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Abstract: Problem statement: The social demands for the Quality Of Life (QOL) are increasing with
the exponentially expanding silver generation. To improve the QOL of the disabled and elderly people,
robotic researchers and biomedical engineers have been trying to combine their techniques into the
rehabilitation systems. Various biomedical signals (biosignals) acquired from a specialized tissue, organ,
or cell system like the nervous system are the driving force for the entire system. Examples of biosignals
include Electro-Encephalogram (EEG), Electrooculogram (EOG), Electroneurogram (ENG) and (EMG).
Approach: Among the biosignals, the research on EMG signal processing and controlling is currently
expanding in various directions. EMG signal based research is ongoing for the development of simple,
robust, user friendly, efficient interfacing devices/systems for the disabled. The advancement can be
observed in the area of robotic devices, prosthesis limb, exoskeleton, wearable computer, I/O for virtual
reality games and physical exercise equipments. An EMG signal based graphical controller or interfacing
system enables the physically disabled to use word processing programs, other personal computer
software and internet. Results: Depending on the application, the acquired and processed signals need to
be classified for interpreting into mechanical force or machine/computer command. Conclusion: This
study focused on the advances and improvements on different methodologies used for EMG signal
classification with their efficiency, flexibility and applications. This review will be beneficial to the EMG
signal researchers as a reference and comparison study of EMG classifier. For the development of robust,
flexible and efficient applications, this study opened a pathway to the researchers in performing future
comparative studies between different EMG classification methods.
Key words: QOL, EMG, HCI, neural network, fuzzy logic, Hidden Markov Model (HMM),
Independent Component Analysis (ICA)
muscle cells thus provide muscle activity. The
measuring of EMG signals can be acquired either
directly from within the muscle (termed as invasive
EMG) or from surface of the skin above a muscle
(termed as surface EMG or sEMG). Researchers are
using EMG signals to diagnose muscular diseases, asses
progress in muscular rehabilitation for the ever
increasing societal recognition of the needs of people
with physical disabilities. In addition these signals are
also used for the controlling of prosthetics, computers
as well as robotic devices. In the past three decades,
advancement of EMG based control has received a
great deal of attention for its application focused on
rehabilitation and human-computer interfaces. EMG
signal classification is the challenging part prior to
interpreting it in corresponding control command.
Large variations in EMG features make it difficult for
pattern recognition. This is because the EMG signals
have different signatures depending on age, muscle

INTRODUCTION
With the advance of modern medical science, the
percentage of elderly people is increasing day by day
with fewer children. In Japan, the ratio of old-people
aged 65 or more years is expected to be 20% by the
year 2020 (Itou et al., 2001). More than 400,000
individuals are suffering in spinal cord injury or spinal
dysfunction in USA and every year about 7800 injuries
is adding (National Spinal Cord Injury Association,
1996). Additionally, there are large numbers of
amputees, deaf people and other type of physically
disabled people exists in our society. For the coming
aging society, the welfare engineering section is trying
their best to help the disabled (unable to walk) and oldpeople by developing better technical assistive devices.
Today’s advanced muscular sensing and processing
technologies provide us Electromyogram (EMG) signal,
which measures electrical potentials generated by
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neurons organized into a network and each neuron
processes data locally using the concepts of learning in
the brain. Neural networks perform a variety of tasks,
including prediction or function approximation, pattern
classification, clustering and forecasting (Jain et al.,
1996). The Fig. 1 represents the complex classification
tasks by neural networks.
A real-time computer control system proposed by
Putnam and Knapp (1993). The pattern recognition of the
EMG signal from user’s gestures was based on neural
network. In the proposed system, there are two modes of
communication which are derived from the EMG. In the
first mode, a continuous control signal proportional to
muscular exertion that controls the computer software
objects such as sliders or scroll bars. The gesture
recognition is second communication mode which allows
the computer for making discrete choices such as menu
selections or slider direction by executing different
gestures. Widrow-Hoff Least Mean Squares (LMS)
algorithm is used to train Single Layer Perceptron (SLP)
structure. Whereas, for the training of Multi-Layer
Perceptron (MLP) structure, a Back-Propagation (BP)
algorithm is applied. Feature vector is created with AutoRegression (AR) model parameters. The classification
accuracy achieved was 95%. However the system requires
a more robust classifier for the utilization of both biceps
and triceps data to accommodate users with disabilities
who are unable to perform such clearly defined tasks as
studied at the present time. Rosenberg (1998), came up
with a similar type of work known as Biofeedback Pointer.
This is a system of EMG controlled two-dimensional
pointer. Moving direction of pointer is determined by the
movement of wrist. The driving force of pointer is the
classified EMG signals from four of the muscles used to
move the wrist. The EMG signals are interpreted using
neural network and the network needs to be trained for
each user. The Biofeedback Pointer’s simple neural
network is computationally inexpensive. Although the use
of simple network reduces accuracy but it is compensated
by using four EMG sensors. No special hardware required
to train the device. The training for every user is
performed by following the pointer’s motion on the
screen. The main drawback with the current training is that
the user’s motions may not adequately synchronize with
the cursor which may lead to poor classification accuracy.

