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The feature extraction of surface electromyography (sEMG) signals has been an important aspect of myoelectric prosthesis
control. To improve the practicability of myoelectric prosthetic hands, we proposed a feature extraction method for sEMG signals
that uses wavelet weighted permutation entropy (WWPE). First, wavelet transform was used to decompose and preprocess SEMG
signals collected from the relevant muscles of the upper limbs to obtain the wavelet sub-bands in each frequency segment. Then,
the weighted permutation entropies (WPEs) of the wavelet sub-bands were extracted to construct WWPE feature set. Lastly, the
WWPE feature set was used as input to a support vector machine (SVM) classifier and a backpropagation neural network (BPNN)
classifier to recognize seven hand movements. Experimental results show that the proposed method exhibits remarkable rec-
ognition accuracy that is superior to those of single sub-band feature set and commonly used time-domain feature set. The
maximum recognition accuracy rate is 100% for hand movements, and the average recognition accuracy rates of SVM and BPNN

are 100% and 98%, respectively.

1. Introduction

Surface electromyography (sSEMG) is an electrophysiological
signal produced by a motor unit during the muscle activities
of the human body. Given its advantages of being a non-
invasive and straightforward operation, sEMG is widely used
as the ideal biological signal control source for bionic re-
habilitation equipment and new human-computer inter-
action equipment [1-4]. Due to accidents, diseases, and
other reasons, many patients lose their hands or part of their
arms every year. The lack of upper limbs or dysfunction has
brought many inconveniences and troubles to the daily life
of the disabled. The research of collecting sEMG signals from
specific muscle groups to recognize hand movements has
gradually emerged, and many studies have been made in the
field of intelligent prostheses [5]. The hand-action pattern
recognition technology based on sSEMG is deeply studied to
obtain high-efficiency and accurate hand-action recognition
ability, and the recognition results are converted into multi-

degree-of-freedom control instruction to drive the output
[6], which has very important research significance and
application value for the research of intelligent artificial
hand.

As a typical application of SEMG, a myoelectric prosthetic
hand [4] is controlled by sEMG signals produced by the
amputee’s residual muscles. With the development of science
and technology, more and more new technologies and ideas
have been integrated into the application of artificial limbs
[7-9]. Due to the complexity of SEMG and the diversity of
hand movements, there are still many problems and chal-
lenges to achieve efficient and accurate action analysis [10],
such as the selection and extraction of sSEMG features and the
limited type and quantity of recognition actions. Many or-
ganizations and research institutions have exerted consid-
erable effort in the feature extraction of SEMG signals to
improve recognition accuracy because such accuracy is highly
dependent on extracted features [11-14]. Feature extraction,
which is related to the quality of pattern recognition, is the key
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to analysis and processing of sSEMG. Previous studies used
popular feature extraction methods in the time or frequency
domain, such as root-mean-square (RMS) [15] and median
frequency [16], to extract SEMG features. In the face of in-
creasingly diverse feature extraction methods, the current
EMG feature extraction methods only provide limited neural/
motor information. Few features can fully reflect the detailed
characteristics of sSEMG signals [17]. The major problem is
extracting useful information from signals [18, 19].

Wavelet transform (WT) [20] is a time-frequency analysis
technology that exhibits multiresolution characteristics. It has
the ability to characterize the local features of signals in the
time and frequency domains. Duan et al. [21] used the WT
method to extract time and frequency information for ana-
lyzing hand movements and achieved good results. Most
studies provide limited information regarding wavelet pro-
cessing and signal reconstruction but disregard the recog-
nition research of wavelet sub-bands. Subasi et al. [22, 23]
used discrete WT (DWT) to decompose SEMG signals into
orthonormal time series with different frequency bands for
feature extraction. The results showed that changes in sSEMG
signals can be effectively represented by features extracted
from each sub-band of DWT. In [19, 23, 24], wavelets were
applied to the preprocessing and decomposition of sub-bands.
These studies similarly showed that calculating the sub-band
parameter is useful in motion detection and other same
application. Among the various characteristic parameters,
entropy is an index used to measure the complexity of a
system. The traditional entropy only considers the probability
distribution of the signal value and does not consider the
order structure of the signal value. Although there is a dif-
ferent definition for entropy and the way to calculate it, all
kinds of entropies show system randomness and regularity
[25]. As a nonlinear dynamic parameter based on complexity
measurement, permutation entropy (PE) has been gradually
applied to the analysis of complex bioelectrical signals. It can
describe the local structure features of time series and enlarge
the subtle changes in the signals with low complexity and
antinoise ability [19]. Considering the complexity of EMG
signals in various hand movements, PE can be used to reflect
its intrinsic complex characteristics. However, in addition to
the sequence structure, another disadvantage of PE is the
possible loss of considerable information existing in the
amplitude of a time series [26]. Fadlallah [27] presented
weighted permutation entropy (WPE), which can extract the
sequence structure of a time series and retain its amplitude
information. From structural feature representation, WPE
can extract local microstructure features, and wavelet
transform can extract global macroscopic structural features.
Thus, the combination of wavelet sub-bands analysis and
WPE can comprehensively describe the features and can be an
effective method for recognizing SEMG signals. In this study,
a wavelet weighted permutation entropy (WWPE) method
was proposed for hand action recognition.

