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a b s t r a c t

Image fusion has emerged as a promising area of research and a bivariate empirical mode
decomposition based fusion scheme has recently been proposed in the literature. In this
paper, a hybrid fusion scheme combining self-fractional Fourier function (SFFF) decomposi-
tion and multivariate empirical mode decomposition is proposed. In the proposed image
fusion technique, images to be fused are decomposed into SFFF images. The SFFF images are
further decomposed into intrinsic mode functions (IMFs) using multivariate empirical mode
decomposition (MEMD). Corresponding IMFs of same decomposition level of SFFF images
are fused using local variance based adaptive weight fusion rule to obtain fused IMF images.
The fused image is obtained by applying inverse transformation on fused IMF images. The
proposed technique provides flexibility in the number of functions in the SFFF decomposi-
tion, transform before SFFF decomposition, and the types of source images (real and
complex) to be fused. Simulations are performed for fusion of test images with different
SFFF decomposition levels and the results are compared with other existing methods. It is
seen that the simulation results are comparable to the existing schemes.

& 2014 Elsevier B.V. All rights reserved.
1. Introduction

Image fusion is the process of combining multiple images
into a single image to improve the information content of
the resulting image [1,2]. The researchers have proposed
various image fusion schemes in the spatial as well as
transform domains with different fusion rules such as pixel
averaging, weighted average, maximum value selection,
region energy, region variance and so forth [1–17].

Several fusion approaches using multiscale transform
such as the discrete wavelet transforms (DWT) [4,5], the
Laplacian pyramid [6], the contrast pyramid [7] and the
FFT [8] have been presented in literature. However, multi-
resolution transform based techniques do not allow image
All rights reserved.
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adaptive representation of local features and results in
suboptimal image fusion [11,12].

Fractional Fourier transform (FRFT) is generalization of
the FFT and it is used to perform signal analysis into
intermediate domains. FRFT based fusion schemes provide
additional degree of freedom in optimizing fusion quality
due to additional free parameter. Image fusion combining
FRFT and nonsubsampled contourlet transform (NSCT) has
been presented in [17] to exploit the local feature repre-
sentation capability of NSCT and intermediate time–fre-
quency representation capability of FRFT.

Recently, an image fusion scheme based on image
decomposition using self-fractional Fourier functions
(SFFF) is reported in [16]. In this scheme, fusion quality
of images is optimized by changing number of decomposi-
tion levels and by using some transform before SFFF
decomposition. Similarly bivariate EMD (BiEMD) algorithm
[28] has also been used for image fusion in [12].

However, BiEMD cannot be used when the two source
images to be fused are complex or when more than two
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images are to be fused [14,19]. Multivariate empirical
mode decomposition (MEMD) algorithm proposed in
[29] is an extension of the BiEMD algorithm [28] which
overcomes the limitations of BiEMD.

In this paper a hybrid image fusion scheme based on
image decomposition using SFFF and MEMD is presented.
The proposed scheme includes, it provides additional
degree of freedom in using the transform before SFFF
decomposition, number of SFFF decomposition levels and
number of images to improve the fusion quality.

The motivation behind combining SFFF with MEMD is
that the decomposed components may not be orthogonal
to each other in other fusion techniques based on multi-
scale transforms, but in case of SFFF they are orthogonal to
each other and therefore carries independent information.
Secondly, signals to be fused may not be bandlimited in
conventional Fourier domain, but bandlimited in some
FRFT domain. However, SFFF decomposition is not a data
adaptive decomposition but, empirical mode decomposi-
tion (MEMD) is data adaptive decomposition and decom-
posing signal into nearly orthogonal (not completely
orthogonal) intrinsic mode functions (IMFs). Therefore by
combining SFFF decomposition with MEMD, the orthogo-
nal signals are used for fusion algorithm and giving better
fusion results from this combination [12–27].

The rest of the paper is organized as follows: In Section 2
background theory related to fractional Fourier transform,
self-fractional Fourier functions, empirical mode decom-
position and multivariate empirical mode decomposition
is presented. In Section 3, the proposed fusion scheme is
presented. Section 4 gives the simulation results and the
conclusions are given in Section 5.

