, time-consuming, manpower,
skin artifact) and calibration issue [10-12], it could be a
solution to those problems. However, the tracking accuracy of
the sensor is limited when there are obstacles between the
sensor and the subject [16]. In end-effector type rehabilitation
robot, the users hold the handle of the robot when they perform
robot-aided reaching exercise. Thus, the robot could be a
significant obstacle to track their UEs using the sensor. This
tracking inaccuracy can be improved by using a network of
cameras with multi-camera calibration [17,18], but the
calibration would be inadequate to be applied in the clinical
setting. Several studies report with machine (deep) learning
methods, such as convolution neural network [16,19-22], and
even RGB images without depth map have been applied to
estimate human posture [23-26]. Even though those studies
resulted in improved tracking accuracy with appropriate
training data and training processes, it still has not been
verified whether those deep learning results with healthy
dataset only could be effective in the rehabilitation areas with
patients or not. In addition, it is difficult to collect sufficient
and reliable patient dataset [5].
Therefore, we propose a novel end-effector robot system
that enables the robot to monitor the user’s UE posture (joint
angles) during robot-aided planar reaching exercise. The
proposed system contained an RGB-D sensor, and the UE joint
angle estimation of the system was not based on machine
learning but an analytical method that is the combined use of
the RGB-D sensor information and the position information of
the robot end-effector. It was based on the idea that the robot
can accurately provide the position of the end-effector
connected to the user during the exercise, while the RGB-D
sensor cannot due to the obstacle issue of the sensor. This
estimation method also included an attenuation scheme for
severe inaccuracy. The proposed system was evaluated
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Fig. 2. Inaccuracy problem (blue: expected skeleton of the actual body,
green: tracked skeleton from the sensor); (a) inaccuracy of forearm; (b)
inaccuracy of whole arm (severe case)

(a)
(c)
Fig. 1. Proposed system; (a) robot (white box), RGB-D sensor (black box),
frame (blue box) and handle (yellow box); (b) custom handle; (c) planar
reaching exercises and each reaching direction index

through the experiment on robot-aided planar reaching
movement with eight healthy subjects.
II. PROPOSED ROBOT SYSTEM
A. Proposed end-effector robot system
The proposed system, which consisted of an end-effector
type robot for UE rehabilitation and an RGB-D sensor for
human skeleton tracking, is shown in Fig. 1a. A commercial
robot, HapticMaster (Moog FCS Robotics, The Netherlands),
was used as the robot, and we used a custom handle in Fig. 1b,
which was developed by our research group for planar
reaching exercise by holding the user’s wrist and providing
gravity compensation (Fig. 1b). Note that this robot was used
as a platform for robot-aided reaching exercise [27].
As mentioned, the RGB-D sensor is a promising
measurement to obtain the user’s joint angles based on human
body skeleton tracking. We used Kinect V2 (Microsoft, USA)
as the sensor. The sensor was installed in the robot for
capturing the user’s whole upper body by using a customized
rigid frame, in order to fix the position and the orientation of
the sensor (Fig. 1a).
Through the feasibility test (planar robot-aided reaching
exercise) of the system, as shown in Fig. 1c, we found that the
RGB-D sensor cannot be directly used for UE posture (joint
angle) estimation due to the following problems.
B. Inaccuracy problem and its characteristics
In the feasibility test, the RGB-D sensor tracked the human
body, but it suffered from the inaccuracy problem, such as
occlusion. When the problem occurred, there was a
discrepancy between the tracked body and the actual body, as
shown in Fig. 2. The main reason of the inaccuracy problem is
twofold; the robot arm partially blocks the sensor’s view on
the subject’s body part, and it is difficult to distinguish
between the human arm and the robot arm due to their similar
depth values (distance from the sensor) under a certain upper
arm posture [28,29]. Since the planar reaching exercise using
the proposed system is conducted with the connection of the
robot arm and the user’s arm, this problem occurred more
frequently than in other environments.

