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Ŷ Predicted gesture label

xxv



Symbols

Y True gesture label

L(θ, S) Classification loss

ℓ Loss function (e.g., cross-entropy loss)

A Classification accuracy

Amin Specified accuracy threshold

Ts(u) Time series corresponding to each sEMG sensor

m Data points in time series

Ws(p, s) Window segment of length p

z Total number of samples

li Annotation (label)

xxvi