development, motor unit paths, skin-fat layer and
gesture style. Especially, it is difficult to extract useful
features from the residual muscles of an amputee or
disabled. So far, many researches proposed many kinds
of EMG classification methodologies with satisfactory
recognition performance.
The main focus of this study is to investigate by
highlighting
the
different
approaches
and
methodologies for the classification of EMG signals
mainly in the field of Human Computer Interface (HCI)
and prosthetics. This study firstly follows the
classification techniques used for HCI with their
relative
applications,
development
and
advantages/disadvantages. Afterwards, the review
carries with EMG classification methodologies
employed in the field of prosthetics with their gradual
development and major characteristics.
EMG signal classification methodologies for HCI:
Many of aged, disabled, bedridden, injured persons and
the therapists who treat them, have lack of experience with
computers and technology in general. Thus, to
accommodate these types of users, the HCI of course
intuitive, similar to the way computer mouse actions. HCI
is transparent, supportive alternative means of
rehabilitation rather than the focus of the patient and
clinician. The first research on a human interface based on
the EMG signal was initiated by Wiener (1948) and since
then, basic researches on and practical uses of this concept
have steadily progressed. Some Artificial Intelligence (AI)
techniques mainly based on neural networks have been
proposed for processing and discriminating EMG signal.
Neural network is a computational structure which is
evolved from mathematical models of biological neurons
and neural processing. During recent years, neural
networks have become a useful tool for the categorization
of multivariate data. Even some of the cases, the Neural
network combined with other AI e.g., Fuzzy, Hidden
Markov Model (HMM), Bayes yields very good
performance.
Artificial intelligence methods: Neural networks are
very much popular nowadays because of their ability to
imitate some of the brain’s creative processes that
cannot be populated by existing mathematical or logical
methods. The incredible capabilities in the brain
come up from its massive interconnected networks
in between neurons. These networks can incrementally
analyze and process information transmitted from
the external or its internal environment and finally, a
robust internal representation of the external
phenomena has been outputted. This is termed as
learning and the brain either can be trained or left alone
for learning automatically. The same thing followed by
artificial neural networks, where interconnected