Fig. 3. Unreliable segment length during reaching exercise

The discrepancy due to the inaccuracy problem results in
an unreliable segment orientation. Fig. 2a shows the unreliable
forearm orientation. Since the user’s forearm was connected to
the handle in the proposed system, the problem majorly
affected the forearm detection. However, we also found that
the problem occasionally extended to the whole arm detection
(severe inaccuracy). In this severe case, we also could not rely
on the upper arm orientation, as shown in Fig. 2b and sudden
change of UE posture occurred resulting in an abnormal
angular velocity of the UE joints.
We also found that the length of the upper arm and forearm
obtained from the sensor was not consistent in the feasibility
test, as shown in Fig. 3. It was significantly varied and
significantly shorter (up to 70 mm) than actual segment length,
which can be manually measured based on bony landmarks
(lateral acromion, lateral epicondyle of elbow, and wrist
styloid process).
Another important characteristic of the proposed system
we found was that the shoulder was free from the inaccuracy
problem. The shoulder position was always stable during the
test, and there was no tracking loss. Note that the tracking loss
means the cases when the sensor data obtained by Kinect SDK
(Microsoft, USA) gives ‘inferred’ or ‘not tracked’ tracking
state.
III. POSTURE MONITORING METHOD
To solve the inaccuracy problems above, we proposed a
novel analytical method to estimate the joint angle. It contains
an elbow estimation method based on the combined use of
kinematic data from the RGB-D sensor (shoulder position and
upper-arm orientation) as well as from the robot (wrist
position). For this combined use of two independent data
sources, we obtained a homogeneous transformation between
the sensor and the robot. Furthermore, an attenuation scheme
was developed as a remedy to severe inaccuracy case, which
could make the sensed upper arm orientation unreliable, in
order to improve the performance of the estimation method
A. Finding homogeneous transform
In the target system, there are two coordinate systems: the
robot {R} and the sensor {K}. We chose the robot coordinate

(a)
Fig. 5. Schematic diagram of attenuation scheme to find elbow during severe
inaccuracy – Epre: estimated elbow E right before severe inaccuracy case.
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Fig. 4. Elbow position estimation method; (a) schematic diagram of the
upper extremity – S: shoulder, W: wrist, E*: sensed elbow, E: estimated
elbow, Ec: circle with candidates of E; (b) method to find one point E in Ec –
Q: point where extension of SE* meets plane-A. Note that orientational
difference between SE*(sensed upper arm) and SE (estimated upper arm) is
exaggerated for clear understanding.

as a reference of the system and obtained the coordinate
relationship between {R} and {K}, ( TKR ), which represents
the sensor’s body tracking information based on the reference
coordinate by using a well-known camera calibration with
chessboard images [30] and a least-squares method [31]. It
should be noted that this calculation is only required when the
sensor needs to be re-installed thanks to the rigid frame in Fig.
1a.
B. Elbow position estimation method
The main idea to solve the orientation and segment length
inaccuracies was to use the robot’s end-point position, instead
of the corrupted joint information of the RGB-D sensor. With
the assumption that the end-point position is identical to the
user’s wrist that is connected to the robot, we can know the
wrist position from the robot accurately and consistently,
regardless of environmental conditions. From the
characteristics of the inaccuracy problem in Section II.B, we
also can trust the shoulder position obtained from the sensor.
Therefore, we need a method to estimate the elbow position by
combining the wrist and shoulder positions.
Fig. 4a shows the schematic diagram of the upper arm,
where W=[wx wy wz]T and S=[sx sy sz]T, and E*=[e*x e*y e*z]T
denote the position vector of the wrist, shoulder, and elbow
respectively. Here, E* is measured by the sensor, but the
proposed method is required to estimate elbow position E=[ex
ey ez]T, which would be different from E* due to the previously
mentioned sensor problems. Note that all vectors (W, S, E*
and E) are represented based on {R}.
As mentioned, S and W are known, and we can measure
the length of the forearm (lf) and upper arm (lu). Therefore, the
candidates of E can be represented as a circle (Ec), and U=[ux
uy uz] T is defined as the center position vector of Ec (Fig. 4a).
Thanks to the cosine 2nd law in a triangle SEW, the relative
angle between SU and SE can be obtained as follows:

SW  lu 2  l f 2

.

2 SW l f

(1)

We need to determine a point along Ec to estimate elbow
position E. Of candidates in Ec, we chose the point that is the
closest to the point Q=[qx qy qz] T, where the extension of SE*
(upper arm vector measured by the sensor) meets the plane that
contains Ec, as illustrated in Fig. 4b. This approach comes from
the following assumption: the orientation of SE* is at least
reliable even under occlusion. It was due to the characteristics
we found in Section II.B that the sensor mostly provides
reliable upper arm orientation except for the severe inaccuracy
cases.
To derive the plane equation that contains Ec, we need to
know the unit vector of SW and a point on the plane, such as
U. The unit vector can be defined as follows:
n  [nx n y nz ]T


SW
SW

=

W - TKR S K
W-S
=
W-S
W - TKR S K

,

(2)

where SK denotes the shoulder position vector described by
{K}. Note that we measured SK using the sensor and, SK can
be transformed to S by using TKR that was obtained in Section
III.A. U can be obtained as follows:

U = SU + S =  lu cos  n  S .

