
Towards EMG Control Interface for
Smart Garments

Simone Benatti
DEI
University of Bologna
40136 Bologna, Italy
simone.benatti@unibo.it

Luca Benini1’2

ISL1
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Abstract
Wearable computing devices can greatly enhance the
quality of life, helping interaction with smart environment,
activity recognition and healthcare applications. Smart
garments offer the opportunity to integrate sensors and
electronics in unobtrusive wearable systems. The paper
presents a case study of an embedded hand gesture
recognition system, which uses EMG electrodes
embeddable in smart clothes. We analyze the main
challenges of a real-time system for pattern recognition
and the results of the proposed experiment demonstrate
the feasibility of a real-time system for pattern
recognition, which can be integrated in smart clothes.

Author Keywords
Wearable computing; EMG; hand gestures recognition.

ACM Classification Keywords
H.5.m [Information interfaces and presentation (e.g.,
HCI)]: Miscellaneous.

Introduction
Recently, we are assisting to a market explosion of
wearable devices that are becoming more pervasive and
affordable for a large consumer audience: smart watches,
active glasses or sensorized bracelets are just a few
examples of what is available for a relatively low-price.
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The introduction of these objects is boosted by the
increase of performance of low power microcontrollers and
the market acceptance of MEMS sensing technologies. In
last years research has applied wearable devices in field
such as healthcare, rehabilitation, Human-Machine
Interaction (HMI)[6] and fitness. A typical goal in all these
application scenarios is the development of unobtrusive
devices that can support people and improve quality of
life. This goal can only be achieved by technology that
disappear, fusing with everyday objects and garments. At
this regards, research has already offered several examples
of playing with materials to create smart fabrics [7] at one
side and of exploiting miniaturized sensors and electronics
that can be sewed in garments at the other side [9] and in
commercial application like Arduino LilyPad [1]. For their
low-cost, form factor, widesprad diffusion and availability,
inertial sensors are a typical example of integration in
garments and smart objects, as described in [10] and [22].
In this paper we approach another kind of sensor, suitable
to be integrated in garments due to its need to be in
direct contact with the user body to efficiently capture
muscular activity. We are referring to the
Electromyographic suface sensor or EMG. EMG sensing is
widely used in diagnostic applications [19] to investigate
neuromuscular diseases and in fitness applications. In
recent years, EMG have been applied to muscular activity
recognition [15], energy expenditure evaluation, in
rehabilitation [21] and in advanced prosthetics [8].
Thanks to the growing interest in natural computer
interfaces EMG has been also used for gesture interaction
in several research studies [12] and in few commercial
attempts like MYO of ThalmicLabs [4]. In this field, the
signal needs to be processed by appling machine learning
techniques to achieve an extended set of gestures with
minimal setup and to provide to the final user an effective
experience to interact with the surrounding world.

Therefore, the target is a robust solution working in
real-time for an adequate lifetime. And at the same time
the device must be wearable, i.e. unobtrusive. As known,
the consequence is the need to optimize processing for an
embedded platform with constrained resources.
The classification of hand gesture with pattern recognition
methods is a well studied field of research and there are
many contribution from signal processing and machine
learning communities. Many works make comparison
between different classifiers, from Neural networks [16] to
LDA [26], regarding accuracy performance and comparing
feature extraction techniques. In [14] authors conclude
that one of the classifiers that provides better performance
is the Support Vectors Machine (SVM) [24]. The EMG
sensors are deeply investigated with comparisons between
the accuracy of systems based on implantable or surface
electrodes, [23]. The passive metal surface sensors and
the textile electrodes, if used in a pattern recognition
system, allow to reach almost the same performance in
terms of classification accuracy, like in [13].
There are also some recent works [25] that evaluates the
real-time performance of an EMG hand gestures
recognition system based on textile electrodes. The
system drives a virtual arm, reaching accuracy of the
recognition around 93% and response time about 300ms.
These systems are implemented on high-end PC platforms
to perform the pattern recognition. The contribution of
this work is the evaluation of a real-time pattern
recognition optimized for an EMG smart sensing unit
suitable for smart garments. With adequate signal
processing and a low cost embedded platform we will
demonstrate the feasibility of a real time pattern
recognition system for hand gestures.

164

ISWC '14 ADJUNCT, SEPTEMBER 13 - 17, 2014, SEATTLE, WA, USA



System Description
The proposed system is based on a microcontroller
embedded board that can be worn in a small form factor
case, like a watch or a bracelet integrated in smart
clothes. The system can be connected with an external
PC interface to download data and to upgrade firmware.
The building blocks are shown in Figure 1

Figure 1: Block diagram of the system.

