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Position-Independent Decoding of Movement Intention
for Proportional Myoelectric Interfaces
Ki-Hee Park, Heung-Il Suk, Member, IEEE, and Seong-Whan Lee∗ , Fellow, IEEE

For the decade, myoelectric interfaces based on pattern recognition have gained considerable attention thanks to its naturalness enabling human intentions to be conveyed to and control a
machine. However, the high variations of EMG signal patterns
caused by arm position changes prohibit its application to the
real world. In this paper, we propose a novel method of decoding
movement intentions robust to arm position changes towards
proportional myoelectric interfaces. Specifically, we devise the
position-independent decoding that estimates the likelihood of
different arm positions, which we predefine during a training step
and also decodes the movement intention in a unified framework.
The proposed method has an advantage that could be used
to decode the movement intentions on untrained arm position
that a realistic scenario. Our experimental results showed that
the proposed method could successfully decode the continuous
movement intentions (e.g., flexion/extension and radial/ulnar
deviation) on both trained and untrained arm positions. Our
study also proved the effectiveness of the proposed method by
comparing with the existing methods in terms of the decoded
trajectories as movement intentions in untrained arm position.

continues iteratively. In this study, we focus on the stages
of movement intention decoding from a pattern recognition
perspective.

Index Terms—Myoelectric interfaces, Electromyogram, Proportional control, Ensemble learning.

The regression techniques can be applied to achieve the
proportional control. The major difference between the classification and regression is that the classification decides a
certain class, while the regression estimates a continuous
output value related to the movements of each upper-limb
part. Recent studies [8]–[12] proved that that not only the wrist
forces but also the wrist angles can estimate from EMG signals
recorded during dynamic wrist movements. However, previous
efforts towards the proportional control have remained within
an ideal laboratory setting, where a subject commonly acquires
the forearm EMG signal data in a seated position and their
elbow resting on the arm of a chair [8], [13], [14]. In a
practical setting, it is very difficult to acquire stationary EMG
signals that guarantee a successful decoding performance.
This indicates that detecting the target EMG patterns for
proportional control in daily life is very challenging due to
several factors, such as electrode displacements [15], [16],
electrode locations [17]–[19], and arm position changes [20]–
[22], as shown in Table I. These factors degrade the decoding
performances, which derived by physiological variations from
a subject’s muscles. Because of these disparities between laboratory investigation and practical use of myoelectric interfaces,
it is highly necessary to test the decoding performances in
clinical and practical settings. In this regard, Scheme and
Englehart [1] have claimed that the unrestricted functional use
of upper-limb prosthesis necessitates using the arm in a variety
of positions. Of the various factors, in this study, we focus on
the effect of arm position changes for practical applications
while controlling the effects of as little as possible.

I. I NTRODUCTION

M

YOELECTRIC interfaces, also called myoelectric control systems, with electromyogram (EMG) signals,
have emerged as a new technology. It allows normal or disabled people to interact with the environment more efficiently
during everyday activities of daily life. These applications include clinical/biomedical prosthetics or rehabilitation devices
[1]–[5], robot control with tele-operations [6], and musclecomputer interface for controlling computing devices in a
mobile situation [7] to name a few.
Technically, pattern recognition methods have been successfully applied, playing a pivotal role in enhancing the decoding
performances [4], [5]. The overall architecture of a myoelectric
interface system can schematize as shown in Figure 1. We first
preprocess the EMG signals to remove the noise or artifacts
and increase the signal-to-noise ratio. After that, various types
of features extract, which are further fed into a classifier (or
regressor) to identify a user’s movement intention. According
to the classifier’s output, a control signal is transferred to the
device and the whole cycle, starting from EMG acquisition,
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Most studies on myoelectric interfaces based on pattern
recognition aimed towards proportional control, the ultimate
goal in terms of activation profiles [4], [5]. It exhibited when
the user wants to control at least one mechanical output
quantity of an interface (e.g., forces, velocities, or angles) in
order to control the varying movements within a continuous
time interval [4]. In contrast, in on-off control (also known as
crisp control or binary control), a function of the prosthesis
is simply turned on or off. Unfortunately, a most on-off
control system based on classification can control only one
function at a time that precludes the intuitive control of natural
movements. Thus, the natural movements can only achieve
with the proportional control of related parts of the upper-limb
such as wrist [8].

As for the problem of in decoding movement intentions,
previous studies [20]–[22] have shown that classification ac-
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Fig. 1: Overview of myoelectric interfaces based on pattern
recognition
TABLE I: Factors affecting the EMG characteristics
Factor
Electrode
displacements
[15], [16]
Electrode
locations
[17]–[19]
Arm
position
changes
[20]–[22]

Cause
Variation in cross-talk due
to different shape and
length of muscle fibers
Variation due to sweat, fatigue, and biomechanical
constraints
Variation in muscle recruitment for arm stabilization
due to gravitational forces

