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Abstract— Synergistic activation of muscles are considered
to be the phenomenon by which the central nervous system
simplifies its control strategy. Muscle synergies are neurally
encoded and considered robust to be able to adapt for various
external dynamics. This paper presents a myoelectric-based
interface to identify and classify motions of the upper arm
involving the shoulder and elbow. We contrast performance of
the decoder while using time domain and synergy features. The
decoder is trained using extreme learning machine algorithm,
and online testing is performed in a virtual environment. Better
classification accuracy for online control is obtained while using
muscle synergy features. The results indicate better online
performance compared to offline performance while using syn-
ergy features to classify movements, indicating generalization
to dynamic situations and robustness of control.

I. INTRODUCTION

Myoelectric based interfaces offer a wide variety of
applications in the area of prostheses, orthosis and tele-
manipulation [1]. Robustness of decoding is an important
factor which has inhibited successful transition of my-
oelelctric based interface to clinical usage [2]. Extensive
research has been done in trying to improve decoding ac-
curacy for online task performance, but good accuracy of
decoding offline does not always translate to good perfor-
mance for online decoding. One prominent reason is lack of
training involving dynamic scenarios, which are generally
unaccounted for during the training phase. Inclusion of
multiple limb positions [3] and dynamically varying data [4]
during training has been instrumental in increasing online
decoding performance. Also variability in the electromyo-
grafic (EMG) signals, due to various factors like muscle
fatigue, sweat or shift in electrode site contribute to decrease
online performance. Using data from a pool of electrode sites
during training has shown to mitigate the deterioration in
performance due to electrode shift [5].

Feature extraction techniques help in characterizing under-
lying structure in the EMG signal. The set of features used,
contribute to a great extent in the performance of any learn-
ing algorithm. There are broadly two types of approaches:
one approach looks into individual muscle activity like time,
frequency and time-frequency domain features, and another
looks into multiple muscle activities, and called synergy
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features. Synergy features identify coordination patterns in
the myoelectric signals. Coordinating the numerous degrees
of freedom of the musculo-skeletal system is considered to
be simplified by synergistic activation of the various muscles
involved [6]. Dimensionality reduction using synergy space
transformation helps in simplifying control inputs and is also
a more robust approach in representing varying EMG signals
[7]. Synergy features are useful especially in scenarios in-
volving usage of multiple degrees of freedom, since they
explain the coordination among the various muscles, and
these patterns are consistent to shift in electrode position
[5].

In this paper, we want to compare and contrast perfor-
mance differences when using time domain and synergy
features, while performing movements involving shoulder
and elbow joints of the arm. Here, we use extreme learning
machine algorithm to train the decoder for real-time clas-
sification of control motions. The experiment involves per-
forming discrete motion of the upper limb in a 3 dimensional
work-space. Closed loop control is obtained by providing the
subject with visual feedback of a virtual arm in a graphical
environment.

II. METHODS

A. Experimental Protocol

The experiment is divided into two parts. Each part is done
on separate days, and includes a training and testing phase.
Experiment 1 is performed using time domain features, and
experiment 2 using synergy features. EMG electrodes are
attached to seven muscles of the shoulder and arm, which
are responsible for five different classes of motion of the
shoulder and elbow joints. The seven muscles used and the
five motion tasks are as indicated in Table I. During the train-
ing phase, each subject is instructed to perform each motion
class ten times, by means of a graphical user interface. Each
motion is performed for three seconds, alternating between
two seconds of rest. A ten seconds rest phase is provided
upon completion of ten repetitions of motion class and prior
to performing the next set of motion class. The EMG signals
acquired during the training phase are used to train the
decoder for online testing phase. During the testing phase,
the subject’s myoelectric activity is used to tele-operate a
virtual arm in the graphical environment. The virtual arm
movement is discrete and is designed to perform one of the
five different motion classes at any instant. Each motion class
is performed ten times in a random order, interleaved by three
seconds of rest. Each trial is considered to be completed upon
successful transition of the virtual arm, from the rest pose to



Fig. 1. A) The online testing phase. B) The five different Motion Class
and the Rest pose which represents the sixth class.

