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Gait phase estimation with LSTM
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Gait phase estimation with LSTM
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s == Prediction with 4 variables(51) — — Prediction with 5 variables(52)
(a) Slow walking speed(0.5m/s)
Walking speed 4 variables (S1) 5 variables (S2) bl
0.5 m/s 18.75 4+ 10.68 ms 3795 4+ 3.11 ms g o .
1.0 m/s 17.08 + 10.75 ms 2.08 + 2.57 ms e A
1.5 m/s 20.83 £ 13.29 ms 5.00 £ 3.02 ms : |
2.0 m/s 22.50 + 8.12 ms 375 £ 3.11 ms ”"|
wos ‘ = Prediction with 4 variables(51) — — Prediction with 5 variables(52)
(b) Fast walking speed(1.5m/s)
28 KOREA  Lee, J., Hong, W., & Hur, P. (2021). Continuous Gait Phase Estimation Using LSTM for Robotic Transfemoral Prosthesis
UNIVERSITY Across Walking Speeds. IEEE Transactions on Neural Systems and Rehabilitation Engineering, 29, 1470-1477.
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Schreiber, C., & Moissenet, F. (2019)
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« Marker data(52 points) = (torso & thigh) position, velocity
« Force data(2 force platform)

« Gait event(Left/Right HS&TO) = gait phase labeling

« Speed: C1(0~0.4m/s), C2(0.4~0.8m/s), C3(0.8~1.2m/s),
C4(self-selected spontaneous), C5(self-selected fast speed)
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Effect of Torso Kinematics on Gait Phase

23 Torso velocity, position2 E& tHA| 0|=0| = 20| £|=7f?
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Hild HERR =
o UH: Torso position, Torso velocity, Thigh position, Thigh velocity
Set1: Thigh position, Thigh velocity, Torso position, Torso velocity
Set2: Thigh position, Thigh velocity, Torso velocity
Set3: Thigh position, Thigh velocity, Torso position
Set4: Thigh position, Thigh velocity
o HELA: 5702 0|0 (LSTM-BiLSTM-LSTM-BiLSTM-FC)
o Z&: H3ll CtA (sine & cosine label = linear label)
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Effect of Torso Kinematics on Gait Phase

o Set 27t 7I& £3(-Torso position)
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: C’|7: Moo 523t ZOIE: Heel-strike, Toe-off
o Heel-strike ~ Toe-off: 0 ~ 50% . /ﬁ ; ' i .
- Toe-off ~ Heel strike: 50% ~ 100% }"\ A AL ‘{

Gait cycle (%)
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o Linear(7|Z): heel-strike ~ heel-strike (0~100%)
o Piecewise linear(H|2): heel-strike ~ toe-off(0~50%) / toe-off ~ heel-strike(50~100%)

- HEld HERIR #5 (O|H1 52)
- ®&: Torso position, Torso velocity, Thigh position, Thigh velocity
o HER3: 5742| 2§0|0(LSTM-BiLSTM-LSTM-BiLSTM-FC)
o =3 B CHA (sine & cosine label & linear label)

Sliding window sequence: t,,~t, 109
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Piecewise Linear Labeling
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Fukuchi, C. A., Fukuchi, R. K., & Duarte, M. (201 8).
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« Marker data(22 points) = thigh position, velocity

» Force data(2 force platform) A @ 12wl
« Gait event(Left/Right HS&TO) 2> gait phase labeling 9 e o
« Speed: T1~T8(0.5, 0.68, 0.87, 1.05, 1.24, 1.43, 1.62%, 1.8* m/s) "™y
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INs dZF HELHT 2 (CNN+LSTM)

. Convolutional Neural Network (CNN)
1.

N
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CNN + LSTM

AL & JF w2l t
LSTM.. DS L —— + Torso velocity
> Sliding window (d) : 300
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LSTM vs CNN+LSTM A& H|

Gait phase estimation with LSTM dataset (IEEE TNSRE)

X 2| Azt ni2jo| g Loss value
LSTM 0.043s (23H2) 058,722 4.91 x 1073
CNN + LSTM 0.00310s(320H2) 85,410 3.71 x 1073

o ME|AlZE 17H HIOlEf (300712 sliding window?| )
o If2fOlE == HAA[ZHO| HEF

o Loss value (MSE) S NE

o CNN+LSTM L1|ET43 T

(300, 5) - CNN(1x1) - (300,64) - BN - CNN - (300,64) - pooling(10) - CNN - (30,64) - pooling (10) - (3, 64) -
BN - CNN - (1, 64) - LSTM - (16) - Dropout(0.2) - FC - (2)
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(CNN+LSTM) = Transfer learning
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