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Abstract— This paper proposes a novel feature reduction
approach for real-time electromyogram (EMG) pattern
recognition. This study extracts time and frequency
information by wavelet packet transform (WPT)
coefficients and uses the node energy as the feature to
overcome the translation-invariant property of WPT. Then
the non-parametric discriminant analysis (NDA) is used for
feature reduction. Because of some inherent properties of
the packet node energy, the within-class scatter matrix is
usually singular in this approach, which makes feature
project unavailable. To solve this problem, a recursive
algorithm is proposed to discard some feature components
that lead to singularity and contain relatively less
discriminant information. Finally, the support vector
machine (SVM) is used as the classifier and gives the
recognition result. The corresponding pattern of the action
could be recognized in a millisecond (ms). The experimental
results show that the proposed method has strong
robustness and good real-time performance.
Index Terms—EMG; real-time pattern recognition; wavelet
packet; non-parametric weighted feature extraction; SVM

1. INTRODUCTION
The measurement of the intention of muscle activity plays an
important role and has been widely applied to many
man-machine interface applications [1].
However, the surface EMG signals are often mixed with
signals generated by many muscles due to crosstalk and contain
much noise [2, 3], which makes identifying the intention of
motivation from EMG signals difficult. There are many kinds
of features that can be extracted from EMG signals [4]. Among
them, the wavelet packet transform (WPT) has become a
popular tool to extract features from the EMG signal [5-7].
However, WPT inherits a deficiency from the wavelet mother
function that it lacks of a translation-invariant property. To
overcome this problem, Gary G. Yen and Kuo-Chung Lin [8]
suggested constructing the feature vector with wavelet packet
node energy. Therefore, instead of the original coefficient, the
wavelet packet node energy is used to construct the feature
vector in this paper.
Normally, the dimension of feature vector is very high. In
order to improve the performance and reduce the calculation,
the dimension of the feature vector should be reduced by
discarding the redundant information. Linear projection is a
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popular feature reduction method due to its flexibility and
effectively and contains much famous methods as special cases.
Principal Component Analysis (PCA) is a widely-used feature
projection method [9]. Englehart et al. [10] extracted WPT
coefficients from four-channel EMG signals, and performed
dimensionality reduction by using a PCA. Unfortunately, PCA
is designed for signal representation rather than classification,
and thus could not usually give the optimistic result for pattern
recognition. While linear discriminant analysis (LDA) provides
us an approach of feature projection in respect of classification,
Bor-Chen Kuo and David A. Landgrebe proposed an improved
approach of discriminant analysis called nonparametric
weighted feature extraction (NWFE) [11] for classification
which has a better performance than the traditional ones. To
find the best project method, Chu et al. [7] applied respectively
LDA, PCA, NLDA (nonlinear discriminant analysis) and
SOFM four methods to these features which has been extracted
from four-channel EMG signals by WPT. The result shows that
LDA has best classification accuracy and real-time
performance. However, calculating the within-class scatter
matrix SW is necessary for LDA or NDA method. If there is a
high degree of redundancy among features, SW will be singular,
and thus these methods are unavailable. To solve this problem,
a combination of PCA and a self-organizing feature map
(SOFM) is applied to myoelectric control and it was reported to
produce better performance than PCA alone [12]. Zhang et al.
implemented PCA and LDA projection to reduce the feature of
EMG [13]. These methods depend on the capability of PCA to
eliminate the redundancy and noise in EMG data, but they have
much higher computational cost. Thus, in this work the FS and
FP were united for feature dimension reduction. Furthermore,
we proposed a recursive feature selection algorithm, which
could discard the components that make the within-class matrix
singular and contain relatively less classification information.
The rest of this paper is organized as follows: Section II
describes the data acquisition system and illustrates how the
EMG signal is converted to time series. In section III, we
present the algorithms for EMG pattern recognition, including
feature extraction, feature selection, feature projection, the
method to avoid a singular within-class matrix, and the
classifier. In Section IV, the experiment result shows that our
algorithm has good performance to recognize the pattern of
EMG. Finally, the conclusion of current work and the possible
future improvement are described.

