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Abstract. Reaching away and toward the body is one of the most im-
portant upper-limb task in daily-living activities. Several robotic tech-
nologies have been developed to assist neurologically impaired people
with motor disabilities, such as exoskeletons and teleoperated manip-
ulators. However, a high level of disability and muscle weakness could
prevent an effective identification of user intention. In this paper, we
present a novel approach for the classification of four reaching directions
in the early phase of movement. A dimensionality-reduction algorithm
based on the extraction of muscle synergies is coupled to a Gaussian
Mixture Model in an evidence-accumulation framework. On average, the
system identifies the desired direction with 82% of accuracy at movement
onset, up to 98% at 20% of reaching distance. We believe the proposed
method to improve the robustness of myoelectric controlled devices, both
for rehabilitation and functional assistance.

Keywords: Electromyography, Muscular Synergies, Gaussian Mixture
Model, Human Robot Interaction

1 Introduction

Surface Electromyography (sEMG) is a well-known technology to detect muscu-
lar activation, that found its principal use in biomechanical studies [7]. However,
it also started being exploited as a physiological interface to detect user intention
in controlling a robotic device already 60 years ago [9]. Extracting movement-
related information before the muscle actually contracts is the main advantage
of establishing an interface at neuromuscular level. This phenomenon is called
Electro-Mechanical Delay (EMD) [21], and its entity depends on the muscle’s
characteristics. For upper-limb, the typical range is between 20 and 80 ms. Neu-
romuscular information is the basis for most of the control schemes presented
in the literature or available commercially. They extract amplitude or frequency
features of each registered muscle to provide discrete [8] or continuous [12] con-
trol of one or few degrees-of-freedom (DoFs) of a robotic device. Even if these
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approaches are effective for prosthesis control, they fail in conditions where si-
multaneous myoelectric control of multiple-DoFs is required. Therefore, their
commercial application is limited in more complex contexts, such as for ex-
oskeletons [25] or teleoperation [18]. The reason stands in the high complexity
and redundancy of human neuro-muscle-skeletal system. Indeed, modeling the
coordination of several non-linear actuators by looking to their single activation
is an extremely expensive task from a computational point of view, and often
ill-posed, since multiple solutions could arise (’Bernstein problem’).

Recent studies [2, 13] have strengthen the hypothesis that our Central Ner-
vous System (CNS) controls a set of modules, referred as muscle synergies, de-
scribed as the coordinated activation of a group of muscles. The linear combi-
nation of muscle synergies at the brainstem level generates muscle contractions
that lead to the desired movement [31]. In this sense, CNS has to take care
only of high-level commands in a low-dimensional space defined as the temporal
recruitment of time-invariant synergy modules [29]. In the context of human-
machine interface, the temporal profiles of these modules could be used as con-
trol input for the robotic system in place of single muscle activation. They have
shown promising results in describing the underlying coordination during dif-
ferent tasks [11, 23]. These features showed to be robust and not sensitive to
amplitude cancellations and to slight shifts in electrode position [20].

Different algorithms have been proposed to reduce the dimensionality of a
dataset of sEMG signals, including Principal Component Analysis (PCA), Fac-
tor Analysis (FA) and Independent Component Analysis (ICA). However, the
Non-Negative Matrix Factorization (NMF) [14] have shown to be the most suited
for the extraction of physiologically-meaningful modules. Thus, it was strongly
applied to study muscle synergies in lower-limb [5, 24], upper-limb [3, 19] and
posture [30] tasks, in both healthies and patients with neurological impairments.
Moreover, NMF shows its efficacy in simplifying the continuous online control
in teleoperating robotic manipulators [4, 16]. Direct and continuous myoelectric
control is closer to the natural motor strategy when compared to a discrete
non-proportional control scheme. Nevertheless, even if it could be suggested for
able-bodied subjects, direct control could become totally unfeasible for severely-
affected stroke survivors or spinal-cord injury (SCI) patients. In fact, the muscu-
lar coordination is disrupted making the control input unreliable for the former,
while the latter is able just to initiate the movement due to muscle weakness
and failure of central motor drive [28]. In addition, sudden contractions due
to spasticity of the paretic limb could bring to unpredictable behaviour of the
robotic device, questioning the safety, particularly in exoskeleton application.
Given these problems, it is often suggested to adopt a shared-control strategy
in order to coordinate the desired movement, where the user triggers a high-
level motor command that afterwards is correctly interpreted by the robot in
accordance to the environment. This strategy is typical of lower-limb exoskele-
tons [10], where it is easy to define the set of high-level commands (i.e. walk,
stand up, sit down, different gate phases, etc). This approach was found to be
effective also on upper-limbs, even if principally for hand prosthesis. In [22], a
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Fig. 1. Experimental set up for data collection (left). The subject is asked to reach one
among four target position at 10 cm from a ’HOME’ position. The recorded trajectories
on the coronal plane are also shown (right).

