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Empirical mode decomposition
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Empirical mode decomposition

[E—
Hilbert Transform

Hilbert Transform : Real valued signal(x;(t))= complex plane(z; (t))0i| 2+%t

If x;(t) = cos(wot + 6) then z;(t) = cos(wot + 0) + jsin(wyt + 0) = e Wot+6)

Hilbert Transform : H x;(t) = %P{/ :i—(?)dr}

Analytical signal z;(t) : zi(t) = z;(¢) +iH z;(t) = a,(t) exp(if;(t))

() = \JaHO)+H i) ?
0;(t) = arctan(H zi(?) )
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Empirical mode decomposition

]
Hilbert - Huang Transform

IMFs can be expressed as follows :  Z,(t) = Re [ﬂn(i) exp (i/wn(t)dt)}

N
The signal can then be expressed as follows :  z(t) = Re {Z a,(t)exp (i/wn(t)dt)} + r(t)
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Figure 60. The 9 x 9 smoothed Hilbert spectrum for the data given in figure 58. The spectrum
is extremely nodular, an indication that the wave is not stationary.




Variational mode decomposition

I
Variational mode decomposition (VMD) [4]

Intrinsic Mode Function (IMF) : z.(t) = Re [a-n(t)exp (z’/wn(t)dtﬂ > uglt) = Ag(t) cos (¢r (1))

Wiener Filtering : fy = f + 1, n~N(0,0) = IH}II {||f — foll3 + ﬁ.t||f’3‘tf||§} (Least square method + Tikhonov regularization)
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The augmented Lagrangian: | £ ({us}.{ws},

< ), f(t) — Zm c:)> (15)
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Application

A hybrid stock price index forecasting model based on variational mode decomposition
and LSTM network [5] .
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Application

Non-ferrous metals price forecasting based on variational mode decomposition and
LSTM network [6]
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Fig. 3. The basic structure of LSTM memory block.

Fig. 6. The data decomposition results of LME Zinc futures price.
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