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Abstract— The classification accur acy of pattern recognition is determined by the extracted featur es and the utilized classifiers. Many
efforts have been conducted to obtain the best features either by introducing a new feature or proposing a new projection method to
increase class separability. Recently, spectral regression extreme learning machine (SRELM) has been introduced to improve the
class separability of the features. However, the evaluation of SRELM was only focused on the myoelectric or electromyography
pattern recognition from many EMG channels. In practical application, the user is more convenient with less number of channels.
Then, the problem is whether the SRELM would be able to work efficiently for less EM G channels. The objective of this paper isto
examine the performance of SRELM for bio-signal pattern recognition using two EM G channels. The EM G electrodes were located
on flexor policies lounges and flexor digitorium superficial muscles of ten healthy subjects. Various time domain features were
involved with various sizes. SRELM will project these features to more recognize features before being feed to multiple classifiers.
Those classifiers are randomized Variable Trandation Wavelet Neural Networks (RVT-WNN), extreme learning maching(ELM),
support vector machine (SVM), and linear discriminant analysis (LDA). The performance of SREM was compared to other feature
methods, such as LDA, uncorrelated LDA (ULDA), orthogonal fuzzy neighborhood dimensionality reduction (OFNDA), and spectral
regression discriminant analysis (SRDA). The experimental results show that SRELM performed well when dealing with different
class number s by classification accuracy of around 95.67% for ten class movements and performed better than SRDA.

Keywords— myoelectric; pattern recognition; dimensionality reduction.

signal pattern recognition [4], [5], character recognition [6],
I. INTRODUCTION [7], face recognition [8], protein structure detection, and
cancer detection [9]. As for regression, ELM has shown its

The artificial neural network using backpropagation has ~<. 2 .
been used widely for decades in many applications. Theefﬁcacy for the estimation of the physical parameters [10]
and the electrical power system [11].

weights on the hidden layers, as well as on the output layers; Besid lassificati q : ELM b
are trained using a famous backpropagation algorithm. For esides classification and - regression, can be
mployed to overcome a curse dimensionality of the features.

speeding up the learning time, a new idea was emerged by "M :
s ; ; ) his idea was proposed by Huang et all. [12] who introduced
d th ht the hidden | . For the first
randormizing e Weignis on He aiccen layer. or e firs an unsupervised ELM. This ELM reduces the feature’'s

time, this idea was introduced by Schmidt et al. [1]. The idead_ _ thout label | orincipal Vi
was proved experimentally. A couple of years later, Huang Ilangi\nsuon \a"t out la fesh asin pr|n0|paf cr?m{a%nelnthan? ysIS
et al. [2] demonstrated the efficacy of the random WEightS((jiscrizﬁinr;;teaﬁgus;si(s) its epreé'g:zgfee (I)\/Ia:rtienei ee'E taIT\ '['Ig?r
theoretically and experimentally by introducing an extreme . " X

y b y by g showed that, in many cases, LDA is better than PCA. To

learning machine (ELM) [3]. . . .
ELM is a single hidden layer feed-forward neural network. accommodate the known labels In this un_superwsed ELM,
The randomization is applied to the weights of the hidden spectral dre[gr(?ssmn extreme learning machine (SRELM) was
proposed [14].

layer only. Meanwhile, the weights of the output layer are : N :
determined analytically using least square methods. SRELM is a combination of spectral regression (SR) and

Therefore, the training process runs very fast compared tg-LM. As in a normal ELM, the hidden weights of SRELM

the gradient descent method. ELM has entered various areaé‘hre set randor_nlr)]/. Mez_;mwhne, thel rolelof_SRP|hs tko calculate
including classification, regression, and dimensionality 1€ OUtPut weights using spectral analysis. Phukpattaranont

reduction. For classification, ELM has been applied for bio- et all. _[_15] h"?‘s evaluated SRELM for finger movement
recognition using 6 electromyography (EMG) channels. The
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experimental results indicated that SRELM outperformed , N ,

over other tested methods. Minimize :L_ =E”'B" +C§Z||T—Hﬁ|| (3)
The good performance of SRELM [15] was achieved i