2. Background theory

2.1. Fractional Fourier transform

The fractional Fourier transform (FRFT) is a general-
ization of the conventional Fourier transform and the FRFT
domains can be interpreted as intermediate domains
between spatial and frequency domains [21]. The 2D-
FRFT with angles α and β of a signal f(x, y), denoted as
ℱα;βðu; vÞ, is defined as [21]

ℱα;βðu; vÞ ¼
Z 1

�1

Z 1

�1
f ðx; yÞKα;βðx; y;u; vÞdx dy; ð1Þ

where 0o |α|oπ and 0o |β|oπ and the inverse 2D-FRFT is
given by [21]

f ðx; yÞ ¼
Z 1

�1

Z 1

�1
ℱα;βðu; vÞKn

α;βðx; y;u; vÞdu dv; ð2Þ

where the 2D-FRFT transform kernel Kα;βðx; y;u; vÞ is
defined as

In (2) the superscript n denotes complex conjugation.
The 2D-FRFT reduces to the conventional Fourier transform,
Kα;βðx; y;u; vÞ ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1� j cot α

p ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1� j cot β

p
2π ej u2 þ x2ð Þ=2

� �
cot α� juxcscα

δðx�uÞδðy�vÞ
δðxþuÞδðyþvÞ

8>><
>>:
when α; β¼ π=2.The 2D-FRFT can be computed by 1D-FRFT
using the separatibility property of it.

2.2. Self-fractional Fourier functions

Self-fractional Fourier function (SFFF) is a function,
which is invariant under the fractional Fourier transforma-
tion for some angle α [21]. SFFFs are Eigen functions of the
corresponding FRFT operator. A function from the Hilbert
space of finite energy signals can be represented as a sum
of M SFFFs, for an angle 2π=M [21–25].

The SFFF, signal F(x) of rational order α¼N=M is
defined as [22–25],

FðxÞ ¼ ½Fþ⋯þF ðN=MÞ þ⋯þFðk�1ÞN=M�gðxÞ; ð3Þ
where g(x) be any generator function, N and M are
integers, and Fα is the FRFT operator corresponding to
angle α. We can represent g(x, y) through the sum of M
orthogonal SFFFs of order M as [18,22,23]

gðx; yÞ ¼ ∑
M�1

L ¼ 0
Fðx; yÞL;M ; ð4Þ

where

Fðx; yÞL;M ¼ 1
M

∑
M

k ¼ 1
exp

j2πLðk�1Þ
M

� �
Rðα;αÞgðu; vÞ
h i

ðx; yÞ: ð5Þ

The signal Fðx; yÞL;M is an SFFF, and α¼ 2πðk�1Þ=M, and
Rðα;αÞ represents a 2D-FRFT operator with angle α along x
and y directions.

2.3. EMD and MEMD

Empirical mode decomposition (EMD) proposed in [26]
is a fully data driven technique for multiscale decomposi-
tion of a nonlinear and nonstationary signal into finite set
of oscillatory components. These oscillatory components
are natural frequency components of the signal, called
intrinsic mode functions (IMFs) and the coarsest component
is termed as residue [26,27]. The IMFs of a given signal are
extracted using a process called sifting algorithm [26].

Using the EMD, the input signal f(x, y) is decomposed
as [26]

f ðx; yÞ ¼ ∑
n

j ¼ 1
Cjðx; yÞþrðx; yÞ; ð6Þ

where Cjðx; yÞ j¼ 1;2; ::::;n, represent intrinsic mode func-
tions (IMFs), and r(x, y) represent the residue signal.

The details of the EMD algorithm to decompose a signal
are available in [26,27]. Because of its capability to sepa-
rate spatial frequencies and to represent local features
intuitively, recently a lot of work has been done for image
fusion using EMD [9–15].
ej v2 þy2ð Þ=2
� �

cot β� jvycscβ if α¼ βaNπ; N is integer
if α¼ β¼ 2Nπ; N is integer
if α¼ β¼ ð2Nþ1Þπ; N is integer
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For complex signals different approaches for empirical
mode decomposition are required. An algorithm which
gives more accurate complex (equal real and imaginary
part) IMFs is the bivariate EMD (BiEMD) and it is proposed
in [28]. The BiEMD algorithm is an extension of the
standard EMD algorithm for bivariate signals. The BiEMD
facilitate a better comparison between common (relevant)
frequency scale images from input data by aligning them
within a single complex IMF [12,15].

