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Abstract: Surface electromyography (sEMG) is an indicator of muscle activity and is related
to body movement and posture. One common shortcoming in the use of sEMG is to distinguish
between small actions that require simultaneous contraction of number of adjoining muscles.
This paper presents a method for subtle hand gesture identification from sEMG of the forearm
by decomposing the signal into components originating from different muscles. The processing
requires the decomposition of the surface EMG by independent component analysis (ICA)
technique. Pattern classification of the separated signal is performed in the second step with
a back propagation neural network. The focus of this work is to establish a simple, yet robust
system that can be used to identify subtle complex hand actions and gestures for control
of prostheses and other computer-assisted devices. The proposed model-based approach is
able to overcome the ambiguity problems (order and magnitude problems) of ICA methods
by selecting an a priori mixing matrix based on known hand muscle anatomy. Testing was
conducted using several single shot experiments conducted with five subjects. The results
indicate that the system is able to classify the data with 97% accuracy.

Keywords: Independent component analysis, surface electromyogram, motor unit action
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INTRODUCTION

Surface electromyography (EMG) is the electri-
cal manifestation of contracting muscle activity
and is thus an obvious choice for control of pros-
theses and other control applications. While
there are number of possible applications of
EMG, one common shortcoming is the difficulty
in identifying small and subtle muscle contrac-
tions related to actions or maintained gestures
and postures. Many attempts have been made
to use the surface EMG signal as the command
to control a prosthesis (Doerschuk et al. 1983,
Kermani et al. 1995), but none of them takes
explicit advantage of its subtlety, the fact that
commands can be issued without the generation
of observable movements. Hand actions and
maintained gestures are a result of complex
combination of contraction of multiple muscles
in the forearm. Since all these muscles present
in the forearm are close to each other, myo-
electric activity observed from any muscle site
comprises the activity from neighbouring mus-
cle as well, referred to as cross-talk. The cross-
talk problem is greater when muscle activation

is relatively weak (subtle). Extraction of useful
information from such surface EMG becomes
difficult mainly due to the low signal to noise ra-
tio. At low levels of contraction, EMG activity
is hardly discernible from background activity.
Therefore to correctly classify the movement
and gesture of the hand more precisely, EMG
needs to be decomposed to identify contraction
of individual muscles. There is little or no
prior information of muscle activity, and signals
have temporal and spectral overlap, making the
problem suitable for independent component
analysis (ICA).

Blind source separation (BSS) techniques,
especially in ICA, have found numerous ap-
plications in audio- and bio-signal processing.
ICA has been proposed for unsupervised cross-
talk removal from surface EMG recordings of
muscles of the hand (Greco et al. 2003). Re-
search that isolates motor unit action potential
(MUAP) originating from different muscles and
motor units was reported in 2004 (Nakamura
et al. 2004). Muscle activity originating from
different muscles can be considered to be in-
dependent, and this gives suggests the use of
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BSS methods for separation of muscle activity.
The spatial location of the active muscle activity
is the determining factor of the hand action
and gesture. One technique that has been
reported is the use of prior knowledge of the
anatomy. The advantage of this approach
is that the method removes ambiguity of the
order and magnitude. This paper proposes the
use of ICA for separation of muscle activity
from the different muscles of the forearm to
identify subtle hand gesture where a pre-trained
neural network classifier is used to identify hand
gestures.

HAND GESTURE
IDENTIFICATION FOR HCI

The use of hand gestures provides an attrac-
tive alternative to cumbersome interface de-
vices for human-computer interaction (HCI).
HCI requires the design and implementation of
interactive computing systems for human use.
The intent is to provide a seamless and natural
interface that allows the human user to control
and interact with computers and computer-
based devices. Human hand gestures are a
mean of non-verbal interaction. They range
from simple actions like pointing at objects to
more complex ones that express feelings and
communicate ideas. The main applications
of gesture recognition are communicative (e.g.,
sign language recognition) and manipulative
(e.g., controlling robots without any physical
contact between human and computer). Some
examples of applications include control of con-
sumer electronics, interaction with visualization
systems, control of mechanical systems and
computer games. Numerous approaches have
been applied to the problem of visual interpre-
tation of gestures for HCI. Many have focussed
on a particular aspect of gesturessuch as hand
tracking, pose classification, or hand posture
interpretations (Rehg and Kanade 1996). Trejo
et al. (2003) developed a technique for a multi-
modal neuroelctric interface. Recent studies
focus on the use of EMG for the recognition
of an alphabet of discrete gestures. To improve
reliability, a number of efficient solutions to ges-

ture input in HCI exist, such as restricting the
recognition situation, use of input devices (e.g.
a data glove), restricting the object information
and restricting the set of gestures.