when using 6 EMG channels. Sometimes, using manyi, which H = h(x0),..., h(xy)']" O R™ and TO R¥™™. From

channels is not convenient for amputees. Therefore, theEq' (3), we can obtain the gradient system with respegt to

myoelectric pattern recognition employing fewer channels is

preferable. Few publications considering less EMG channels O, =B+CH" (T - H,B) =0 (4)

have been reported [16, 17]. Therefore, it is interesting and ELM

challenging to examine the performance of SRELM  From Eq. (4), two solutions op can be obtained, subject

myoelectric pattern recognition using fewer channels. In thistg the H. The first solution is wheld has fewer columns
paper, two EMG channels were selected. The mainthan rows:

contribution of this paper is the evaluation of SRELM for a
myoelectric pattern recognition using two-channel. It is ﬂ=(HTH+I—Lj H'T
interesting to examine its performance when the availability C

of the bio-signal is not adequate. The organization of this
paper is as follows. The first section presents the
introduction. The coming section provides the basic theory .
of SRELM and the experimental methodology. Section Il g = T (HHT N INj T

(5)

where | is an identity matrix. The second solutions is when
H has fewer rows than columns, i.e.:

(6)

presents the experimental results and discussions. Finally,

Section IV is the conclusion.
ELM can be extended for a dimensionality reduction by

Il. MATERIALS AND METHOD consi_der?ng unknown labels [1_2_]. For that aim, the objective
function in Eq. (2) can be modified as:

A. Theory of SRELM Minimize :L_, =2|B| +A2Tr(F'LF)

Spectral Regression Extreme learning machine or SRELM ) ’ ) ’ (7)
is a combination of spectral regression and extreme learning Subjectto f =h(x )8 i= 1.N
machine for feature projection or also known by where L is a graph laplacian and N is the number of samples..
dimensionality reduction. SRELM is constructed from Substitution of the constraint to the objective function gives:
unsupervised extreme learning developed by Huang et all. L Al . L
[12] for unsupervised dimensionality reduction. Basically, Minimize L, =3 Al +ASTr(B HLAH)
this unsupervised ELM is similar to a famous unsupervised . Tt (8)
dimensionality projection, i.e. principal component analysis Subjectto SHLAH =1
(PCA). PCA reduces the dimension of the features without a Huang et all. [12] has proved that the optimal solution of
label. Different from PCA, linear discriminant analysis Eq. (8) is eigenvalue of.:
(LDA) reduces the feature dimension with known labels.
Martinez et all. [13] show that, in many cases, LDA (| . +/1HT|-H)U = yH'LHu (9)
outperforms PCA. Starting from that point, spectral ) .
regression was introduced to the unsupervised ELM to In spectral regression [18, 19], a graph is mapped to real
incorporate the known labels to the unsupervised ELM. line y by a linear function:

As for ELM, it is single layer feed-forward neural _
networks (SLFNs) that the hidden weights are set randomly. y=Hu (10)
On the other hand, the output weights are calculated based
on the least square methods. Assume, there are N samples

data (x, t)} N, O R" x R", and L hidden nodes, the (| +/1HTLH)u = yH'Ly (11)
1 | 1= L
ELM output is

Thus, Eq. (9) becomes:

To find the optimal y, we have to minimize:

f(x)=>.8G(a.b,x)=hx)B=t, i=L.N (1) S(y-y)2w =3y'Ly w2

j=1 [

whereh(x;) 0 Ry, andp U Rixm. Here,h(x) is determined g ya1ye of L is obtained by subtracting W from D. D is a
randomly. Meanwhile, the output weights are calculated by diagonal matrix, while W is an N x N matrix. Finally, the

minimization of the sum of squared prediction error. It is g tion is by solving the maximum eigenvalue problem [18]:
described by:

% Wy=AD 13
winimize L., =3|4f +C2 3 Jef e o

i1 (2) To summarize, the solution to Eq. (13) is done in two steps.
Subject to h(xi)ﬂ=tiT _elT i=1..N The first one is solving the eigenvalue problem and then

T o o ~ finding u that satisfiesiu = y by employing:
The substitution of the constraint into the objective function

yields: u=arg min(ZN: (uTh x)-y )2 + ai ujj (14)

i=1
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Here, yis theu component and is a regression parameter. [ll. RESULTS ANDDISCUSSION