Multivariate empirical mode decomposition (MEMD) is
proposed in [29] for data-adaptive time–frequency analy-
sis of multivariate signals. It is an extension of the BiEMD
algorithm for multivariate signals and is used for similar
scale decomposition and time–frequency analysis of multi-
channel signals. In MEMD, the multivariate data may have
arbitrary number of channels.

In MEMD multiple n-dimensional envelopes are gener-
ated by taking signal projections along different directions
in n-dimensional spaces, these envelopes are averaged to
obtain the local mean [29]. The process of mapping an
input multivariate signal into multiple real valued pro-
jected signals, to generate multidimensional envelopes, is
yielding n-dimensional rotational modes [29]. These n-
dimensional rotational modes correspond to multivariate
IMFs. The other details of the MEMD algorithm to decom-
pose a signal are available in [29].

In this paper two dimensional MEMD is computed by
converting each source image data into one dimensional
Fig. 1. Block diagram of the p
data by concatenating their rows and then applying MEMD
algorithm [29], yielding 1D-IMFs for each channel. Then
1D-IMFs of each channel are converted back into 2D-IMFs
by inverse operation. In case of complex (bivariate) source
images, real and imaginary parts are separated as inde-
pendent real data channels for decomposition. Finally
complex IMFs are obtained by combining corresponding
real and imaginary part channel IMFs after decomposition.
It is mentioned here that in the proposed scheme SFFF
decomposed images are complex images.

3. Proposed fusion scheme

In this section we present a novel image fusion techni-
que shown in Fig. 1. This technique is based on decom-
position of source images into SFFF images and further
decomposition based on MEMD. To be more precise, the
source images giðx; yÞ; i¼ 1;2; :::;N are decomposed into M
SFFFs images to obtain ½f iðx; yÞM;L�; i¼ 1;2; :::;N using (4)
and (5). These SFFFs images are 2D complex arrays. Each
SFFFs image is converted to 1D complex array by con-
catenating their rows. Then the real and imaginary parts
of this 1D array are separated into two real 1D arrays.
Similarly all SFFFs images are converted into two 1D
arrays. These 1D real arrays are combined to form an
n-channel multivariate signal. The MEMD algorithm is
applied to this n-variate signal, which yields n-variate
common frequency scale IMFs. Common frequency scale
roposed fusion scheme.



Fig. 2. Out of focus clock image: (a) right focused image and (b) left focused image.

Fig. 3. Out of focus book image: (a) right focused image and (b) left focused image.

Fig. 4. Multispectral Octec1 image: (a) digital camera image and (b) IR camera image.

Fig. 5. Multispectral Octec2 image: (a) digital camera image and (b) IR camera image.

J.B. Sharma et al. / Signal Processing 100 (2014) 146–159 149
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IMFs of corresponding real and imaginary part channels are
combined to reconstruct complex 1D IMFs and converted
back to 2D arrays, denoted as scaled complex IMFs
½ðIiðx; yÞM;LÞn�; n¼ 1;2; :::; J, and i¼ 1;2; :::;N. This MEMD
decomposition is based on (6) and performed for each SFFFs
image ½f iðx; yÞM;L�; i¼ 1;2; :::;N, where L¼ 0;1;2; :::;M�1 as
shown in Fig. 1. The IMF images obtained from decomposi-
tion of SFFFs images of N source images are then combined
locally by computing variance of the transformation coeffi-
cients at each spatial point for each frequency scale
n¼ 1;2; :::; J and for the each SFFF decomposition level
L¼ 0;1;2; :::;M�1 of the decomposed images to obtain
the fused image ĝðx; yÞ. Local variance based pixel level
adaptive weight linear fusion rule is used here for fusion
of each IMF image at a particular frequency scale n of a
Fig. 6. Multimodal satellite images of
particular SFFF decomposition level L and expressed as

½ðIðx; yÞM;LÞn� ¼ ∑
N

i ¼ 1
½ðβiðM;LÞðx; yÞÞnðIiðM;LÞðx; yÞÞ�; ð7Þ

where L¼ 1;2;3;…;M, and n¼ 1;2;3;…; J, the parameters
ðβiðL;MÞðx; yÞÞn are adaptive weights and are determined by
local variance based fusion rule reported in [12] and
reproduced here as

ðβiðM;LÞðx; yÞÞn ¼
ðsiðM;LÞðx; yÞÞn

∑N
i ¼ 1½ðsiðM;LÞðx; yÞÞn�

; ð8Þ

where ðsiðM;LÞðx; yÞÞn are variances at pixel (x, y) in IMF
ðIiðM;LÞðx; yÞÞn.
band 1, 2, 3, 4, 5 and 7 ((a)–(f)).



