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Estimation of Shoulder Flexion Torque and Angle from Surface Electromyography for

Physical Human-Machine Interaction
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This paper examines methods fo estimate torque and angle in shoulder flexion from surface
electromyography(sEMG) signals for intuitive and delicate control of robotic assistance device.
Five muscles on the upper arm, three for shoulder flexion and two for shoulder extension, were
used to offer favorable sEMG recording conditions in the estimation. The methods tested were
the mean absolute value (MAV) with linear regression and the artificial neural network (ANN)
method. An optimal condition was sought by varying combination of muscles used and the
parameters in each method. The estimation performance was evaluated using the correlation
values and normalized root mean square error values. In addition, we discussed their possible
use as an estimation of motion intent of a user or as a command input in a physical human-

machine interaction system.
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Fig. 2 Instrumentation system setup

23 F£3 9y

e oEAAY 2Y gk 2= Az @A
EZ/4E $AE 5% & de FHS 7,
o] A AATY Tz wi AAHG AF
7ol og] F(layen 22 T4
o] glow, 47t F& vEe 24 ¥ (hidden
neuron) .2 AR 24 wHY Fo Fo F
7t BoldFE, F, A z7} BERadrs

T, T, W
= 5 X
Ag Z #4848 5 3

A HA" 27] THAzte]l HojAH, A EE
& 7AA =l over-fitting ©] B

At gde] vk wE oY wHH Fo &
LA

=]

e o o

7t HAAFE 27] FFEAR] FAEAT B3
g J=danAe F4 A5 EoA underfitting
o] WA <A

Aset #d Ed/ZEs
#AE & 4 = BRxe AATE 7
A7) g8 &9 wEd Fof Mg wE F

A dors 9% Abd AlEHAE FHY
N /1] ulole] M Ec]A spte] Fo i &
wEe £E SMIIEA FA AE(x;)% F4
21 3(x,;)9] “4¥ Al (correlation coefficient, CORR)
2 A4 (D& B IS A% B4R BF IS
H 4 A%l FHsH,

&

U
“

_l

Input ] [ Hidden } { Output ]
layer layer layer

Torque

Hidden neurons

Fig. 3 Structure of artificial neural network



ro

ZHYAs3 X H 287 65 pp. 663-669

June 2011 / 666

NZX]I 2, lelzx2l

CORR =
(Zx,) \NIx, -

M

INZx, (zx,, )

232 ME 3 WHAS o|88 A HA &
A B Fmean absolute value, MAV)}Z 2]
(2%t #ol A o|F H(moving average)S
YetllE gtez, Zlf?l EdolA gt nFvte] A
Adzd 2H4x, 2% "1§4 E4& Z e
dok A @A x, =i XH"”‘)ﬂ’ﬂ FEE k
WA 9 2AE AF, A (3)4 n < FA40 A3
=5 M A @9 N & dojy AESFE Jehd
o} o] E o] &3l EE Fzd #dd o8 &K
o NY z2¢es #Ad Eq/4EE FAHsE W
He syt AF I THYL HEE MAV
E3/7E 3L 4 3)F Zod, B @& ve
dole] ME 4(=% Zol(window length), L)l whe}
S8R vk AT A% o) T (signal to noise
ratio, SNR) ¢ &%) ZFAsE EAEL /MXGP
wex F3 A5g AASE Bt 4 2594
F2d 2dx A3 3 #g We dol Eﬂ BE
T AF AS(a,) F Ao, 7t 24E A%
o % 7&"]% §‘r"]7]“%/‘1 gl Ay B @
< AZIATAAE ol 88 FAAS} AR A
7 EomA 4‘1 (4)9Jr Zol F& normalized root
mean square errofNRMSE) 7} &2 48 A4 &

.
3] T T T
| e Measured

- MAV

st M I [ =M

@

Torgue(Nmj3}
A

[ 10 20 30 40 50 60
time{sec)
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regression and ANN, respectively
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Table 1 Estimation performance of shoulder flexion torque using MAV with linear regression and ANN

MAV ANN
Muscles

CORR NRMSE (%) CORR NRMSE (%)

A.Del. 0.949 + 0.015 10.98+ 1.42 0.964 + 0.008 10.51+ 1.41

1F* Bic. 0.890 % 0.060 14.62 + 4.43 0.954+ 0.019 11.01+2.62
Cor. 0.896 + 0.053 14.76 + 4.64 0.967 + 0.007 10.96 £ 1.74

3F A.Del. + Bic. + Cor. 0.955+ 0.009 8.13+1.47 0.981 £ 0.005 8.09+ 1.11
1F A.Del. + P.Del 0.957 £ 0.009 791+ 1.61 0.969 + 0.005 9.74 £ 1.33
1E A .Del. + Tri. 0.949+ 0.015 9.97+ 1.59 0.970+ 0.007 9.17+ 1.71

3F  A.Del. +Bic. + Cor. +

0.960 + 0.011 731+ 1.32 0.986 + 0.005 6.69+ 1.08

2E P.Del. + Tri.

*F : flexion muscle, E : extension muscle
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Table 2 Estimation performance of shoulder flexion angle using MAV with linear regression and ANN

MAV ANN
Muscles

CORR NRMSE (%) CORR NRMSE (%)

A.Del. 0.947 + 0.016 11.65+ 1.04 0.940 £ 0.010 1149+ 1.16

IF Bic. 0.948 + 0.014 11.86+ 1.15 0.893+ 0.018 14.56 + 0.91
Cor. 0.917+0.014 12.74 £ 1.10 0.932+ 0.009 1229+ 1.58

3F A.Del. + Bic. + Cor. 0952+ 0.011 10.10+ 1.30 0.964 + 0.007 9.25+ 0.59
1iF A.Del. + P.Del 0.950+ 0.014 9.01+ 141 0.982 + 0.002 6.22+ 0.66
1E A.Del. + Tri. 0.947+ 0.014 9.89+ 1.36 0.959 1+ 0.010 9.56+ 1.06

3F  A.Del +Bic. + Cor. +

0.959+ 0.011 892+ 095 0.992 + 0.003 4.84%+0.08

2E P.Del. + Tri.
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