Fig. 1: Complex classification tasks of neural network
(Jain et al., 1996)
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EMG values were the inputs and the outputs were the
different isometric hand action RMS values. The
overall accuracy was reported 97%, but the number of
hand gesture identification is restricted to three. There
is also another further improvement for the
identification of various hand gestures from same group
of researchers. Naik et al. (2008), the researchers
introduced multi run ICA of sEMG with BP learning
algorithm based ANN classifier. Regarding their
investigation it has been found that only ICA is not
suitable for sEMG due to the nature of signal
distribution and order ambiguity. It was reported that
the classification of sEMG recording was almost in
real-time with the utilization of combined mixing
matrix and network weights. Their results indicate an
overall classification accuracy of 99% for all the
experiments. They pointed out that, the multi run
ICA based BPNN can be used for to classify
different subtle hand gestures. However, BPN cannot
realize
high
learning
and
discrimination
performance. The reason behind this is the EMG
patterns, which differ considerably at the start and
end of the motion even though they are within the
same class. Whereas, El-Daydamony et al. (2008),
applied HMM algorithm on sEMG that facilitates
automatic sEMG feature extraction and ANN are
combined for providing an integrated system for the
automatic analysis and diagnosis of neuro-muscle
disorders. The ANN architectures with three layers
(input layer, hidden layer and output layer) were used
by them. The ANN architectures are expressed as
strings showing the number of inputs, the number of
nodes in the hidden layers and two output nodes. They
achieved the best correct classification rate and it was
90.91% for 80 hidden layers.
Fukuda et al. (1999) presented an EMG controlled
pointing device using a neural network and developed a
prototype system. Their proposed method is based on
Log-Linearized Gaussian Mixture Network (LLGMN)
introduced by Tsuji et al. (1995). In the proposed
method, a several numbers of base directions are set on
the computer display and the operator’s intended
direction is estimated from the probability that the
pointer will move to each base direction. The neural
network used to estimate the probability of the pointer
movement and its velocity to each base direction. The
structure of the proposed model is shown in Fig. 3. The
accuracy improvement depends on the increased number
of the base directions. However, much longer learning
time required for a large number of the base directions.
Additionally, the error becomes large if the desired
direction differs from the base direction. Although this
method can control the pointer in an arbitrary
direction, but accuracy of the estimated direction is
not high enough to the intention of the operator.

Fig. 2: LVQ network architecture (Kyung et al., 2007)
Kyung et al. (2007) have approached with another
type of neural network based classifiers that would help
to implement the HCI. They proposed a method of
pattern recognition of EMG signals of hand gesture
using spectral estimation and neural network. Their
system comprises the Yule-Walker algorithm and the
Learning Vector Quantization (LVQ). The Power
Spectral Density (PSD) of the EMG signals is estimated
by the Yule-Walker algorithm. In LVQ method,
training of competitive layers has been done by
supervised way. The learning of classifying input
vectors is automatic for a competitive layer. The
competitive layer finds the distance between input
vectors which intern define the classes. However, the
prominent drawback is that for similar input vectors,
the competitive layer will put them in the same class.
And so, from a strictly competitive layer design it is
difficult to say whether or not any two input vectors are
in the same class or in different classes. The experiment
verified that EMG signals produced by hand gestures
are reliably classified by the proposed system with a
success rate of about 78%. Figure 2 shows the LVQ
network architecture used by Kyung et al. (2007).
EMG based mouse cursor control system as a manmachine interface was developed by Itou et al. (2001).
They used Back-Propagation Neural Network (BPNN)
algorithm with three inputs, two hidden layer and one
output layer which achieved 70% rate of recognition.
For their system, any muscle can be used and mouse
cursor can be operated using a leg too. However,
muscle fatigue may appear for long time use. To
overcome the drawback of standard Artificial Neural
Network (ANN), the muscle activity separation from
different muscles in forearm was done by Naik et al.
(2006). They utilized Independent Component Analysis
(ICA) which is an iterative Blind Source Separation
(BSS) technique that has been found to be very
successful in audio and biosignal applications.
Furthermore, Naik et al. (2007), came with improved
ICA based BPNN algorithm. They focused on the input
hidden context units, which give feedback to the hidden
layer. Thus it gives the network an ability of extracting
features of the data from the training events. The data is
divided into subsets of training data (half of the data),
validation (one-fourth of the data) and test subsets (onefourth of the data). The four Root Mean Square (RMS)
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Fig. 3: The structure of the
(Fukuda et al., 1999)

