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The measurement of hand kinematics is important for the assessment and rehabilitation of the paralysed
hand. The traditional method of hand function assessment uses a mechanical or electronic goniometer
placed across the joint of interest to measure the range of joint movement. Mechanical goniometers
are imprecise and lack the ability to provide a dynamic measurement; electronic goniometers are
expensive and cumbersome to use during therapy. An alternative to the goniometric based assessment
is to use inertial motion sensors to monitor the hand movement—these can be incorporated in a glove.
In this paper, we present the design of an instrumented glove equipped with Magnetic, Angular Rate
and Gravity (MARG) sensors for the objective evaluation of hand function. The instrumented glove
presented in this paper is designed to assess the range of movement of the hand and also monitor
the hand function during the course of hand rehabilitation. Static and dynamic calibrations were
performed for the Euler angles calculated from the MARG sensors. The results are also presented for
physiological flexion/extension of the wrist (relative roll), flexion/extension of elbow (relative pitch),
and internal rotation/external rotation (relative yaw). The static calibration results gave mean absolute
errors of 4.1◦ for roll, 4.0◦ for pitch, and 4.6◦ for yaw. From the dynamic calibration, the speed of
response to a step change gave a convergence time of 0.4 s; sinusoidally oscillating movement gave
good tracking at 0.2 Hz but exhibits overshoot errors at higher frequencies which were tested to be
1 Hz. We present the results of the calibration of the instrumented glove (one sensor pair measuring
one joint angle) measuring anatomical joint angles—mean absolute errors during static calibration:
6.3◦ for a relative roll (wrist flexion/extension), 5.0◦ for relative pitch (elbow flexion/extension), and
4.5◦ for relative yaw (shoulder internal rotation/external rotation). The experimental results from the
instrumented glove are promising, and it can be used as an alternative to the traditional goniometer
based hand function assessments. Published by AIP Publishing. https://doi.org/10.1063/1.5038601

I. INTRODUCTION

Objective assessment of the motor function of the hand is
performed primarily using goniometers (electronic or mechanical) during the course of hand recovery from a neurological
impairment. The therapist positions the goniometer on both
sides of the joint of interest to measure the range of movement. The results are recorded manually. Goniometer based
assessment of the motor function is simple and can be readily
employed in clinical settings, but is prone to be inaccurate and
time consuming. Also, certain clinically relevant features such
as speed of movement and quality of movement (presence or
absence of tremor) are paid little or no attention due to the lack
of measurement devices or because of the time needed for the
assessment.
An alternative to the traditional method of hand assessment using a goniometer is the use of sensor embedded gloves
that can quantify the movement kinematics-movement range,
joint velocity (angular/linear), quality of movement, etc., of
the human hand. Glove based systems reduce the time and
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effort needed for the assessment and enable easy assessment
of functional tasks. Kinematic data obtained from glove based
systems can be recorded for further analysis. Glove based systems are widely known as Data Gloves and are being used in
applications such as rehabilitation medicine, entertainment,
education, 3D modeling, and virtual reality (VR).1 Taylor
and Curran2 provided a brief summary of glove based and
non-glove based systems that are used in hand rehabilitation.
The authors also emphasize the need for a user specific glove
design to meet the user and therapist expectations and provide
a portable, affordable design using LEAP (LEAP sensor from
Leap Motion Inc. USA) motion controllers.
In the last few decades, researchers have developed different types of Data Gloves for monitoring the hand function. Boian et al. described the design of a virtual reality
system using the CyberGlove and Rutgers Master II-ND haptic glove for the rehabilitation of chronic stroke patients.3
Chuang et al. presented the design of a virtual reality based
data glove equipped with fiber optic finger bend sensors for
the objective analysis of the hand function.4 Humanglove
was developed for the functional assessment and monitoring of the hand function during the course of rehabilitation.5 The design of a grasp-assistive glove was proposed
and was used along with either a functional electrical muscle

89, 105001-1

Published by AIP Publishing.

105001-2

Mohan et al.

Rev. Sci. Instrum. 89, 105001 (2018)