Electrodes are connected with an Analog Front-End
(AFE) Integrated Circuit (IC) that converts the
differential analog signal and sends the data to the
microcontroller. The front end has a CMRR of 101dB
adequate to minimize the common mode noise and to
acquire clear biopotentials for the microcontroller. A
detailed description of the AFE is reported in [20]. The
single core ARM Cortex M4 processor receives the data
via SPI and performs the preprocessing of raw data and
the classification.

EMG signal
The EMG signal gives the measure of the electrical
activity of the muscular fibers. Such signal can be
acquired by a differential pair of metal plates, positioned
on the surface of skin, called surface sensors. The
acquired signal is a zero mean value with +−100µV of
amplitude and a frequency content from 30Hz to 1KHz.
As most of the biopotentials, the EMG is affected by low
SNR, and high variability due to perspiration, fatigue,
misplacement of the sensors and it is vulnerable to the
ground loop noise and to the interferences of mains power
line. Therefore the EMG signal processing is an open
challenge in the implementation of robust gesture
interfaces. Passive metal electrodes are widely used in
gesture recognition applications. In [27] it is proposed a
comparison between traditional passive electrodes and
textile electrodes for hand gesture recognition. Results of
the study show that systems with textile o passive metal
electrodes have similar accuracy. In this first study we
used passive eletrodes because our first goal is to
demonstrate the feasability of the wearable system mainly
in terms of accuracy and real time performance.

Classification Algorithm
The SVM is a supervised learning algorithm in which the
training phase tries to find the optimal hyperplane to
maximize the distance between two classes. This
hyperplane is the maximum-margin separator between two
classes of data and is composed by a subset of the vectors
of the dataset, called support vectors (SV). These vectors
are used to create a model for the classification of the
input data. The classification is based on the internal
product between input data and SV with proper weight
coefficients and compares the affinity of the classified
samples with the SV. The training and the model creation
are computationally complex operations and can be
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performed offline with a PC, while the classification must
run on the embedded platform and meet real-time
requirements. For example, the case of prosthesis or
exoskeleton control requires fast reaction: typically the
maximum time for the execution of the prosthesis
movement must be within 300ms [11], while the
recognition of the beginning of a muscular contraction
must happen even earlier, within the first 30ms [5]. The
proposed solution uses the libSVM [2], an open source
library for the SVM. The advantage of such solution is
that there is the same implementation of the library in C
language and in Matlab code, thus it is possible to
evaluate and debug the system with offline tools like
Matlab or Python and to use the same library in the
development of the Firmware. The main works on the
classification of the EMG for pattern recognition with
SVM are based on the processing of the raw data with
feature extraction techniques [17]. A window of fixed or
variable length is selected and some features in time or
frequency domain are calculated. The data from the
extracted features are the input of the SVM to obtain an
accurate classification. In fact, the SVM poorly performs
on raw EMG data that have zero mean value since the
classification is based on the inner product.
The proposed setup preprocesses EMG to obtain an
envelope of the signal that become suitable for the SVM
classification without spending computation time for
acquisition and processing of feature extraction. Initially
we obtain for each channel a rectified and zero offset
signal from the raw EMG values applying a mean value
and the offset cancellation as shown in (1)

xr[n] = |xi[n]− xM | (1)

where xi is the EMG sample of channel i acquired at
instant n and xM is the mean value of the EMG signal.
The samples used to calculate the mean value are stored

in a circular buffer to minimize the execution time. At a
later stage we extract the envelope of the signal with the
application of a simple FIR low-pass filter as shown in (2)

x[n] = 0.01 · x[n] + 0.99 · x[n− 1] (2)

The ARM Cortex M4 architecture allows to execute the
addition and subtraction operations in one clock cycle and
with the FPU unit the division can be executed between 2
and 12 clock cycles. Furthermore the DSP instructions
allow the execution of internal loop of the FIR filter in 12
clock cycles for each coefficient. The EMG data for this
application are sampled at 1KHz and considering a
100MHz microcontroller the whole execution time for the
preprocessing of the signal is lower than 1µs. This
computation does not affect the real-time constraints. In
Fig. 2 we show the EMG raw data (a) and the enveloped
extracted signal (b) as calculated by (1) and (2).

(a)
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(b)

Figure 2: EMG signal: (a) Raw data before envelope
calculation (b) Enveloped data.