In traditional HCI, most attempts have used
some external mechanical device such as an
instrumented glove. If the goal is natural
interaction in everyday situations this might
not be acceptable. A vision-based approach to
hand-centered HCI has been proposed in recent
years. However vision-based techniques require
restricted backgrounds and camera positions
and are suitable for a small set of gestures
performed with only one hand (Pavlovic et
al. 1997). In this report we propose the
identification of maintained hand gesture based
on muscle activity using the decomposition of
surface EMG. It is a combination of a model-
based approach with the BSS technique.

SURFACE ELECTROMYOGRAPHY

Surface electromyography is the electrical
recording of the spatial and temporal integra-
tion of the MUAP originating from different
motor units. It can be recorded non-invasively
and used for dynamic measurement of mus-
cular function. It is typically the only in
vivo functional examination of muscle activity
used in the clinical environment. The close
relationship of surface EMG with the force of
contraction of the muscle is useful for number of
applications such as sports training, prostheses
and for machine control. The EMG signals
contain a lot of important information such as
muscle force, operator’s intended motion, and
muscle impedance. Gross properties of sEMG
such as magnitude and spectrum parameters
are a good indicator of the overall magnitude
of contraction, but these are unable to differen-
tiate between muscle activities originating from
different adjoining muscles.

Decomposition of sEMG has been at-
tempted with the aim of determining the num-
ber of MUAP. Such methods are designed to
identify the MUAP based on the shape, and are
not suitable for determining the closely located
muscles from where the MUAP originates.
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Figure 1. Block diagram describing the system concept; s(t) are the sources, x(t) are the recordings,
A is the mixing matrix, W is the estimated un-mixing matrix and u(t) are the estimated separated
signals.

One property of the surface EMG is that
the signal from one muscle can generally be
considered to be independent of other bioelec-
tric signals such as electrocardiogram (ECG),
electro-oculargram (EOG), and signals from
neighbouring muscles. This opens the oppor-
tunity for using BSS methods.

INDEPENDENT COMPONENT
ANALYSIS

ICA consists in recovering unobserved signals
or ‘sources’ from several observed mixtures.
Typically the observations are obtained at the
output of a set of sensors, each sensor receiving
the different combination of source signals. The
simplest ICA technique aims at transforming an
input vector into a signal space in which the
signals are statistically independent (Hyvarinen
et al. 2001). The simplest ICA model assumes
that the mixing process as linear, so it can be
expressed as in equation (1),

x(t) = As(t) (1)

where x(t) = [x1(t), . . . , xn(t)]T are the record-
ings, s(t) = [s1(t), . . . , sn(t)] the original sig-
nals, and A is the n × n mixing matrix. This
mixing matrix and each of the original signals
are unknown. To separate the recordings to the
original signals (estimated original signals, u),
the task is to estimate an un-mixing matrix W
as in equation (2).

s = Wx(t) = WAs(t) (2)

The ICA source recovering process is shown
schematically in Figure 1. ICA is a difficult
task because we do not have any information
about the sources and the mixing process. ICA
is a method to tackle this problem and is
based on the assumption that the sources are
independent from each other (Hyvarinen 1999,
Comon 2001). BSS iteratively determines the
un-mixing matrix W and thus estimates the
corresponding independent signals u from the
observations x. There are numbers of possible
functions that may be considered for making
the separated signals as independent as possible.
The choice is based on the statistical indepen-
dence of the sources s.

Relevance of ICA for sEMG Signal
Evaluation

The aim of this section is to demonstrate that
there is a strong theoretical basis for applying
BSS techniques especially using ICA to sEMG
signals. The assumptions that underpin the the-
ory of ICA discussed in the previous section and
indicate that BSS methods are ideally suited
to separating sources when the sources are sta-
tistically independent, independent components
have non-Gaussian distributions and the mixing
matrix is invertible. These assumptions are
well satisfied for sEMG data as MUAPs are
statistically independent, have non-Gaussian
distributions and we can be (virtually) certain
that the mixing matrix will be invertible.
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There are, however, two other practical
issues that must be considered. First, to ensure
that the mixing matrix is constant, the sources
must be fixed in space (this was an implied
assumption as only the case of a constant
mixing matrix was considered). This is satisfied
by sEMG as motor units are in fixed physical
locations within a muscle, and in this sense
applying ICA to sEMG is much simpler than in
other biomedical signal processing applications
such as EEG or fMRI in which the sources can
move (Jung et al. 2000). Secondly, in order
to use ICA techniques it is essential to assume
that the signal propagation time is negligible.
Volume conduction in tissue is essentially in-
stantaneous (Makeig et al. 1997) and hence this
assumption is also well satisfied. Based on the,
it is reasonable to be confident that ICA can be
effectively applied to EMG data. The validity
of using ICA is examined below.

