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Development of Multi—-DoFs Prosthetic Forearm based on
EMG Pattern Recognition and Classification

o) ol - F YA T FTPFHJAT
Seulah Lee!, Yuna Choi?, Sedong Yang?, Geun Young Hong?, Youngjin Choi

Abstract: This paper presents a multiple DoFs (degrees-of-freedom) prosthetic forearm and sEMG
(surface electromyogram) pattern recognition and motion intent classification of forearm amputee. The
developed prosthetic forearm has 9 DoFs hand and single-DoF wrist, and the socket is designed
considering wearability. In addition, the pattern recognition based on SEMG is proposed for prosthetic
control. Several experiments were conducted to substantiate the performance of the prosthetic forearm.
First, the developed prosthetic forearm could perform various motions required for activity of daily
living of forearm amputee. It was able to control according to shape and size of the object.
Additionally, the amputee was able to perform ‘tying up shoe’ using the prosthetic forearm. Secondly,
pattern recognition and classification experiments using the SEMG signals were performed to find out
whether it could classify the motions according to the user’s intents. For this purpose, SEMG signals
were applied to the multilayer perceptron (MLP) for training and testing. As a result, overall
classification accuracy arrived at 99.6% for all participants, and all the postures showed more than

97% accuracy.

Keywords: Prosthetic Forearm, Myoelectric Prosthesis, Multilayer Perceptron, Pattern Recognition

.M E

Al 28 ARSI A 7Y ol AJR-E= l'?_l‘i—olj_!’
al

BAS R o) Eaks S0 ket 548 7] 918 A
L8 A7) B9lo]u), o] &o] F ool sl Ab
2, 49 5 4902 Qe @%, %ﬂ, za A9 5o

] E}lLZ] o)« @

Received : Jul. 12. 2019; Revised : Jul. 22. 2019; Accepted : Jul. 29. 2019

3 This work was supported by the Convergence Technology Development
Program for Bionic Arm through the National Research Foundation of
Korea funded by the Ministry of Science, ICT and Future Planning, South
Korea, under NRF-2015M3C1B2052811.

1. Researcher, Department of Electrical and Electronic Engineering,
Hanyang University, Ansan 15588, Korea (seulah@hanyang.ac.kr)

2. MS student, Department of Electrical and Electronic Engineering,
Hanyang University, Ansan 15588, Korea (chldbsk2220, Tkysd
@naver.com, geunyoung123@hotmail.com)

t Professor, Corresponding author: Department of Electrical and
Electronic Engineering, Hanyang University, Ansan 15588, Korea
(cyj@hanyang.ac.kr)

Copyright©KROS

FEA717] S18) o)Ee] AEH o= JE| QAL 9lom,
34 © 2= Touch Bionic2] i-Limb, Otto Bock 2] Bebionic 2}
Michelangelo 5] 1T}

4RI 1 241 T s 2J4(myoelectric prosthesis)
T XH 2HEE o] 88t Aul F-9)of HololE 5] &
291& S48t sk ek o2 Hk F-9f oA
T PR A5 a0 EEe] A5 thaje] 9 74 1)
B10 & BF317LY, on-off =] MISH AT 50 7 ALRE| a1
Atk ole| g Mg og= Ak & F2S Kiste] 5-50]
¥s

shes P oL, o) FA| ofrel aLvke] Azt H]
AL Aek B3k o] g el
Z(socket)> AT F-915 Hom, oot Adsh= A 7
o} HE 270 Ui iof A1E 0] = 355 A= (metal electrodes)
—’F 9&5% l"i—%]’ k. :laiur ;%\"3
HAAZFAREAL A
Zhsfo sk, We /‘]7J ]% ] “39-5‘}5}
ol]gh 7|&e] LAIHES /s8] SAsl, of e wofell A

Q1% o4 W Al T3t 7| A HAUZ, AN EE o] &



TE W DALY Sl ATF0] WP 3 Y, 5
1=]