Experimental Results
The main goals of a wearable hand gesture recognition
interface are the accuracy of the classifier and the reaction
time. The literature analysis confirms that there are no
significant differences of performance between textile and
metal passive electrodes in the analysis of hand
movements [28]. The test setup for the experiment is
based on an array of 4 EMG passive electrodes and an
AFE integrated circuit connected with a STM32F4
Cortex-M4 microcontroller with internal FPU [3]. The
microcontroller sends the EMG data to an external PC
where they are acquired and processed. The
implementation of the libSVM is the same in embedded
and in PC platform and this allows to analyze the data in
offline session, evaluate and tune the classifier and the
algorithm and replicate on the embedded microcontroller
the same performance of the PC platform.

In this experiment we placed 4 electrodes on the forearm
of an healthy subject following the placement strategy

described in [5]. The acquired gestures are: closed hand,
open hand, precision grip and rest position. To collect a
sufficient number of samples for the gestures, each
contraction is mantained for 2 or 3 seconds followed by
few seconds of relaxation and the gestures are repeated 3
times. The collected data are acquired and imported in
Matlab. The data segmentation is performing manually
with the association of a numeric label from 1 to 4 to the
gesture to create the training dataset and identifies the
input for the SVM. The label 1 is associated to the rest
position and labels from 2 to 4 are associated to the
closed hand, open hand and precision grip respectively.

Figure 3: Classification labels for validation.

The labels of Figure 3 (below) identify gestures, allow the
data segmentation and the training of the classifier. The
SVM classifier is trained with the 30% of the data of each
gesture. The first goal is to achieve an accuracy in the
classification above 80% without optimization of the
classifier. Thereafter, the accuracy can be improved with
cross validation of the training set and with tuning of the
SVM parameters.
After the creation of the SVM model the classification
algorithm is applied on the entire dataset. The accuracy
of the classifier on the entire dataset is 83.94%. Figure 4
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below shows the classification result.

Figure 4: Prediction labels for preprocessed EMG signal.

The misclassifications are localized mainly on the
transitions between rest position and gesture. During
these transients the classifier can be confused since the
activation of a muscular contraction can vary also
between repetitions of the same movement. The
introduction in the final implementation of voting
strategies and of a filtering of the output of the classifier
can improve the accuracy and reliability of the system.

To verify the accuracy of the proposed method the data
collected are used for training and classification with the
SVM and the Discrete Wavelet Transform (DWT) feature
extraction. DWT is the most accurate feature in the
time-frequency domain and gives good performance with
the pattern recognition of the EMG signal [18]. The detail
coefficients of the DWT are calculated on a fixed time
window of the EMG signal (tipically 256 or 512 samples).
The energy of the coefficients is calculated and
normalized. The detail level used for this signal is 4 and
the resulting feature matrix is a (n x 16) size.

Figure 5: Prediction labels for DWT featured signal.

The accuracy of this classification is 81.3%. Figure 5
shows the classification label as output of the SVM
predict function. Classification accuracy of the two
methods are comparable, and this demonstrates that the
envelope calculation can be used in this application. The
SVM is executed on the microcontroller and with the
Gaussian Kernel the model for enveloped signal with 58
SV is executed in 1.4ms. The SVM for the DWT model
has 14 SV instead of the 58 of the enveloped model, but
the feature matrix is 16 column because the detail level of
coefficient produces 4 column per each vector. This means
that the computation time of the SVM predict function is
the same in both cases. Furthermore the classification
with the DWT requires the time for the acquisition of the
signal windows (128ms) and the calculation of the DWT
(3ms). Table 1 summarizes the comparison between the
two methods in terms of accuracy and computation time
showing the number of SV of each model and the time of
execution of the entire classification. In the column of the
execution time the 3 terms of the sum represent the time
of acquisition of the sample or of the windows, the time
spent to compute the envelope or the DWT feature and
the time to execute the SVM respectively.
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METHOD ACCURACY SV EXECUTION TIME [ms]
ENVELOPE 83.9% 58 1 + 0.1 + 1.4

DWT 81.3% 14 128 + 3 + 1.4

Table 1: Comparison between DWT and Envelope Detection.

Conclusions and Future Works
The proposed experiment shows that a low cost
embedded wearable system is suitable for hand gesture
recognition with EMG electrodes embeddable in smart
clothes. The classified gestures can provide significant
information about activity awareness and HCI. The
accuracy is analyzed offline. In our previous work [5], we
demonstrate that is possible to embed the SVM execution
on an embedded platform obtaining real-time
performance. This setup is promising in the study of
smart garments interfaces.

In future works we want to test and improve the reliability
of the system introducing real textile electrodes and
collecting a larger dataset with a larger number of
subjects and sessions. Furthermore we will optimize the
setup in terms of size and placement of an EMG sensor
array. We will also couple the EMG sensors with an IMU
to augment the robustess of the recognition and thus
enabling the use of the system in a broader range of
ubiquitous computing applications.
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