TABLE I
THE SEVEN MUSCLES USED AND THE OUTPUT MOTION CLASSES

MUSCLES
Biceps Brachii (Long head)

Triceps Brachii (Lateral head)
Anterior Deltoid
Posterior Deltoid
Pectoralis Major

Infraspinatus
Trapezius

MOTION CLASS
Elbow Flexion

Elbow Extension
Shoulder Protraction
Shoulder Retraction

Shoulder Flexion

the respective target position, and maintain the position for
0.5 seconds. Figure 1 shows the online testing phase and the
respective target pose for each motion class.

A total of 4 healthy subjects participated in the experiment,
and they all gave informed consents. And the procedures
were approved by the Institution Review Board.

B. Experimental Setup

The setup includes Wireless Electromyogram system
(Trigno wireless, Delsys Inc.), which is used to record
the surface EMG signals. Seven wireless electrodes were
placed on the respective electrode sites on the surface of
the shoulder and arm. A real-time Data acquisition board
(Quanser QPIDe) is used to acquire the EMG signals as
analog inputs, and the acquisiton frequency is 1 kHz. A
MATLAB Simulink based custom program is then used
to interface the myoelectric signals. The processing of the
signals and pattern classification algorithm are implemented
in real-time, and is then used to move the arm in the
virtual environment, thereby providing visual feedback to the
subject.

C. Feature Extraction

All EMG signals are pre-processed by rectification, fol-
lowed by low-pass filtering with a cut-off frequency of 10 Hz,
in order to obtain the envelope of the signal. Experiment 1
involves usage of time domain features, whereas experiment
2 uses synergy features, for online motion control of the
graphical user interface. The features used are as mentioned
below.

1) Time domain features: Two time domain features are
used to extract useful information from the EMG
signals. A sliding window of 100 samples (100 ms)
is used and the features are:
Mean Absolute Value (MAV): It is calculated by taking
the average value of the EMG signals in the window
frame.
Variance (VAR): It is the mean value of the square of
the standard deviation of the EMG signals.

2) Synergy features: Non-negative matrix factorization
(NMF) is the decomposition technique used to trans-
form the EMG signals from the muscle activity space
to synergy space. It constrains the activation coeffi-
cient to be a non-negative value, which reflects the
reality of the neural and muscle activations (pull-only
behavior). Any non-negative matrix X ✏ Rm⇥n is
decomposed into two non-negative factors A ✏ Rm⇥k

and Y ✏ Rk⇥n, and is given by the relation

X = AY + E (1)

where E is the error. Each column in the matrix
X represents multi-variate data points. A is called
the basis matrix containing the basis vectors of the
synergy space, and Y is called the coe�cient matrix

containing the activations. The optimization techniques
used to converge to a stationary point is based on
the non � negative least squares method proposed in
[8]. The number of basis vectors are chosen based on
the explained variance of the data or by the error or
residual E obtained by approximation.

D. Machine Learning Algorithm

Extreme learning machine (ELM) is capable of provid-
ing efficient solutions to generalized feed-forward networks
incorporating single-/multi-hidden-layer neural networks, ra-
dial basis function networks, and kernel learning [9]. The
main advantages of using ELM is its ease of implementation,
fast learning speed and minimal involvement by humans
[10]. The ELM model [11] implements a single-hidden
layer feedforward neural network (SLFN) with N mapping
neurons. The neuron’s response to an input stimulus, x, is
implemented by any nonlinear piece-wise continuous func-
tion a(x,R) (activation function), where R denotes the set
of parameters of the mapping function. Thus, the function
connecting the input layer with the hidden layer can be
expressed as follows, for each neuron j✏ {1, ..., N} :

hj(x) = a(x,Rj ) (2)

The overall output function connecting the hidden and the
output layer is expressed as

f(x) =
NX

j=1

wjhj(x) (3)

,where wj denotes the weight that connects the j

th neuron
with the output. The peculiar aspect of ELM, though, is that



the parameters Rj are set randomly. Accordingly, in general,
the training process reduces to the adjustment of the output
layer, i.e., setting the vector w ✏ RN in (3). As a result,
training ELMs is equivalent to solving a regularized least
squares (RLS) problem in a linear space.

