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Abstract
Nonsubsampled contourlet transform (NSCT) provides
flexible multiresolution, anisotropy and directional
expansion for images. Compared with the foremost
contourlet transform, it is shift-invariant and can overcome
the pseudo-Gibbs phenomena around singularities. In
addition, coefficients of NSCT are dependent on their
neighborhood coefficients in the local window and cousin
coefficients in directional subbands. In this paper, region
energy and cousin correlation are defined to represent the
neighbors and cousins information, respectively. Salience
measure, as the combination of region energy and cousin
correlation, is defined to obtain fused coefficients in the
high-frequency NSCT domain. First, source images are
decomposed into subimages via NSCT. Secondly, salience
measure
is
computed.
Thirdly,
salience
measure-maximum-based rule and average rule are
employed to obtain high-frequency and low-frequency
coefficients, respectively. Finally, fused image is
reconstructed by inverse NSCT. Experimental results show
that the proposed algorithm outperforms wavelet-based
fusion algorithms and contourlet transform-based fusion
algorithms.
Keywords: Image fusion; contourlet transform; wavelet
transform; sparse representation
1.

Introduction

Image fusion is the combination of two or more
different images to form a new image by using a certain
algorithm [1]. The combination of sensory data from

multiple sensors can provide more reliable and accurate
information [2]. It forms a rapidly developing area of
research in remote sensing and computer vision [1]-[4].
Most of fusion approaches were based on combining
the multiscale decompositions (MSD’s) of the source images.
MSD-based fusion schemes provide much better
performance than the simple methods studied previously
[5].Due to joint information representation at the
spatial-spectral domain, the wavelet transform becomes the
most popular approximation in image fusion. However,
wavelet will not “see” the smoothness along the contours
and separable wavelets can capture only limited directional
information [6].
Contourlet transform was recently pioneered by Minh
N. Do and Martin Vetterli [6] .It is a “true” two-dimensional
transform that can capture the intrinsic geometrical structure,
which is key in visual information. Compared with wavelet,
contourlet provides different and flexible number of
directions at each scale. It has been successfully employed
in
image
enhancement,
denoising
and
fusion
[7][8][9].Unfortunately, due to downsamplers and
upsamplers presented in both the laplacian pyramid and the
directional filter banks(DFB), the foremost contourlet
transform is not shift-invariant, which causes pseudo-Gibbs
phenomena around singularities. Some shift-invariant
contourlet transform have been investigated in [8][10].
Nonsubsampled contourlet transform (NSCT) [10] is a fully
shift-invariant form of the contourlet transform. It leads to
better frequency selectivity and regularity than contourlet
transform. Further more, a directional multiscale modeling
of images using the contourlet transform has been studied in
[11].It demonstrates that coefficients of NSCT are strongly
dependent on their neighborhood and cousin coefficients.
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In this paper, region energy of neighborhood
coefficients and correlation of cousin coefficients are
defined to represent the dependency. Based on the two
definitions, salience measure is investigated as a
measurement to combine the coefficients of source images.
The efficiency of salience measure in the fusion process will
be presented in the following paragraphs.
2.

3.

Neighbors and cousins information in NSCT
domain

As a hot topic in the sparse representation of images,
coefficients characteristics of contourlet also have been
studied in [11]. There are three relationships in contourlet
coefficients, which are shown in Fig.5.

Principle of NSCT

In the foremost contourlet transform [6] downsamplers
and upsamplers are presented in both the laplacian pyramid
and the DFB. Thus, it is not shift-invariant, which causes
pseudo-Gibbs phenomena around singularities. NSCT is an
improved form of contourlet transform. It is motivated to be
employed in some applications, in which redundancy is not
a major issue, i.e. image fusion.
In contrast with contourlet transform, nonsubsampled
pyramid structure and nonsubsampled directional filter
banks are employed in NSCT. The nonsubsampled pyramid
structure is achieved by using two-channel nonsubsampled
2-D filter banks. The DFB is achieved by switching off the
downsamplers/upsamplers in each two-channel filter bank in
the DFB tree structure and upsampling the filters
accordingly. As a result, NSCT is shift-invariant and leads to
better frequency selectivity and regularity than contourlet
transform.Fig.1 shows the decomposition framework of
contourlet transform and NSCT.

