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Abstract— Electromyography (EMG) based interfaces have
been used in various robotics studies ranging from teleoperation
and telemanipulation applications to the EMG based control of
prosthetic, assistive, or robotic rehabilitation devices. But most
of these studies have focused on the decoding of user’s motion
or on the control of the robotic devices in the execution of
simple tasks (e.g., grasping tasks). In this work, we present a
learning scheme that employs High Density Electromyography
(HD-EMG) sensors to decode a set of dexterous, in-hand manipulation motions (in the object space) based on the myoelectric
activations of human forearm and hand muscles. To do that,
the subjects were asked to perform roll, pitch, and yaw motions
manipulating two different cubes. The ﬁrst cube was designed
to have a center of mass coinciding with the geometric center
of the cube, while for the second cube the center of mass was
shifted 14 mm to the right (off-centered design). Regarding the
acquisition of the myoelectric data, custom HD-EMG electrode
arrays were designed and fabricated. Using these arrays, a
total of 89 EMG signals were extracted. The object motion
decoding was formulated as a regression problem using the
Random Forests (RF) technique and the muscle importances
were studied using the inherent feature variables importance
calculation procedure of the RF. The muscle importance results
show that different subjects use different strategies to execute
the same motions on same object when the weight is offcentered. Finally, the decoded motions were used to control
a ﬁve ﬁngered robotic hand in a proof-of-concept application.

I. I NTRODUCTION
With the increasing integration of robotic devices in
the execution of everyday life tasks (e.g., service robotics,
robotic teleoperation and telemanipulation, robotic rehabilitation, industrial automation), there has been an increasing
need to develop novel human machine interfaces that can
allow users to control these robotic devices in an intuitive
and simpliﬁed manner. Interfaces like joysticks, mechanical
buttons, and touch-pads have been used, but they usually
require a steep learning curve to perform the required task efﬁciently, as they offer limited functionality. In order to make
such interfaces as intuitive as possible, hand held controller
assisted teleoperation interfaces have been explored to train
and control robotic systems [1]–[3]. However, with a diverse
range of computing devices, a lot of the time a situation
arises that it is preferred not to have a physical device while
interacting with a robotic or computing device [4].
Anany Dwivedi and Minas Liarokapis are with the New Dexterity
research group, Department of Mechanical Engineering, The University
of Auckland, New Zealand. E-mails: adwi592@aucklanduni.ac.nz, minas.liarokapis@auckland.ac.nz
Jaime Lara, Leo K. Cheng, and Niranchan Paskaranandavadivel are with
the IRTG on Soft Tissue Robotics, Auckland Bioengineering Institute,
University of Auckland, New Zealand. E-mails: jlar540@aucklanduni.ac.nz,
l.cheng@auckland.ac.nz, nira.pask@auckland.ac.nz

Fig. 1. The objects used for the experiments. The objects from left to
right are: top and bottom half of an off-center mass cube, an assembled
cube (middle object), and bottom and top half of a centered mass cube. The
Vicon system’s motion tracking reﬂective markers are also depicted.

To overcome this issue, studies have explored hands-free
techniques on a different sensing modalities, like, vision
based systems which enable the tracking of movements and
gesture recognition [5]. Other such interfaces include speech
recognition based interfaces, for example, the personal assistants in mobile phones. However, all these technologies have
several limitations: i) they require observable interaction with
the interface which may not be convenient in all situations
or it could be socially awkward, ii) they are sensitive to
environmental conditions like ambient light and sound, and
iii) when they rely on vision based solutions they are
typically prone to occlusions.
An alternative would be to utilize electromyography
(EMG) based interfaces that offer an intuitive and simpliﬁed
operation of the controlled device [6]. Such interfaces rely
on decoding the human motion or intention from the myoelectric activation of the human muscles. These interfaces
have successfully been used for teleopration of robotic armhand systems [7], [8], rehabilitation using exoskeletons [9],
and entertainment (myo-games) [10]. Moreover, EMG based
interfaces allow the users to perform other tasks while interacting with the target system as they do not require to hold
a device to perform the interaction [4]. A disadvantage of
conventional bipolar signals is that their amplitude depends
on the distance between the active motor units and the
recording electrodes. Due to the low spatial resolution of the
bipolar signal, the standard myoelectric activations reﬂect the
activity of a number of motor units (MU) within a delimited
area of the muscle [11]. To have a higher resolution of the
spatial distribution of the myoelectric activations, researchers
employ High Density EMG (HD-EMG) electrode arrays.
Such electrode arrays provide high spatial resolution on the
load sharing between the muscles which provides better
differentiation between the tasks and effort levels [12].