E. Performance Metrics

Quantification of the learning performance of the algo-
rithm can be broadly grouped into two groups:

Offline Performance: This metric is defined as the fraction
of instances in the total observation, where the decoder
outputs the correct class of motion. The data collected during
the training phase is split into a training and a testing data-
set. The decoder is trained using the training set and the
classification accuracy is calculated using the testing data-
set.

Online performance: This is used to quantify the perfor-
mance during the online testing phase, where the subject
is performing the task in the virtual environment. These
performance metrics are based on the work by Li et al.
[12], where they used similar measures as shown below, to
quantify decoding performance.

1) Motion Selection Time: It gives a measure of how
fast the motor commands sent by the brain and conse-
quently to muscular activity, could be translated to the
target motion class. It is time taken for first successful
transition to the correct motion class, as soon as the
subject transitions from the rest phase.

2) Motion Completion Time: This is the time period
between the first successful transition to the correct
motion class, and the time taken to reach the target
position of the motion class and maintain the position
for 0.5 seconds. No time restriction is set in completing
the task.

3) Online Classification Accuracy: This metric is used
to calculate the accuracy in completing each motion
task. It is the ratio of number of times (in samples)
the decoder outputs the desired motion class, to the
total number of samples in that particular motion trial.

III. RESULTS

A. Offline Performance

Classification accuracy has been calculated for each sub-
ject across all the five different motion classes. The average
accuracy across all the subjects in experiment 1 is 99.81%±
0.0726%, whereas the average accuracy in experiment 2
is 82.88% ± 0.8923%. Based on a validation data-set, the
number of hidden neurons in experiment 1 was chosen to
be 5000 units, and 3500 units for experiment 2. Triangular
basis function was the activation function used in the network
model. The number of synergy vectors to be used is chosen
to be four, with average residual error of 5.3838%±3.637%.

B. Online Performance

The Motion Selection Time, Motion Completion Time, and
Online Classification Accuracy values for each subject and
each motion class across all the attempts, for experiment 1

are as shown in Table II, and for experiment 2 are as shown
in Table III.

1) Motion Selection Time: The average time taken to
correctly select the desired motion class, across all
subjects and motion class, in experiment 1 is 0.2245±
0.5862 seconds, whereas it is 0.1481 ± 0.3312 sec-
onds in experiment 2. The average time taken for the
shoulder movements is found to be more compared
to the motions involving just the elbow, in the case
of experiment 1. A t-test was performed and it was
determined that there was significant difference in the
selection time between the two types of experiments
in the case of elbow flexion (p = 0.0024), shoulder
protraction (p = 0.0045) and shoulder retraction (p =
7.1493e�4) motions. Considering the selection time for
all motions combined, there is a significant difference
between the two experiments (p = 7.7047e�4).

2) Motion Completion Time: The average time taken to
complete each task across all the subjects and motion
class, in experiment 1 is 8.0175 ± 12.9015 seconds,
whereas it is 3.6841 ± 0.9605 seconds in experiment
2. There seems to be a lot of variation in the time
taken, mainly in the shoulder motions, and especially
the shoulder retraction, where most of the subjects
struggled, in the case of experiment 1. The shoulder
motions are the complicated motions and involve the
coordination of more than one muscle, except for
the shoulder flexion motion, which was comparatively
easy for all the subjects, in the case of experiment 1.
There is a significant difference in the completion time
between the shoulder and elbow motions in the case of
experiment 1 (p = 1.5160e�5). The time taken in each
of the motion task across all subjects, is significantly
different between the two types of experiments (p >
4.4806e�6).