2. Materials and Methods

2.1. Data Acquisition. Four healthy subjects (two males and
two females; age: 24-26 years; height: 160-180 cm; weight:
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48-70 kg) participated in the experiments by performing the
designated hand movements. All the subjects read and
signed an informed consent form approved by an institu-
tional review board. Prior to data acquisition, the subjects’
skin was wiped with alcohol, and then the subjects were
asked to seat with their arm straightened and fixed at one
position to avoid the effect of different limb positions on
sEMG signals. Sensors were placed on each subject’s flexor
carpi radialis (chl), flexor digitorum superficialis (ch2),
flexor pollicis longus (ch3), and extensor digitorum (ch4) to
record four channels of sEMG signals (Figure 1). Then, the
following seven daily hand movements were performed:
open, close, point, yeah, ok, tripod, and grip (Figure 2). The
seven daily hand movements are more commonly used in
daily life [28]. The four sensors used were Trigno™ Wireless
EMG (Delsys Inc., Natick, MA, USA). These sensors provide
motion artifact suppression (patent) that can be freely
moved, and they directly transmit data wirelessly. The pa-
rameters of these sensors are as follows: resolution, 16 bit;
bandwidth, 20-450Hz; baseline noise, <1.25uV (RMS);
typical operating range, 40 m; and communication protocol,
Bluetooth®. In the experiments, the participants repeated
each action 30 times. Each movement lasted for 3 s, and the
total number of each movement should be at least 120.
SsEMG signals were recorded at a sampling frequency of
1000 Hz using EMGworks® 4.0 (Delsys Inc., Natick, MA,
USA).

2.2. Algorithm Flowchart. The method proposed in our
study for recognizing the seven basic hand movements using
sEMG includes the following steps: wavelet decomposition,
feature extraction, combinatorial features, and classification.
The steps are illustrated in detail in Figure 3. After collecting
SsEMG signals, the feature vectors of the SEMG signals should
be extracted. Considering the advantages of time-domain
and frequency-domain analyses, WT was used to preprocess
and analyze sEMG signals. The WPEs of wavelet sub-bands
were extracted on the basis of the wavelet decomposition.
WWPE is WPEs of the wavelet sub-band signal under
wavelet decomposition. Lastly, the feature set was used as
input to the SVM and BPNN classifiers to realize the pattern
recognition of sSEMG signals.

2.3. Wavelet Decomposition. WT is a powerful time-fre-
quency approach for biosignals. In our study, sSEMG signal is
decomposed into wavelet sub-bands in each frequency
segment using WT. The efficiency of WT decomposition is
dependent on the appropriate selection of the mother
wavelet function [21]. The recognition accuracy of the signal
depends on the similarity between the mother wavelet
function and the wavelet coeficients [29]. Before selection of
wavelet sub-band, the maximum energy-to-Shannon en-
tropy ratio criterion is used for wavelet base selection. More
detailed information can be found in [19]. Daubechies
(DbN) are orthogonal and asymmetrical compact support
tunctions [30]. Symlet (SymN) is an improvement of DbN; it
can reduce phase distortion in signal analysis or recon-
struction to a certain extent [31]. Sym8 possesses nearly
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FIGURE 1: Target placement of SEMG sensors.

