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Abstract

This paper proposes a new Electromyograms
(EMG) pattern classification method using prior
probability of EMG signals. In this method, es-
timated prior probability based on Gaussian mix-
ture model (GMM) is utilized for elimination of
unexpected EMG signals. The method proposed
automatically constructs GMM corresponding to
complexity of EMG signals for training. Validity
of the proposed method is shown by classification
results of artificial data and EMG signals.
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1 Introduction

EMG pattern classification has been use to de-
vise elaborate human-machine interfaces for peo-
ple with physical disabilities [FTKOO03]. In the
recent years, various EMG pattern classification
methods have been proposed [KYTO06]. In particu-
lar, neural networks (NN) have been demonstrated
as a promising classification tool, since their learn-
ing ability allows them to find optimum non-linear
relationships between classes and feature patterns
from data sets [KYT06], [HST89]. However, to ef-
fectively use NNs as the classifiers for applications,
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several problems, such as the choice of network
structure, learning convergence and local minima,
must be solved.

A probabilistic neural network (PNN), which
estimates the probability density function of pat-
terns, has been proven to be an efficient and im-
portant method for pattern classification. In par-
ticular, Tsuji et al. proposed a feed-forward PNN,
a log-linearized Gaussian mixture network (LL-
GMN) based on the GMM and a log-linear model
[TFIK99]. The LLGMN has been successfully ap-
plied to pattern classification of bioelectric sig-
nals [TSF100], and has been used to develop hu-
man interface applications, such as prosthetic de-
vices and EMG-based pointing devices [FTKOO03],
[TSFT00]. Moreover various pattern classification
method based on LLGMN have been proposed.
Bu and Tsuji have proposed a probabilistic neu-
ral network, a reduced-dimensional log-linearized
Gaussian mixture network, for high-dimensional
pattern classification [BT04]. Okamoto et al. have
proposed several hierarchical pattern classification
methods using LLGMN as classifier [OSMTO08]. It
is reported that these method have high classifica-
tion performance for biological data such as EMG
[BAT05] and hand shape signals [OSMT08].

However, LLGMN and the LLGMN-based clas-
sification methods suffer from inherent limitation
of PNN, when dealing with EMG signals. In train-
ing procedure, it is assumed that all EMG signals
belong to one of classes corresponding to outputs
of PNN. For example, consider the case of three
classes (grasping, wrist flexion and wrist exten-
sion) classification using EMG signals measured
from forearm muscles. Although there are some
EMG signals corresponding to other motion, such
as hand opening, it is impossible for PNN to clas-
sify such signals into any class except three classes.
To deal with this problem, one class classification
method using Support Vector Machine (SVM) for
elimination of outlier data have been proposed. In
this method, Radial Basis Function is utilized as
kernel of SVM [TD99]. Although this method re-
moves outlier data different from given training
data, there is no research report which has pro-
posed multi-class classification using this approach
and it takes a long time to decide fixed parameters
of model through a trial and error process.

In this paper to deal with this problem, a novel
EMG pattern classification method using prior

distribution of EMG signals and probabilistic neu-
ral network (LLGMN) is proposed. By using the
prior distribution based on GMM, the proposed
method can remove unnecessary EMG signals (ex.
other motions, outlier data). Moreover, the struc-
ture of prior distribution for EMG signals can be
automatically estimated through a training pro-
cedure. After elimination, LLGMN can classify
EMG signals into predefined classes. This proce-
dure enables the proposed method to avoid the
classification of unexpected EMG signals.

The rest of this paper is organized as follows.
Section 2 proposed the details of the method of
elimination of unexpected data and learning algo-
rithm of the proposed structure. In Section 3, the
EMG pattern classification method using LLGMN
is provided. The results of computer simulation
and phoneme pattern classification experiments of
EMG signals are presented in Section 4. Finally,
the last section concludes this paper.

2 Elimination of Unexpected

Data

In the proposed method, the GMM are used in or-
der to remove unnecessary data not belonging to
predefined classes. The structure of GMM con-
sists of some Gaussian distribution component.
By estimating the number of components auto-
matically, suitable structure for elimination can
be constructed. The structure of the network and
the constructing algorithm are explained below.