prototype

of manipulating mechanical devices such as joysticks
and keyboards. The pattern recognition method
employed was a HMM. They have selected moving
average as feature because of its simplicity. For feature
space, they have found that moving average is the best
comparing with other common methods like Short Time
Fourier Transform (STFT), Wavelets, AR coefficients.
The ability to naturally interface with a computer which
in terns allow human to manipulate any electrically
controlled mechanical system. Beside wearable
computing applications, the interface can also be applied
in robotic arms, robotic exoskeletons, mobile robots for
urban rescue, unmanned aircraft drones and space suit.
There are side benefits of using EMG signals for control
in long duration space missions. However, living in a
zero gravity environment for extended periods may raise
the muscle atrophy. Furthermore, recognition
performance may greatly degraded by the unintentional
misplacement of wet electrodes. Using of standard dry
electrodes incorporated into a sleeve alleviated this
problem but the signal sensing reliability then reduced.
Several researchers introduced linear classifiers for
the classification of EMG signals. In the year of 2000,
Bayes theorem employed by Alsayegh (2000) for EMGbased human-machine interface system. This system
interprets a arm gestures in the 3-D space. Gestures
interpretation has been done by sensing the activities of
three muscles, namely, anterior deltoid, medial deltoid
and biceps brachii muscles. The problem of gesture
classification is carried out in a framework of the
statistical pattern recognition based on the framework
of Bayes theorem. A particular gesture identified by the
processing of the EMG signals which utilizes the
temporal coordination activity of the monitored
muscles. Successive feature vectors for each gesture are
constructed from the classification procedure. The
overall success rate reported in the research is 96%. It is
also found that the structured type movements have a
higher classification success rate than the pointing
movements. This is because of clear coordination of the
muscular activities in structured type. However, the
input method described there is of course non-standard,
since it does not make use of a keyboard or a mouse.
Additionally, it is inappropriate for helping disabled
persons, since it still requires control over the hands.
Xiang et al. (2007b) also came with a Byes based EMG
classifier. They implemented multiple hand gesture
recognition along with a 2-D accelerometer for mobile
HCI. In their research, Mean Absolute Value (MAV),
the ratio of two MAVs and fourth-order AR model
coefficients are used as feature vectors. The training of
Linear Bayesian Classifier has done with the feature
vectors to distinguish the different gesture actions from
each other. The classical linear classifiers are well
suited for real-time gesture analysis and real life
implementation because of their low computational

system

Furthermore, the number of moving directions will be
infinite if the pointer is allowed to move in all
directions from the current position. Tsuji et al. (2003)
has therefore come with improved proposal to
overcome the mentioned drawbacks. They proposed a
Recurrent Log-Linearized Gaussian Mixture Network
(R-LLGMN) based on Continuous Density Hidden
Markov Model (CDHMM) (Xiang et al., 2007a). This
network uses recurrent connections added to the units
of LLGMN to discriminate a time sequence of the
signals with higher accuracy. Based on Tsuji et al.
(2003) modified theory, Fukuda et al. (2003) developed
a new EMG-controlled omni-directional pointing
device. A combination of finite base directions used in
the proposed pointing device to represent an arbitrary
direction of pointer movements. Use of neural network
helps to avoid heavy learning calculation and a huge
network structure by estimating the probability for each
base direction. The probability of pointer movements in
each base direction is estimated by R-LLGMN based on
probability theory. Similar type of network has been
utilized by Bu et al. (2004). According to their proposed
system, a Probabilistic Neural Network (PNN) provides
a stochastic perspective of pattern discrimination which
is efficient for complicated data such as bioelectric
signals. This PNN called a LLGMN, which estimates the
posterior probability based on a Gaussian mixture model
and the log-linear model. They have done hardware
modeling of PNN using Field-Programmable Gate Array
(FPGA), which is a System on Chip (SoC) design of a
bioelectric human interface device.
The LLGMN has been successfully utilized to pattern
discrimination of bioelectric signals, e.g., EMG and EEG.
This network has been further used to develop various
human interface applications like prosthetic device control,
an EMG-based pointing device (Liyu et al., 1999).
The difficulty includes non-trivial in cases of
implementation of larger and more complicated neural
networks and therefore more hardware efficient
algorithms are required.
Other methodologies: Wheeler and Jorgensen (2003)
and Wheeler (2003) approached with the design and
implementation of neuroelectric interfaces for the
controlling of virtual devices. EMG signals from Hand
gestures are used to interface with a computer instead
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complexity and stable recognition performance. It has
been mentioned that the combination of accelerometers
and sEMG sensors provide higher classification
accuracy. It was reported that classification is higher for
the gesture sets including wrist motions, than the
approaches made using only the accelerometers or
SEMG sensors. Another type of research work based on
linear classifier has been done by Kim et al. (2008).
They have developed an EMG based interface system
for hand gesture recognition. For realizing real-time
classification with acceptable recognition accuracy,
they represented the combination of two simple linear
classifiers (K-Nearest Neighbor (KNN) and Bayes) in
decision level fusion. The proposed EMG-based
controlling interface is able to reliably recognize
various hand gestures. In contrast to related work which
is based on multiple EMG sensors, their proposed
method gives a positive classification rate of over 94%
even though only one EMG sensor is used. Moreover,
since the EMG signal can be used to sense isometric
muscular activity, it is possible to detect motionless
gesture or intention in the EMG signal. Consequently,
there is a wide range of potential applications using
EMG signal in human-machine interfacing. However,
to realize advanced applications, many issues still need
to be resolved, including the development of algorithms
for EMG-specific analysis, the extraction of relevant
features and the design of real-time classifiers with
guaranteed accuracy.