similar attributes that match well with those of biosignals.
SsEMG signals were recorded at a sampling frequency of
1000 Hz using EMGworks® 4.0 (Delsys Inc., Natick, MA,
USA). A sampling theorem is used to obtain the maximum
frequency of 500 Hz. Since SEMG signal energy is concen-
trated in 30-200 Hz, according to the frequency distribution,
in this paper, four-layer wavelet decomposition is carried
out. Thus, SEMG signals were analyzed and processed via
four-layer wavelet decomposition with “sym8” as the mother
wavelet. As shown in Figure 4, we extracted five wavelet sub-
bands (i.e., a4, d1, d2, d3, and d4) to achieve better results in
feature extraction with WPE algorithm. Here, “a” represents
low frequency, “d” represents high frequency, and the
number represents the number of decomposition layers.
Now, we can calculate WPEs for each sub-band in the next
level.

2.4. Weighted Permutation Entropy (WPE). PE is primarily
used to measure the complexity of chaotic signals. The
calculation, which is based on the comparison of adjacent
data, is simple. Its antinoise ability is strong, and it exhibits
good robustness.

Given a time series {x(i),i = 1,2, - (m-1)}
with length N, the m-dimensional embedding vector at time
i is defined as

= {x@), x(i+1),...,

x(i+(m-1)1)}, (1)

where 7 is the delay time and m is the embedding di-
mension. The time delay 77 is related to the sampling rate of
the signal. As [32] suggests, the time delay 7 is set to 1 and the
embedding dimension m is set to 4 in this paper.

The i-th reconstructed components are rebuilt in the
ascending order as follows:

x(i+(jy - D)D) <x(i+(y=1)7)< ... <x(i+(jy - 1)7).

(2)
If X, has the same element, it can be sorted in accordance

with the size of j. In other words, when x (i + (j,,; — 1)7) =
x(i+ (jp — 1)7) and j,,; < j,mp the sorting method is

(i + (o = )7) <X+ (jinz = D7)- (3)

Hence, any vector X; can obtain a sequence of symbols as
follows:

3
5= (1> Jore o> jm)- (4)
Different sequences of symbols ( j;, j»- .-, j,,) have a

total of m! sequences of symbol.

For a permutation with number m;, let f (7;) denote the
frequency of the j-th permutation in the time series. Then,
the probability of occurrence of each symbol sequence is
calculated as follows:

)

Pj(”j) " f( )

The PE of different sequences of symbols is defined as
follows:

(5)

Hp(m) =

‘ZPJ(”J‘)IHPJ(”J')- (6)
=

PE provides a measure of the complexity of a nonlinear
time series represented by the sequential patterns. However,
in accordance with its definition, PE disregards the ampli-
tude differences between the same sequential patterns and
loses the information regarding signal amplitude.

On the basis of the difference in amplitude or variance of
a certain mode, WPE assigns a weight value to each extracted
vector when calculating the relative frequency associated
with each symbol. The weight value w; is calculated by the

j
variance of each subsequence X;. w; is expressed as

_L Z (x(i+ (k-1 - X)), (7)

m

where X; is the arithmetic mean as follows:

>
I

I~

Mz

x(i+(k-1)7). (8)

k=1

For a permutation with number 7, the frequency of the
j-th permutation in the time series can be defined as

fulmj)= Y f(m))w; ©)

wheres = 1,2,...,S and Sis the number of the possible time
series in the same ordinal pattern. The weighted relative
probability of occurrence for each symbol is

fw(”j)

pu) T :m'i' (10)
() Y fa(m))
WPE is defined as follows:
H, (m) ==Y py(m;)In pa (7). (1)
=1

In this study, we recorded 4-channel EMG signals using
Trigno™ Wireless EMG (Delsys Inc, Natick, MA, USA) and
proposed the feature extraction of sEMG signals using a
wavelet weighted permutation entropy (WWPE) method for
recognizing seven hand movements based on four channels.
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FIGURE 2: Hand movements: (a) open, (b) close, (c) point, (d) yeah, (e) ok, (f) tripod, and (g) grip.

We used the sEMG and its sub-bands extracted from the
wavelet decomposition as inputs for WPE algorithm and
calculated WPE values for each sub-band. The WPE of a
single wavelet sub-band is a 4-dimensional feature set.
WWPE is WPEs of the wavelet sub-band signal under
wavelet decomposition (i.e., a4, d1, d2, d3, and d4), which is
a 20-dimensional feature set. In other words, the WPEs of all
sub-bands were combined into a feature set as WWPE
feature set. Then, the WWPE feature set was used as the
input to the SVM and BPNN classifiers to realize the pattern
recognition of sSEMG signals.