stimulator or a robotic device (ADLER) for people with
stroke.6 The Shadow Monitor 7 and the sensory glove8 use
piezo-resistive sensors for the functional hand assessment,
but the use of both these glove based systems is limited to
the assessment of fingers. Park reported the design of a data
glove and its performance analysis using a 3D graphic interface for the upper-extremity (fingers and wrist) rehabilitation.9
Golomb et al. presented the results of home based virtual reality telerehabilitation for children and adolescents with cerebral
palsy using a 5DT glove.10 The accessibility and lower cost
for in-home therapy may benefit the study population on a
large scale and have to be addressed systematically. We have
reported earlier the results of the design of a sensorized glove
equipped with peizo-resistive sensors, optical linear encoders,
and a 3-axis accelerometer for monitoring hand rehabilitation
therapy for people with stroke.11 Friedman et al.12,13 presented
the design of a wearable glove (“Music Glove”) for training isometric grip and functional hand movements. O’Flynn
et al.14 presented the design of a smart glove for monitoring the
hand function, but it is only suitable for able bodied individuals. Shin et al.15 described the use of the Rapael Smart Glove
with VR for providing hand rehabilitation therapy. Although
the results are promising, the expensive price of the glove along
with accessories limits its use for a wider population. Placidi
et al. proposed a virtual glove system using two orthogonal
LEAP motion controllers for the rehabilitation of the stroke
hand.16
A comparison of commercially available glove based
systems is also presented here (see Table I).
The major drawbacks of the existing Data Gloves are
• Poor usability of the device—Donning and doffing of
glove should be made easier for people with neurological
impairments and musculoskeletal disorders.
• Poor portability to rural/home based settings—Home
based devices will provide more access to hand

rehabilitation therapy and will lower the cost associated
with the therapy.
In this paper, we present the design of an inertial motion
sensor based, portable instrumented glove (i-Glove) for people
with neurological impairments and musculoskeletal disorders.
The i-Glove is designed to
1. Measure the distal hand function of people with neurological impairments
• Measurement of clinically relevant features (range
of motion, tremor, etc.).
2. Monitor the continuous movement of the hand in the
physiological range.
The device can be employed in a variety of clinical settings where the objective is to (a) quantify and evaluate the
effectiveness of a clinical intervention to improve the hand
function or (b) to complement clinical intervention, for example, by a direct biofeedback or by using the i-Glove data to
drive an interactive virtual reality game.
II. METHODS

During physical rehabilitation therapy, gross hand movements are developed during the initial stages of motor recovery
and are followed by fine movements. The therapist would
like to optimize the hand rehabilitation therapy for training
patients. The requirement of a portable hand rehabilitation
device which can track the effect of hand rehabilitation forms
the design requirements of the i-Glove and are listed based on
its degree of importance in Table II.
In Table II, IP = Inter-Phalangeal joint, CMC = CarpoMeta-Carpal joint, DIP = Distal Inter-Phalangeal joint, PIP
= Proximal Inter-Phalangeal joint, MCP = Meta-CarpoPhalangeal joint, RC = Radio-Carpal joint, and RU = Radio

TABLE I. Comparison of glove based systems with HandREPS.
Device

Sensor

Precision

Interface

Features

Cost

NA

Wireless

Capture motion and posture, train functional movements, very expensive
Calibration required, very expensive
Automatic calibration, wireless version available,
cross-platform SDK (Windows, Linux and Mac)
Can fit any hand size, cannot measure small hand
movements, time consuming setup
Calibration required, provide complete SDK for
custom design, provide full network support to
run the application using the data from an another
machine
No calibration, wireless version available, arm
tracking with optional component
Lightweight, trains functional hand movements
No calibration required, low cost, limited to healthy
subjects
Calibration required, portable, can fit any hand size,
anatomical joint angle measurement in a moving
co-ordinate frame

✩15 000

Raphael Smart Glove17

Bend sensors and IMU

Cyber Glove II18
5DT glove 5 ultra19

Piezo-resistive
Fiber optic

<1 deg
10 bit

USB, wireless
Serial, USB

DG5 VHand 3.020

Piezo-resistive

4 bit

USB and Wi-Fi

VMG8/VMG3021,22

Bend sensors

12 bit

USB, Bluetooth

AcceleGlove23

Dual axis accelerometer

6.5 deg

USB

Music Glove12,13
LEAP24

Electrical contacts
Dual IR cameras

10N
32 bit

USB
USB

HandREPS

MARG sensors, absolute
pressure sensor

<5 deg

Bluetooth

✩12 295
✩995
✩800
✩500

✩499
✩399
✩80

<✩250
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TABLE II. Joint articulations of hand and its degree of importance.
Joint

Segment

Movement

Priority

IP
CMC

Thumb
Thumb
Thumb
Thumb
Index
Middle
Ring
Little
Index
Middle
Ring
Little
Thumb

F/H
F/E
Ad/Ab
Opposition
F/E
F/E
F/E
F/E
F/E
F/E
F/E
F/E
F/E
Ad/Ab
F/E
Ad/Ab
F/E
Ad/Ab
F/E
Ad/Ab
F/E
Ad/Ab
F/E
Ad/Ab
P/S

High
High
Intermediate
High
Low
Low
Low
Low
High
High
Low
Low
High
Intermediate
High
Intermediate
High
Intermediate
Low
Low
Low
Low
High
Intermediate
High

DIP

PIP

MCP

Index
Middle
Ring
Little
RC
RU

Wrist
Wrist
Wrist

Ulnar joint; F/H = flexion/hyperextension, F/E = flexion/extension, Ad/Ab = adduction/abduction, and P/S = pronation/supination.
A. Instrument design