H X
3], W A% A E Al ol of)e Al 2 o5 3

ofol| A Xk Bl 1B 5o BA4E Qe Aotk 2%
A% o)<l T3l Ao M= A= SH(supervised learning)
E And

2
(machine learning)2] ¥118]&S o] &alo] £23} &7 &
Aol o= 2R A S E el st A7 52 Q12 EF
cheFet wel Ql4jo] Zhssitit 7)E Mg TEe] 4,

ofgrol] #3h 3} E5ol] i WlAYE, 27/ B TR,

i

2 AZsH AT e,

Wb B AT AR RS A 3} %, Aek 5]
A3 5 gl 470 9 A A5 2 AFEAle] 57 e
S8 sjotale] ke THS & 4 gl A28 A L A
2 B0 R S W =R 2ol A gk oI5 A L Al
3ol 4 g 8 Ak, 1) 149 ARow P B
oF FAROZE 29NN gk o150] 71 849 & £
%, 2710] A7) 8 AR S AN, olold 2= e
Q4 027 GuelFe) wajol sha, 39N T
A% )5 R 53 Q14 L AoIA 8L ol 88 A 914 4
3 3 A o5 AN FAE HRlgh v,
PPN B AT R 20 E ARG TPl FF AT
g thstel 7145t e

ARk & WAYFS EA 483 F(adaptive grasping)<
T8 970 2 A eE 71Tk [Fig. 11014 Hofx|5o]
7k A8 E7feto s S 74| 8 (Metacarpophalangeal
joint, MCP)Z} 1 $] #|7F ¥H4(Distal interphalangeal joint, DIP)
o oujt] & A H T AlbE E7ke] MCP+= 44 &= WA
HES o] g3l om A2 22 Zo| &2 A A|ste] 3 aei s

[Fig. 1] Finger mechanism using parallelogram

A SR Q14 % BE N R ek o) A 229

Gear holding torsion spring

U

Torsion spring and fixed part at finger

[Fig. 2] Adaptive grasping mechanism for MCP

=2l F. Spur gear

D. Spur gear «

- E. Spur gear
B. Bevel

C. Spur gear gear

(a) MCP driving mechanism (b) DIP driving mechanism

[Fig. 3] Driving mechanisms of MCP and DIP joint in the finger

(parallelogram) MAUF 2 F5H Uk B=3F [Fig. 21014 A
Al B0l 5= dd-g 918l WIS (torsional) =32 %S o]
g31o] et 2 EAE 28wl MCP7) FI 2 U=
AAIEI o1, DIPE o] 83t EAIE & T LS 48
A 52 s

MCP}DIP ¥4 €] 45 A= Thaat hom, A 8shk A
H& el bl oA} 32248 ARS-gHTL [Fig. 3(a)] MCP
T-& HAUFOE, 3-8 KH EA7FAHIE7] ), B(HI'E7]
o), C(£=97]0]), “LE] a1 D(2=¥]7]0]) A = o] A
¥51, Dol Q= WIS 29SSl 483 Hol Fadrh
o]oJA] [Fig. 3(b)]= DIP 75 4 2. 2 BE F3lo] B(&=97]
o), F(2=¥7]9), 18]31 G(FA4) A U= So] Mg
o] sk

Al E71e-e SA1E 34A|(grasping)sh| flste] =4l
(flexion-extension) =} - 2] A (adduction-abduction) 52 5=
=83k}, AlEke] MCPS} DIP 7HE ¥9)3= 1100} 9000] w12,
Ak E7FFE ol 7H]S 4] ek el A 22 o6°
o} 80° & A7 3tk Bogh, Apd e e 9pA] F2to] 7hEEke
= Wil 7] o] 9} 217 0) & Z§1819] 21, MCP 2} DIP m} <]
71oinl & th2 A Z24gto 2 &1t £ E(fingertip force)
S 248 qivk AA A AR-IE 7HE5H] = BLE] 256:1, W

