
IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 22, NO. 3, MARCH 2013 1005

Multiscale Image Fusion Using the Undecimated
Wavelet Transform With Spectral Factorization

and Nonorthogonal Filter Banks
Andreas Ellmauthaler, Student Member, IEEE, Carla L. Pagliari, Senior Member, IEEE,

and Eduardo A. B. da Silva, Senior Member, IEEE

Abstract— Multiscale transforms are among the most popular
techniques in the field of pixel-level image fusion. However,
the fusion performance of these methods often deteriorates
for images derived from different sensor modalities. In this
paper, we demonstrate that for such images, results can be
improved using a novel undecimated wavelet transform (UWT)-
based fusion scheme, which splits the image decomposition
process into two successive filtering operations using spectral
factorization of the analysis filters. The actual fusion takes place
after convolution with the first filter pair. Its significantly smaller
support size leads to the minimization of the unwanted spreading
of coefficient values around overlapping image singularities.
This usually complicates the feature selection process and may
lead to the introduction of reconstruction errors in the fused
image. Moreover, we will show that the nonsubsampled nature
of the UWT allows the design of nonorthogonal filter banks,
which are more robust to artifacts introduced during fusion,
additionally improving the obtained results. The combination of
these techniques leads to a fusion framework, which provides
clear advantages over traditional multiscale fusion approaches,
independent of the underlying fusion rule, and reduces unwanted
side effects such as ringing artifacts in the fused reconstruction.

Index Terms— Image fusion, nonorthogonal filter banks,
spectral factorization, undecimated wavelet transform (UWT).

I. INTRODUCTION

W ITHIN the last decades substantial progress was
achieved in the imagery sensor field. These advances

led to the availability of a vast amount of data, coming
from multiple sensors. Often it is convenient to merge such
multisensor data into one composite representation for inter-
pretation purposes. In image-based applications this plethora
of combination techniques became generally known as image
fusion and is nowadays a promising research area.

The process of image fusion can be performed at pixel-,
feature- or decision-level [1]. Image fusion at pixel-level repre-
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sents the combination of information at the lowest level, since
each pixel in the fused image is determined by a set of pixels
in the source images. Generally, pixel-level techniques can
be divided into spatial and transform domain techniques [2].
Among the transform domain techniques, the most frequently
used methods are based on multiscale transforms where fusion
is performed on a number of different scales and orientations,
independently. The multiscale transforms usually employed
are Pyramid Transforms [3]–[5], the Discrete Wavelet
Transform (DWT) [1], [6]–[10], the Undecimated Wavelet
Transform (UWT) [1], [11]–[14], the Dual-Tree Complex
Wavelet Transform (DTCWT) [15], [16], the Curvelet
Transform (CVT) [17], [18], the Contourlet Transform
(CT) [19] and the Nonsubsampled Contourlet Transform
(NSCT) [20]–[22].

Please note that only multiscale pixel-level image fusion
will be addressed in the course of this work. In addition,
all input images are assumed to be adequately aligned and
registered prior to the fusion process.

In multiscale pixel-level image fusion, a transform coef-
ficient of an image is associated with a feature if its value
is influenced by the feature’s pixel. In order to simplify the
discussion, we will refer to a given decomposition level j ,
orientation band p and position m, n of a coefficient as
its localization. A given feature from one of the source
images is only conserved correctly in the fused image if all
associated coefficients are employed to generate the fused
multiscale representation. However, in many situations this
is not practical since, given a localization l, the coefficient
yA(l) from image IA may be associated to a feature fA and
the coefficient yB(l) from image IB may be associated to a
feature fB . In this case, choosing one coefficient instead of
the other may result in the loss of an important salient feature
from one of the source images. For example, in the case of
a camouflaged person hiding behind a bush the person may
appear only in the infrared image and the bush only in the
visible image. If the bush has high textural content, this may
result in large coefficient values at coincident localizations
in both decompositions of an infrared-visible image pair.
However, in order to conserve as much as possible of the
information from the scene, most coefficients belonging to the
person (infrared image) and the bush (visible image) would
have to be transferred to the fused decomposition. If there are
many such coefficients at coincident localizations, a fusion rule
that chooses just one of the coefficients for each localization
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Fig. 1. Schematic diagram of the proposed framework.

may introduce discontinuities in the fused subband signals.
These may lead to reconstruction errors such as ringing
artifacts or substantial loss of information in the final fused
image.

It is important to note that the above mentioned prob-
lem is aggravated with the increase of the support of the
filters used during the decomposition process. This results
in an undesirable spreading of coefficient values over the
neighborhood of salient features, introducing additional areas
that exhibit coefficients in the source images with coincident
localizations. In a previous work, Petrović and Xydeas dealt
with this problem by employing image gradients [9]. In this
paper, we propose a novel UWT-based pixel-level image
fusion approach, which attempts to circumvent the coeffi-
cient spreading problem by splitting the image decomposition
procedure into two successive filter operations using spectral
factorization of the analysis filters. A schematic flow-chart
of the suggested image fusion framework is given in Fig. 1.
The co-registered source images are first transformed to the
UWT domain by using a very short filter pair, derived from
the first spectral factor of the overall analysis filter bank.
After the fusion of the high-pass coefficients, the second
filter pair, consisting of all remaining spectral factors, is
applied to the approximation and fused, detail images. This
yields the first decomposition level of the proposed fusion
approach. Next, the process is recursively applied to the
approximation images until the desired decomposition depth
is reached. After merging the approximation images at the
coarsest scale the inverse transform is applied to the composite
UWT representation, resulting in the final fused image. Notice
that this methodology is in contrast to conventional multiscale
image fusion approaches, where the detail image fusion is not
performed until the input image signals are fully decomposed
using an analysis filter bank without spectral factorization.
In addition, the implemented filter banks were especially
designed for the use with the UWT and exhibit useful prop-
erties such as being robust to the ringing artifact problem. In
the course of this work, we will show that our framework
significantly improves fusion results for a large group of input
images.

The remaining sections of this paper are organized as
follows. Section II reviews multiscale techniques used in the
context of pixel-level image fusion. In Section III the pro-
posed image fusion framework is introduced in detail, whilst
Section IV outlines the implemented filter banks. Finally,
the obtained results are presented and compared with other

state-of-the-art fusion frameworks in Section V, before we
state our main conclusions in Section VI.

II. MULTISCALE IMAGE FUSION

In general, pixel-level techniques can be divided into spatial
and transform domain techniques. As for spatial domain
techniques, the fusion is performed by combining all input
images in a linear or non-linear fashion using weighted aver-
age, variance or total-variation based algorithms [23], [24].
Transform domain techniques map (transform) each source
image into the transform domain (e.g. wavelet domain), where
the actual fusion process takes place. The final fused image
is obtained by taking the inverse transform of the composite
representation. The main motivation behind moving to the
transform domain is to work within a framework, where the
image’s salient features are more clearly depicted than in
the spatial domain.

