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ABSTRACT

In this paper, we propose an algorithm that can recognize the pattern regardless of the sensor position when
performing EMG pattern recognition using circular EMG system equipment. Fourteen features were extracted by
using the data obtained by measuring the eight channel EMG signals of six motions for 1 second. In addition,
112 features extracted from 8 channels were analyzed to perform principal component analysis, and only the data
with high influence was cut out to 8 input signals. All experiments were performed using k-NN classifier and
data was verified using 5-fold cross validation. When learning data in machine learning, the results vary greatly
depending on what data is learned. EMG Accuracy of 99.3% was confirmed when using the learning data used in
the previous studies. However, even if the position of the sensor was changed by only 22.5 degrees, it was
clearly dropped to 67.28% accuracy. The accuracy of the proposed method is 98% and the accuracy of the
proposed method is about 98% even if the sensor position is changed. Using these results, it is expected that the

convenience of the users using the circular EMG system can be greatly increased.

Keyword : Bio-Signal Processing, EMG, Pattern Classification, Machine Learning, PCA

hoonkp@hanyang.ackr (&% #2})

A+ o 2017.11.20 Al : sokhstul o) Fdtuly g

AArgkz A 1 2017.11.28 iykim@hanyang.ackr (&% *#})

AAQFAL 0 2017.11.29 o)A : ok dtu o FeATA AFWS

x FA4 1 gokulela A Ao wely AALA netlee@hanyang.ackr (2414 2})
seongsoo@bme.hanyang.ac.kr (4 #}) ¥ o] ?"iﬁl? j?“‘i’]rﬂoi—?* AER 7% S3datAE g A

HE7) gty shg o ket we oz Adg ol 7333l (No. UD150013ID)



372 M&E5X|3ZEE =X M113 M4E (2017.11)

1.A$E

T

m

Ao IoT 7]&o] westdA, Axx oz Fu
Abgsko] AFE-ALe] %—Z}% %

F3uk= o] Wolxz 3 gt} o] F

717

HCI(Human Computer Interaction)@}il
2 gkt AbgAe (S VAR
deto1]. AFEAbe] o= 3\

R

NR
y 2
to >,
er{I
m’m

il
=

fol oy N
tio

ol
2
o

N
i

I rr
b

)

__>(‘_',I
> S
o
E_Pi

o

L

>
2o e

-
N
N
A

5 &
[
ro

o M oo o orlf o Hr ot T oo
(g

ki)

P

i<}
o9
>
lo m
»
w
S o
=
3,
g m
@) rp
FH
2
%
o
& 2
R
o 32
> B
~
e =
-
r
2
4

Lo

A=A} Aol wep B Ho]lE Hela Slth
% Multi-channel 2] 7 High-Density 2] 2
e A7t "aE s UvH3-4]. Multi-channel

Aol AFe Fol HdsteE <5

LI

L

o
.

fofr 1>
1

i

41 o g 2 do o o Jm
>,
folr ok

fu

o B x fo
o lo

o3
et
o
32
=
=
™
i
)
a
=
wn
=
<

Aot fo rlr X
o N [l

30

=

oY

ng (‘]o
)
)
o
fft

o, 1> ol

>l o

o

2 oE ¢ X o oZ R
0%
=

o%
1>
o
e
3

2
Ho
2
o
=
)
&
o)
e
3
()
e
12}
&
=
e
2

ol

< o

) HU

(=T
o

o

b

‘?L

[l

|

g2 o
s
>
o
K3

. i
Lo

fr o
)
o,

N i

ol
ol
a2
N

)
o
-9,
i)
rr
o
-
2
ol
ol
9
i
(ZO
o)
il
k=)
)

Mz
B}
e
kI
Ak
ol
o
)
H
ol
m
oX
o
4o
i
e
-
2,
N
rlr

vl % 7kgd MAV(Mean Absolute  Value)itt
RMS(Root Mean Square) ol A 5 € Hjorth
parameter 574374 1kt SAF G0l A5

9a TAE AY ANAA Be FHE P4

T

AAGHT-L A shtel BE dndEe
LDA(Linear Discriminant Analysis),
k-NN(k-Nearest Neighborhood), SVM(Support

Vector Machine), ANN(Artificial Neural Network),
GMM (Gaussian Mixture Model) o] 2kolH EFHF
daE]Fe] dwrsirl wol 8 EArHI-12].
Jely 71ES AFEdA AT AT 2w
EolAAY A5 9A7F hds wiE A B