Our i-Glove uses MARG (Magnetic, Angular Rate and
Gravity) sensors placed across the joints of interest in the fingers and the wrist. The block schematic representation of the
i-Glove is shown in Fig. 1. For biomechanical assessment, the
convention is to represent the rotation of the distal segment
with respect to the proximal segment. For example, flexion of
the wrist is the angle of the hand (distal segment) to the forearm (proximal segment), as shown in Fig. 2, and rotation of the
forearm is the rotational angle of the forearm (distal segment)
with respect to the upper arm (proximal segment). The orientation data obtained from the MARG sensors are thus expressed
in body coordinates or in an anatomical co-ordinate system. In
the i-Glove, the relative Euler angles are then calculated from

FIG. 1. Block level representation of the i-Glove.

FIG. 2. Body or anatomical co-ordinate system used to understand wrist flexion/extension movement where θ F represents wrist flexion and θ E represents
wrist extension.

the body coordinates (anatomical co-ordinates) and sent every
40 ms to a computer, wirelessly using a Bluetooth device.
The i-Glove is fitted with TDK-Invensense MPU9250
(MARG sensor) to measure the kinematics of the hand.
The data from the MARG sensors are read by a Microchip
dsPIC33FJ128GP804 microcontroller, which calculates joint
angles, as listed in Table II. The joint angles are then sent
to a Personal Computer (PC) using Bluegiga WT12 Bluetooth➤ Class 2 module. The complete system runs on a Nokia➤
BL-5C Li-ion battery, and the average current drawn is about
150 mA (Fig. 3) which translates to about 6.8 h of use on a fully
charged battery with a capacity of more than 1020 mAh—daily
recharging is recommended.
Apart from measuring the segment joint angle described
in Table III, the i-Glove also measures the angular velocity and
linear acceleration of the segment on which MARG sensors
are attached. The quality of movement (presence or absence
of tremor and control of movement) and the speed of movement can be derived using this data and could be used to tailor
the rehabilitation therapy. Focused, patient specific rehabilitation therapy can benefit the user to maximize functional
independence and improve the quality of life of individual.

FIG. 3. i-Glove designed for hand rehabilitation/assessment.
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TABLE III. i-Glove capability to measure joint articulations of the hand with
a higher degree of importance described in Table II.
Joint

Segment

Movement

Capability

IP
CMC

Thumb
Thumb
Thumb
Index
Middle
Thumb
Index
Middle
Wrist
Wrist

F/H
F/E
Opposition
F/E
F/E
F/E
F/E
F/E
F/E
P/S

Yes
No
No
Yes
Yes
Yes
Yes
Yes
Yes
No

PIP
MCP

RC
RU

compass. For a linear sensor model, we use Eq. (1).
 Bx 
M   1
 Rx   Sx 
x

0
0
   Sx
   
My  =  0 S1 0  Ry  −  By  .
(1)
y

 Sy 
  
1   
0
0


B
Mz  
Sz   Rz 
   Szz 
Here M x , M y , and M z are the calibrated sensor module
(accelerometer or gyroscope or magnetic compass) data, and
Rx , Ry , and Rz are the corresponding uncalibrated data from the
sensor module under test in x, y, and z directions. Bx , By , and
Bz are the offset (bias), and S x , S y , and S z are the sensitivity
(scaling factor) of the sensor module under test in x, y, and
z directions.
1. 3-Axis accelerometer

B. User oriented glove design for segment
joint angle measurement

Many of the existing glove based devices are designed
for people with good articulation of the hand which means
the fingers can be flexed to slip into the glove. People with
musculoskeletal disorders or impaired hand may have rigidity
of the fingers, and the fingers may be bent in a claw-like manner
due to the impairment. They find it difficult to don a full glove
and need a modified glove which can be fitted easily producing
minimal discomfort.
Our design of a wearable “glove” is in the form of flexible
finger rings which can be attached to the digits using Velcro straps and produce little or no discomfort to the user.
If the attachment of rings with Velcro is difficult due to
anatomical constraints (e.g., distal segment of the thumb),
clinical grade adhesive paper tape (e.g., micropore) is used
in our experiments. The center of the sensor is about 10 mm
from the center of the finger joints and about 40 mm in the
case of wrist joint. The attachment of MARG sensors on the
finger and wrist to measure hand movements is shown in
Fig. 4.