While many different transforms have been proposed for
image fusion purposes, most of the transform domain tech-
niques use multiscale transforms. This is motivated by the fact
that images tend to present features in many different scales.
In addition, the human visual system seems to exhibit high
similarities with the properties of multiscale transforms. More
precisely, strong evidence exists that the entire human visual
field is covered by neurons that are selective to a limited range
of orientations and spatial frequencies, and can detect local
features like edges and lines. This makes them very similar to
the basis functions of multiscale transforms [25].

The usage of multiscale image transforms is not a recent
approach in image fusion applications. The first multiscale
image fusion approach was proposed by Burt [3] in 1985
and is based on the Laplacian Pyramid in combination
with a pixel-based maximum selection rule. The use of the
DWT in image fusion was first proposed by Li et al. [8].
In their implementation the maximum absolute value within
a window is chosen as an appropriate activity measure. In
2004 Pajares et al. [10] published a DWT-based image fusion
tutorial including an exhaustive study on coefficient merging
techniques. About the same time Petrović and Xydeas [9]
presented another DWT-based approach which used a gradient
image representation in combination with so-called gradient
filters. The actual fusion was performed on the gradient
images, prompting the authors to refer to their contribution
as a “fuse-then-decompose” approach.

Despite the success of classical wavelet methods, some
limitations reduce their effectiveness in certain situations. For
example, wavelets rely on a dictionary of roughly isotropic
elements and their basis functions are oriented only on a small
number of directions, due to the standard tensor product con-
struction in two dimensions (2-D). This led to the introduction
of several new multiscale transforms in recent years, that are
able to circumvent these shortcomings and capture the intrinsic
properties of natural images better than classical multiscale
transforms. Among them, the DTCWT [26], [27] and the
NSCT [28], are extensively used in image fusion applications
(see [15], [16], [20]–[22]). More recently, Li et al. [29] con-
ducted a performance study on different multiscale transforms
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for image fusion and stated that the best results for medical,
multifocus and multisensor image fusion can be achieved
using the NSCT, followed by the DTCWT and the UWT.

We will use the remainder of this section to briefly review
the theory behind the UWT which will be needed later in this
paper. Our proposed fusion framework will be introduced in
the next section.

A. Undecimated Wavelet Transform

While the decimated (bi)orthogonal wavelet transform is
highly used in image compression algorithms such as JPEG-
2000 [30], results are far from optimal for other applications
such as image fusion. This is mainly due to the downsampling
in each decomposition step of the DWT which may cause
a large number of artifacts when reconstructing an image
after modification of its wavelet coefficients [31]. Thus, for
applications such as image fusion, where redundancy is not
a crucial factor, performance can be improved significantly
by removing the decimation step in the DWT, leading to the
non-orthogonal, translation-invariant UWT.

Like the DWT, the UWT is implemented using a filter bank
which decomposes an one-dimensional (1-D) signal c0 into a
set W = {w1, . . . , wJ , cJ }, in which w j represents the high-
pass or wavelet coefficients at scale j and cJ are the low-
pass or approximation coefficients at the lowest scale J . The
passage from one resolution to the next one is obtained using
the “à trous” algorithm [31], [32], where the analysis low-
pass and analysis high-pass filter h and g are upsampled by
2 j when processing the j th scale, where j = 0, . . . , J − 1.
Thus, the UWT decomposition is defined as

c j+1[n] = (h̄( j ) ∗ c j )[n] =
∑

m

h[m]c j [n + 2 j m]

w j+1[n] = (ḡ( j ) ∗ c j )[n] =
∑

m

g[m]c j [n + 2 j m] (1)

where h̄[n] = h[−n] and h( j )[n] = h[ n
2 j ] if n

2 j is an integer
and 0, otherwise. The reconstruction at scale j is obtained by

c j [n] = 1

2

[
(h̃( j ) ∗ c j+1)[n] + (g̃( j ) ∗w j+1)[n]

]
(2)

where h̃ and g̃ are the upsampled low-pass and high-pass
synthesis filters, respectively.

Perfect reconstruction holds if the used analysis and syn-
thesis filters satisfy the condition

H (z−1)H̃ (z)+ G(z−1)G̃(z) = 1 (3)

in the z-transform domain, which provides additional freedom
during the filter selection process compared to the DWT
where, in addition to the perfect reconstruction condition, an
anti-aliasing condition has to be satisfied as well.

The UWT can be extended to 2-D by

c j+1[m, n] =
(

h̄( j )h̄( j ) ∗ c j

)
[m, n]

w1
j+1[m, n] =

(
h̄( j )ḡ( j ) ∗ c j

)
[m, n]

w2
j+1[m, n] =

(
ḡ( j )h̄( j ) ∗ c j

)
[m, n]

w3
j+1[m, n] =

(
ḡ( j )ḡ( j ) ∗ c j

)
[m, n] (4)

where the rows and columns are filtered separately by h
and g, leading to three high-pass or detail images w1, w2,
w3 per stage, corresponding to the horizontal, vertical and
diagonal directions. The redundancy factor of an UWT J -level
decomposition is 3J + 1, since each high-pass image has the
same size than the original image.

Since the filters do not need to be (bi)orthogonal, an
alternative approach in multispectral image fusion (e.g. fusion
of high-resolution panchromatic images with low-resolution
multispectral images) is to define g[n] = δ[n] − h[n], where
δ[n] represents an impulse at n = 0 [12], [13]. In 2-D this
yields g[m, n] = δ[m, n] − h[m, n], which suggests that the
detail images can be obtained by taking the difference between
two successive approximation images

w j+1[m, n] = c j [m, n] − c j+1[m, n]. (5)

Please note that, in this case, for each scale we only obtain
one detail image and not three as in the general case [see
eq. (4)]. The reconstruction is obtained by co-addition of all
detail images to the approximation image, that is

c0[m, n] = cJ [m, n] +
J∑

j=1

w j [m, n] (6)

which implies that the synthesis filters are all-pass filters
with h̃[m, n] = g̃[m, n] = δ[m, n] [31]. A common choice
for the analysis, low-pass filter h is a B-spline filter. In
the literature this implementation of the UWT is known as
Isotropic Undecimated Wavelet Transform [31] or Additive
Wavelet Transform [12].