Therefore, the output weigh is given by:
erefore, the oulptt welgh 1s given by A. The optimization Parameters

,B=[ul,u2,...,uH] ORL (15) SRELM has two parameters that should be chosen

properly. These are the number of hidden nodes and alpha

B. Method They are optimized using a grid search method. The
- Met 0_ . . classification accuracy is employed to measure the
The primary goal of this research is to evaluate SRELM performance of the myoelectric pattern recognition using

for myoelectric pattern recognition. Myoelectric signal two EMG channels. Two classifiers were used, RVT-WNN

(MES) or electromyography (EMG) utilized in this paper and RBF-ELM. The number of hidden nodes of VRT-WNN,

were collected in [14]. The MES was acquired from two was 100. Meanwhile, the parameters of RBF-ELM wéte 2
channels from 10 subjects. In this research, one channel ignd 2° for C and gamma, respectively. The results are

added from the summation of these two original channels topresented in Fig. 1.

get a new MES. From these three channels, time-domain Fig. 1 shows that the big number of nodes produces better
features (TD) were extracted. It involved zero waveform accuracy than the small one. However, the accuracy does not
lengths (WL) (3 features), slope sign changes (SSC) (3increase significantly for the number node more than 500.
features), number of zero crossings (ZCC) (3 features),Controversy, the small number of alpha yields better
sample skewness (SS) (3 features), mean absolute valugccuracy than the big one. Considering these two trends,

(MAV) (3 features), Hjorth-time domain parameters (HTD) finally, the 1000 nodes and 0.05 of alpha were chosen for the
(9 features) and 6-order autoregressive parameters (AR) (1&ext experiment.

features).
The total number of features extracted was 42. However,
later, more features are added to observe the performance of

SRELM dealing with a wide range of features. For
segmentation, we apply disjoint windowing with a window o 88
length of 100 ms every 100 ms. In this test, we examined the g g6
performance of SRELM to reduce the features from MES 5
from various features. < 84
TABLE | describes the various features used in the -
experiment.
80
1500
TABLE | 1250
VARIOUS FEATURES USED IN THE EXPERIMENT
Na | #fea Features Group
me tures
F1 12 SSC,ZC, WL, MAV Small
dimen-
F2 15 SSC,ZC,WL,MAV, MAVS sion @)
F3 24 SSC,ZC,WL,MAV, SKW, HIORTH | Medi-
um
SSC,ZC,WL, MAV, MAVS, .
F4 36 RMS.6AR dginoenn-
£5 42 SSC,ZC,WL,
MAV,SKW,HJORTH,6AR 3
F6 48 SSC,ZC,WL,SKW,MAV,MAVS, =
HJORTH,RMS,6AR £
Large g
F7 195 Power autoregressive dimens
ion

8
Furthermore, several classifiers were employed, along 1500 > L
with the majority vote withn=4. They are RVT-WNN 1000 > + 10 P
(randomized Variable Translation Wavelet Neural , 00,5 o4 6

Networks)[5], RBF-ELM (radial basis extreme learning

machine), SVM (support vector machine), and LDA (linear

discriminant analysis). This experiment conducted 3-fold

cross-validation. ()
As for movements, there are ten fingers movements, i.e.,_. . . o

Thumb (T), Index finger (1), Middle finger (M), Ring finger EI\%leth\? éc;r;enlgtgg’gf&&h?b)gand the number of nodes using classifier

(R), Little finger (L), Thumb finger — Index finger (T-I),

Thumb finger — Middle finger (TM), Thumb finger — Ring B. Class separability

finger (T-R), Thumb finger - Little finger (T-L), and Hand- We compare the performance of the dimensionality

Closed (HC) reduction from a scatter plot of the data. The performance of
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SRELM is compared to linear discriminant analysis (LDA),