Physical parameters of electrode arrays have a direct
impact on signal acquisition. Inter-electrode distance (IED),
size, and geometric distribution of the individual electrodes
on the arrays determine the spatial resolution of HD-EMG
signals [13]. Placement of the electrodes is also an important
factor. Since action potentials propagate along the muscle ﬁbres, electrode arrays must be placed accordingly to coincide
with the ﬁbre’s approximate direction and optimize signal
amplitude and spatial distribution [14]. Using the HD-EMG
electrode arrays, it is possible to decompose EMG signals
to identify individual Motor Units (MUs) and their location
within muscles [15], allowing researchers to understand
the physiological mechanisms of human motor control in
both healthy and pathological subjects [16], [17]. HD-EMG
techniques have also been employed for the myoelectric
control of prosthetic or orthotic devices and human-robot
interfaces [18], [19].
Past studies have primarily focused on EMG based control
of reach to grasp motions [8], grasp executions [20] and
ﬁnger movements [21], [22]. But, such tasks are inadequate
for developing an intuitive interface because in everyday
tasks humans perform a lot of complex dexterous in-hand
manipulation motions. In order to develop decoding models
with high decoding accuracy, the contribution of different
muscle sites should be explored. In [23], Hu et. al. studied the
role of extensor digitorum communis muscle in performing
various object manipulation motions. To do this, they utilized recordings from an array of high-density surface Electromyogram (HD-EMG) electrodes to quantify the global
spatial activation patterns of the entire extensor digitorum
communis muscle during individual ﬁnger extensions with
different muscle contraction levels and muscle constraint
conditions. The spatial activation information provides means
of localizing the ﬁnger speciﬁc compartments of the extensor
digitorum communis which can be used to develop better
interfaces to decode user intention from the myoelectric
activations. In [24], authors studied the contribution of thumb
musculature during key and pinch grasps, as well as during
both stable and unstable pinch grasps.
The contribution of various muscle sites (especially lumbricals and interossei) has not been explored during dexterous, in-hand manipulation motions. In our previous work, we
studied optimal muscle selection for EMG based decoding of
in-hand manipulation motions [25]. We also explored effects
of gender and hand sizes on object motion decoding for
such tasks [26]. In this work, we further investigate the
effects of hand size with respect to object sizes and what
effect an off-centered weight (placed inside the object) has
on the decoding accuracy. To do this, we utilize recordings
of the muscle activity from a HD-EMG electrode array that
provides higher resolution EMG signals.
The rest of the paper is organized as follows: Section
II describes the equipment utilized, the experimental procedures and the experiments performed, Section III reports
the methods used to formulate the proposed learning scheme,
Section IV presents the results, while Section V concludes
the paper.

Fig. 2. Example of manipulation motions performed during the experiment.
Subﬁgure A) shows the Pitch motion, subﬁgure B) shows the Roll motion,
and subﬁgure C) shows the Yaw motion. The axes are color coded and the
colored ‘Circles’ and the ‘X’ marks at the origins indicate that the axis is
orthogonal (outward or inward) to the page. The thick white colored arrows
show the direction of the motion about the out-of-plane axis.