III. UWT-BASED FUSION SCHEME WITH

SPECTRAL FACTORIZATION

As we have seen in the previous section, an input image
can be represented in the transform domain by a sequence
of detail images at different scales and orientations along
with an approximation image at the coarsest scale. Hence,
the multiscale decomposition of an input image Ik can be
represented as

yk = {y1
k , y2

k , . . . , y J
k , x J

k } (7)

where x J
k represents the approximation image at the lowest

scale J and y j
k , j = 1, . . . , J represent the detail images

at level j . These are comprised of various orientation bands
y j

k = {y j
k [· , 1], y j

k [· , 2], . . . , y j
k [· , P]}, p = 1, . . . , P . For

convenience we will henceforth use the vector coordinate n =
[m, n] to index the location of the coefficients. Thus, y j

k [n, p]
represents the detail coefficient of input image k, at location n,
within decomposition level j and orientation band p. In
order to simplify the discussion, we assume, without loss of
generality, that the fused image will be generated from two
source images IA and IB which are assumed to be registered
prior to the fusion process.

A. Spectral Factorization

Plenty of transforms are at our disposal to perform image
fusion tasks, among them the DWT, CVT and CT, as well as
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Fig. 2. Coefficient spreading effect. (a) and (e) Input signals. (b) and (f)
Haar filtered input signals. (c) and (g) “db3” filtered input signals. (d) Fusion
of the Haar filtered signals. (h) Fusion of the “db3” filtered signals.

the UWT, DTCWT and NSCT. A first classification can be
made based on the underlying redundancy and shift-variance
of these transforms. Whereas the highly redundant UWT,
DTCWT and NSCT are invariant to shifts occurring in the
input images, the DWT, CVT and CT represent shift-variant
transforms with no or limited redundancy. As stated in various
studies (e.g. [1], [13], [29]), redundancy and shift-invariance
are desirable properties in image fusion applications since they
allow for a higher robustness to rapid changes in coefficient
values, thus, reducing the amount of reconstruction errors in
the fused image. Motivated by these observations, we will
discard the DWT, CVT and CT and focus solely on redundant
transforms in our ongoing discussion.

Another crucial point in multiscale pixel-level image fusion
frameworks is the choice of an appropriate filter bank. Fig. 2
attempts to illustrate the impact of the length of the chosen
filter bank on the fusion performance. In this example the high-
pass portions of two 1-D step functions are fused using one
stage of the 2-tap Haar and 6-tap “db3” filters,1 respectively.
The applied fusion rule is a very simple “choose max” rule
as expressed in eq. (10). The high-pass subbands, obtained
by applying the Haar filter, can be seen in Fig. 2(b) and (f),
whereas the result using the 6-tap “db3” filter is illustrated
in Fig. 2(c) and (g). It can be observed that the “db3” filter
needs five coefficients to represent the step change. Thus,
although most energy is concentrated in the central coefficient,
the remaining four coefficients correspond to regions where no
change in the signal value occurred. When attempting to fuse
the two “db3” filtered high-pass subbands we are confronted
with a problem, namely, to combine the two signals without
losing information. This can be observed in Fig. 2(h), where
not all non-zero coefficients from Fig. 2(c) and (g) could
be incorporated. On the other hand, the Haar filtered signal
contains only one non-zero coefficient corresponding exactly
to the position of the signal transition. Thus, as illustrated
in Fig. 2(d), both non-zero coefficients are transferred to the
fused image without any loss of information. Therefore, it can
be concluded that filters with large support size may result
in an undesirable spreading of coefficient values which, in
case of salient features located very close to each other in

1In the course of this work filters are referred to by their respective
names within the Matlab Wavelet Toolbox. More information can be found
at http://www.mathworks.com/products/wavelet/.

both input images, may lead to coefficients with coincident
localizations in the transform domain. Since it is difficult to
resolve such overlaps, distortions may be introduced during
the fusion process, such as ringing artifacts or even loss of
information.

Although the situation depicted in Fig. 2 may seem at
first somewhat artificial, we will see in the next sections
that multisensor images and, among them, especially medical
image pairs often exhibit similar properties. Hence, for these
images the fusion performance considerably degrades with
an increase of the filter size. We can therefore reduce the
problem of choosing a proper redundant multiscale transform
to its ability to incorporate a filter bank with a sufficiently
small support size, thus, minimizing the coefficient spreading
problem. From this point of view, the UWT appears to be
an attractive choice, since, due to the standard tensor product
construction in 2-D, the UWT offers directionality without
increasing the overall length of the implemented filter bank -
a property not shared by the NSCT and DTCWT. As for
the NSCT, the increased filter lengths are mainly due to
the iterated nature of the nonsubsampled directional filter
bank involved (see [33] for a thorough discussion on the
construction of directional filter banks). In the case of the
DTCWT, as reported in [27], the increased filter length is due
to the half-sample delay condition imposed on the filter banks
involved, which results in longer filters than in the real wavelet
transform case.

Following the remarks stated so far, we are tempted to
arrive at the conclusion that the best fusion results for source
images derived from different sensor modalities, are obtained
by simply applying the UWT in combination with the very
short 2-tap Haar filter bank. Indeed, surprisingly good results
are achieved using this simple fusion strategy for infrared-
visible and medical image fusion. However, the Haar filter
bank presents some well-known deficiencies, like the intro-
duction of blocking artifacts when reconstructing an image
after manipulation of its wavelet coefficients, which might
deteriorate the fusion performance in certain situations. This
is mainly due to the lack of regularity exhibited by the Haar
wavelet [31]. Roughly speaking, the regularity of a wavelet
or scaling function [ψ(t) and φ(t), respectively] relates to the
number of continuous derivatives that a wavelet has. In case
of the Haar wavelet, the low-pass analysis filter, H (z), has
only one zero at z = −1, leading to the well-known, non-
smooth Haar scaling function. In order to construct smoother
scaling functions, more zeros have to be introduced at z = −1,
inevitably leading to filters with longer support [34].

