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Accurate descriptors of muscular activity play an important role in clinical practice and

rehabilitation research. Such descriptors are features of myoelectric signals extracted

from sliding time windows. A wide variety of myoelectric features have been used as

inputs to pattern recognition algorithms that aim to decode motor volition. The output

of these algorithms can then be used to control limb prostheses, exoskeletons, and

rehabilitation therapies. In the present study, cardinality is introduced and compared with

traditional time-domain (Hudgins’ set) and other recently proposed myoelectric features

(for example, rough entropy). Cardinality was found to consistently outperform other

features, including those that are more sophisticated and computationally expensive,

despite variations in sampling frequency, time window length, contraction dynamics,

type, and number of movements (single or simultaneous), and classification algorithms.

Provided that the signal resolution is kept between 12 and 14 bits, cardinality improves

myoelectric pattern recognition for the prediction of motion volition. This technology

is instrumental for the rehabilitation of amputees and patients with motor impairments

where myoelectric signals are viable. All code and data used in this work is available

online within BioPatRec.

Keywords: bioelectric signal processing, cardinality, electromyography, EMG, myoelectric pattern recognition,

prosthetic control

INTRODUCTION

Owing to the stochastic, non-stationary, and bipolar nature of myoelectric signals, statistical
or amplitude-based features are commonly used to facilitate the electromyography (EMG)
relationship to motor output, such as movement or force. Researchers and clinicians rely on
profiles created by EMG features to investigate and diagnose neuromuscular conditions. Therefore,
accurate descriptors of muscular activity extracted from EMG are of great importance for clinical
practice and research.

The prediction of movement using EMG is of particular interest for the control of prosthetic
limbs and exoskeletons. Pattern recognition algorithms fed by EMG features can be used to
intuitively control several robotic or virtual joints by patients who have suffered from amputation
(Farina et al., 2014), stroke (Lee et al., 2011), or spinal cord injuries (Liu and Zhou, 2013). EMG
features that can better characterize patterns of muscular activity play a key role in this task.
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In the present study, cardinality is proposed as a superior
feature for myoelectric pattern recognition (MPR) of motion
volition. Compared with features that are commonly found in
the literature, cardinality resulted in consistently higher MPR
accuracy despite variations in sampling frequency, time window
length, contraction dynamics, number and type of movements
(individual or simultaneous), and different pattern recognition
algorithms.

The cardinality of set A—card(A) or #A—is simply defined as
the number of unique values within set A. For example, A = {1,
2, 3} and B = {1, 1, 2, 3, 3} have both 3 as cardinality. Unlike
other amplitude depending features, such as mean absolute
value (mabs), zero crossings (zc), and root mean square (rms),
cardinality is not affected by DC offsets commonly caused by the
mismatch of electrode impedance. This characteristic is shared
with features such as wave length (wl) and number of slope
changes (slpch). On the other hand, cardinality is dependent
on the precision of the units utilized (byte, word, double, etc.),
and is therefore dependent on the resolution of the analog to
digital conversion (ADC), which was a factor addressed in this
study.

Using information theory, Farfán et al. found that the rms
provided a higher amount of EMG information (bits) over
mabs and difference absolute mean value (dam). Conversely,
the variance (var) provided the least EMG information (Farfán
et al., 2010). Relatively complex features such as fractal dimension
(fd) and maximum fractal length (mfl) have been found to
improve MPR accuracy over conventional rms,mabs, wl, and var
(Arjunan and Kumar, 2010). Although the decoding task in the
latter study was limited to four classes using four electrodes, mfl
continue to show higher accuracy with only a single electrode.
Similarly, sample entropy was found to outperform 49 other
time and frequency domain features in MPR for a single subject
(Phinyomark et al., 2013). An untested feature in the previous
study was rough entropy (ren), which Zhong et al. found
produced higher accuracy than sample, wavelet, and approximate
entropy (Zhong et al., 2011). As far as can be ascertained,
cardinality has not been previously used as an EMG feature for
MPR, and here it was found to outperform the aforementioned
features.

