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An Improved Fast Adaptive BEMD Method Based on Multi-scale Extrema
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University, Dalian, 116044, China)

Abstract: The existing bidimensional empirical mode decomposition (BEMD) algorithms are inefficient in
extrema searching, intrinsic mode functions sifting and iteration processing, moreover the adaptability
needs to be further improved. Therefore, this paper proposes an improved BEMD method based on multi-
scale extrema. Firstly, the concept and establishment method of bidimensional multi-scale local extrema
binary tree are given, and then a new approach based on multi-scale extrema is presented to determine
window sizes for order-statistics and smoothing filters. This method significantly improves the adaptability
of multi-scale decomposition of two-dimensional signals, and also significantly improves the decomposition
efficiency. Experimental results of natural image and synthetic texture image decomposition show that the
proposed method has obvious advantages in adaptability and efficiency compared with the existing fast
adaptive EBMD method.

Key words: multi-scale extrema; bidimensional empirical mode decomposition(BEMD); adaptive signal

processing
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Table 3 Test images

A Barbara Harbour Brodatz textures: D101 A s E S
25 EE/NEEEA A Sk ER Ep/ 328t A g
RF /R EXARER) 256 X 256 256 X 256 256 256 256 256

* “

(a) IFABEMD J7 V£ 43 f# FIBIMF 1 ~BIMF 54} &
(a) BIMF1—BIMFS results by IFABEMD method

(b) FABEMD J5 4} fi# FJBIMF 1, BIMF3, BIMF7, BIMF 12f1BIMF 144 &
(b) BIMF1, BIMF3, BIMF7, BIMF12 and BIMF14 results by FABEMD method

€18 Barbara K% 5 fift 45 S b

Fig.8 Decomposition results by different methods for Barbara image

(a) IFABEMDJ5 1% 43 fi# I BIMF 1 ~BIMF5 43 &
(a) BIMF1—BIMEFS5 results by IFABEMD method

=

(b) FABEMDﬁ/ﬁ%fﬁ@E’JBMFl BIMF3, BIMF8, BIMF11Hl BIMF124} &
(b) BIMF1, BIMF3, BIMF8, BIMF11 and BIMF12 results by FABEMD method

B9 Harbour % 5 fifk 25 5 L 8%

Fig.9 Decomposition results by different methods for Harbour image




370 B HRE B L Jowrnal of Data Acquisition and Processing Vol. 35, No. 2, 2020

lesesssl®essss
Nislsisiaiais i ...
see e NN
Iessnnn
reanne

Mlel + .
GRS S
(a) IFABEMD /5% 43 fi# i) BIMF 1 ~BIMF44) &
(a) BIMF1—BIMF4 results by IFABEMD method
DS STSSISES
S

e
.:emakségl--nl--

(b) FABEMDJ7 ¥4} i# IBIMF1, BIMF3, BIMF5, BIMF$ fIBIMF94) &
(b) BIMF1, BIMF3, BIMF5, BIMF8 and BIMF?9 results by FABEMD method

K10 D101 S BRIG5> i 45 4 LA
Fig.10 Decomposition results by different methods for D101 texture

(a) IFABEMDJ7 %43 ## [fIBIMF 1 ~BIMF5 43 &
(a) BIMF1—BIMEFS5 results by [FABEMD method

(b) FABEMD 75 %4} fi# 15 2| U BIMF L ~BIMF4/ &
(b) BIMF1—BIMF4 results by FABEMD method

FLL A e 3 P B i 22 3R L AR

Fig.11 Decomposition results by different methods for synthetic texture image

x4 FRAEDBEEILE

Table 4 Comparison of decomposition speeds by different methods S
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Table 6 Feature sizes of filter windows (pixel width)
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