Based on these observations we arrive at the following
question: How can we combine the advantages of filters with
small support size with the ones of filter banks exhibiting a
high degree of regularity in the context of image fusion? In
conventional multiscale fusion approaches this dilemma usu-
ally results in a trade-off between short-length filters and filters
with better regularity and frequency domain behavior, usually
with a small bias towards filter banks with short support sizes.
In this paper, we propose a novel UWT-based fusion approach
that splits the filtering process into two successive filtering
operations and performs the actual fusion after convolving the
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Fig. 3. Implementation of the UWT-based fusion scheme with spectral
factorization for two decomposition levels in 1-D.

input signal with the first filter pair, exhibiting a significantly
smaller support size than the original filter. The proposed
method is based on the fact that the low-pass analysis filter
H (z) and the corresponding high-pass analysis filter G(z) can
always be expressed in the form

H (z) =
(

1 + z−1
)

P(z)

G(z) =
(

1 − z−1
)

Q(z) (8)

by spectral factorization in the z-transform domain. Thus,
in our framework the input images are first decomposed by
applying a Haar filter pair, represented by the first spectral
factors (1 + z−1) and (1 − z−1), respectively. The resulting
horizontal, vertical and diagonal detail images can afterwards
be fused according to an arbitrary fusion rule. Next, the filter
pair represented by the second spectral factor (P(z) and Q(z)
in eq. (8)), is applied to the approximation and fused detail
images, yielding the first decomposition level of the proposed
fusion scheme. For each subsequent level, the analysis filters
are upsampled according to the “à trous” algorithm, leading
to the following, generalized analysis filter bank

H
(

z2 j−1
)

=
(

1 + z−2 j−1
)

P
(

z2 j−1
)

G
(

z2 j−1
)

=
(

1 − z−2 j−1
)

Q
(

z2 j−1
)

(9)

and the aforementioned procedure is recursively applied to the
approximation images, until the desired number of decompo-
sition levels is reached. After merging the low-pass approxi-
mation images, the final fused image is obtained by applying
the inverse transform, using the corresponding synthesis filter
bank without spectral factorization.

The implementation of the proposed algorithm for two 1-D
signals xA and xB , and two decomposition levels is depicted
in Fig. 3, where F symbolizes the fusion of the high-pass
coefficients. It is important to stress that spectral factorization
is not applied to the low-pass filter H (z) since it is assumed
that all salient features of the input signals are embodied in the
high-frequency coefficients. Although this assumption remains
also true for images, when using separable filters the horizontal
and vertical detail bands are obtained by applying both low-
pass and high-pass filters to the columns and rows of the input
images. Thus, it is necessary to apply spectral factorization
also to the low-pass channel. Only in case of the low-low

rows columns
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y1
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Fig. 4. Implementation of the first stage of the UWT-based fusion scheme
with spectral factorization.

channel (successive application of H (z) to the columns and
rows of the input image) spectral factorization will not be
employed. The implementation of the first stage of our image
fusion framework is depicted in Fig. 4.

The novelty of the proposed fusion framework lies in its
ability to combine the properties of filters with short support
size with filters with large support size and therefore higher
regularity. In more detail, due to the compact support of
the used (1 ± z−2 j−1

) factors the undesirable spreading of
coefficient values in the neighborhood of salient features
during the convolution process is largely reduced. This allows
for a more reliable feature selection and reduces both the
introduction of distortions and the loss of contrast information
during the fusion process, conditions commonly observed in
traditional multiscale fusion frameworks. The subsequent fil-
tering with the second spectral factor accounts for the freedom
of implementing an arbitrary filter bank (satisfying the perfect
reconstruction condition), hence combining the advantages of
a very short filter with the benefits of filters with higher orders.
In other words, we avoid the introduction of blocking artifacts
during reconstruction, as well as the coefficient spreading
problem. Please note that the spectral factorization scheme,
as presented in this subsection, cannot be straightforwardly
adapted to the NSCT and the DTCWT. This is mainly due
to the filter design restrictions imposed by these transforms,
preventing the meaningful application of such a factorization
scheme. As we are going to show later, the presented approach
is particularly well suited for the fusion of infrared-visible
and medical images, which tend to exhibit a high degree
of information at coincident localizations. For these image
groups the presented framework outperforms traditional fusion
frameworks based on the DTCWT and NSCT.

B. Fusion Rule

As for the combination of the input image pairs, a wide
range of fusion rules can be found in the literature. In general,
these rules vary greatly in terms of their complexity and
effectiveness. The spectral factorization method proposed here
can be employed together with any fusion rule. Therefore, in
order to assess the effectiveness of the proposed method, we
applied four different fusion rules.

The first investigated combination scheme is the simple
“choose max” (CM) or maximum selection fusion rule. By this
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rule the coefficient yielding the highest energy is directly
transferred to the fused decomposed representation. Hence, for
each decomposition level j , orientation band p and location n,
the fused, detail images y j

F are defined as

y j
F [n, p] =

{
y j

A[n, p] if
∣∣∣y j

A[n, p]
∣∣∣ >

∣∣∣y j
B[n, p]

∣∣∣
y j

B[n, p] otherwise
. (10)

This choice is motivated by the fact that salient features,
such as edges, lines or other discontinuities, result in large
magnitude coefficients, and thus can be captured using this
combination scheme.

However, the simple CM fusion rule does not take into
account that, by construction, each coefficient within a multi-
scale decomposition is related to a set of coefficients in other
orientation bands and decomposition levels. Hence, in order
to conserve a given feature from one of the source images,
all the coefficients corresponding to it have to be transferred
to the composite multiscale representation as well. One way
to improve the fusion results is therefore the use of intra-
scale grouping in combination with the CM fusion scheme of
eq. (10) (CM-IS)

y j
F [n, p] =

⎧
⎪⎪⎨

⎪⎪⎩

y j
A[n, p] if

Q∑

q=1

∣∣∣y j
A[n, q]

∣∣∣ >
Q∑

q=1

∣∣∣y j
B[n, q]

∣∣∣

y j
B[n, p] otherwise

(11)

where the fusion decision at each decomposition level is taken
jointly for all orientation bands.

Since the combination schemes of eqs. (10) and (11) suffer
from a relative low tolerance against noise which may lead
to a “salt and pepper” appearance of the selection maps,
robustness can be added to the fusion process using an area-
based selection criteria [35]. For this purpose we expand
the CM-IS combination scheme of eq. (11) by defining the
following fusion rule (CM-A): Calculate the activity a j

k of each
coefficient as the energy within a 3 × 3 window W centered
at the current coefficient position n

a j
k [n, p] =

∑

�n∈W

∣∣∣y j
k [n +�n, p]

∣∣∣
2

(12)

w
j
A[n, p] =

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

1 if m j
AB [n, p] ≤ T and

Q∑

q=1

a j
A[n, q] >

Q∑

q=1

a j
B[n, q]

0 if m j
AB [n, p] ≤ T and

Q∑

q=1

a j
A[n, q] ≤

Q∑

q=1

a j
B[n, q]

1
2 + 1

2

(
1−m j

AB [n,p]
1−T

)
if m j

AB [n, p] > T and
Q∑

q=1

a j
A[n, q] >

Q∑

q=1

a j
B[n, q]

1
2 − 1

2

(
1−m j

AB [n,p]
1−T

)
if m j

AB [n, p] > T and
Q∑

q=1

a j
A[n, q] ≤

Q∑

q=1

a j
B[n, q]

(16a)

w
j
B [n, p] = 1 −w

j
A[n, p] (16b)

and select the coefficient which yields the highest activity,
again, by considering the intra-scale dependencies between
coefficients from different orientation bands

y j
F [n, p] =

⎧
⎪⎪⎨

⎪⎪⎩

y j
A[n, p] if

Q∑

q=1

a j
A[n, q] >

Q∑

q=1

a j
B[n, q]

y j
B[n, p] otherwise

.