Effect
Changing the signal amplitude due to different numbers of muscle fibers
Shifting the acceptable locations in terms of the frequency domain
Changing the amount
of muscle interactions
between different arm
positions

curacies disintegrate in untrained arm positions1 , when using
a classifier trained in a few specific arm positions. This
indicates that the changes in EMG signals between trained and
untrained arm positions degrade the decoding performances
for myoelectric interfaces. In addition, the existing methods
that mostly defined the movement decoding as a classification problem are not suitable for proportional myoelectric
interfaces. To circumvent this issue, we formulate the EMGbased movement decoding as a regression problem to estimate
flexion or extension angles of a wrist.
To this end, we propose a novel movement intention decoding model based on an ensemble learning method for the effect
of arm position changes and regression techniques towards
proportional control. The main contributions of our work can
be followings : (1) we first provide the significant basis why
the arm position changes have to consider for proportional
myoelectric interfaces, and (2) we provide a new movement
intention decoding model that can apply for untrained arm
positions in a realistic scenario.
II. R ELATED W ORK
Recently, most efforts toward advancing the practical applications of myoelectric control revealed a gap between
research findings and clinically viable implementation. This
gap mainly formed by several contributing factors such as
1 In this paper, we define several discrete arm positions in training stage,
and call these as trained arm positions, and those not included in our arm
position set are called the untrained arm position

2

electrode displacements, electrode locations, and arm position
changes.
Even though electrode displacements and electrode locations are important factors, we investigated proportional control in the effect of arm position changes, with the two factors not affecting the experiments. Specifically, the statistical
properties of the EMG signals recorded in classic myoelectric
control paradigms in laboratories are usually stationary [23],
whereas it shows a nonstationary distribution in daily life
where an arm position of a subject can change kinematically.
To this end, the effect of arm position changes in myoelectric
interfaces has been examined in healthy and amputee subjects
[20]–[22]. Fougner et al. [20] suggested two potential solutions
for reducing the adverse arm position effect, including training
in multiple arm positions and using accelerometers to measure
the positions. Geng et al. [21] successfully applied these
solutions from Fougner et al. in amputees. Khushaba et al.
[22] suggested a new feature extraction method using timedependent spectral features is robust to the effect of arm
position changes. However, these efforts still used the onoff control system based classification, and their experiments
did not also consider untrained arm positions for a realistic
scenario. This indicates that the previous movement intention
decoding models in daily life cannot be used as it is. Accordingly, we aimed to develop a new movement intention
decoding model to solve the limitations from the previous
studies.
As shown in Table II, previous studies [20]–[22] showed
that both single and cascade models for different arm positions
applied to healthy subjects and amputees. Since the single
model is easy to apply for myoelectric interfaces, it was
often used in previous studies [20]–[22]. The single model
usually applied to the concatenated training data of different
arm positions in a movement intention decoding step, as
shown in Figure 2a. Unfortunately, it neglected the variations
of EMG characteristics among different arm positions [23].
Thus, the single model has a disadvantage of not representing
the characteristics related to each arm position. On the other
hand, the cascade model is an ensemble learning method
based on the concatenation of several classifiers. It identifies
a particular arm position using all the information collected
from different arm positions, before estimating the movement
intentions, as shown in Figure 2b. Even though the cascade
model can decode movement intentions, this model is still
limited to considering untrained arm positions, because the
position classifier can only identify a specific arm position
among trained arm positions. This indicates that the decoding
performances of a cascade model depend on how well the
current arm position determined. Thus, it cannot represent
the movement intentions for untrained arm positions that
frequently occur in daily life.
To resolve the effect of arm position changes including
untrained arm positions, we hypothesized that the EMG signals
of specific movement intention in an untrained arm position
can represent a mixture of EMG signals of movement intentions corresponding to adjacent arm positions anatomically.
Hence, we propose a novel movement intention decoding
model based on ensemble learning method for testing our

Copyright (c) 2015 IEEE. Personal use is permitted. For any other purposes, permission must be obtained from the IEEE by emailing pubs-permissions@ieee.org.

This is the author's version of an article that has been published in this journal. Changes were made to this version by the publisher prior to publication.
The final version of record is available at http://dx.doi.org/10.1109/TNSRE.2015.2481461
IEEE TRANSACTIONS ON NEURAL SYSTEMS AND REHABILITATION ENGINEERING, VOL. X, NO. X, XXXX 2015

3

TABLE II: A summary of decoding strategies to resolve the effect of arm position changes
Author
Fougner
[20]

Subject
et

al.

Movement

Feature

Classifier

Healthy

Model
type
Single,
Cascade

Control strategy

Discrete
Temporal features
LDA
On-off
flexion, extension, pronation, supination,
(MAV, ZC, SSC, WL)
(classification)
hand open, power grip, pinch grip, rest
Geng et al. [21]
Amputee Discrete
Temporal features
LDA
Single,
On-off
flexion, extension, supination, pronation,
(MAV, ZC, SSC, WL)
Cascade
(classification)
hand open, hand close, no movement
Khushaba et al.
Healthy
Discrete
Spectral features
SVM
Single
On-off
[22]
flexion, extension, pronation, supination,
(SM, SS, SF, IF, SC)
(classification)
hand open, power grip, pinch grip, rest
Proposed al.
Healthy
Continuous
Temporal features
LR,
Ensemble Proportional
flexion/extension, radial/ulnar deviation
(MAV, ZC, SSC, WL)
SVM
(regression)
Note that the Discrete indicates discrete movements with maximum contraction of muscles for a specific movement task, the Continuous indicates continuous
modulated movements during a task. The temporal features [13], also called the time-domain features, are combined with the mean absolute value (MAV),
zero crossings (ZC), slope sign changes (SSC), and waveform length (WL). The spectral features [22] are consisted of the spectral moments (SM), spectral
sparsity (SS), spectral flux (SF), irregularity factor (IF), and spectrum correlation (SC), respectively. In the classifier including regressor, LDA denotes the
linear discriminant analysis, SVM denotes the support vector machines, and LR denotes the linear regression.

to propose a decoding model that can estimate the movement
intentions in various arm positions including untrained arm
positions for practical applications.
III. M ATERIALS
We conducted the experimental paradigm by defining different arm positions and performing continuous movement tasks
related to the wrist.