METHODOLOGY

Experiments were conducted to evaluate the
performance of the proposed subtle hand ges-
ture recognition system from hand muscle sur-
face EMG. We propose a technique to classify
small levels of muscle activity to identify hand
gestures using a combination of ICA, known
muscle anatomy and a neural network config-
ured for the individual.

Data Acquisition

In the hand gesture experiments, seven subjects
participated. For data acquisition a proprietary
surface EMG acquisition system from Delsys
(Boston, MA, USA) was used. Four electrode
channels were placed over four different muscles
as indicated in Table 1 and Figure 2. Subjects
were asked to keep the forearm resting on the
table with the elbow at an angle of 90 degree

in a comfortable position. Four subtle hand
actions were performed and repeated 12 times
in each instance. Each time the raw signal
sampled at 1024 samples/second was recorded.
Markers were used to obtain the subtle con-
traction signals during recording. Complex
actions were chosen to determine the ability
of the system when similar muscles are active
simultaneously. The four different hand actions
performed weremiddle and index finger flexion,
little and ring finger flexion, all finger flexion
and finger and wrist flexion together. These
hand actions and gestures represented low levels
of muscle activity (subtle hand gestures). The
hand actions were selected based on small varia-
tions between the muscle activities of the differ-
ent digitas muscles situated in the forearm. The
subtle hand muscle recordings were separated
using the Fast ICA algorithm.

Data Analysis

The aim of these experiments was to test the use
of an ICA algorithm (Hyvarinen and Oja 1997)
along with known properties of the muscles
for separation of muscle activity from sEMG
recordings for the purpose of identifying subtle
hand gestures. These require no more than 4
independent muscles. Each experiment lasted
approximately 2.5 seconds and was repeated 12
times. The sampling rate was 1024 samples
per second to give approximately 2500 samples.
There were four channel (recordings) electrodes
and four active muscles associated with the
hand gesture, forming a square 4 × 4 mixing
matrix. The mixing matrix A was computed
using the Fast ICA, BSS algorithm for the first
set of data only and kept constant throughout
the experiment. The independent sources of
motor unit action potentials that mix to make
the EMG recordings were estimated using equa-
tion (3),

s = Bx (3)

Channel Muscle Function

1 Brachioradialis Flexion of forearm
2 Flexor carpi radialis (FCR) Abduction and flexion of wrist
3 Flexor carpi ulnaris (FCU) Adduction and flexion of wrist
4 Flexor digitorum superficialis (FDS) Finger flexion while avoiding wrist Flexion

Table 1. Muscle electrode configuration.
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Figure 2. Hand gesture experimental set up with four electrodes.

where, B is the inverse of the mixing matrix A.
This process was repeated for each of the four
hand gesture experiments. Four sources sa, sb,
sc and sd were estimated for each experiment.
Root mean squares (RMS) was computed for
each of the separated sources using equation (4),
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where s are the estimated sources and N is
the number of samples. This results in one
number representing the muscle activity for
each channel for each hand action. RMS values
of muscle activity of each source represent the
muscle activity of that muscle and are indicative
of the strength of contraction.

Classification of Data

The above process was repeated for all four
different hand actions 12 times and for each
of the participants. These 12 sets of examples
were used to train a back-propagation neural
network with 4 inputs and 4 outputs. The 4
RMS values of the muscles were the input and
the 4 RMS values were the output. In the
first part of the experiment, RMS values of 4
recordings for each subject were used to train
the artificial neural network (ANN) classifier

with a back-propagation learning algorithm.
The second part of the experiment (testing) was
to verify the performance of the network. For
that purpose a subset of all the input vectors
different from the learning set (an independent
data set) was selected. Performance was also
monitored during the training phase in order to
prevent overtraining of the network. The ANN
consisted of two hidden layers with a total of
20 nodes. A sigmoid function was the threshold
function and the type of training algorithm for
the ANN was gradient descent. During testing,
the ANN with a weight matrix generated during
training was used to classify the RMS of the
muscle activity. The ability of the network
to correctly classify the inputs against known
subtle hand actions was used to determine the
efficacy of the technique.