(13)

The fusion rules discussed so far work well under the
condition that only one of the source images provides the most
useful information. However, this assumption is not always
valid and a fusion rule which uses a weighted combination of
the transform coefficients may give better results. Following
this reasoning we implement as the fourth fusion rule, a
modified version of the one given by Burt and Kolczynski
in [36] (CM-AM). In their approach a match measure m j

AB is
calculated which is used to determine the similarity between
the transformed source images

m j
AB [n, p] =

2
∑

�n∈W
y j

A[n +�n, p]y j
B[n +�n, p]

a j
A[n, p] + a j

B[n, p]
(14)

where W is a 3×3 window centered at n and a j
k is the activity

measure of eq. (12). The fused coefficients y j
F are given by

the weighted average

y j
F [n, p] = w

j
A[n, p]y j

A[n, p] +w
j
B [n, p]y j

B[n, p] (15)

where the weights w j
A and w j

B are determined by eqs. (16a)
and (16b) below, for some threshold T .

The low-pass approximation images will be treated differ-
ently by our combination schemes. Unlike the case of the
detail images, high magnitudes in the approximation images
do not necessarily correspond to important features within the
source images. Thus, for all previously introduced combination
schemes, the fused approximation coefficients x J

F are obtained
by a simple averaging operation

x J
F [n] = x J

A[n] + x J
B[n]

2
. (17)
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In the literature more sophisticated and effective approxima-
tion image fusion rules can be found. However, as stated in
[9], these rules have little influence on the overall fusion per-
formance. Additionally, since our proposed fusion framework
does not suggest any improvements regarding the fusion of the
approximation images, eq. (17) will suffice for the assessment
of our method.

In the next section a new class of filters, which, as far
as we know, has not been used in the context of image
fusion previously, will be introduced. In more detail, we will
place our emphasis on non-orthogonal filter banks which do
not satisfy the anti-aliasing condition of the DWT and can
therefore only be used in the nonsubsampled case.

IV. FILTER BANK DESIGN

Due to the nonsubsampled nature of the UWT, many ways
exist to construct the fused image from its wavelet coefficients.
For a given analysis filter bank (h, g), any synthesis filter bank
(h̃, g̃) satisfying the perfect reconstruction condition of eq. (3)
can be used for reconstruction. This is considerably simpler
and offers more design freedom than in the decimated case,
where an additional anti-aliasing condition has to be obeyed.
As a consequence, filter banks can be used such that (h̃, g̃)
are positive, making the reconstruction more robust to ringing
artifacts. In the remainder of this section such filters, which
will later be used in our experiments, are explained in more
detail. A more thorough discussion on filter bank design for
undecimated wavelet decompositions can be found in [31]
and [37]. Note that none of these filters obey the anti-aliasing
condition and can therefore only be used in the undecimated
case.

We will start our discussion with the Isotropic Undecimated
Wavelet Transform from Section II-A, which is frequently
used in multispectral image fusion. In this approach, only one
detail image for each scale is obtained and not three as in the
general case. It is implemented using the non-orthogonal, 1-D
filter bank

h[n] = [1, 4, 6, 4, 1]
16

g[n] = δ[n] − h[n] = [−1,−4, 10,−4,−1]
16

h̃[n] = g̃[n] = [0, 0, 1, 0, 0] (18)

where h is derived from the B3-spline function. The standard
three-directional UWT can be obtained by expanding the filter
bank to 2-D as described by eq. (4). This approach has some
interesting characteristics. For example, due to the lack of
convolutions during reconstruction (h̃ = g̃ = δ), no additional
distortions are introduced when constructing the fused image.
Furthermore, since the fused image can be obtained by a
simple co-addition of all detail images and the approximation
image, a very fast reconstruction is possible. On the other
hand, distortions introduced during the fusion process remain
unfiltered in the reconstructed image.

Alternatively, if we choose h and g as before but define the
synthesis low-pass filter h̃ as h, we obtain a filter g̃ given by

(a)

(b)

(c)

Fig. 5. Thumbnails of all image pairs used for evaluation purposes.
(a) Infrared-visible images (ten pairs). Top row: infrared images. Bottom row:
visible images. (b) Medical images (five pairs). (c) Multifocus images (five
pairs).

g̃ = δ + h. This yields filters with the following coefficients:

h[n] = h̃[n] = [1, 4, 6, 4, 1]
16

g[n] = δ[n] − h[n] = [−1,−4, 10,−4,−1]
16

g̃[n] = δ[n] + h[n] = [1, 4, 22, 4, 1]
16

. (19)

In this scenario g̃ consists entirely of positive coefficients,
being thus no longer related to a wavelet function. On the
other hand, such a lack of oscillations provides a recon-
struction less vulnerable to ringing artifacts. Additionally,
distortions introduced during the fusion stage are not trans-
ferred unprocessed to the reconstructed image as in the
standard case where only summations are involved during
reconstruction.

A slight variation of the previous example is obtained by
defining g = δ − h ∗ h, resulting in the filter bank

h[n] = h̃[n] = [1, 2, 1]
4

g[n] = δ[n] − h[n] ∗ h[n] = [−1,−4, 10,−4,−1]
16

g̃[n] = δ[n] = [0, 0, 1, 0, 0] (20)

where h is derived from the B1-spline function.
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TABLE I

TRANSFORM SETTINGS FOR THE NSCT AND DTCWT (ACCORDING TO

[29]). THE NSCT FILTER BANKS TO THE LEFT (THIRD COLUMN) ARE

APPLIED DURING THE NONSUBSAMPLED PYRAMIDAL DECOMPOSITION

STAGE WHEREAS THE FILTER BANKS ON THE RIGHT SIDE (FOURTH

COLUMN) ARE USED WITHIN THE NONSUBSAMPLED DIRECTIONAL

DECOMPOSITION. THE NUMBER OF DIRECTIONAL DECOMPOSITIONS,

IN INCREASING ORDER FROM THE FIRST TO THE FOURTH STAGE, IS

GIVEN IN THE LAST COLUMN. AS FOR THE DTCWT, THE FILTER

BANKS TO THE LEFT ARE EMPLOYED IN THE FIRST DECOMPOSITION

STAGE WHEREAS THE FILTER BANKS ON THE RIGHT HAND SIDE

ARE APPLIED IN ALL REMAINING STAGES

Image
Class

Transform Filters Directions

Infrared- NSCT pyrexc 7–9 [4, 8, 8, 16]

visible DTCWT LeGall 5/3 Q-Shift 06

Medical
NSCT pyrexc vk [4, 8, 8, 16]

DTCWT LeGall 5/3 Q-Shift 06

Multifocus
NSCT CDF 9/7 7–9 [4, 8, 8, 16]

DTCWT Near Symmetric 5/7 Q-Shift 06

Finally, we would like to point out that plenty of other
alternatives exist. For example the filter bank

h[n] = [1, 1]
2

g[n] = [−1, 2,−1]
4

h̃[n] = [1, 3, 3, 1]
8

g̃[n] = [1, 6, 1]
4

(21)

also leads to a solution where both synthesis filters are positive.
We will see in the next section that these filters, in combi-

nation with spectral factorization, yield superior fusion results
compared to traditional techniques.