1500

2. ALGORITHM DESCRIPTION
The EMG signal pattern recognition system is composed of
feature extraction, dimensionality reduction and classification
three main parts as shown in Fig.1.
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2.1. Feature Extraction
As previously mentioned, we choose WPT to extract the
feature of EMG. In practice, for convenience of processing with
computer, discrete wavelet transform (DWT) is widely used
and can be implemented using multiresolution analysis
introduced by Mallat [14]. Each wavelet packet coefficient is
given by

w j ,n,k  f ,W jn,k !  f ,2 j / 2W n (2 j t  k ) ! ,

(1)

where j is a scaling parameter, k is a translation parameter, and n
is an oscillation parameter.
Considering the deficiency that lacks of a translationinvariant property, the wavelet packet node energy is adopted to
construct the feature vector in our work. Then the wavelet
packet node energy is defined as

e j ,n { ¦ w2j ,n,k ,

(2)

k

which measures the signal energy contained in some specific
frequency band indexed by parameters j and n.
2.2. Feature Selection
To implement a feature selection, the feature components are
ranked according to their abilities to discriminate between
different classes measured by a criterion function. One simple
and widely-used criterion function is Fisher’s criterion [15],
which is defined as (3) in the case of two classes.
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are the mean values of the k-th feature, fk,

for class i and j, and
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are the variance of the k-th

feature for class i and j correspondingly. For the case of more
than two classes, the criterion function is defined as
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where L represents the number of classes.
PWM [8] method is a modification of the basic feature
selection approach that select a feature subset based on the
ability to separate each possible pair of classes instead of the
ability to separate all classes. The discriminant power of each
feature component is needed in the next step and it can be
calculated by implementing a feature selection. The

discriminant power is based on the two criteria below.
(1) One feature component that has been selected by more
pairs of classes in PWM method could separate more pairs of
classes and thus has a better discriminant power.
(2) To a certain pair of classes, the feature component with
a better separate ability of this pair has a better discriminant
power.
Based on the criteria above, the modified PWM algorithm is
described as follows.
Algorithm 1:
Supposing the feature vectors are composed of n components
and separated into L classes, the input is the set of training
samples {xk(i )  R n | k

1,2,", N i , i 1,2,", L} , and the

outputs are the selected feature component subset F final and
the discriminant power of each feature component
P {P( f1 ), P( f 2 )," P( f n )} .
The steps of this algorithm are:
1. Initialize the discriminant power of each component

P {0,0,",0}
2. For

each

classes
,
calculate
{(i, j) | i 1,2,", L  1, j i  1, i  2,"L}
the discriminant criterion in equation(3) for each feature
component fk,
3. For each class pair (i,j), sort J(i,j) such that
J f (i, j ) t J f (i, j ) t " t J f (i, j ) t " t J f (i, j ) . (5)
1

possible

2

pair

d

of

n

Determine the feature subset Fi , j for each class pair by
selecting d feature components that have maximum J f k (i, j )
value
Fi , j

{ f k | k 1,2,", d}; i 1,2,", L  1; j i  1,", L . (6)

For each class pair (i,j), if feature component

f r is chosen as

an element of Fi , j , it indicates that this component has a better
discriminant power for class i and j, and the smaller the index r
is, the better the discriminant power of this feature component
is, so increase the corresponding value by letting
(7)
P( f r ) P( f r )  d  1  r .
4. Form the final feature set by taking the union of each feature
subset

F final

½
 L 1 L
®* * Fi , j ¾ .
¯ i 1 j i 1 ¿

(8)