3. Results

3.1. Wavelet Decomposition. The four-channel raw sEMG
signals of one set of hand movements acquired from one
subject are shown in Figure 5. The horizontal coordinate
represents the number of sample points, and the longitu-
dinal coordinate represents the amplitude of SEMG signals.
In this figure, chl, ch2, ch3, and ch4 represent flexor carpi
radialis, flexor digitorum superficialis, flexor pollicis longus,
and extensor digitorum shown in Figure 1, respectively. WT
was used to decompose and preprocess sSEMG signals to
obtain the wavelet sub-bands in each frequency segment via
four-layer wavelet decomposition with “sym8” as the mother
wavelet. The five wavelet sub-band signals (i.e., a4, d1, d2, d3,
and d4) of ch3 were extracted as shown in Figure 6. The
horizontal coordinate represents the number of sampling

points, and the longitudinal coordinate represents the
amplitude of signals. As clearly indicated in Figure 7, the
different wavelet sub-bands have disparate profiles because
they are carrying varying degrees of effective information.
The sEMG signals of the other channels and subjects exhibit
similar traits. Therefore, calculating wavelet WPE as a fea-
ture for discriminating different movements is possible.

3.2. Feature Analysis. For a qualitative observation of the
feature distributions of the seven hand movements, the WPE
and PE distributions in chl and ch2 randomly selected from
one of the subjects are presented in Figure 7. In this figure,
the horizontal coordinate represents entropy values of
sEMG from chl, and the longitudinal coordinate refers to
those from ch2. This figure shows that a clear distinction
between the points of the seven movements is barely visible;
nevertheless, observing that WPE is slightly better than PE in
clustering is still possible. In addition, the distributions of
points in Figures 7(b), 7(c), and 7(f) are considerably clearer,
and the boundaries and points of different movements are
more evident. The WPEs of d2 and d3 achieve significantly
better clustering performance than those of the other sub-
bands. Compared with the PE and WPE of sEMG, the
clustering performance of the d2 and d3 sub-bands is nearly
as good as that of SEMG. The results show that the features
extracted by the wavelet sub-band can be used to distinguish
the action. Thus calculating the sub-band parameters is
useful in motion detection.
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extraction of five sub-bands. “a4” is the approximation at the fourth
level. “d4” is the details at the fourth level. “d3” is the details at the
third level. “d2” is the details at the second level. “d1” is the details
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3.3. Recognition Accuracy. Three-layer BPNN and SVM
were used as classifiers in the experiments. We divided all the
samples into two sets. Some samples are randomly selected
from all the training data as the training set and the rest as

Sample points

FIGURE 5: Raw sEMG signals.

the test set. To illustrate the identification performance of PE
and WPE on different sub-bands (i.e., a4, d1, d2, d3, and d4),
all PEs and WPEs were used as input to be recognized by
SVM and BPNN. Table 1 provides the average recognition
accuracies of different sub-bands and sEMG under seven
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TaBLE 1: Average recognition accuracies of different sub-bands
(x100%).

Average recognition accuracy

Signal (PE/WPE)

SVM BPNN
a4 0.40/0.64 0.53/0.53
d1 0.58/0.60 0.56/0.67
d2 0.60/0.85 0.65/0.78
d3 0.76/0.84 0.74/0.87
d4 0.48/0.71 0.41/0.54
Undecomposed sEMG 0.86/0.90 0.75/0.82

movements. WPE achieves better recognition accuracy than
PE in SVM and BPNN. The WPE of d3 exhibits considerably
better identification performance than those of the other
sub-bands. The average recognition accuracy of d3 reaches
87%, which is approximately 10% higher than those of the
other sub-bands. In addition, no significant difference in
accuracy is observed between d3 and sEMG in the two
classifiers. Table 2 provides the detailed identification results
of WPE and PE from the d3 sub-band and undecomposed
sEMG under seven movements. The WPE of the d3 wavelet
sub-band can distinguish among each hand movement with
high precision that can reach up to 100%. These results
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TABLE 2: Recognition accuracies of d3 and undecomposed sEMG
for the seven hand movements (x100%).