(a) Single

(b) Cascade

Fig. 2: Frameworks for decoding movement intentions from
previous studies [20]–[22]

hypothesis. To verify our hypothesis, in contrast to previous
studies, we defined an untrained arm position to considered
in a realistic scenario. Furthermore, we also investigated the
proportional control based on the regression techniques in
the effect of arm position changes, which can control new
movements continuously over time. To the best of our knowledge, the existing decoding models [20]–[22] for arm position
changes were limited by considering the movements in a
specified arm position only. By contrast, in this work, we aim

A. Population and Data Acquisition
This study involved ten healthy subjects (10 males, right
handed, averaged age 26.6±1.35 years). As shown in Figure 3a, to acquire the actual movement intentions as ground
truths, the kinematic signals were gained by tracking the
degrees of wrist angle with a motion tracking system (Polhemus Motion Tracker FASTRAKTM , USA). EMG signals
recorded with eight channel electrodes (V-Amp, Brain Products, Germany) in a unipolar configuration, and an amplifier
configured to a sampling rate of 1 kHz. The eight electrodes
were uniformly placed around a subject’s forearm using an
elastic band. In the acquisition step, this elastic band was
positioned with a distance of five centimeters from the elbow
joint. The ground electrode placed on the right elbow, and the
reference electrode placed at the distal end of the forearm.

B. Experimental Protocol
Our experimental protocol for the movement tasks detailed
in Figure 4. For example, if a target movement task was a
wrist extension with the straight arm reaching forward, then a
subject was first set at the arm position moved his wrist from
the center to a maximal contraction during 3 sec, then stopped
for 2 sec, and returned to the center during 3 sec indicating a
contraction at rest. In contrast, a subject also performed a wrist
flexion for 3 sec, then stopped for 2 sec, and returned to the
center during 3 sec. In this manner, each subject performed ten
trials for two wrist movement tasks at different arm positions.
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(c)

Fig. 3: An experimental setup: (a) a placement of electrodes and motion sensors in an experimental environment, (b) the
defined arm positions, and (c) the visual feedback during data recoding

Fig. 4: An experimental protocol

C. Arm Positions and Wrist Movements
As shown in Figure 3b, we defined five arm positions based
on previous studies [20]–[22]: straight arm hanging at side
(P1), straight arm reaching forward (P2), straight arm reaching
up (P3), humerus hanging at side with forearm horizontal
(P4), and humerus hanging at side with forearm 45◦ above
the horizontal (P5). Aside from these five arm positions, we
additionally considered an untrained position of the straight
arm reaching downside with 45◦ under horizontal (P6), which
was located within the normal range of arm motions [24]. In
this work, we considered only the movements in the sagittal
plane. However, for better natural movements, it is required
to consider the movements in coronal and transverse planes
either.
For each arm position, the subjects performed wrist movement tasks with a single degree-of-freedom (DoF) related to
the wrist, i.e., flexion/extension and radial/ulnar deviation,
although related studies involved multiple DoFs of wrist
contractions.
During the acquisition of the kinematic and EMG signals,
the current wrist angles obtained by the motion tracking
system where the motion sensors spaced the back of his hand
were displayed on a computer screen, as shown in Figure 3c
as the visual feedback. This visual feedback has the advantage
to guide to perform the target movement tasks correctly [8].
Therefore, the subjects were asked to move naturally in certain
directions either extension or flexion with no consideration of

the specific joint angles.
D. Data Collection
In this section, we describe our experimental datasets for
the two conditions: (1) trained arm position (P1∼P5), (2)
untrained arm position (P6).
A dataset for the trained arm position was used to compare
our method with the existing state of the art methods [20]–
[22]. Let Sk ∈ RC×D and Gk ∈ R1×D denote, respectively,
a subject’s raw EMG signals at a particular arm position
k ∈ {1, . . . , K} with a channel c ∈ {1, . . . , C} and a temporal
instance d ∈ {1, . . . , D}, and the corresponding wrist angles,
where C indicates the total number of channels, D indicates
the total number of instances, and K indicates the total number
of predefined arm positions (i.e., K = 5 in our experiments).
For a more practical application, it is necessary for a
decoding model to apply to signals of the untrained arm
position. Accordingly, we define a dataset where testing arm
positions Ste ∈ SK+1 are not similar to training arm positions
Str ∈ {S1 , . . . , SK }.
IV. P ROPOSED M ETHODS
A. Preprocessing and Feature Extraction
The raw EMG data were preprocessed using a fourth-order
Butterworth highpass filter with a bandwidth of 20 ∼ 500 Hz
to remove movement artifacts and further applied a 50 Hz
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comb filter to remove power-line interference. The samplewise common mean subtraction was performed to remove the
correlated noise and distortion that caused by activity at the
reference electrode.
After that, various types of features were extracted by
segmenting the nonoverlapping time domain segments t. We
employed the common temporal features of the mean absolute
value, zero crossings, slope sign changes, and waveform length
[3], [13], [25], which showed good performances in [20], [21].
• Mean absolute value (MAV): A feature XMAV k ∈ RC×T
that estimates the mean absolute value of raw EMG signals
Skc,t in both a specific channel c and a nonoverlapped time
domain segment t at a particular arm position k is given by
XMAV kc,t =