C. MARG sensor calibration

The MARG sensors need to be calibrated to determine the scale factor and offset (bias) of the individual sensor modules—linear accelerometer, gyroscope, and magnetic

The accelerometer calibration was performed on a leveling platform using a 6-point tumble test. The 3-axis accelerometer data are recorded at 40 Hz from each axis and are averaged
to obtain a single value corresponding to the experiment. The
experiment was repeated thrice on each axis, and the average
value was used to determine the bias and sensitivity of the
accelerometer.
2. 3-Axis gyroscope

The gyroscope is calibrated using a rotary rate table (on a
CNC machine). The rotary table is rotated at three known angular speeds (low—10◦ /s, medium—20◦ /s, and high—33◦ /s),
and the 3-axis gyroscope data are recorded at 40 Hz. The
data collected from the three angular speeds are averaged to
obtain a single value which was used to determine the bias and
sensitivity of the accelerometer.
3. 3-Axis magnetic compass

To minimize the effect of magnetic substances in the vicinity during measurement using a magnetic compass, the 3-axis
compass is subjected to calibration. To obtain the hard iron
bias and soft iron bias (scaling factor), the sensor is moved in
space forming a 3D-hyper sphere. The 3-axis magnetic sensor
was configured to collect data at 40 Hz.
D. Orientation estimation using MARG sensor

Even though we have calibrated all three sensors
(accelerometer, gyroscope, and magnetic compass), any one
sensor itself cannot be reliably used for the estimation of the
segment joint angle of the hand.
• A 3-axis accelerometer can be used to estimate the rotation about the x-axis and y-axis under static conditions
• A 3-axis gyroscope can be used to calculate the rotation about the x-axis, y-axis, and z-axis under dynamic
conditions
• In a homogeneous magnetic field, a 3-axis magnetic
compass can be used to measure rotational vectors
orthogonal to earth’s magnetic field

FIG. 4. Placement of MARG sensors on the hand to measure the finger joint
angle.

The use of any sensor alone for a prolonged duration
results in large orientation errors due to inherent sensor noise
(drift) arising due to different factors (mechanical, thermal,
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and electrical) and errors due to finite numerical word length.
So, in general, we combine the information from two or three
sensors to minimize the error; this is known as “Sensor Fusion”
to predict a better measure of the joint angle. Several sensor
fusion algorithms have been developed for orientation estimation in the presence of noise, and well known among them
are Kalman filters25,26 and complementary filters.27 A method
proposed by Madgwick et al. referred to as the “Madgwick
Filter” has been implemented in the i-Glove. The data from
the calibrated sensor modules (accelerometer, gyroscope, and
magnetic compass) are combined to obtain the quaternion
representing the orientation of the sensor with respect to NorthEast-Down (NED) sampled at time t (the sensor orientation in
NED co-ordinates is indicated by prefixed superscript S representing the sensor frame and prefixed subscript E representing
the Earth frame, and therefore, the quaternion estimate at time
t is written as SE qest,t ),28
S
E qest,t

= SE q̂est,t−1 +SE q̇est,t × ∆t,

S
E q̇est,t

= SE q̇ω,t − β

▽f
.
k▽fk

(2)
(3)

Here SE q̂est,t−1 is the previous estimate of orientation, SE q̇est,t
is the rate of change of orientation, and ∆t is the sampling
period. The results from the 3-axis gyroscope calibration are
used to determine the gyroscope measurement error; the correction coefficient β minimizes the error in the rate of change
of orientation obtained using the gyroscope change (SE q̇ω,t ).
f is the objective function based on accelerometer and magnetometer measurements, and the symbol ∇ indicates the gradient; the objective function is calculated using the gradient
descent.
E. Euler angle estimation

The quaternion representing the sensor orientation with
respect to the global co-ordinate system (GCS) as in Fig. 5
obtained using the Madgwick filter is used to determine the
absolute Euler angles (YZX order). Singularities in the calculation occur when we try to convert the quaternion data
to the Euler angle form. To resolve this problem, we hardcoded the value of the rotation about the z-angle (ψ) around
the singularity region at 90◦ (i.e., to avoid division by zero).
For biomechanical analysis, the convention is to use the
relative joint angle where the rotation of a distal segment is
described with respect to the proximal segment. To obtain
the relative joint angle, first the quaternions representing the
sensor orientation with respect to the GCS are expressed in

FIG. 5. MARG sensor axis alignment in the NED global co-ordinate frame.

the anatomical coordinate system or body coordinate system
(BCS). The sensor to segment calibration is performed for the
same and is summarized in Sec. II E 1. The quaternions representing the sensor orientation with respect to the BCS are
used to determine relative joint angles and are described in
Sec. II E 2.
1. Sensor to segment (fingers/wrist) calibration

Rotations are presented using Euler angles. For a clearer
interpretation of Euler angles, the proximal and distal segments
describing the movements are initially aligned to each other.
The rotation of the distal segment is described with respect to
the proximal segment to obtain the clinically pertinent parameters (flexion/extension/hyperextension, adduction/abduction,
and pronation/supination).29 For the same, the quaternion representing the orientation of the MARG sensor with respect to
the GCS needs to be expressed in terms of the BCS. So a static
pose (position where the orientation of the proximal and distal segments is aligned) is assumed initially where the hand
is kept on a flat neutral position aligning the z-axis with the
direction of gravity,
B
E qest,t

′
= SE qest,t ⊗BS qest,t
.