Undecomposed

Hand movement - CH/WPE) SEMG(PE/WPE)

SYM  BPNN  SVM  BPNN
Open 0.64/0.71 0.77/1.00 0.87/0.92 1.00/0.62
Close 0.62/0.87 0.69/1.00 1.00/0.83  0.92/0.62
Point 0.71/0.82  0.85/0.92 0.82/1.00 0.85/0.92
Ok 0.78/0.79  0.38/0.85 0.90/0.80  0.54/0.77
Yeah 0.76/0.92  0.92/0.77 0.69/0.92  0.92/1.00
Tripod 0.92/0.89 0.92/0.92 0.92/0.93  0.62/1.00
Grip 0.88/1.00 0.54/0.69 0.80/0.92  0.38/0.85

validate the rationality of extracting features from wavelet
sub-bands for recognition.

In this study, a wavelet weighted permutation entropy
(WWPE) method was used for recognition. Table 3 provides
the average recognition accuracies of features. However, the
WPE of d3 exhibits considerably better identification perfor-
mance than those of the other sub-bands in Table 1. The
average recognition effect of proposed method is considerably
better than the single d3 wavelet sub-band feature. The average
recognition accuracy of WWPE feature set is better. It can be
seen from Table 3 that the WWPE feature set could provide
higher classification accuracy that reaches 100% and approx-
imately 98% in SVM and BPNN, respectively. To further il-
lustrate the superiority of the WWPE feature set presented in
Table 3, the identification performance of the method above is
compared with the signals in Table 1. Compared with that in
Table 1, the method we proposed in Table 3 can result in an
increase of approximately 15% in average identification ac-
curacy. The detailed recognition results of hand movements are
provided in Tables 2 and 4. The same conclusion can be drawn
that WWPE feature set is considerably better in terms of
recognition performance. Although the d3 wavelet sub-band is
comparable with SEMG in terms of performance, the WWPE
feature set is the best. The WWPE feature set obtains the
highest recognition accuracy because WWPE feature set can
explore more information than a single wavelet sub-band
feature set. The experiment results validate that the proposed
method based on a WWPE feature set can achieve high
identification accuracy. The feature extraction of SEMG using
WWPE for hand movement recognition exhibits a remarkable
advantage.

The traditional time-domain feature set, consisting of root-
mean-square (RMS), mean absolute value (MAV), waveform
length (WL), zero crossings (ZC), and slope sign changes
(SSC), was compared with our proposed features. The rec-
ognition accuracies of traditional feature set are shown in
Table 5. We can see that the proposed method has considerable
success in the activity classification. Compared with Table 2,
wavelet sub-band recognition accuracy of some action is better
than the traditional feature set. For OK action, the accuracy of
d3 wavelet sub-band is greater than 85%. A similar situation
exists for other movements. These results validate the ratio-
nality of extracting features from wavelet sub-bands for rec-
ognition. The proposed method based on WWPE achieves the
highest identification accuracy.

4. Discussion

Four healthy subjects participated in the experiments for the
seven hand movements. Wavelet analysis was combined
with entropy features. WT was used to decompose and
preprocess sSEMG signals to obtain wavelet sub-bands. Then,
the WPEs of the wavelet sub-bands were extracted. WWPE
is WPEs of the wavelet sub-band signal under wavelet de-
composition. To further illustrate the superiority of the
WWPE feature, its recognition performance was compared
with those of WPE and PE of sSEMG, WPE, and PE of single
wavelet sub-band and the wavelet PE feature set. In our
experiment on pattern recognition using sSEMG signals, only
overall recognition accuracy was considered.

The detailed results are presented in Tables 2, 4, and 5.
The result shows that the proposed method achieves good
performance, and recognition accuracy can reach up to
100% for each hand movement. For the wavelet sub-bands in
Table 1, the average identification accuracy of the d3 sub-
band can be nearly as good as that of undecomposed SEMG.
A d3 wavelet sub-band can distinguish among the hand
movements with high precision (87%). The maximum ac-
curacy for movement can reach up to 100% in Table 2.
Although the d3 wavelet sub-band exhibits good recognition
accuracy, the WWPE feature set achieves the higher rec-
ognition accuracy and can reach 100% in SVM and 98% in
BPNN. Most current practices based on hand motion rec-
ognition often adopt the idea of combining more time-
domain features to identify limb movements for improved
classification performance [16]. Five commonly used time-
domain features (RMS, MAV, WL, ZC, and SSC) extracted
and combined from sEMG were compared with our pro-
posed feature. The experiment results validate that the
proposed method based on WWPE can achieve high
identification accuracy than time-domain feature set. In
addition, the wavelet PE and the WWPE constructed by the
same idea have similar recognition results for the seven
movements. However, it is undeniable that this method can
achieve high recognition accuracy. They are more effective
than single wavelet sub-bands and traditional time-domain
feature set.