1 N
∑ |sn |
N n=1

(1)

where sn is the nth sample from Skc,t and N is the total number
of samples.
• Zero crossings (ZC): A feature XZC k ∈ RC×T is a mere
frequency measure can be obtained by counting the number
of times the waveform crosses zero. A threshold has to be
included in the zero crossing calculation to reduce the noise
induced zero crossings.
N−1

XZC kc,t =

∑ sgn(|sn − sn+1 |) × sgn(sn × sn+1 ),

(2)

n=1

(
1, if s ≥ ε or s < 0
sgn(s) =
0, otherwise
where sgn denotes a signum function and ε is a threshold.
• Slope sign changes (SSC): A feature XSSC k ∈ RC×T
that provide another measure of the frequency content is the
number of times the slope changes sign. Again, a suitable
threshold has to be chosen to reduce the noise induced slope
sign changes.
N−1

XSSC kc,t = ∑ sgn [(sn − sn−1 ) × (sn − sn+1 )] ,
(n=2
1, if s ≥ η
sgn(s) =
0, otherwise

(3)

where η is a threshold.
• Waveform length (WL): A feature XW L k ∈ RC×T that
provides information on the waveform complexity in each
segment is the waveform length. This is simply the cumulative
length of the waveform over the segment t, defined as:
N−1

XW L kc,t

=

∑ |sn+1 − sn |

(4)

n=1

After that, a set of temporal features Xk ∈ R4C×T at a
particular arm position k constructed by combining XMAV k ,
XZC k , XSSC k , and XW L k . The kinematic movements as actual
movement intentions Yk ∈ R1×T built as follows:
T

Yk = {ytk }t=1 , for ytk =

1 N
∑ gn
N n=1

where gn is the nth sample from the wrist angle Gtk in a
particular time segment t at a specific arm position k.

Fig. 5: A framework of the proposed model for a positionindependent decoding of movement intentions

B. Position-Independent Decoding
In constructing a movement intention decoding model robust to the arm position changes, we hypothesize that the EMG
signals of a particular movement intention in an untrained arm
position can be represented by a mixture of EMG signals of
the movement intentions in the adjacent arm positions. In this
regard, the ensemble learning method is useful to combine
properly different information between wrist movements and
arm positions. Because the ensemble learning method is the
process by which multiple models, such as classifiers, regressors or experts, are strategically generated and combined to
solve a particular computational intelligence problem [26]–
[29]. Therefore, we exploit the ensemble learning approach,
i.e., the mixture of experts [30], to decode continuous movement intentions during the arm position changes including an
untrained arm position.
As shown in Figure 5, we propose a novel model for
position-independent movement intention decoding, which is
composed of several movement regressors as experts, the
likelihood estimator as a gating function, and the temporal
filter for smoothing to reduce incorrect intentions within a
short time.
The movement regressor Mk corresponding to a particular
arm position k was used to estimate the movement intentions
as follows:
Ytk = Mk (Xt )

(5)

where Xt is the features from EMG data as inputs during the
time window t. To learn about the movement regressor, we
use the Linear Regression (LR), formulated as follows:
Mk (Xt ) = Wk> Xt + w0

(6)

where W ∈ RC×T indicates a weight matrix and w0 denotes
a bias vector that compensates for possible offsets. By using
a sum-of-squared error term with regularization term, which
helps avoid an overfitting problem [8], [27], [31], we define
an error function E as follow:
i2 λ
2
1 T h
E(Wk ) = ∑ Ytk − Wk> Xt +
Wk
(7)
2 t=1
2
F
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where λ denotes a regularization parameter that controls the
relative weight between an error and a regularization term
thanks to the convexity of the function, there exists a single
global optimum, which can be obtained by root-mean-squares.
In comparison with the previous models for movement
intention decoding, the single model estimates the movement
intentions Ŷ by a single movement classifier M, as follows:
Yt = M(Xt )

(8)

However, in the single model, a concatenated training dataset
Xt including all of arm positions neglects the variations
in EMG characteristics among different arm positions [23].
Meanwhile, the cascade model estimates by only a specific
movement classifier Mk corresponding to identified arm position k.
Yt = Mk (Xt )

t

αl Ykl ,

∑

(10)

l=t−L

10τl
, τl =
for αl = L
∑q=1 10τq



τL − τ1
L


· (l − 1) + τ1

where αl indicates a predefined weight that exponentially
increases from the past time segment t − L to the current time
segment t, τl denotes an element determined by both τ1 as
start point and τL as end point, l denotes an index of sliding
window, and L is the size of a sliding window.
To circumvent the arm position dependency problem of
a decoding model, we also proposed to estimate the arm
position’s likelihoods for the untrained arm position. The likelihood estimator calculates a set of arm position’s likelihoods
βt ∈ RK×1 as the probabilistic weights at the current time
segment t, and it can formulate the posterior probability as
follows:
K

posterior probabilities was estimated the pairwise probabilities
r by referring to Chang and Lin [34], as follows:
rti, j ≈ P(i| j, Xt ) ≈