1710] 7142 2:1, MCP 714 8:5, 18] 2L DIP 7} 6:70.2 A 7|

e o



230 =ysks) =24 4143 AZE (2019.9)

£ 3l gNojt}. gk

FAE T8 Hal AA, oA, AT IR &5
5 H| 53 2285 o] 835le] 2 EA7| &=<hol] B0k
i FEH o2 105k ez -9 F4& 3l = ok

[Fig. 4]91r 71—0] Lﬂ.gxq

22 1A= &5 wlAY S A A

Abebe] =E.0 A9}

-0 Q- 3]3S Al @) gk = (wrist flexion) B
A7 (wrist extension) ﬂ- L5 A 3Kradial deviation) & 253
Hulnar deviation) &= 2 A28 7Ht) =4 2 Al o] #
A 7S 85 9 2S5 A S,
sho] I r=toll A= = W Al o] B9l s B TR R E
A IAE 55 o5 7ol A 88= A
52 H9e] B ThsHAIE TS s flste]

& W2 914 (planetary) 7101€}F H(sun) 7]01 2] A 9} o],
Sue] glgbo] thit gk 7912 T 3] gk, o],
A 15 HoM 34 FAL AR A A o)
79% ] o] R 1oloﬂ u;].;q_gx] /Kl sk O]Eﬁhj— o]a]z‘ﬂ—QJ

£ o3l -5 wiAUFY, M3 wAYF, i
A A2 Sl 75 o] T 850 21
3], A viAYUES 75 WE e B T gt A
5 Aol fﬂ"‘WQ ol-gstaL, 2o U S 485}

o o

O]ﬂiﬁéﬁ“&@ii@ &5 2ol
-90°~90°°] ¥ 7FEH SIS AU =S A 74] O}Oﬂ‘jr A7 R H
o] S EARTE 755 efolol7} el whet 317 T4lE 7]
To = ol A FE(stelo] 2-&)ol A ofu, ft
o] 419 &} 2 T4 Atel o] HIE fHmoment arm)©] T

A& FA8HH gfolofol FUG ~E 2 A (stroke) M-S

o

(<3

55?_5} T-5 9folo) 7} Wk (moving plate)ol] x| 1+
A % 2 l(tackle) S -3k 714 H(base plate)] 117 &=
Eﬂ(block)oﬂ 5k o 2 e o] B7] 3lo] ulzlbE] = 97
1

A&t o= &7k Al oo w2 o= el glofa

U e

T

=
=
ks

(a) Extension

(b) Neutral (c) Flexion

[Fig. 5] Implementation of the wrist mechanism prototype and the
motion snapshots: (a) extension. (b) neutral position (c) flexion

A 57 R A% 85 BE Aol stk oS A drk
[Fig. 51 7iatel %%ﬂﬂﬂ%ﬂﬂ&%ﬂﬂﬂﬂﬂ%ﬂ
528 YeRIH [Fig 419 548 34 7Fe I E 7T

o i
A% ok, ohiiel T30 AL, 5 A

o,
ofo
B
Y
rlo
lo
¥

ARgARE0] Aol A e shA 2
T AL, 7HQ) BHE g Afo] = 2 o) ThesheS A2k

Ikl 2702 v A8 AL EL ofero] 271X 9} /)
TH)E AA Azt Al 270 F
255 g0 & 7| 27E B} 7, 2lo] AR

T3 oo
fr o L omek
N

Socket cover
" 1 < o
Al V Vel(fro
N [ \‘\, v
—— TR

(a) Design rendering (b) Prototype

[Fig. 6] The developed socket. (a) Design rendering. (b) Prototype

1.2mm'1' 2cm

Te— 2cm
1.2cm

External Side Internal Side Electrodes Size

[Fig. 7] The developed SEMG knit band sensor



AF = 7S W44 9130 ABS (acrylonitrile butadiene styrene

copolymer) A& ARSI A frd gt A9l M=

(velero) Z~EAS o]-g5j0] AA|H 02 A 1912 7L,
27 AB = 0)F 1A E =% 74519 THFig 6],
ko] WAIE  A|7ko] Bo] Kbl Ak e)e] £50]