=7 AASA "otk AAR #H FuE ALE
g ow HEk 259 A Fa Abgsio s
AA7F v A9 2 =g BAsH X 1
Hug AR A AFS ] T Ade d59
A E GEsA dAstL AbREfoF drkE U
o] =A%tk

mepA 2 mRdME od ATt Ade A
g Yolof ke A& Nty flske] du] #HE
Aol Aol e1x ek #Agle] SHE HE A4S
BHote ¢ugESs Adsch 98 24E AaE
| = o I | = A < e e el
gulel #E ZAre g delHE AT =
¥ deolHE ARgstel 14749 543 S A8t
7t AdeAe] EAHE FEAAT B3 FAEE
BAE S8kl AA dolEelA o]z TR
BH0d 5AHES AAsY HA Hde APst
Aok malelde k-NN& ARg-38le] 8k oo e ¢}
HAE delHE vy 7h 43 A3E dehda

7} d)o]E]+= bSfold-cross validation &83lo] d]
olE & T3t

2. 98 A s

AzA QX FnEF

2.1 AtatE A=A Q12 duF

HlolEf &% =33 FEa%

8ch*200hz

« 8 Channel =1600samples

147 SR A8
* Relief-F 2 n2|S =

= ~ =
E3E M+ 52

= 200 Sampling Rate
« Circular Armband

8ch*14features
=112features

oyl 2d 257 FHEEN
PCA 99%
=8features kel =a
+ Hiolg] 8 7ls
+ &% 99%0|0|E AFS

+ k-Nearest Neighbor
*71E gEI Hn

'131 1. ,q]}\;q /k] ol a%\_ 7H_9_L:_
Fig. 1. Outline of Gesture Recognition Algorithm
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Table 1. Accuracy of Pattern Recognition according to the degree of difference using existing methods

BRI 0 4225 +45.0° +67.5°

2

+90.0° +112.5° +135.0° +157.5° +180.0°

Age 99.3% 67.28% 27.28% 20.17%

21.00% 21.17% 21.33% 19.33% 19.44%
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Table 2. Accuracy

of Pattern Recognition according to the degree of difference using proposed methods

A Zt= 0’ +22.5° +45.0° +67.5°

+90.0° +112.5° +135.0° +157.5° +180.0°

AEE 98.22% 98.78% 98.89% 98.67%

98.33% 97.44% 98.89% 98.89% 97.11%




(%]

Output Class
=S

(1]

1 2 3 4 5 ]
Target Class

a9 5. Anle] o]y Zhdl A9
Ae 214 At

Pattern classification results using data from
various angles of equipment

dolHE A8

psd

Fig. 5.

)
=

1o td
N fol o
O.‘_4r_>i°-|-4
lo &

oL
ol
9 )
2
IUIO A, | o -
2
NG Ee
o
o & kI ﬁ -
_?L ol
o to Jn
_IN o &
I~ ‘j)J -
H-‘ Ob i~
o >
>

2
o,
)
5
K
O
o
$
1o

A&
HolE o] Alze] 27
& a5 dolHst T
974 F5E @ o] Adz s 99
AHE A8 @ W AEAE gvle UdE 3
agfste] Apgstefol e EUTE Koz A
AL & e AR HelTh

Ay A el AR Rl VEd <
THE el Al 993%2 U e Mo}
AlHer BF7F AL g5l & F Ak o
4% 4L AHHJAVELR AHE-87o
sht b <lE #Ad o we dHEe] B

Me
o
i
il
ls
pous
tio
Lot
&
0
3

)

N
N
oty
e
o
>
=
fin)
B
H
N

0;

_|>~l
o o

4

F8sAY &7 BRAE o g2 258 AR
st BAE oM E Fug B4 2o g2
Ao Aol EAHE AMEslojof & Aoz wlt

AR AeE g 500Hz o] o] Fag A4S
A AL S E‘r AWA Q) ZHE Y Biol #3k A
T 7 A5 9 1ko]4e) Sampling Rateo & ©]o]

[5] Khushaba, Rami N. et al.,

ENS BA & 4 glor}
}H]+= 200Hz Sampling rateZ
A

o3 Fa3 EHHES

ool BojR3 U o
e, A7 FHoAe &
Sampling rateZE 7}A =
i “%011"14 7HA]
I el olth,

o
o o2

=R E

REFERENCES

Ahsan, Md Rezwanul, Muhammad I Ibrahimy, and
Othman O. Khalifa. "EMG signal classification for human
computer interaction: a review.", European Journal of
Scientific Research, vol 33, no. 3, pp. 480-501, 2009.
Abreu, Teixeira and Figueiredo, "Evaluating Sign
Language Recognition Using the Myo Armband."
XVII Symposium on Virtual
Reality(SVR) on IEEE, 2016.
W Geng, Y Du and W Jin,
by instantaneous surface EMG images.”
reports, 6, 36571, 2016.