1
1 + exp(a f + b)

βt = {βtk }k=1 = {P(k|Xt )}Kk=1

(11)

To obtain the arm position’s likelihoods, we employ the Platt’s
posterior probabilities [32]–[34], which estimates the posterior
probability from a classification model based on machine
learning algorithm such as support vector machines (SVM)
without a prior, and calculates by transforming the classifier’s
outputs into a probability distribution over classes. Since the
one-against-one approach in the multi-class problem has the
advantage to reduce the complexity of training [27], we also
apply the one-against-one approach. In this regard, the Platt’s

(12)

where i and j are an index of arm position, and both a and b
are parameters estimated by solving the maximum likelihood
method using the training data, and f is the decision value
trained by the machine learning algorithm. After collecting all
rti, j values, the likelihood βt was calculated by the following
optimization problem:

2
1 K
(13)
min ∑ ∑ rtj,i βti − rti, j βt j
βt 2 i=1 j: j6=i
K

subject to βti ≥ 0, ∀i,

∑ βti = 1

i=1

(9)

Since the cascade model determines one only specific arm
position, the performance greatly depends on how accurate
the classifier’s output is.
It is noteworthy that the regression techniques may produce
oscillatory outputs such as zigzagged outputs over time. However, it seems to be affected by noisy movement intentions,
and the movement intentions are usually consistent within a
short unit time. Thus, we adopt a temporal filter by which we
smooth the outputs to reduce incorrect intentions. To apply
the temporal filter for smoothing, we chose the exponential
smoothing method.
Ytk =

6

For more details, please refer to Chang and Lin [34].
Consequently, the proposed model estimates the movement
intention Y by mixing the estimated movement intentions
at different arm positions with corresponding arm position’s
likelihoods.
!
K

Yt =

∑ βtk
k=1

t

∑

αl · Ykl

(14)

l=t−L

where, t is the current time segment, l is an index of a sliding
window, and Ytk is the decoded movements from a movement
model corresponding to kth arm position during current time t.
Therefore, the proposed model contains the mixed information
across different arm positions based on our hypothesis that a
specific movement intention in an untrained arm position can
represent a mixture of movement intentions corresponding to
adjacent arm positions. This suggests that the proposed model
can not only applied at the trained arm positions but also used
at the untrained arm position.
V. E XPERIMENTAL S ETTING AND R ESULTS
A. Competing Methods and Model Parameters
In this section, we described the experimental conditions to
implement our experiments. The main difference between this
study and previous proportional control studies [8]–[12] based
on regression techniques is that previous regression models
are not considered the arm position changes in daily living.
Moreover, the single model in previous studies [20]–[22] for
considering the problem of arm position changes were based
the classification techniques, then the proposed model based on
regression techniques could not compare directly. Therefore,
we set and analyzed with identical regression techniques in
our experiments. In this regard, we present the effectiveness
of the proposed model by comparing its regression results
with those of the following competing models: single model
(SIN) [20]–[22], cascade model (CAS) [20], [21], single
model with smoothing filter (SINwSF), and cascade model
with smoothing filter (CASwSF). The two latter models were
used to compare the effectiveness of the temporal filter for
smoothing to eliminate oscillatory outputs by the regression
techniques.
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In the feature extraction step, a time domain segment t was
set 100 ms, which duration was within the acceptable time
delay between the user intention and action [8], [13], [14].
Both threshold ε and threshold η were for features set 0.01
based on Hudgins et al. [25], respectively. In the movement
intention decoding step, the time duration of sliding window
L was equal to 3 sec, and both parameters τ1 as start point and
τL as end point were set −3 and 0, these indicated 10−3 and
100 , respectively. The SVM in the LIBSVM library trained
the likelihood estimator [34]. To implement the SVM, the
radial basis function was applied as a kernel including that
a parameter γ (≈ −1/2σ 2 ) set 1/a dimension number of features , and
a cost parameter C was set 1. We also conducted a 5-fold
cross-validation to obtain the decision values for the SVM 2 .
To assess the decoding performances, we carried out a 10-fold
cross-validation to keep the training set and test set not only
disjointed, but also as independent as possible.