Most studies provide limited information on wavelet
processing and signal reconstruction but ignore wavelet sub-
band recognition. Wavelet transform brings macrostructure
information into the feature. The macro- and microstructure
information and amplitude information are all explored by
WWPE. Combined with macro- and microstructure in-
formation, WWPE can get better performance. Therefore,
the combination of wavelet sub-band analysis and WPE can
comprehensively describe the characteristics and can ef-
fectively describe the non-stationary and nonlinear char-
acteristics of sSEMG signals. It proves the rationality of
extracting features from wavelet sub-bands for recognition.
The combination of wavelet sub-band analysis and entropy
can be an effective method to identify sSEMG signals.

SVM and BPNN have good learning and generalization
abilities. Regardless of which features, SVM and BPNN
present varying recognition results. However, the difference
between them is minimal. Consequently, the method based
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TaBLE 3: Summary of average recognition accuracies (x100%).

Method Features SVM BPNN
. i 0.86 0.75
Without decomposition WPE 0.90 0.82
Wavelet PE feature set (all sub-bands) 1.00 0.97
With wavelet decomposition WWPE feature set (all sub-bands) 1.00 0.98
b Wavelet PE feature set (single d3 sub-band) 0.57 0.58
WWPE feature set (single d3 sub-band) 0.75 0.67

TABLE 4: Recognition accuracies of Wavelet PE feature set and
WWPE feature set (all sub-bands) for the seven hand movements
(x100%).

Wavelet PE WWPE feature

Hand movement feature set set
SVM BPNN SVM BPNN

Open 1.00 1.00 1.00 1.00
Close 1.00 1.00 1.00 1.00
Point 1.00 1.00 1.00 1.00
Ok 1.00 1.00 1.00 1.00
Yeah 1.00 1.00 1.00 1.00
Tripod 1.00 1.00 1.00 1.00
Grip 1.00 1.00 1.00 1.00

TaBLE 5: The commonly used time-domain feature set recognition
accuracies (x100%).

Hand Open Close Point Ok Yeah Tripod Grip
movement

BP 070 089 0.85 0.69 094 0.82 0.70
SVM 0.84 095 092 085 083 093 0.77

on WWPE for hand movements demonstrates high po-
tential in the future.

The limitations of this work cannot be denied, Similar to
most other methods, we do not have a database that is
applicable to all individuals. We limited our experimental
subjects to healthy people instead of amputees. Future work
can focus on creating a large database of hand movements
with multiple action categories and consider recruiting
amputees to further validate the performance of their
proposed method because amputees are the target users of
the prosthetic devices rather than considering only healthy
subjects. In addition, other methods are also likely to achieve
higher classification accuracy by using more computing
resources. This issue should be the focus of future research.

5. Conclusions

Feature extraction, which is related to the quality of pattern
recognition, is the key to analysis and processing of SEMG.
This study proposes the feature extraction of sSEMG signals
using WWPE for recognizing seven hand movements based
on four channels. We applied WT to preprocess and analyze
SEMG signals. Then, the WPEs of sSEMG and its wavelet sub-
bands were extracted to construct WWPE feature set. A
support vector machine (SVM) and a back-propagation neural
network (BPNN) were used to classify hand movements. The
validity of SEMG and its wavelet sub-bands in recognizing
daily hand movements was calculated. The experimental

results show that the WWPE feature set extracts more
comprehensive feature information and achieves the highest
identification accuracy. Furthermore, the WWPE feature set is
superior to the single sub-band feature and commonly used
time-domain feature set. It is proved that it is reasonable to
extract features from wavelet sub-band for recognition. A
combination of wavelet sub-band analysis and entropy can be
an effective method to identify SEMG signals and be effectively
applied to pattern recognition of hand movements.
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