2.1 Structure

The prior probability F'(x) is given as

M
F(:B) o 2 amg(wall'maéan)» (1)

m=1

where z is inputted data and M denotes the num-
ber of components, a;, is the mixture coefficient
for component m, and g(x, pm, 02, E) is a Gaus-
sian distribution with mean vector p,,and covari-
ance matrix 62, E. E is the identity matrix. If
F(x) is greater than the threshold T'p, the data is
classified into predefined classes by LLGMN. Oth-
erwise, the classification is suspended.
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2.2 Learning Algorithm

The proposed method can automatically estimate
the suitable number of components corresponding
to the complexity of training data. In the training
procedure, a set of vectors (x1,---,xy) are uti-
lized. The details of the proposed training scheme
is as follows:

Step 1 Initialization:

1. Set the number of components M as 1 and
the termination threshold () as any given
real number.

2. Initialize the mean vector p; with random-
ized values, and then set 62 as the maximum
value of the ii element of ¥ calculated from
the following equation and «; as 1.

1 N

D=2 @ p)@n— ) ()

n=1
Step 2 Update the mean vector:

1. Set the training iteration ¢ as 1.

2. Update the mean vectors according to the fol-
lowing equations for all training data [Koh95].

t

Ay (wn) = (1 - f)(mn = Nm’)

m' = arg max g(n, tim, o, F)

3)
(4)

where T is the predefined maximum iteration
number and m =1,---, M.

3. Classify training data into M groups decided
from Equation (4).

4. Compute 62, and the mixture coefficient oy,
according to Equations (5) and (6) [MN99].

62, = maxds™ (5)
1G]

where égm) is the 75 element of ¥, (see Equa-

tion (7)), Gy, is the set of data clasified into
group m and ||Gy,|| is the number of data
belonging to group Gp,.

ZmneGm (X — pm) (Tn — Nm)T
IGmll

S = (7)

5. This step of training repeats, until ¢ reaches
a predefined number 7.

Step 3 Addition of component:

1. Stop the training procedure, if 62, > 6@ — ¢
and M > 1, where € is a small positive num-
ber.

2. Otherwise, a component is added. §(®) is set
as the maxmum variance 62, for next valida-
tion. Then, the mean vectors of the added
component is initialized randomly and 62, and
o, of all components are calculated accord-
ing to Equations (5) and (6). Then, go to
Step 2.

3 EMG Pattern Classification

Method

The proposed EMG pattern classification consists
of three parts: (1) EMG feature extraction, (2)
elimination of unexpected EMG signals and (3)
classification network (LLGMN).

L channels of EMG signals are recorded using
surface electrodes attached to muscles. The EMG
signals are measured with a sampling frequency
f = 1000Hz, then rectified and filtered by a But-
terworth filter (cutoff frequency: 1Hz). Each sam-
pled EMG pattern, defined as EM G(t) was nor-
malized to make the sum of L channels equal to 1
using the following equation,

W _ EMG(t) - EMG}

_ . (8
S SE(EMG() - BMGE )

where EM G is the mean value of EM G (t) mea-
sured while relaxing the muscles. The feature vec-
tors x(t) = [z1(t),z2(t), -, zL(t)] are inputted
into classification network. A power level is esti-
mated from the EMG signals as

1 & EMGy(t) - EMGSt

power(t) = 7> EMGa® — EMGS’
=1

(9)

where EMGJ"* is the mean value of EMG(t)
measured under the maximum voluntary contrac-
tion. The power level is compared with a prefixed
threshold M, to determine whether the motion
actually happened.

For elimination of unexpected EMG signals, a
prior probability calculated from GMM described
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\ Non-linear transformation J

Figure 1: Structure of LLGMN

in Section 2 is employed. EMG signals corre-
sponding to predefined classes are classified by LL-
GMN. The structure of LLGMN is shown in Fig.
1. In order to represent a normalized distribution
corresponding to component of GMM as weight
coefficient, the input EMG signal (t) is converted
into the modified input vector X as follows:

,1’%,"',1'21'L,"',x%}T

(10)
The first layer of LLGMN consists H = 1+ L(L +
3)/2 units, which correspond to the dimension
of the input vector X, and the identity function
is used for the activation function of each unit.
The outputs of the first layer multiplied by weight

w*™ are transmitted to the second layer. Where

w,(lK’MK) = 0, K and Mg denote the number of
classes and components belonging to class M, re-
spectively. In this layer, LLGMN calculates the
posteriori probability of each Gaussian component
{k,m}. The unit k in the third layer integrates the
outputs of M}, units in the second layer.

T 2
X:{l,m 7x1’x1m2,...

H
D Lem(®) = S VOpB)wi™  (12)
k=il
(2)
0 (1) = ——l e g

My
Yt—1 Contly exp(D L (1))
The relationship between the input ®)I;(t) and

the output O (t) in the third layer is
M,

©0k(t) = OL(t) = Y POpm(®

m=1

(13)

The output of the third layer corresponds to the
posterior probability P(k|x(t)) of class k given the
input vector x(t). The entropy of outputs is also
calculated to prevent risk of misclassification. The
entropy is defined as Equation 14.