7

(a) Mean absolute value

B. Performance Metrics
As a performance metric, we evaluated the coefficient of determination, normalized root-mean-squared error, and Pearson
correlation coefficient, which commonly used in the research
field of myoelectric interfaces.
• Coefficient of determination (R2 ): R2 is a performance
metric for the regression technique that indicates how well
the decoded movement intentions fit a decoding model.
2
T
Ŷt − Yt
∑t=1
2
(15)
R = 1−
2
T
Ŷt − Ȳ
∑t=1
where, Y denotes the decoded movement intentions, Ŷ is the
actual movement intentions as ground truth, and Ȳ is the
average of the actual movement intentions.
• Normalized root-mean-squared error (NRMSE): The
NRMSE is a frequently used measure of the differences
between decoded movement intentions and actual movement
intentions. It yields a more authentic estimate of the decoding
performance.
q
T
(Ŷt − Yt )2 /T
∑t=1
NRMSE =
(16)
Ŷmax − Ŷmin

(b) Zero crossings

(c) Slope sign changes

where, Ŷmax denotes the maximum value of the actual movement intentions, and Ŷmin is the minimum value of the actual
movement intentions.
• Pearson correlation coefficient (r): r is a measure of
the linear correlation (or dependence) between the decoded
movement intentions and actual movement intentions. It is
widely used to confirm the degree of linear dependence.
r= q

Cov(Ŷ, Y)
p
Cov(Ŷ) Cov(Y)

(d) Waveform length

(17)

where, Cov(Ŷ, Y) is the univariate covariance between the
actual movement intentions Ŷ and the decoded movement
2 All of parameters to train the SVM were default values in the LIBSVM
library [34].

Fig. 6: A grand average of the feature values extracted
from different arm positions with an identically continuous
movement task (i.e. flexion/extension). A bottom color in
graphs indicates variations across the feature values at different
arm positions. Note that the feature values are normalized by
Gaussian normalization with zero mean.
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intentions Y. Cov(Ŷ) and Cov(Y) are the univariate covariance
for the actual and decoded movement intentions, respectively.
The two-sample t-test (p-value) were used to identify a confidence level of performance by comparison between different
models.

C. An Effect of Arm Position Changes
In this section, we described why the effect of arm position
changes should considered for the movement intention decoding of myoelectric interfaces. While the EMG signal variations
arisen from different arm positions has been demonstrated in
the previous work [20]–[22], in this work, we further verified
such variations in our in-house dataset, specifically in the
context of continuous movements. As presented in Figure 6,
the features highly deviated among different arm positions,
thus making the decoding of continuous movement intentions
more challenging. Specifically, a time-domain plot of the EMG
features from all subjects showed variations among different
arm positions. Even though the performed movements were
identical, such as flexion/extension, the feature values extracted from the EMG signals from all subjects were conflicted
among different arm positions. Specifically, feature values at
most channels showed higher variations during maximal contractions of a subject’s muscles during a movement task than
during a rest task. It was clear why the effect of arm position
changes degraded the decoding performances of myoelectric
interfaces.

Fig. 7: An example of decoded trajectories for movement
intentions from a subject with the best performance

D. A Comparison with Decoding Performances
The decoding performances using several movement intention decoding models in both the trained and untrained
arm positions shown in Table III. In the first experiment
using the trained arm position, decoding performances of the
proposed model were higher than SIN and CAS from the
previous studies [20], [21], and significantly improved with
high confidence level (p-value < 0.05). In contrast with the
previous regression models [8]–[12], the proposed model estimates arm position’s likelihoods to decode better movement
intentions. However, since the previous work mostly focused
on decoding movements in the predefined arm positions, the
existing methods are a lack of capability to estimate the
movement intentions with the untrained arm positions.
In this work, we focused on the second experiment using the
untrained arm position for a realistic scenario. The proposed
model also showed better decoding performances with a high
confidence level (p-value < 0.05) to decode the continuous
movement intentions at the untrained arm position. Specifically, the proposed model performed significantly better than
other competing models including CASwSF in the ulnar/radial
deviation. Since this radial/ulnar deviation typically involved
in rotating function and also help to more stable results [8],
it is an important function for the natural movements in
daily living. Therefore, the proposed model can functionally
contribute to decode natural movements such as handshake for
the dexterous prosthesis including teleoperation robot arm.

Fig. 8: A comparison between our method with the competing
models in terms of the decoded trajectories in untrained
arm position for one subject. The solid line indicates the
averaged trajectory across trials and the shaded lines denote
one standard deviation of trajectories over time.
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TABLE III: Experimental results of the movement intention decoding of all subjects
Task

Untrained

Trained

Model
SIN
CAS
SINwSF
CASwSF
Proposed
SIN
CAS
SINwSF
CASwSF
Proposed

Flexion / Extension
Coefficients of
determination
0.54 ± 0.15*
0.56 ± 0.15*
0.64 ± 0.15*
0.69 ± 0.13
0.73 ± 0.13
0.64 ± 0.20*
0.61 ± 0.21*
0.72 ± 0.20
0.73 ± 0.18
0.76 ± 0.20

NRMSE
0.19 ± 0.03*
0.18 ± 0.03*
0.16 ± 0.03*
0.15 ± 0.03
0.14 ± 0.03
0.19 ± 0.05*
0.20 ± 0.05*
0.16 ± 0.05*
0.16 ± 0.05
0.15 ± 0.06

Ulnar / Radial deviation
Correlation
coefficients
0.73 ± 0.10*
0.75 ± 0.10*
0.82 ± 0.10*
0.85 ± 0.08
0.86 ± 0.08
0.80 ± 0.15*
0.79 ± 0.15*
0.88 ± 0.13
0.90 ± 0.13
0.89 ± 0.16