In 1991, Hudgins et al. introduced a set of features formed
by mabs, wl, slpch, zc, and dam (Hudgins et al., 1991). Two
years later, they replaced dam by the mean absolute value
slope (Hudgins et al., 1993). These two features were ultimately
dropped to form what is currently known as the Hudgins set
(mabs, wl, slpch, and zc); this is also known as the time domain
(TD) set because all features are extracted from the myoelectric
signal over time, as opposed to frequency. Although, no formal
demonstration has been given for these features to form an
optimal set, and other sets have been shown to outperform it
(Oskoei and Hu, 2008; Ortiz-Catalan et al., 2012; Scheme and
Englehart, 2014), the Hudgins set has been used in a considerable
number of MPR studies, which makes it the most valuable set for
benchmarking (review in ref., Ortiz-Catalan et al., 2013). In the
present study, cardinality was found to outperform each feature
within the Hudgins set, as well as to improve the accuracy when
individually replaced for each feature in the set.

METHODS

Data Sets
Two data sets recorded from healthy subjects were used in this
study. The first was individual movements (IM data): 20 subjects,
4 EMG channels, 14 bits ADC, 11 classes (hand open/close, wrist
flexion/extension, pro/supination, side grip, fine grip, agree, or
thumb up, pointer or index extension, and rest) (Ortiz-Catalan
et al., 2013). The second was simultaneousmovements (SM data):
17 subjects, 8 EMG channels, 16 bits ADC, 27 classes (hand
open/close, wrist flexion/extension, pro/supination, and all their
possible combinations) (Ortiz-Catalan et al., 2014). In both data
sets, the electrodes were disposable Ag/Ag (Ø = 1 cm) in bipolar
configuration (2 cm inter-electrode distance). The electrode pairs
were equally spaced around the most proximal third of the
forearm. The first channel was placed along the extensor carpi
ulnaris, and the positive terminal of the amplifier was connected
to the most proximal electrode. Both data sets are available online
with detail demographics and acquisition as part of BioPatRec
(Ortiz-Catalan et al., 2013), and this work has been approved by
the Västra Götalandsregionen ethical committee (769–12).

Signal Acquisition, Processing and
Classifiers
The subjects were guided by BioPatRec to perform each
movement 3 times during 3 s (contraction time) with 3 s of
relaxation time. The contraction time started from the moment
when the subject was requested to execute a movement and
continued until relaxation was prompted by the computer. Since
there is a delay from request to volitional movement, as well
as potential anticipatory relaxation, the beginning and end of
the predefined contraction time were discarded based on a
contraction time percentage (cTp). Previous work with this
platform found that cTp equal to 70% eliminates silent periods
while keeping the dynamic part of the contraction, while 40%
will only capture the static part of the contraction (Ortiz-Catalan
et al., 2013).

Unless stated otherwise, the time window length was 200ms
with a time increment of 50ms, and the sampling rate was
2000Hz. Features were extracted from each time window and
then divided in sets for training (40%), validation (20%), and
testing (40%). The accuracy was computed from the classification
of the testing set only. The testing set was unseen by the
classifier during training and validation. The feature vectors were
randomly assigned to each set before the classifier was trained,
and this was repeated 10 times per subject as cross-validation.
Accuracy mean values per movement were extracted from the
cross-validation per subject.

Two of the most commonly used algorithms for MPR—Linear
Discriminant Analysis (LDA) (Krzanowski, 1988) and Multi-
Layer Perceptron (MLP) (Haykin, 1999)—were used in this study
as implemented in BioPatRec (Ortiz-Catalan et al., 2013) (code
available online). When utilizing single features, convergence
by MLP was observed slower; therefore, the maximum number
of training iterations allowed was increased to 400, as opposed
to the 200 iterations used in previous studies using BioPatRec
(Ortiz-Catalan et al., 2013, 2014).
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The mean of the cross-validations (10 repetitions) per subject
was averaged by movement and then analyzed using the
Wilcoxon Signed-Rank test (Demsar, 2006), where the pairing
was done per movement.

RESULTS

The results are presented in box plots where the central line
represents the median value; the edges of the box are the 25th and
75th percentiles; the whiskers provide the data range; outliers are
represented by “+” markers; solid markers represent the mean
values; and statistical significance is shown by the “*” marker.
Tables containing the mean, standard deviation, and statistical
significance for all graphs are available in Table S1.

