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The standard EMD algorithm

1. Let #(t) = x(t) (x(£) is an input signal)

2. Find all local maxima and minima of Z(£)

3.  Identify a upper and lower envelope, g,(t) an
d g(t), interpolating all local maxima and mi
nima

. Estimate the local mean, m = (g (t) + ¢,(£))/2

5. Subtract m(t) from (8, ¢;(t) = 2(t) — m(t)

(i is an order of IMF)

6. Let %(t) = ¢;(t) and go to step 2) and repeat

the same process until ¢ (f) becomes an IMF
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II. Multivariate Extensions of
Empirical Mode Decomposition
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