(4)

Here BE qest,t is the quaternion representing the orientation of the body with respect to the NED frame, SE qest,t is
the quaternion representing the orientation of the sensor with
′
is the quaternion conrespect to the NED frame, and SB qest,t
jugate representing the orientation of the sensor with respect
to the anatomical or body co-ordinate system. The symbol ⊗
denotes quaternion multiplication.
2. Representation of Euler angle
for biomechanical analysis

The quaternion representing the sensor orientation with
respect to the BCS obtained from the sensor to segment calibration is used to determine relative joint angles. In Fig. 6, the
quaternion representing the orientation of the proximal segment (qP ) is MARG 2 and the quaternion representing the
orientation of the distal segment (qD ) is MARG 1. Here,
• The negative x-axis directed distally (tip of the middle
finger)
• The positive z-axis directed dorsally
• The negative y-axis directed radially (orthogonal to X-Z)

FIG. 6. MARG sensor axis alignment in the anatomical or body co- ordinate
system.
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The relative quaternion representing orientation of the distal segment with respect to the proximal segment is obtained
using Eq. (5),
D
P qest,t

= qP∗ est ,t ⊗ qDest ,t .

(5)

Here qP∗ is the conjugate of qP . The quaternion D
P qest,t is
then used to determine joint angles (YZX order). In Fig. 6,
the rotation of Z1 with respect to Z2 forms wrist abduction
and adduction and the rotation of Y 1 with respect to Y 2 forms
wrist flexion/extension.
F. Calibration of Euler angle

Complex calibration methods for the evaluation of MARG
sensors have been proposed by various researchers,30–33 and
the results from these calibrations are not easily interpretable
for use in rehabilitation therapy. We present a simple, reliable
calibration (static and dynamic) method using potentiometers to obtain the reference values to evaluate the performance of MARG sensor(s) measuring Euler angle(s). The
block level representation of the experimental setup to calibrate the MARG sensor(s) is shown in Fig. 7. We employ
MARG sensor(s) and rotary potentiometers for the measurement of the rotation angle continuously. The rotation angles
are sent to the PC wirelessly using a Bluetooth device every
20 ms (i.e., 50 Hz sampling) during static calibration and
25 ms (i.e., 40 Hz sampling) during dynamic calibration. A
triple pendulum arrangement comprising 3 links, each with
one degree of freedom (DoF) rotating about orthogonal axes,
as shown in Fig. 8, is used for the calibration of the MARG
sensor.
To determine the static accuracy of the MARG sensor, we
performed a calibration routine (static and dynamic) where
the rotation of the MARG sensor about x-, y-, and z-axes is
recorded on a computer. During the calibration of the MARG
sensor, the rotation about the x-axis (roll) and y-axis (pitch)
was measured between −180◦ and +180◦ and the rotation about
the z-axis (yaw) was measured between −90◦ and +90◦ . The
dynamic calibration at frequencies (0.2 Hz, 0.4 Hz, 0.6 Hz,
and 0.75 Hz) was performed using the experimental setup
described in Fig. 8. Here, the distal segment was manually
moved in time to a metronome and the process was performed
on x-, y-, and z-axes. Note that this triple pendulum gives a
human limb like co-ordinate system (anatomical co-ordinate
system), and each limb’s origin moves when the preceding
limb moves. Segment 1 represents the hand, segment 2 represents the forearm, and segment 3 represents the upper arm

FIG. 8. Experimental setup to calibrate the MARG sensor for measuring the
joint angle.

FIG. 9. Dynamic calibration experimental setup.

in the triple pendulum arrangement measuring wrist flexion/extension (Pot 1), elbow flexion/extension (Pot 2), and
shoulder internal rotation/external rotation (Pot 3).
Dynamic calibration was also performed using a servo
motor (Fig. 9) at frequencies of 0.25 Hz, 0.5 Hz, and 1.0 Hz.
The servo motor gives better sinusoidal waveforms for a single
degree of freedom, while the triple pendulum gives multiple
degrees of freedom in an anatomical co-ordinate system. The
servo motor was kept inside a magnetic shield so that it did not
present a time or space varying magnetic field to the magnetometer in the MARG sensor. The MARG sensor was placed
on the servo horn and rotated only about the z-axis from −60◦
to +60◦ .
III. RESULTS AND DISCUSSION
A. Sensor module calibration

FIG. 7. Block level representation of i-Glove calibration.