MPR using Single Features
Cardinality outperformed known features in the classification
of 11 hand and wrist movements (IM data) by LDA and MLP
(p < 0.01); see Figure 1. Similar results were found when the
number of movements was reduced to seven (hand open/close,
wrist pro/supination, wrist flexion/extension, and rest), a subset
for which prosthetic hardware is commercially available, and
in which classification accuracy using only cardinality was over
95%; see Figure 2.

MPR Using Sets of Features
The classification accuracy of the Hudgins set was improved
marginally (1.6%), but consistently when any of its original
features were replaced by cardinality, as well as when cardinality
was added to the set; see Figure 3. Improvements were found in
both classifiers (LDA and MLP) when decoding 11 movements
(p < 0.01), and to a lesser extent in the reduced subset of seven
movements (p < 0.05). The only exception of improvement was
in the latter subset using MLP and replacing zc (no statistically
significant).

Effect of Sampling Speed and Time
Window Length
The improvement on 11 movements discrimination by LDA
using cardinality, compared with the features of the Hudgins set,
was found to be consistent over variations on sampling frequency
and time window length; see Figure 4. Classification accuracy
using cardinality was marginally reduced by 0.2% from 2 to 1 kHz
(p = 0.8), and by 3.9% from 2 kHz to 500Hz (p < 0.01).
Similar reduction was observed for mabs and wl, and more
pronounced for slpch and zc. On average, accuracy reduction
was found as the sampling frequency was reduced across all
features.

Analogously, accuracy using cardinality was reduced by 0.4,
0.8, 1.9, and 3.5% from 300 to 250, 200, 150, and 100ms,
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FIGURE 1 | MPR accuracy of 11 movements using single EMG features. Accuracy of myoelectric pattern recognition (MPR) of 11 movements (20 subjects, IM

data) using single EMG features. The LDA and MLP classifiers were employed (upper and lower insets, respectively). Cardinality outperformed previously known

features, including the features from the Hudgins set (H. set). The dynamic part of the contraction was included during signal processing (cTp = 0.7). The marker “*”

represents statistical significance at p < 0.01.
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FIGURE 2 | MPR accuracy of seven movements using single EMG features. Accuracy of myoelectric pattern recognition (MPR) of seven movements (20

subjects, IM data) using single EMG features. The LDA and MLP classifiers were employed (upper and lower insets, respectively). Cardinality outperformed previously

known features, including the features from the Hudgins set (H. set). The dynamic part of the contraction was included during signal processing (cTp = 0.7). The

marker “*” represents statistical significance at p < 0.01.

respectively (Figure 4, right inset). The rest of the features
had similar or higher reduction, which allowed cardinality to
maintain the highest accuracy in comparison (p < 0.01).

Excluding the Dynamic Portion of
Muscular Contraction
Cardinality was also found to improve the classification accuracy
of 11 movements when only considering the static portion of
the contraction (cTp = 0.4); that is, completely removing the
initiating isotonic portion. The improvement was consistent
when using single features, as well as by modifying the
Hudgins set; see Figure 5. When using single features, cardinality
increased the classification accuracy by 6.1 and 18.1% for LDA
and MLP (p < 0.01), respectively, when compared to wl. It is
noteworthy that wl was found as the best performing feature in
the Hudgins set, which is agreement with previous work (Scheme
and Englehart, 2014).

Modifying the Hudgins set improved the classification
accuracy to a modest maximum of 1.3 and 1.4% by LDA and
MLP, respectively (p < 0.01), producing classification accuracies
of 96.7% (±2.5%) by LDA, and 95.4 (±3.5%) by MLP. These
represent an average classification improvement of 2.7% by
removing the transient portion of the contraction; however, this
is known to be detrimental for real-time performance (Hargrove
et al., 2007).

Effect of ADC Resolution on MPR
The MPR of simultaneous movements (SM data: 3 DoF and
17 subjects) was found to be the most accurate by LDA using
cardinality; unsurprisingly, however, different ADC resolutions
cause the results to vary (p < 0.01); see Figure 6. The highest
accuracy was 91.2 ± 4.1% at an ADC resolution of 14 bits, the
same resolution used to record the IM data. The lowest was
84.5 ± 5.9% for 16 bits, only 0.6% higher than wl and without
statistical significance (p = 0.6). On the other hand, ADC
resolution had practically no effect on mabs and wl, which are
the Hudgins set features found with the best global performance
on all previous experiments.