II. A PPARATUS AND E XPERIMENTS
The experiments were performed by six able-bodied subjects (ages: 26 ± 5, hand lengths: 187 mm ± 8 mm, one
female and ﬁve male) with their dominant hand (right hand).
The study has received the approval of the University of
Auckland Human Participants Ethics Committee (UAHPEC)
with the reference number #019043. Prior to the study
all subjects provided written and informed consent to the
experimental procedures.
A. Experimental Tasks
Verbal instructions were provided to each subject regarding the execution of the manipulation tasks. For the
experiment, subjects were asked to perform 3-dimensional
equilibrium point manipulation tasks using their dominant
hand. The tasks were performed using two custom made
cubes with a Lego style design (see Fig. 1). Each cube
consists of two symmetric halves. The ﬁrst cube was made
such that the center of mass of the cube coincides with the
geometric center of the cube, while the other cube was made
such that the center of mass of the cube was shifted 14 mm
right of the center of the cube. Calibrated weights of 100 g
were used during the assembly of the cubes by ensuring a
tight ﬁt of the two object halves on the weight discs (see
Fig. 1). The dimensions of the cubes were based on the
Rubik’s cube from the Yale-CMU-Berkeley (YCB) grasping
object set [27]. Each manipulation task session was executed
with a sequence starting with a 5 s rest period (where the
hand holds the object in a stationary pose), followed by 5
repetitions of the manipulation motion for each trial. Each
of these tasks were repeated 5 times. Adequate resting time
was given in between each trial (approximately 30 s) to avoid
muscle fatigue and a rest period of approximately 5 minutes
was allocated at the end of each session. Fig. 2 visualizes all
the manipulation tasks. The different types of manipulation
tasks performed during the experiments, are:
• Pitch: a coordinated movement of the ﬁngers that creates
a pitch motion of the cube
• Roll: a coordinated movement of the ﬁngers that creates
a roll motion of the cube
• Yaw: a coordinated movement of the ﬁngers that creates
a yaw motion of the cube

B. Experimental Setup

D. NDX-A* Robot Hand

The EMG signals were acquired by a BioSemi ActiveTwo
biosignal ampliﬁer modiﬁed for passive recordings. Data was
sampled at a rate of 2048 Hz from a total of 125 monopolar
channels distributed over the hand and forearm muscles. The
common mode sense (CMS) reference and ground leads were
placed over the styloid process (wrist area) and the olecranon
of the ulna (elbow area) respectively (see Fig. 3). To capture
the motion of the objects during the manipulation tasks, a
Vicon optical motion capture system was used. The Vicon
system consists of 8 Vicon T-series cameras connected to the
Giganet system. The motion trajectories of the objects during
the manipulation motion were captured using the Tracker
software. Appropriate reﬂective markers were used and were
placed in a way that they do not hinder the natural hand
motion and postures during the task execution. The sampling
rate of the Vicon system was 100 Hz. A trigger system was
used to facilitate data synchronization of the two systems.
The object motion data was upsampled to match the sampling
frequency of the EMG data.

In order to demonstrate the EMG based control capabilities
of the proposed motion decoding framework, the decoded
object motion was used to derive appropriate motor trajectories for the NDX-A* adaptive robot hand (see Fig. 4),
so as to execute the desired manipulation task. NDX-A* is
an under-actuated, tendon-driven robot hand based on the
original NDX hand [28] and it has been developed by the
New Dexterity research group at the University of Auckland.
The NDX-A* has 15 Degrees Of Freedom (DOF) and 6
actuators, one actuator per ﬁnger to control ﬁnger ﬂexion and
one for thumb opposition. The pitch motion was selected as
it is a relatively simple motion that can be implemented even
with under-actuated robot hands.

Fig. 3. Posterior and anterior view of the electrodes placement on the hand
and forearm. The CMS reference was placed on the wrist, while the ground
was placed on the elbow.

C. Muscle Selection
Custom-made ﬂexible printed circuit HD-EMG electrode
arrays were designed and fabricated to capture EMG activity
from 4 areas; the palmar and dorsal surface of the hand and
the anterior and posterior forearm muscles (see Fig. 3). The
hand electrodes were designed to record the activity of the
thenar, hypothenar, lumbrical, and interossei intrinsic muscle
groups. For the forearm electrodes, the superﬁcial ﬂexor and
extensor muscle groups were targeted. Hand arrays were
comprised of 1.2 mm diameter electrodes arranged with an
IED of 4 mm. For the forearm arrays, electrodes were 2 mm
in diameter with a 7 mm IED. In both arrays, the electrodes
were arranged along the approximate direction of the ﬁbres
for each muscle. Electrodes were attached to the skin using
0.18 mm thick double sided adhesive strips with individual
laser-cut holes into which conductive paste was applied for
each electrode in the array.