with 90% average classification accuracy of forearm
motion. They used wavelet coefficients as feature sets
for the training of BPANN. They performed six levels
of decomposition of the signal onto to wavelet basis
using Mallat (1989) algorithm. From 2-channel signals
of each motion, they extracted 12 parameters to get
feature vectors. These feature vectors has been used to
train the ANN with 30 hidden layers, 4 output nodes. It
is reported that, good localization properties of wavelets
both in frequency and time domains, greatly improved
the performance of ANN classifier. Jiang et al. (2005)
also applied wavelet based ANN for the identification
finger flexing motion. Each of the 16-channel EMG
signals are decomposed in two orthogonal sub-space
and Sym4 wavelet function is used. The arithmetic and
wavelet coefficients for multi-scale decomposed signals
are obtained for corresponding feature space. The
feature space used were variance, maximum and mean
absolute value of each coefficients. The ANN has 3
layers feed with three features, 36 cells of middle layer
and output layer of 6 cells to identify 6 finger motions.
They used 50 sets of user data to train ANN using BP
algorithm and other 50 sets used for testing. The
presented result shows that the correct recognition rates
above 80%. They concluded that the proposed novel
method is effective for the identification of finger
flexing and it is an alternative approach to use the
surface EMG in controlling the finger motion of a
multi-fingered prosthetic hand.
Online classification of EMG signals has been
carried out by Tsenov et al. (2006) using various neural
networks methods. They also pointed out a comparison
between
different
intelligent
computational
methodologies regarding classification. It has been
discovered that the classification performance of hand
and finger movements depends significantly upon feature
extraction. For higher and accurate classification, it is
very much important to chose relevant features. With
visual presentation of time domain feature sets, the
researchers found that every movements are clearly
distinguishable. The extracted time domain features are:
MAV, Variance, Waveform Length (WL), Norm,
Number of Zero Crossings, Absolute Maximum,
Absolute Minimum, Maximum minus Minimum and
Median Value (Med). After comparison between
different intelligent computational methods of
identification, they achieved best classification result
(nearly 93% using 2-channel data) using MLP other than
Radial Basis Function (RBF) or LVQ. Also it is reported
that the classification accuracy improve slightly when
four channels of data is used. The main key steps and
algorithm goal of online classification of hand
movements using EMG signals are shown in Fig. 4.
They have concluded that selection of relevant features
will lead to high and accurate classification rates.