Fig. 8. RMSE vs. SFFF decomposition level with different window sizes
for computing local fusion constants for clock image.
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The fused IMF images are combined together to obtain
fused image ĝðx; yÞ as given by

ĝðx; yÞ ¼ ∑
M�1

L ¼ 0
∑
J

n ¼ 1
ðIðx; yÞM;LÞn: ð9Þ

The steps of proposed fusion scheme of Fig. 1 are
summarized as follows:

Step 1: Decompose the original source images into M
SFFF images.
Step 2: Decompose all SFFF images into complex IMFs
using MEMD.
Step 3: The IMFs at a specific order n at a particular SFFF
decomposition level L are fused using local variance
based adaptive weight linear fusion rule.
Step 4: Fused IMFs are combined and inverse transfor-
mation is applied on to obtain final fused image.
Fig. 7. Reference fused images: (a) clock image, (b) book image, (c) Octec1 image, (d) Octec2 image and (e) landsat TM satellite images.
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4. Simulation result
In this section computer simulation results of the
proposed fusion scheme performed using MATLAB are
presented.

Experiments are performed on three groups of images
to validate the efficacy of the proposed scheme. Simula-
tions are also performed to compare the proposed scheme
with other fusion schemes such as (i) SFFF alone based
scheme [16] using maximum absolute value fusion rule,
(ii) MEMD alone based fusion scheme using local variance
based adaptive weight fusion rule, which is also equivalent
to scheme [12] for two real valued source images [12,29].
Parameters used in simulation of schemes of [16,12] are
identical to the parameters reported there. Two performance
parameters namely root mean square error (RMSE) and
Qabf [35] are calculated and used as objective performance
Fig. 9. Fused clock image using: (a) proposed scheme, (b) BiEMD (

Fig. 10. Fused book image using: (a) proposed scheme, (b) BiEMD (
measures for comparison. The quality metric, Qabf, represent
the amount of edge information transferred from source
images into fused images and the higher values of this metric
represent better fusion quality [35].

The RMSE between the reference image (in which both
the out of focus images are focused, multispactrum images
and multimode images are already fused), and the fused
image is calculated. Reference fused images (Fig. 7(a)–(e))
are taken from the fused images available at [20,31–33]
respectively. No-reference fusion quality performance
matrix, Qabf, is calculated between the source images
and the fused image.

First experiment is conducted for fusion of two multi-
focus images: “clock” and “book” (Figs. 2(a) and (b), 3(a)
and (b)). In this experiment firstly the optimum value of
SFFF decomposition levelM and the optimumwindow size
W for calculating local variance are estimated.
MEMD alone), (c) SFFF alone and (d) wavelet based scheme.

MEMD alone), (c) SFFF alone and (d) wavelet based scheme.



Fig. 11. Fused octec1 image using: (a) proposed scheme, (b) BiEMD (MEMD alone), (c) SFFF alone and (d) wavelet based scheme.

Fig. 12. Fused octec2 image using: (a) proposed scheme, (b) BiEMD (MEMD alone), (c) SFFF alone and (d) wavelet based scheme.

J.B. Sharma et al. / Signal Processing 100 (2014) 146–159 153



Table 1
Comparison of root mean square error (RMSE) of proposed scheme with
other schemes.