DISCUSSION

MPR Using Single and Sets of Features
Decoding tasks can be more easily accomplished when fewer
classes are to be classified, thus diminishing the effect of
employing different features and classifiers. This situation was
observed in this study and previous work by others (Scheme
and Englehart, 2014). The difference in the classification of 11
movements between cardinality and the second best (ren) was
3.9 and 7.5% for LDA and MLP, respectively. This difference
was reduced to 1.5 and 4.8% when the number of movements
was reduced to the subset of seven (an “easier” classification
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FIGURE 3 | MPR accuracy using sets of EMG features. Accuracy of myoelectric pattern recognition (MPR) of 11 movements (left inset), and a subset of the first

seven movements (right inset), using two classifiers (LDA and MLP) in 20 subjects (IM data). The substitution of each feature in the Hudgins set (H. set) by cardinality

showed improved accuracy. The dynamic part of the contraction was included during signal processing (cTp = 0.7). The marker “*” represents the statistical

significance at p < 0.05.

slpch zc mabs wl card
0

20

40

60

80

100

Features

A
c

c
u

ra
c

y
 (

%
)

 

 

2,000 Hz
1,000 Hz
   500 Hz

* * * * *

slpch zc mabs wl card
50

60

70

80

90

100

Features

A
c

c
u

ra
c

y
 (

%
)

 

300 ms
250 ms
200 ms
150 ms
100 ms

*
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frequency (left inset), and the length of the time window used to extract the EMG features (right inset). Eleven movements (IM data) were classified using LDA and

single EMG features (Hudgins’ set and cardinality). The dynamic part of the contraction was included during signal processing (cTp = 0.7). The marker “*” represents

statistical significance at p < 0.05.

task). Nevertheless, cardinality consistently produced higher
classification accuracy regardless of the number of classes. In
a practical sense, the studied subset of seven movements is
currently the first frontier for pattern recognition systems aimed
at commercially available prostheses.

Although, cardinality alone has been shown to be sufficient for
producing a high classification accuracy (>95%), when added to
the Hudgins set the performance was an average of 3% higher
(>98%). This difference might look marginal, but one must
consider that it is more difficult to increase accuracy closer to
100% than at the lower end (for example, from 70%).

It is expected that classification accuracy increases when a
set of features, rather than a single one, are used to feed the

classifier. This is mostly because more descriptive information
is provided. Although, this work was not concerned on the
search for an optimal feature set, the evaluation of the Hudgins
set was performed in order to show that, in the worst case,
cardinality could be substituted for any of its original features
without compromising performance and, better yet, accuracy was
consistently improved when cardinality was added to the set.

Cardinality Consistency as a EMG
Descriptor
Removing the dynamic portion of the contraction has been
observed to increase the offline accuracy at the cost of real-
time performance (Hargrove et al., 2007). This was done in
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FIGURE 6 | Effect of ADC resolution on MPR accuracy. Change in

accuracy of myoelectric pattern recognition (MPR) owing to variations on the

resolution of the analog-to-digital conversion (ADC). Simultaneous movements

of three degrees of freedom (27 individual movements—SM data) were

classified using LDA and single EMG features (Hudgins’ set and cardinality).

The dynamic part of the contraction was included during signal processing

(cTp = 0.7). The marker “*” represents statistical significance at p < 0.05.

the present study not with the intention of improving the
classification accuracy, but to show that cardinality continues
to outperform other features under both conditions. The
same purpose was the driver for varying the length of
the time window from which the features are extracted,
as well as the sampling frequency at which the EMG was
acquired. In both cases, cardinality showed classification
improvement.

The results presented in this work corresponded to offline
classification, which does not necessarily reflect real-time
performance. Further work is necessary to show the prevalence
of cardinality as the most descriptive feature during real-
time MPR. Verification of the current results, and further
real-time investigations, are facilitated by providing all
the necessary code freely as done in BioPatRec (release
“TRE”).