V. RESULTS

In this section the performance of the proposed fusion
framework will be investigated, using three different sets of
image-pairs. The first set consists solely of infrared-visible
image pairs, whereas the second and third group comprise
medical and multifocus images, respectively. The correspond-
ing thumbnails of all used source images, divided into their
corresponding groups, are illustrated in Fig. 5.

The performance of the proposed UWT fusion scheme
with spectral factorization is compared to the results obtained
by applying the NSCT, the DTCWT and the UWT without
spectral factorization. As for the NSCT and DTCWT, we
followed the recommendations published in [29] regarding the
filter choices and (in case of the NSCT) number of directions.
Table I lists the used settings for the NSCT and DTCWT for
each image group. Further information on the used DTCWT
and NSCT filters can be found in [27] and [28], respectively.

In case of the UWT-based image fusion, we will mainly
concentrate on the filters from Section IV. Hence, in our exper-
iments the non-orthogonal filter banks from eqs. (18)–(21)
will be used. Additionally, we will also consider some
biorthogonal filters, which are frequently used in image
processing applications such as the LeGall 5/3, CDF 9/7 and

TABLE II

FUSION RESULTS FOR INFRARED-VISIBLE IMAGE PAIRS. (a) DTCWT

AND NSCT. (b) UWT WITHOUT SPECTRAL FACTORIZATION.

(c) UWT WITH SPECTRAL FACTORIZATION

Transform Q AB/F MI Q P

Mean σ Mean σ Mean σ

DTCWT 0.566430 0.070921 0.153833 0.050997 0.770684 0.046468

NSCT 0.578594 0.073724 0.156266 0.052491 0.771908 0.048908

(a)

Filter Bank Q AB/F MI Q P

Mean σ Mean σ Mean σ

Haar_1 0.578324 0.076288 0.155425 0.048781 0.775986 0.045510

Spline_1 0.561764 0.074939 0.154563 0.049088 0.748338 0.058984

Spline_2 0.579896 0.078303 0.154644 0.047471 0.774538 0.046703

Spline_3 0.585656 0.075411 0.156754 0.049897 0.776707 0.046627

LeGall 5/3 0.576931 0.072587 0.156904 0.045766 0.774282 0.045766

CDF 9/7 0.570694 0.072329 0.154570 0.052142 0.770903 0.046824

Rod 6/6 0.577536 0.072789 0.157002 0.053023 0.774115 0.046316

(b)

Filter Bank Q AB/F MI Q P

Mean σ Mean σ Mean σ

Haar_1 0.594900 0.073936 0.157380 0.051220 0.775059 0.046774

Spline_1 0.581765 0.073912 0.155516 0.050239 0.761057 0.053034

Spline_2 0.593351 0.076468 0.156556 0.049104 0.772665 0.047424

Spline_3 0.595297 0.073612 0.157180 0.050948 0.773945 0.047559

LeGall 5/3 0.588013 0.069352 0.156399 0.052805 0.773715 0.046523

CDF 9/7 0.578808 0.068751 0.153303 0.051315 0.767235 0.048988

Rod 6/6 0.584832 0.070085 0.156256 0.052504 0.771131 0.047787

(c)

Rod 6/6 filter bank [38]. In order to avoid referring to filter
banks by their respective equation numbers, we will associate
the following names to them. Henceforth, the filter banks
presented in eqs. (18)–(21) will be referred to as “Spline_1”,
“Spline_2”, “Spline_3” and “Haar_1” filter banks, respec-
tively. Please note that, in case of the NSCT and DTCWT,
different filter banks have been used for each of the three
classes of input images, according to Table I. In contrast,
for the UWT-based approaches, the same filter banks will
be used for all three image classes. For all transforms four
decomposition levels are chosen.

As for the objective assessment of multiscale image fusion,
a considerable number of evaluation metrics can be found in
the literature (see [39] for an overview). Among them, non-
reference fusion scores which evaluate fusion for a large set
of different source images without presuming knowledge of a
ground truth are of particular interest. These metrics consider
only the input images and the fused image to produce a
single numerical score that indicates the success of the fusion
process [40]. In this work we used three such non-reference
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TABLE III

FUSION RESULTS FOR MEDICAL IMAGE PAIRS. (a) DTCWT AND

NSCT. (b) UWT WITHOUT SPECTRAL FACTORIZATION.

(c) UWT WITH SPECTRAL FACTORIZATION

Transform Q AB/F MI Q P

Mean σ Mean σ Mean σ

DTCWT 0.631359 0.042253 0.385281 0.063287 0.661772 0.046332

NSCT 0.662404 0.041497 0.403451 0.055626 0.666693 0.039685

(a)

Filter Bank Q AB/F MI Q P

Mean σ Mean σ Mean σ

Haar_1 0.677585 0.046390 0.420943 0.045182 0.684474 0.030939

Spline_1 0.650663 0.046514 0.419141 0.050502 0.659427 0.032916

Spline_2 0.680685 0.046925 0.423739 0.050887 0.688399 0.028641

Spline_3 0.683410 0.043007 0.424804 0.046148 0.685208 0.029497

LeGall 5/3 0.661438 0.041145 0.403508 0.057071 0.663103 0.035832

CDF 9/7 0.645638 0.042223 0.394266 0.061845 0.659839 0.039201

Rod 6/6 0.664124 0.041284 0.406892 0.054720 0.662959 0.036665

(b)

Filter Bank Q AB/F MI Q P

Mean σ Mean σ Mean σ

Haar_1 0.710046 0.044115 0.428905 0.056828 0.668747 0.031084

Spline_1 0.693701 0.043084 0.424519 0.058276 0.669481 0.038250

Spline_2 0.709355 0.044174 0.431292 0.065626 0.671899 0.029412

Spline_3 0.709239 0.043227 0.428868 0.057120 0.671916 0.032770

LeGall 5/3 0.692190 0.041951 0.408971 0.058261 0.663939 0.037463

CDF 9/7 0.682741 0.043217 0.400024 0.062584 0.663106 0.043227

Rod 6/6 0.694442 0.044432 0.411154 0.057722 0.665748 0.039659

(c)

fusion metrics to evaluate the achieved results. These are
the performance measure proposed by Xydeas and Petrović
Q AB/F [41], the third fusion metric proposed by Piella Q P in
[42], as well as the Mutual Information (MI), first introduced
by Qu et al. [43] in the context of image fusion. All three
fusion scores express the overall fusion performance as a
normalized score where values closer to 1 indicate a higher
quality of the composite image. These metrics belong to the
most frequently used fusion scores and, as was shown in
[40], correspond well with subjective evaluation. However,
it is important to point out that they only provide a relative
assessment on how the input images were fused rather than
on the overall quality of the fused image [39]. Consequently,
visual inspection is still necessary to confirm the obtained
results.