Support Vector Machine (SVM) was applied to classify different hand postures.
In [15], a ”Boxplot Zones” method was used to identify the amplitude distri-
bution of several muscle groups for a sample-to-sample classification between
four motor strategies in reaching movements. In [17], the mean absolute value
(MAV) of shoulder muscles was taken as principal metric for upper-limb reach-
ing movements classification. However, none of these studies have taken into
consideration the synergistic structure behind our motor control system, even
if evidences of improved performance are provided with respect to conventional
proportional approaches [1].

In this paper, a novel synergy-based classification method is presented that
is able to recognize movement intention and reaching direction with high accu-
racy in the early phase of motion. In particular, NMF is exploited for synergies
extraction, coupled with a Gaussian Mixture Model (GMM) for reaching classi-
fication. We suggest our approach to improve the controllability of myoelectric
robotic devices, in order to guarantee their use also for severely affected people.

2 Experimental data

Electroencephalography (EEG), Electromyography (EMG), and kinematic data
referred to a right-handed female healthy subject (age, 32 years) have been ex-
perimentally recorded at the IRCCS Fondazione Ospedale San Camillo, Venice,
Italy. She has been informed about the experimental procedures and gave her
consent. The experimental protocol, the same as the one explained in [33], re-
quired the subject to sit in front of a computer screen holding the end-effector of
a manipulator robot, while the limb was supported by table surface. The whole
procedure consisted of three sessions of 80 trials each. In each trial, the subject
was asked to start from a home position to reach one among four target posi-
tions. The home position has been placed on the mid-sagittal plane in the middle
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of a workspace covering an area of 100× 100 cm. ’UP’, ’RIGHT’, ’DOWN’, and
’LEFT’ on the horizontal plane were the four possible target positions, each tar-
get was at 10 cm from the home position. Both target and home positions have
been identified by a disc with a diameter of 27 mm. The experimental set up
and the recorded trajectories are shown in Figure 1. The trial recording started
as soon as the user left the home position and ended when the boundary of the
target has been reached.

For this study, 16 EMG channels have been recorded with bipolar Ag/AgCl
electrodes, sampled at 1000 Hz. The following muscles have been considered: An-
terior Deltoid (’DeltA’), Medium Deltoid (’DeltM’), Posterior Deltoid (’DeltP’),
Superior Trapezius (’TrSup’), Rhomboid Major (’RhMaj’), Infraspinatus (’Infr’),
Teres Major (’TerMaj’), Pectoralis Major (’PcMaj’), Lateral Triceps (’TrLat’),
Medial Triceps (’TrMed’), Short Biceps (’BicShort’), Long Biceps (’BicLong’),
Brachialis (’Brac’), Brachioradialis (’BrRad’), Supinator (’Supin’) and Pronator
Teres (’PrTer’). EMG data have been concatenated and visually inspected for
channels corruption. Short Biceps muscle channel has been removed, thus only
15 muscles are considered in this paper.

3 Methods

A series of pre-processing steps (Section 3.1) have been applied to whole the
dataset from the three sessions. Afterwards, a nested 5-fold cross-validation have
been exploited for synergies extraction and model training. At each iteration,
NMF have been performed on half of the training dataset (24 trials per target, 96
trials in total) to compute the decomposition matrices. We used the second half
as validation set to determine the number of synergy modules Nsyn, as explained
in Section 3.2. Then, the GMM have been trained on the whole training dataset
(48 trials per target, 192 trials in total) projected in the Nsyn - dimensional
space, as explained in Section 3.3. The classification performances have been
finally tested on the remaining trials (12 trials per target, 48 trials in total).