The sensor data are scaled appropriately, and the bias
is subtracted from the raw measurement. The data from the
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FIG. 10. Static calibration of the MARG sensor (roll);
mean error and standard deviation are as outcome measures.

sensor modules are combined using the filter fusion algorithm to produce quaternion representing the orientation of
the MARG sensor with respect to the anatomical or body coordinate system. The orientation from the sensor data is used
to determine Euler angles in real time.
B. Results of Euler angle calibration

The static calibration was performed to obtain the measurement error of the MARG sensor. The MARG sensor was
subject to rotate between −180◦ and +180◦ for roll and pitch
and −90◦ to +90◦ for yaw in steps of 10◦ . At each orientation,
the data were recorded for about 20 s (data points ≈ 1000) and
were used to calculate the mean error and standard deviation.
The changes in the mean error and standard deviation during

the static calibration of the MARG sensor over two trials
(forward where the pendulum was moved from the negative
extreme limit to positive extreme limit and backward where
the pendulum was moved from the positive extreme limit to
negative extreme limit) are shown in Figs. 10–12. The mean
absolute error (mae) and root mean squared error (rmse) are
used as the performance measures and are shown in Table IV.
The dynamic calibration at frequencies 0.2 Hz, 0.4 Hz,
0.6 Hz, and 0.75 Hz was performed using the same experimental setup described in Fig. 8. Here, the distal segment was
moved manually in time to a metronome and the process was
performed for the rotation about x, y, and z axes. As noted in
Sec II, the rotation axes are relative to the preceding limb segment. The summary of the results of the dynamic calibration
is described in Table V.

FIG. 11. Static calibration of the MARG sensor (pitch);
mean error and standard deviation are as outcome measures.

FIG. 12. Static calibration of the MARG sensor (yaw);
mean error and standard deviation are as outcome measures.
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TABLE IV. Results of Euler angle calibration—static; mae and rmse correspond to the mean absolute error and root mean squared error, respectively.
Feature
mae [rmse]

x-axis (deg)

y-axis (deg)

z-axis (deg)

4.1[5.1]

4.0[4.9]

4.6[6.5]

TABLE V. Results of Euler angle calibration—dynamic; mae and rmse correspond to the mean absolute error and root mean squared error, respectively.
Feature
mae [rmse]

Freq (Hz)

x-axis (deg)

y-axis (deg)

z-axis (deg)

0.2
0.4
0.6
0.75

7.7[8.3]
9.5[11.3]
9.9[12.2]
10.1[12.1]

3.8[4.7]
6.6[7.5]
7.4[8.7]
14.9[17.8]

4.5[5.0]
7.6[8.6]
10.2[11.6]
12.8[14.5]

TABLE VI. Comparison of the efficiency of the angle (peak value) measured using the MARG sensor with a rotary potentiometer during dynamic
calibration; θ Pot and θ MARG are measured when yaw attains the maximum
value.
Frequency (Hz)
0.2
0.25
0.4
0.5
0.6
0.75
1.0

θ Pot (deg)

θ MARG (deg)

Gain

30
30
30
30
30
30
30

32
39
37
40
42
42
40

1.07
1.30
1.23
1.33
1.40
1.40
1.33

The second method of dynamic calibration was performed
on the z-axis using a servo motor assembly (Fig. 9) at frequencies 0.25 Hz, 0.5 Hz, and 1.0 Hz. The MARG sensor was
placed on the servo horn and rotated about the z-axis from
−60◦ to +60◦ . The dynamic calibration using the triple pendulum arrangement and servo motor shows similar results and is
shown in Fig. 13.
The summary of the dynamic calibration of the estimated
yaw angle measured using the MARG sensor in comparison
with the rotary potentiometer is given in Table VI where the
gain was obtained by taking the ratio of angle (peak value)
obtained from the MARG sensor (θ MARG ) with the angle measured using the rotary potentiometer (θ Pot ). A gain close to
one indicates that the output angle measured using the MARG
sensor (θ MARG ) was able to track the input angle (θ Pot ) during
calibration.
A third method of dynamic calibration was performed by
the fast release of the limb with the sensor (in the direction of
the pitch angle), and the response of the MARG sensor was
measured. The results are shown in Fig. 14. We measured the
overshoot and convergence time from this, and they were 17◦
and 0.4 s, respectively.
The dynamic calibration of the MARG sensor with sinusoidal inputs and step inputs is used to describe the system
characteristics which are summarized below.

rotary potentiometer (Fig. 15). The rotation angle (yaw)
obtained during the dynamic calibration shows that the
filter fusion algorithm overestimates the yaw angle (peak
value) by a factor of ∼1.35 at frequencies higher than
0.2 Hz. The dynamic response depends on both the sensor response to the input and the algorithm/computation
time that the processor takes to converge while estimating the Euler angle.
• Convergence time—The step response experiment measured an overshoot of 17◦ and a convergence time of
0.4 s (Fig. 14). The convergence time of 0.4 s indicates
the dynamic range in which the sensor could be reliably used (0-2.5 Hz) in the clinical settings to quantify
physiological parameters (tremor and smoothness).
• Phase response—Filter fusion algorithms in general try
to minimize the difference between the instantaneous
input value and output value. However, due to errors
in estimation, the instantaneous error can be positive or
negative. For example, the rotation angle (yaw) obtained
during the dynamic calibration has phase shifts of 3.6◦
at 0.4 Hz movement sampled at 40 Hz and 2.8◦ at
0.5 Hz movement sampled at 64 Hz (Fig. 16). This can
sometimes produce an apparent phase lag/lead or time
delay/advance. However, this cannot be interpreted in
the same way as for a minimum-phase linear system, or
even a linear system with a fixed delay (non-minimum
phase).