RESULTS AND DISCUSSION

The results of the experiment demonstrate the
performance of the described system. To com-
pare the performance of the system analysis
of RAW sEMG and traditional ICA were per-
formed. In the traditional ICA method, a
mixing matrix was computed for each instance.
Results demonstrate the ability of the semi-
blind ICA method in source separation and
identification.



60 NAIK AND KUMAR

Hand Gesture Identification Results
on Raw sEMG

The results of the experiment on raw EMG
signals for three different hand gestures are
shown in Table 2. The accuracy was computed
based on the percentage of correctly classified
data points with respect to the total number of
data points. Results shows an overall efficiency
of 60% for all experiments.

Hand Gesture Identification Results
using Traditional ICA

To compare the proposed system with the use of
traditional ICA, analysis was performed where
RMS of the four channels of sEMG separated
using ICA were tabulated for each experiment
and classified. This experiment was conducted
for four hand gestures where the accuracy was
observed to be only 65% (Table 3). These
results demonstrate that standard BSS-based
separation is not suitable for classifying sEMG.

Hand Gesture Identification Results
using Semi-blind ICA

The classification of sEMG after pre-processing
using ICA-based separation for four subtle hand
gestures are presented in Table 4. The accuracy

was computed based on the percentage of cor-
rect classified data points with respect to the
total number of data points. The experiments
were repeated for different numbers of hand
gestures to be classified. Results indicate an
overall classification accuracy of 97% for all ex-
periments and demonstrate that this technique
can be used for the classification of different
subtle hand gestures.

The proposed technique is suitable for clas-
sify small levels of muscle activity even when
there are multiple, simultaneously active mus-
cles. Such a system may be suitable for being
used for HCI, even when the actions are so
slight that they may not be observable by other
people. The technique has been tested with
7 volunteer participants and with experiments
repeated on different days, thus indicating the
robustness of the system. We believe that the
reason the technique succeeded where others
have failed is because the other techniques are
not suitable when the signal-to- noise ratio is
low and there is significant cross-talk between
different, simultaneously active muscles. Use
of ICA alone is not suitable for sEMG due
to the nature of sEMG distribution and order
ambiguity. Prior knowledge of muscle anatomy
combined with suitable semi-blind ICA has
overcome the abovementioned shortcomings.
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Figure 3. Results showing hand gesture identification results for 7 subjects.
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Number of
participants

Middle and
index finger
flexion

Little and
ring finger
flexion

All finger
flexion

Finger and
wrist flexion
together

Subject 1 60% 60% 61% 60%
Subject 2 60% 62% 60% 60%
Subject 3 58% 60% 60% 60%
Subject 4 60% 60% 60% 60%
Subject 5 60% 60% 60% 60%
Subject 6 60% 60% 60% 60%
Subject 7 60% 60% 60% 60%

Table 2. Experimental results for hand gesture identification without using
independent component analysis.

Number of
participants

Middle and
index finger
flexion

Little and
ring finger
flexion

All finger
flexion

Finger and
wrist flexion
together

Subject 1 66% 65% 65% 65%
Subject 2 64% 65% 64% 65%
Subject 3 65% 65% 65% 66%
Subject 4 65% 66% 65% 66%
Subject 5 66% 64% 66% 64%
Subject 6 66% 64% 66% 64%
Subject 7 66% 64% 66% 64%

Table 3. Experimental results for hand gesture identification using
traditional independent component analysis.

Number of
participants

Middle and
index finger
flexion

Little and
ring finger
flexion

All finger
flexion

Finger and
wrist flexion
together

Subject 1 97% 97% 97% 97%
Subject 2 96% 97% 96% 97%
Subject 3 97% 98% 97% 97%
Subject 4 98% 97% 98% 98%
Subject 5 97% 97% 97% 98%
Subject 6 97% 97% 97% 98%
Subject 7 97% 97% 97% 98%

Table 4. Experimental results for isometric hand gesture identification using
the semi-blind ICA algorithm.

CONCLUSIONS

We have shown that a combination of a known
biological model with ICA along with neural
networks for classification can effectively be
applied to classify small muscle activities for
identifying subtle hand actions and gestures.
Experimental results demonstrate that ICA is

highly efficient in performing classification of
subtle, motionless gestures. Results indicate
that ICA can be successfully employed for the
separation of highly correlated, low level muscle
activity. Overall, the purpose of this project is
to develop new perceptual interfaces for human-
computer interaction based on hand gesture
identification, and to investigate how such in-
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terfaces can complement or replace traditional
ones. Possible applications include rehabili-
tation, prostheses, control of consumer elec-
tronics, interaction with visualization systems,
control of mechanical systems and computer
games.
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