3) Online Classification Accuracy: The average classifica-
tion performance of the decoder for all the subjects and
across all the motion classes, in the case of experiment
1 is 76.0001 ± 24.3485%, whereas in the case of
experiment 2 is 95.7851 ± 9.7794%. The decoding
accuracy is better when the motion task involves usage
of mainly one muscle (elbow flexion ,elbow extension
and shoulder flexion), compared to motion task involv-
ing coordination of more than one muscle (shoulder
protraction and shoulder retraction), in the case of
experiment 1. Figure Fig. 2 shows the performance
trends across all subjects for each motion class in both
types of experiments.

IV. CONCLUSION

This paper focuses on comparing real-time motion con-
trol of upper limb movements, using two types of feature
extraction methods. The performance is better and more
robust while using muscle synergy features compared to time
domain feature sets. The motion selection time has been
better in experiment 2, and also is the motion completion
time. One stark difference is in the offline decoding accuracy



TABLE II
RESULTS (TIME DOMAIN FEATURES)

Motion Selection Time (sec) Motion Completion Time (sec) Online Classification Accuracy (%)
Motion Type Sub 1 Sub 2 Sub 3 Sub 4 Sub 1 Sub 2 Sub 3 Sub 4 Sub 1 Sub 2 Sub 3 Sub 4

ELbow Flexion 0.0145 0.3700 0.0615 0.1565 6.0040 3.8955 2.7885 4.5015 80.1609 92.6691 98.0463 77.5927
ELbow Extension 0.0530 0.0100 0.0665 0.1940 3.1920 5.7395 4.5780 3.6625 86.5250 76.1465 81.0222 85.4753

Shoulder Protraction 0.3835 0.0725 0.3680 0.4500 9.9325 7.9170 4.8560 23.3745 62.8877 84.3280 84.2472 49.1675
Shoulder Retraction 0.1445 0.0235 0.3460 0.3230 16.7400 5.8655 22.7125 10.7165 73.7463 81.2077 36.1213 57.1605

Shoulder Flexion 0.0910 0.9485 0.2785 0.1345 4.3935 5.4120 4.1465 9.9220 87.0933 88.9752 83.8625 53.5660

TABLE III
RESULTS (SYNERGY FEATURES)

Motion Selection Time (sec) Motion Completion Time (sec) Online Classification Accuracy (%)
Motion Type Sub 1 Sub 2 Sub 3 Sub 4 Sub 1 Sub 2 Sub 3 Sub 4 Sub 1 Sub 2 Sub 3 Sub 4

ELbow Flexion 0.0390 0.0100 0.0100 0.0100 4.1465 2.9615 2.6900 2.3960 88.0489 100.0000 100.0000 98.8896
ELbow Extension 0.2215 0.1745 0.0375 0.0770 3.4610 3.9860 3.1115 2.8555 99.0597 95.9159 99.3312 98.0925

Shoulder Protraction 0.0730 0.0625 0.1775 0.3825 4.8570 4.5970 4.1910 3.6085 80.3293 74.8194 94.7845 94.6694
Shoulder Retraction 0.0480 0.0540 0.0575 0.1330 4.1820 3.7155 3.8530 3.2380 98.1290 99.4833 100.0000 100.0000

Shoulder Flexion 0.3480 0.1775 0.0475 0.1720 3.9840 4.3050 4.0260 3.5975 93.4225 96.0224 93.3964 95.6600

Fig. 2. Plot indicates the classification accuracy for each motion class
across all the subjects.

trends, which indicate better performance in the case of
experiment 1. This again reiterates, that good accuracy for
offline decoding, does not always translate to good online
performance.

Apart from contrasting the performance of these two types
of control strategy, the aim of this paper is to highlight the
importance of using the concept of muscle synergy, to not
only simplify the control inputs, but also as a more robust
way to decode movements involving coordinated muscle
activity. This approach would prove highly beneficial in
the area of assistive technology, especially when multiple
degrees of freedom are involved. The use of ELM in syn-
thesizing the decoder has been an important factor, mainly
due to the rate of learning, and convergence to minimal
error possible. One drawback with this decoding scheme,
is that the classification of motions are sequential. In future,
we would like to incorporate simultaneous classification of
motions, thereby having shoulder and elbow motions at the
same time.
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