(3)

From (2) and (3), the equation of the plane (plane-A in Fig.
4b) can be obtained as follows:

nx x  ny y  nz z    0 ,

(4)

where  = nxux+nyuy+nzuz.
To obtain Q, we derived the extension of SE* (line) from
SE* (Fig. 4b), as the following equations:
y  sy
x  sx
zs
 *
 * z .
*
e x  sx e y  s y e z  sz

(5)

Hence, Q can be obtained by combining (4) and (5), as:
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where βj = 1 / (e*j  sj).
Since E is the point where UQ meets Ec (Fig. 4b), we can
finally obtain E as follows:
UE = UE (UQ / UQ )  lu sin (UQ / UQ ) ,

(7)

E = UE + U .

(8)

This method aims to estimate the elbow position robustly,
but its performance would deteriorate with the severe cases
(significant corrupted E*), which makes the assumptions on
the use of the upper arm (SE*) orientation in this subsection
invalid.
C. Attenuation scheme for severe inaccuracy cases
We need an additional remedy against the severe cases.
Since the characteristic of the cases is a sudden change of the
upper arm posture, as mentioned in Section II.B, the angular
velocity between the trunk vertical axis and the upper arm was
chosen as the indicator. We detected the start of the severe case
when the angular velocity was larger than a threshold that was
set as 22 (°/s) based on the angular velocity under the fastest
reaching task in the feasibility test and determined the end
when the angular velocity was smaller than -22 (°/s).
The target task of this study is that the user holds the handle
of an end-effector type robot and perform planar reaching
exercise. Due to the planar motion, the variation of the vertical
height of elbow (ez) becomes negligible compared with that of
ex and ey. Hence, during the period of the severe cases, we
assumed that ez is maintained as the z-component of the last E
before occurring the cases (Epre= [epre,x epre,y epre,z]T). Here, the
x-y plane including Epre (plane-B), as illustrated in Fig. 5, can
be represented as follows:

z  epre, z .

(9)

Since Ec on plane-A is the candidate of E, with the ez
assumption, there are two possible E in the intersection
between Ec (lying on plane-A) and plane-B (Fig. 5), derived
by using (4) and (9) as follows:

nx x  ny y    nz epre, z .

(10)

As the length of UE is the radius of the circle, we can
obtain the following equation:

UE  lu sin   ( x  ux )2  ( y  u y )2  (epre, z  uz )2 (11)
By combining (10) and (11), we can obtain the two
possible E (E1, E2) (Fig. 5). Of those, we opted to the closer E
to Epre, where the following minimum is attained:
min( E pre  E1 , E pre  E 2 ) .

(12)

D. Upper-extremity posture monitoring
From the method above, we can obtain the upper body
skeleton data (joint positions) with compensated elbow, and
wrist regardless of the problems of the RGB-D sensor, as
mentioned in Section II.B. Based on the position information,
we can monitor the user’s UE posture by using the UE joint
angles estimated, which will be shown next Section. Since the
target task of the estimation is planar reaching exercise using