Fusion Scheme-
Image↓

SFFFþMEMD MEMD alone SFFF
alone

DWT

CLOCK M¼4 0.0320 0.1082 0.0809 0.0379
BOOK M¼4 0.0245 0.0417 0.0386 0.0330
OCTEC2 M¼7 0.1154 0.2408 0.1971 0.1585
OCTEC1 M¼4 0.1593 0.2081 0.2438 0.1599
Satellite M¼6 0.1376 0.1382 0.1456 –
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For this the number of SFFF components (M) of clock
source images are varied between 2 and 24. The RMSE
between fused image and reference image for different
values of SFFF decomposition components (M) with dif-
ferent window sizes (W) is computed and is shown in
Fig. 8. The RMSE is calculated for M¼2, 3, 4, 8, 12, 20 and
24 with the fusion local window sizes of W¼3�3, 5�5
and 11�11 pixels. It is observed from Fig. 8 that better
fusion results for clock image are obtained with M¼4 and
window size W¼3�3. For higher value of M, window size
of 5�5 gives optimum results. Hence, to conduct fusion
experiments, SFFF decomposition level of M¼4 and win-
dow size of W¼3�3 are selected as preferred values. For
optimization of fusion results, the window size is kept
fixed to W¼3�3 and the value of M is varied. Simulation
results of clock and book images for M¼4 are shown in
Figs. 9(a) and 10(a) respectively. The fusion results of these
images for other schemes given in [12,16] are also shown
in Figs. 9((b)–(d)), and 10((b)–(d)). It is clear from the
results that results of the proposed scheme are compar-
able to the existing schemes.

In the second experiment, two sets of multispectrum
visible and infrared images Octec1 and Octec2 shown in
Figs. 4(a), (b) and 5(a), (b) are fused. The improved fusion
quality for Octec2 image is obtained for SFFF decomposi-
tion level M¼7 while for image Octec1, M¼4 gives better
results. These simulation results are shown in Figs. 11(a)
and 12(a). Fusion results of these images for other schemes
compared are also shown in Figs. 11(b)–(c), and 12(b)–(c).
It is observed that results of proposed scheme for Octec2
image are better than other existing schemes. For Octec1
image, fusion results are comparable to other schemes.

For third fusion experiment, multimodal Landsat TM
images of band 1, 2, 3, 4, 5 and 7 (Fig. 6(a)–(f)) available at
[32] are used. The improved fusion results for this image
data set is obtained for M¼6. Simulation results of the
proposed scheme, MEMD alone based scheme and scheme
[16] are shown in Fig. 13(a)–(c). It is clear that the results
of proposed scheme are comparable to the results of
MEMD alone based scheme. But the proposed scheme
provides freedom to select the decomposition levels and
the transform before SFFF decomposition to optimize the
fusion quality.

Simulations are also performed using conventional wave-
let based fusion scheme [4] using Daubechies's wavelet DBSS
(2,2) with two-level decomposition using code given in [31].
Fig. 13. Fused octec image using: (a) proposed schem
The parameters are selected as suggested in [4,34] for the
sake of comparison and for evaluating the quality of pro-
posed scheme results. Simulation results for above data set
are presented in Figs. 9(d), 10(d), 11(d) and 12(d). It can be
observed that the simulation results of the proposed techni-
que are comparable to the results of the wavelet decomposi-
tion scheme using Daubechies’s wavelet DBSS (2,2).

Computed RMSE for above mentioned experiments are
presented in Table 1. It can be observed from this table
that the fusion quality is dependent on number of decom-
position levels.

Experiments are also performed on some additional
images shown in Fig. 14 (Image-1–Image-5) obtained from
[33] and the fusion results of these images are shown
in Figs. 15–19. In this experiment, the decomposition level
is kept fixed at four (M¼4). Nonreference performance
matrix Qabf is computed to measure the fusion quality of
these images and results are presented in Table 2. It is
observed from Table 2 that the proposed scheme outper-
forms for three images (Image-2–Image-4) and inferior for
two images (Image-1 and Image-5). It is also observed from
fused images (Figs. 15(a)–19(d)) obtained using the proposed
scheme and the existing schemes that the subjective fusion
quality of proposed scheme is comparable to the existing
schemes for all images. It may be mentioned here that the
objective fusion results can be further improved by changing
the decomposition level (M).

The proposed scheme provide additional degree of
freedom in using transform before SFFF decomposition,
number of SFFF decomposition levels, and number and
types of image sensors to improve the fusion quality. The
proposed scheme can also be used for complex images like
synthetic aperture radar (SAR) and satellite images. But it
e, (b) BiEMD (MEMD alone) and (c) SFFF alone.



Fig. 14. ((a)–(e)) Five test images used for comparing nonreference performance matrix Qabf of various fusion schemes and referred to as Image-1–Image-5.

Fig. 15. Fused test image Image-1 using: (a) proposed scheme, (b) BiEMD (MEMD alone), (c) SFFF alone and (d) wavelet based scheme.

J.B. Sharma et al. / Signal Processing 100 (2014) 146–159 155
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has the limitation of higher complexity and computation
time.