EMG classification methodologies for prosthetics:
Most of the research work in this area has focused on
using the muscles of the upper arms and/or shoulder
muscles for the controlling of gross orientation and
grasp of a low-degree-of-freedom prosthetic devices to
manipulate objects. For more than three decades,
researchers have been working on using EMG as a
means for amputees to use remaining muscles to control
prosthetic limbs. In recent years, the researchers started
to contribute for controlling multi-fingered prosthetic
hand using forearm muscles in hand amputees. They
have applied different kinds of mathematical models
and pattern recognition techniques for the classification
of EMG. However, fully functional prosthetic hand is
still unavailable commercially and this is clearly a
promising new area of EMG research. In the area of
controlling prosthetic hand, several types of ANN and
Fuzzy logics used by the researchers. Their achieved
results have good performance for EMG pattern
recognition. Some other methodologies like linear
classifier (k-NN, Bayes), Support Vector Machine
(SVM), HMM also applied by few researchers with
satisfactory classification output.
Neural network: Cai et al. (1999) proposed three
layered feed-forward Artificial Neural Network (ANN)
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that the online identified parameters clearly follow the
pattern of changes in arm impedance. The level of
accuracy obtained is enough for arm dynamic analysis
and improved tradeoff between stability and
performance in tele-robotic and haptic control systems.
As pointed by them that the major factor in parameter
error is due to the stochastic nature of EMG signals. It
is also found that the online estimation accuracy may be
improved by changing the neural network input
quantization level and the use of more sensors for each
muscle for more accurate representation of muscle
activation levels. One specified drawback is that the
network generated for each subject is not applicable to
other subjects (inter-subject) and a separate network
needs to be trained for each individual.

Fig. 4: The major steps of online classification of hand
movements using EMG signals (Tsenov et al.,
2006)

Fuzzy logic: Although biomedical signals are not always
strictly repeatable and may sometimes even be
contradictory; using fuzzy logic systems are
advantageous. One of the most prominent features is that
contradictions in the data can be tolerated in fuzzy logic
system. In addition to that, using trainable fuzzy systems,
it is possible to discover patterns in data which are not
easily detected by other methods, similar to neural
network. It is possible to integrate this incomplete but
valuable knowledge into the fuzzy logic system due to
the system’s reasoning style as like as human being. This
is a significant advantage over the ANN.
Yang et al. (1996) and Chan et al. (2000) proposed
a new fuzzy approach for EMG recognition based on
most of the same time-segmented features as used by
Hudgins and Parker (1993); the results are compared to
those of the ANN method. The schematic diagram of
the method is shown in Fig. 5. They also presented a
comparison of approached fuzzy method with an ANN
method on four subjects and obtained very similar
classification results. The EMG signals are divided into
several time segments to preserve pattern structure and
features were extracted from these segments. The
features include MAV, Mean Absolute Value Slope
(MAVSLP), number of Zero-Crossings (ZC), Slope
Sign Changes (SSC) and wave length or Wave
Complexity (WC) (Hudgins and Parker, 1993). The
time segmented features is then feed to a fuzzy system
for training and classification. To achieve acceptable
training speed and realistic fuzzy system structure,
these features are clustered without supervision using
the Basic Isodata algorithm at the beginning of the
training phase. Afterwards, the clustering results are
used in initializing the fuzzy system parameters and
were trained with BP algorithm. The given comparison
and results proves that training process and
generalization capability turned out to be superior than
the ANN. The main advantages of the fuzzy system are
it gives more consistent classification results and