Coefficients of
determination
0.44 ± 0.12*
0.43 ± 0.12*
0.55 ± 0.12*
0.58 ± 0.11*
0.63 ± 0.12
0.51 ± 0.17*
0.48 ± 0.17*
0.61 ± 0.17*
0.62 ± 0.16*
0.68 ± 0.16

NRMSE
0.21 ± 0.03*
0.21 ± 0.03*
0.19 ± 0.03*
0.18 ± 0.03*
0.17 ± 0.03
0.22 ± 0.04*
0.23 ± 0.04*
0.20 ± 0.04*
0.19 ± 0.04*
0.18 ± 0.05

Correlation
coefficients
0.69 ± 0.08*
0.68 ± 0.08*
0.79 ± 0.07*
0.81 ± 0.07
0.82 ± 0.06
0.74 ± 0.14*
0.73 ± 0.13*
0.84 ± 0.13*
0.85 ± 0.11
0.87 ± 0.10

Note that * denotes a p-value calculated by the two-sampled t-test between the proposed model and other models (*p < 0.05). “Trained” and “Untrained” denote different
experimental strategies to validate the effectiveness of the proposed method. For the details, refer to the context.

TABLE IV: Experimental results for the ensemble effects from all subjects
Task

Equal
weighting

K=5
K=4
K=3
K=2
Proposed
K=5
K=4
K=3
K=2
Proposed
Equal
weighting

Untrained

Trained

Model

Flexion / Extension
Coefficients of
determination
0.66 ± 0.16
0.68 ± 0.16
0.69 ± 0.15
0.71 ± 0.14
0.73 ± 0.13
0.72 ± 0.23
0.73 ± 0.23
0.75 ± 0.22
0.76 ± 0.21
0.76 ± 0.20

NRMSE
0.16 ± 0.04
0.15 ± 0.04
0.15 ± 0.04
0.14 ± 0.03
0.14 ± 0.03
0.16 ± 0.06
0.16 ± 0.06
0.15 ± 0.06
0.15 ± 0.06
0.15 ± 0.06

Ulnar / Radial deviation
Correlation
coefficients
0.83 ± 0.10
0.83 ± 0.10
0.84 ± 0.09
0.85 ± 0.09
0.86 ± 0.08
0.87 ± 0.20
0.88 ± 0.19
0.88 ± 0.18
0.89 ± 0.17
0.89 ± 0.16

Coefficients of
determination
0.57 ± 0.13
0.59 ± 0.13
0.61 ± 0.12
0.62 ± 0.12
0.63 ± 0.12
0.64 ± 0.19
0.65 ± 0.17
0.67 ± 0.17
0.68 ± 0.16
0.68 ± 0.16

NRMSE
0.18 ± 0.03
0.18 ± 0.03
0.18 ± 0.03
0.17 ± 0.03
0.17 ± 0.03
0.19 ± 0.05
0.18 ± 0.05
0.18 ± 0.05
0.18 ± 0.05
0.18 ± 0.05

Correlation
coefficients
0.80 ± 0.07
0.81 ± 0.07
0.81 ± 0.07
0.82 ± 0.06
0.82 ± 0.06
0.85 ± 0.13
0.86 ± 0.12
0.87 ± 0.11
0.87 ± 0.10
0.87 ± 0.10

Note that a performance factor K indicates a number of identified arm positions as the adjacent arm positions. “Trained” and “Untrained” denote different experimental strategies
to validate the effectiveness of the proposed method. For the details, refer to the context.

E. A Decoding Trajectory in the Effect of Arm Position
Changes
Using the proposed model, we also showed the decoded
trajectory of continuous movement tasks over time in both
trained and untrained arm positions from a subject’s arm.
As illustrated in Figure 7, the overall decoded trajectories
showed that the proposed model could successfully decode
continuous movement intentions in both trained and untrained
arm positions. However, we also found inaccurate decoded
trajectories of radial/ulnar deviation at P3 and P5. These indicated that the decoding performances of movement intentions
of the radial/ulnar deviation task decreased when the subject’s
arm position reached upside or was bent. Nevertheless, the
decoded trajectories at P6 as the untrained arm position
showed relatively accurate trajectories. Therefore, the usage of
the likelihood estimator in the proposed model was feasible
for decoding the continuous movement intentions in daily life,
although it partly misestimated.
To compare the proposed method with the competing models in the untrained arm position more clearly, we further
analyzed the decoded trajectories as continuous movement
intentions with one standard deviation over time, especially.
As shown in Figure 8, the decoded trajectories obtained by
our model showed good performance than the competing
models in the untrained arm position. Moreover, the proposed
model also showed relatively small oscillation in trajectories,
which helped decrease the gap between actual and decoded

intentions. Therefore, the proposed model could contribute to
decode continuous movement intentions more accurately.
VI. D ISCUSSION
A. An Ensemble Effect across Different Arm Positions
In the previous studies [20], [21], the cascade model adopted
the position classifier that had a role in identifying a particular arm position as the current arm position. As shown in
Figure 9, although the position classifier showed successful
classification accuracy in the trained arm positions (P1∼P5).
Interestingly, the classification results in the untrained arm
position (P6) showed that most identified arm positions as the
current arm positions classified in adjacent arm positions. For
example, P2 and P1 showed higher likelihoods when P6 was
the actual arm position, which means that P2 and P1 were
the adjacent arm positions of P6, anatomically. According to
these experimental results, we hypothesized that the EMG
signals of a particular movement intention in an untrained arm
position was affected by mixing EMG signals of the movement
intentions corresponding to adjacent arm positions.
To verify our hypothesis, we confirmed the mixing effect using the equal weighting approach whereas the proposed model
adopted the different weighting approach. The equal weighting
approach applied same weights while the different weighting
approach used different probabilistic weights as arm position’s
likelihoods. As shown in Table IV, the lesser the number
of identified arm positions in the equal weighting approach
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(a) Flexion and extension