Fig. 4.
hand.

The NDX-A*, ﬁve ﬁngered, tendon-driven, underactuated robot

III. M ETHODS
A. Feature Extraction
To reduce crosstalk between adjacent channels and minimize the effect of common mode signals [29], bipolar EMG
signals were created by subtracting the individual monopolar
signals from pairs of neighboring electrodes located along the
muscle ﬁbres direction. In total, 89 bipolar EMG signals were
extracted from the arrays. The bipolar data extracted from the
raw myoelectric activations was bandpass ﬁltered between
20 Hz and 500 Hz using a Butterworth ﬁlter [30]. From
the ﬁltered signals three different features were extracted
from each EMG channel, namely: Root Mean Square Value
(RMS) [31], Waveform Length (WL), and Zero Crossings
(ZC) [32]–[34] using a segment length of 200 ms.

1) Root Mean Square Value: The RMS value is a time
domain feature which is used to represent the average
power contained in the signal in the given time period. The
following equation is used to deﬁne the RMS value:


1 N
RMS =
(xk )2 ,
(1)
∑
N k=1
where N is the size of the window applied to the data.
2) Waveform Length: WL represents the complexity of
the signal. It measures the amplitude of the waveform, the
frequency, and the duration in a single parameter and is
deﬁned as:
WL =

N

∑ |Δxk |,

(2)

k=1

where Δxk = xk − xk−1 .
3) Zero Crossings: ZC calculates the number of times
the signal crosses the zero value in a period of time. It is
used to estimate the on-set of fatigue in muscles. The ZC is
calculated using the following equation:
xk < 0
xk > 0

&&


xk+1 > 0

&& xk+1 < 0
&&

This study also aims to explore how each subject’s muscles are activated to balance an off-centered mass cube to
replicate the same motion performed with a centered mass
cube. For the proposed regression problem, the feature space
consists of 3 EMG features per channel for 89 channels and it
has 267 dimensions. While the output dimension is singular
for each motion (roll, pitch, and yaw) of the object. The
preprocessed HD-EMG data was then divided into two sets,
one for training and the other for validation. An iterative
training and validation was performed to optimize the hyperparameters (e.g., window size, window stride, RF parameters
etc.). The model with a satisfactory performance was selected
as the ﬁnal model. All the results presented in Section IV are
the average results of the 5-fold cross validation procedure.
To evaluate the generalizability of the proposed methodology,
the performance of the trained models was evaluated in two
different sets, namely:
• Subject-Speciﬁc, Object-Speciﬁc, and Motion-Speciﬁc
RF Models: With this set, we train motion speciﬁc RF
models for a particular object and subject.
• Subject-Speciﬁc, Object-Speciﬁc, and Motion-Generic
RF Models: With this set, we train motion generic but
object speciﬁc models for a particular subject.
IV. R ESULTS AND D ISCUSSION

(3)

|xk − xk+1 | > Vt
where Vt is a voltage threshold, which is selected according
to the noise in the signal. This algorithm increments ZC only
if it falls outside the dead-zone as it tries to eliminate the
effect of noise on the zero crossings.
For this, the signals were segmented using a sliding
window of 200 ms with a window stride of 10 ms. These
parameters were tuned in order to improve the performance
of the motion decoding algorithm. It should be noted that
to satisfy the realtime constraints, the window length must
not be too large. Also, if the window length is too short, the
extracted data suffers from high biases and variance [35].
B. Machine Learning Framework
This study focuses on the HD-EMG based decoding of
the object motion during the execution of dexterous, in-hand
manipulation tasks and on exploring how different subjects
perform the same task. To do that, a regression problem
was formulated. To solve this problem, the Random Forests
(RF) regression methodology was selected. RF is a type of
supervised learning method for classiﬁcation and regression
based on decision trees. It was ﬁrst proposed by Tin Kam Ho
of Bell Labs [36] using the random subspace method. The
ensemble nature of RF renders it robust against overﬁtting.
Furthermore, using the inherent property of RF, the feature
variables importances can be calculated (see [26] for details).
Thus, important insights can be made regarding the muscular
activation strategies that are employed by different subjects
for the same tasks.