OFNDA
uncorrelated LDA (ULDA), orthogonal fuzzy neighborhood He
dimensionality reduction (OFNDA), and spectral regression
discriminant analysis (SRDA), andsig. 2 describes the e
scatter plot of the three first features of the original feature 04 TR
set before being projected. The picture indicates that the date 0.2 ™
are scattered completely. The projection methods could , .
improve the class separability of the data, as shown in Fig. 3 & ]
to Fig. 6. § 02 L
w
04 R
Original
riginal . ) M
HC 1
0.5 05 I
TL 0 ) T
1 TR Feature 1 05 05 Feature 2
05 ™ Fig. 4 Scatter plot of the projected features using OFNDA
e I SRDA
o
3 04 HC
9] L
ﬁ TL
-0.5 R
TR
M ™
-1 -
1 I @ Tl
0 T E L
0.5
Feature 1 41 Feature 2 R
M
I
Fig. 2 Scatter plot of the original features before projected T
Fig. 3 and Fig. 4 presents the scatter plot of ULDA and Feature 1 05 1 Feature 2
OFNDA, respe_Ct'VEIy' Both methOds, could enhance the Fig. 5 Scatter plot of the projected features using SRDA
class separability of features by grouping the data according
to the class. Similarly, Fig. 5 and Fig. 6 describing the SRELM
scatter plot of the features using SRDA and SRELM e
indicates that SRDA and SRELM could improve the class
separability of the features, compared with. 2. We can ™
compare the scatter plot of SRDA and SRELM in Fig. 6. o ™
The figure shows that features projected using S-ELM are 005 | ™
slightly better than SRDA. o . -
ULDA 008 "
HC M
04 ¥
L o1 005 1
0.05 0
0.05 TR 0 0.05 T
Feature 1 005 01 Feature 2
™
w 0 - Fig. 6 Scatter plot of the projected features using SRELM
4]
2 L C. Different feature
5]
il I R In this experiment, few methods were added, such as PCA
(principal component analysis), USELM (unsupervised
M extreme learning machine), and BASELINE (without
| dimensionality reduction method). TABLE Il provides the
experimental results when using RVT-WNN as a classifier
0.05 T

Feature 1 005 04 Feature 2

Fig. 3 Scatter plot of the projected features using ULDA
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TABLE Il conclude that SRELM is very good for reducing the feature
THE ACCURACY ACG'SELZDB?QA;LLE?;;“g;‘\ggg’g’:’oﬁN THE FEATURE TEST with low up to medium dimension. Compared to SRDA, the
performance of SRELM is lower than SRDA. However, its

# Accuracy (100% accuracy is still higher than the unsupervised dimensionality
Set|feature| UL- | SR- | SREL | OFN- | PC | US- | BASE- reduction (PCA and USELM) and the baseline.
s |[DA|DA| M | DA | A |ELM| LINE TABLE IV
Fi| 12 88.8| 88.4 905 86.2 | 87.6 80.5 895 THE ACCURACY ACHIEVED EMPLOYINGRBF-ELM ON THE FEATURE TEST
F2| 15 89.7| 88.8 914 | 90.8 |81.8 78.7 89.5 USING 3-FOLD CROSSVALIDATION
F3| 24 93.6| 93.3 94.0 | 935|904 87.9 93.0 o
F4| 36 | 93.8] 93.7 93.7 | 939 [85.4 795 915 . Accuracy (100%)
F5| 42 [943[94.2] 942 | 942| 885845 922 Set |t ires ULDA |SR-|SREL | OFN- |, | US- | BASE-
F6| 48 94.8| 94.8 94.7 | 949 |88.9 85.1 92.5 DA| M DA ELM| LINE
F7| 195 | 63.9| 94.0 92.5 | 949 (88.8 85.1 92.5 F1| 12 206 | 878 91.1 855 | 80.281.2 80.8

According to results in TABLE Il, SRELM achieved the | F2| 15 918 | 89.2922 | 89.1| 78.179.8| 80.2
highest accuracy for the feature set F1 up to F3. For thers | 24 | 944 | 931944 | 923 | 87.2885| 8738
feature set F4 - F6, the accuracy of the system is not t 1 36 927 |903B 043 | 934 786805 832
highest, but it is very close to the highest one. Anothef . . . : 7o :
interesting fact is revealed when we compare SRDA ang¢F5| 42 948 | 93.8945 | 933 | 824851 86.6
SRELM. In all features, SRELM attained better accuracy rg | 48 055 | 946948 | 944 | 835859| 873
than SRDA except on the feature set F6 and F7. Especial

on the feature set F7, whose dimension is very large, t éw 195] 92593930 176 87.687.3) 880
difference of SRDA and SRELM is noticeable. Moreover, TABLE V