Drawbacks of Cardinality
Attention must be paid to the unit length (precision) used
for signal processing prior to the computation of cardinality.
Altering the dimension of the unit used for sampling (ADC
resolution) to a high precision unit (for example, a double) would
alienate the discrimination power of cardinality. This is because
every sample value would be unique, so cardinality will always be
equal to the number of samples in the time window (maximum
value of cardinality).

In this application, the maximum value for cardinality can
be either max(card) = sampling frequency (Hz) × time window
(seconds), or max(card)= 2(ADCbits). Common MPR parameters
would render card = 2000Hz × 0.2ms = 400, which is
considerably lower than the maximum cardinality obtained with
a 10 bits resolution ADC (card = 1024), so the maximum value
of cardinality is given by the number of samples in the time
window.

A simple operation like dividing the EMG sampled values
by the gain of the amplifiers, in an attempt to use the original
EMG amplitude in further computations, could increase the unit
precision automatically by the processing software; that is, from
the original acquisition values (for example, 14 bits) to a double,
in the case of MATLAB (Massachusetts, United States). In this
study, no modifications to the originally sampled EMG values
were made before extracting cardinality, as filtering was done
analogously in the amplifier before the digital conversion. It is
worth noting that this is normally not a problem, particularly
when usingmicrocontrollers, which are the ultimate target in this
application.

The MPR accuracy at different resolutions, presented in
Figure 6, suggests that cardinality would produce the highest
MPR when sample values are kept within the 12–14 bits
range. EMG acquisition with a higher-resolution ADC can
be scaled to such a range, although this would require
additional computations. The practicality of such an approach
would depend on the processing hardware employed, so the
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use of cardinality might be restricted to particular hardware
implementations.

CONCLUSIONS

The signal features employed for myoelectric pattern recognition
considerably affect the resulting accuracy. Signal processing and
contraction dynamics directly affect the values of such features,
and therefore the classification accuracy. Cardinality was found
to consistently outperform other features despite variations in
signal processing and contraction dynamics, as well as in different
movement sets and classifiers. The major drawback of cardinality
is its dependency on the unit precision employed, which can be
overcome by scaling the signal if necessary. Overall, cardinality

was found to be a highly descriptive feature of the myoelectric
activity, as it yielded the highest accuracies on the decoding of
motion intent.

ACKNOWLEDGMENTS

This work was funded by VINNOVA (2014-00379), CONACYT
(214768), and Integrum AB.

SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found
online at: http://journal.frontiersin.org/article/10.3389/fnins.
2015.00416

REFERENCES

Arjunan, S. P., and Kumar, D. K. (2010). Decoding subtle forearm flexions using

fractal features of surface electromyogram from single and multiple sensors.

J. Neuroeng. Rehabil. 7:53. doi: 10.1186/1743-0003-7-53

Demsar, J. (2006). Statistical comparisons of classifiers over multiple data sets.

J. Mach. Learn. Res. 7, 1–30.

Farfán, F. D., Politti, J. C., and Felice, C. J. (2010). Evaluation of EMG

processing techniques using Information Theory. Biomed. Eng. Online 9:72.

doi: 10.1186/1475-925X-9-72

Farina, D., Jiang, N., Rehbaum, H., Holobar, A., Graimann, B., Dietl, H.,

et al. (2014). The extraction of neural information from the surface

EMG for the control of upper-limb prostheses: emerging avenues and

challenges. IEEE Trans. Neural. Syst. Rehabil. Eng. 22, 797–809. doi:

10.1109/TNSRE.2014.2305111

Hargrove, L., Losier, Y., Lock, B. A., Englehart, K., and Hudgins,

B. (2007). “A real-time pattern recognition based myoelectric

control usability study implemented in a virtual environment,” in

Proceeding 29th Annual International Conference IEEE EMBS (Lyon),

4842–4845.

Haykin, S. (1999).Neural Networks: A Comprehensive Foundation, 2nd Edn. ed. M.

Horton Upper Saddle River, NJ: Prentice Hall.

Hudgins, B., Parker, P., and Scott, R. (1991). The recognition of myoelectric

patterns for prosthetic limb control. Proc. Annu. Int. Conf. IEEE EMBS 13,

2040–2041.

Hudgins, B., Parker, P., and Scott, R. N. (1993). A new strategy for multifunction

myoelectric control. IEEE Trans. Biomed. Eng. 40, 82–94.

