Towards a Practical EMG Gesture Recognition System

UNIVERSITY OF Sebastian Kmiec, Yuhao Zhou ECE49§ Capstone Design

TORONTO Supervisor: Stark Draper, Admin: Khoman Phang wu;} CitHUD

. r"ﬂ'

Offline
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1. Compute preliminary t,, t; from Lidierth window-threshold algorithm.
2. Refine t,, t; by maximizing:
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e T: Length of entire window

NinaPro: A new dataset, standardizing sEMG-based,
gesture recognition algorithm benchmarks.

e y: Multivariate (16 channel) sEMG data

® py,: A noise model fit on the data to the left of ¢ty and right of ¢;.
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® py,: A signal model fit on the data between ¢y and ;.
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sEMG Windows: w € 220016 sEMG Features: ¢ € R"*10
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B. Gesture Classification
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Features Classifier NinaPro Own Data
Zero Padded RMS Windows Random Forrest 82.2% (7ms) 89.5% (7ms)
FCN 84.6% (35ms) 92.1% (33ms)
PCA, Normalized, Zero Random Forrest 86.1% (9ms) 91.7% (9ms)
Constraints/ 1. Design Cost Under 1000 CAD Padded, AM Features FCN 88.4% (37ms) 95.4% (35ms)
H - ope . . Directly Ab IMU Feat FCN N/A 2% (41
Objectives 2. Classification Accuracy (70/80)% on NinaPro dataset rectly Above ¥ catures / 96.2% (41ms)
3. Inference Time (125/300) ms per prediction 1. Create synthetic training data (generative adversarial networks, data augmentation)
4. Training Data Six training samples per class 2. Use IMU data to switch between prediction models, for different resting forearm positions
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