2.3. Feature Projection
In fact, the subset of the feature components obtained above
that could be regarded as a special combination of features. The
dimension of the features is still high. The classification
property could be further improved by feature projection
method and we use NWFE in our system.
A within-class scatter matrix [11] showing the scatter of
samples around their respective class expected vectors is
defined as
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of class c,
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Then the between-class matrix [11] showing the scatter of the
expected vectors around the mixture mean is defined as
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If x A x represents a linear transform of the original
vector, the within-class and between-class scatter matrices are

Sw

AT S w A and S bNW

AT S bNW A respectively. The

goal is to find a proper subspace to make a maximum ratio of

S bNW and S w . In order to formulate criteria for class
separability, the matrices are converted to a number that could
reflect the within-class and between-class scatter. One effective
criterion is shown as

J1 tr(Sw1SbNW ) ,

(15)

which is chosen to evaluate the reduced subspace. Then the
problem could be formulated to find such a projection matrix

A

arg max tr ( S w1SbNW ) .
A

(16)

The solution of this problem is given by the K eigenvectors of
1
w

S S bNW where K is the dimension of the projection space [9].
Once A is obtained, the projection of the feature vector in the
T

space with a lower dimension A x could be computed for
each sample.
2.4. Avoid the singularity of within-class matrix
An important challenge of implementing feature projection
on the feature vector is that the within-class matrix might be
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singular. By a further study, it can be found that the essential
reason for the singularity of within-class matrix is the property
of wavelet packet node energy rather than the size of training
set.
Theorem 1 If the feature vector is composed of the node
energy values of all frequency subbands generated by wavelet
packet decomposition, the within-class matrix will be singular.
Because of space constraints, the proof is discarded.
In order to implement a feature projection properly, the nodes
that are linear correlated with others and contain relatively less
discriminant information should be discarded before
implementing a feature projection. To solve above problem, a
recursive feature selection algorithm is proposed in the work.
Firstly, a state tree that has the same structure as the wavelet
packet decomposition tree is created. Each node of this tree
could be marked as one of the three states shown below and this
algorithm is implemented by updating the state of each node
step by step.
(a) Engaged: The nodes marked as engaged are ones that
have been selected and used as components of the feature vector.
Therefore, nodes that are linear correlated with them shouldn’t
be selected in the following steps.
(b) Available: The nodes marked as available are ones that
haven’t been selected as a component of the feature vector and
are not linear correlated with the nodes that are marked as
engaged or unavailable, so they could be selected as a
component of the feature vector at next step.
(c) Unavailable: The nodes marked as unavailable are not
selected as components of the feature vector, but the nodes that
are linear correlated with them shouldn’t be selected either.
These unavailable nodes are always linear correlated with some
engaged nodes, so if one node is correlated with some
unavailable nodes, it is also correlated with some engaged
nodes and this make the within-class matrix singular.
At the initial state, all nodes are marked as available,
indicating that no nodes have been selected at current step. So in
order of their discriminant power, every node is tested and tries
to be selected as a component of the vector with recursive
function Mark. The nodes with better classification property are
tested priorly to ensure that they have more opportunities to be
selected in the feature vector. At the same time, the recursive
algorithm also ensures that there’re no linear correlated nodes.
In this algorithm, evaluations of the nodes with better
classification property are prior to others and thus they are more
liable to be selected as features. Meanwhile, the algorithm
ensures that there are no linear correlated features after
selection. Assume that Fn is the feature vector set at step n, and
then the current state of node a is firstly tested. If the state is
available, the function will mark node a as engaged and update
the set of feature vector by Fn1 Fn * {a} . There might be node b
linear independent with the elements of Fn but correlated with
the elements of Fn+1, and such node should not be selected in
the feature vector in the following steps. Therefore, node b
should be marked as unavailable, and this implies that node b
has actually been selected in set F in a linear respect, which
might make another node c linear independent with elements of
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Fn correlate with ones of Fn+1. So we should then mark node c
as unavailable, and like node b, such case will continue until the
change of state of one node from available to unavailable no
longer makes the same change happen on any other node.
Such procedure is implemented by a recursive function
whose prototype is Mark(tree, node, value). The parameter tree
is the current state tree, node is the node to be marked, and value
is the state that node is to be marked as. This function ensures
all “engaged” nodes to be mutually linear independent and the
algorithm could be described as the pseudo code following. The
variable father, brother, sonA, sonB represent the father node,
brother node, two son nodes of the formal parameter node of
this function respectively, and tree[node] is the current state of
node in the state tree.
Algorithm 2:
1. tree[node]=value;
2. IF node==root THEN
GOTO 3;
ELSE IF tree[father]==available &&
tree[brother]!=available THEN
Mark(tree, father, unavailable);
ELSE IF tree[brother]==available &&
tree[father]!=available THEN
Mark(tree, brother, unavailable);
END IF
3. IF node==leaf THEN
GOTO 4;
ELSE IF tree[sonA]==available && tree[sonB]!=available
THEN
Mark(tree, sonA, unavailable);
ELSE IF tree[sonB]==available && tree[sonA]==available
THEN
Mark(tree, sonB, unavailable);
END IF
4. RETURN
Feature selection is only based on training samples, so the
nodes selected to compose the feature vector are invariable
when the recognition system works and only the WPT
coefficients need to be calculated at the selected nodes, which
could prevent the redundant work and improve the efficiency.
2.5. Classifier
At last, the reduced feature vector is sent to a SVM classifier.
However, SVM is originally designed for binary classification
while our goal is to classify six kinds of EMG signals
corresponding to different motions. Two types of methods have
been proposed to classify samples of more than two classes.
One is by combining several binary classifiers, such as
“one-against-all” [17], “one-against-one” [18], and directed
acyclic graph SVM (DAGSVM) [19], while the other is by
considering all data in one optimization formulation. Since it is
pointed out that a much larger optimization problem is required
for methods solving multiclass SVM in one step, this work only
tried the one-against-all and one-against-one multiclass SVM
and compared their performance.