Figure 2. NSCT coefficient relationships.
The reference coefficient has eight neighbors (NX) in
the same subband, parent (PX) at the same spatial location
in the immediately coarser scale and cousins (CX) at the
same scale and spatial location but in directional subbands.
In [11], mutual information is utilized as a measure of
dependencies to study the joint statistics of contourlet
coefficients. Suppose I ( X ; Y ) stands for the mutual

information between two random variables X and Y.
Estimation results in [11]show that at fine scales

I ( X ; NX ) is higher than I ( X ; CX ) , which is higher

than I ( X ; PX ) .It indicates that the eight neighbor
(a)

coefficients contain the most information about the
coefficients, less information is contained in cousins and the
least information is contained in the parent coefficients.
Inspired by the estimation results, salience measure, based
on region energy of neighborhood coefficients and
correlation of cousin coefficients, is defined to combine the
coefficients of source images in the fusion process in section
4.
4.

(b)
Figure 1. Decomposition framework of
contourlet transform and NSCT.

NSCT-based Fusion Algorithm

In this paper, image decomposition is performed by the
NSCT. We hope that predominance of NSCT, which are
shift-invariant, multiresolution, localization, directionality,
and anisotropy, will be more suitable for image fusion and
other image processing, i.e. target recognition, object
detection, etc. In the fusion process, both neighborhood
coefficients and cousin coefficients information are utilized
in the salience measure.
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4.1.

Referring to cousins in one directional subband, a
normalized correlation weight can be defined as follows:

Fusion of low-frequency coefficients

Considering the images’ approximate information is
constructed by the low-frequency coefficients, average rule
is adopted for low-frequency coefficients. Suppose

l

BF ( x, y ) is the fused low-frequency coefficients, then
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pixel value, will be more reasonable to extract features of
source images by utilizing neighbors’ information. Large
region energy means important image information. Note that
size of region energy map is equal to size of each subband.
We define correlation of cousins, which stands for the
relationship between multi-directional subbands at the same
and Cl

kq

It can be seen that neighbors and cousins information are
both utilized in the salience measure.
The fusion rule in high-frequency domain is salience
measure-maximum-based rule. If coefficients’ salience
measure of one source image is larger than that of another
source image, then the coefficients corresponding to
maximum salience measure will be selected as the

M × N (typically 3 × 3 ).Region energy, rather than single

kp

l

Sl

where S M × N denotes the regional window and its size is

scale. Suppose Cl

( )

Based on the region energy of neighbors and the
normalized correlation weight of cousins, salience measure
can be defined as follows:

l

m , n∈S M ×N

(4)
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the

whose location is (x,y) in the subband of k-th direction at
l-th decomposition scale. The region energy is defined as
follows:

( x, y ) = ∑

ρ Cl , Cl

WC k p Cl

Cl k ( x, y ) is the high-frequency NSCT coefficients,
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The normalized correlation weight indicates the dependency
of cousins in multi-directional subbands. Large

High-frequency coefficients always contain edge and
texture features. In order to make full use of information in
the neighborhood and cousin coefficients in the NSCT
domain, a salience measure, as a combination of region
energy of NSCT coefficients and correlation of the cousin
coefficients, is proposed for the first time.
We define region energy by computing the sum of the
coefficients’ square in the local window. Suppose

k
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Fusion of high-frequency coefficients
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low-frequency coefficients of source images.
4.2.
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where

C1, l
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and

C2, l
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denote the high-frequency

coefficients of source images.
The framework of the proposed NSCT-based fusion
algorithm is shown in Fig.3.

are two NSCT subbands of

kp-th and kq-th direction at l-th decomposition scale. In the
l-th decomposition scale, if number of multi-directional
subbands

are

Q,

then

k p , kq ∈ {1, 2," , Q} .The

correlation of cousins between kp-th and kq-th subbands is
defined as follows:
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and

Figure 3. Framework of the NSCT-based fusion algorithm
5.