SRELM is better than unsupervised dimensionality reduction, THE ACCURACY ACHIEVED EMPLOYINGSVM ON THE FEATURE TEST USING
PCA, and US-ELM. The comparison of SRELM and 3-FOLD CROSSVALIDATION

Baseline shows that the SRELM could reduce the dimensio

0,
of data and, at the same time, could increase the cIasget fea;t#ure Accuracy (100%)
separability of the features. The evidence is on the accuracy N %'X SDRX SRMEL O['):L\l' PCA Elf_slf/l BA,\?ELI

of the Baseline. Its accuracy is lower than SRELM except 0
the feature set F7. It seems that SRELM does not perforrm':1 12 | 893 87.3 896 | 89.2| 858 75.6 84.9
well on a large dimension of data. F2| 15 | 90.6| 88.1 90.4 | 90.5| 81.6 73.7 85.6
n addition to RVT-WNN, LDA alsq classif.ied thg ten- Ie3l 24 | 935 934 936 | 936 904 845 91.9
finger movements along with various dimensionality
reduction methods. TABLE IIl presents the experimental F4] 36 942 939 939 | 942 849 77.8 91.8
results. The table shows that SRELM is the most accurateF5| 42 | 94.3| 94.3 94.3 | 94.3| 88.7 82.4 92.9
method across six features setg: F_l to F6. However, SRELIVIF6 48 | 952| 9448 946 | 952| 894 831 933
is worse than SRDA when projecting the feature set F7, bu
it is still better than ULDA and OFNDA. This new fact |F7| 195 | 92.4| 93.4 92.7 | 92.4 914 87.7 | 924
confirms the previous assumption about SRELM that the .
accuracy is slightly low when it works on the large D- TheExperiment on the Class Number
dimension of features. In general, compared to PCA, US- The performance of SRELM was examined for different
ELM, and the Baseline, SRELM attained better accuracy.  class numbers. Five until ten classes were involved, as
TABLE I mentioned in II.B. The SRELM'’s performance is compared
THE ACCURACY ACHIEVED EMPLOYINGLDA ON THE FEATURE TEST USING to ULDA’ SRDA’ OFNDA' PCA’ USELM’ and BASELINE

3-FOLD CROSSVALIDATION (without dimensionality reduction method). Furthermore, all
experiments utilized RVT-WNN as a classifier. For post-
thea Accuracy (100%) processing, a majority vote method was utilized [20]. Fig. 7
Se | tires SRD| SR- |OFN- |PC| US | BASELI presents the experimental result.
ULDA
A |ELM | DA | A | ELM NE
F1| 12 | 85.7| 842 880 | 82.1 |82 731 | 85.7 e i L ; i
F2| 15 | 86.9 | 85.1 888 | 86.9 |78.2 70.5 | 86.9 9 ises
— 94
F3| 24 | 925| 92.3 933 | 925 |88.% 82.4 92.5 E s
> me6
F4| 36 93.0 | 92.71 93,6 | 93.0 |84.6 75.2 93.0 g 90 m7
o 88 =
F5| 42 | 93.3| 93.3 941 | 933 [87.7 80.9 | 933 < g -
F6| 48 | 94.2 | 93.9 946 | 94.2 |88.1 81.2 94.2 84 =10
82
F7| 195 | 921|934 928 | 92.1| 913 87.2 92.1 80
ULDA SRDA SRELM USELM Baseline
By looking at TABLE IV, TABLE V, and facts Dimensionality reduction method