the handle (Fig. 1b), we assumed that the following
movements dominantly appear: elbow flexion/extension and
shoulder abduction/adduction/flexion/ extension [32].
IV. EXPERIMENTAL VALIDATION
A. Experiment
We conducted experiments to validate the proposed upper
arm joint angle estimation system. For that, eight healthy
subjects (five males; height 168.1  6.6 cm, three females;
height 160.7  3.7 cm) participated in the experiment. All
subjects performed three sessions (# of trials) of planar robotaided reaching exercise in 8 directions, for the feasibility test
(Fig. 1a). In a session, the subjects were instructed to make
trunk movement during the exercise for mimicking the
behaviors of stroke patients [33]. Note that the robot provided
a transparent environment for the reaching exercise by using
an admittance control to implement minimal impedance.
As the outcome to evaluate the accuracy of upper arm joint
angle estimation, we opted to 1 elbow and 2 shoulder joint
angles, as mentioned in Section III.D. The joint angles
estimated by the proposed method were compared with 1) the
joint angles measured by the sensor only through Kinect v2
software development kit (Microsoft, Redmond, WA, USA)
(sensor only), 2) the angles estimated by simply combining the
shoulder and the elbow kinematic data from the sensor and the
wrist kinematic data from the robot without the proposed
method in Section III (sensor+robot), and 3) the actual angles
collected by a motion capture system (Bonita, Vicon, UK)
with infrared markers attached to the subject’s upper arm
landmarks (lateral acromion, lateral epicondyle, and wrist
styloid process [34]) (mocap). Note that the ‘sensor+robot’
result is the same as the result of ‘sensor only’ except wrist
joint. Based on the actual angles (mocap), we calculated the
correlation coefficient (CC) and the root mean square error
(RMSE) for the comparison. Based on the RMSE dataset of
each method, paired t-tests for elbow flexion and shoulder
abduction and Wilcoxon signed-rank test for shoulder flexion
were conducted to find a statistical difference in the estimation
accuracy between methods. In addition, to check the possible
effect of reaching direction to the posture estimation
performance of the proposed method, Kruskal-Wallis H test
was performed for each joint angle by using the RMSE dataset
of each direction.
B. Results
Fig. 6 is the comparison results of estimated joint angles
with the best and the worst subjects. In all joints, the proposed
system shows the most similar joint angles to the actual angles.
One can find that the simple combined use of the RGB-D
sensor and the robot (sensor+robot) cannot be a solution
without the proposed monitoring method, while it is better than
the raw data of the sensor (sensor only) (Fig. 6).
The quantitative comparison results for all subjects were
summarized in Table I. The proposed system provides the best
correlated angles to the actual angles in all joints, and the
RMSE results show the significantly improved accuracy of the
proposed method in elbow flexion and shoulder flexion
(p<0.001). There was no significant difference in the accuracy
of shoulder abduction (p=0.652).

Fig. 7. Representative comparison results of estimated joint angles with
attenuation scheme
(a)

TABLE II
COMPARISON OF JOINT ANGLE ESTIMATION ACCURACY
UNDER SEVERE INACCURACY CASES

Elbow
angle
Sensor
only
Sensor
+robot
Proposed
system

SHOULDER
ABDUCTIO
N

Shoulder
flexion

CC
RMSE (deg)
CC
RMSE (deg)
CC

0.544
30.95
0.403
17.58
0.969

0.310
14.65
0.310
14.65
0.960

0.299
15.12
0.299
15.12
0.918

RMSE (deg)

3.57

4.69

3.04

estimated UE posture (Fig. 8). Table II summarized the overall
comparison results within the severe inaccuracy cases. Along
with the elbow joint, the estimation accuracy of shoulder joint
angles was also significantly improved. The results show that
the attenuation scheme in the proposed system can robustly
estimate shoulder joint angles against a highly corrupted elbow
position under the severe cases.
(b)
Fig. 6. Comparison of estimated joint angles with (a) the best subject and (b)
the worst subject
TABLE I
COMPARISON OF JOINT ANGLE ESTIMATION ACCURACY
SHOULDER
Elbow
Shoulder
ABDUCTIO
angle
flexion

As to the elbow flexion, there were statistically significant
differences in the estimation performance between reaching
directions (p=0.001): between 1 and 4 (p=0.033), 1 and 7
(p=0.015), and 2 and 7 (p=0.042). As to shoulder abduction,
there was a significant difference (p=0.007): between 2 and 6
(p=0.030). On the other hand, there was no significant
difference in shoulder flexion (p=0.120).

N

Sensor
only
Sensor
+robot
Proposed
system

CC
RMSE (deg)
CC
RMSE (deg)
CC

0.734
31.11
0.904
17.688
0.979

0.919
4.42
0.919
4.42
0.965

0.773
8.81
0.773
8.81
0.913

RMSE (deg)

4.45

3.44

2.75

The performance of the attenuation scheme included in the
monitoring method is displayed in Fig. 7, which is the result
of another subject who often suffered from the severe
inaccuracy cases. Note that the periods of detected severe
cases were illustrated as the shaded area in Fig. 7. Despite the
significant effect of the cases, the result shows that the
proposed system can successfully attenuate the effect due to
the scheme, and result in a noticeable correction of the