In this section, we present and discuss the results for the
two different sets described in Section III-B. The efﬁciency
of the trained models is evaluated using the Pearson correlation coefﬁcient and the percentage of the NMSE (Normalized
Mean Square Error). The NMSE value is deﬁned as follows:


||xr − x p ||2
(4)
NMSE(%) = 100 ∗ 1 −
||xr − mean(xr )||2
where, ||.|| indicates the 2-norm of a vector, xr is the actual
/ reference motion, and x p refers to the predicted motion.
A. Subject-Speciﬁc, Object-Speciﬁc, and Motion-Speciﬁc RF
Models
For this set, motion speciﬁc RF models were trained for
a particular object for each subject. Table I presents the
correlation of the decoded motion with the actual motion and
the decoding accuracy of the trained model. The decoding
accuracy of motion speciﬁc models was as high as 88%.
It can be observed that the subjects with medium hand
size (Subject 1 and Subject 4), with respect to the size
of the object (as discussed in [26]), had higher motion
decoding accuracy as compared to the models of subjects
with large hand size. This is consistent with our previous
study presented in [26].
B. Subject-Speciﬁc Object-Speciﬁc and Motion-Generic RF
Models
In this set, motion generic RF models were trained for
a particular object for each subject. Table II presents the
correlation of the decoded motion with the actual motion and
the decoding accuracy of the trained model. The decoding
accuracy of motion generic models was as high as 81%.

TABLE I
C ORRELATION (C), ACCURACY (A) AND S TANDARD D EVIATION (SD) FOR S UBJECT S PECIFIC O BJECT S PECIFIC M OTION S PECIFIC RF M ODELS
(A LL THE VALUES ARE IN TERMS OF PERCENTAGES )
Motion
Subject
1

2

3

4

5

6

Roll

Pitch

Yaw

Hand Size

Object

C

SD

A

SD

C

SD

A

SD

C

SD

A

SD

Center Mass Cube

88.1

2.9

74.2

3.4

89.9

3.1

75.5

3.3

92.9

3.2

84.6

2.9

Off-center Mass Cube

90.0

3.2

78.3

3.9

66.0

3.3

38.4

3.6

94.6

3.7

87.0

4.0

Center Mass Cube

91.9

3.1

78.3

3.5

71.3

2.8

34.3

3.2

88.5

2.9

72.5

3.4

Off-center Mass Cube

89.6

3.5

76.5

3.9

82.7

3.4

60.1

4.1

87.4

3.1

74.6

3.5

Center Mass Cube

79.6

2.1

45.2

3.0

78.9

2.5

53.0

2.9

87.6

2.6

73.6

3.2

Off-center Mass Cube

90.5

2.5

80.2

3.3

79.4

2.8

59.3

3.1

90.4

2.6

79.9

3.1

Center Mass Cube

92.1

1.2

83.3

1.8

85.1

1.4

65.7

1.7

95.3

1.9

88.0

2.1

Off-center Mass Cube

94.2

1.5

83.9

1.8

89.9

1.9

75.2

2.2

94.4

2.1

86.6

2.5

Center Mass Cube

91.5

3.4

71.5

4.5

81.0

5.1

60.7

6.4

77.0

4.5

54.4

4.8

Off-center Mass Cube

75.1

4.0

58.2

5.1

71.3

5.0

55.5

5.8

70.4

4.6

59.6

4.9

Center Mass Cube

86.7

3.1

69.3

4.2

88.5

2.6

76.5

3.2

90.2

2.0

76.5

4.3

Off-center Mass Cube

84.6

1.7

68.6

3.5

87.4

4.2

71.8

4.4

90.4

2.8

78.5

4.9

mm
176

187

190

180

200

190

Fig. 5. Comparison of normalized muscle importances for four subjects for motion generic RF models trained for centered mass cube manipulation. Each
muscle importance value is overlaid on the position of the muscle center on the human forearm and hand. All the muscle importance values are normalized
for each subject.