3. EXPERIMENT AND RESULT
3.1. Signal Acquirement
In this system, the surface EMG signals are amplified by
1000 times and filtered out the noise by an analog filter with a
passband of 2~750Hz, and then converted to digital signal by an
advantech card and transmitted to PC for recognition.
The digital signals form an EMG series, which is then
segmented by a moving window. The recognition system
extracts a feature vector from the segmented signals in the
window and gives the result every recognition period Tr. Then
the window moves forward by s steps, and we get Tr s / f s ,
where fs is the frequency of sampling. This procedure is shown
in Fig.2. The signals in the window are Data(0)~Data(w-1)
when N=1 and Data(s)~Data(w+s-1) when N=2, where w is the
width of the window, Data(x) is the acquired signal at time x/fs,
and N=k corresponds to the k-th time of recognition. In our
system, fs=1024Hz, w=512, s=256, and Tr=0.25s. In other
words, the width of moving window is 0.5s and the increment is
0.25 s.
window (N=2)
EMG signal
series

Ă w+s Ă w+1 w

Fig.2.

Ă

window (N=1)
s

Ă

1

0

The process of EMG acquisition

In our experiment, four pairs of surface electrodes shown in
Fig.3 were used to measure the EMG signal while one is used to
provide a reference voltage, and the 7 motion patterns are
stillness, wrist extension, wrist flexion, ulnar deviation, radial
deviation, hand close, and hand open (mode1~mode7) as shown
in Fig.4.

Fig.3.

Fig.4.