• Overshoot—At 0.2 Hz, the estimated yaw angle closely
follows the reference trajectory obtained from the

It is easy to think of measurement systems in terms of linear system terminology. Movement speed can be described

FIG. 13. Dynamic calibration of the MARG sensor
(yaw) using the triple pendulum arrangement (0.2 Hz and
0.4 Hz) and servo motor assembly (0.25 Hz and 0.5 Hz);
dotted line is the angle measured using the MARG sensor, and the bold line is the angle measured using a rotary
potentiometer.
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FIG. 14. Step response of the MARG sensor; dotted
line is the angle measured using the MARG sensor,
and the bold line is the angle measured using a rotary
potentiometer.

FIG. 15. Dynamic calibration of the MARG sensor performed using the pendulum assembly (yaw); dotted line is
the angle measured using the MARG sensor, and the bold
line is the angle measured using a rotary potentiometer.

FIG. 16. Effect of the phase shift at different sampling
rates (0.4 Hz sinusoid was sampled at 40 Hz, and 0.5 Hz
was sampled at 64 Hz) during the dynamic calibration of
the MARG sensor (yaw); dotted line is the angle measured using the MARG sensor, and the bold line is the
angle measured using a rotary potentiometer.

in terms of trajectories and the frequency composition of
the trajectories. So it is useful to express the system parameters in terms of amplitude gain, phase lag, and convergence time along with the mean absolute error/root mean
squared error when MARG sensors are used for orientation
estimation.
C. Results of relative joint angle calibration

A static calibration was performed to obtain the system characteristics (measurement error) during the estimation
of the relative joint angle or anatomical angle. We rotate
the distal segment with respect to the proximal segment
between −180◦ and +180◦ for wrist flexion/extension (relative roll) and elbow flexion/extension (relative pitch) and −90◦
to +90◦ for shoulder internal rotation/external rotation (relative yaw), and the results were recorded on a PC sampled at

40 Hz. The results from the static calibration are shown in
Table VII.
The dynamic calibration was performed at frequencies
0.25 Hz, 0.5 Hz, 0.8 Hz, and 1.1 Hz movement using the
experimental setup described in Fig. 8. For this calibration
method, the speed of the distal segment is set to be in sync
with a metronome and the process was performed on the relative x, y, and z axis. The data were sampled at 40 Hz, and the
TABLE VII. Results of the relative joint angle (RR—Relative Roll, RP—
Relative Pitch, and RY—Relative Yaw) calibration—static; mae and rmse
correspond to the mean absolute error and root mean squared error, respectively.
Feature

RR (deg)

RP (deg)

RY (deg)

mae [rmse]

6.3[6.7]

5.0[6.8]

4.5[6.1]

105001-10

Mohan et al.

Rev. Sci. Instrum. 89, 105001 (2018)

FIG. 17. Dynamic calibration of the MARG sensor pair
performed using the pendulum assembly (relative yaw);
dotted line is the angle measured using the MARG sensor
pair, and the bold line is the angle measured using a rotary
potentiometer.

results of the dynamic calibration are shown in Fig. 17. The
summary of the results of the dynamic calibration is described
in Table VIII.
At 0.25 Hz, the estimated relative joint angle closely
follows the reference trajectory obtained from the rotary potentiometer. The relative yaw (adduction/abduction) obtained
during the dynamic calibration shows that the filter fusion algorithm overestimates the joint angle (peak value) by a factor of
∼1.25 at frequencies higher than 0.25 Hz. The estimated joint
angle is satisfactory over the range of clinical interest (0-3 Hz
of movement) and can be used as a device for monitoring the
hand function.
The inherent resolution of the accelerometer is 0.0001 g
or 0.001 m/s2 ; the inherent resolution of the gyroscope is
0.015◦ /s; the inherent resolution of the magnetic compass
is 0.0732 µT. After the computation through the algorithm,
anatomical joint angles were calculated and are reported in
Table VII (results of static calibration) and Table VIII (results
of dynamic calibration). The accelerometer and gyroscope
data are sampled at 500 samples/s, and magnetic compass
data are sampled at 100 samples/s. The accelerometer and
gyroscope data undergo preprocessing (block averaging and
down sampling by a factor of 20) before they are fed to
the filter fusion algorithm. The output from the filter fusion
algorithm has a sampling rate of 25 samples/s. The errors
described from the calibration experiments are a combination
of sensor errors, algorithm errors, and arithmetic/numerical
errors.
TABLE VIII. Results of the relative joint angle (RR—Relative Roll, RP—
Relative Pitch, and RY—Relative Yaw)—dynamic; mae and rmse correspond
to the mean absolute error and root mean squared error, respectively.
Feature
mae [rmse]