Computational cost of the proposed scheme is the sum
of the cost of SFFF computation and multivariate EMD
computation. The computation cost for SFFF decomposi-
tion of N�N size image and M SFFF decomposition levels
is MnN2 log2 N. For more detail readers can refer [21,22].
Computation cost of MEMD algorithm [28] used in the
proposed scheme is mentioned in [30].

Let J, Kn, L and D be the number of extracted IMFs,
number of sifting iterations performed to extract nth IMF,
data length and multivariate data dimension respectively.
Now dn;k represent nth IMF computed at kth iteration of
the sifting process, MRMðdn;k;pÞ the number of extrema
detected in the pth projection of dn;k when P projection
directions are used.

For given value of L and D the computational complex-
ity Fðdn;kþ1Þ of one sifting operation necessary to obtain
dn;kþ1 from dn;k is given by

Fðdn;kþ1Þ ¼ Lð2Dþ18ÞPþ15 ∑
P

p ¼ 1
MRMðdn;k; pÞ: ð10Þ

Total computational cost cðsÞ for a source signal s for
MEMD algorithm [28] is obtained by summing the com-
plexity (10) over number of iterations Kn and number of
Fig. 16. Fused test image Image- 2 using: (a) proposed scheme, (b) BiEM
IMFs J and given as

cðsÞ ¼ ∑
J

n ¼ 1
∑
Kn

k ¼ 1
Fðdn;kÞ: ð11Þ

In the proposed fusion algorithm ‘i’ images of N�N size
and M SFFF decomposition levels are used, therefore
L¼N2,D¼ 2Mni. Since the SFFF decomposed images are
complex images and each result in two channels here
P¼64 projection planes are used. Hence, computation cost
of one sifting operation Fðdn;kþ1Þ in simulating MEMD for
the proposed algorithm is given as

Fðdn;kþ1Þ ¼ 64N2ð4Mniþ18Þþ15 ∑
64

p ¼ 1
MRMðdn;k;pÞ: ð12Þ

here MRMðdn;k; pÞ denotes the number of extrema detected
in the pth projection of dn;k which depends upon the image
data. Therefore total computation cost is dependent on
number of oscillatory components present in the source
images.

5. Conclusion

In this paper an image fusion scheme based on SFFF
and MEMD decomposition is proposed. In this scheme
images are first decomposed into SFFFs. The SFFF sub-
images are further decomposed into IMFs by using MEMD
D (MEMD alone), (c) SFFF alone and (d) wavelet based scheme.



Fig. 18. Fused test image Image-4 using: (a) proposed scheme, (b) BiEMD (MEMD alone), (c) SFFF alone and (d) wavelet based scheme.

Fig. 17. Fused test image Image 3 using: (a) proposed scheme, (b) BiEMD (MEMD alone), (c) SFFF alone and (d) wavelet based scheme.

J.B. Sharma et al. / Signal Processing 100 (2014) 146–159 157



Fig. 19. Fused test image Image-5 using: (a) proposed scheme, (b) BiEMD (MEMD alone), (c) SFFF alone and (d) wavelet based scheme.

Table 2
Comparison of Qabf performance matrix of proposed scheme with other schemes for additional test images (Image-1–Image-5).

Fusion Scheme-
Test Image↓

SFFFþMEMD MEMD alone SFFF alone DWT

Image-1 M¼4 0.6087 0.6112 0.4129 0.4649
Image-2 M¼4 0.8240 0.7863 0.7377 0.7530
Image-3 M¼4 0.7655 0.7180 0.7040 0.7219
Image-4 M¼4 0.6297 0.6152 0.3722 0.4968
Image-5 M¼4 0.4301 0.4816 0.3346 0.3114

J.B. Sharma et al. / Signal Processing 100 (2014) 146–159158
and the scale based local fusion rule is applied on corre-
sponding IMFs of same decomposition level SFFF
images. The results obtained for four SFFF decomposition
levels with 3�3 and 5�5 window sizes are highly
encouraging. The proposed scheme also provides flexibil-
ity in the use of transform before SFFF decomposition,
number of SFFF decomposition levels, multiple fusion rules
and number of sensors to improve the fusion quality. The
proposed scheme can also be used for n-variate signals such
as SAR images, satellite images and n-channel data signals.
This scheme however, has the limitation of high computa-
tion time and complexity as compared to other existing
schemes.
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