3.1 Data pre-processing

Raw signals from each channel were band-pass filtered (5-th order Butterworth
filter) between 5 Hz and 200 Hz, to remove low-frequency movement artifacts and
high-frequency noise. A 2nd order Infinite Impulse Response (IIR) notch filter at
50 Hz has been used on each channel to subtract the power line interference. Each
zero-mean signal have been rectified and smoothed with a moving average filter
(sliding window width: 200 samples), providing a smooth-rectified EMG (SRE)
for each channel. For each muscle during each session, the maximum activation
value have been used for signal normalization, in order to adjust for muscle-
to-muscle and session-to-session variances. Figure 2 shows the average EMG
envelops of the 15 recorded muscles across the trials for each target direction.
Since no constraint have been given on the speed of movement execution, each
EMG signal has been re-sampled to percentage of reaching distance.
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Fig. 2. Signal envelops (normalized smooth-rectified EMG, SRE) averaged across trials
for each target direction.

3.2 Synergies extraction

The pre-processed EMG envelopes have been factorized by applying the NMF
algorithm, to extract the subject-specific Muscle Synergy (MS) matrix H. The
NMF assumes that high-dimensional muscle activation patterns can be decom-
posed in a linear combination of low-dimensional MS modules. These modules
are considered to be time-invariant and task-independent, thus they should rep-
resent neuro-mechanical couplings between muscles in our motor control system.
Therefore, given a set of M EMG signals X, the mth muscle xm(t) can be mod-
eled as:

xm(t) =

Nsyn∑
n=1

hm,nwn(t) (1)

where hm,n is the gain of the mth muscle in the nth synergy, while wn(t) is the
temporal activation profile of the nth synergy. In matrix form, (1) can be written
as

X(t) = H ·W (t) (2)

where W (t) is the Nsyn - dimensional matrix of neural activation signals over
time or it can be seen also as the projection of the EMG patterns in the MS
domain. The synergy module and activation coefficient matrices were normalized
such that the individual module vector was the unit vector. The performance of
the decomposition algorithm could be assessed by looking to the variance of the
original dataset explained by the reconstruction. In this context, the multivariate
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correlation between the reconstructed (X̄) and the recorded (X) EMG signals
is evaluated by the Variance-Accounted-For (VAF) metric [6], defined as

VAF = 1−
∑
i(X̄i −Xi)

2∑
iX

2
i

(3)

The reconstruction performance have been used to determine the number
of synergy Nsyn < M necessary to describe the tasks. As anticipated, a cross-
validation procedure has been applied to extract the matrix of synergy modules
H from half of the training dataset, while the reconstruction performance has
been evaluated on the left-out half, as validation set. In particular, given the
matrix H, the activation coefficient matrix W (t) has been computed for the val-
idation set by solving a non-negative least squares constraint problem. As robust
criteria to guarantee the agreement between the original and the reconstructed
signals, we selected the minimum number of synergies such that:

1. VAF was ≥ 90% on the overall dataset;

2. VAF was ≥ 90% for each channel or if an additional module did not increase
the VAF by > 5% for the channel with the lowest VAF;

3. VAF was ≥ 90% for each target or if an additional module did not increase
the VAF by > 5% for the target with the lowest VAF.

After the factorization dimension have been identified, the whole training dataset
has been factorized with Nsyn number of synergy modules to extract the two
factorization matrices H and W (t). The latter represents now the transformed
training dataset to be used for model training.

3.3 Gaussian Mixture Model

We modeled the Nsyn synergy activation profiles as a weighted sum of Gaussian
components alongside with the class corresponding to the target the user is going
to reach in the considered trial. The aim is to represent the data in a proba-
bilistic manner by using a Gaussian Mixture Model for classification purposes.
This model is particularly lightweight, and we used it in several other works to
encode EMG signals and perform tasks in real-time [26, 27, 32]. Moreover, this
framework enables an autonomous estimation of model parameters through the
Expectation-Maximization (EM) algorithm, which uses likelihood local maxi-
mization to iteratively optimize an initial set of Gaussian components provided
by K-means algorithm. We repeated this operation 5 time by following a cross-
validation approach. Each time, we randomly selected one fifth of the available
data, equally distributed along the targets, in order to test the performances of
the model. The rest of the data has been used in the training phase to tune the
model parameters. In particular, the model depends only on the parameters: K,
π, µ and Σ, with a probability density function computed as follow:

p (ξ) =

K∑
k=1

πkN (ξ;µk, Σk) (4)
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where ξ = {w, ζ} is a generic data in input at the framework, with w the Nsyn
synergy activations vector, and ζ the target class related to w. K is the num-
ber of Gaussian Components, chosen equal to 3 for this study. πk, µk, Σk are
respectively the prior probability vector, the mean vector and the covariance
matrix for the kth Gaussian distribution forming the mixture. Moreover, means
and covariances can be decomposed as follows:

µk = {µw,k µζ,k} Σk =

[
Σw,k Σwζ,k
Σζw,k Σζ,k

]
(5)

It is worth to notice that the dimensionality of the problem is equal to Nsyn+ 1,
while the model itself is time independent, since it does not take into account
this information.

In the testing phase, we classified the synergy modules data excluded from the
training, by means of the conditioned probability density function in Equation 6.

p
(
ζ̂|w
)

=

K∑
k=1

πkN (w |µw,k, Σw,k )∑K
i=1N (w |µw,i, Σw,i )

ζ̂k

ζ̂k = E [ζk |w ] = µζ,k +Σζw,kΣ
−1
w,k(w − µw,k)

(6)

where ζ̂k is the conditional expectation of ζk given w. Since we computed the
probability density function for each possible class, for every input data we can
also calculate the probability of being part of a class, namely ρζ(w). Finally, we
estimated the class related to w by selecting the maximum of the accumulated
probability per class along time. This mechanism allows us to take advantage of
the sequentiality of the data in input, with the objective of minimizing the error
due to possible outliers.

4 Results

In Figure 3 the outcome of the synergy extraction procedure for the first cross-
validation is provided. Four synergies have been extracted by the reconstruction
performance (Figure 3a), resulting in about 95% of VAF on the whole dataset
and a minimum of 76% of VAF for the muscle with the lowest VAF (Medium
Deltoid, ’DeltM’). VAF was always ≥ 90% for each task. The four synergy mod-
ules containing the gain for each muscle are shown in Figure 3b, averaged across
the iteration of cross-validation. The first synergy (Syn 1 in green) is composed
principally by Triceps, Infraspinatus and Rhomboid Major activation. They are
involved in elbow extension, shoulder abduction and external rotation, repre-
senting a movement laterally-away from the body. Similar considerations can be
done for the fourth synergy (Syn 4 in blue), but in this case Triceps muscles
are coupled with Anterior Deltoid and Superior Trapezius for shoulder flexion,
thus representing movements medially-away from the body. On the other hand,
the second synergy (Syn 2 in red) and the third synergy (Syn 3 in yellow)
characterize movements towards the body. The former has an higher gain for
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Fig. 3. Outcomes of the synergy extraction procedure. A VAF computed on the val-
idation set for the whole dataset (left), for each muscle (middle) and for each target
(right) as a function of the number of considered synergy modules. The vertical blue
line shows the minimum number of synergies that satisfies all the criteria; B Composi-
tion of the chosen time-invariant synergy modules, averaged across the cross-validation
iterations. Bar height represents the gain of participation of each muscle to the synergy;
C Activation coefficient profiles of each synergy for each target, averaged across trials
and cross-validation iterations.

Posterior Deltoid (shoulder extension) and Teres Major (shoulder adduction),
while the latter for Pectoralis Major (shoulder internal rotation), Long Biceps
and Brachialis (elbow flexion). Noteworthy, but not unexpected, the standard
deviation of the extracted synergies resulted to be very small across the iter-
ation, suggesting that the repeatability of the muscle patterns across trials is
kept also when transformed in a lower-dimensional domain. Figure 3c shows the
activation coefficient profiles of each synergy for each target, averaged across
trials. The ’RIGHT’ and ’DOWN’ targets show a strong activation of the first
and second synergies respectively, particularly in the first half of the reaching
distance, since they contain the principal muscles involved in the generation of
the desired movement. Both of them show an increase of activation for the third
and fourth synergies at the end of the task, probably working as shoulder and
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Fig. 4. Accumulated probabilities over reaching distance averaged across trials, for
each class (’UP’ in blue, ’RIGHT’ in red, ’DOWN’ in yellow, ’LEFT’ in violet) when
the reaching task is executed towards different targets.