Fig. 5: Schematic diagram of fuzzy approach for EMG
classification (Yang et al., 1996)
Furthermore, it is required to work with hardware
realization and amputees for real-life implementation.
However, in practice, determination of relevant features is
very difficult. Additionally, for the online classification of
hand movements, a well trained network structure needs
to prepare from offline and double amount processing
power required for two channels of data.
Another promising novel research work has been
done by Farid and Keyvan (2006). They focused on the
online estimation of a time-varying dynamic model of
human arm for contact applications where the motion of
the arm is limited to elbow movement in the horizontal
plane. The proposed method uses Moving Window
Least Squares (MWLS) to locally identify dynamic
parameters for a limited number of operating points in a
variable space defined by elbow joint angle and
velocity and the EMG signals collected from upper-arm
muscles. The model parameters are identified for a
limited number of points using a MWLS estimation
method. As in contact applications, the arm workspace
and movement is relatively small and slow, the limited
number of points is being justified. A Radial Basis
Function Artificial Neural Network (RBFANN) is then
trained with the limited points. Using upper arm EMG
signals and elbow joint angle and angular velocity, this
trained network is then utilized for online
interpolation/extrapolation of the quasi-linear dynamic
model parameters for other operating points. It is found
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insensitive to over-training. Besides, when applied to
pattern recognition problem, the threshold is more
flexible than SIG-ANN. More favorably, it can
incorporate expert experience easily by adding fuzzy
units in parallel.
Park and Lee (1998) also come with EMG
pattern recognition method for more accurate
identification of a motion command at the same year
1998. Their proposed method based on AI (Winston,
1992) is able to accommodate expected interindividual differences and requires little computing
time in the pattern recognition with the extracted
feature parameters. The feature parameters used
based on some of previous research; namely integral
absolute value, difference absolute mean value,
variance, Autoregressive (AR) model coefficients
and linear cepstrum coefficients. In addition, they
extracted the non-stationary property (Shwedyk et al.,
1977) of EMG signals and the adaptive cepstrum
vector (Lee et al., 1996) as feature parameter. The
schematic of their proposed method is shown in Fig. 6.
The Dempster-Shafer theory of evidence (Yager,
1987; Zeigler, 1988) is employed as an evidence
accumulation method for the pattern recognition. A
fuzzy mapping function has been designed for the
application of the Dempster-Shafer theory of evidence
and a series of evidence accumulation procedures
according to each motion used. They evaluated that the
proposed method recognized the desired motion efficiently
with the multiple incomplete feature parameters. Also,
the recognition error rates show that the proposed
recognition method is superior to the other methods for
EMG pattern recognition. The advantages of this
approach to EMG pattern recognition are generating
reasonably accurate results with less computing time
and little subject training.
The method proposed by Weir and Ajiboye (2003)
provide a new multifunctional prosthetic hand
mechanism interfaced to the user using a four site
Myoelectric (EMG) controller based on fuzzy-logic
techniques. They stated that the fuzzy logic was
explored as a method of discriminating between
multiple surface EMG control signals because fuzzy
logic lends itself to systems when there is a human
component to be considered. A simple amplitudedriven inference rule base, constructed using Fuzzy CMeans (FCMs), achieved real-time classification rates
from 94-99%, during both steady state motions and
transitions between movements. Rule generation
performed automatically using the technique of fuzzy
clustering (Altrock, 1995; Ross, 1995; Ajiboye and
Weir, 2005). The presented result shows that higher
classification accuracy is achieved and it is possible for
the user to effect different control motions to control
different functions. However, amputees did not

participate in real-time testing and the possibility that
they might have been more prescient at generating other
“atypical” movements was not explored, only sequential
control can be performed other than parallel control.
ICA is a new technique to separate blind sources,
which has been used in some challenging fields of
signal processing. For example, ICA could provide
solutions to de-noise EMG, EEG or functional
Magnetic Resonance Imaging (fMRI) signals for
medical applications. Guangying (2007) introduced
myoelectric prostheses hand based on ICA and Fuzzy
controller. The researcher used FastICA algorithm
which based on maximum negentropy and successfully
decomposed sEMG signals. As presented, the pattern
recognition rate obtained 85% and the fuzzy controller
has the properties of reliability and adaptability.
However, the major drawback is that if the numbers of
source signal are unknown, some time it is larger than
the sensor signals, then the blind separate problem
becomes more difficult. The experimental procedure by
(Guangying, 2007) is shown in Fig. 7.
In 2007, a novel approach introduced by Khezri
and Jahed (2007) for the recognition of hand
movements via sEMG patterns. For pattern recognition
of sEMG signals for various hand movements, they
utilized two intelligent classifiers: ANN and Fuzzy
Inference System (FIS) were utilized. Figure 8 shows
the brief overview of the techniques implemented for
the proposed system. During the feature extraction
steps, sEMG signal is processed with respect to three
types of feature representations-Time Domain (TD),
Time-Frequency domain (TFR) and their combination.