Tables II–IV list the average results as well as the cor-
responding standard deviations (σ ) for all infrared-visible,
medical and multifocus image pairs, respectively, obtained by
applying the DTCWT, NSCT and UWT with and without
spectral factorization. In all of these simulations the low-pass

TABLE IV

FUSION RESULTS FOR MULTIFOCUS IMAGE PAIRS. (a) DTCWT AND

NSCT. (b) UWT WITHOUT SPECTRAL FACTORIZATION.

(c) UWT WITH SPECTRAL FACTORIZATION

Transform Q AB/F MI Q P

Mean σ Mean σ Mean σ

DTCWT 0.732707 0.055180 0.510397 0.072177 0.906956 0.017509

NSCT 0.736028 0.055212 0.509134 0.072212 0.907541 0.017935

(a)

Transform Q AB/F MI Q P

Mean σ Mean σ Mean σ

Haar_1 0.721865 0.056259 0.484579 0.068576 0.903876 0.020124

Spline_1 0.716909 0.062444 0.505780 0.073322 0.896909 0.024772

Spline_2 0.720864 0.056117 0.490097 0.070298 0.904065 0.020474

Spline_3 0.727761 0.057052 0.503535 0.072516 0.905848 0.020479

LeGall 5/3 0.729639 0.056657 0.501956 0.074141 0.906485 0.020126

CDF 9/7 0.730665 0.057119 0.505392 0.078402 0.906541 0.019797

Rod 6/6 0.732243 0.055478 0.504383 0.074658 0.907174 0.019053

(b)

Transform Q AB/F MI Q P

Mean σ Mean σ Mean σ

Haar_1 0.731497 0.052664 0.486922 0.064180 0.903715 0.018403

Spline_1 0.721410 0.056259 0.493414 0.071518 0.898810 0.023133

Spline_2 0.729425 0.052150 0.485372 0.071213 0.904130 0.019766

Spline_3 0.730664 0.053064 0.491430 0.069705 0.903939 0.020013

LeGall 5/3 0.732346 0.052705 0.496320 0.071060 0.903378 0.019795

CDF 9/7 0.726155 0.055670 0.496252 0.069137 0.900031 0.021136

Rod 6/6 0.729691 0.054198 0.497006 0.069420 0.901588 0.020844

(c)

approximation images are fused using the averaging operation
given in eq. (17), whereas the fused detail images are obtained
by applying the “choose max” (CM) fusion rule of eq. (10). It
can be noted that the proposed spectral factorization method
works well for infrared-visible and medical image pairs, but
does not yield any improvements for multifocus image pairs.
In a nutshell, this is due to the fact that multifocus image pairs
only differ in their high frequency content but are identical
otherwise. Thus, the source images tend not to contain salient
features at coincident localizations. Therefore, a situation as
depicted in Fig. 2, where the effect of the coefficient spreading
problem for two 1-D step functions is shown, is unlikely to
occur. Consequently, for multifocus images, the application of
filters with small support size yields no benefits, and, as can
be seen in Table IV, best results are achieved using the NSCT
and DTCWT.

For infrared-visible and medical image pairs the situation
is substantially different. Since these image types come from
different sensors, they exhibit a high degree of dissimilarity
between different spectral bands. Hence, the application of
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filters with small support prior to the fusion process consider-
ably improves the fusion result. We will start our discussion
with Table II, which lists the results for infrared-visible image
fusion. By looking at the second column, exhibiting the aver-
age results for the Q AB/F fusion metric, it can be noted that
the proposed method yields significantly better results for all
filter banks under test, compared to the results for the DTCWT,
NSCT and UWT without spectral factorization, suggesting
that the edges are better preserved using the UWT with
spectral factorization. This is a particularly important result
since the preservation of salient information is one of the main
motivations of this work. In the case of the MI fusion metric,
improvements are achieved for all non-orthogonal filter banks.
On the other hand, for the Q P fusion metric the proposed
method yields no gains. Furthermore, it can be seen that the
best scores are obtained for the non-orthogonal filter banks
introduced in Section IV. Thus, this indicates that the increased
filter design freedom of the UWT leads to filter banks which
perform well in the context of infrared-visible image fusion.
Finally, we would like to point out that the proposed spectral
factorization framework significantly outperforms the fusion
results obtained by state-of-the-art transforms such as the
DTCWT and NSCT for all three fusion metrics.

The results of the fusion of an infrared-visible image pair
using the DTCWT, NSCT and UWT with and without spectral
factorization are shown in Fig. 6. The “Haar_1” filter bank was
employed in the UWT approaches. Examining the results on
the zoomed images, illustrated in Fig. 6(e)–(h), the contours of
the UWT-based fusion approaches seem to be slightly more
accentuated. This is particularly visible when observing the
persons lower body part, displayed in the center of the image.

When examining the results shown in Table III, the same
conclusions can be drawn for the set of medical images.
However, since medical image pairs present, in general, an
elevated number of regions, exhibiting information at coinci-
dent localizations, our approach yields even better results for
these images than for the set of infrared-visible images. This
gain in fusion performance is most apparent when looking at
the Q AB/F fusion score of the two image groups. Whereas for
both image classes a considerable improvement is achieved
for all filter banks, the gain is more than twice as high for
medical image pairs. A similar tendency can be observed for
the MI fusion metric, where the UWT fusion with spectral
factorization produces a higher score for all tested filter banks,
again suggesting the superiority of the proposed approach.
In contrast, a moderate drop in fusion performance occurs
for the Q P metric. However, it should be pointed out that
this does not agree with subjective perception, as shown
in the medical images fusion example (Fig. 7). As before,
best results are obtained when using the non-orthogonal filter
banks of Section IV. Furthermore, the proposed method yields
superior results for all three objective metrics when compared
to conventional methods based on the NSCT and DTCWT.