mentioned in the previous discussion in this section, we canl'9: 7 The comparison of SRELM and other methods in bio-signal pattern
recognition using two EMG channels without a majority vote
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Fig. 7 shows that the system accuracy is decreasing as theote and without a majority vote. Fig. 10 showed the
number of classes is increasing because the patterns arngerformance of SRELM when the classifier dropped the
getting complex. Here, SRELM worked as well as other majority vote. The accuracy of the pattern recognition
linear discriminant analysis such as ULDA, SRDA, SRELM, system using SRELM is the highest when using classifier
and OFNDA. However, SRELM performed better than all kNN, RBF-ELM, and RVT-WNN. However, when the
methods when it was tested in the system that does not uselassifiers utilized the majority vote (see Fig. 11), the
the post-processing method (the majority vote). Its accuracyinfluence of SRELM is not noticeable. Involving the
ranges from 95.67 % to 86.73 % for 5 to 10 classes ofmajority vote could improve the performance, but it can
movement, as seen in Fig. 7. However, when the systemincrease the processing time [21].
utilized the majority vote, the performance of SRELM and
other methods is comparable (see Fig. 8) with accuracy 90
ranging from 98.64% to 94.16% for five to ten motion
classes.

SRELM and SRDA employ the same spectral regression.
They are different in treating spectral regression (SR).
SRDA uses SR to find the eigenvectors for the projection
while SR-LEM utilizes SR to obtain the weight output of the
extreme learning machine. Another difference is that 75
SRELM involves a random projection as additional to the
SR projection. Experimentally, the random projection could 70 -
improve the performance of the SRDA, as seen in Fig. 7 and LDA kNN SVM  RBF-ELM RVT-WNN
Fig. 8. These figures show that SRELM is more accurate -
than SRDA and even better than other methods across five., cla55|f!er - . -

. L ig. 10 SRELM performance on different classifiers without majority vote
different classes. It indicates that SRELM enhances theacross eight subjects
performance of SRDA. However, when the classifiers 96
employed the majority vote, the improvement of the SRELM
is not seen significantly. Despite having better performance, — 4, |

o]
(%)

ULDA

W SRDA

o]
o
!

M SRELM

H OFNDA

Accuracy (%)

W PCA
B USELM

Baseline

the processing time of SRELM is longer than SRDA, as & -:;:E:
described in Fig. 9. Fortunately, it is still worthy. Even, it is L:f mSRELM
less than the processing time of LDA. § 88 = OFNDA
2 mPCA
100 84 mUSELM
98 '—I I I T Baseline
96 80
— o fiClasses LDA kNN SVM  RBFELM RVT-WNN
'§ 92 _z Classifier
E 90 -7 Fig. 11 _SRELM_ performance on different classifiers plus majority vote
2 88 across eight subjects
é 26 m3
84 :jo Finally, an analysis of variance (ANOVA) test was
22 conducted. The confidence level was set at 0.05, to
20 understand the significance of SRELM. The results indicate
uLDA SRDA SRELM USELM  Baseline that the improvement of SRELM over SRDA is significant
Dimensionality reduction method (p = 0.043 < 0.05). However, the difference between
Fig. 8 The comparison of SRELM and other methods in bio-signal pattern SRELM and other LDA models like ULDA and OFNDA is
recognition using two EMG channels a with a majority vote not significant (p=0.142 > 0.05). This statistic analysis
1 highlights the advantage of SRELM over SRDA.
= g’i T I\V. CONCLUSION
g 0'4 This paper evaluates the performance of SRELM for bio-
= signal pattern recognition using two EMG channels.
0,2 ° Although using only two channels, the performance of
0 —* ‘ ‘ ' ' ' SRELM can still deal with it. Compared to other
Baseline PCA USELM OFNDA ULDA  SRDA  SRELM dimensionality reduction methods, the performance of
Dimensionality reduction method SRELM is better than SRDA, but it is not significantly
Fig. 9 The processing time different from ULDA and OFNDA. As for the processing
o ) time of, SRELM took more time than SRDA, but better than
E. Classifier experiments ULDA and OFNDA. Furthermore, SRELM was able to

Different classifiers were involved in examining the perform well when dealing with various class numbers. The
performance of SRELM. Fig. 10, and Fig. 11 displays the accuracy was around 95.67% for 10 class movements across
result. There are two main experiments: with the majority eight subjects, using only two EMG channels. This result is
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promising, especially for real-time myoelectric pattern [11]
recognition.
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