H(z(t)) = - i @0y () 1og™® Ok (t)
k=1

(14)
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Figure 2: Artificial data used for classification ex-
periments

If the entropy H(x(t)) is less than the classification
threshold Te, the specific motion with the largest
probability is determined according to the Bayes’
decision rule (shown in Equation 15). Otherwise,
the determination is suspended.

Y(x(t)) = arg max @0k (¢) (15)

4 Experiments

4.1 Numerical Experiments

First, pattern classification experiments on ar-
tificial data were conducted for evaluating the
performance of the proposed method. A two-
dimensional input space consisted of three classes
(K = 3) and predefined class, each class and pre-
defined class consisting of three components. Ex-
amples of the data are shown in Fig. 2. For each
class, 200 samples were generated to train, and
then the trained network was validated using test
data (500 samples/class). The values of the pa-
rameters were Tp = 0.01,¢ = 0.01 and te = 0.8.
Fig. 3 shows the classification results by the
proposed method for 10 independent trials (the
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Figure 3: Classification results
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Figure 4: Comparison of elimination results

initial mean vectors and weights of LLGMN were
chosen at random). The results indicate that the
proposed method achieved the elimination of un-
expected data and high classification performance.

In order to confirm the effectiveness of auto-
matic addition of components, GMMs that fixed
the number of components were used for compar-
ison. In this experiments, test data for validation
were divided into the data belonging to predefined
classes and the unexpected data by the proposed
method and the traditional GMMs (the number
of components are 5, 10, 15). Fig. 4 shows the
elimination results by the proposed method and
the other methods using fixed GMMs. The mean
value of the number of components for GMM was
17.6 £ 3.0. These results indicate that the pro-
posed method can estimate successfully the num-
ber of components even for unexpected data not
belonging to the predefined classes.

4.2 EMG pattern classifications

Phoneme classification based on EMG signals was
conducted to examine performance of the pro-
posed method. In the experiments, EMG sig-
nals measured from mimetic and cervical mus-
‘cle were used to classify six Japanese phonemes
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Figure 5: EMG classification results for five sub-
jects

(/a/, /i/, Ju/, Je/, /o/, /n/). In this experiment,

classes corresponding to five phonemes (/a/, /i/,
/u/, /o/, /n/) were used as predefined classes and
EMG signals belonging to utterance /e/ were set
as unexpected EMG signals. Five subjects (A, B,
C, D and E) participated in the experiments.

Five pairs of Ag/AgCl electrodes (NT-511G:
NIHON KOHDEN Corp.) were attached to the
subject’ s face (Depressor Anguli Oris, Zygomati-
cus Major, Masseter, Digastric, Depressor Labii
Inferioris; a pair of electrodes on each muscle)
with conductive paste. The EMG signals from
five muscles were recorded (sampling frequency:
1kHz). The values of the parameters were Tp =
0.01,e = 0.01,te = 0.8 and My = 0.25.

Five sets of randomly chosen initial mean vec-
tors and weights were used to train each sample
data. The mean values and standard deviations of
the classification rates are shown in Fig. 5. From
this figure, it can be seen that the elimination
of unexpected EMG signals and the classification
accuracy of EMG signals belonging to predefined
classes are achieved by using the prior probability
of EMG signals and LLGMN for classification.

5 Conclusions

This paper proposes a new classification method
for EMG signals using a prior probability of EMG
signals estimated from GMM for the elimination
of the EMG signals not belonging to predefined
classes. In this method, the structure of GMM
is automatically constructed by adding compo-
nents to estimate the distribution of EMG sig-
nals for training. Moreover, by using LLGMN
as classifier, classification part has high perfor-
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mance for adaptive learning based on statistical
properties of EMG signals. To examine the clas-
sification capability and the accuracy of the pro-
posed method, classification experiments of arti-
ficial data and phoneme pattern classification ex-
periments of EMG signals were carried out. In
these experiments, the proposed method achieved
successful elimination of unexpected data and
higher classification performance than other meth-
ods using a fixed GMM.

Our research group previously proposed the
EMG-based Japanese speech synthesizer system
[FFT05] based on LLGMN and a hidden Markov
model. In this system, six Japanese phonemes are
classified from EMG signals using a LLGMN. By
using the method proposed in this paper as a clas-
sifier, it is expected that the speech synthesizer
system can avoid some problems due to misclassi-
fication of unexpected EMG signals.

In future, we would like to improve the learning
algorithm of GMM for elimination theoretically.
It is also interesting to study the integration of
elimination and classification.
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