(b) Radial and ulnar deviation

Fig. 9: A grand average of the classification accuracy (%)
from the positions classifier in the cascade model; each value
was calculated from all subjects.
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increased, the more the decoding performances increased.
These results suggested that the mixing movement intentions
corresponding to a few adjacent arm positions was effective
in decoding the accurate movement intentions. Meanwhile, the
proposed model seemed similar to equal weighting approach
in the condition of the two adjacent arm positions (K = 2).
According to our hypothesis, likelihoods corresponding to
adjacent arm positions had high probabilistic weights by the
likelihood estimator, whereas the likelihoods of the distant
arm positions were calculated as low probabilistic weights,
automatically. As shown in Figure 10, higher likelihoods could
be seen in adjacent arm positions, for example, the overall
likelihoods at an untrained arm position P6 could be seen
higher at adjacent arm positions such as P1, P2, and P4.
Even if a distant arm position P3 identified as an adjacent
arm position, higher likelihoods in P3 for flexion/extension
were seen during the return to the center. Moreover, even if
the likelihoods at P3 for the ulnar/radial deviation also seemed
to be high, adjacent arm position P2 was compensated with
higher likelihoods at the same time. Therefore, the mixing
of likelihoods was elicited to compensate probabilistically
across different arm positions. These results suggested that the
likelihood estimator could capture information of the untrained
arm position by mixing the information among adjacent arm
positions. In addition, the estimated likelihoods during the
continuous movement tasks including both flexion/extension
and radial/ulnar deviation showed similar patterns with mixing
of information across adjacent arm positions, which successfully decoded the accurate movements over two continuous
movement tasks.
B. An Effect of Smoothing

Fig. 10: A grand average of the arm position’s likelihoods;
each color indicates the average value of likelihood from all
subjects.

In contrast to the conventional models such as SIN and
CAS, the proposed model adopted the smoothing filter to
refine oscillatory outputs from regressors for an accurate
movement intention decoding. Thus, we further analyzed by
separating the two groups: the decoding models with the
smoothing filter (i.e., SINwSF, CASwSF, proposed model),
and decoding models without the smoothing filter (i.e., SIN,
CAS). Interestingly, the decoding models with the smoothing
filter showed that the decoding performances improved than
in those without the smoothing filter. In addition, the decoded
trajectory from the SIN and CAS models showed oscillated
movement intentions including noise, which inhibited the accuracy of the decoding performances, as illustrated in Figure 7.
Thus, this result indicated that the smoothing was also effective
to decode the accurate movement intentions in proportional
control based on regression techniques.
Although we validated the effectiveness of the proposed
method for position-independent decoding of movement intention, there exist limitations. First, in our current framework,
the movement intentions that can be estimated are limited to
those inside the upper limb workspace, which is defined by
two extremes. That is, any arm positions outside the workspace
cannot be estimated correctly. Second, we considered the
arm positions in only the sagittal plane, thus confining the
movement space. Third, we only selected a particular untrained
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arm position although there still exists a myriad of arm
positions between any two arm positions in a realistic scenario.
These will be our forthcoming research issues.
On the other hand, according to Geng et al. [21], the average
EMG classification error rates when training for amputees
were significantly lower than that for normal subjects. Although the further assessment would be needed for testing on
amputees, the present assessment was only applied to healthy
subjects for our goal because the population of prosthesis users
was limited due to ethical reasons. Therefore, the next step
of our research will be to validate the results in amputees.
Nevertheless, our experimental results from healthy subjects
provided a significant basis to overcome the effect of arm
position changes, even though the target EMG patterns from
subjects including amputees are much more complex.
VII. C ONCLUSIONS AND F UTURE W ORK
In this study, we proposed a novel movement intention
decoding model for proportional control in a realistic scenario by resolving the effect of arm position changes. The
experimental conditions including the untrained arm position
are much closer to real-world scenarios of myoelectric control
for neuroprosthetics or neurorehabilitation than that in experimental paradigms that have been used in the previous studies.
We found that the proposed model based on the EMG signals
showed that it is possible to decode continuous movement
intentions in both trained and untrained arm positions. Importantly, the ensemble effects from adjacent arm positions using
the likelihood estimator in the proposed method is meaningful
in daily life where the untrained arm positions occur. In addition, the smoothing effects to refine the oscillated movements
were successfully implemented to decode the performances in
all experimental conditions accurately.
The present results could form the basis for efforts aimed
at developing the natural movement control system of upperlimb neuroprosthetics. In the future, we would like to improve
the proposed model for practical interfaces, such as the userindependent decoding based on deep learning [35], [36] in
multiple users including both healthy subjects and amputees.
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