V. DISCUSSION
Although the proposed system needs an RGB-D sensor
additionally, the monitoring method that also includes the
attenuation scheme resulted in an affordable estimation of UE
posture (joint angles), which is comparable to existing studies
with inertial sensors [6-8].
Another promising benefit of the proposed system is that
the monitoring method developed can be easily extended to
estimate other body segments, such as the trunk. For instance,
it has been reported that the patient’s abnormal arm and trunk
postures/motions, called compensatory movement [33],
during the reaching exercise causes a side effect [34,35].
Therefore, the proposed system could be applied to classify

Fig. 8. Estimated upper extremity posture

and evaluate the compensatory movement by monitoring the
synergy of trunk and arm motion in order to prevent the side
effect without a clinician.
The statistical analysis showed that there were significant
differences in the performance of the proposed UE posture
monitoring method between reaching directions. However,
those differences only appeared in three direction pairs in
elbow flexion and one pair in shoulder abduction, and even
no difference in shoulder flexion. Those results imply that the
proposed method does not highly depend on reaching
direction.
For the monitoring method, we assumed that the wrist
motion is negligible due to the handle of the robot (Fig. 1b).
During the experiments, actual wrist motion measured by
motion capture system was well attenuated (about 1° on
average and less than 5°), and thus it could not noticeably
affect the performance of the monitoring method. Based on
the characteristic of the sensor we found in Section II.B, we
also assumed that the orientation of the sensed upper arm (SE*)
is at least reliable even under occlusion. The data collected in
the experiments showed the small orientational differences
between the actual and the sensed upper arm (about 4°). This
result quantitatively supports the assumption.
Another hypothesis we used was that the shoulder tracking
of the RGB-D sensor is reliable, which is based on our findings
with the proposed system. In the experiments, we also found
that there was no tracking loss of shoulder joint, even with the
severe inaccuracy cases. This result could indirectly support
the hypothesis, but the hypothesis needs to be validated with
more concrete analysis. Regarding this hypothesis, a possible
limitation of the analysis in this paper is that the coordinates of
the shoulder center tracked with the sensor would be different
from the one achieved with the marker on the acromion.
There have been some attempts to solve the inaccuracy
problem (including occlusion) of the RGB-D sensor by
improving its tracking accuracy through deep learning
[16,20]. However, they require training data and their target
environments were quite different from the environment of

this study (constituting robot as a significant obstacle).
Although several attempts applied additional sensors or
markers to increase the tracking accuracy [36-38], this study
has used accurate and consistently available robot data to find
a target-oriented solution without use of the attached sensors
or markers.
Instead of the proposed elbow position estimation method,
it would be possible to use a simple inverse kinematics if the
elbow (and forearm) always located on the plane of planar
reaching movement [11,12]. However, in contrast to the
proposed method, this approach strictly requires no wrist
motion, and it could cause the failure of the estimation with
segment length measurement error.
In this study, the proposed system was developed based on
rich experiences on the RGB-D sensor of our research group
[5, 39,40] and the characteristic of the inaccuracy problem
found by the feasibility test. To our knowledge, there has been
no study investigating these characteristics, so this study
could also contribute to developing a better combined use of
the sensor and the robot.
VI. CONCLUSION
This paper shows that the proposed end-effector robot
system can overcome the limitations of the existing endeffector robot for rehabilitation purposes: no possible
monitoring of the user’s UE posture correctness during
reaching exercise. Thanks to the novel elbow position
estimation method and the attenuation scheme against severe
inaccuracy cases, the proposed robot system provides robust
monitoring of UE posture without any inconvenience.
There are several directions for future research. The
existing studies for general arm reconstruction used 6 or 7
degrees-of-freedom human arm model, and estimated each
joint angle [7, 8], while this paper focused on the minimal
required (three) joint angles for planar reaching exercise.
Moreover, the scheme to attenuate the severe case was also
developed based on the planar movement. Hence, we need to
investigate how to extend the proposed system to the general
reaching task considering more joint motions, such as forearm
pronation/supination. Even though the main application of the
proposed system is the reaching exercise for stroke patients,
only healthy subjects participated in this study. Therefore,
more diverse populations, including stroke patients who have
motor disabilities, would be required to strengthen the
validation of the proposed system. In addition, the target of
the proposed robot system needs to be extended, such as
classifying and evaluating the compensatory movement.
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