Fig. 6: Schematic diagram (Park and Lee, 1998)

Fig. 7: The procedure of
(Guangying, 2007)
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will be obtained when the user is provided with visual
feedback. Yoshikawa et al. (2006) are out of few
researches who has been applied SVMs to EMG signal
classification for estimating operator’s hand motions.
They introduced a real-time hand motion estimation
method using the EMG signals with the SVMs. Figure 9
shows the configuration of their proposed system. They
have used cepstrum coefficients as frequency features in
combination with the amplitude of EMG. They analyzed
that the cepstrum coefficient feature improved the
classification performance better than the temporal
features such as the regression coefficients. Their result
showed that the average classification accuracy is more
than 90%, however they didn’t carry out online
experiments of the proposed method.

Fig. 8: Overall scheme of sEMG pattern recognition
system (Khezri and Jahed, 2007)

Fig. 9: Configuration
of
(Yoshikawa et al., 2006)

proposed

method

Next Class Separability (CS) and Principle Component
Analysis (PCA) technique applied for the purpose of
dimensionality reduction to simplify the task of the
classifier. Results demonstrated that using the
combined feature sets along with PCA as
dimensionality reduction technique and FIS as
classifier, best performance was achieved.

CONCLUSION
EMG signal collected form surface of the skin has
been used in diverse applications. HCI and prosthetic
hands based on EMG signal are useful for habilitation
or rehabilitation of persons with movement
impairments. As the quantity of information dealt with
by human operators is rapidly increasing with the
development of information technology, so now it is a
demand from the society to develop alternative
interface for the old and disabled people. This study
reviewed on two broad domain of EMG signal
application namely: HCI and Prosthetic. Different EMG
classification methodologies/techniques along with
their applications as well as advantages and drawbacks
have been discussed wherever it was found. This
revision clearly pointed out the EMG signals
classifications methodologies which will help the
researchers’ to find efficient methods. There are still
huge possible ways to work for the ever-increasing
number of persons with movement impairments,
chronic disabled and older people by developing new
methods, more natural more reliable interface which
will improve QOL of them.

Other methodologies: An intelligent approach based on
genetic algorithms, fuzzy measure and domain
knowledge on pattern recognition, namely Supervised
Feature Mining (SFM) method proposed by Huang et al.
(2003). Their focus was on the selection of feature subset
with the best discrimination ability from those features
for classifying EMG signals. They selected eight kinds
of different features that have been widely used to
classify EMG signals as the feature candidates. They
are Integral of EMG (IEMG), WL, variance, ZC, SSC,
Willison Amplitude (WAMP) (Mahyar et al., 1995),
Autoregressive Model (ARM) and Histogram of EMG
(HEMG) (Mahyar et al., 1995), respectively.
Accordingly, k-NN used for the classification of eight
types of frequently prehensile postures. They reported
that the classification rates of all postures are above
80%. As a part of their work, they also found that the
features ARM and HEMG have higher average
classification rates than others. In 2005, HMM-based
approach with higher classification accuracy presented
by Chan and Englehart (2005). HMM method has the
inherent ability to deal with spurious mis-classification.
Even without majority vote, to perform as well as the
MLP method with majority vote. Although there is an
increase in computational load associated with adding
majority vote to the HMM method, it use may still be
justified. HMM classification of continuous myoelectric
signals resulted in an average accuracy of 94.63%,
which exceeds their previous MLP method used in
(Englehart et al., 2003) (93.27%). This HMM
classification methodology is also considerably simpler
than the hybrid HMM and MLP, with genetic
algorithm, method use in (Kwon et al., 1998) and has a
higher accuracy (87.7%). The largest gain in accuracy
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