SIS A ARGtk a3 Ak o8 Al A
Bojo] AAS = 7)E 2Aale g 3 1S A A
o] o] & oMol A A 2F8H [Fig. 7]3} 2-S- SEMG Y E(knit) W1

= AlAete] Adto] golst=s A3t

FH 2L ASE o &ato] 3R Q1A Bl ER7-E f1al 717
g 2dl 3 shQl v HAIEZ(multilayer perceptron, in

short MLP)S AH8-81%1E}, MLPE= $1#ZH(input layer), 4%

1710
(hidden layer), &2 Z(output layer) &2 A =011 a1, 1250
A 295 FE5 AR BE SS(nodes)7F AAH T2
Ak feedforward) A1 7ot} &4 S5 71 e ==

f

o rlr ke

o
T2 7S L AdE o] glow, 7lEAE 2Aste] 3
e 748 7 Qlok 7Fe A= MLP E23) Hagglo] 6185
Qb #HT AW Q5 9 9F ¢arE]F(back-propagation) <
o]-galo] RHEA 0 7 Skl
AR MLP9] 18 50] iz 16A oM S35 o
FAEAlgoln Ze50] == A3 A8-H 57HA] 9] & 5
zko 7 FABITE B3k [Fig 8]3 2o] S92l 200719
q

| =3
w=EE ujA|ekaL, 2] 4 ReLU 9129} Softmax 375

Input Hidden Output
L';P" Layer Layer
yer (ReLu) (Softmax)

\\
W YERY. (Vs S
‘?7.\9:;@'7

[Fig. 8] Structure of multilayer perceptron for SEMG recognition
and motion classification

AR SE QU4 U BR 7N R A o A 237

£

sEMG Sensor Data Acquisition

Signal Processing

Feature Extraction

Creating training dataset

Training MLP Test dataset

Classification

[Fig. 9] Schematic diagram of motion classification

2
k1
fol
]
o,
oo
<L
b
it}
Mo
i
o
> ©f
o
!
e
2
fo
e
2 rlo
i)

rd
[

=
©
i}

= Als Aot 54H
o]l 2 A4 = o MLPol A-8A171 5,
oo} el 575 TSIl o] €A
1538171 918 TCP/IPE 8l gl 5¢ 4
E|2~E d|o]E(test dataset)= A5}
H o4& Alofal7] A elS Z=51G
o A E A5 o] B -2 Mean Absolute Value MAV),
Root Mean Square RMS), Zero Crossing ZC) 5 A1+ 4 S ol 4]
THE 2SS AP shs ] WHEe] EABHAW, A
ToA= Aite] Fhdakal mlaA 93k s Kol

RMSE ARE318 o, th-&3} 74t}

&ty
ol &
to it
Mo
AL 4
o [ft
oy o

1

inj
4

_1

2o e ox
o ot

N

3

Ny

il
U e

ry
[
k1
>

i
e

oo o
o
=
(A
=
u\l

>,

=
=2
)
ofo
ol
£
2
o,

A7) N d59-9] F7), x, 2= 2AE do|go|n, X=
RMS #tolth 2 (1)& o]-8ato] F5¥ 5452 001739 ¢
o7 Hx-HY AF3HMin-Max)HH <

PN -
okt 2ok
}_ X— Xmin 2
B Xmar _Xmin ( )
Aol ARE MLP BE19] 1S B S i, &
Hs kEINE N, 28T R E iRk 7P E ),



232 2ys)) =8 A A48 A3E (2019.9)

h; =X w;q 3

A7IA 7 A wyis S HA ok 2
=5 01727\]7]* TFeAE 9]‘3]3@4 an= PET A ==

softmax 35 01%5}04 =959 o ghow o] gHm &

A 2hyst R, A ole)e} 2}
exp(h;)

= 4

Yi E;l=1exp(h]~) ( )