E. C. Jeong, S. J. Kim, Y. R. Song, S, M, Lee.
“Artificial based

Classification Algorithm using Surface Electro-

and Augmented

“Gesture recognition

Scientific

Neural  Network Motion
myogram”, Rehabilitation Engineering & Assistive
Technology Society of Korea, vol. 6, no. 1, pp.
67-74, 2012.

"Combined influence of
forearm orientation and muscular contraction on
EMG pattern recognition.",
Applications, vol. 61, pp. 154-161, 2016.
Sathiyanarayanan, Mithileysh, and Sharanya Rajan.,
"MYO Armband for physiotherapy healthcare: A

Expert Systems with

case study using gesture recognition application.",
Communication and Networks, 8th
International Conference on. IEEE, 2016.

Systems

[7] Phinyomark, Angkoon and Pornchai Phukpattaranont,

and Chusak Limsakul, "Feature reduction and
selection for EMG signal classification." Expert
Systems with Applications, vol. 39, no. 8, pp.

7420-7431, 2012.
Caesarendra and Wahyu, "A classification method of
hand EMG signals based on principal component

n

analysis and artificial neural network." International



376 MS5X|ZEE ==X M113 M4E (2017.11)

Conference on  Instrumentation,  Control  and
Automation (ICA), Bandung, Indonesia, August, 2016.

[9] Purushothaman, Geethanjali, and K. K. Ray. "EMG
based man-machine interaction-A pattern recognition
research  platform." Robotics and Autonomous
Systems, vol. 62, no. 6, pp. 864-870, 2014.

[10] Ahsan, Md Rezwanul and Muhammad 1. Ibrahimy,
"EMG signal classification for human computer
interaction: a review." European Journal of Scientific
Research, vol. 33, no. 3, pp. 480-501, 20009.

[11] Ariyanto and Mochammad, "Finger movement pattern
recognition method using artificial neural network based
on electromyography (EMG) sensor." Automation,
Cognitive Science, Optics, Micro Electro-Mechanical
System, and Information Technology (ICACOMIT),
Bandung, Indonesia, pp. 29-30, 2015.

[12] Y. R. Song, S. J. Kim, E. C. Jeong, S. M. Lee.,
“A Gaussian Mixture Model Based

Classification Glgorithm of Rorearm Electromyogram

Pattern

Rehabilitation Engineering & Assistive Technology
Society of Korea, vol. 5, no. 1, pp. 95-101, 2011.

[13] Sapsanis, Christos, George
Anthony Tzes., "EMG based classification of
basic hand movements based on time-frequency

Control & Automation (MED), 2Ist
Mediterranean Conference on. IEEE, 2013.

[14] Federolf, P. A, K. A. Boyer and T. P.
Andriacchi.

analysis in clinical gait research: identification of

Georgoulas, and

features."

"Application of principal component

systematic differences between healthy and medial
knee-osteoarthritic gait." Journal of biomechanics,
vol. 46, no. 13, pp. 2173-2178, 2013.

[15] Bosco and Gianfranco. "Principal component

analysis of  electromyographic  signals: an
overview." The Open Rehabilitation Journal, vol.
3, no. 1, pp. 127-131, 2010.

[16] Al-Faiz, Mohammed Z, A. Ali and Abbas H.
Miry, ""A k-nearest neighbor based algorithm for
human arm movements recognition using EMG

Energy, Power and Control (EPC-1Q),

Basrah, Iraq, November, 2010.

signals."

ﬂ F A 4(SeongSoo Joo)

20161 29 QAT o &F

N 2016\ - @A sefyisim o
gy Estarst A
o) gatsh MAbatA

Interest:

Bio-signal processing, Rehabilitation
engineering

ul & 7] (HoonKi Park)

1987 A eTjsti o) 7o) st
o) sta} £ (5}
) 19939 A gujsta wad et

9 o stah(A A}
19999 Medistn gt 7t
el st (3

19934 - 1994 ALTshrg e Fhgelst AL
19049 - 1995 wtehean olshufst shdel st
1954 - A geheha ojhust sbgelstud e

Interest: Bio-signal Monitoring, Sports Medicine

7 <91 % (InYoung Kim)

19899 29 Aevsta ol

s} o)stal £ (844}

1991 29 A-Lostw sk
o5t ogIAET E

A(AAh

1994

29 Heujst
B ESID
19943 59 -

20004 39 - @A sronﬁé ﬂﬂ?ﬂlf—’? o) g5t

wal mg

Interest:

Biosignal Monitoring, Rehabilitation
engineering, Neural engineering
. o] % 4 (JongShill Lee)
1995 29 ¢l&tyelal HApEs)
3} 2)(FHD
19973 29 Qlajestr vjetel
AR} BT
B
A A
20061 29 lstujsta vl AAEet E9(F e
upa
200511 39 - A4 FHprhsta o Bkl A AT

Interest: Biosignal processing, Rehabilitation

engineering, Biometrics