Fig. 5 shows the muscle importances while decoding the
object motion for a centered mass cube, while Fig. 6 depicts
the muscle importances for decoding the object motion for
an off-center mass cube for four subjects. The muscle importances have been normalized for each object manipulated
by each subject. From Fig. 5 and Fig. 6, it can be noted that
different subjects employ different strategies to execute same
motion on the same objects. According to [37], the reason for
this observation can be attributed to the signiﬁcant variations
in hand sizes, kinematics, and musculo-tendon sizes across
different subjects. This observation is consistent with our
previous work discussed in [26].

C. Execution of a Dexterous Manipulation Task with an
Adaptive Robot Hand
As a demonstration of the proposed framework, pitch motion was decoded from myoelectric activations of a subject to
derive appropriate motor trajectories for executing the motion
on an adaptive robot hand (see Fig. 7). To map the object
motion to hand motions, all feasible manipulation motions of
the hand were experimentally derived and used to develop a
regression model that acts as the inverse of the hand object
system Jacobian. The Jacobian can be used to map object
trajectories to robot hand motor trajectories. More details
can be found in [38].

Fig. 6. Comparison of normalized muscle importances for four subjects for motion generic RF models trained for off-centered mass cube manipulation.
Each muscle importance value is overlaid on the position of the muscle center on the human forearm and hand. All the muscle importance values are
normalized for each subject.

TABLE II
C ORRELATION (C), ACCURACY (A), AND S TANDARD D EVIATION (SD)
FOR S UBJECT AND O BJECT S PECIFIC , M OTION G ENERIC RF M ODELS
(A LL THE VALUES ARE IN TERMS OF PERCENTAGES )
Object

Centered Mass Cube

Off-center Mass Cube

Subject

C

SD

A

SD

C

SD

A

SD

1

88.6

3.1

74.6

3.7

84.4

3.6

69.4

4.1

2

85.6

4.5

69.8

4.8

87.3

5.1

73.3

5.2

3

85.2

4.7

66.9

4.5

88.4

4.9

76.2

5.1

4

88.8

2.7

76.6

2.9

91.7

3.1

81.7

3.0

5

82.2

5.1

61.5

5.6

76.6

5.7

54.5

5.5

6

85.4

4.0

70.8

4.2

82.9

3.9

66.8

4.2

V. C ONCLUSION
In this work, we have presented a learning scheme that
utilizes HD-EMG data for decoding the object motion during
the execution of dexterous, in-hand manipulation tasks. To do
this, custom HD-EMG sensors were designed to efﬁciently
study the muscles of interest (sensors were placed on the
palm, the back of the hand, and the anterior and posterior
sides of the forearm) and were fabricated on ﬂexible printed
circuit boards. From the monopolar HD-EMG channels, 89
bipolar pairs were extracted ensuring reduction in crosstalk
between adjacent channels. The analysis was done in 2 sets,
in the ﬁrst set, motion speciﬁc RF models were developed
for each subject and object, while in the second set, motion
generic RF models were developed for each subject and
object. The decoding accuracy of the motion speciﬁc models
was as high as 88%, while for motion generic models
was as high as 81%. Thus, it can be concluded that the

Fig. 7. The decoded dexterous manipulation motions (in the object space)
are used to derive the required motor trajectories so as for a humanlike,
tendon-driven robot hand to replicate the desired dexterous manipulation
task (execute an object pitch motion). Subﬁgure A and subﬁgure B show
the two end-points of the object motion trajectory.

more speciﬁc the decoding model, the better the decoding
accuracy is. However, for both types of proposed models
the decoding accuracies remain high suggesting they are
robust to phenomena that are difﬁcult to model (e.g., object
slipping and object mass variations). The muscle importances
were also calculated, using the inherent feature variables’
importance calculation procedure of the RF. Fig. 5 and Fig. 6
show that different subjects use different strategies to execute
the same motions on same object when the weight is offcentered. From the results, it can be concluded that a humanmachine interface can be developed that can decode dexterous manipulation motions in an efﬁcient manner. Such an
interface can be used in teleoperation and telemanipulation
studies, in rehabilitation robotics studies, or for the EMG
based control of assistive and prosthetic devices. An example
of a robotic hand executing a dexterous manipulation motion
decoded by the proposed framework has also been provided.
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