Fig. 7 shows the results for the fusion of a medical image
pair, obtained by applying the DTCWT- and NSCT-based
fusion scheme, as well as the UWT-based fusion scheme with
and without spectral factorization in combination with the
“Haar_1” filter bank. Looking at the results obtained for the

(a) (b)

(c) (d)

(e) (f)

(g) (h)

Fig. 6. Fusion results for an infrared-visible image pair. (a) DTCWT fused.
(b) NSCT fused. (c) UWT fused without spectral factorization. (d) UWT fused
with spectral factorization. (e)–(h) Zoomed-in versions of (a)–(d).

DTCWT and NSCT, it can be observed that both schemes
suffer from a significant loss of edge information, particularly
noticeable at the outermost borders of the zoomed images
[Fig. 7(e)–(h)]. There, information belonging to the skull bone
(white stripe enclosed within the gray, tube-like structure)
partially disappeared. This is due to the superposition of the
skull bones, originating from the medical source image pair,
resulting in coefficient overlaps in the DTCWT and NSCT
transform domain, which cannot be resolved by the fusion
algorithm. As for the fusion results obtained with the UWT,
this effect is reduced to a minimum and the edge information
is preserved to a much higher degree. Moreover, in case of
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(a) (b)

(c) (d)

(e) (f)

(g) (h)

Fig. 7. Fusion results for a medical image pair. (a) DTCWT fused. (b) NSCT
fused. (c) UWT fused without spectral factorization. (d) UWT fused with
spectral factorization. (e)–(h) Zoomed-in versions of (a)–(d).

the UWT with spectral factorization, the edges appear to be
slightly more accentuated than in the fusion scenario without
spectral factorization, thus indicating the perceptual superiority
of the proposed spectral factorization approach.

To demonstrate the independence of the achieved results
with respect to the underlying fusion rule, Figs. 8 and 9
show the average fusion results for all infrared-visible and
medical image pairs, respectively, employing several different
combination schemes. In more detail, we utilized the four
fusion schemes discussed in Section III-B in combination
with the DTCWT and NSCT, as well as with the UWT
with and without our proposed spectral factorization approach

CM CM−IS CM−A CM−AM
0

0.2

0.4

0.6

0.8

1

0.
56
64

0.
57
86

0.
57
83

0.
59
49

0.
58
27

0.
58
94

0.
58
78

0.
62
18

0.
58
34

0.
59
6

0.
60
43

0.
63
6

0.
58
05

0.
59
8

0.
60
4

0.
63
72

QAB/F
DTCWT
NSCT
UWT
UWT−SF

(a)
CM CM−IS CM−A CM−AM

0

0.2

0.4

0.6

0.8

1

0.
15
38

0.
15
63

0.
15
54

0.
15
74

0.
15
48

0.
15
75

0.
15
57

0.
16
03

0.
15
46

0.
15
74

0.
15
66

0.
16
07

0.
15
34

0.
15
75

0.
15
64

0.
16
05

MI

(b)
CM CM−IS CM−A CM−AM

0

0.2

0.4

0.6

0.8

1

0.
77
07

0.
77
19

0.
77
6

0.
77
51

0.
77
03

0.
77
47

0.
77
99

0.
78
48

0.
76
39

0.
77
57

0.
78
26

0.
78
79

0.
76
32

0.
77
7

0.
78
33

0.
78
85

QP

(c)

Fig. 8. Comparison of different fusion rules for infrared-visible image pairs
using (a) Q AB/F , (b) MI, and (c) Q P fusion metrics.
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Fig. 9. Comparison of different fusion rules for medical image pairs using
(a) Q AB/F , (b) MI, and (c) Q P fusion metrics.

TABLE V

OVERVIEW ON THE USED FUSION RULES

Abbreviation Description Equation(s)

CM “Choose Max” fusion rule (10)

CM-IS CM with intra-scale grouping (11)

CM-A CM-IS with window-based activity measure (12) and (13)

CM-AM Fusion rule by Burt and Kolczynski [36] (12), (14)–(16)

(in Figs. 8 and 9 referred to as UWT and UWT-SF, respec-
tively) and grouped the results in accordance with the used
fusion metric. Table V gives an overview on the used fusion
rules for all detail images. The coefficients from the approx-
imation image were fused using the averaging operation of
eq. (17). As for the UWT-based approaches, the “Haar_1”
filter bank was employed for all infrared-visible image pairs
whereas the “Spline_2” filter bank was used for the set of
medical image pairs. By observing the results it can be noted
that for all investigated fusion schemes the best results are
achieved using the proposed spectral factorization method. In
fact for infrared-visible image pairs it only ranks second for the
Q P fusion metric together with the CM fusion rule, whereas
for medical image pairs it gains first place for the Q AB/F and
MI fusion metric and only ranks second for the Q P score.
Note that this is in accordance with the results presented in
Tables II and III. Two important conclusions can be drawn
from this observation: a) the introduced fusion framework
with spectral factorization indeed tends to generate the best
multiscale fusion results independent of the employed fusion
rule and b) no tested combination scheme was able to resolve
the problems originating from the superposition of coefficient
values within the same spectral band. Consequently, since the
probability of coefficients with coincident localizations can be
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directly associated with the support length of the applied filter
bank, our proposed framework with spectral factorization can
in fact be considered as a good alternative to alleviate the
original problem.

VI. CONCLUSION

A novel UWT-based pixel-level image fusion approach is
presented in this paper. It successfully improves fusion results
for images exhibiting features at nearby located or coincident
pixel locations - conditions commonly but not exclusively
found in multisensor imagery. Our method spectrally divides
the analysis filter pair into two factors which are then sep-
arately applied to the input image pair, splitting the image
decomposition procedure into two successive filter operations.
The actual fusion step takes place after convolution with the
first filter pair. It is equivalent, as far as the coefficient spread
is concerned, to a filter with significantly smaller support size
than the original filter pair. Thus, the effect of the coefficient
spreading problem, which tends to considerably complicate the
feature selection process, is successfully reduced. This leads
to a better conservation of features which are located close
to each other in the input images. In addition, this solution
leaves room for further improvements by taking advantage
of the nonsubsampled nature of the UWT, which permits the
design of non-orthogonal filter banks where both synthesis
filters exhibit only positive coefficients. Such filters provide a
reconstructed, fused image less vulnerable to ringing artifacts.

The obtained experimental results have been analyzed in
terms of the three objective metrics Q AB/F , MI and Q P . They
showed that for multisensor images, such as infrared-visible
and medical image pairs, the proposed spectral factorization
framework significantly outperforms fusion schemes based on
state-of-the-art transforms such as the DTCWT and NSCT,
independent of the underlying fusion rule. Additionally, the
perceptual superiority of the proposed framework was sug-
gested by informal visual inspection of a fused infrared-visible
as well as a fused medical image pair.
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