17|14 &2 gk pis Shey HlolE 9] Baaks nusie] o
A2 28 A17]7] 918 MLPE HHE A o 2 FA|I7IT) 2
ATl AR 54 E<(objective function) = A} QIE 23]
2 ZKcross entropy error)E AR5} S 1, 2] th5-3} )

L=—2Xt,logy, ®)

714 f3= True label-& HERT HloJEE T35 §lo] &
3171 $18) -3k 21575 (one-hot encoding) & ARES1] ALY

3. &¢

0

[m]
9 Ay

2 AT st 713 AE-8-E] 919 8] (Institutional
Review Board: IRB)elI A} 20181 74(HYI-16-05505) HE &
Q1S Wk Fof] A3} et B Ate] e AA AZFE A
A s 2 2% Mgk Al 19 gido 2 A
o} BE I3RS Al A7 54 2 g Hajol] gk T3t
A& Al Fe T 5o S dof Atk /L gk o5
of tigh A-84-S 18] f18l M A & o5 52 A
A7} sEMG | Q12 17 23S A A8

321 BAHE o A8

ORI &, 1AM 5 18] 31 2708 TR UAG S
(multi-DoFs) ¢t o5& o83t A dAe s (activity of
daily living)oll Z 2.3+ 52+ 2 A|51SI L) [Fig. 10]7} o] &
A2l 317928 913+ 73t 31X (power grasping) &< 213l gF

& A5 AEaA = U= A 9F4(precision grasping)

Precision Grasping

Thumb-index Tripod
Finger Grasping Grasping

Sphere Full Lateral
Grasping Grasping Grasping

[Fig. 10] Grasping postures using multi-DoFs forearm prosthesis

=
[Fig. 11]3} o] Ak F-9Jof] LS 2881 5 o]4=90] %]
A7) 22 ARG Eale] 53 %) 5 T

sk

S| Q12 Bl 7 AP 2R A E
ARgAL] o] tef] wh} TR I 9
ST T ATA Gotrr] 9
[Fig. 12]2} #o] @ 2% gk H-9jol] 283k 5, A7 zleg7}e]
A Aol mhet 1= ATt ZHE AlS 852 7 54| dist
of Zoj| AP 4=%(MVC, maximum voluntary contraction)S-
oF 2023 s3It e Q1248 918k 52 = [Fig. 13]°]l
Ho|5z0] T (grasping), =3(flexion), 413 (extension), W7
(adduction), £]7(abduction).2. & 14 5}5 T}

MLP] 4834,
S8 AR TS B

ok A YT
29

55 BEsts=9)



(a) Grasping (b) Flexion - Extension (c¢) Adduction-Abduction

[Fig. 13] Five postures for pattern classification

ALS FABHE T8 £ £29] 2493 ARy
olom 57)9] F2tel] upeh i E = 167] 2] TR AT E
1000714 ZH2F 218 =2 10,000712] RMS Ho]El= 3
31t 8158 - A1 5= INTAN RHS200 chipS A8
o] SE3Iom, o= A|AE 218l =3l 2~ T ¥ (bandpass
filter of 8~200 Hz)<} =2 E(60 Hz)E AH&-3131.2H, 300
ms Y5 7] 9] AlFH A FHRMS, root mean square) 1
AHS 283190t o2l S AR AL 8lsy HlolEf= ol
A et darelss W ell kel MLP2] 8ls5 dlo e 2 ARE-3)

e P 2

T

ol
-

A S Q14 % 5E N b ek o) 233

[Table 1] Results of pattern recognition and classification for
hand postures

Sub. 01 | Sub. 02 | Sub. 03 | Sub. 04 | Sub. 05 | Mean
Grasping 100 100 100 100 100 100
Flexion 100 100 100 100 100 100
Extension 100 100 100 99 100 99.8
Adduction 938 99 100 100 100 99.4
Abduction | 100 100 97 99 98 98.8
Mean 99.6 | 998 | 994 | 996 | 996 | 99.6
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