Freq (Hz)

RR (deg)

RP (deg)

RY (deg)

0.25
0.5
0.8
1.1

9.5[9.8]
11.6[12.0]
10.0[10.7]
10.2[11.2]

3.9[4.7]
4.6[5.6]
5.3[6.3]
6.3[7.5]

4.2[5.0]
4.9[5.7]
5.4[6.4]
5.4[6.2]

IV. CONCLUSION

We have presented the design of an instrumented glove
equipped with Magnetic, Angular Rate and Gravity sensors
for the objective evaluation of the hand function for people
with neurological impairment. The i-Glove presented in this
paper can assess both the range of movement of the user’s
hand and continuous anatomical joint angles. It can be used to
monitor the functional recovery of motor control in the hand
during the course of hand rehabilitation. The i-Glove presented
in this paper has several advantages over the existing devices.
Two important contributions of this paper are
1. Measurement of anatomical joint angles in a moving coordinate frame
• While the use of flex sensors and potentiometers
makes joint angle measurement straightforward,
they are inconvenient compared to MARG sensors placed on the paretic hand. Flex sensors and
potentiometers make assumptions about the joint
center of rotation that are not required when using
MARG sensors. Therefore a method using MARG
sensors gives an angle measurement with the accuracy suitable for rehabilitation therapy which is an
important development.
2. Novel methods for dynamic calibration in such situations
• There is no report of a simple and reliable
dynamic calibration experiment in the literature.
Researchers performed different methods ranging
from using a simple metronome to complex servo
motor for calibrating MARG sensors as described
in Refs. 34 and 35. A simple, reliable calibration
(static and dynamic) method using a potentiometer
provides a better representation of the true angle.
Such calibration has been used to evaluate the
performance of MARG sensor(s) measuring Euler
angle(s) in real time.
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The mean absolute error during the static calibration for
all three attitude changes, namely, roll, pitch, and yaw, is less
than 4.6◦ . During dynamic movement, a rapid change in the
angle gives a convergence time of 0.4 s, and for pure frequencies less than 0.25 Hz, there is less than 7% error in tracking
of the angle. We have also calibrated the estimation of the
anatomical joint angle, that is, the angular change clinically
referred to as flexion/extension movement of the wrist and
elbow and shoulder internal rotation/external rotation. These
angular measures are changes in a distal segment of a limb with
reference to its adjacent proximal segment. Therefore, such
angles use a relative co-ordinate system. When using such a
relative co-ordinate system, there is the danger of ambiguous
angle estimation when the proximal segment has changed the
co-ordinate system by more than 90◦ . We have also presented
the results for such anatomical angle measurements as the
static and dynamic calibration of the instrumented glove (a sensor pair measuring one joint angle). The mean absolute error
during static calibration was 6.3◦ for wrist flexion/extension,
5.0◦ for elbow flexion/extension, and 4.5◦ for shoulder internal
rotation/external rotation.
The preliminary results from the instrumented glove are
promising and could be used as an alternative to the traditional
therapist assisted hand rehabilitation along with interactive virtual reality computer games. In conventional physical therapy
for rehabilitation, the assessment and the therapy are usually separate as it is difficult to use protractors, mechanical
goniometers, and dynamometers during the therapy activity.
The i-Glove estimates the anatomical angles continuously
and unobtrusively and can be readily used during therapy.
The i-Glove not only can be used during conventional physical therapy, but also can be incorporated in virtual reality
based computer games which can be more engaging and interesting for the patient undergoing therapy. By reducing the
routine work for physiotherapists, the i-Glove also enables
them to design more interesting, intensive, and fruitful therapy
regimes. In such a scenario where less attention is demanded
from the clinical expert (physiotherapist), the cost of therapy
will reduce and the quality and quantity of therapy can also
increase.
The current version of the i-Glove is limited to the measurement of flexion and extension of the thumb, index finger,
middle finger, and wrist. Measurement of flexion and extension of the remaining two fingers (ring finger and little finger),
abduction/adduction movements of MCP joints, and wrist and
radio ulnar movements can be readily performed if necessary.
The additional measurement of these movements would also
help us to monitor a wide range of motor activities and design
patient specific rehabilitation treatments providing objective
data of hand recovery.
The i-Glove described in this paper is currently being
used to develop such therapy regimes with clinical experts,
and preliminary versions are being tested by stroke patients
undergoing hand rehabilitation therapy.
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