elbow joints stabilizers in the deceleration phase. On the other hand, ’UP’ and
’LEFT’ targets are both generated by the synchronous activation of the third
and fourth synergies, but with different temporal profiles. Indeed, ’UP’ shows
the peak of activation at about 60% of the movement, while ’LEFT’ at the be-
ginning (about 10% of reaching distance) and then slowly decreasing. Again, a
slight increase of the other two synergies (Syn 1 and Syn 2) is visible at the end
of the movement.

Figure 4 shows the probabilities provided by the GMM accumulated and
normalized over time. Each panel represents the classifier output for the trials
related to a specific target (’UP’ top-left, ’RIGHT’ top-right, ’DOWN’ bottom-
left, ’LEFT’ bottom-right). Each curve represents the probability of a class to
be selected along the reaching distance. The proposed method assigns to the
class, that correctly corresponds to the target, the highest probability to be
selected, as far as the evidence is accumulated over the movement execution.
However, for two out of the four targets (’RIGHT’ and ’DOWN’), the selection
confidence reaches its peak at around half of the distance. After that, it starts
decreasing, while the confidence of the ’LEFT’ class increases. A slow decrease
of the confidence can be seen also for ’LEFT’ after half of the movement, but
of a much less extent. The classification performance for each target and for
the entire dataset is shown in Figure 5. The graph evaluates the accuracy in
identifying the correct class every 10% of the reaching distance. As expected
from the analysis of the accumulated probabilities, the accuracy is highly above
the chance level (25% for a 4-class classifier) for all the targets (a maximum of
87% ± 18% for ’LEFT’ and a minimum of 77% ± 7% for ’RIGHT’) already after
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1% of the whole movement. Accumulating the evidence over 20% of the distance
improves the classification performance to 98% ± 2% on average, while the ’UP’
class saturates to 100%. The classifier reaches a maximum of 99% ± 1% on the
total accuracy at 40% of the distance, then it decreases to 77% ± 4% at the end
of the movement, with a minimum for the ’RIGHT’ target of 58% ± 22%.

5 Conclusions

In this paper, we presented a novel approach for the early identification of reach-
ing direction from 16 muscle signals. The proposed method exploits the redun-
dancies in human motor system to reduce the dimensionality of the problem to a
lower set of synergy modules. A GMM in an accumulation framework has been
introduced to increase the confidence in selecting the correct movement. The
number of synergies extracted in the first phase is in line with previous studies
on upper-limb tasks in able-bodied subjects [3, 16, 19]. ’RIGHT’ and ’DOWN’
targets seem to be simpler tasks, since they are characterized by the activation
of only one synergy, compared to ’UP’ and ’LEFT’ targets, that require two
synergies. Even if it should be confirmed with more extensive tests, it is interest-
ing that more complex targets produced higher confidence in the classifier. The
proposed method successfully identified user intention with high accuracy even
at the beginning of the movement. The estimated class was already above the
chance level about 100 ms after movement onset. Performance increases up to
100% of accuracy at half of the reaching distance. We also identified a decrease of
the accuracy in the second half of the movement, when the limb is decelerating.
Anyway, this does not affect the results, since our aim is the early identification
of user intention, thus before the performance begins to drop. For this study the
number of Gaussian components has been manually set to 3 as first attempt, but
for the future an automatic identification of model complexity should be consid-
ered and would probably improve the found results. Moreover, the probabilistic
model did not take into account any temporal information, but every sample is
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considered as an independent event, except for the evidence accumulation. We
suggest that including time-dependent parameters in the model could improve
the sensitivity of the system and would speed up the identification of sudden
changing in direction.

Given the promising results on this study, we aim to test our approach on a
bigger population, including neurologically impaired patients, and for the iden-
tification of more complex tasks in three-dimensional movements. We believe
that assistive technology could benefit from an accurate and fast algorithm for
motion classification, particularly when a reduced muscular activity affects the
identification of user intentions.
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