The electrode placement

Seven classes of motion to be recognized

Each 0.5 second we changed one pattern of wrist motion. The
EMG signals were collected from 4 subjects (namely S1~S4),
and for each subject, 80 samples for each pattern were recorded
to train and test the system, so the total number of data to test
the recognition system is 80*7*4=2240.
3.2. Wavelet packet node energy and Feature selection
The signals of each channel were firstly decomposed into a
series of coefficients using a wavelet packet transform, of
which the depth is 3. Then wavelet packet node energy was

2013 25th Chinese Control and Decision Conference (CCDC)

1503

calculated for each node and all of them construct the original
feature vector. The classification property of each node is very
different from others, and feature selection is to select the ones
that have better properties.
The first 60 samples collected from subject S1 were used to
train the state trees and the results were shown in Fig.5. The
engaged nodes are used to construct the feature vector.
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To compare the sample distributions of two feature
components, the following content takes the node N1 and N2
flagged in Fig.5 as examples to illuminate the feature selection
and classification process. The node energies of 40*7 samples
of node N1 and N2 are shown in Fig.6. From the result it is
obviously the samples are more easily separated in the
dimension of N2. Actually, node N2 is selected by the
following class pairs {1, 5}, {2, 5}, {3, 5}, and N2 is retained
after feature selection while N1 discarded.
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30

25
Class
Class
Class
Class
Class
Class
Class

20

15

0

Fig.6.

5

10

15
N1

20

25

-1

0

1

2

-1

1
2
3
4
5
6
7

30

Comparison of node energy of the two nodes

3.3. Feature Projection
All values of the node energy of the selected nodes construct
a feature vector and it is projected to a space with a lower
dimension using NWFE. In this experiment, the original feature
vector is projected to a 12-dimension space. The distribution of
samples in the projected space is shown Fig.7, in which solid
points represent the training samples while the circle ones

0

1

2

Feature 2

Distribution of the feature vector in the projected space

3.4. Classification with SVM and test result
After feature projection, the pattern of EMG signals was
recognized by a multiclass support vector machine.
To separate the 7 motion patterns by SVM classifier,
one-against-all and one-against-one methods are tried and
compared in this experiment. A 4-fold cross-validation [20]
was implemented to evaluate the performance of the
recognition system. For each pattern, 80 samples were divided
to 4 subsets, three of which were used to train the classifier and
the other one were used to test. The error rate of each subset of
samples can be calculated and shown in Table . Then the 4-fold
cross-validation error [20] is regarded as an estimate of the true
error rate:
one agaisnt all
eCV

1 4
¦ej
4 j1

1.964%

(17)

one agaisnt one
eCV

1 4
¦ej
4 j1

2.143%

(18)

Test sample
one-against-all
one-against-one
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Sample Projection on the plane of two different feature components
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0
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2
1.5

0.5

0

0

3
2.5

Feature 3

0

represent test samples. The points with the same color
correspond to the same pattern.

Table 1 Error rate of samples
Subset1
Subset2
Subset3
1.429%
0
0.714%
2.857%
0
0

Subset4
5.714%
5.714%

3.5. Comparison with different methods of feature reduction
Some researchers use local discriminant basis (LDB) [21] to
decide a basis of wavelet packet transform and reduce the
dimension of the feature by PCA. This method gives a good
result, while it is found that the performance could be further
improvement by using our method. Fig.8 shows the distribution
of the reduced vector using LDB for wavelet packet base
selection and PCA for feature reduction. It is suggested that
feature reduction by PCA be applied on each channel
respectively, and the reduced feature vector be combined with
the reduced vectors of all channels. In our experiment, the 3
principal components from each channel were selected and
combined to form a 12-dimension feature vector. Obviously,
the distribution shown in Fig.7 is better than Fig.8. The samples
from S1 to S4 were identified by different classifiers
respectively and the recognition accuracy is shown in the Table
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2. From the results, it is shown that the combination of
one-against-all SVM and NWFE is the most effective method
for identifying the samples. In this experiment, NWFE
performs better than PCA, because it considers the
classification accuracy as the primary criterion while the aim of
PCA is to provide the smallest mean-square error for the signal
representation of the given data.
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Fig.8.
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