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Problem

Given a nonstationary signal s(x), x ∈ R

Problem: without any a priori knowledge on the signal decom-
pose s(x) in a few simple components called IMFs and perform
their time-frequency analysis.

Definition: IMF is a function whose mean value between an
upper and lower envelope is zero everywhere.

OBS: traditional methods, like Fourier and wavelet Transform,

have problems dealing with nonstationary signals and require

a priori assumptions on the signal. Newly developed methods,

like Short Time Fourier Transform or Synchrosqueezing wavelet

Transform, suffer due to the uncertainty principle in the time

frequency representation.

Algorithm ALIF

Algorithm IMF = ALIF(s)

IMF = {}

while number of extrema of s ≥ 2 do

s1 = s

evaluation of the filter w(x, t) support length l(x) for
s(x)

while stopping criterion not satisfied do

sn+1(x) = sn(x)−

∫
l(x)

−l(x)

sn(x+ t)w(x, t)dt

n = n + 1

IMF = IMF∪{sn}
s = s − sn

IMF = IMF∪{s}

Convergence Theorem [1]

Given a filter w ∈ L2([−l, l]) and s(x) ∈ L2(R) and
set the filter w support length l(x) fixed in x,
If |1 − ŵ(ξ)| < 1 or ŵ(ξ) = 0, then {sn}n≥1 converge and

lim
n→∞

sn(x) =

∫
∞

−∞

ŝ(ξ)χ{ŵ(ξ)=0}e
2πiξxdξ

where ŵ and ŝ Fourier transform of w e s.

Artificial Examples

Example 1
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Example 2 [1]
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Signal with SNR −10 dB IMFs vs ground truth
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Real life examples 1D

Tsunami dataset [1]
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Length of the day [1]
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Length of day signal IMFs

Radio power scintillation
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Real life examples 2D [2]
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Conclusions

• ALIF allows to decompose and analyze nonstationary sig-
nals in 1D, 2D, and higher dimensions.

• ALIF is robust to noise, nonlinear and completely data
adaptive.

• The uncertainty principle is no more a problem since we
first decompose and then compute the time–frequencies
plots.
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