Krzanowski, W. J. (1988). Principles of Multivariate Analysis: A User’s Perspective.

New York, NY: Oxford University Press.

Lee, S. W., Wilson, K. M., Lock, B., a, and Kamper, D. G. (2011). Subject-

specific myoelectric pattern classification of functional hand movements for

stroke survivors. IEEE Trans. Neural. Syst. Rehabil. Eng. 19, 558–566. doi:

10.1109/TNSRE.2010.2079334

Liu, J., and Zhou, P. (2013). A novel myoelectric pattern recognition strategy

for hand function restoration after incomplete cervical spinal cord injury.

IEEE Trans. Neural. Syst. Rehabil. Eng. 21, 96–103. doi: 10.1109/TNSRE.2012.

2218832

Ortiz-Catalan,M., Brånemark, R., andHåkansson, B. (2012). “Biologically inspired

algorithms applied to prosthetic control,” in Proceedings of the IASTED

International Conference, Biomedical Engineering (Innsbruck), 7–15.

Ortiz-Catalan, M., Brånemark, R., and Håkansson, B. (2013). BioPatRec: a

modular research platform for the control of artificial limbs based on pattern

recognition algorithms. Source Code Biol. Med. 8:11. doi: 10.1186/1751-

0473-8-11

Ortiz-Catalan, M., Håkansson, B., and Brånemark, R. (2014). Real-time and

simultaneous control of artificial limbs based on pattern recognition

algorithms. IEEE Trans. Neural Syst. Rehabil. Eng. 22, 756–764. doi:

10.1109/TNSRE.2014.2305097

Oskoei, M. A., and Hu, H. (2008). Support vector machine-based

classification scheme for myoelectric control applied to upper limb.

IEEE Trans. Biomed. Eng. 55, 1956–1965. doi: 10.1109/TBME.2008.

919734

Phinyomark, A., Quaine, F., Charbonnier, S., Serviere, C., Tarpin-Bernard, F.,

and Laurillau, Y. (2013). EMG feature evaluation for improving myoelectric

pattern recognition robustness. Expert Syst. Appl. 40, 4832–4840. doi:

10.1016/j.eswa.2013.02.023

Scheme, E., and Englehart, K. (2014). “On the robustness of EMG features for

pattern recognition based myoelectric control; a multi-dataset comparison,” in

Conference Proceeding of the IEEE Engineering in Medicine and Biology Society

(Chicago), 650–653.

Zhong, J., Shi, J., Cai, Y., and Zhang, Q. (2011). “Recognition of hand motions

via surface EMG signal with rough entropy,” in Proceeding 33rd Annual

International Conference IEEE EMBS (Boston), 4100–4103.

Conflict of Interest Statement:MOCwas partially funded by IntegrumAB during

this work. All the code and data used in this work are freely available online in

BioPatRec (TRE), and thus all the results presented here can be reproduced.

Copyright © 2015 Ortiz-Catalan. This is an open-access article distributed under the

terms of the Creative Commons Attribution License (CC BY). The use, distribution or

reproduction in other forums is permitted, provided the original author(s) or licensor

are credited and that the original publication in this journal is cited, in accordance

with accepted academic practice. No use, distribution or reproduction is permitted

which does not comply with these terms.

Frontiers in Neuroscience | www.frontiersin.org 7 October 2015 | Volume 9 | Article 416

http://journal.frontiersin.org/article/10.3389/fnins.2015.00416
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://www.frontiersin.org/Neuroscience
http://www.frontiersin.org
http://www.frontiersin.org/Neuroscience/archive

	Cardinality as a highly descriptive feature in myoelectric pattern recognition for decoding motor volition
	Introduction
	Methods
	Data Sets
	Signal Acquisition, Processing and Classifiers

	Results
	MPR using Single Features
	MPR Using Sets of Features
	Effect of Sampling Speed and Time Window Length
	Excluding the Dynamic Portion of Muscular Contraction
	Effect of ADC Resolution on MPR

	Discussion
	MPR Using Single and Sets of Features
	Cardinality Consistency as a EMG Descriptor
	Drawbacks of Cardinality

	Conclusions
	Acknowledgments
	Supplementary Material
	References