Experimental Results and Evaluation

The performance evaluation criteria of image fusion are
still a hot topic [5]. Besides visual observation, mutual
information (MI) [12] is used as objective performance
evaluation criterion in this paper. Here, the new algorithm is
compared with four typical ones including discrete wavelet
transform with DBSS (2, 2) fusion algorithm, shift invariant
discrete wavelet transform (SIDWT) with ‘haar’ wavelet
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fusion algorithm[4][13], region-energy-based contourlet
transform algorithm [9] and pixel-maximum-based NSCT
algorithm.
In the experiments, two multi-focus images are used to
be source images as shown in Fig.4(a)(b).Source images are
in 640×480 size and 256 levels in gray value. In DBSS and
SIDWT algorithms, the decomposition level is 3.Average
rule and pixel-maximum-based rule are adopted in the
low-frequency and high-frequency domain of wavelet
transform
domain,
respectively.
In
the
pixel-maximum-based NSCT algorithm, average rule and
pixel-maximum rule are adopted in the low-frequency and
high-frequency domain of NSCT, respectively. The fusion
results of different algorithms are shown in Fig.4.The
zoomed head of the student in Fig.4 (b)-(g) are shown in
Fig.5.
Obviously, the fused images of three shift-invariant
methods, SIDWT, NSCT and the proposed algorithm are
clearer than the DBSS and SCT fused results. It proves that
shift-invariant methods can overcome the pseudo-Gibbs
phenomena successfully and improve the quality of the
fused image. Focusing on the student head, we can find that
the mistiness around the head in Fig.5 (f) is the slightest. It
indicates that fused image of the proposed algorithm is
clearest than other fused results and our algorithm extracts
the image features the best.

(a)

(b)

(c)

(d)

(e)

(f)

(g)
Figure.4 The multi-focus source images and
fused results, (a) source image 1: the clock is
clear, (b) source image 2: the student is clear, (c)
fused image with DBSS (2, 2) wavelet transform,
(d) fused image with SIDWT, (e) fused image
with contourlet transform, (f) fused image with
pixel-maximum-based NSCT, (g) fused image of
the proposed algorithm.

(a)

(b)

(c)

(d)

(e)
(f)
Figure.5 Zoomed head from fused images of
different algorithms,(a)-(f) are gotten from
Fig.4(b)-(g).(a) Clear head of source image,(b)
DBSS
(2,2)
algorithm,(c)SIDWT
algorithm,(d)Region-energy-based
contourlet
algorithm,(e)Pixel-maximum-based
algorithm
NSCT,(f) The proposed algorithm
In Fig.6, the fused results of pixel-maximum-based
NSCT and the proposed algorithm are compared by
subtracting the clear head of source image in Fig.4 (b).It is
obvious that the remainder texture of pixel-maximum-based
NSCT is more than that of the proposed algorithm, which
indicates that less features are preserved in
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However, contourlet transform and NSCT is developed
recently, many works are needed to explore. From our
experiments, some researches could extend as follows:
(1) Besides salience measure in this paper, is there other
method to measure the coefficients’ dependency on their
neighbors and cousins? Or is there a good way to combine
the neighbors and cousins information, even parent
information?
(2) Other applications of contourlet transform could be
investigated, especially in those fields where wavelet
transform has been employed successfully.

pixel-maximum-based algorithm result. It demonstrates that
the proposed algorithm can efficiently extract the features of
source images. Salience measure based on coefficient
characteristics in NSCT domain is reasonable and effective
in fusion process.

Acknowledgement
(a)
(b)
Figure.6 Comparison between pixel-maximumbased NSCT algorithm and the proposed
algorithm,(a)difference of head between Fig.4(f)
and Fig.4(b),which is the minus result of
pixel-maximum-based NSCT, (b)difference of
head between Fig.4(g) and Fig.4(b),which is the
minus result of proposed algorithm.
Besides visual observation, mutual information of
different algorithms is compared in Tab.1.MI of the
proposed algorithm is the largest. It proves that fused image
of the proposed algorithm is strongly correlated with the
source images and more image features are preserved in the
fusion process. When all is said and done, our proposed
algorithm outperforms other typical algorithms, no matter in
visual observation and objective evaluation criterion.
Tab.1 Comparison on MI of different algorithms
Algorithms DBSS SIDWT RECT
PMN
SMN
MI
6.6037 7.0629 6.6412 7.0695 7.1982
DBSS:discrete wavelet transform with DBSS (2, 2) fusion
algorithm
SIDWT: SIDWT with ‘haar’ wavelet fusion algorithm
RECT:region-energy-based
contourlet
transform
algorithm
PMN:pixel-maximum-based NSCT algorithm
SMN:salience measure-maximum-based NSCT algorithm,
which is proposed in the paper.
6.

Conclusion and Discussion
In
this
paper,
we
present
a
salience
measure-maximum-based NSCT fusion algorithm.
Experimental results demonstrate that the proposed fusion
algorithm outperforms wavelet-based fusion algorithm,
contourlet transform-based fusion algorithms and
pixel-maximum-based NSCT algorithm, which indicates
that the combination of neighbors and cousins information
of NSCT, which is investigated by the salience measure in
this paper for the first time, is reasonable and effective. As
one application of NSCT, it is proven that NSCT is
shift-invariant and can overcome the pseudo-Gibbs
phenomena around singularities.
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